State of Florida
Department of Transportation

Project Number: BDZ36

Automated Identification and Quantification of
Flexible and Rigid Pavement Distresses

Final Report

Submitted to:

FDOT Project Manager
Abdenour Nazef, PE
5007 Northeast 39th Avenue
Gainesville, FL 32609

Submitted by:
Fugro Roadware
8613 Cross Park Drive
Austin, TX 78754
Phone: (512) 977-1800
Fax: (512) 973-9565
www.fugroroadware.com


www.fugroroadware.com

DISCLAIMER PAGE

The opinions, findings, and conclusions expressed in this publication are those of the
authors.



METRIC CONVERSION CHART

SI* (MODERN METRIC) CONVERSION FACTORS

APPROXIMATE CONVERSIONS TO SI UNITS
Symbol When You Know Multiply By To Find Symbol
LENGTH
in inches 25.4 millimeters mm
ft feet 0.305 meters m
yd yards 0.914 meters m
mi miles 1.61 kilometers km
AREA
in® square inches 645.2 square millimeters mm?
ft? square feet 0.093 square meters m?
yd? square yard 0.836 square meters m?
ac acres 0.405 hectares ha
mi® square miles 2.59 square kilometers km?
VOLUME
fl oz fluid ounces 29.57 milliliters mL
gal gallons 3.785 liters L
ft® cubic feet 0.028 cubic meters m®
yd® cubic yards 0.765 cubic meters m®
NOTE: volumes greater than 1000 L shall be shown in m*
MASS
oz ounces 28.35 grams g
Ib pounds 0.454 kilograms kg
T short tons (2000 Ib) 0.907 megagrams (or "metric ton") Mg (or "t")
TEMPERATURE (exact degrees)
°F Fahrenheit 5 (F-32)/9 Celsius "
or (F-32)/1.8
ILLUMINATION
fc foot-candles 10.76 lux Ix
fl foot-Lamberts 3.426 candela/m’ cd/m?
FORCE and PRESSURE or STRESS
Ibf poundforce 4.45 newtons N
Ibffin® poundforce per square inch 6.89 kilopascals kPa
APPROXIMATE CONVERSIONS FROM S| UNITS
Symbol When You Know Multiply By To Find Symbol
LENGTH
mm millimeters 0.039 inches in
m meters 3.28 feet ft
m meters 1.09 yards yd
km kilometers 0.621 miles mi
AREA
mm? square millimeters 0.0016 square inches in?
m’ square meters 10.764 square feet ft?
m? square meters 1.195 square yards yd?
ha hectares 2.47 acres ac
km? square kilometers 0.386 square miles mi
VOLUME
mL milliliters 0.034 fluid ounces fl oz
L liters 0.264 gallons gal
m® cubic meters 35.314 cubic feet ft®
m® cubic meters 1.307 cubic yards yd®
MASS
g grams 0.035 ounces 0z
kg kilograms 2.202 pounds b
Mg (or "t") megagrams (or "metric ton") 1.103 short tons (2000 Ib) T
TEMPERATURE (exact degrees)
“C Celsius 1.8C+32 Fahrenheit °F
ILLUMINATION
Ix lux 0.0929 foot-candles fc
cd/m? candela/m’ 0.2919 foot-Lamberts fl
FORCE and PRESSURE or STRESS
N newtons 0.225 poundforce Ibf
kPa kilopascals 0.145 poundforce per square inch Ibf/in?

*Sl is the symbol for the International System of Units. Appropriate rounding should be made to comply with Section 4 of ASTM E380.
(Revised March 2003)



TECHNICAL REPORT DOCUMENTATION PAGE

1. Report No. 2. Government Accession No. | 3. Recipient’s Catalog No.

4. Title and Subtitle 5. Report Date

Automated Identification and Quantification of October 2019

Flexible and ngld Pavement Distresses 6. Performing Organization Code

7. Author(s) 8. Performing Organization Report No.

Nima Kargah-Ostadi, Thomas Burchett, Jerome
Daleiden, and Yuxiao Zhou

9. Performing Organization Name and Address 10. Work Unit No. (TRAIS)

Fugro Roadware

8613 Cross Park Drive 11. Contract or Grant No.

Austin, TX 78754 FDOT-BDZ36

12. Sponsoring Agency Name and Address 13. Type of Report and Period Covered
Florida Department of Transportation Final, March 2015 to March 2019
605 Suwannee Street, MS 30 14. Sponsoring Agency Code

Tallahassee, FL 32399

15. Supplementary Notes
The FDOT Project Manager was Abdenour Nazef, PE.

16. Abstract

This research project was conducted with the objective of evaluating the viability of using an
automated computer application to detect, classify, and quantify cracks on flexible and rigid
pavement surfaces from digital images, to be implemented in the annual Pavement Condition
Survey (PCS). Phase | of this project was focused on identification and quantification of the
rigid pavement cracks from two-dimensional (2D) images collected using the FDOT data
collection vehicle. The developed FDOT Rigid Pavement Distress Application (FRPDA) was
able to detect joints and assign slabs, detect, classify, and quantify longitudinal, transverse,
and corner cracks with higher accuracy, repeatability, and efficiency compared to the current
manual windshield method of the PCS. Phase Il of this project was focused on identification
and guantification of the flexible pavement cracks from three-dimensional (3D) images
collected using the Fugro data collection vehicle. The developed FDOT Flexible Pavement
Distress Application (FFPDA) was able to detect, classify, and quantify all crack types with
higher accuracy, repeatability, and efficiency compared to the current manual windshield
method of the PCS. It is recommended that the automated FRPDA and FFPDA be used on a
longer length of highway pavements along with a semi-automated survey to conduct quality
control of the results and to identify and quantify non-cracking distress types for the PCS.

17. Key Words 18. Distribution Statement
Automated Pavement Distress Identification, No restrictions.
Automated Crack Detection, Distress Classification,
Distress Rating, Automated Distress Survey

19. Security Classif. (of this 20. Security Classif. (of this 21. No. of Pages 22. Price
report) page) 656

Unclassified Unclassified

Form DOT F 1700.7 (8-72) Reproduction of completed page authorized.



ACKNOWLEDGEMENTS

The authors would like to recognize the direction and support provided by the FDOT
Project Manager, Mr. Abdenour (Nour) Nazef. In addition, the authors would like to
appreciate the contributions of staff at FDOT State Materials Office, including Bouzid
Choubane, James (Jamie) Greene, Stacy Scott, Jason Noel, Ronald (Hank) Lambert,
Keith Parrish, John Schiffermuller, William (Thad) Bryant, Frank Ostanik, Guangming
Wang, David Hernando, and Wayne Allick. Finally, the authors would also like to
acknowledge the contributions by other Fugro staff, including Awais Shah, Thomas

Burchett, Mohammad llias, D.J. Swan, Ben Ong, Monty Cliff, Alex Vuotto, and Yaoming
Gu.



EXECUTIVE SUMMARY

This research project was conducted with the objective of evaluating the viability of
using an automated computer application to detect, classify, and quantify cracks on
flexible and rigid pavement surfaces from digital images, to be implemented in the
annual Pavement Condition Survey (PCS). Phase | of this project was focused on
identification and quantification of the rigid pavement cracks from two-dimensional (2D)
images collected using the FDOT data collection vehicle. The developed FDOT Rigid
Pavement Distress Application (FRPDA) was able to detect joints and assign slabs,
detect, classify, and quantify longitudinal, transverse, and corner cracks with higher
accuracy, repeatability, and efficiency compared to the current manual windshield
method of the PCS. Phase Il of this project was focused on identification and
guantification of the flexible pavement cracks from three-dimensional (3D) images
collected using the Fugro data collection vehicle. The developed FDOT Flexible
Pavement Distress Application (FFPDA) was able to detect, classify, and quantify all
crack types with higher accuracy, repeatability, and efficiency compared to the current
manual windshield method of the PCS. It is recommended that the automated FRPDA
and FFPDA be used on a longer length of highway pavements along with a semi-
automated survey to conduct quality control of the results and to identify and quantify
non-cracking distress types for the PCS.
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INTRODUCTION

This research project was conducted with the objective of evaluating the viability of
using an automated computer application to detect, classify, and quantify cracks on
flexible and rigid pavement surfaces from digital images, to be implemented in the
annual Pavement Condition Survey (PCS). Phase | of this project was focused on
identification and quantification of the rigid pavement cracks from two-dimensional (2D)
images collected using the FDOT data collection vehicle. The developed FDOT Rigid
Pavement Distress Application (FRPDA) was able to detect joints and assign slabs,
detect, classify, and quantify longitudinal, transverse, and corner cracks with higher
accuracy, repeatability, and efficiency compared to the current manual windshield
method of the PCS. Phase Il of this project was focused on identification and
guantification of the flexible pavement cracks from three-dimensional (3D) images
collected using the Fugro data collection vehicle. The developed FDOT Flexible
Pavement Distress Application (FFPDA) was able to detect, classify, and quantify all
crack types with higher accuracy, repeatability, and efficiency compared to the current
manual windshield method of the PCS. It is recommended that the automated FRPDA
and FFPDA be used on a longer length of highway pavements along with a semi-
automated survey to conduct quality control of the results and to identify and quantify
non-cracking distress types for the PCS.

This Final Report is organized as follows:

e Chapter 1: Task 1. Technology State of the Practice Assessment

e Chapter 2: Task 2. Rigid Pavement Application Design

e Chapter 3: Task 3. Rigid Pavement Application Development and Validation

e Chapter 4: Task 4. LRIS Feasibility on Flexible Pavements

e Chapter 5: Task 5. Flexible Pavement Application Design

e Chapter 6: Task 6. Flexible Pavement Application Development and Validation

e Chapter 7: Task 7. Automated Application Implementation

e Chapter 8: Task 8. Technology Needs and Gaps Assessment



CHAPTER 1 - TECHNOLOGY STATE OF THE PRACTICE
ASSESSMENT

Pavement evaluation can be a complex process. Many agencies have developed
procedures that they follow for conducting such evaluations. Where “manual” or human
raters were (or are still) involved, it was (is) fairly common to have an annual training
and “calibration” to provide relatively consistent results, but there is limited data
available on how much variability may actually exist within these existing procedures.

As technology advances and traffic concerns continue to test the limits of safety,
automation continues to be evaluated as a potential substitute for existing procedures.
As is to be expected, questions arise regarding the “acceptability” of such automated
data. Of course, this begs the question of what is “truly” acceptable. Each agency needs
to establish a context-sensitive and systematic approach to evaluate the accuracy,
precision, and efficiency of potential automated distress identification systems for
network and project level data collection objectives.

To conduct such an evaluation in a systematic fashion, it is first reasonable to conduct a
review of the literature on automated technology for aiding in pavement evaluation. In
this process, the current literature review report documents the following:

1. Evolution of automated data collection hardware technology and future trends in
the industry

2. Advancements in automated image analysis and processing for aiding in
pavement evaluation, and future improvements

3. Implementation considerations and initiatives, including:

a. Metrics and analyses for conducting evaluations of accuracy and precision

b. Methods for calibration and verification of the technology

In subsequent tasks, the findings from this literature review will be applied to identify:

1. How best to evaluate and compare the current procedures employed by Florida
DOT to automated options.



2. Recommendations for getting the optimal results from the system currently
available to the DOT.

3. Finally, recommendations for future considerations in the development and/or
application of technology to satisfy the needs of Florida DOT.

Every effort has been made to be as thorough as possible in the conduct of this
literature review, while keeping these stated objectives (of equal importance) in mind.

1.1 Introduction to the Literature Review

During Task 1, the research team reviewed the available literature on the state of the
practice regarding technologies for automated crack data collection and analysis for
rigid and flexible pavements. The corresponding literature can be divided into three
segments; the first on automated distress data collection hardware and data
management, the second on automated image analysis and processing, and the third
on implementation considerations and initiatives. As displayed in Figure 1, the first two
components comprise the system concept for image-based pavement surface distress

surveys (McGhee 2004).

The NCHRP Synthesis number 334 provided a summary of the state of the automated
pavement distress data collection practice in 2004 and was a relevant document to start
the literature review. In addition, the NCHRP Synthesis number 401 reviewed the
guality management practices being employed by public road and highway agencies for
automated, semi-automated, and manual pavement condition data collection (Flintsch

and McGhee 2009).
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Figure 1. The system concept for automated pavement data collection (McGhee 2004)
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Task 1la — state of the practice regarding automated crack data collection: The existing
and emerging technologies for collecting pavement surface distress images were
reviewed. The current practice by various State Highway Agencies (SHA) and other
roadway authorities within the United States and across the world were examined. This
examination included investigation of the following parameters:

e Imaging Technology Hardware and Capabilities (scan dimensions, speed,
illumination, dynamic range, resolution, crack width, limitations, etc.)

e Location Referencing Equipment

e Image Sampling, Storage, and Compression Information

e Advantages and Disadvantages to network-level condition surveys

Task 1b — state of the art and practice regarding automated crack data analysis: The
existing and promising emerging tools for cracking data processing and interpretation
were investigated. While the state of the art is constantly advancing, the literature
review in Task 1 focused on practical techniques that show promise for implementation.
This investigation included but was not limited to the following aspects of data analysis:

e Image Display Tools

e Automatic Crack Type and Severity Identification

e Crack/distress editing and review tools

e Cracking Extent Measurement and Location Referencing

e Accuracy, Precision, and Reliability

e Crack Sampling and Reporting Interval

¢ Advantages and Disadvantages to network-level condition surveys



To gain from the experiences of past work in this area, the research team reviewed and
summarized previous efforts that have been conducted in this area. Several of these
are included in the following example reference documents:

e NCHRP Project 1-27: Video Image Processing for Evaluating Pavement Surface
Distress (Fundakowski 1991).

e Paredes’s PAS: Automated Distress Measuring Device (Lee 1991).

e University of Texas at Austin Center for Transportation Research (CTR):
Automated Pavement Cracking Rating System (Xu and Huang 2003).

e NCHRP IDEA Project 88: Automated Pavement Distress Survey through
Stereovision (Wang 2004).

e NCHRP IDEA Project 111: Automated Real-Time Pavement Crack Detection and
Classification (Wang and Gong 2007).

e Visual Retrieval of Concrete Crack Properties for Automated Post-Earthquake
Structural Safety Evaluation (Zhu et al. 2011).

e Automatic Crack Detection and Classification Method for Subway Tunnel Safety
Monitoring (Zhang et al. 2014).

e Multiscale Crack Fundamental Element Model for Real-World Pavement Crack
Classification (Tsai et al. 2014).

e US DOT RITA: A Remote Sensing and GIS-Enabled Asset Management System
(RS-GAMS), (Tsai and Wang 2014).

In this task, the research team was looking for ideas, concepts and approaches to
facilitate the codification of the proposed protocols. These findings were highlighted to
aid in subsequent tasks of this project. Known deficiencies in current automated
detection practices occur when the pavement is slightly damp, when the cracks are
sealed, spalled, filled with salt or sand, where there is staining in fine cracks (this makes
them evident in a forward image, but not necessarily in downward pavement views) or
various types of crack sealant.



The current automation practices still focus on cracking related distresses and not on
other common visual distresses such as bleeding, depressions, and patching. While
cracking is the focus of this project, ravelling and patching among other distresses are
also a concern and are captured in the current FDOT manual windshield surveys.

This chapter is organized in five sections. Following this introduction, Section 1.2
provides a summary of the information reviewed on automated distress data collection
hardware and data management. Section 1.3 summarizes the findings on image
applications, analysis and processing. Section 1.4 addresses implementation
considerations. This is considered of particular importance, as the actual
implementation into practice has tended to present the greatest challenges in the
advancement of the automation process. Section 1.5 provides the summary and
recommendations based on these reviews.

1.2 Automated Distress Data Collection Hardware and Data
Management
This section discusses the state of the practice regarding automated distress data
collection hardware for identification and documentation of pavement surface distresses

and related information, as well as the associated management of this data. The
following technologies are discussed:

1. The right of way cameras used for forward roadway images
2. Analog vs. digital pavement imaging

3. Areascan

4. Laser imaging

5. 3D imaging

6. Other technologies such as LIDAR, satellites, airplanes, unmanned aerial
vehicles, and photogrammetry

1.2.1 Right of Way (ROW) Cameras

One of the earliest methods of obtaining pavement images was simply to use a right of
way camera and focus it down towards the pavement surface. This method was utilized
throughout the 1980’s when video cassette tapes were the main storage source for



video. The technology has advanced with time and is still used in some areas of the
world with high resolution digital camera systems (PMS 2015). The advantage to this
method is that it is cost effective and requires standard configurations of hardware,
power, and computing power that are commercially available. The disadvantages are
that it is susceptible to shadows and the image is on an angle, so some cracking will be
difficult to see. The other significant disadvantage is that it does not facilitate automated
processing of the images and requires manual identification of distresses. This method
is still utilized today mainly as a method of collecting highway asset imagery due to it
being very cost effective and the high amount of detail that can be captured with the
new high-resolution cameras.

1.2.2 Analog versus Digital Pavement Imaging

The move from analog to digital imaging was a big advancement in the video log
industry. Digital images retained all the benefits of analog video but also provided a
number of key advantages:

e Centralized storage of images — images can all be stored on a central server that
everyone can access so there is no longer the need to hunt down the correct
video tape.

e Increased access speed — analog video required you to find the video tape then
fast forward to the correct spot using a VCR. With digital images users can
access them from their own computers and jump right to the image(s) needed.

e Distribution — Digital images can be easily e-mailed or copied and sent to others
(Fugro Roadware 2004).

e Quality — Digital image technologies have greatly improved the resolution and
guality of images beyond the storage capacity of video cassettes.

As technology advances so do the advantages of using digital images. The cameras
become faster, able to capture images more frequently, and with better quality than
analog video. The evolution of digital technology in the pavement evaluation industry
was largely a result of significant advancements in existing camera technologies and
data storage capacity.

1.2.3 Area Scan

Pavement imagery using area scan technology consists of high-resolution cameras
extending from the back of the vehicle. They point straight down at the pavement and



each takes an image of the pavement surface that is flat and consistent for
measurement. Early on in development, the images were recorded and displayed side
by side on the office workstation. As technology advanced, area scan cameras created
digital images usually in Joint Photographic Experts Group (JPEG) format that could be
stitched together to create continuous pavement images.

Advantages to area scan systems are that they are cost effective and as technology
improves better quality cameras can be used to increase resolution and image quality.
The image resolution and quality depend both on the quality of the used cameras and
the lighting system.

The disadvantage to an area scan system is that it requires a light source to reduce
shadows for trees, buildings or overpasses significantly increasing the power output
required by the vehicle. This additional lighting is often a large draw of electrical power
for the data collection vehicles requiring additional generators or power generation.

These 2D images were designed to be used for both automated and semi-automated
pavement distress identification and were easily calibrated to measure within the
images to quantify crack lengths, areas, and widths. The range in quality of the cameras
can show a range of surface textures, but coarse-grained pavement textures can
sometimes make it difficult to identify smaller width cracks and other defects between
large aggregates. Also, area scan images are very susceptible to other optical
challenges in the field such as unusual lighting conditions, damp pavement, and crack
spalling. These issues can cause the images to show irregularities along the crack that
make the width of the cracks difficult to accurately measure. This has also impacted
visual surveys where a slight dampness can cause distress to appear more severe than
it actually is.

Figure 2 shows an older version of Fugro Roadware’s Automatic Road Analyzer
(ARAN) vehicles equipped with an area scan system.
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Figure 2. Fugro Roadware’s ARAN equipped with area scan system

Continuous Lighting

To properly view the pavement surface, lighting was found to be very important in
capturing conditions, as there needs to be enough lighting to adequately illuminate the
surface and still show shadows within the cracks. Constant lighting was an older
technology used to illuminate the pavement for imaging. As an example, the early
FDOT line scan system utilized ten 150-watt lamps to illuminate the pavement surface
for the camera (Gunaratne et al. 2003). The drawback to this method was that the
illumination was not as bright as the strobe system and it used considerably more
power. Figure 3 shows an example van with constant lighting equipment.

Figure 3. Road survey vehicle equipped with constant lighting



Strobe Lights

An effective light source for area scan cameras is the use of strobe lighting. These lights
are synched with the camera to fire a high intensity light as the image is captured. Since
these lights are strobes they can be a lot brighter than standard lights and consume less
power. This allows collection of pavement images at any time of the day from bright
sunlight to nighttime collection. Figure 4 shows a Fugro BRE Automated Distress
Vehicle (ADV) with strobe lights, and a sample of the pavement surface images
captured with that system.

Figure 4. Fugro BRE Automated Distress Vehicle (ADV)

1.2.4 Line Scan

Non-Laser Line Scan

Early line-scan cameras capture single lines which are then compiled to form a 2-D
image. One of the advantages the line scan camera has over area scan is that many of
the production systems were higher resolution images, up to 6,000 pixels per line
(Gunaratne et al. 2003). The main disadvantage to line-scan cameras is that they
require a higher light intensity than area scan. Shadows on the road can be picked up
by the system and mistaken for distress if the lighting is not sufficient. Many of these
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systems had long dark streaks from shadows of mounted equipment that caused
complications during crack identification. Figure 5 shows an example non-laser line-
scan camera image with the shadows cast on the pavement surface (McGhee 2004).

Figure 5. Example Line-Scan Pavement Image with Vehicle-Cast Shadow in Left Wheel Path
(McGhee 2004)

Laser Road Imaging System (LRIS)

Introduced in 2006 by the INO (Institut National d’Optique) of Quebec in Canada, Laser
Road Imaging System (LRIS) is composed of two high resolution line-scan cameras and
two illuminating lasers that are configured to capture images of full 4m transverse road
sections with up to Imm x 1mm resolution (4096 pixels/line) at speeds that can surpass
62 mph (INO 2014). This system uses two illuminating laser beams that are angled
transversely onto the road and then two cameras that pick up this laser line. Because
the lasers are angled, they create shadows within the cracking area and therefore the
cracks become more visible in the images. Figure 6 shows a schematic of the LRIS on
an inspection van. Based on the LRIS sensors produced by INO, Pavemetrics provides
the hardware and software libraries to the integrators and vendors who have the
responsibility to develop their own software. INO recommends JPEG or JPEG 2000 to
be used for data compression (Wang and Smadi 2011).
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Figure 6. LRIS system on inspection vehicle

The main advantage of the LRIS system over other camera-based systems is that it is
not dependent on light as it can collect through shadows or at night with the same
guality of image due to the intensity of the lasers. Another advantage to this system is
that because it uses laser illumination it consumes less power, about 200 watts versus
thousands of watts of traditional lighting systems (Wang and Smadi 2011). The LRIS is
also more compact than the area scan systems. The high resolution and consistency of
this equipment caused the LRIS to be a widely used system globally.

A disadvantage to the LRIS system is that because it creates images line by line any
dirt or dust on the camera lens can create streaks in the image. These streaks result in
black lines appearing in the images and can cause difficulty with automated crack
detection software that uses the light and dark contrast to identify cracks. Figure 7
shows an example LRIS pavement image showing dark streaks that cannot be seen on
the ROW image.
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Figure 7. Example LRIS pavement image (right) showing dark streaks that cannot be seen on the
ROW image (left)

1.2.5 3D Pavement Imaging Systems

3D pavement systems use synchronized scanning lasers that are projected onto the
pavement surface which are then captured by one or more cameras. The lasers can
also measure the distance to the surface to give the image a depth. This is where the
advantage to these systems lie, the depth measurement makes crack detection much
easier than 2D pavement systems where pavement texture and lighting can make fine
cracks hard to distinguish. Another advantage to 3D systems is that they are less
sensitive to the problems of identifying cracking on damp pavements. On 2D systems
dampness causes a lot of false positives and increased width results as the cracks are
highlighted and have a wider dark range on the surface than they actually are to both
the naked eye and imaging technology.

3D pavement systems are quickly becoming the most popular method of collecting
pavement data due to the additional information available, high resolution images, and
repeatable results. Many large road agencies have already or are currently transitioning
to the use of a 3D laser pavement system and it looks like this trend will continue.

Laser Crack Measurement System (LCMS)

The most commonly used 3D imaging technology globally is the Laser Crack
Measurement System (LCMS) developed by INO and provided by Pavemetrics
Systems Inc. The LCMS consists of two high-speed cameras, custom optics and laser
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line projectors to acquire both the intensity of reflected light and depth ranging
information of infrastructure surfaces at speeds up to 62 mph (Habel et al. 2014). The
LCMS system has a resolution of up to 4,096 points and captures 5,600 profiles per
second for a transverse spacing between profiles of 5 mm (0.2 in) at 62 mph (Fugro
Roadware 2012). The two lasers are projected onto the surface to be inspected and its
image is captured by a camera system on a different angle (Figure 8). This allows the
sensors to simultaneously triangulate both the 3D “Range” (height of each pixel) and the
reflected light “Intensity” (the intensity of the reflected laser light for each pixel) of the
scanned surfaces (Figure 9). This data is recorded in a proprietary and licensed file
format known as a FIS file. Through post processing of these FIS files, automatic
distress detection can be completed along with creation of the orthogonal images for
viewing.

Figure 8. LCMS sensors mounted on a survey vehicle
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Figure 9. LCMS image types; (a) range, (b) intensity, (c) merged 3D

The LCMS is often used by data collection device integrators and vendors including:
APSA (Administracion de Pimientos Sociedad Anomia), Australian Road Research
Board (ARRB), Dynatec, enterinfo, EuroConsult, Fugro Roadware, International
Cybernetics Corporation (ICC), Mandi Communications, Rambolt, Ronda’s, and Vectra.
The LCMS is the most widely used pavement imaging technology for new vehicles in
2015.

Others in Development

Waylon Systems has developed the PaveVision3D which is a multi-camera system for
1mm resolution in all dimensions of pavement surface 3D imaging. This system utilizes
up to 4 cameras on each side of the lane to collect the surface information on higher
frequencies. Data stitching algorithms are used to assemble the measurements on each
side of the lane and then both sides are stitched together into a single file with 1mm x
1mm resolution for both the intensity and range data (Wang 2011). The disadvantage to
this system is that it can only get a true 1mm resolution at low speeds of around 15
mph. Another disadvantage is that it's much harder to synch multiple cameras with
movement of the vehicle that often occur while testing at higher speeds during network
level collection.

Waylink Systems has also been experimenting with other frequency lasers to improve
the accuracy of the measurements with high frequency, short wavelengths of light.
There are distinct advantages to the measurements with other frequencies. However,
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the increased power also changes the health and safety class of these lasers, which
may have challenges with testing on open roads.

1.2.6 Other Technologies

LiDAR

Light Detection And Ranging (LIiDAR) is a laser-based technology that measures
distance by lighting a target with a laser beam and analyzing the reflected light. LIDAR
is very useful for surveying applications like digital terrain modeling from airplanes or
road geometry and assets inventory for transportation agencies. The biggest drawback
for the use of current LIDAR systems for pavement imagery is the resolution and
frequency of collection on current models. Currently LIDAR can get an accuracy of up to
10mm, but this would be insufficient to accurately measure pavement cracks. Many of
these systems focus only on the distance measurement information in the image, which
provides no information regarding changes in pavement surface color. The color
intensity information is needed for detecting construction changes, repairs, and patching
along the pavement surface.

Figure 10. A LiDAR survey of a highway (left), and a LiDAR antenna (right)

Satellite

Satellites can cover large areas very quickly but are limited by revisit times, atmospheric
interferences, and spatial resolution (Schnebele et al. 2015). In the future if satellite
imagery was able to improve on the resolution, they would still be affected by things like
lighting and line of sight caused by overpasses, traffic, and trees.

Air Based Surveys

Air based surveys (both fixed wing and rotary wing) can get better resolutions than
satellites due to the reduced elevations and can be fitted with various sensors and
recording devices (Schnebele et al. 2015). Currently airplanes and helicopters are used
for various remote sensing applications but when it comes to pavement imagery there
are limitations. Due to the speed that airplanes travel it would be hard to achieve the
required resolution to create usable pavement images due to motion blur. Aircraft are
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also susceptible to wind shear and turbulence that would make getting constant imagery
difficult and like satellites they would be subject to line of sight and lighting concerns.
Operating aircraft is also expensive and requires properly trained personnel to operate.
Airspace restrictions also are another concern as many network surveys are conducted
around urban areas that could have security concerns and reduced visibility due to
structures. Figure 11 shows Fugro’s FLI-MAP 400 system, which provides high
accuracy topographic and surveying data by integrating state of the art surveying
techniques, such as LIiDAR and high-resolution photo and video imagery.

Figure 11. Fugro’s FLI-MAP400 (Fast Laser Imaging - Mapping and Profiling) system

Unmanned Aerial Vehicle

Unmanned Aerial Vehicles (UAV) or Drones are a less expensive alternative to
airplanes or satellites and can provide high resolution, near real-time imagery
(Schnebele et al. 2015). An UAV has a few advantages over other aircraft with respect
to collecting pavement images. UAV’s are cheaper, can fly at lower altitudes and are
quicker to deploy than most manned aircraft. With changing government regulations,
these will also not have all the airspace restrictions that the larger aircraft would have
and are much more maneuverable although more susceptible to wind shear. UAV’s can
currently be effective for collecting data on gravel roads where high-resolution distress
imagery is not required. Limitations include objects blocking road surfaces like traffic,
bridges, trees, and buildings. As with the other airborne methods lighting is an issue
where shadows from trees, vehicles, and power lines can affect the quality of imagery.

Aircraft options for pavement imagery have possibilities but currently have not been
explored thoroughly. Current technology for vehicle surveys has limitations when
applied to aerial platforms such as distance, location accuracy and collection path.
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Photogrammetry

Photogrammetry is a stereo vision technique that involves taking multiple images of the
same object from multiple angles and using these images to generate a 3D image of the
object. Initial investigations show significant potential for 3D distress detection and
modelling with higher spatial precision and a higher level of automation than laser-
based 3D profilers (Ahmed and Haas 2010). This system could also be easily upgraded
over time as new technologies and higher resolution cameras become available. The
main drawback to this method is the need for real time processing which can be limited
by computing power and image blurring due to camera motion. However, as technology
improves, these drawbacks will have less of an impact.

1.2.7 Image Capturing Specifications and their Effects on Crack Identification

The image quality plays a crucial role in gathering the most accurate and
comprehensive data on distress from pavement images collected using the area scan
technology. The ideal pavement image is crisp with no motion blur, evenly and well lit,
and of high enough resolution to view details. The quality of digital image can be
affected by the illumination, dynamic range, shutter speed, resolution, optic quality, size
of pixels and the image sensor capabilities.

To capture high quality pavement images, illumination or brightness is an important
element, which is proportionally dependent on the wavelength and the surface
reflectance (Sokolic 2004). Image brightness is also dependent on the exposure time
controlled by the shutter speed and aperture, and the sensitivity of the image sensor.
Brightness resolution refers to the number of brightness levels that can be recorded in
any given pixel. In an 8-bit grayscale black and white image, each pixel is black, white
or one of 254 shades of gray (total 256 levels).

Dynamic range defines the ability of an imaging device to record or display the full
range of optical density. Theoretically, higher dynamic range can detect greater image
detail in dark shadow areas of photographic images (Wang and Smadi 2011). Dynamic
range for pavement images is normally 8, 10 or 12 bits. Currently 24-bit color images
are used only in right-of-way color images for asset management applications.

The shutter speed of an area scan camera is measured in two ways; number of images
captured per unit time, and absolute time the camera shutter is open for one image
collection. As the shutter speed increases, more images can be taken within a given
timeframe, which translates to a higher operating speed with less blur. But as the
shutter speed increases, there must be an adjustment since the exposure time is
decreased. This means that for the image to be properly lit there must be an adjustment
to either aperture or International Standards Organization’s (ISO) sensitivity rating — the
sensitivity of the image sensor to light. If the exposure is not adjusted, the cracks may
not be well detected due to poor lighting conditions. Area scan systems typically take
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one pavement image every 2 to 3 feet. Typically, ROW images are taken once every
26.4 feet, and travelling at 60 mph, a shutter speed of 3 or 4 fps is sufficient for this
purpose (Fugro Roadware 2004).

One of the image quality indicators is the degree of resolution in terms of pixels per
area. In general, the higher the number of pixels per area, the more likely it is that
pavement surface details are picked up. It is important that the other aspects of image
quality (e.g. optimum illumination) are also satisfied to ensure that the data reflected in
the pixels are accurate.

For example, a line scan camera with a resolution of 4096 pixels/profile ensures areas
as small as 1 mm can be detected. Typically, it is expected that two pixels are required
to identify patterns such as cracks. This indicates a 1mm resolution is capable of
recognizing cracks with a width as small as 1mm and more reliably 2mm. Table 1
shows the theoretical minimum visible crack widths corresponding to camera resolution
using both line scan and area scan cameras. However, determining crack width from
the images is subjective as representation of a crack in an image may include many
levels of shades (Wang and Smadi 2011).

Table 1. Image resolution and theoretical minimum visible crack width (Wang and Smadi 2011)

Transverse Resolution (pixel) 1,300 2,048 4,096

Visible Crack Width (mm) 3 2 1

The specific technical details such as shutter speed, aperture, depth of field, lens
quality, sensor type, dynamic range, focus range, and resolution varies with the model
and build of the imaging system used, but an example of both an area-scan and line-
scan camera are listed in Table 2.

Table 2. Example specs for line-scan and area-scan cameras
Area Scan Camera Hitashi KP-F120 Line Scan Camera | LRIS

Shutter Speed (fps) | 15, 30, 60, or 120 Line Rate (Ips) 28,000

Image Resolution 1392 x 1040 pixels | Image Resolution 4096 pixels/line

1.2.8 Image Quality Management
Pavement surface imagery is typically collected in compliance with the American

Association of State Highway and Transportation Officials (AASHTO) provisional
protocol (PP) number 68 (AASHTO 2014a), which was later adopted as AASHTO
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Standard R86-18 (AASHTO 2018b). This standard calls for these requirements in terms
of image quality:

“4.3.1. The images must provide sufficient difference between data point values
representing distressed and non-distressed areas that subsequent distress detection
techniques can delineate a minimum of 33 percent of all cracks under 3 mm (0.12 in.),
60 percent of all cracks present from 3 mm (0.12 in.) and under 5 mm (0.2 in.) wide, and
85 percent of all cracks 5 mm (0.2 in.) wide or wider regardless of orientation or type.
The determination of this capability will be made utilizing a minimum of ten 0.03-km
(100-ft) samples containing an average of at least five such cracks per sample.

4.3.2. The images should be sufficiently void of erroneous differences between data
point values that a section of pavement without distress, discontinuities, or pavement
markings contains less than 3 m (10 ft) total length of detected false cracking in 50 m2
(540 ft2) of pavement. The determination of this capability will be made utilizing a
minimum of ten 0.03-km (100-ft) samples of various types that meet the criteria.”

There are no other standards that would recommend more comprehensive
requirements for quality management measures taken for pavement images for crack
identification. This is an important topic that has received little attention. There are two
ways to filter through the collected images, automated or manual. One example of an
image QA procedure is to run the collected images through software designed to review
the range of values recorded in images. These pixel values will indicate if the images
are too bright or dark to be helpful. Other information can also be verified such as
metadata and camera settings stored within files. Automated checks do not reliably
evaluate image quality, focus, or ability to identify features.

The following two documents are the predominant source of information regarding the
state of practice in quality management of pavement data collection. While they address
some aspects of pavement images, they do not provide specific guidelines to ensure
pavement image quality.

e NCHRP Synthesis 401, Quality Management of Pavement Condition Data
Collection (Flintsch & McGhee, 2009)

e FHWA Practical Guide for Quality Management of Pavement Condition Data
Collection (Pierce et al. 2013)

Recognizing the need for a unifying image format that can facilitate data analysis,
reporting, sharing, and evaluation, the Federal Highway Administration has recently
issued a request for quote on Standard Data Format for 2D/3D Pavement Image Data.
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Expected benefits include facilitating workable protocols for condition surveys,
improving implementation of new technologies, and accelerating the development
potential of analysis tools for pavement condition.

1.2.9 Image Storage, Compression, and Database Management

The collected pavement images are a valuable resource due to the large amounts of
data they provide, but they come with large file sizes. This raises issues with the image
storage, compression, and database management. While collecting the data, there must
be enough memory to store at least one run’s worth of data on-board the vehicle. An
example of the vehicle memory capacities of the on-board system is a computer for
each camera system with removable hard drives with sizes proportional to the length of
road to be tested and the resolution of the images. The estimated storage required is
1.3 GB per lane-mile for the pavement image data and 76 MB per lane-mile for high
definition ROW images. Some imaging technologies are proprietary and require
software license information to review contained data.

The images are often compressed to optimize the amount of data available and the
storage requirements. Different file types have different balance of files size reduction
and potential reduction in data quality. Traditionally, the imaging data was often saved
as a JPEG file with around 75% compression at the end of the run before being sent to
the workstation, but later a compression format called JPEG 2000 was found to
compress the image from around 1.4 MB to 400 KB, with comparable image quality
(Gunaratne et al. 2003; McGhee 2004).

To obtain greater compression ratio, the JPEG algorithm used in pavement imaging is
lossy, which means some information is lost during the compression process and
original raw image cannot be restored (Wang and Smadi 2011). Database tables are
commonly used to store the location data, sensor data, image location and other
relevant details regarding the field operation. Custom software can be made for easy
and rapid access to the compressed images through the computer networks.
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1.2.10 Location Referencing

The collected road data must be provided with location context, and there are a couple
of systems that can be used in conjunction or isolation. The three most commonly used
types are Global Positioning System (GPS), inertial aided GPS systems, and linear
referencing systems. The advantages and limitations of each system are summarized in
Table 3.

Table 3. Advantages and limitations of location referencing systems
System GPS Inertial Linear Distance

Uses GPS,
accelerometers and
gyroscopes to calculate
data on acceleration,
angular rotation, vehicle
orientation, grade, and
road curvature

Measures linear
distance and velocity
travelled by the
vehicle

Uses satellites and
triangulation for
location and time
information

Description

Highly accurate even with | Simple; reliable; not

Advantages Detailed information vehicle motion affected by speed

Still requires GPS for start | Limited data; requires
Clock errors; delays | and end position; errors external reference for
Limitations or occasional data can accumulate between | start and end position;
loss; noise and bias | high quality GPS systematic error grows
positions. with distance traveled

In open locations,

travelling at low Used in conjunction

Best Uses speeds, good For short_-term with another system to
weather, and observations .
minimum of 4 visible provide more context
satellites

The GPS uses triangulation and satellite information to provide location and time
information most commonly in terms of latitude, longitude and elevation. This system
provides a high level of detail and information. But there are limitations such as loss of
signal and reduced accuracy (Gunaratne et al. 2003).

The inertial measurement unit (IMU) is a self-contained unit (working in tandem with a
GPS system), which measures relative displacement from a start point based on three
accelerometers (one for each of the primary axes), and three gyroscopes. The
combination of these six units measure acceleration in all directions to determine
change in position, as well as angular rotations, vehicle orientation, grade and road
curvature. The benefit for using this system while it is coupled with the GPS results is
that it is self-contained and is highly accurate even with vehicle motion. This improves
the accuracy of GPS and helps to fill in some gaps in satellite coverage. The addition of
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vehicle role, pitch, and yaw to vehicle position allows for the measurement of other
factors such as pavement cross-slope, longitudinal grade, and measurements within
ROW images (Gunaratne et al. 2003).

A linear DMI system is one which measures the linear distance that the vehicle has
travelled. This particular system is simple, reliable, but like the inertial system, needs an
external reference start position. As the system only provides linear measurements, it
does not provide detailed enough information when used in isolation. There are two
broad methods to measuring linear distance: contact and non-contact. Contact DMI’s
require frequent calibration but offer an increased accuracy compared to non-contact
DMTI’s.

Most vehicles collecting pavement data are equipped with a combination of the above
systems to mitigate the drawbacks to each and provide reliable location data for every
point along the run. For example, the ProGPS-DMI system integrated by Ames
Engineering uses GPS and a linear distance measuring instrument (DMI) to achieve a
reported location measurement accuracy of 0.05%.

In summary of this section, it should be noted that significant advancements in
automated distress data collection hardware have occurred over the past decade. It
should be expected that similar advancements will likely be experienced in the decade
ahead. With this in mind, implementation efforts should be modular and flexible in
nature to take advantage of the technology evolution.

1.3 Automated Image Analysis and Processing

This section discusses the results of the literature review regarding the state of the art
and practice of automated crack detection software. Knowing pavement conditions and
symptoms of the deterioration type is critical to maintaining road networks in a safe and
cost-effective manner, and to make informed decisions, there must be reliable data on
which to make such evaluations. Traditional methods of obtaining data include manual
and semi-automated surveys, which involve significant human intervention and have
proven time-consuming given the extensive length of road networks. In response, there
has been extensive research in automating the process to establish a more efficient and
repeatable distress evaluation system.

1.3.1 Basic Image Processing Concepts

As it was discussed in Section 1.2 of this document, there are a variety of mediums
which can be used to collect the pavement images such as lasers, 2D or 3D imaging
systems. Once the data is collected, it is often pre-processed to be fit for use for manual
or automated distress detection. The focus of the current project is mainly on cracking
distresses. A cracking distress is a crevice or an opening on the pavement surface as a
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result of stresses caused by traffic loading or environmental conditions. Each
occurrence of cracking is described by its features. To collect crack features, such as
length, orientation, and width, the potential cracks must be identified in calibrated
images. Once the locations of cracks are identified, width, shape, and patterns are
extracted.

Due to the proprietary nature of most of the available software, the details of the crack
detection algorithms are not published in the literature. Figure 12 illustrates an example
of general steps for feature (crack) detection, quantification, and classification
procedures, which are typically followed to conceptualize pavement crack detection
algorithms. The steps illustrated in Figure 12 can be succinctly described as follows:

(Step 1) Image Normalization: The first step of the process is to normalize the image
depending on the road surface type. If this step is not performed, then automated crack
detection would not be possible across many surface types since a heavily textured
road (i.e. open graded) would output many false positive cracks. This is corrected by
using a depth threshold parameter which is determined automatically using the local
texture information of the road surface. For roadways with rougher surface texture, the
depth threshold for crack detection should be higher to avoid classifying texture
anomalies (e.g. raveling) as cracks.

Appropriate transformations are applied to the input image to normalize the intensity
response. This normalization is necessary to neutralize the effect of:

1) Ambient lighting

2) Atrtificial lighting

3) Difference in sensor impulse response

4) White balance of images

There are several transformations that may be employed for this purpose, and the
selection of a suitable one depends on the image configuration. A few of the common
transformations are:

a) Histogram equalization

b) Histogram matching
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c) Color transforms

d) Shadow identification and removal

e) Gamma correction

{Step 1) Image Normalization

-

(Step 2) Pre-Filtering

v

{Step 3) Pixel Probability Computation

.

(Step 4) Feature Detection

+

(Step 5) Feature Description (Quantification)

.

(Step 6) Feature Classification

Figure 12. General example procedure for crack detection, quantification, and classification

(Step 2) Pre-Filtering: The pavement surface image is divided into smaller regions and
each region is then subjected to a battery of tests of increasing complexity to quickly
identify regions where it can be trivially concluded no feature of interest (specifically
cracks) exists. This helps save processing time by limiting the computationally
expensive detection operations to be limited only to regions where there is a high
chance of occurrence of cracks. It also helps reduce the number of false positives.
Region division may be done based on:

a) Rectangular tiles
b) Super pixel
c) Texture analysis

d) Segmentation
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The common tests to identify such regions can be based on:

a) Histogram

b) First order and second order statistics

c) Texture properties

d) Local binary patterns

e) Steerable filters

f) Difference of Gaussian features

g) Integral images

(Step 3) Pixel Probability Computation: In this step, each pixel in the identified
regions (where there is a high chance of occurrence of cracks) is assigned a probability
score to indicate the possibility of it belonging to a feature (specifically a crack). The
higher the score, the more likely it is to belong to a feature. These scores may be
computed using one of the following methodologies:

1) A pixel can be assigned a sum of tuned filters (e.g. Gabor filter) response.

2) A pixel can be assigned a weighted sum of pixel features in the neighborhood.
The optimal weights can be determined using Supervised/Unsupervised Machine
Learning techniques (for example Support Vector Machines, or Neural Networks)
from prior example sets.

3) In the case of a crack, it can also be computed as the difference of pixel value
from the median/mean value of pixel intensity in the neighborhood.

The computed pixel probability map can be combined with a similar map from other
calibrated sensors (for example a Range Sensor, or GPR) to improve the probability
estimates. The final probability map is then filtered using morphological operations, as
the expected features (cracks) have a structure to them. Pixels belonging to the true
feature are not significantly affected by these operations, but the pixels having high
probability due to noise are suppressed.
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(Step 4) Feature Detection: The final pixel probability map is divided into regions as in
the pre-filtering step and in each region the multiple features (for example two cracks,
one longitudinal and one transverse) are extracted. The extraction can be done by:

a) Dynamic programming-based path selection

b) Flood fill followed by boundary/skeleton detection

c) Connected pixel tree/graph extraction based on adaptive threshold

(Step 5) Feature Description: For each detected feature, various properties can be
computed to describe the feature. The properties can be:

1) Geometric properties like length, width, area, bounding box, axis of orientations

2) Photometric properties like texture parameters, average intensity, intensity
variations

3) Feature specific properties like in the case of cracks it can be crack width, crack
density in neighborhood, crack nodes

4) Longitudinal and transverse linear and spatial location referencing

(Step 6) Feature Classification: For each detected feature, the descriptor can be used
to classify the feature. In case of cracks it may be as follows:

1) Axis of orientation can be used to classify Transverse and Longitudinal cracks

2) Crack density can be used to classify pattern cracking (such as map cracking or
fatigue)

3) Width, density, and position of cracks can be used to classify cracks by severity

4) Proximity to other detected cracks or joints
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1.3.2 2D Image Processing

The following sections will focus on the state of the practice in application of 2D
pavement images for the general steps of image enhancement, identification of
potential cracks, and classification of crack features.

Image Enhancement: Normalization and Pre-Filtering

To mitigate noisy data and improve crack visibility from the raw 2D pavement images,
there have been a variety of research efforts in refining pre-processing methods to
enhance these images. This step aims to reduce the crack detection sensitivity to
lighting conditions and pavement texture to focus solely on cracks (Sy et al. 2008). Most
image enhancement methods involve the initial segmentation of the pavement images
to grey-scale, image equalization, or combinations including the use of morphological
tools (Gavilan et al. 2011). This image processing has most commonly been applied in
two locations, as the first step or after image segmentation if the process involved
splitting up the pavement images (Wang and Gong 2007). There are many variations in
the processes and steps taken to prepare the images for crack detection. For example,
the Canny edge detector uses a Gaussian filter, where a method developed by Ayenu-
Prah and Attoh-Okine (2008) called the bi-dimensional empirical mode decomposition
(BEMD) uses a transformation to remove noise (Ayenu-Prah and Attoh-Okine 2008).
Table 4 represents the major techniques used for pre-processing pavement images.

Often, the underlying assumptions govern exactly what the image enhancement
focuses on. For example, if cracks are identified as having darker intensity than
surrounding cells, a histogram equalization method can be used in conjunction with a
gray-scale thresholding method to filter the images (Sy et al. 2008; Gavilan et al. 2011).
But in most cases, these filtering methods need to be adapted to support the specific
texture conditions, and even still will reduce effectiveness at detecting cracks in highly
textured pavements (Subirats et al. 2006). A recent research study performed a texture
analysis to address the issue of detecting cracks in highly textured pavements, where
other methods often mistake the surface texture for cracks. By splitting the pavement
image into sub-images with relatively uniform texture backdrops described by five
unique parameters, an Artificial Neural Network (ANN) can identify the cracks within the
sub-images (Mathavan et al. 2013).
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Table 4. Major techniques used for pre-processing pavement images

Pre-Processing Description Advantages Limitations

Technigue

Texture Analysis Define 5 texture Reduces noise Used in conjunction

and Self properties to identify based on pavement | with SOM (which

Organizing Map different surfaces texture by isolating | requires program

(SOM) (distinguish different cracks into areas training and sensitive
surfaces through overall with relatively to under or over
texture), then the SOM uniform fitting), precision of

splits the pavement image | background texture | roughly 75%
into several sub-images
based on pavement
normal background

Gradient Define crack pixel Filters out noise Often thresholds are
Histogram intensity as darker than and is simple empirical or must be
Analysis non-crack pixels based on adjusted per
histogram analysis of pavement surface
pavement images variations and
lighting conditions
Bi-Dimensional BEMD removes noise via | Allows for Not well researched
Empirical Mode transform by sifting the separation of and thus not very
Decomposition data to validate filtering from certain | effective
(BEMD) instantaneous frequency | crack edge

detection methods

Identifying Potential Cracks: Feature Detection

Most methods for crack identification on 2D pavement images fall under one of the five
general categories:

1) intensity-threshold-based

2) edge detection

3) transform-based

4) seed-based

5) machine-based

Generally, the intensity-threshold-based methods define cracks as having a darker
intensity than surrounding non-crack area. The edge detection methods define a crack
edge as the local maximum of the gradient (measured as a change in intensity), and as
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such defines a crack map (Zou et al. 2012). Transform-based methods use a
transformation such as Fourier transform to take the data extracted from pavement
images to different domains (coordinates or states), to find the locations and sometimes
the properties of cracks. The seed-based methods initiate by identifying certain cells as
crack seeds, and then grow connecting paths by either percolation or calculation of
normalized distance to create the crack areas. Lastly machine-based methods involve
training of a machine learning network to learn a human rater’s response to a series of
pavement images representative of various field conditions (Gavilan et al. 2011).

The histogram-methods are the basic type of intensity-based methods, they are simple,
but often produce noisy results. They are also unsuccessful in changing pavement
environments, sensitive to changing light conditions, and can produce disjointed crack
fragments. There has been work on improving the use of these methods through more
effective filtering and using these principles in other methods (Zou et al. 2012).

Edge detection is effective but usually doesn’t adhere to crack connectivity, rather
identifies disjoint crack fragments and may mistake noise as crack fragments (Peng et
al. 2014). Some examples of edge detectors are the Sobel edge detector, and the
widely-used Canny edge detector (Ayenu-Prah and Attoh-Okine 2008).

The transform-based methods like Wavelet-transform based models were found to be
reliable, but they do not perform well for cracks with high-curvature and with low
continuity (Zou et al. 2012). A widely-known example of a transform-based method is
the fuzzy logic approach, which uses multiple transformations to define cracks.
Following transformation of the image from the difference domain to the brightness
domain, an intensity-based method is applied to define pixels having brightness less
than a certain threshold as crack pixels. Finally, in the crack domain, the connectivity’s
of crack pixels are investigated to identify cracks longer than a minimum length. This
method has a similar issue with light sensitivity but addresses texture sensitivity by
considering isolated dark pixels as noise (Mathavan et al. 2013). The Beamlet transform
is highly effective at extracting cracks from noisy, textured and unevenly lit images, but
is used for extracting linear features, therefore cannot be extended to identify non-linear
defects such as potholes (Ying 2009).

The seed-based methods consider crack connectivity well but are dependent on lighting
conditions as they use intensity values to determine whether a cell is a crack seed or
not (Gunaratne et al. 2008). The ability of the seed-based method to successfully
identify crack areas depends on the path-growing technique. There has been research
on the different path-growing techniques; the most widely used being the percolation
technique due to its relatively lower computational cost (Gavilan et al. 2011).

The machine-based methods are more sophisticated, but often involve a learning nature
which requires a large number of samples to accurately represent the specific
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conditions (Gavilan et al. 2011). Additionally, since the learning is done as local
methods on sub-images, the software may not always connect cracks over image
boundaries (Zou et al. 2012). Section 1.3.4 includes more detail on machine vision
techniques for crack detection.

Classifying Crack Features

Automatically retrieving the crack features like length, orientation, and width has not
been as fully documented as the previous steps have been. There are a couple of
general methods in order to gather properties from an original crack map; the first uses
image thinning to create a crack skeleton in order to retrieve crack properties, the
second uses a distance transform to create a distance field for properties. Other
methods included the use of ANNSs to gather crack properties (Zhu et al. 2011). Table 5
shows some example methods for classifying crack features.

Table 5. Example methods for classifying crack features
Type Description Advantages Limitations

Crack skeletons (segment
information) gathered
from maps through binary
Crack Skeletons image thinning and a
distance field was created
from a Euclidean
transform

Visual tool to gather crack
geometry properties after
manual start and end
input from user

Used learning methods to | Efficient process Challenging process
identify crack properties after ANN is to form network
from images trained training data
Properties are directly
Closing & Thinning | determined from using

Crack maps are
common output for
many methods of
crack identification

Average precision for
this method is
roughly 60%

Requires manual
Efficient process input on start and
end points of crack

Graph search

Artificial Neural
Networks

No crack map or Process not well

Algorithms with algorithms and transforms skeleton needed documented
Hough Transform on the preprocessed
images

In addition to crack length and width, Amarasiri at al. (2010) used the optical modeling
of the image formation process and the subsequent analysis of the variation in pixel
intensity profiles within digital images to evaluate crack depth. Using the variation of
reflection properties at surface discontinuities, a bidirectional reflection distribution
function was employed to model shallow longitudinal and transverse cracks as well as
joints in concrete pavements. This preliminary study revealed a definitive relationship
among the crack widths and depths and the maximum pixel intensity contrasts seen in
the images of the cracks. To calibrate the models, the reflection properties were
modified to match the pixel intensity contrasts across model generated images of cracks
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and joints against those of identical cracks formed in concrete pavements. The model
predictions of crack depths were also verified using actual crack data not used in the
calibration. This preliminary study showed promising results in terms of using the
generated depth information in differentiating cracks from joints on concrete pavements
(Amarasiri, Gunaratne, & Sarkar, 2010).

1.3.3 The Use of 3D Imaging for Crack Detection

Although there have been many methods addressing the issues inherent with the use of
2D imaging for 3D distress information, the potential for the use of 3D data is promising.
If 3D data were used in conjunction with pavement images, many of these issues would
be addressed (Peng et al. 2014). The most common method for collecting 3D data
(which is essentially depth data collected as a line scan across the road) is using laser
sensors for road profiling. By collecting both 2D and 3D data simultaneously, the
comparison of data can infer whether a potential crack is truly a crack with depth. A
method developed by Peng et al. used 3D laser data with 2D pavement images under a
seed-based method and resulted in 92.5% precision and 90.6% true detection for the
sample data used (Peng et al. 2014). Another approach developed by Wang was the
use of two offset 2D images to produce a 3D stereovision set, which used imaging
cameras as opposed to laser sensors. Testing for the application of crack detection has
not been verified (Wang and Gong 2007).

Sponsored by the U.S. Department of Transportation (US DOT) Research Innovative
Technology Administration (RITA) program, Tsai and Li (2012) evaluated the feasibility
of using elevation data from 3D laser technology as opposed to 2D intensity data to
detect cracks under different lighting and poor intensity contrast conditions. Cracks
ranging from 1 to 5 mm wide were measured in a laboratory setting to evaluate the
performance of a 3D data acquisition and crack segmentation method based on
dynamic optimization. The study concluded that the 3D system could effectively detect
cracks equal to or greater than 2 mm wide under controlled laboratory environment. The
significance of this study was to demonstrate the consistency of the 3D detection
method under various lighting conditions including night-time, daytime with shadows
and daytime with no shadows. The software was capable of detecting cracks even with
low intensity contrast (Tsai & Li, 2012).

1.3.4 Machine Vision

The process of automated detection and the measuring of pavement cracks is one
application of machine vision, which in general terms captures and analyzes visual
information. Machine vision takes advantage of a subset of computational intelligence
techniques called machine learning (ML) techniques. ML techniques typically involve
massive networks of parallel processing nodes that become capable of recognition
without definition, after proper training on a representative data set. The ML network
uses a series of parameters to form a connection between the inputs and outputs.
These parameters are optimized to enhance the capability of the network in recognizing
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(and differentiating) the pattern (from the noise) within the data. ML algorithms have
demonstrated great generalization capability and have been successfully used in
pattern recognition, prediction, and control applications among others.

These similar networks of processors are trained using different learning paradigms to
estimate model parameters based on observed input-output data records. While
Artificial Neural Networks (ANNSs) are inspired by biological neurons, Radial Basis
Function (RBF) networks and Support Vector Machines (SVMs) are based on statistical
learning theory. The learning paradigm for ANN is a recursive stochastic approximation
used in supervised training of multi-layer perceptrons (MLP). Network parameters are
randomly initialized and then adjusted recursively in a manner that the mean squared
error (MSE) between predicted versus measured outputs moves in the direction of
steepest slope. The RBF learning paradigm is termed hyper-surface reconstruction
which is essentially smooth curve fitting using regularized interpolation. The SVM
learning paradigm is an approximate implementation of the principle of structural risk
minimization adopted from the statistical learning theory. The maximum degradation
(distance) of an approximating hyper-plane from the observed data is minimized. To
learn more about the details of these paradigms, the reader is referred to instructive
published resources (Haykin 1998; Smola and Schélkopf 2004). Any superior
performance of each technique compared to others has proved to be problem specific
and a systematic benchmarking and comparison approach is required to determine the
most appropriate technique for each specific problem at hand (Kargah-Ostadi &
Stoffels, 2015).

Most related topics discussed in the literature are components of machine vision
systems, the hardware capturing the information and the software providing the analysis
of the data (Najarian et al. 2011). Omer used a machine vision system for monitoring
the condition of a winter road surface, automating the procedure. This system included
the use of a machine learning technique called a Support Vector Machine (SVM),
trained through a localized model approach with images that were smoothed and
normalized (Omer and Fu 2010). This application can be extended to the use of
machine vision to detecting and reporting characteristics of pavement cracks.

Best used for situations where there is a large amount of data with difficult to describe
variables, machine learning has found applications in many fields, such as
pharmaceutical, business, as well as in the pavement engineering sector. One specific
method of machine learning is the use of Artificial Neural Networks. ANNs use a
learning strategy similar to the human brain in exploiting the strength and flexibility of
connections between simple processing elements (Fieguth and Sinha 1999; Mathavan
et al. 2013). The following sections will focus on the applications to crack detection and
elsewhere, as well as the link to machine vision.
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Artificial Neural Networks

The learning style of ANNs fall under one of three categories, supervised (user-defined
input and expected output to give the system inference of the relations), unsupervised
(only input is provided and the system recognizes patterns), and reinforcement learning
(trial and error based method), all of which adapt values of free parameters according to
the training (Gao 2009; Mathavan et al. 2013; Lu et al. 2002).

Within supervised learning, there are two more sub-divisions: parametric and non-
parametric learning. Parametric learning uses pre-defined knowledge on the data, like
probability distributions, where non-parametric has classifiers that do not have the
conditional probability distributions. The advantage of using parametric learning is that it
requires less training data, but non-parametric does not make assumptions or need
information on the distribution of the data. Oliveria and Correia performed supervised
learning with both classification strategies for crack detection in pavements, three
methods were parametric — based on bivariate class-conditional normal density — and
three non-parametric. The best system was found to be one using a quadratic boundary
with parametric learning and classification with a precision of 92.5% and true detection
of 97% (Oliveira and Correia 2008).

The application to crack detection done by Mathavan et al. used unsupervised learning
to remove human subjectivity from the training of the computer to identify cracks. By

allowing the computer to distinguish crack regions from non-crack regions after a series
of training images, the texture analysis software was able to reach a detection precision
of 77% and true detection of 73% for highly textured pavements (Mathavan et al. 2013).

In a research project sponsored by FDOT, ANNs were trained using manual ratings of
transverse cracks to estimate crack depth. In addition to pavement related parameters
(type, age, material, functional class, and traffic) and the transverse cracking
information, data on geometry of the cracks from laser sensors (installed on a manually
operated push-car) were used to identify and estimate the depth of cracks at walking
speed. Through supervised training and testing, the developed system found field
cracks with detection rates above 90% and accurately measured crack depths with
errors as low as 0.5% compared to field measured data (Lu et al. 2002).

1.3.5 Currently Available Software

Mirroring the large amount of research efforts, the industry has produced many different
systems aiming to automate pavement distress collection and analysis. In the following
sections, ten systems were reviewed for general reported function and performance (in
alphabetical order). Due to the proprietary nature of the majority of available software,
the details of the crack detection algorithms are not published in the literature.
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Automated Distress Analyzer (ADA) — Kelvin Wang, University of Arkansas

Working with the Digital Highway Data Vehicle (DHDV) and the line-scan images, the
ADA detects and calculates the lengths and widths of longitudinal, transverse, block and
alligator cracking in real-time up to 40 mph as claimed by the developer (Wang and
Gong 2007). Another function of the software is to analyze pavement distresses such as
rutting and roughness (Gunaratne et al. 2008). The software takes advantage of
multiple on-board computers with multiple CPUs each to employ a real-time database
and run a parallel computing code to allegedly achieve real-time identification of
pavement cracking.

CrackScope - International Cybernetics

CrackScope can operate both offline and online (real-time with a vehicle operating at
highway speed), operating with a crack-seed method to determine punch-outs, spalled,
transverse, longitudinal, alligator and block cracking (International Cybernetics 2015).
The CrackScope system uses a line-scan camera and laser illumination (Shah et al.
2010).

LcmsRoadlnspect - Pavemetrics

The LcmsRoadlnspect software combines 2D and 3D data collected at speeds up to 62
mph, to detect and analyze cracks, and other distresses such as rutting, patches,
potholes, and ravelling (Pavemetrics Inc. 2015). Basically, the LcmsRoadlnspect
application is built using the LCMS Data Processing Library (DLL library of C/C++
functions). Pavemetrics also supply an acquisition software called
LcmsAcquisitionControl.

PAVUE — Ramboll

This system uses area or line scan cameras with strobe lights that can capture pictures
up to 55 mph, where the PAVUE analysis parameters must be manually selected to
extract crack data (Kim 2008). The system uses transformations to produce crack
boundaries, where features are then extracted for the user (Timm and McQueen 2004).
After the overlay type and macro texture settings are defined for each pavement
section, the automated analysis can be run (Aijo, 2005).

PicCrack — Hosin (David) Lee, University of lowa

PicCrack’s main image analysis methods are edge detection, binarizarion (image
binarization converts an image of up to 256 gray levels to a black and white image,
where a threshold value is chosen to classify all pixels with values above this threshold
as white and all other pixels as black), morphology (shape analysis), and the use of a
Hough Transform. All of the crack detection and analysis is completed offline (Cheng
and Glazier, 2007). By using an ANN, PicCrack is an adaptive machine learning system
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that has been reported to have a crack detection accuracy of about 95% (Lee et al.
2004).

RoadCrack - ARRB

Developed by the Australian Commonwealth Scientific and Industrial Research
Organization (CSIRO) and the Australian Road Research Board (ARRB), the
RoadCrack system uses line-scan cameras, lasers, and a seed-based approach to
detect road cracks as small as 1 mm wide (Mathavan et al. 2013). The system can
operate at night at speeds up to 65 mph with real-time crack detection and
classification, allowing a report on type, severity and extent of cracks to be generated
(Kim 2008).

UniANALYZE - Adhara Systems

Using a seed-based method, uniANALYZE allows both manual and automatic crack
identification and measurement (Adhara Systems n.d.). This system first completes
image segmentation by dividing the pavement into grids; the image is then filtered for
noise and run under a white line detection filter to reduce white line errors. After these
three steps, a crack detection analysis is run to distinguish crack cells from non-crack
cells (Aijo, 2005).

VCrack — Texas DOT

Using a line-scan camera and LED linear lighting, the image analysis software VCrack
classifies punch-outs, longitudinal, transverse, block, alligator and spalled cracks
through a seed-based method. The system can record images up to 70 mph, and
generate real-time crack maps for speeds less than 45 mph (Gunaratne et al. 2008).
Using a grid-cell analysis technique, VCrack produced a repeatability score consistently
over 0.95 — calculated as a correlation coefficient for the analysis of multiple runs on the
same pavement section (Huang and Xu 2006).

WiseCrax — Fugro Roadware

Out of the 30 highway agencies surveyed in a 2004 study (McGhee 2004), 8 reported
using the WiseCrax software for an interactive crack detection process. Using data from
area or line scan cameras, strobe lighting and/or infrared lighting from an Automatic
Road Analyzer (ARAN) system, WiseCrax can detect cracks as small as 1 mm wide
through an offline system (Gunaratne et al. 2008). The system can operate either
manually or automatically, working to identify cracks by first establishing the start and
end points, with user-customizable crack criteria for classification (Timm and McQueen
2004).
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An initial step involves selection of representative pavement images for each project.
The program uses these representative images to identify an optimum set of detection
parameters according to pavement type, texture, pixel by pixel grayscale variation as
related to crack contrast and brightness. Following this initial step, WiseCrax can be
used in an interactive or fully automated mode. Typically, users run the software in
automated mode and then use the interactive mode for modifying the results.

1.3.6 Challenges and Future Development

Challenges

Most systems have focused on asphalt concrete surfaced roads, presumably because it
is significantly more prevalent than any other pavement type. As a result, less
experience with Portland Cement Concrete (PCC) surface roads is documented. There
are several unique features of PCC that present challenges in the process of automated
crack detection.

Tine texturing of PCC pavements (commonly applied during construction to provide for
skid resistance) typically masks cracking in PCC pavements. While texturing follows a
definite pattern, it is not uncommon for some finer (narrower) cracks to be hidden (or
lost) in the tine pattern.

Similarly, jointed concrete pavements (JCP) have ‘constructed cracks’ (joints) built into
them. While joints look (and act) like cracks, they are typically handled quite differently
in pavement evaluation. Joint detection is required to establish where slabs begin and
end, so that distresses associated with a slab can be quantified. However, great care is
required to not include joints as cracks or vice versa. Several options are available to
use pavement profile data to detect JCP joints.

Typically, the width of cracks in PCC pavements can also tend to be much narrower.
While most systems today claim to detect crack widths down to 1mm, the crack widths
of PCC truly challenge this claim. Many of the materials related distresses such a
durability cracking and alkali silicate reactions cause very fine cracking with little or no
measurable depth.

For asphalt concrete surfaced roads, this has not yet been considered as a significant
concern, perhaps because there is enough other distress to focus on. For PCC surfaced
roads however, any working cracking is a concern (perhaps because of the efforts taken
to avoid or eliminate cracking or the expense to repair). Considering that some PCC
pavements are reinforced to reduce the potential for cracking (or at least hold the cracks
tightly together, if they do occur), this combination makes the detection of cracking more
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challenging in JRCP and CRCP. However, the vast majority of concrete pavements in
Florida are jointed plain concrete pavements (JPCP).

Finally, just the difference in color of PCC surfaced roads tends to create some unique
challenges for pavement evaluation. Light tends to reflect differently off of the lighter
PCC surfaced road. While this can be adjusted for, a system needs to be able to
recognize such differences in pavement surface type and make the necessary
adjustments accordingly.

Regarding flexible pavement distress identification, one of the challenges is detection of
cracks in heavily weathered and raveled pavement sections, where the deep surface
texture results in patterns that are perceived as cracks by the automated algorithms.
These misleading features are often called “phantom” cracks, and this issue is also
prevalent during manual distress surveys.

Another challenge on asphalt concrete pavements is the automated identification of
patching areas. Several solutions have been proposed in the past, but a robust
methodology is yet to be created. The most promising technique in this regard has been
the application of the texture information provided by 3D images.

Regardless of pavement surface type, there are a couple of other significant challenges
that remain. One of these is establishing a true reference on which the capabilities of
crack detection system can be judged. Precision and bias for detection systems are not
readily available because of the lack of agreement on a true reference. As a result, it is
difficult (if not impossible) to establish what systems work ‘better’ and/or how much so.
This challenge has significantly stymied the advancement of the evolution of automated
pavement evaluation.

The other significant challenge (as previously noted in the discussion on hardware) is
depth perception. Cracks that have been sealed (or filled) are treated differently in
evaluation systems. This distinction is in part, because the actual width of such cracks is
masked, but it is also important to record the number and length of cracks that have
already been addressed.

Future Development

Significant effort is under way nationally to address the issue of depth perception. With
the advent of 3D systems, this concern is expected to be significantly diminished in the
near future.
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Efforts are underway to establish reference standards on which comparison can be
made (AASHTO 2014b; UK Roads Board, 2009), but until a more universally accepted
‘ground truth’ is established, future development will continue to be challenging.

To address some of the challenges described above, multiple research studies have
applied the learning capabilities of machine vision systems to simulate the manual
ratings of the collected images by human raters. These machine learning techniques
need to be further investigated to evaluate their reliability before being employed in
practice.

1.4 Implementation of Automated Crack Detection

This section of the literature review focuses on initiatives to implement an automated
distress data collection. The discussed topics include the major previous
implementation efforts, the success metrics used to evaluate the effectiveness,
efficiency, and reliability of automated distress identification techniques, and finally the
considerations required for integration of automated distress surveys into practice.

1.4.1 Previous Implementations of Automated Distress Collection

In semi-automated condition evaluations, professional raters process pavement images
to identify and calculate various pavement distress quantities and severity levels. Using
a point and trace manual method, the type, extent, and severity of pavement surface
distresses are examined one image at a time by a rater at an office work station. This
approach is very time consuming especially for long projects and network level
evaluation. Currently, most State Highway Agencies (SHA) are using this semi-
automated approach (Pierce et al. 2013). Similar to manual distress surveys, semi-
automated distress evaluations involve significant human intervention.

The fully automated distress evaluations are conducted using image processing and
pattern recognition software for distress identification and quantification. Along with
guality assurance testing of the software, professional raters are used to perform quality
control of the software distress ratings.

A range of national, international, and state specific standards have been created to
facilitate automation, such as the AASHTO provisional protocol (PP) number 67
(AASHTO 2014b) and United Kingdom’s Surface Condition Assessment of the National
Network of Roads (SCANNER) specifications (UK Roads Board, 2009), but such
standards are still in various stages of adoption. In the AASHTO PP 67-14 standard, the
pavement surface area is divided into five zones across the lane width: two outer edge
zones, two wheel-path zones, and one center zone (Figure 13). A similar approach was
adopted by the SCANNER specifications, with slightly different widths for each zone
(UK Roads Board, 2009).
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Unlike the manual (and semi-automated) distress identification procedures, distresses
are not identified according to the crack generation mechanism, but according to the
geometric characteristics. For example, in lieu of identifying fatigue (or alligator)
cracking, the amount and severity of “pattern” cracking is measured within each of the
five identified zones. Also, instead of discrete severity levels, continuous average crack
width is recorded to account for the intensity of surface distresses (McGhee 2004).

In NCHRP Synthesis Report 334 on automated pavement distress collection
techniques, the researchers published the results of surveying 43 State Highway
Agencies (SHA) and 10 Canadian provinces or territories (McGhee 2004). The results
indicated that 30 of the surveyed agencies were collecting pavement forward, lateral, or
downward images through automated means at highway speeds. However, only 14 of
those agencies were using an automated procedure to identify and summarize
pavement distress data from the collected images. The other agencies used semi-
automated procedures, where distress data were manually obtained and reduced from
the collected images. Of the 30 agencies collecting pavement imagery, only four used
the AASHTO provisional protocols (AASHTO 2014a; AASHTO 2014b), five used a
portion of the Long-Term Pavement Performance (LTPP) Distress Identification Manual
(DIM) (Miller and Bellinger 2014) and the other 21 used an in-house distress
identification protocol.
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Figure 13. Typical pavement cross section and the identified zones for automated distress
identification (AASHTO 2014b)

Studies conducted in 2004 and updated in 2008 show that among the 50 states, Puerto
Rico, 11 Canadian provinces and the Eastern Federal lands, 44 out of 65 (68%) use
automated pavement data collection (Pierce et al. 2013). A summary of the findings is
included in Table 6, which demonstrates that most of the highway agencies while
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collecting the pavement imagery are still reluctant to use a fully automated approach. A
large range of methods are currently used, and many advances have been made over
the years (Attoh-Okine and Adarkwa 2013). Unlike the advanced data collection
technology available in the pavement industry, pattern recognition software are
perceived to be in need of further enhancements to accurately detect and classify the
various types of pavement surface distress (although, without a true reference, it is not
possible to accurately establish the true effectiveness of such systems).

Table 6. Summary of pavement condition data collection methods (Pierce et al. 2013)

Number of Agencies
Process Method Agencies Vendors Total
(Percentage)
Collection Automated 23 21 44 (68%)
Manual 19 2 21 (32%)
Processing FuIIy_—Automated 7 7 14 (32%)
Semi-automated 16 14 30 (68%)

The data and images collected today provide an opportunity for reprocessing in future
years when crack detection software are more capable and faster with the future
increased computing powers. This means that collecting the data today may have
additional long-term analysis potential. The same is true for monitoring the potential
deterioration of other roadside assets such as signs and guiderails. More effort should
be made today in developing calibration and quality standards for image collection
equipment and for the captured images.

Use of Semi-Automated Distress Surveys

Many SHAs in the US use a semi-automated approach (Table 6). This approach
involves digital image collection and some level of manual post-processing and distress
identification by professional raters.

Pennsylvania Department of Transportation (PennDOT) had implemented a semi-
automated pavement distress condition surveying program based on pavement video-
logging. Additionally, the automated data collection provides pavement roughness data,
geometric information, and other features that are uploaded and stored in PennDOT
Roadway Management System. Data collection for PennDOT is conducted with a
vehicle equipped with ROW camera, area scan pavement images and other condition
sensors (Pennsylvania DOT 2015a; Pennsylvania DOT 2015b). PennDOT pavement
condition data and images are collected by contracted service providers. Then, images
are analyzed through data reduction and each section of highway is rated. Distress
severity and extent data is derived, through a combination of automated distress
programs and a manual visual rating of the pavement images (Pennsylvania DOT
2015a).
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Virginia Department of Transportation (VDOT) and North Carolina Department of
Transportation (NCDOT) have adopted a similar semi-automated approach, evaluating
pavement distress using digital images. The data collected is interpreted and processed
with some level of human intervention. Pavement distress data is used to determine
pavement condition index (PCI) values which in turn are used to estimate the required
pavement maintenance and rehabilitation treatments. When the automated pavement
distress identification is utilized, DOT requests the contracted service providers to
conduct a manual visual review of the collected images on all pavement sections prior
to submitting results (Virginia DOT 2012; North Carolina DOT 2011). This is different
than the manual review of a sample for quality control or independent verification
purposes.

Oklahoma Department of Transportation (OK DOT) also uses contractors to collect the
pavement condition images and manually measure and record the pavement distresses
according to ODOT protocols (Oklahoma DOT 2005).

Use of Fully-Automated Distress Evaluations

There are several States that are actively moving towards using a fully automated
approach. However, a rigorous quality control, acceptance testing, and independent
verification is typically required. While most agencies explore the concept of full
automation, many fall back to some level of human intervention out of lack of
confidence in the results being obtained. Many of the agencies that use the fully-
automated approach perform the data collection with in-house staff and equipment.

Vermont DOT uses a fully automated approach to identify the location and type of all
distresses in their network since 2001. The cracking information is primarily divided into
longitudinal, transverse, and alligator cracking. They do some manual adjustment of the
results only to identify which of the cracks found have been sealed (Papagiannakis et al.
2009).

Maryland SHA uses a fully automated approach to crack detection with a sampling QC
to better understand the limitations and results. As a standard part of the Maryland data
collection procedure, Fugro’s Wisecrax software is used to measure the length of
cracking in any given portion of the pavement (Groeger et al. 2003a). The results of this
analysis are a modified version of the AASHTO PP 67-14 results, including distribution
of cracking length by road zone and by severity (AASHTO 2014b).

In addition to the fully automated approach, Maryland SHA staff members conduct a
manual review and adjustment of a small sample of the pavement imagery to determine
the impact of manual review and adjustment (Groeger et al. 2003b). Then adjustment
factors are created based on the difference between the fully automated approach and
the samples in which adjustments have been made. These adjustment factors are
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applied to the fully automated data on pavement sections that have similar conditions to
the reviewed sample sections.

Research Studies

Automated Distress identification has been investigated by a range of academic and
research organizations over time to get a better objective rating of pavement distress.

Oregon Department of Transportation (ODOT) completed a research study in
automated data collection equipment for monitoring highway condition (Mullis et al.
2005). Some of the research objectives were the evaluation of accuracy of Oregon’s
current pavement condition data collection, the accuracy and consistency of available
ADC technology, and the potential to combine data collection efforts using automated
technology. The ADC equipment were provided by four vendors: Fugro-BRE,
Infrastructure Management Services (IMS), Roadware, and Pathway Services. The
vendors were required to provide pavement distress data according to ODOT protocol
and using the video log images that they collected using their ADC systems.

Eight test sections (6 AC and 2 CRCP) were selected, having in total 187 segments of
0.1 mile each. These sections were selected to cover a range of pavement types and a
variety of pavement conditions. Two sections were rated twice by each rater to test
repeatability. Each test section was rated by three ODOT rating crews and by four ADC
system vendors. A walking survey and rating was done by experienced Oregon
pavement personnel to establish a baseline (ground truth) to which ODOT rating crews
and vendor’s equipment could be compared. They found that the ADC and manual
distress were significantly correlated with the ground truth for raveling and rutting,
although the ADC systems did not do as well as the rating crews, based on the
evaluations of this study. The raw data analysis shows that rating crews did better at
identifying the patches on AC pavement and punchouts in CRCP and the ADC systems
tended to report larger totals of transverse and longitudinal cracking quantities than the
ground truth showed.

A study conducted for the Texas DOT (Serigos et al. 2015) compared a range of
methods including semi-automated and fully automated distress to a detailed manual
survey. The initial assessment showed that the fully automated data showed a large
variability around the manually established “ground truth”. Also, this study showed that
the accuracy improved after applying manual post-processing (visual interpretation and
correction of the results produced by the vendors algorithms), and the number of false
positives was reduced for most cracking types. However, the amount of reported false
positives was larger for several combinations of service providers and crack types, even
after the significant improvement achieved by the manual intervention. Based on
insignificant correlations found between collected surface macro-texture data and
distress measurement errors for all the vendors, they concluded that the cracking
measurement accuracy of the service providers was not affected by surface texture.
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This was because all service providers used 3D systems that are less prone to
challenges faced by 2D systems in identifying cracks on rough textures.

In a 2002 study, Groeger et al. compared two automated crack detection algorithms
based on cumulative length of longitudinal and transverse cracking on a network of
approximately 2000 data points (Groeger et al. 2003a). Three experienced evaluators
classified the test section based on a five-level condition scale (very good to very poor)
and established the reference values. That study found that 94 percent of the time, both
examined automated procedures had matched the reference condition rating by one
deviation in reported condition level. For example, if the reference overall condition was
reported poor, the automated procedure had reported the overall condition to be very
poor.

The Ontario Ministry of Transportation conducted a comparison study between their in-
house manual distress survey results and automated and semi-automated distress
surveys provided by three service providers (Tighe et al. 2008). This study used the
summary quantity of the overall pavement condition called distress manifestation index
(DMI). The study concluded that automated results were generally comparable with
manual surveys. However, the authors emphasized that some of the distresses were
difficult to identify through the automated approaches and supplemental manual surveys
were suggested specifically for project-level analyses. The authors did not mention the
performance of the automated and semi-automated surveys with regards to individual
distresses, but the paper (Tighe et al. 2008) hints that the disintegration type of distress
(e.g. ravelling, stripping, or spalling) were more difficult to identify as opposed to
cracking and rutting distresses.

To develop an automated crack classification methodology, Tsai et al. (2014) proposed
a multi-scale crack fundamental element (CFE) model, which provides crack topological
properties at three different scales (Tsai et al. 2014):

1) Fundamental crack properties, which describe the physical properties of each
crack including length, width, depth, etc.

2) Aggregated crack properties, which focus more on patterns within the CFE and
represent the interaction of cracks with one another, such as intersections,
polygons, crack density, etc.

3) Clustered CFE geometrical properties, which describe the overall properties of
each CFE including element center, orientation, length, and width.
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This concept is illustrated in Figure 14 (Tsai and Wang 2014), which shows crack
properties at three scales defined in the CFE model.
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Figure 14. The multi-scale crack fundamental element concept (Tsai and Wang 2014)

To handle the diversity among different distress identification protocols used by various
highway agencies, the authors used this model to standardize crack performance
measures for different transportation agencies. The authors argue that experienced
pavement engineers tend to first identify a group of cracks to be clustered together as
one element (CFE), and then look at the pattern inside that element, and finally
measure the length and width of individual cracks (Tsai et al. 2014). The model input is
the automatically detected crack map, which can be delivered through either 2D or 3D
systems. This research study, which was sponsored by the US DOT RITA program
reported promising results in terms of precision and recall (the ratio of correctly
classified cases to total actual cases).

In an effort to create an overall pavement condition index based on the AASHTO
provisional protocol 67 (AASHTO 2014b) for flexible pavements, Wang et al. (2015)
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proposed application of the analytical hierarchy process (AHP) concept to a hierarchical
framework as demonstrated in Figure 15. The severity and intensity of each crack type
are calculated using the Fuzzy set theory based on the average width and the total
length of each crack, respectively. The classic pairwise comparison method developed
in the AHP concept is employed to determine the weighing factors required for the linear
combination of the various cracks in each zone and the multiple zones for each
pavement section (Wang et al. 2015).
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Figure 15. Framework of the proposed overall crack evaluation index (Wang, et al., 2015)

1.4.2 Success Metrics

The three principal success metrics of any process are effectiveness, efficiency, and
reliability. With respect to automated condition evaluations, these three metrics could be
considered for two aspects of the process, first for the detection and classification of
individual surface defects (cracks), and second for the overall evaluation and
guantification of the pavement condition in a distinct section.

In the context of automated distress identification, effectiveness can be expressed in
terms of accuracy of the crack detection software when compared to a reference
baseline. Accuracy is a qualitative term referring to whether there is agreement between
a measurement made on an object and its true (target or reference) value. Bias is a
guantitative term describing the difference (or error) between the average of
measurements made on the same object and its true value.

Reliability of automated distress surveys is often expressed in terms of precision.
Precision is also a qualitative term describing the degree of repeatability of a
measurement value. Variance and standard deviation of error are quantitative estimates
of precision. Accuracy and precision (or the corresponding quantitative estimates: bias
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and variance) ultimately define how effective and reliable a system is as described in
greater detail below.

Verification of Identified Cracking: “Ground Truth”, False Positives, and Missed Cracks

Multiple research efforts in the past have introduced various methods to establish
reference values or “ground truth” for pavement surface defects by using the “most
appropriate” methodology available (Flintsch and McGhee 2009). The major types of
reference values include:

1. Manual distress identification: In this method, professional (trained and
experienced) distress raters are used to identify the surface distresses on a set
of pavement sections that are deemed representative of conditions across a
network.

2. Semi-automated detection: This method is similar to the manual method, but the
professional raters use the images collected by monitoring vehicle to identify the
distresses.

3. Atrtificially fabricated distress: In this method, cracks are designed and fissured
into steel plates or cut into an existing asphalt surface, so the precise dimensions
of the defects are known. This method is mostly used to resolve image distortion
issues caused by the camera lens or the image sensor.

Each method has its own advantages and limitations. The manual method simulates the
actual distress identification process that has been in use by many SHA for a long
period; however, there is a low degree of agreement among different professional raters
which renders the “ground truth” as a highly variable measure.

The LTPP program conducts annual accreditation workshops for the LTPP certified
distress raters, during which the identification methods of various pavement distresses
are clarified, maximum harmonization among different raters is sought, and the
potentially required modifications to the LTPP Distress Identification Manual (Miller and
Bellinger 2014) are identified. In a 1999 study (Rada, et al., 1999), the variability of the
LTPP manual distress ratings was investigated based on 9 different workshops,
including 119 ratings on 18 test sections (9 AC and 9 PCC), by 6 to 16 individual raters
per workshop. The manual rating of the same test sections through a consensus
between the instructors immediately before each workshop were used as reference
values, to determine the individual rater variability in terms of accuracy and precision.
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For AC pavements, Table 7 shows accuracy as the bias between the reference values
and the corresponding group means, and precision as the standard deviation among
various raters interpolated across various workshops. To overcome the often very small
guantities of some distresses, the coefficient of variation (COV), in percentages, was
estimated by plotting the standard deviation versus mean for each distress type/severity
level combination and fitting the best line through these data. The slope of the best-fit
line (in percentages) forced through zero is a measure of the ratio of standard deviation
to mean and was taken as the COV.

It was found that combining distresses of a particular type across all severity levels
resulted in significantly lower bias and precision values for the total sums than for
individual severity levels. As indicated in Table 7, there was a better agreement among
different raters in terms of the total length of transverse cracks (COV of 9% or 91%
agreement) as opposed to the total length of longitudinal wheel path cracking (67%
agreement), or the total area of fatigue cracking (62% agreement) on AC pavements.

Table 7. Accuracy and precision for LTPP manual ratings of AC pavements (Rada, et al., 1999)

Distress | Pooled Group Statistics
Distress Type Unit Severity | Reference | Mean Std. cov Bias
Dev. (%)
S All
Fatigue Cracking d. Levels 14.2 16.5 6.2 38 2.3
meters
(Total)
Longitudinal Al
: meters | Levels 18.4 18.3 6.0 33 -0.2
Cracking WP
(Total)
Longitudinal Al
: meters | Levels 75.0 70.7 14.7 21 -4.3
Cracking NWP
(Total)
All
Transverse Cracking | number | Levels 26.4 247 | 3.2 13 -1.7
(Total)
All
Transverse Cracking | meters | Levels 44.3 446 |4.2 9 0.3
(Total)

Table 8 shows similar values for PCC pavements. There seems to be much less
agreement among the raters in terms of the total length of spalling of longitudinal and
transverse joints (32% and 29% agreement, respectively), compared to the total length
of longitudinal and transverse cracks (78% and 92% agreement, respectively) on PCC
pavements.
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Table 8. Accuracy and precision for LTPP manual ratings of PCC pavements (Rada, et al., 1999)

. Group Statistics
Distress Type Unit Dlstre_ss Pooled
Severity | Reference | pjoan | Std- Ccov Bias
Dev. (%)
All
Corner Breaks number | Levels 3.9 3.7 0.5 14 -0.2
(Total)
Longitudinal Al
Crackin meters | Levels 7.5 7.0 1.6 22 -0.5
9 (Total)
All
Transverse Cracking | number | Levels 9.4 9.6 1.4 15 0.2
(Total)
All
Transverse Cracking | meters | Levels 24.8 250 |21 8 0.2
(Total)
Spalling of Lon Al
paliing 9 meters | Levels | 6.6 72 |49 68 0.5
Joints
(Total)
Spalling of Trans Al
pa’ing " | number | Levels | 3.7 34 |09 25 -0.3
Joints
(Total)
Spalling of Trans Al
. ' meters | Levels 1.7 2.0 14 71 0.3
Joints
(Total)

Between Table 7 and Table 8, the only distress values that can be compared include
longitudinal cracking (m, combining WP and NWP for AC), transverse cracking (m), and
transverse cracking (number). By normalizing these results (bias divided by Pooled
Reference or the mean x 100%) one finds that there is a greater relative bias between
the average group ratings and the reference ratings of various AC pavements compared
to PCC pavements for only one distress type (transverse cracking, number).
Furthermore, the relative bias is in the same order of magnitude for both pavement
types (i.e. single digit). While there seems to be more disagreement among various
raters on PCC pavement distresses, the average of the rater distress values seems to
be closer to the reference values on PCC pavements compared to AC pavements. On
both pavement types, there is a tendency for the agreement among raters to increase
(coefficient of variation to decrease) with an increase in the magnitude of the amount of
distress present. The authors reported similar results in a later study on the LTPP
distress variability (Rada et al. 2007).

The semi-automated option might be superior to the manual method for establishing
“ground truth,” because the collected images are available for multiple raters to view in
an office environment with less distraction from field traffic. However, some of the low
severity cracks that are at initial stages of development might not be visible from the
collected images. Increasing the number of raters could result in a more reliable ground
truth.
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The artificially fabricated distress while precise is not always representative of pavement
surface defects and the variability observed in the field. However, such fabricated
boards have been frequently used as calibration targets to address dimensional
systematic errors, dynamic range, and signal to noise ratio issues in the collected
images.

Accuracy of the measured distress against the established reference values (“ground
truth”) is evaluated to identify the systematic and random errors. The systematic error or
bias could be addressed by calibration, but the random errors need to be addressed by
increasing the reliability of the crack detection algorithm through various control
parameters within the algorithm. Regarding the effect of error type in network-level
pavement management decisions, Saliminejad and Gharaibeh (2013) suggested that
systematic errors in pavement condition data have a higher impact on the PMS outputs
than random errors (Saliminejad and Gharaibeh 2013).

False positives are cracks that have been reported by the automated crack detection
software, while no crack has been recorded in the “ground truth” at the same location.
On the other hand, missed cracks are existing cracks that have been reported in the
“ground truth”, but are not detected by the software (i.e. false negatives). As with the
manual rating conducted in the field, the reference values on the computer may also
have a range of agreement from professional raters in terms of how to measure crack
width, severity, and in some cases crack extent.

Studies have been conducted to evaluate the performance of automated crack
detection algorithms in terms of detecting individual cracks (Wang et al. 2011). Wang
assumed a “precision” indicator to be calculated as the ratio of the correctly detected
cracks (true positives) to the total detected cracks (true positives and false positives).
He also defined a recall parameter to be calculated as the ratio of the correctly detected
cracks to the total actual cracks existing on the pavement surface (true positives and
false negatives). As indicated in Figure 16, these two parameters have an inverse
relationship for each algorithm. An algorithm with properties closer to the upper right
corner (high “precision” and recall values) should be selected. It should be noted that
this “precision” parameter is different than the statistical precision of the overall
automated crack detection surveys, which is calculated as the standard deviation or the
coefficient of variation of the error in estimating each distress type along each pavement
section.
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Figure 16. “Precision” and recall curve for different crack detection algorithms (Wang et al. 2011)

Tsai and Wang (2014) used a linear-buffered Hausdorff scoring method to quantitatively
evaluate the crack segmentation performance by comparing each of the detected
cracks with the manually established ground truth (Tsai and Wang 2014). Incorporating
mean squared error and a modified Hausdorff distance metric, this method compares
the binary crack maps produced by the automated software and the manually digitized
ground truth. The buffered distance can be interpreted as the average Euclidean
distance between the crack pixels in the ground truth image and the segmented images,
which represents the accuracy of the software in detecting the same cracks as the
ground truth reference crack maps. The authors evaluated their experimental 3D image
processing system on two example test roads in Georgia. The average score of the
automated software was about 86% on the flexible pavement section, and about 65%
on the concrete pavement section (Tsai and Wang 2014).

In a study conducted for Texas DOT (Serigos et al. 2015), the results of automated
surveys with varying levels of human intervention were compared among three different
3D image processing software tools. Two of them used the INO LCMS 3D images and
the third used the PaveVision 3D image collection system. Manual distress surveys of
20 (0.1-mile-long) representative test sections according to the LTPP distress
identification protocol were used as reference values. There were 7 Hot Mix Asphalt
(HMA) pavements, 7 Surface Treatment (ST) sections, 1 Permeable Friction Course
(PFC) surface with negative macro-texture, 2 Jointed Concrete Pavements (JCP), and 3
Continuously Reinforced Concrete Pavements (CRCP). Each test section was divided
into twelve 50-feet segments to conduct the comparison analysis.
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Table 9 demonstrates the number of false positives and missed cracks reported by
each of the three automated survey methods before and after manual post-processing
of the automated crack identification results (Serigos et al. 2015). The values in each
cell indicate the number of segments out of the total 144 (12 sub-sections of 12 test
sections), where false positives or missed cracks were identified. The numbers in
parentheses show percentages of segments with reported issues. The third vendor
(using PaveVision images) did not manually post-process their data, because they
reported confidence in their automated algorithms. It was concluded that generally, the
manual post-processing reduced the number of false positives and missed cracks.
However, Table 9 does not fully support this conclusion.

Table 9. False positives and missed cracks using three different crack detection software before
and after manual human intervention (Serigos et al. 2015)

Distress Vendor False Positives Missed cracks
Before | After Before After
INO LCMS 1 (2236% , | 20(3%) |40 (52%) ?547% )
E";‘ggl‘:iﬁg INO LCMS 2 ?338% || 34(39%) | 36 (47%) (23?2% |
Pave Vision (1124% ) |124%) |36 (47%) (3:57% )
INO LCMS 1 ?714% || 45(41%) | 22 (20%) (337 29%)
(';f;c‘-ﬂitr‘jgi”a' INO LCMS 2 ?735% , |s0E30) |8(%) | 7(6%)
Pave Vision ?;18% ) 64 (58%) | 41 (37%) ?317% )
INO LCMS 1 ?53% ,1LEw) |17 @2%) (1284% )
I::in‘r’]zrse INO LCMS 2 ?677% )| T9E5%) |4(6%) | 3(4%)
Pave Vision (2179% ) |27 |11 4w) (1114% )

Effectiveness of Automated Surveys: Quantification Accuracy

In evaluating the effectiveness of a methodology, efforts are made to identify the bias or
average error between methodologies (the average ratings from manual and automated
distress surveys such as total length of transverse cracks, etc.) and evaluate how to
reduce or minimize the bias. In the practical application of the network-level condition
evaluation data for pavement management systems, it is the aggregate representative
condition of an entire pavement section and not the specific localized defects that
influences corresponding decisions. Most of the highway agencies that use an overall
pavement condition rating (PCR) with a 100 point index (such as PCI) have typically set
an acceptable limit of +5 PCR points on the difference between the automated results
and the independent reference values (Flintsch and McGhee 2009).
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To establish automated data quality management procedures for Indiana DOT (IN
DOT), three quantitative measures were used to evaluate the effectiveness of
automated distress data compared to benchmark manual ratings by experienced IN
DOT staff (Ong, et al., 2010). The first measure was hypothesis testing on the statistical
significance of the difference in PCR values. The second measure was the percentage
cumulative differences between the PCR collected by the two systems over the entire
range of PCR, thereby accounting for the mean-variance dependency of PCR. The third
measure was Cohen’s Kappa statistic for individual distresses, which estimates the
strength of agreement between the automated and reference systems.

For the Texas DOT study (Serigos et al. 2015), the accuracy and precision of each of
the three automated systems before and after human intervention are presented in
Table 10. The average measurement error or bias between the software measured
distress quantity and the reference values are the first number in each cell representing
software accuracy. The second value, shown in parenthesis, is the standard deviation of
the errors, which is an estimate of software precision. The last number is the median of
the errors expressed as a percentage relative to the manual measurement. It was
observed that generally, the manual post-processing improved the accuracy of distress
guantification. However, the precision (as represented by the standard deviation of
error) does not seem to improve with manual intervention.

Table 10. Quantification errors using three different crack detection software before and after
manual human intervention (Serigos et al. 2015)

. Quantification Errors
Distress Vendor Before After
INO LCMS | -11.76 m? (9.34 m?) - ) 2 70
1 80% 0.69 m? (16.49 m?) 7%
Fatigue INO LCMS | -6.56 m? (11.31 m?) - ) 2\ 220
Cracking 5 5606 2.32 m# (10.92 m?) 33%
Pave Vision -13.88 m? (8.62 m?) - -13.88 m? (8.62 m?) -
92% 92%
NOLEMS 109 m (9.86 m) 13% | 4.1 m (11.95 m) 17%
Longitudinal
cracking I2NO LCMS 4.41 m (10.7 m) 57% 151 m(8.51m) 11%
Pave Vision | 7.24 m (23.73 m) 9% 7.24 m (23.73 m) 9%
INO LCMS | -15.54 m (23.75 m) - 0
1 44% -1.24 m (13.08 m) 1%
Transversal | INOLCMS | g 36m (17.41 m) -30% | -3.55 m (13.39 m) -11%
cracking 2
- -12.79 m (15.94 m) - -12.79 m (15.94 m) -
Pave Vision 54% 54%

Timm and Turochy (Timm and Turochy 2014) compared manual and automated data

sets for Alabama DOT. They found large discrepancies and very little correlation

between transverse cracking manually and automatically collected. Also, very poor
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correlation was found between the two methods for wheel path cracking and non-wheel
path cracking. The following table summarizes the Pearson correlation coefficient
between manual and automated distress data calculated for each severity level and for
three data sets.

Table 11. Alabama DOT paired t-test between manual and automated distress data (Timm and
Turochy 2014)

Pearson correlation coefficient

Severity level Transverse Wheel path Non-wheel path
cracking cracking cracking

Low 0.568 0.248 0.241

Medium 0.277 0.258 0.391

High Undefined 0.102 Undefined

Reliability of Automated Surveys: Precision and Repeatability

While systematic errors identified in the bias can be calibrated out, such evaluations
must also address the random errors as well. The average results may be quite
comparable, but individual results can deviate significantly. Efforts must also be made to
control these deviations to produce results which can ultimately be classified as reliable.
The values in parentheses in Table 10 represent an estimate of the precision of the
three software methods used for automated crack detection in the Texas DOT research
study (Serigos et al. 2015).

The ASTM E177 (ASTM 1998) includes a criterion called “difference two standard
deviation (D2S)”, which states that the difference between two laboratories running the
same test on the same material should not exceed D2S more than 1 time out of 20 or
5% of the time (i.e., there is a 95% confidence limit). In that relationship, S is the pooled
standard deviation of all paired test results to be compared. In practice, it is possible to
apply a similar approach to either process control or as an acceptance criterion in
automated pavement condition data collection (McGhee 2004). This repeatability
criterion could be applied to pavement condition indices; as well as to individual
distresses making up the indices.

In a research study conducted by the ARRB Group (Warren et al. 2013) the
repeatability of the RoadCrack crack detection algorithm with LCMS images was
evaluated by conducting multiple runs (trials) on a test section (Figure 17). As noted in
the work published by ARRB, many of the statistics are often simplified to show a higher
level of consistency. Statistics such as number of cracked frames and total length of
cracking are often used to identify the quality of crack detection rather than the severity
and classification of the measured cracks.
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Figure 17. Repeatability trials of simulated real time cracking analysis using the RoadCrack®
algorithm on LCMS images (2.5 mm sampling at 40 mph) (Warren et al. 2013)

Efficiency of Automated Surveys

Ultimately, for such a system to be truly beneficial, it must be able to generate results
that are considered reliable (minimized standard deviations compared to suitable
alternatives), effective (with minimal bias to the suitable reference) and efficient (when
comparing the resources required compared to comparable alternatives)

The surveys typically do not require a large number of staff to process the data, but
rather require additional computing power. As noted by ARRB (Warren et al. 2013), the
crack identification can be completed at rates of 14 mph, plus additional classification
and reporting. This was reported for 2080x2000 pixel images, which result in 0.8 GB of
data per mile. Higher resolution images can reduce the processing speed.

Distress quality control for fully automated distress collection is also an important step in
the process. Sampling of automated crack detection can indicate any potential quality
issues and identify systematic issues. Systematic issues may be identified in different
manners such as adjusting image settings or detection parameters to better address
specific field conditions.
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Benefits to Agency

Successful development and application of crack detection software will result in the
following potential advantages to the data collection and pavement management
initiatives by every roadway authority:

e Increased safety of the data collection staff

e Increased efficiency and productivity of network-level evaluations using real-time
automated crack detection software

e Enhanced objectivity of crack rating (identifying type and severity) using the
automated applications

e Increased accuracy and precision in measuring crack extent, identifying crack
location, and providing summary statistics

e Better pavement management decisions and improved rehabilitations activities

1.4.3 Integration into Practice

Of equal (if not greatest) importance, is the necessity to be able to integrate any such
system into practice. This requires evaluation of what if any impacts such a transition
will have on decisions made utilizing the system. What if any adjustments or
calibrations may be anticipated or required? What training will be required to facilitate
the new system is properly understood, executed and incorporated into the existing
practice? What limitations should be acknowledged (and what steps are recommended
/ proposed to address those limitations)? What is the plan for continuous improvement
to give the new system the greatest opportunity to reach its full potential?

Each of these concerns must be fully explored to identify and address any obstacles
that can be anticipated. This process will identify actions required to provide the
greatest opportunity for successful integration and realization of the benefits expected
from the implementation of an improved system.

Quality Management Procedures

Quiality by definition is “the degree to which a set of inherent characteristics fulffill
requirements” (ISO 2005). According to TRB, quality management is the overarching
system of policies and procedures that govern the performance of quality control and
acceptance activities (TRB 2009). In order, to achieve a consistent level of quality, it is
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necessary to adopt a systematic approach for the quality management practices that
includes methods, techniques, tools and model problem solutions. Quality management
involves the specification of data collection protocols, quality standards, responsibilities
of personnel, quality control, quality acceptance, corrective action and quality
management documentation (Attoh-Okine and Adarkwa 2013).

With respect to automated distress identification software, the level of quality can be
guantified according to the aforementioned success metrics. One purpose of quality
management is to quantify variability in the process and maintain it within the range of
acceptable limits. It should be noted that the quantity being measured by the software is
by itself an indicator of variability in pavement condition along the length of the highway,
and therefore it will inherently exhibit variability. Due to this characteristic of the
measured pavement condition, the determination of acceptable limits is a challenging
task. Quality management procedures include comprehensive and systematic steps for:

1. Quality Control: to ensure that a desired level of quality is obtained for the
developed product or service.

2. Quality Acceptance: to confirm that the quality of the developed product or
service is indeed acceptable for application by the user

3. Quality Assurance: to increase the ability of the development process to fulfill
quality requirements for the product or service being provided

In the transportation infrastructure industry, quality control by the product or service
provider (contractor), and quality acceptance by the roadway authority (user) are the
major areas of focus in quality management of pavement condition data collection
(Flintsch & McGhee, 2009). In addition to the quality control and acceptance practices,
independent validation and verification (IV&V) by a third party are recommended as
external audit in quality management plans. In most pavement condition data collection
projects, where V&YV are used, the main focus has been the quality acceptance.

The quality control of distress data is typically conducted in two steps. Initially pilot runs
are performed, and the data collected is compared with data obtained from manual
surveys to ensure the equipment is functioning. Then during data collection, random
sections are chosen, and data is compared with manual survey to ensure that data is
not exceeding the acceptable variability (Attoh-Okine and Adarkwa 2013). According to
a recent survey, approximately 64% of state and provincial highway agencies have a
form of data collection quality control plan in place (Attoh-Okine and Adarkwa 2013). An
active quality control plan is also a requirement under the proposed rules for MAP-21
(FHWA 2015).
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A minimum sample size needs to be adopted to ensure that the sample is
representative of the observed pavement conditions to evaluate accuracy and precision
of the automated distress surveys. There are a series of statistical techniques that
estimate the required sample size based on the desired accuracy and the degree of risk
(uncertainty). Typically, the sample size is selected by balancing accuracy and cost. In a
study for the National Park Service pavement management system (PMS), Selezneva
et al. (2004) proposed promising statistical sampling approaches for quality acceptance
of automated pavement distress data. The interested reader is referred to that study
(Selezneva et al. 2004) and the Quality Assurance Manual for the Road Inventory
Program at the National Park Service (2003).

A 5 percent sample is common for most of the quality control and acceptance testing.
Out of the service providers surveyed in 2009 (Flintsch and McGhee 2009), 29 percent
reported reviewing 2 to 5 percent of the data, another 29 percent indicated sampling 6
to 10 percent, and the remaining 42 percent of the contractors reported reviewing 10
percent or more as part of their regular quality control practice.

Raman et al. (2004) conducted a statistical analysis on the severity and extent of
transverse cracks reported by various procedures. In the situations where data was
normally distributed, analysis of variance was used. In the cases where data was not
normally distributed, the Kruskar-Wallis nonparametric test was conducted. Following a
comparison of sampled and full-section image data, the authors concluded that a 5%
sampling rate was adequate to evaluate transverse cracks with the desired precision for
network-level evaluations in Kansas (Raman et al. 2004).

Using the provisional AASHTO protocol on data obtained from Arkansas highways,
Wang et al. (2004) compared the results of manual versus automated cracking surveys.
For each comparison section, only 5 percent of the images were investigated. The study
found some differences between the manual and automated procedures but suggested
that these discrepancies might have been the result of low repeatability of the manual
surveys (Wang et al. 2004).

PennDOT distress condition survey quality assurance program entails field testing over
2.5% of the annual survey mileage. The goal is to assure the quality of the service and
product provided by PennDOT’s pavement data collection vendor (Pennsylvania DOT
2015b). Up to 5% of the vendor IRI data is allowed to exceed +25% of their own
independent measurement. They allow up to 10% of the other distresses to exceed
either £20% or +30% depending on the distress type (Timm and Turochy 2014).

Using standard variability control concepts with pavement data collection, Stoffels et al.
(2001) proposed a process to identify acceptable ranges for comparing results from two
independent sources. Based on the difference of two standard deviation (D2S) criteria
applied to laboratory materials testing results (ASTM 1998), the authors established that
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in 95% of the contractor processed data for the Virginia DOT network, the difference in
pavement condition indices from the reference values should not exceed D2S. Average
results from the individual ratings by the production contractor and quality monitoring
(by VDOT staff or an independent contractor) were used to determine the bias (D). The
pooled standard deviation of all ratings (S) was used to determine the acceptable limits
for each pavement condition index.

One of the most important objectives in a quality management plan is to minimize the
variability in the pavement condition measurements. Regarding the automated crack
detection software, this objective translates into increasing the reliability (repeatability)
of distress identification results. In order to accomplish this objective, the following
predominant sources of variability in automated distress identification need to be
considered (McNeil et al. 1991; Flintsch and McGhee 2009):

e Pavement surface condition: the optimum pavement condition for automated
crack detection is a dry surface following rain that has removed all the loose
debris. In conditions other than the optimum, significant variability can exist.

e Image capturing technology:

o Additional collected data: some technologies such as the 3D imaging
provide additional data that can assist in enhancing crack detection and
identification, and thereby reducing variability.

o Image resolution: detection of smaller cracks requires higher resolution
equipment. Lower resolution images result in higher variability in crack
detection.

o Lighting method: optimum illumination is required for the processing
software to provide robust crack identification.

o Color contrast quality: for the crack detection software to successfully
identify cracks, the contrast of color between the crack and the
surrounding pavement area is an important factor.

o Field of view: if the images do not cover the entire lane, some cracks
might be missed.
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e Processing algorithm: the level of sophistication of a crack detection algorithm
dictates how many of the existing cracks will be detected and how many false
positives will emerge.

o Algorithm control parameters: the control parameters adjust the
normalization approach and sensitivity of the software for crack detection
by changing the probability of crack existence. Adjusting the image
normalization can handle larger textures such as tined concrete surfaces
and surface treated roads but may reduce the ability to detect smaller
cracks. By increasing the sensitivity, more of the existing cracks will be
detected by the algorithm, but this will come at the cost of potential false
positives. The optimum control parameters need to be identified for each
algorithm to produce robust results.

e Software operator training: even in fully automated crack detection, there is still
some level of human intervention in determining the algorithm settings and
guality control of the software results. The training and experience of the operator
affects the final report.

In software terminology, validation is referred to the process of checking whether the
specification captures an agency’s needs, while verification is the process of checking
that the software meets the specification. Calibration is necessary in the entire process
of data collection to ensure accuracy, knowing that variations between different devices
and operators can exist (Flintsch and McGhee 2009). Verification tests should be
included in the quality management programs to verify data consistency.

The independent verification of data is usually conducted by a quality assurance
auditor, who checks the databases. The verification includes the completeness of the
data based on a random sample of a percent of the data collected. Virginia Department
of Transportation applies an independent verification and validation of 10% of the data
provided by the contractor. Determined indices are calculated in randomly selected
sections of a lot, then are compared with the contractor’s results. For a lot to be
accepted, the differences in distress indices should be within 10 points (or the value
determined from evaluation of the contract). When the previous criterion is not met the
Contractor is responsible to adjust and/or reprocess the lot (Virginia DOT 2012).

Data Management Considerations

There are many practical considerations that also need to be addressed when dealing
with the volume of data discussed for pavement data collection and related imagery.
Some of the data size information was briefly noted in Section 1.2.9.
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Due to the large amount of data required for collection, there are many challenges faced
by those collecting and processing pavement condition data with automated data
collection. Some of these issues include:

e Backing up of raw field data from collection

e Data and image storage for processing and access to processed data

e Data and image backups during processing of altered data

e Data and image storage of processed data for distribution of results

e Data and image backups of final results.

Due to the cost of collecting pavement condition data in the field and the cost
associated with processing, proper data management and backup is also required.
Potential loss of data can occur due to corrupted hard drives in the field and in the office
as well as potential for the loss of data if shipping of hard drives is required from the
field or to additional processing centers. In some cases, up to 5 copies of the data need
to be maintained during processing to prevent significant loss of data or repeat of
collection or processing effort.

In many cases the raw data is collected at a much higher interval than is required for
reporting. For example, longitudinal profile is often measured at a frequency of 1 in
along the roadway yet reported IRI values are often summarized at intervals of 0.1
miles.

For the case of images, changes are not frequently made to the images themselves.
The most common duplicate of the data encountered is the extraction of still images if
data is recorded as video. In the case of 3D pavement systems, different image views
are often extracted from the 3D file type to ensure they are easily viewed in other tools.

If different normalization or other image adjustments are completed, additional copies of
the images may be maintained for repeatability. Other changes to files such as
geotagging, adding metadata, or stamping location information on the file may also
require additional copies or a backup of the final product.

Data compression, including images, has long been used to try to best use the available
resources. In many cases compression can be completed on some data formats without
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any loss in data quality. Examples of this include the use of data compression with
zipped file formats.

For images, many of the formats available also have lossless compression available.
Additional compression can be accomplished by using adjacent data to closely
approximate data not stored. Image compression can save valuable hard drive space,
but data lost in this compression cannot be later recovered and care must be used.

Image compression and reduced image size (i.e. thumbnails) are often used for the
distribution of the final results. In many of these cases viewing the data visually can be
done with a reduced impact with no noticeable impact on quality, but with considerable
improvements in computer performance through reduced network bandwidth and
reduced file storage or widely accessible servers.

The use of metadata incorporated into the pavement images has gotten increased use
in recent years as a consistent, open sourced method to store additional information
about image contents such as cracking location and levels.

In most cases, the metadata is added to the images as one of the last steps during
processing. This reduces the number of changes to occur on the pavement images and
the number of intermediate backups required during the data processing phase.

1.5 Summary and Recommendations

From this review, it is evident that the field of pavement evaluation has experienced
significant advancements over the past couple of decades, and in fact still appears to be
an area of significant interest for technological advancement. Using the information
identified from this review (and the objectives and constraints of this specific study, as
they are understood) this summary highlights the aspects of automated pavement
evaluation that are believed to be critical to the successful completion of this study as
well as the recommendations for the path forward.

1.5.1 Image Capturing Hardware

This study will be using the 2D system operated by Florida DOT. It is evident that
advancements in 3D technology will likely provide future opportunities for improvement
in the pavement evaluation process. These will be documented when identified to
provide recommendation for future consideration. If there is a need to compare results
from various technologies, a systematic procedure needs to be developed. Since the
data processing software for 2D and 3D systems have different algorithms, each
software-hardware system needs to be benchmarked on a predetermined set of
representative pavement sections. Then, the comparison should be conducted
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according to established reference values on each section. Increases in both data
collection resolution and image quality will also improve the ability to match the
capabilities of human raters and the expectations of the pavement management
process.

1.5.2 Crack Detection

Many different systems and/or techniques are under development and/or being
investigated for improving the state of the art in image analysis and specifically crack
detection. Recognizing this is a rapidly evolving field, every effort will be made to
objectively consider and explore the multitude of methodologies available (within the
resource constraints of this specific study). These investigations will initially focus on the
needs (and challenges) specifically associated with PCC surfaced roads (as noted in
Section 3.6). Where crack detection opportunities are perceived to exist that are beyond
the resources available for this specific initiative, these will be documented and reported
for consideration.

1.5.3 Implementation of Automated Crack Detection Surveys

Only a few highway agencies have implemented a fully automated crack detection
system for network-level data collection. From the existing experience, a sound and
systematic quality management process seems to be the central consideration for a
successful implementation. Such a quality management system requires quantitative
guality investigations and corresponding acceptable (and context-sensitive) thresholds
for quality control, quality acceptance, and independent verification. These components
are determined through an evaluation of the automated technologies in terms of
accuracy, precision or reliability, efficiency, and the benefits to the agency. In addition to
assisting with the selection of an available technology and adoption of a quality
management system, these success metrics also aid in identification of the potential
improvements.

Recognizing the importance of producing results that can be put into practice, all
aspects of these investigations will be performed with consideration for future
implementation. Specifically:

1. Optimizing LRIS image capture and quality.

2. Defining (quantitatively) deviations from current pavement evaluation procedures.

a. Both on a distress specific basis, as well as aggregated statistics.
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b. As well as recommendations for correction (or adjustments) where
warranted or deemed appropriate.

3. ldentification of training needs (for both pavement evaluators as well as those
using the results)

4. Recommendations for quality management procedures.
5. Data management recommendations.

1.5.4 The Value Added by Automated Crack Detection

The development and implementation of an automated crack detection and
guantification software and supporting work processes is key for this project. To truly
(and fairly) investigate the merits of the options investigated throughout this study,

objective assessments of the value added must also be taken into consideration. These

value assessments will be documented throughout the study to aid in both future

planning as well as management and development of the pavement evaluation process

going forward.
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CHAPTER 2 - RIGID PAVEMENT APPLICATION DESIGN

Task 2 was subdivided into three (3) subtasks. Each of these subtasks serves a vital
role in ultimately defining what is needed and why: 1) Validation of the Collected Image
Quiality, 2) Evaluation of Existing Distress Survey Methods, and 3) Gap Analysis and
Design Recommendations.

This chapter is organized in five sections. Following this introduction, Section 2 provides
a report on an investigation conducted by Fugro staff to determine whether the collected
pavement images are of acceptable quality for crack detection and how FDOT can
potentially measure various image quality indicators in future. Section 2.2 explains the
evaluation and comparison study details and includes the findings on evaluation of the
existing distress survey methods. Section 2.3 describes the efforts to determine the
appropriate settings for automated crack detection, classification, and rating. Section
2.4 addresses the gaps between existing automated algorithm and the required
development efforts to address the gaps. This was the foundation for Task 3. Section
2.5 summarizes all the efforts and the resulting recommendations from Task 2.

2.1 Validation of the Collected Image Quality

This section discusses the investigation conducted by Fugro staff to determine whether
the collected pavement images are of acceptable quality for crack detection and how
FDOT can potentially measure various image quality indicators in future. As a result of
this study, Fugro developed a hardware calibration protocol to be used by FDOT staff in
order to ensure long term image quality and consistency. This protocol is included in
Appendix A. A Fugro hardware expert visited FDOT on October 2015 to examine the
multi-purpose survey vehicle (MPSV) system and discuss quality assurance
precautions.

Before evaluation of the available distress survey methodologies, there is a need to
evaluate the pavement images collected with the Laser Road Imaging System (LRIS)
and validate the optimum quality of the images and provide guidelines for routine
validation in the future. To conduct such an evaluation, there is a need for a control site
with established surface features. FDOT has an established imaging target site
containing longitudinal and transverse stripes for evaluation of the image alignment
between the two LRIS cameras, and for any potential optical distortions.

The following factors need to be considered in the image quality validation process, as
they might affect the subsequent crack detection. It should be noted that while all these
considerations can be evaluated, there are limitations with the available hardware
system that might not allow for resolution of all of the identified issues. In addition, a
number of these quality evaluations include subjective judgments by an experienced
engineer or technician in practice. The INO calibration procedure for LRIS is also based
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on human judgment of image quality. Many of the objective quality assessment
methodologies in the image processing literature require a complete reference
(distortion-free) image to calculate the errors against, and such evaluation is not
feasible when dealing with miles and miles of highway pavement images. Surrogate
techniques that are no-reference or reduced-reference methods are also available.

2.1.1 General Image Properties

The typical state of the practice regarding these image properties is a subjective
evaluation by an experienced human interpreter. Unsuitable values for these image
properties could impact crack detection by increasing the potential for missed cracks,
detection of false positives, or erroneous crack width measurements.

Minimum Resolution

Minimum resolution is defined as the level of detail at which you can still see distinct
lines next to each other. Theoretically to be able to see 1 mm wide cracks on a
pavement image that is 4 meters wide, a transversal resolution of about 4,096 pixels is
required. The FDOT LRIS images have about 4,044 pixels, which is deemed as
adequate. It should be noted that this theoretical minimum does not always translate
into practical detection of all cracks that are 1 mm wide or larger. This is because a
variety of other properties including exposure and dynamic range can impact crack
detection.

Appropriate Exposure

The required lighting or illumination needs to increase with higher resolution cameras. In
addition, the wide-angle lenses used for pavement imagery result in darker edges which
need to be either further illuminated or post-processed. Excessive exposure can result
in washed out images that hinder detection of finer cracks. Adequate level of exposure
is a very subjective matter and typically it is evaluated by an experienced
engineer/technician. While executing the INO calibration procedure for LRIS (the
application RoadCrack.exe displayed in the below screen capture), the calibration
software will try to adjust pixel coefficients based on the non-uniformity found in the
reference image, and when the expert is satisfied with the image displayed in the
graphical interface, they press Stop. The images used for calibration should not contain
any defects like large cracks, shoulders, drop-off, marking, etc. They should also be
acquired on a road section that is as uniform as possible. Finally, it is also better to use
images acquired while the vehicle is moving (could be moving slow), this gives a more
representative intensity profile vector (small defects and surface inconsistencies are
averaged).

66



Piranha II Calibration Dialog | = x|

Intensity———————— — Cursor limits

I Calibrate Now I Mire ]29 Max [109 Floor: 42 Ceit |84 Load Coeffs from file ...

Kernel semi-size: |15 Average: ’51 % of points within limits:  0.7172

Percentage completed: %

I ] ] ] ] | | | | | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Figure 18. Calibration dialog box.

Dynamic Range

Dynamic range determines the level of detailed information contained in the image
regarding the full spectrum of color or gray scale. The higher the dynamic range, the
more levels of differences exist in the digital values of image pixels. In the 8-bit dynamic
range of the FDOT LRIS images (which is currently widely used in the industry), there
are 256 levels on the spectrum which translates into 256 shades of gray in a black and
white image. The Laser Crack Measurement System (LCMS) images typically have a
24-bit dynamic range. This indicates that representation of a crack in an image may
include numerous shades of gray affecting its width along its length. Therefore, manual
rating of the images is very subjective and automated crack detection and rating
(severity levels) will depend on how the automated algorithm handles a combination of
image resolution, exposure, and dynamic range to best identify crack width.

White balance
It is recommended that a wide uniform standard 18% gray carpet be used for calibration
of the white balance. The ICC software includes a routine for such calibration.

2.1.2 Image Issues

Following are the issues that could be caused by defective hardware and/or unsuitable
hardware settings. These issues could impact crack detection by increasing the
potential for false positives.
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Streaks

A disadvantage to the LRIS system is that because it creates images line by line any
dirt or dust on the camera lens can create streaks in the image. These streaks result in
black lines appearing in the images and can cause difficulty with automated crack
detection software that uses the light and dark contrast to identify cracks. Based on the
past experience of Fugro staff, this is a characteristic of the LRIS system (see Figure 19
below).

Alignment of the established longitudinal/transverse control lines

There are settings parameter files that control the stitching of the left and right images.
These settings are adjusted according to a visual examination of the images of the
target site. Based on the currently collected LRIS images of the FDOT target site, it
seems that correct settings have been implemented. It is recommended that the images
of the target site be checked at least once every year that the MPSV is in service to
make sure that the diamond stripes in the center of the lane (see Figure 20) are
appropriately displayed in the image.

Figure 19. Example LRIS pavement image (right) showing intensity streaks that cannot be seen
on the ROW image (left)

The precaution that FDOT can adopt is to clean the camera lenses (the exterior
windows on the LRIS units) every morning before data collection and make sure that
camera covers are on while the vehicle is not collecting images. In addition, FDOT staff
should use reference images with a minimum number of defects and/or non-uniformity
for the exposure calibration process.
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When necessary, all windows should be cleaned with a soft fabric using isopropanol or
methanol. Avoid scratches that could damage the optical quality of windows and affect
system performances. The controller and the sensor’s body should be cleaned with a

soft fabric using water only. Appropriate precautions should be taken to make sure that
the isopropanol or methanol is not used over the different labels that are affixed on the

sensors and on the controller. It is recommended to protect the external windows with
covers when the LRIS is not in use.

2.1.3 Image Feature Capturing (optical distortion)

These properties are related to misrepresentation of actual pavement features due to
inherent optical distortions in the camera and the wide-angle lens. These issues could
impact crack detection by increasing the potential for detecting erroneous crack lengths

and widths.
Crack Length in Longitudinal, Transverse, and Diagonal Orientations

FDOT has measured the ground truth horizontal, vertical, and diagonal distances
among physical diamond shaped stripes at the imaging target site (see Figure 20).

Figure 20. Pavement section with optical distortion study points.
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The same distances have been measured on LRIS 2D images and LCMS 3D images.
The results of this exercise (which is according to the previous FDOT research
documented in Report No. BD-544-11, chapter 2) are detailed here. The errors in these
measurements are a good representation of the optical distortions in the images. In
addition, these results could be used for checking the long-term consistency of the
image capturing hardware. It is recommended that this exercise be conducted once
annually to ensure optical distortions are not increasing with time.

The normalized error between field measurements and image measured distances on
the FDOT imaging target site were evaluated in the transverse, longitudinal and
diagonal directions. Figure 21 depicts the target site setup and Table 12 shows the
reference measurement patches that were considered for this evaluation.
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Figure 21. LRIS 2D image of FDOT target site.
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Table 12. Reference points for measurements

TRANSVERSE
ROW Patch RoOw Patch RoOW Patch ROW Patch RoOw Patch Row Patch
Number Number Number Number Number Number
1-2 1-2 1-2 1-2 1-2 1-2
2-3 2-3 2-3 2-3 2-3 2-3
3-4 3-4 3-4 3-4 3-4 R7 3-4
R2 4-5 4-5 4-5 4-5 R6 4-5 4-5
5-6 5-6 5-6 5-6 5-6 5-6
6-7 6-7 6-7 6-7 6-7 6-7
7-8 R3 7-8 R4 7-8 RS 7-8 7-8
8-9 8-9 8-9 8-9 8-9
9-10 9-10 9-10
10-11 10-11 10-11
11-12 11-12 11-12
12 -13 12 -13 12 -13
13-14
14 - 15

LONGITUDINAL |DIAGONAL

Patch Number Patch Number

R1,1-R25 R1,1-R3,9
R2,5- R3,7 R1,1-R33
R3,7-R4,7 R6,7 - R7,4
R4,7-R538 R7,4-R6,6
R5,8 - R6,5 R8,1- R6,3
R6,5 - R7,4 R3,7 - R6,7
R7.4-R8.1

In the transverse direction, all the distances between consecutive diamond stripes have
been measured in each row. For the longitudinal and diagonal directions, a sample of
the distances have been measured in the field. FDOT staff have conducted three
measurements per patch and the average of those measurements was considered as
the field reference measurement to estimate the error in image measurements due to
optical distortions. The image measurements were done on FDOT provided LRIS 2D
images and the Fugro collected LCMS 3D images.

The width of LRIS 2D image and LCMS 3D image are typically 4044 and 4164 pixels,
respectively. This depends on the amount of overlap between the left and right camera
images during stitching. Each pixel has been assumed as 1 mm (which might not
always be true but is the best estimate) and based on this, the error percentage of LRIS
2D and LCMS 3D images have been calculated with respect to field measurements.
The normalized error percentage (normalized to field measurements) was calculated as
follows:
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) image measurement — average field measurement
normalized error (%) = 100 X -
average field measurement

The average, standard deviation, minimum, and maximum percentage of normalized
errors for all the measurement patches in longitudinal, transverse, and diagonal
directions have been summarized in Table 13. Average error percentage in transverse
direction is found to be slightly higher in 3D LCMS image compared to 2D LRIS image.
However, average error percentages in longitudinal and diagonal direction are lower in
3D LCMS image compared to 2D LRIS image.

Table 13. Statistics for normalized error compared to field measurement

Image Normalized Error (%)
Direction Technology Average gtar)dqrd Minimum | Maximum
eviation
2D LRIS 3.12 2.92 -3.38 7.61
Transverse
3D LCMS 3.98 3.15 -3.00 8.95
N 2D LRIS -2.30 0.46 -3.11 -1.90
Longitudinal
3D LCMS -0.46 1.42 -1.81 1.98
. 2D LRIS -0.92 0.81 -1.80 0.05
Diagonal
3D LCMS -0.03 0.74 -0.79 1.27

It should be noted that the overlap resulting from the stitching of the left and right
camera images could affect the distance measurements from the images in the two
patches in the middle of each row. Measurement patches that could be affected by
image stitching have been highlighted in gray in Table 12. Table 14 shows the average
percentage of errors (normalized to field measurements) in the transverse direction only
for the measurements that were entirely on one image and therefore not affected by the
image overlap. The exclusion of the LRIS image edge measurements resulted in lower
average error but higher standard deviation of error. In contrast, the exclusion of LCMS
image edge measurements resulted in higher average error and lower standard
deviation of error.

Table 14. Average and standard deviation of error excluding measurements affected by stitching

Direction Average Error (%) Standard Deviation of Error (%)
irecti

2D LRIS Image | 3D LCMS Image | 2D LRIS Image | 3D LCMS Image
Transverse 2.95 4.92 3.16 2.68

A side-by-side comparison of the measurements (distances between diamond markers)
from the field to the measurements from the images have been shown individually in
Figure 22 for transverse, longitudinal, and diagonal directions.
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Figure 22. Image measurements compared to field measurements in a) transverse, b)
longitudinal, and c) diagonal directions.

The ratio of the field measurements to the 2D LRIS or 3D LCMS image measurements
has been estimated as a correction factor. The transversal correction factors for 2D
LRIS image and 3D LCMS image have been shown in Figure 23 as a function of the
distance from the center of each measurement patch to the center of the image. The
distance has been measured from the center of image to center of consecutive diamond
marker points shown in Figure 21. The correction factor for 3D LCMS image
measurements is lower than that of the 2D LRIS image most of the time, with some
exceptions towards the edge of rows. It is also evident that there is a higher variance in
the correction factors for the 3D LCMS image compared to the 2D LRIS image.

It should be noted that all the field and image measurements were done to the nearest
full millimetre. However, it is not expected that anyone can accurately measure to the
‘center’ of these targets, in the field or off an image by conducting only one
measurement. Therefore, multiple measurements (in this case 3) need to be averaged.

It is evident that the amount of these optical distortion errors and correction factors are
fairly small and variable depending on the location of the measurement within an image.
Therefore, it is not realistic to adjust the detected cracks according to these correction
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factors. The intention is to use these errors as a check for long term consistency of the
errors in image capturing hardware.
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Figure 23. Correction factors for transversal image measurements in a) 2D LRIS and b) 3D LCMS.
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Crack Width in Longitudinal, Transverse, and Diagonal Orientations

Unlike length measurements which are very objective, crack width measurements are
subjective due to the gray areas in the images and subjectivity in visual field
inspections. In addition, the small magnitudes of crack width make it a challenge (if not
impossible) to measure the errors which are in sub millimeters, while the image
resolution is at 1 mm. The smallest crack width threshold of interest for FDOT is 3.18
mm which defines the threshold between low and moderate severity cracking.

Signal-to-Noise Ratio

This is a traditional quantitative measure representing the ratio of the amount of
undistorted features captured in an image (signal) to the distortion errors (noise) in
detecting features, expressed in decibels. Therefore, this measure and similar
measures such as mean squared error (MSE) require a reference “undistorted” image.
An estimate of the signal to noise ratio (SNR) can be approximated as the average
value of the image pixels (0 to 255 for 8-bit images) divided by the standard deviation of
the image intensity values. This approximation eliminates the need for a reference
image, but an image with a high SNR value approximated through this method does not
necessarily remain faithful to the reality.

A target could be synthetically manufactured to serve as the reference undistorted
image. A picture of the target taken by the available camera could be used to evaluate
the SNR of the captured image as compared to the reference. Figure 24 shows two
sample target images used as a reference for evaluating the signal to noise ratio.

D) FUJINON

Figure 24. Sample Target Images used as a Reference for Evaluating Signal to Noise Ratio
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Detailed investigation of SNR values was conducted in a previous FDOT study and it is
documented in Report No. BD-544-11. It is recommended that a similar target image be
used for annual control checks of the SNR values. In Appendix A, an exercise is
recommended to be conducted annually to ensure signal to noise ratio is not increasing
with time.

2.1.4 LRIS Hardware

The integrator company for the FDOT LRIS vehicle is the International Cybernetics
Corporation (ICC) and they are responsible for resolving hardware issues, some of
which could be addressed by routine maintenance. It is necessary that the hardware
and software setup and “calibration” standards recommended by the LRIS equipment
manufacturer (Pavemetrics) and the FDOT equipment integrator (ICC) be followed with
regards to routine maintenance and calibration controls. The overall system
maintenance and recalibration is recommended once a year. This includes checking the
camera installed heights and the vehicle tire pressure to ensure the pavement surface is
within the camera depth of field, where objects are in focus.

From the initial investigation of location referencing information by Fugro staff, there
seems to be a software issue with determination of the location of each image across
the length of the highway. When stitching the images together across the highway
length, there are some gaps and some overlaps between consecutive images. The
calculation of FromDist and ToDist parameters for each image needs to be revisited by
FDOT staff to address this issue. For the purposes of this project, these values were
manipulated by Fugro database experts to make sure the entire length of the images
were visible in the Vision software to facilitate rating of the distresses. Image lengths
were not affected by this manual correction, only the locations of the images were
manipulated to align the edges of subsequent images.

a. Distance measuring accuracy: the distance measuring instrument (DMI)
needs to be inspected and calibrated on a routine basis as recommended
by the manufacturer. A control section distance can be measured with the
DOT reference device and the vehicle DMI measurements of the control
section can be compared to the reference measurement.

b. Latitude-Longitude accuracy: the global positioning system (GPS) devices
need to be inspected and calibrated on a routine basis as recommended
by the manufacturer. The vehicle needs to be parked at specific locations
on the control section for about 15 minutes to establish a stable
measurement. Then the GPS coordinates of those locations should be
surveyed using total station equipment to check the vehicle GPS
measurements. Depending on the number and model of the IMU units in
the vehicle, acceptable errors could be found from the manufacturer
website.
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c. LRIS platform stability: From the visual inspection by Fugro staff, no
issues were found with platform stability. If there are loose connections in
the platform, they need to be addressed as recommended by the
manufacturer.

395m

Figure 25. Schematic of LRIS image collection system (Pavemetrics).

2.1.5 Environmental Effects

The effects of different lighting conditions (overcast, cloudy, or sunny) and vehicle
speeds (25, 35, or 45 mph) have already been studied in a previous FDOT research
project (documented in Report No. BD-544-11, chapter 2). It was found that the LRIS
images are not significantly affected by different vehicle speeds and lighting conditions.

The LRIS user manual indicates that the equipment should not be operated at
temperatures above 40 degrees Celsius (104 degrees Fahrenheit). It is recommended
that protective covers be used when LRIS is not in use to protect against moisture and
dust.

2.1.6 AASHTO Standard R86-18

The following requirements in terms of minimum image quality acceptable for crack
detection have been recommended in the American Association of State Highway and
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Transportation Officials (AASHTO) provisional protocol (PP) number 68, which was later
adopted as AASHTO Standard R86-18 (AASHTO 2018b):

“4.3.1. The images must provide sufficient difference between data point values
representing distressed and non-distressed areas that subsequent distress detection
techniques can delineate a minimum of 33 percent of all cracks under 3 mm (0.12 in.),
60 percent of all cracks present from 3 mm (0.12 in.) and under 5 mm (0.2 in.) wide, and
85 percent of all cracks 5 mm (0.2 in.) wide or wider regardless of orientation or type.
The determination of this capability will be made utilizing a minimum of ten 0.03-km
(100-ft) samples containing an average of at least five such cracks per sample.

4.3.2. The images should be sufficiently void of erroneous differences between data
point values that a section of pavement without distress, discontinuities, or pavement
markings contains less than 3 m (10 ft) total length of detected false cracking in 50 m2
(540 ft?) of pavement. The determination of this capability will be made utilizing a
minimum of ten 0.03-km (100-ft) samples of various types that meet the criteria.”

These image quality descriptions are extremely dependent on the crack detection
algorithms that are used to evaluate whether the mentioned amount of cracks with
specific width could be detected, or whether false positives are avoided. Therefore,
these quality descriptors cannot be considered independent of the crack detection
algorithm that is used by each agency. It is recommended that each agency uses their
corresponding crack detection software to evaluate whether their collected images in
combination with their software meet the requirements of the existing provisional
protocol. Ideally however, the protocol needs to be modified to provide image quality
requirements independent of the type of applied crack detection algorithm.

As detailed in Section 2.2.6, on average, the evaluated crack detection software was
able to detect about 86% of the cracks in all orientations. This result was based on 24
sample images collected from 12 test sections in this study. The sample size satisfies
the size requirements of PP-68. Therefore, it could be stated that if crack width is not
considered, the image quality did satisfy the requirements of PP-68 in terms of crack
detection (or lack of missed cracks). Due to the inherent noise in the images, a pre-
processing step had to be conducted in order to filter out the noise. These filters tend to
increase crack widths and therefore hinder accurate measurement of crack width. That
is why the requirements of PP-68 were not evaluated for each group of crack widths.

With regards to false positives, sample images were evaluated from 12 test sections
that met the requirements for sample size in PP-68. The results (which have been
detailed in Section 2.2.6) indicate that 78% of the automatically detected distresses by
length actually existed on the reference survey. This means that 22% of the detected
distresses by length were false positives. The requirement of PP-68 is to have less than
10 feet of false positives in 540 ft> sample size (45 feet if the lane width is 12 ft), which
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would translate into 22% (10/45). Therefore, it can be stated that the image quality did
satisfy the requirements of PP-68 in terms of false positives.

2.1.7 Further Hardware Gap Analysis

Following the next tasks of this research project and after establishing the appropriate
automated crack detection algorithm and settings, the Fugro team could better identify
potential impacts of LRIS hardware and image quality on crack detection results. If
significant negative impacts are discovered manifested by missed cracks and false
positives (as described in AASHTO PP-68), then potential remedies shall be suggested
accordingly. Chapter 4 describes such additional investigations.

2.2 Evaluation of Existing Distress Survey Methods
The evaluation of the existing distress survey methods was done in the following two

steps:

1. Comparison of the overall cumulative quantities of various distress types found in
the existing manual windshield survey, manual rating of the collected images
(semi-automated survey through Fugro Vision), and a readily available
automated software (Fugro WiseCrax)

2. Verification of the automatically detected distresses against the reference crack
maps generated through a manual evaluation of the collected images (semi-
automated survey)

The following sections will explain the applied distress survey protocol, the
representative pavement test sections used for these evaluations, the manual
windshield surveys, and the performance metrics considered for these evaluations.

2.2.1 Distress Survey Protocol

In evaluating the existing methodologies, we must first examine what specific
information is currently collected and how. Florida DOT’s Rigid Pavement Condition
Survey Handbook (2017) includes the following distress types and severities:

1. Transverse Cracking (count), Light-Moderate-Severe

2. Longitudinal Cracking (count), Light-Moderate-Severe
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3. Spalling (linear feet), Moderate-Severe

4. Corner Cracking (count), Light-Moderate-Severe

5. Patching (sg. yards), Fair-Poor

6. Shattered Slabs (count), Moderate-Severe

7. Surface Deterioration (sq. feet), Moderate-Severe

8. Pumping (percentage range: Code 1 to 4), Light-Moderate-Severe

9. Joint Condition (partially sealed, not sealed)

10. Multiple Cracked Slabs (count)

These are considered the core distresses to be identified. In addition to the FDOT Rigid
Pavement Condition Survey Handbook (2017) as the primary protocol, the more
simplified approach of the AASHTO provisional protocol 67 for flexible pavements could
be adopted for rigid pavements and considered for this evaluation. Using the AASHTO
PP67 approach, the main distress types are longitudinal cracking, transverse cracking,
and other pattern cracking which would include shattered slabs and corner cracking.

Guidelines are provided in the FDOT handbook for how the data is to be collected for
establishing extent and severity of each distress type. These guidelines are reviewed
with the designated FDOT raters each year to confirm they are current on their
understanding of the guidelines and expectations. To improve consistency among the
FDOT raters and to further clarify the protocol considerations of this experiment, a two-
day distress raters’ class was organized for both existing Florida DOT Raters and
appropriate Fugro Roadware Staff August 25 to 26, 2015. The class included both
classroom as well as field training exercises. The main objective of this workshop was
for Fugro to understand how FDOT raters conduct rigid pavement condition surveys,
and how some of the involved decisions on distress type, extent, and severity can be
guantified for the automated algorithm to match FDOT raters' decisions.

The workshop started with a discussion of the various distresses included in the
handbook. Then all the participants visited a nearby jointed concrete pavement section
in Waldo, FL for a field exercise. Ten distress raters were divided into three groups,
each having one experienced FDOT rater, one non-experienced FDOT rater, and one
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Fugro rater. One of the groups had four raters. There were four test sections as follows.
Each group rated one section, except for group 1 who rated two smaller sections:

e Section 01 rated by Group 1: 148th Ave to Earle St, R1 (inside lane)

e Section 02 rated by Group 1: 148th Ave to Earle St, R2 (outside lane)

e Section 03 rated by Group 2: Earle St to Seydel St, R1

e Section 04 rated by Group 3: Seydel St to End of PCC section

The average, standard deviation and coefficient of variation (COV) in amount of each
distress type at each and all severity levels found on each test section has been
documented in Appendix C. In addition, the graphs in Appendix C indicate the number
of standard deviations that each rater (on each test section) was off from the average
rating. Several images in Appendix C show the examples for each distress type found in
the field.

Based on these results, there seems to be more agreement among the raters on some
distresses than the others. For example, there seems to be about 80% agreement
among the raters in detecting the total amount of transverse cracking, but only about
65% for spalling. Overall, there seems to be more agreement among the raters in
detecting the total amount of each distress type rather than assigning the distress
severity levels. The amount of agreement is defined as 100 minus the COV in
percentage.

The results of this exercise do not provide adequate statistical information for the
distress types and severity levels that were not frequent on the example test sections.
For example, if there is only one shattered slab in a test section and all raters identify it,
then there will be 100% agreement, but this level of agreement might not be
representative of the actual level of agreement among the raters when they conduct
state wide surveys. Another example would be the severe transverse cracks: if there
are only two instances in a section and some raters assign them to moderate, then
there will be a significant amount of variation (low agreement) among the raters. It was
expected that in the subsequent evaluation with 10 test sections, there would be a
higher amount of each distress type and severity level, so that the statistics would make
more sense.

Based on the meeting discussions and the results of the field exercise (see Appendix
C), several notes were recorded for consideration in the quantification process required
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for software development. FDOT staff might discuss these notes to potentially include
them for further clarity of the handbook. The following are the notes from those
discussions.

Overall Manual Distress Survey Notes:

The rated pavement surface is limited to the lane area between the inside edges
of the two lane stripes, even if there are widened slabs

When crack spalling is present on rigid pavements, crack width is measured at
the bottom of the crack (as opposed to the pavement surface). So, spalling
should not affect the crack width that is used for assigning severity levels.

D cracking or map cracking are not rated according to FDOT protocol

CRCP sections are not currently placed on Florida highways

Bridges are not rated, also exclude the approach and leave slabs (when they are
identified).

Rehabilitation comments are made on the rating forms

Rater comments are mainly used by the raters for the next survey

Multiple cracked slabs (if the slab is shattered or NOT shattered but contains
more than one crack of any type) are counted as well during the manual survey.
This is used to determine Percent Cracked Slabs for HPMS/MAP-21 purposes.

Surface Deterioration Notes:

Surface deterioration is not commonly encountered in the field.

It is typically rated as square feet of deterioration per rated mile of pavement.

The computer should measure this affected area and the final value should be
divided by the length of rated pavement.
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Transverse Cracking Notes:

e If there is a longitudinal joint within the rated lane, and two transverse cracks
intersect that joint within a foot of each other, then the whole crack is counted as
one transverse crack.

e Itis possible to count multiple transverse cracks within a single slab.

e Severity is assigned according to the crack width that is present on the majority
(more than 50 percent?) of the crack length. This needs to be clarified in the
handbook.

e All sealed cracks are rated as low severity.

Longitudinal Cracking Notes:
e Cracks are counted per slab; if a longitudinal crack extends from one slab to the
next, it will be counted as two longitudinal cracks

e Itis possible to count multiple longitudinal cracks within a single slab.

e All sealed cracks are rated as low severity.

Spalling Notes:

e If both sides of a joint (but not cracks) are spalled, then both are counted
independently.

e |If the spalled area is sealed, it can affect the severity level if well sealed.

e Several small spalls within a crack/joint can be accumulated on the same
crack/joint.

¢ A minimum spalling of 1 foot is claimed, if present, per crack/joint.

e If there is less than 4” of spalling on a crack/joint, then it is not typically recorded
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Corner Cracking Notes:

If there is loss of pavement material as a result of corner cracking, then it is
counted as spalling and not corner cracking. The size of such material loss
needs to be specified.

Multiple corner cracks can occur within the same slab.

If the points of intersection between the crack and the joints are very close to the
corners (the LTPP Distress Identification Manual identifies it as less than 0.3
meters), the crack should be rated as spalling instead of corner cracking. This
needs to be clarified in the handbook.

Corner cracks must connect a transverse joint to a longitudinal joint. If a
diagonal crack occurs at a long or transverse crack, it would be counted as an
additional longitudinal or transverse crack (based on the orientation of the crack).

Patching Notes:

Patching is recorded as Sq.Ft. in the field and summarized, then converted to
square yards for recording.

Note 2 reads: "If half or more of the slab is replaced, do not record as patching."
This indicates full slab replacements are not counted as patching.

Doesn't matter if the patching material is asphalt or concrete.

The patching is rounded to the nearest square yard (<0.5 sqg. Yd. = 0)

Shattered Slab Notes:

When a slab is rated as shattered slab, then no other distresses are recorded on
that slab. However, if the slab is not shattered but contains more than one crack
of any type, then it is counted as a multiple cracked slab. For calculating the
HPMS/MAP-21 parameter Percent Cracked Slabs, the number of cracked slabs
(shattered or not) is needed to divide by the total number of slabs.
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Joint Condition Notes:

e The condition of the joints in a section is assigned based on the predominant
condition. Does this mean more than 50% of the joints? This needs to be clarified
in the handbook.

2.2.2 Representative Test Sections

To conduct an evaluation of the existing methods, FDOT engineers identified a set of 12
representative test sections that are each at least a standard evaluation length (0.1-
mile-long) and contain several of the jointed concrete pavement distresses in them
(making sure that all the distress types and severities are incorporated in at least a
couple of the sections selected). In the selection of the representative test sections, the
following major factors should be considered to the extent possible:

1. Existence of a variety of the cracking distresses

2. Existence of different severity levels for each crack type

3. Pavement surface texture (rough versus smooth)

4. Concrete tinning (or lack thereof)

5. Lighting conditions (with or without shades) and angle (going into or out of the
sun)

A sample partial factorial is provided below as an example. While all cells need not be
accounted for, by filling the bulk of them, the analysis should be able to account for
potential or anticipated interactions and relationships. In this example, priority has been
given to cracking distress types, because they are the focus of this project. Due to the
project limitations, the pavement surface texture and concrete tinning factors were not
considered in selection of the representative sections.
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Table 15. Example Partial Factorial Plan

Lighting Shade Into Sun Away from Sun
Texture/Tinning | Heavy Light Heavy Light Heavy Light
e . Low |SS TC/LC SP CB TC/LC SS
=3

23

%g High | SP CB TCLC |SS CB SpP
= C

(ol

LC/TC: Longitudinal and/or Transverse Cracking; CB: Corner Breaks; SS: Shattered
Slabs; SP: Spalling

Table 16 shows a list of the 12 sections ultimately selected and some general properties
of them.

Table 16. Final Selected 12 Test Sections

NO | CNTY DIST | ROUTE DIR | LN | BMP LNGTH | DEFECTS_PRESENT
TR, LNG, SPL, CNR,
1 Orange | 5 SR500/SR50 | S L2 | 13.070 | 0.155 ODD SLABS & JOINTS
TR, LNG, SPL, PT, ODD
2 Orange | 5 SR500/SR50 | S L2 | 12.744 | 0.148 SLABS & JOINTS
3 Orange | 5 SR500/SR50 | S L2 | 21.784 | 0.214 TR, LNG, SEALANT
4 Orange | 5 SR15/600 N R2 | 3.400 | 0.170 TR, LNG, SPL
TR, LNG, CNR, SPL,
5 Orange | 5 SR15/600 N R2 | 6.280 | 0.170 SEALANT
TR, LNG, CNR, SPL,
6 Duval 2 SR139/SR15 | SE | L2 |3.826 | 0.120 SHTRD SLB
TR, LNG, CNR, SPL,
7 Duval 2 SR139/SR15 | SE | L2 | 3.706 |0.121 SHTRD SLB
8 Duval 2 SR139/SR15 | SE | R2 | 3.596 | 0.098 TR, LNG, CNR, SPL
9 Duval 2 SR139/SR15 | SE | R2 | 3.694 | 0.106 TR, LNG, CNR, SPL
10 | Duval 2 [-95 SW | L3 | 4344 | 0.134 TR, LNG, CNR, SPL
TR, LNG, CNR, SPL,
11 | Alachua | 2 SR24 SW | L2 | 0.110 |0.141 SHTRD SLB
TR, LNG, CNR, SPL,
12 | Alachua | 2 SR24 SW | L2 | 0.251 | 0.160 SHTRD SLB

Images of these 12 test sections were collected both with the FDOT MPSV (2D LRIS)
on December 1, 2015 and with a Fugro ARAN (3D LCMS) in October 2015. The main
analyses were conducted using the LRIS images, but there could be a follow-up study
showing the results of 3D analysis. Fugro staff created a SQL procedure to transfer
LRIS images from the FDOT server folder structure to a SQL database format that is
compatible with Fugro Vision software. This procedure has been documented in

87




Appendix M. it is imperative that any future data submission to Fugro be in the folder
structure and format that has been identified in Appendix M. This would allow for the
provided SQL code to create an appropriate instance of a Vision database
corresponding to the collected MPSV images.

2.2.3 Manual Windshield Survey

Three FDOT raters conducted a manual windshield distress survey of the 12 test
sections according to the FDOT protocol. Care was taken not to aggregate the
observations into one combined score, to avoid masking or obscuring differences in
specific distress observations which may later be helpful in the gap analysis. The
average, standard deviation and coefficient of variation (COV) in amount of each
distress type at each and all severity levels found on each test section has been
documented in Appendix D. In addition, the graphs in Appendix D indicate the number
of standard deviations that each rater (on each test section) was off from the average
rating.

The results from the different raters were analyzed to assess the variability among the
raters. These analyses provide a clearer understanding of the distress definitions and
areas of ambiguity (based on variability observed from the results of the experienced
raters) that may merit evaluation prior to initiating the automation. The amount of
agreement is defined as 100 minus the COV in percentage.

The results were similar to the results of the field workshop. There seems to be more
agreement among the raters on some distresses than the others. For example, there
seems to be about 82% agreement among the raters in detecting the total amount of
transverse and longitudinal cracking, but only about 64% for spalling, 56% for corner
cracking, and 71% for shattered slabs. This result was expected because there were
some ambiguities in the protocol definitions of corner cracking and spalling as it was
noted in section 2.2.1. Overall, there seems to be more agreement among the raters in
detecting the total amount of each distress type rather than assigning the distress
severity levels.

Considering the total amounts of all severity values for each distress type, the majority
of ratings were under one standard deviation away from the average of all ratings for
each test section. There were total of 36 ratings (12 sections each rated by three
different FDOT raters). For transverse cracking, nine out of the 36 ratings in which any
transverse cracking was recorded (25%) were more than one standard deviation away
from the average. For longitudinal cracking, spalling, corner cracking, and shattered
slabs, 10/36 (28%), 11/36 (30%), 5/23 (22%), and 7/27 (26%) ratings respectively were
more than one standard deviation away from the average. These could be considered
as outliers.
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Table 17. Overall Agreement Among Raters in Manual Windshield Survey (See Appendix D for

Details)
Agreement Among Raters in | Percentage of Ratings
Distress Type Total Distress Amount (All more than one STD away
Severities), 100 - COV (%) from AVG (outliers)
Transverse Cracking | 82% 25%
Longitudinal Cracking | 82% 28%
Spalling 64% 30%
Corner Cracking 56% 22%
Shattered Slabs 71% 26%
Patching 74% 33%
Surface Deterioration | 52% 45%

2.2.4 Semi-Automated Survey

With guidance from Fugro engineers, the same three FDOT raters conducted a semi-
automated rating of the same 12 test sections using the LRIS images that were
imported into the Vision software. Due to some malfunction in the FDOT MPSV unit, the
data corresponding to one run of the collected images on section number 7 was not
recorded properly and therefore, section 7 was only rated by two raters. There were
total of 35 (12 sections with three runs each minus one missing run) ratings. The data
was extracted from the Vision database and the results in terms of the average,
standard deviation and coefficient of variation (COV) in amount of each distress type at
each and all severity levels has been documented in Appendix E. In addition, the
graphs in Appendix E indicate the number of standard deviations that each rater (on
each test section) was off from the average rating.

On average, the agreement among the three raters is approximately 82% in terms of
the total number of transverse cracks, 67% for longitudinal cracks, 62% for spalling,
only 30% for corner cracks, and only 28% for shattered slabs. There seems to be less
agreement among the raters in terms of the total amount of corner cracks and shattered
slabs compared to longitudinal and transverse cracks. Overall, there seems to be less
agreement among the raters using the semi-automated rating method compared to the
manual windshield survey. This could be attributed to the years of experience of FDOT
raters with the manual windshield survey compared to their unfamiliarity with the Vision
software and the semi-automated method. This calls for more training and coordination
among the raters in terms of software application.

Considering the total amounts of all severity values for each distress type, the majority
of ratings were under one standard deviation away from the average of all ratings for
each test section. For transverse cracking, seven out of the 35 ratings in which any
transverse cracking was recorded (20%) were more than one standard deviation away
from the average. For longitudinal cracking, spalling, corner cracking, and shattered
slabs, 9/34 (26%), 10/35 (28%), 6/19 (32%), and 8/20 (40%) of ratings respectively
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were more than one standard deviation away from the average. These could be
considered as outliers.

Table 18. Overall Agreement Among Raters in Semi-Automated Survey (See Appendix E for

Details)
Agreement Among Raters in | Percentage of Ratings
Distress Type Total Distress Amount (All more than 1 STD away
Severities), 100 — COV (%) from AVG (outliers)
Transverse Cracking | 82% 20%
Longitudinal Cracking | 67% 26%
Spalling 62% 28%
Corner Cracking 30% 32%
Shattered Slabs 28% 40%
Patching 24% 47%
Surface Deterioration | 62% 60%

2.2.5 Automated Survey

The Vision automated algorithm (WiseCrax) was adjusted to correspond to the specified
criteria in the handbook for the viable distresses and then run on sets of images
collected from the pavement sections, which were evaluated by the group of
experienced raters. As detailed in Section 2.3, the WiseCrax detection, classification,
and rating parameters were investigated to select the optimum settings. The automated
surveys on all the test sections were conducted using the same set of software settings
(control parameters). The same algorithm was run as many times as there were raters
(i.e. if three raters review each image, the algorithm was run three times). This provides
for another set of analyses to compare reproducibility between each of the three sets of
reviews, as well as the repeatability of the algorithm results within the multiple runs.

As detailed in Section 2.3, the WiseCrax algorithm, in its present form, is capable of
only classifying joints, transverse cracks, and longitudinal cracks. New classification and
rating routines are needed for corner cracking and shattered slabs, which will be
addressed in Section 2.3. For identification of spalling and patching, there is a need for
depth information and therefore 3D data would be required.

Also, as discussed in Section 2.3, filters were used to take the noise out of the images
to improve results in terms of detecting wide joints and sealed cracks. The filtering
process increases crack widths and therefore compromises the ability of the rating
process to assign correct severity levels. Therefore, the results here are only expressed
in terms of total distress amount in all severity levels. Section 2.3 will discuss future
work to address this issue.
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The algorithm results are based on length of the distresses and not count per slab as it
is in the FDOT protocol. Therefore, a database SQL routine was developed to use the
location of the detected joints to transform the total distress length by section to total
distress counts per slab by section. This process is not final yet as there are issues with
grouping the cracks together. As with any other automated detection routine, only
segments of a crack are detected because of the inconsistencies in the intensity along
the crack. Therefore, the multiple segments need to be grouped together to form the
complete crack. WiseCrax currently has the option for grouping all distresses of the
same type in each image frame, but that is not adequate for this project as there might
be more than one slab in each image frame. WiseCrax also has other options for
grouping according to a tile that encompasses multiple cracks, but the algorithm did not
perform satisfactorily on the test sections. The algorithm needs to be improved in this
regard. Section 2.3 will discuss future work to address this issue. Hence, the results are
expressed both in terms of length and count in this evaluation.

2.2.6 Comparison of Different Rating Methods

Success Metrics

The three principal success metrics of any process are effectiveness, efficiency, and
reliability. With respect to automated condition evaluations, these three metrics could be
considered for two aspects of the process, first for the detection and classification of
individual surface defects (cracks), and second for the overall evaluation and
guantification of the pavement condition in a distinct section.

In the context of automated distress identification, effectiveness can be expressed in
terms of accuracy of the crack detection software when compared to a reference
baseline. Accuracy is a qualitative term referring to whether there is agreement between
a measurement made on an object and its true (target or reference) value. Bias is a
guantitative term describing the difference (or error) between the average of
measurements made on the same object and its true value.

While systematic errors identified in the bias can be calibrated out, such evaluations
must also address the random errors as well. The average results may be quite
comparable, but individual results can deviate significantly. Efforts must also be made to
control these deviations to produce results which can ultimately be classified as reliable.
Reliability of automated distress surveys is often expressed in terms of precision.
Precision is also a qualitative term describing the degree of repeatability of a
measurement value. Variance and standard deviation of error are quantitative estimates
of precision. Accuracy and precision (or the corresponding quantitative estimates: bias
and variance) ultimately define how effective and reliable a system is as described in
greater detail below.
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Based on the overall cumulative amount of each distress among different test sections
and multiple runs, the success metrics used to compare different rating methods are:

1. Average error (bias) was used to represent accuracy or effectiveness of each
method. Accuracy can only be quantified with respect to a reference value.

2. Average standard deviation of error among 12 sections was used to represent
precision of each method.

3. In order to represent reproducibility of manual and semi-automated methods,
average standard deviation of error on the same test section and among the 3
raters was used. In order to represent repeatability of the automated algorithm,
average standard deviation of error on the same test section and among 3 runs
was used.

4. To use a measure of reliability independent of the reference survey, agreement
among the three raters (or three runs) was also represented by 100 minus the
coefficient of variation in the total amount of each distress type on each section
among the three raters/runs. In addition, the number of outliers among the three
raters/runs was represented by the number of section ratings that were more
than one standard deviation away from the average of the three raters/runs.

5. To compare efficiency of the three methods, the time required for each survey
method was estimated.

Reference Rating or “Ground Truth”

Multiple research efforts in the past have introduced various methods to establish
reference values or “ground truth” for pavement surface defects by using the “most
appropriate” methodology available. The major types of reference values include:

1. Manual distress identification: In this method, professional (trained and
experienced) distress raters identify the surface distresses on a set of pavement
sections that are deemed representative of conditions across a network.

2. Semi-automated detection: This method is similar to the manual method, but the
professional raters use the images collected by monitoring vehicle to identify the
distresses.
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3. Artificially fabricated distress: In this method, cracks are designed and fissured
into steel plates or cut into an existing asphalt surface, so the precise dimensions
of the defects are known. This method is mostly used to resolve image distortion
issues caused by the camera lens or the image sensor.

Each method has its own advantages and limitations. The manual method simulates the
actual distress identification process that has been in use by many state highway
agencies (SHA) for a long period; however, there is a low degree of agreement among
different professional raters which renders the “ground truth” as a highly variable
measure.

The semi-automated option might be superior to the manual method for establishing
“ground truth,” because the collected images are available for multiple raters to view in
an office environment with less distraction from field traffic. However, some of the low
severity cracks that are at initial stages of development might not be visible from the
collected images. Increasing the number of raters could result in a more reliable ground
truth.

After much deliberation, it was decided to use a semi-automated approach in which one
run of the images for the 12 test sections were rated by one Fugro engineer and then
completely reviewed and corrected by two other Fugro engineers. There are two
advantages to this method, first that the rating was 100 percent controlled by two
additional raters, and second that the raters were not FDOT experienced raters and
therefore this reference can be used as an unbiased reference to evaluate all the three
rating methods. FDOT raters and the Fugro software engineer did not have access to
this reference rating.

Comparison Results on Overall Section Distress Quantities

Table 19, Table 20, and Table 21 show the success metrics for manual field survey,
semi-automated rating, and the automated algorithm, respectively, compared to the
reference survey for the total amounts of each distress type (all severities) in each
section. In these metrics, error is calculated as the difference between each value and
the ground truth normalized to the ground truth and expressed in percentage.

As it was explained in Section 2.2.5, the automated algorithm was only used for
transverse and longitudinal cracks and joints at this point. Also, as it was mentioned in
Section 2.2.5, the algorithm is not producing counts of each distress per slab and the
counts presented here are based on a database routine that is showing more cracks
than existing.
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Table 19. Comparison of Manual Windshield Survey Rating to “Ground Truth”
o Corner
Vetri Transve_rs Longltgdlna Spalling | Crackin | Patchin Shattere
etric e Cracking | | Cracking d Slabs
(count) (count) (length) | g g (area) (count)
(count)
Bias (%) 25.3 -2.3 161.5 67.1 -18.5 30.0
STDEV of Error
(%) among 61.5 44.8 358.7 75.3 46.7 36.4
Sections
STDEV of Error
(%) among 27.3 14.7 103.8 30.9 43.9 224
Raters

Table 20. Comparison of Semi-Automated Rating to “Ground Truth”

Transverse | Longitudinal Spalling Corner Patching Shattered
Metric Cracking Cracking (length) Cracking (area) Slabs
(count) (count) (count) (count)
Bias (%) 6.8 -2.4 129.9 15.5 487.6 -6.7
STDEV of
Error (%)
among 47.9 52.7 261.2 76.5 887.4 29.0
Sections
STDEV of
Error (%)
among 35.8 39.3 45.1 72.4 941.2 62.3
Raters
Table 21. Comparison of Automated Rating to “Ground Truth” (Length and Count)
Transverse | Transverse | Longitudinal | Longitudinal
Metric Cracking Cracking Cracking Cracking
Length Count Length Count

Bias (%) 17.2 76.5 40.6 332.0

STDEV of

Error (%)

among 89.3 98.0 95.2 278.9

Sections

STDEV of

Error (%)

among 47.5 40.0 107.8 156.9

Multiple

Runs

The results indicate that the automated routine is relatively more successful in detecting
and identifying the length of transverse cracks (accuracy of 83%) compared to
longitudinal cracks (accuracy of 60%). In fact, the accuracy of the automated routine in
terms of the transverse cracks (83%) is comparable to the accuracy in the manual field
surveys (75%), but it is lower compared to semi-automated surveys (93%). The reason
for lower accuracy of the automated rating of longitudinal cracks is mainly because of
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the longitudinal joints or lane stripes that are falsely being classified as cracks and
therefore increasing the number of cracks (positive bias).

Figure 26 compares the accuracy of the three rating methods as calculated by 100
minus the absolute value of bias (%).

Accuracy (%) = 100 — Absolute Bias (%)
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Figure 26. Comparison of Different Methods in terms of Accuracy (100 - Absolute Bias(%))

The semi-automated rating has the highest level of accuracy among the three methods
for all distress types. The automated rating has a higher accuracy compared to the
manual survey in terms of the total amount of transverse cracking. In contrast, the
automated rating has lower accuracy compared to the manual survey in terms of the
amount of longitudinal cracks. This is mainly because of the longitudinal joints and
stripes that were incorrectly rated as longitudinal cracks.

Figure 27 shows a comparison among the methods in terms of precision as calculated
by the standard deviation of error among 12 test sections. The automated rating is
showing lower precision compared to the other rating methods. This is indicated by the
higher amount of variation in the rating error among the 12 test sections. This is
because the automated algorithm performed much better in some sections compared to
the others. In test sections where any of the following defects exists, the automated
algorithm had much higher errors causing the standard deviation of error among
sections to be higher:

e Skewed transverse joints
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e Skewed longitudinal joints (or where a longitudinal joint crosses the pavement
image diagonally)

e Sawed-in longitudinal joints that are not perfectly straight lines

e Pavement marking (white or black stripes within the lane)

e Traffic counters, and other surface scratch marks

Standard deviation of normalized error (%) among sections
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Figure 27. Comparison of Different Methods in terms of Precision (Standard Deviation of
Normalized Error (%) Among 12 Sections)

Figure 28 compares the reproducibility of the manual and semi-automated methods to
the repeatability of the automated software using the standard deviation of error among
the three raters/runs. The automated algorithm is showing much lower repeatability
among multiple runs when compared to the reproducibility among multiple raters in the
other rating methods. It should be noted that this is with different sets of images on each
different run. This is because of the differences in levels of shades in multiple images of
the same pavement section. If the same set of images are used, then there is zero
variability among multiple runs of the software.
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Standard deviation of normalized error (%) among raters/runs
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Figure 28. Comparison of Different Methods in terms of Reliability (Standard Deviation of
Normalized Error (%) Among 3 Raters/Runs)

The semi-automated results show higher accuracy (lower bias) and higher precision
(lower standard deviation among sections) compared to the manual field surveys in
terms of most distress amounts. However, in agreement with what was presented in
Section 2.2.4, the raters have lower agreement (higher standard deviation) in the semi-
automated rating compared to field surveys. These results suggest that with further
training and practice, the semi-automated results are going to have higher
reproducibility in addition to the currently higher accuracy and precision compared to the
manual field surveys.

As an alternative method to evaluate reliability of the different rating methods
independent of the reference survey, Figure 29 and Figure 30 show the reproducibility
results from the manual and semi-automated surveys (listed in Table 17 and Table 18,
respectively), in addition to the repeatability results from the automated rating.
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Agreement Among Raters/Runs (%) = 100 = COV (%)
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Figure 29. Agreement Among Multiple Raters/Runs, A measure of Reproducibility/Repeatability

Percentage of Ratings More Than 1 Standard Deviation Away from Average

Transverse Cracking Longitudinal Spalling Corner Cracks Shattered Slabs
Cracking

45

35
30
25
20
15
10

(%]

(o}

® Manual Field Survey  ® Semi-Automated Rating ™ Automated Rating

Figure 30. Percentage of “Outlier” Ratings, A measure of Reproducibility/Repeatability

In contrast to the results in Figure 28 (which are based on the variation of error
compared to a reference survey), the results in Figure 29 and Figure 30 (which are
based on the actual variation of distress amounts) indicate that the automated algorithm
has a comparable repeatability to the manual and semi-automated methods.

The results indicate that for transverse cracking, there is more agreement among the
raters and the least number of outliers in the semi-automated rating method. For
longitudinal cracking however, there is more agreement among the raters in the manual
survey, but the least number of outliers is in the semi-automated method.
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Efficiency of the manual, semi-automated, and automated methods can be evaluated by
the amount of time required to conduct each survey type. FDOT raters provided an
estimate for the amount of time they spent in the field to conduct a windshield survey of
the 12 test sections. Based on this crude estimate, the manual rating speed in doing
windshield surveys while driving on the shoulder is about 1 to 3 miles per hour,
depending on the amount of distresses present. It should be noted that for
approximately 98% of the concrete pavements, they can drive on the shoulder.

The Vision software was used to extract the amount of time that each rater had spent
on each test section to conduct a semi-automated survey. The automated detection,
classification, and rating takes about 20 seconds per image frame. Therefore, the
automated survey time is calculated through multiplying the number of image frames in
each test section by 20 seconds. Figure 31 shows a comparison between the semi-
automated and automated survey methods in terms of the survey speed in miles per
hour for each test section and each rater/run.

FDOT Semi-Automated Fugro Semi-Automated Automated

Survey Speed (mph)

Test Section

Figure 31. Comparison of the Efficiency (Speed) of Survey Methods

Fugro raters (orange lines) have used the software more frequently for semi-automated
rating and therefore had a higher speed (on average 0.29 mph) compared to FDOT
raters (blue lines, on average 0.18 mph). The automated software has an average
speed of 0.68 mph which is more than twice the efficiency of the semi-automated
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method. The manual windshield survey is about twice faster than the automated survey.
However, the automated survey does not require human intervention while running and
only some QC is required after survey completion. Therefore, more computing power is
needed rather than human intervention. In addition, the automated and semi-automated
survey methods have the significant advantage of eliminating safety concerns for the
raters who are driving or walking on highway shoulder.

Verification of Automatically Detected Distresses

While the overall comparison of the quantities of each distress type between manual
windshield survey and the automated algorithm results provide an indication of the
strengths and weaknesses of the automated methodology, there is a need for a distress
by distress verification of the software performance to identify the reasons behind the
previously indicated weaknesses.

The reference (“ground truth”) rating used a point and trace methodology and manually
rated the collected images to generate reference crack maps. Based on the reference
semi-automated crack maps established, the following metrics are evaluated on a
distress by distress basis:

e True Positives: correctly detected cracks (or distress)
e False Positives: detected cracks that don’t exist in the reference survey
e False Negatives: Missed cracks

e Distress Validity (or Accuracy): an indicator to be calculated as the ratio of the
correctly detected cracks (true positives) to the total detected cracks (true
positives and false positives). This statistic indicates the percentage of the
detected distress that was actually present in the reference survey, thereby
expressing the validity of the distress detected by algorithms.

e Distress Sensitivity (or Recall): a parameter to be calculated as the ratio of the
correctly detected cracks to the total actual cracks existing on the pavement
surface (true positives and false negatives). This statistic represents the
percentage of the distress in the reference survey that was detected by the
automated method, thereby expressing the sensitivity of the algorithms to
existing distress.

¢ Distress Classification Performance: a measure of the number of correctly
classified cracks (according to the reference survey), divided by the number of
correctly detected cracks (true positives). This statistic indicates the percentage
of the detected distress that is correctly classified by the automated algorithm.
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These metrics were evaluated on 24 sample image frames (two image frames randomly
selected from each of the 12 test sections on run number 1) and the results can be
found in Table 22. False positives are cracks that have been reported by the automated
crack detection software, while no crack has been recorded in the “ground truth” at the
same location. On the other hand, missed cracks are existing cracks that have been
reported in the “ground truth”, but are not detected by the software (i.e. false negatives).
As with the manual rating conducted in the field, the reference values on the computer
may also have a range of agreement from professional raters in terms of how to
measure crack width, severity, and in some cases crack extent.

Table 22. Verification of Automatically Detected Distress on Sample Image Frames (Raw Data)

Length (ft) Count
Test Image True Positive _
Section Frame Ground CorrectIyNOt Fals_e_ False_ Ground [Rating
Truth Correctly |Positive [Negative [Truth  |Result
Rated
Rated

Section 1 |3P000019 |23.048 [9.304 7.936 8.992 5.808 2 9
Section 1 |3P000020 |23.828 ([21.786 [0 4.432 2.042 3 7
Section 2 |3P000115 [22.615 [18.994 [0 14.87 3.621 2 7
Section 2 |3P000116 |11.425 (10.747 |0 0 0.678 1 2
Section 3 |3P000029 |48.97 41.272 |3.688 4.426 4.01 3 7
Section 3 |3P000022 [22.464 ([20.424 [0 3.166 2.04 2 5
Section 4 |3P000014 (22.43 18.746 [0 14.114 |3.686 2 6
Section 4 |3P000024 |20.312 (10.38 0 44.74 9.932 1 9
Section 5 |3P000767 |26.592 [4.289 20.202 1.316 2.101 2 6
Section 5 |3P000768 [41.112 (13.019 [19.635 6.924 8.458 4 12
Section 6 |3P000022 [6.581 0 6.581 1.158 0 1 2
Section 6 |3P000023 |44.261 (36.852 [2.906 3.68 7.408 7 8
Section 7 |3P000062 [16.819 ([11.751 [0 1.829 5.068 2 4
Section 7 |3P000061 [17.59 11.206 [3.409 0 2.107 2 4
Section 8 |3P000006 |17.398 (13.974 (1.388 0 2.836 2 4
Section 8 |3P000010 [17.472 [10.627 [0 0 6.845 2 2
Section 9 |3P000031 [8.63 5.02 0 5.265 2.61 1 5
Section 9 |3P000038 |13.757 (8.67 0 2.084 5.187 2 4
Section 10 |3P000052 [10.518 (10.488 [0 3.018 0.3 1 3
Section 10 |3P000053 (33.57 31.498 [0.552 0 1.52 3 9
Section 11 |3P000044 |30.744 (30.744 |0 30.094 [0 2 9
Section 11 |3P000045 |43.781 [43.381 [0 24.051 (0.4 5 14
Section 12 |3P000087 [46.934 [34.682 [0 6.165 12.252 4 9
Section 12 |3P000088 |30.578 ([30.578 |0 20.006 [0 2 7

The results clearly indicate the issue with crack counting as it was explained in Section
2.2.5. Since the detected segments of cracks were not appropriately grouped together,
the total count of the cracks was much higher than existing. It is also evident that once a
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crack is appropriately detected (within the true positives), the algorithm is doing a good
job in terms of assigning the correct distress type (note the relatively small length of
incorrectly rated cracks). In addition, the overall length of false positives and false
negatives (missed cracks) are relatively comparable. However, there are some
instances where there is a significant difference between the two. This relatively
reasonable balance between the two extremes of aggressive detection (false positives)
and missing cracks (false negatives) is an indication that appropriate detection settings
have been used in the software. There needs to be an effort in the future development
initiatives to maintain this balance and perhaps improve it. Details of the approach for
selecting these settings have been explained in Section 2.3.

Based on the results in Table 22, the distress verification metrics were calculated in
Table 23. The results indicate that on average, 78% of the automatically detected
distresses actually existed on the reference survey, 84% of the distresses on the
reference survey were detected via the automated algorithm, and 86% of the detected
distresses were correctly classified into longitudinal or transverse cracking or joints.

Table 23. Verification of Automatically Detected Distress on Sample Image Frames (Metrics)

Test Image Dis_trgss Distres_;s_ Distre_s_s _
. Validity (or Sensitivity (or Classification
Section Frame Accuracy) Recall) Performance
Section 1 3P000019 66% 75% 54%
Section 1 3P000020 83% 91% 100%
Section 2 3P000115 56% 84% 100%
Section 2 3P000116 100% 94% 100%
Section 3 3P000029 91% 92% 92%
Section 3 3P000022 87% 91% 100%
Section 4 3P000014 57% 84% 100%
Section 4 3P000024 19% 51% 100%
Section 5 3P000767 95% 92% 18%
Section 5 3P000768 83% 79% 40%
Section 6 3P000022 85% 100% 0%
Section 6 3P000023 92% 84% 93%
Section 7 3P000062 87% 70% 100%
Section 7 3P000061 100% 87% 77%
Section 8 3P000006 100% 84% 91%
Section 8 3P000010 100% 61% 100%
Section 9 3P000031 49% 66% 100%
Section 9 3P000038 81% 63% 100%
Section 10 | 3P000052 78% 97% 100%
Section 10 | 3P000053 100% 95% 98%
Section 11 | 3P000044 51% 100% 100%
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Test : Image 35 ;[(;(ieti/s(o r giesr;[ ;?t?\? ity (or g: zgsei?if: ation
Section Frame Accuracy) Recall) Performance
Section 11 | 3P000045 64% 99% 100%

Section 12 | 3P000087 85% 74% 100%

Section 12 | 3P000088 60% 100% 100%
Average 78% 84% 86%

2.3 Appropriate Settings for Automated Survey

Fugro Vision software includes a distress identification application called WiseCrax.
This application involves three main routines for distress identification:

1. Crack detection: during which any linear defects on pavement surface is detected
and marked with lines. The performance of this step is highly dependent on the
guality of the image, the exposure, lighting, the number of cracks and other
defects present on the surface, the location of defects within the lane, etc.

2. Classification: during this step, all the detected defects are classified into one of
the three categories of longitudinal defects, transverse defects, and other (or
pattern) defects according to a changeable criterion for defect angle and density.

3. Rating: during this final step, the software assigns a distress type and severity to
each of the classified defects according to a distress schema defined by the user.
The user needs to select one or more criteria from a series of criteria such as
angle, longitudinal and transverse extent, density, width, and others for each
distress type and severity. Once the schema is setup and saved, this schema
can be applied for network-level data collection.

2.3.1 Image Pre-Processing

After investigating multiple detection settings in the software, it was evident that the
sealed joints with wider openings and sealed cracks were not appropriately detected.
Therefore, it was decided that there was a need for image pre-processing with some
filters to improve the crack detection results. A basic image processing operation was
applied to eliminate the noise and texture in the images using an open source software
called ImageJ. If it is determined that this pre-processing is essential with respect to
other aspects of this project, a plugin can be developed in Vision which will include this
open source routine for filtering out the noise.

Four types of filters were considered for removing the noise in the images:

103



1. Gaussian Filter

2. Median Filter

3. Haar Wavelet Filter

4. A Trous Wavelet Filter

Application of these filters was investigated with changing the involved parameters
according to the following table. Sample test results are included in Appendix B, where
crack detection results on the filtered images can be observed. The appropriate type
and parameter settings for the filter depends on each specific image, and a filter that
performs best for one image, could perform less desirable on another image. However,
it is not feasible to select a different filter for each and every image. Therefore, the
project team selected the filter type and parameter value that provided the best overall
results among the sample selected representative images for the 12 test sections in this
study. This selection was based on 24 sample image frames (two images from each of
the 12 test sections), the length of which amounts to 480 feet which is about 5% of the
total length of the 12 test sections. Based on this study and future studies, a pre-
selected filter type could be applied to the images based on the pavement type, surface
properties, lighting, etc.

After selecting a set of detection parameter settings suitable for the sample images
(next section explains the adjustments of the detection settings), the filters were applied
again to fine tune the required filter setting. Here are the results of this step of the
investigation.
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Table 24. Image Pre-Processing Investigation Sample Test Results

Filter Type Tested Parameters Examplg Detection Results in
Appendix B
. Frame: Section 11 3P000043
Radius 5 .
Figure 1
Gaussian Radius 10 Erame: Section 11 3P000043
Figure 2
Radius 15 F'rame: Section 11 3P000043
Figure 3
Radius 5 Frame: Section 11 3P000043
Figure 4
Median Radius 10 Erame: Section 11 3P000043
Figure 5
. Frame: Section 11 3P000043
Radius 15 Figure 6
Haar Wavelet Coefficients: 10,10,10 Erame: Section 11 3P000043
Figure 7
Coefficients: 10,10.10 F'rame: Section 11 3P000043
Figure 8
Coefficients: 20, 20, 20 F!rame: Section 11 3P000043
A Trous Wavelet Figure 9 .
Coefficients: 30.30.30 Frame: Section 11 3P000043
R Figure 10
Coefficients: 40, 30, 30 F!rame: Section 11 3P000043
Figure 11
Table 25. Image Pre-Processing Investigation Test Results After Fine-Tuning Detection Settings
Filter Type Tested Parameters getectlon Results in Appendix
Frame: Section 11 3P000048
. Figure 12
Radius 5 Frame: Section 12 3P000087
Gaussian Figure 13
Frame: Section 11 3P000048
. Figure 14
Radius 10 Frame: Section 12 3P000087
Figure 15

It is clear that the application of the pre-processing filters improves the detection results.
As shown in the sample test results, after application of ‘A Trous filter’ or Gaussian filter
with smaller radius (5), the detection algorithm is more sensitive to the tiny cracks which
are very narrow. Gaussian filter with larger radius (10) makes the detection of wider
cracks, especially the sealed joint detection easier. Finally, the Gaussian filter with a
radius of 10 pixels was selected to pre-process all the images. However, we may
include the A Trous filter in future work.

The disadvantage of using these filters is that they result in the crack widths becoming
larger and the detection routine will not be able to measure the actual crack width on the
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pavement and therefore higher severity levels will be assigned in the rating process. In
this preliminary evaluation, the WiseCrax option to detect sealed cracks was not
enabled. Instead of filtering the images, the other option would be to separate detection
of sealed cracks for detection of sealed joints. However, that option would also result in
larger crack widths that affect severity ratings.

2.3.2 Detection Settings

There are multiple detection parameters that can be adjusted for improved detection
results. The following are the detection parameters and a short description of each:

e Crack Options

o Crack Simplification: Higher numbers mean fewer details are stored for
the crack trace

o Extraction:

= Transverse Cracking: Degree of transverse cracking in the
pavement

= Longitudinal Cracking: Degree of longitudinal cracking in the
pavement

= Crack Likelihood: Higher values suppress false positive at the
expense of processing speed

= Horizontal Bridging: Two adjacent cracks will be merged into one if
the gap is less than X pixels

= Vertical Bridging: Maximum vertical distance between two nodes
before being split into two distinct cracks.

o Pruning

= Remove Short Distress: Discard cracks if below the minimum
length
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=  Minimum Length (mm): Minimum length for reporting cracks in
millimeters

= Remove Low Node-Count Distresses: Discard cracks if below the
minimum number of nodes

=  Minimum Node Count: The minimum node count required to keep a
crack

= Remove Low-Cost Distress: Discard cracks below the cost
threshold

= Remove 'Bright' Distress: Discard cracks above the intensity
threshold

o Width

= Maximum intensity to count a pixel as part of the crack

Lane Options

o Enable: Turn on lane detection

o Detect Within Lanes: Only detect cracks within lanes. Will not be used for
incremental/zone detection

Sealed Crack Options: Defined sealed cracks detection parameters

o Crack Simplification: Higher numbers mean fewer details are stored for
the crack trace

o Extraction:

= Transverse Cracking: Degree of transverse cracking in the
pavement
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Longitudinal Cracking: Degree of longitudinal cracking in the
pavement

Crack Likelihood: Higher values suppress false positive at the
expense of processing speed

Horizontal Bridging: Two adjacent cracks will be merged into one if
the gap is less than X pixels

Vertical Bridging: Maximum vertical distance between two nodes
before being split into two distinct cracks.

o Pruning

o Width

Remove Short Distress: Discard cracks if below the minimum
length

Minimum Length (mm): Minimum length for reporting cracks in
millimeters

Remove Low Node-Count Distresses: Discard cracks if below the
minimum number of nodes

Minimum Node Count: The minimum node count required to keep a
crack

Remove Low-Cost Distress: Discard cracks below the cost
threshold

Remove 'Bright' Distress: Discard cracks above the intensity
threshold

Maximum intensity to count a pixel as part of the crack
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At the first step, an investigation was conducted to determine the key detection
parameters to which the detection results are most sensitive. This was evaluated by
changing the parameters one by one and comparing the detection results against the
default settings. There are 10 pre-set detection profiles in WiseCrax based on a range
of pavement types and conditions that have been determined according to the years of
experience of Fugro raters on various statewide projects. These settings can be found
in Appendix B. From the results of this first step, the following parameters were found to
influence the detection result significantly. The second step was to fine tune these key
parameters to find the optimum detection profile. The following table describes how

these key parameters were changed.

Table 26. Investigation of Key Detection Parameters

gz:gﬁ:ggr Initial Default Possible Range Tested Values
(E:’r‘gcelfitne; (I/;‘;‘”S"erse 15 0 to 100 10, 15, 20, 25, 35
Expected

Longitudinal 15 0 to 100 10, 15, 20, 25, 35
Cracking (%)

Horizontal Bridging 3 Oto 20 3,5,7,9

Vertical Bridging 5 0to 20 3,5,7,9

Intensity Threshold 60 1to 255 60,80,100,110,115,120

Sample detection results with different parameter settings on one example image frame
are displayed in Appendix B to understand the impact of changing each parameter.
Here are the observations from changing key detection parameters:

e Expected Transverse and Longitudinal Cracking (%): Number of pixels that are
considered to be part of crack will increase if the expected cracking percentage is

increased.

e Horizontal and Vertical Bridging: The continuity of the crack pixels would be
increased if we increase the number of pixels used for bridging. Therefore, the
chance of having cracks considered to be noise (short cracks) would be

decreased.

¢ Intensity Threshold: By increasing this threshold from 60 to 120, width of the
detected cracks became larger. Also, more crack pixels can be detected.
However, increasing this value may cause more false positives.
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Table 27. Example Figures in Appendix B that Describe the Impact of Changing Key Detection
Parameters

Figure 154

Figure 155

Longitudinal Cracking (%) =15
Transverse Cracking (%) =15

Longitudinal Cracking (%) =30
Transverse Cracking (%) =30

Figure 156

Figure 157

Horizontal Bridging (%) =1
Transverse Bridging (%) =3

Horizontal Bridging (%) =3
Transverse Bridging (%) =5

Figure 158

Figure 159

Intensity Threshold: 120

Intensity Threshold: 60

The recommended parameter setting based on the sample images of the 12 test
sections was found to be as in Figure 32.

=1+ Detection Settings

& Advance

4 Detection
4 WiseCrax Detection Settings
4 Crack Options
Crack Simplification 2
4 Bxdraction
Transverse Cracking [%] 15
Longitudinal Cracking [*%] 15
Crack Likelihood
Horizontal Bridging 3
Vertical Bridging L]
4 Pruning
Remove Short Distresses True
Minimum Length [mm] 300
Remove Low Node-Count Distre True
Minimum MNode Court 100
Remove Low-Cost Distresses  False
Remove "Bright' Distresses False
4 Width
Intensity Threshold 100
Default lane offset {meters) 0
Default lane width {meters) 36
Detection Profile Priority Tag
Keep Detected Cracks False
Keep Manual Cracks Falze
Keep Previous Lanes False
Lane Optimization False
4 Lane Options
Enabled False
Detect within lanes True
Lane set method Detected Always DefaultWhen Missing
4 Sealed Crack Options
Crack Simplfication 1
4 Bxdraction
Transverse Cracking [%] 0
Longitudinal Cracking [%] 0
Crack Likelihood 3
Horizontal Bridging 2
Vertical Bridging 4
4 Pruning
Remove Short Distresses Falze
Remove Low Node-Count Distre True
Minimum MNode Court 8
Remove Low-Cost Distresses  True
Minimum Cost Threshold 10
Remove "Bright' Distresses True
Maximum Intensity Threshold 100
4 Width
Intensity Threshold 100

Figure 32. Detection Parameter Settings for Evaluation of Existing Software
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2.3.3 Cracking classification

In the classification step, there are seven parameters that can be adjusted for suitable
performance. The following values were used based on past experience.

Table 28. Classification Parameter Settings

Parameter Description Value Used
Classification Enable Enables classification TRUE
Separate Seal Classification Classifies sealed cracks separately FALSE
Degree Angle Angle threshold differentiating 45
between longitudinal and transverse
defects
Tile Height Tile used for calculating the density of | 50
Tile Width defects in pattern distresses (such as | 50
alligator cracking)
Group Tile Height Tile used for grouping defects 100
Group Tile Width together (see figure below) 100

N

100 pixel*

100pixe

S~

Cracks of same type are grouped into one if their
horizontal and vertical distance are smaller than 100

pixels

Figure 33 Group Tile Height/ Width

Sample classification results are shown in the figures in Appendix B as referenced here.

On Section 12: image 87, after classification, several longitudinal cracks gathered into
one group, as highlighted in Figure 161 in Appendix B.

Before classification

After classification (several individual longitudinal cracks gathered
into one group)

Figure 160

Figure 161

On Section 11: image 43, after classification, several longitudinal cracks gathered into
one group, as highlighted in Figure 163 in Appendix B.

Before classification

group)

After classification (several longitudinal cracks gathered into one

Figure 162

Figure 163
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2.3.4 Distress Rating

The WiseCrax algorithm contains criteria such as angle, longitudinal and transverse
extent, density, width, and others for assigning each distress type and severity. After
considering all options, only transverse and longitudinal joints, and transverse and
longitudinal cracks could be rated reliably. New classification and rating routines are
needed for corner cracking and shattered slabs. For identification of spalling and
patching, there is a need for depth data and therefore 3D data would be required for
that purpose.

During the rating procedure, ‘distress angle’, the angle between a distress and the
transverse direction, is adopted as one of the main parameters to distinguish joints from
cracking: -5 to 5 degree for transverse joints, and 85 to 90 and -90 to -85 degree for
longitudinal joints. Another parameter used in differentiating joints from cracks is
distress extent. For longitudinal joints, its transverse extent should be less than 0.1 m.
For transverse joints, its longitudinal extent should be less than 0.1m. Most of joints
were successfully identified using this criterion. However, this criterion was not
adequate for skewed transverse joints and some longitudinal joints where the imaging
vehicle had changed lanes or transitioned from a ramp.

Table 29. Settings used for Rating in WiseCrax

Distress Distress Angle Distress Extent Distress Extent
(Degrees) (Longitudinal) (m) (Transverse) (m)
Transverse Joint -510 5 0to 0.1 NA
Longitudinal Joint 85 t0 90 or -90 to -85 | NA 0to 0.1
Transverse Cracking -45t0 -5 0or 510 45 NA NA
Longitudinal Cracking 451t0 85 or -85t0 -45 | NA NA
90°
tongitudinal
cracking 1 Transverse cracking 2
(45 to 85) (5 to 45)
o
Transverse cracking 1
(-45to-5)
Longitudinal cracking 2
~.(-85 to - 45) '
-90°

Figure 34. Distress Angle Definitions
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The following figures in Appendix B display sample rating results:
Section 12: Image 87 in Figure 164
Section 11: Image 43 in Figure 165

Section 11: Image 44 in Figure 166

2.4 Gap Analysis and Design Considerations

Accuracy and precision of the measured distress against the established reference
values (“ground truth”) were evaluated to identify the systematic and random errors. The
systematic error or bias could be addressed by calibration relative to the existing rating
methodology, but the random errors need to be addressed by increasing the reliability of
the crack detection and distress identification algorithm through various control
parameters within the algorithm. Regarding the effect of error type in network-level
pavement management decisions, it is believed that systematic errors in pavement
condition data have a higher impact on the PMS outputs than random errors.

From these analyses, potential causes can be categorized to help with identification of
prospective solutions. Initial categories of “potential causes” or “gaps” may include:

1. Human Random Errors (i.e. “oops, missed it”)

2. Human Systematic Errors (i.e. “that isn’t the way | interpreted the handbook”)
3. Software Systematic Errors (i.e. algorithm needs correction)

4. Hardware Issues (i.e. hardware settings or calibration are in question)

5. Limitation of Existing System

In this section of the report, the gaps in the performance of the automated rating
algorithm are identified according to the success metrics observed in the previous
section. In addition, a potential design consideration is offered as the solution to
address each identified gap.
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2.4.1 Human Random Errors

Standard deviation of error among the different test sections should explain the degree
of random error for each distress identification method. There is not much to be done to
address human random errors. There seems to be higher standard deviation of error in
the evaluated automated algorithm compared to the manual and semi-automated
results which are relatively similar to each other. This higher variation of error for the
automated results indicates that the algorithm performed much better in some test
sections compared to the others. Therefore, this is not necessarily a random error and it
could be a systematic issue. To address this gap, there needs to be a more robust
crack detection, classification, and rating routine which will be discussed in the Section
2.4.3 on software systematic errors.

2.4.2 Human Systematic Errors

The biases in the manual and semi-automated surveys represent human systematic
errors. These errors seem to be relatively lower for the semi-automated rating
compared to the manual field rating. In addition, there seems to be lower errors in terms
of transverse and longitudinal cracking compared to corner cracks and shattered slabs.
There seems to be a very high bias in terms of spalling and patching, but that could be
attributed to the lower number of occurrences. To address this gap, it is recommended
to improve the Distress Protocols, and/or their application and several notes have been
provided in Section 2.2.1. Careful review, discussion and coordination needs to take
place with FDOT staff to be certain the existing protocols are being interpreted and
followed as closely as possible (and practical). During that coordination process,
invariably “qualifiers” or editorial corrections are anticipated that will provide for more
consistency in the application of the protocols for both manual and automated
application.

2.4.3 Software Systematic Errors

The following are the software systematic issues that have been identified and
corresponding solutions that have been recommended by Fugro research team.

Transverse and Longitudinal Joint Detection

The WiseCrax software version 3.0 did not have a joint detection routine. In this
preliminary exercise, the rating criteria (angle and extent) were used to classify
transverse and longitudinal lines as joints. As it is evident in the higher number of
longitudinal cracks compared to ground truth, which have caused higher bias and
standard deviation of error for longitudinal cracks compared to transverse cracks, there
seems to be some longitudinal joints at diagonal directions in the images which were
mistakenly classified as longitudinal cracks. A review of the images confirms this
observation. To avoid incorrectly considering these skewed joints as cracks, joints must
be detected, and their surrounding pixels should be masked as non-crack area. Several
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image-processing techniques, such as edge detection, contour detection and Hough
line transform can be used for this task. The team recommends a joint detection plugin
to be developed for the Vision software. It is perceived that much of the bias and
standard error in automated detection of longitudinal and transverse cracks could be
addressed by separating joints and lane markings from other surface defects.

Lane Marking Detection

From a study of images, it was observed that several stripe edges were classified as
longitudinal cracks. Since we mainly focus on pavement defects within lanes only, lane
marking detection is vital to define the region of interest (ROI) for further operation
executed with the pavement image. The algorithm for lane marking detection can still be
improved. The computer vision-based technique for lane marking detection include
thresholding and contour detection. Then the properties of contour can be studied, and
the false positive detection can be filtered out.

Crack Severity Rating

In this preliminary evaluation, severity rating was not considered. This is because of the
noise in the images that needed to be removed using filters to detect sealed cracks.
Filtering the images tends to increase crack widths and therefore impact the assignment
of severity levels. In addition, when the WiseCrax option to enable detection of sealed
cracks is used, the recorded crack widths are larger than what is measured and
therefore not useful for severity rating. It is recommended that filtering is not used
moving forward. This is because the non-sealed cracks have a higher priority for FDOT
and because the crack width and severity assignment have higher priority than
detection of sealed cracks.

It should be noted that the evaluation results show very low agreement among the
raters in terms of identifying severity levels during manual and semi-automated surveys.
This is evident in the results detailed in Appendices C, D, and E. It has been found to be
very difficult to get consistency in severity levels regardless of the procedure used.

Crack Grouping and Count per Slab

As it was explained in Section 2.2.5, a database routine was developed to count the
number of cracks per slab. However, the results of the evaluation indicate much higher
bias and lower precision in count values compared to length values. This is because
multiple segments of one crack are counted as separate distresses thereby increasing
the number of cracks. This issue can be addressed by developing an enhanced
grouping process that would allow for grouping of cracks according to their location
across the slab.
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Corner Cracks

After the joints are detected, each slab is defined. Corner cracks can be detected using
coordinates of their start points and end points and their angle. There are four types of
corner crack: bottom right, bottom left, top right, and top left.

Shattered Slabs

Similar to the algorithm for corner cracking detection, the number of ‘sub-slabs’ can be
acquired if coordinates of edges (longitudinal or transverse cracks) are given. The slab
which are divided into more than four pieces are considered as Shattered slab. An
alternative methodology could be based on crack counts per slab to simplify this
process.

Spalling

The evaluated software cannot detect spalling using the existing images. It is expected
that depth (3D) data is required for detection of spalling at joint or crack edges.

Patching and Surface Deterioration

Patching and surface deterioration continue to be two of the most challenging distresses
to detect with an automated system. For these specific distresses of concern,
alternative methods of identification will likely need to be identified or explored.
However, it should be noted that the emphasis of this project is on cracking distresses.

2.4.4 Hardware Issues

These typically include such items as camera settings, daily calibration checks and
other fundamental controls that provide for more consistency in the use of the hardware
being utilized. Initial and preliminary recommendations were made in Section 2, and
Appendix A provides a draft guideline for annual calibration and check of the imaging
hardware.

2.4.5 Limitation of the Existing System

As it was mentioned, distresses such as spalling, or patching cannot be detected
without 3D data. Images of the 12 test sections were collected both with the FDOT
MPSYV (2D LRIS) on December 1, 2015 and with a Fugro ARAN (3D LCMS) in October
2015. The main analyses in this study were conducted using the LRIS images as was
within the scope of this study. Following completion of Task 3, FDOT will review the final
evaluation results and if FDOT finds it beneficial, there could be a follow-up study
showing the results of 3D analysis.

116



2.4.6 Recommended Design Solutions

Table 30 summarizes the identified gaps and corresponding recommended solutions.

Table 30. Identified Gaps and Recommended Solutions

Number | Category Gap Recommended Solution
Human Random | High variation of rating results
1 . N/A
Errors among test sections
High bias (average error) and . .
2 Human . high variation of rating results F\’_ewew andfor revise
Systematic Errors . distress protocols
among multiple raters
High plas n Iongnugjlnal Joint detection plugin and
3 cracking amount (high number ludin for separating strioes
of false positives) piug P g strip
4 High variation of error among | Joint detection plugin and
multiple test sections plugin for separating stripes
High variation of error among
multiple runs (Wh'.le , Joint detection plugin and
5 reasonable variation in the lugin for separating strioes
Software actual values among multiple plug P g strip
Systematic Errors | runs)
6 High bias in crack counts Improve crack grouping
7 Issue with rating of corner Corner crack plugin
cracks
8 Issue with rating of shattered Shattered slab plugin
slabs
Issue with crack width Do not use filters moving
9 determination and severity forward so that crack width
rating can be measured
Hardware distresses such as spalling, or
10 o patching cannot be detected Evaluate 3D data
Limitations .
without 3D data

Based on this gap analysis, the following development efforts are recommended for
Task 3 of this project. The algorithm logic design is briefly explained for each
development effort:

1) Transverse and longitudinal joint detection plugin

a. First, an edge detection algorithm is used to detect the joint edges. Joint
edges are detected by identifying points where the brightness changes
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(decreases) sharply, based on the assumption that the other 'background'
pixel brightness varies smoothly across the pavement image.

b. Then, the non-straight line segments are filtered out by analyzing the
shape of the contour line passing through the detected joint edges. The
contour is a curve joining all the adjacent points along the edges. The
elongation and orientation of the contour’s shape is estimated. Elongation
is calculated as [1 — W/L], where W is the width of the rotated minimal
bounding box (the rectangular enclosing the contour shape), and L is the
length of the rotated minimal bounding box. The elongation of the contour
should be large than a predefined threshold value to make sure the object
is a linear feature. The angle between the line parallel to the length of the
bounding box and the horizontal is representing the orientation of the
contour shape. The orientation of the major axis of the contour should be
close to 90 degrees or O degrees.

c. Finally, the “straight” line is extracted using Hough Transform to fit a
straight line through the joint edge points.

2) Lane marking detection plugin

a. gray-level thresholding: We assume that the pixels of lane marking are
brighter than the rest of the pixels in the image.

b. contour analysis and filtering: Shape of the bounding box for the lane
markings should be close to rectangle and its area should be larger than a
predefined threshold value. Rectangularity is evaluated by the degree to
which a contour shape fills its minimal bounding box (area of the object
divided by area of the bounding box). Area is evaluated as the area
enclosed by the contour of an object.

3) Plugin to improve crack grouping and count per slab

a. group cracks based on the types of cracks (longitudinal or transverse)

I. detect the endpoints of the cracks and divide them into two groups
based on the type of crack

ii. only connect the endpoint pair (P1(x1,y1), P2(x2,y2)) if one of the
following exists:
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1. if both of the points in the pair belong to the category of
longitudinal crack endpoint AND |x1- X2|/|y1- y2|>1 AND
Euclidean distance between the pair is smaller than a
threshold value (for example, 300 pixels) OR

2. If both of the points in the pair belong to the category of
transverse crack endpoint AND |xi- x2|/]y1- y2|<=1 AND
Euclidean distance between the pair is smaller than a
threshold value (for example, 300 pixels)

b. extract the corner points (vertices) of the slab and count the cracks in
each slab based on the relationship of endpoints of crack and slab
vertices:

i. Assume crack endpoint P’s coordinate is (xp,yp), and the slab’s
upper left point is (x1,y1) and lower right point is (x2,y2).

ii. if (xp is between x1 and x2) AND (yp is between y1 and y2), then we
consider the point (Xp,yp) is inside the slab.

ii. If any crack endpoint is inside the slab, the crack is regarded as a
‘crack in this slab’.

4) Plugin to classify and rate corner cracks

a. extract the corner cracks based on the relationship between endpoints of
crack and slab edges (or joints); A corner crack should intersect with both
transverse and longitudinal joints, and this point of intersection should be
more than one foot apart from the slab corner on both the longitudinal and
transverse joints. Based on its location, we classify corner cracks into four
types: upper left, upper right, bottom left and bottom right.

b. rate the corner crack based on its width:

I. light: width <= 1/8 inch

ii. moderate: 1/8 inch < width <=1/4 inch

119



iii. severe: width > 1/4 inch

5) Plugin to classify and rate shattered slabs

a. count the number of regions bounded by the 'cracks inside the slab' and
joints. If the number is greater than four, the slab is counted as shattered
slab. Note that the grouping plugin should have satisfactory performance
before this plugin can successfully classify shattered slabs.

b. rate the shattered slab based on width of crack.
i. moderate: width <=1/4 inch

ii. severe: width > 1/4 inch

2.5 Summary and Recommendations

Results from the evaluations in Task 2 of this project provide the necessary tools to
conduct appropriate analyses. Specifically:

1. Establish reference values

2. Determine acceptable range based on the variations observed during the
evaluation of existing methods

3. Compare manual, semi-automated, and fully automated methods
4. Diagnose areas for improvement

2.5.1 Summary Observations
The key observations from these evaluations were as follows:
1. While there was more agreement among the raters in manual field surveys
compared to semi-automated rating, there seemed to be less bias (systematic

errors) and higher precision (lower variation of each rater error among test
sections) in the semi-automated results as opposed to field surveys.
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2.5.2

. There seemed to be more agreement among the raters in terms of transverse

and longitudinal cracking compared to other distress types. A review of the
distress identification protocol is recommended for increasing consistency among
raters. Section 2.2.1 provided pertinent notes for the FDOT Rigid Pavement
Condition Survey Handbook (2017) to be considered by FDOT staff.

The automated routine was relatively more successful in detecting and identifying
the length of transverse cracks (83%) compared to longitudinal cracks (60%). In
fact, the accuracy of the automated routine in terms of the transverse cracks
(83%) was higher than the accuracy in the manual field surveys (75%). The
reason was mainly because of the longitudinal joints or lane stripes that were
falsely being classified as cracks and therefore increasing the number of cracks
(positive bias). There is a need for proper joint detection.

In contrast to the reliability evaluation based on the variation of error compared to
a reference survey, the evaluation based on the actual variation of distress
amounts among multiple runs indicated that the automated algorithm had a
comparable repeatability to the manual and semi-automated methods. It is
perceived that by addressing the issues of joints and cracks, the variation among
runs will decrease.

There was a need to filter out image noise to be able to detect sealed joints and
wider cracks. As a result, crack widths were detected to be wider than actual and
this compromised the ability of the software to assign proper severity levels. It is
recommended that filtering is not used moving forward.

The evaluated software needs improvements in terms of the count of the
distresses as opposed to the length. Proper grouping of detected crack segments
is required.

Spalling could not be detected without depth (3D) data.

Recommendations for Task 3 Software Development

For initial planning purposes, the following six subtasks are recommended for Task 3:

1) Transverse and longitudinal joint detection plugin,

2) Lane marking detection plugin,
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3) Plugin to improve crack grouping and count per slab,

4) Plugin to classify and rate corner cracks,

5) Plugin to classify and rate shattered slabs,

6) Final evaluation results.

2.5.3 Future Analysis Recommendations

The research team recommends the following analyses to be conducted in future to
ensure an appropriate path forward with the software development and implementation:

A. Conducting a Second Distress Workshop

B. Confirming Detection Settings Using Additional Images

C. Evaluating Automated Software Using 3D Data

D. Evaluating a Second Alternative Software

The following segments provide the objectives, required activities, and the needed
budget amounts for these additional activities. If FDOT approves these activities
following Task 3, Fugro will prepare an updated proposal and request a corresponding
time extension and budget modification to account for these additional tasks.

A. Conducting a Second Distress Workshop

After review of the FDOT Rigid Pavement Condition Survey Handbook (2017) during
the preliminary distress workshop, it was determined that some of the distress
definitions needed further clarification for consistent and reproducible distress rating
results. In addition, review of the distress ratings conducted by FDOT experienced
raters further highlighted the need for consensus building among the raters. There is a
need for a second distress workshop with the following objectives:

1. Review the reference semi-automated distress rating (conducted by Fugro
engineers) to arrive at a consensus among the FDOT experienced raters. This
consensus survey will be used as the reference survey to evaluate accuracy and
precision of the automated and manual distress ratings moving forward.
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2. Review the notes from the first distress workshop on the FDOT Rigid Pavement
Condition Survey Handbook (2017) and identify the required modifications to the
handbook. This will also include clarifications of definitions for some distress
types and severity levels to ensure corresponding software development.

The required activities for conducting the second distress workshop include the
following:

e Activity 1: Pre-workshop coordination and preparation of presentation materials

e Activity 2: Attending and conducting the workshop

e Activity 3: Post-workshop review and action items

The estimated level of effort required to conduct a second distress workshop is about
120 hours of the consultant’s time.

B. Confirming Detection Settings

There is a need for further evaluation of the automated software settings on additional
pavement images (of other textures, surface types and characteristics) with the
following objectives:

1. Confirm whether a pre-processing filter is essential to filter out noise and identify
the type and properties of the required filter based on additional images.

2. Investigate and confirm the crack detection parameter settings that provide the
best compromise between false positives and missed cracks based on the initial
test sections and the additional images.

3. Investigate the impacts of the selected filters and detection parameter settings on
the width of the detected cracks and recommend path forward for proper
assignment of severity levels

The required activities for confirming detection filters and settings include the following:

e Activity 1: coordinate with SMO to obtain about 120 images (30 images from four
additional test sites of different surface types, textures and surface
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characteristics), format received data into proper folder structure, and create
Vision database

Activity 2: investigate the necessity of filters based on four filter types and each
with three different parameters (12 possible iterations) on a representative
sample of the images (10%, about 12 images). Each iteration will take
approximately five minutes to conduct and record. During this activity, the crack
detection parameters will be fixed at the settings identified on the initial test
sections.

Activity 3: investigate the suitable crack detection parameter settings based on
about 10 key parameters (the initial software evaluation found the detection
results to be more sensitive to these key parameters) and each with three
different values (30 possible iterations) on a representative sample of the existing
and the additional images (existing 12 sections 40 images each, additional four
sections 30 images each). About 10% of the images will be used for this exercise
(60 images). Each iteration will take approximately five minutes to conduct and
record. For each sampled image, the average pixel intensity can be calculated
and a correlation with the selected settings could be investigated.

Activity 4: obtain the FDOT manual survey results on the additional sections and
compare total amounts of distress to confirm proper detection settings

Activity 5: conduct a baseline semi-automated survey on the additional images to
obtain crack maps and confirm proper detection settings

The estimated level of effort needed to conduct further analysis on detection settings is
about 320 hours of consultant’s time.

C. Evaluating Automated Software Using 3D Data

Fugro has previously collected 3D LCMS images of the 12 test sections used in the
initial software evaluation. However, the software evaluations were conducted based on
the 2D LRIS images according to the proposal as the SMO MPSV unit collects 2D
images only. Evaluation of the automated software on 3D images will benefit the project
outcome as it will serve the following objectives:

1.

Investigate whether the current limitations of the automated software results were
due to hardware limitations
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2. Provide insight into the limitations of 2D images and how a hardware upgrade
would benefit SMO in distress identification

The required activities for evaluating the software on 3D images include the following:

e Activity 1: coordinate with FDOT to conduct semi-automated evaluations of the
3D images by FDOT experienced raters

e Activity 2: determine proper filters and detection parameter settings

e Activity 3: conduct classification and rating

e Activity 4: summarize the results and conduct comparisons

e Activity 5: prepare documentation

The estimated level of effort required to conduct an analysis of the 3D pavement images
is about 350 hours of consultant’s time.
D. Evaluating a Second Alternative Software

The analysis cited above was based on use of a software package that the research
team had confidence and familiarity with. However, there are a host of other software
available. A comparison with other software (which would meet the requirements of this
project) will confirm whether the variability issues are due to the detection algorithm or
due to hardware limitations.

The required activities for evaluating an alternative software on 2D images include the
following:

e Activity 1: prepare the FDOT LRIS images to be used in the alternative software

e Activity 2: determine proper filters and detection parameter settings in the
alternative software

e Activity 3: conduct classification and rating in the alternative software
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e Activity 4: summarize the results and conduct comparisons

e Activity 5: prepare documentation

The estimated level of effort needed to conduct analyses using an alternative software
is about 440 hours of consultant’s time.
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CHAPTER 3 - RIGID PAVEMENT APPLICATION DEVELOPMENT AND
VALIDATION

Task 3 of Phase | included the development of the FDOT Rigid Pavement Distress
Application (FRPDA) for crack identification and quantification, and the corresponding
validation testing of the application to evaluate its merit.

The preliminary experiment in Task 2 included: establishment of 12 validation test sites
representing the typical crack types and severity encountered on Florida rigid
pavements; validation of collected image quality and its adequacy for distress
identification; ground truth measurements based on a manual rating of the collected
LRIS images (reference survey); and comparison of accuracy and precision of the
automated method to manual and semi-automated distress surveys using a
comprehensive evaluation framework and established success metrics. Figure 35
illustrates the devised evaluation plan for conceptualization and design of the FRPDA
algorithm. The previous chapter describes all these steps in detail.

This chapter describes the design solutions devised to address the gaps identified in
Task 2. The design of these solutions was initiated in Task 2 and documented in the
corresponding chapter. As the actual development effort started in Task 3, some of the
solutions have been modified to better address the gaps. Section 3 describes the final
algorithm in detail. Section 3.2 presents the results of automated distress identification
using the developed solutions in terms of the same evaluation framework and success
metrics that were established in Task 2. Finally, recommendations are provided in
Section 3.3 on the path forward regarding implementation of the automated survey
approach in practice.
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Figure 35. Framework for Evaluation and Design of Automated Pavement Distress Application
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3.1 Rigid Pavement Application Design Solutions

Table 31 summarizes the identified gaps in the preliminary evaluation of an available
automated software application (WiseCrax) and corresponding recommended solutions
based on the results of the gap analysis conducted in Task 2. Based on the gap
analysis, the following development efforts were recommended and implemented in
Task 3 of this project. The primary focus of this effort was on determining cracking

distresses.

Table 31. Identified Gaps in Automated Software System and Recommended Solutions

Number | Gap Recommended Solution
1 High bias in longitudinal cracking (high number of o _ _
false positives, both count and length) Develop joint detection algorithm
and improvements for
) High variation of error among multiple test separating stripes
sections
3 High bias in all crack counts (while reasonable Imorove crack arounin
bias in transverse crack length) P grouping
Revise corner crack definition in
4 Not rating corner cracks FDOT protocol and develop
corner crack algorithm
5 Not rating shattered slabs Deve_lop shattered slab
algorithm
6 Issue with crack width determination (and Modify pixel intensity threshold
therefore severity rating) after image filtering for measuring crack width
7 Not rating spalling of crack and joint edges
Need depth data
8 Not rating patching

Sections 3.1.1 and 3.1.2 describe the adjustments to the existing software (WiseCrax)
based on the needs of this project. The adjusted routine first filters the images (see
Section 3.1.1) and then detects surface defects (see Section 3.1.2). Both routines have
been assembled into a single batch processor, which can be run from the Fugro Vision
platform. Sections 3.1.3 to 3.1.7 explain the subroutines developed specifically for this
project and embedded in the customized batch processor, which was named “FDOT
Rigid Pavement Distress Application” (FRPDA).

The recommended procedure for automated identification and quantification of rigid
pavement cracks is as follows. This process has been detailed in the FDOT Rigid
Pavement Distress Application User’s Guide in Appendix G.
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3.1.1

. Run the automated lane assignment based on lane edge offset from image edge

and specified lane width. Review and correct lane edges as needed to address
any significant vehicle wander during data collection.

Run the automated batch processor for crack detection (based on WiseCrax),
which filters the images and detects the surface defects for all sections in a
project database.

Run the automated batch processor called “FDOT Rigid Pavement Distress
Application” to:

a. Detect the joints for all sections in a project database;

Perform quality control (QC) of the joints, modify, add, or delete as appropriate
for each section;

Run the automated batch processor called “FDOT Rigid Pavement Distress
Application” to:

b. Conduct classification, which groups adjacent lines, assigns lines to slabs,
and classifies lines into longitudinal and transverse based on their angle
for all sections in a project database;

c. Rate the classified lines into corresponding crack types and severities for
all sections in a project database;

Perform QC of the automated cracks, modify, add, or delete as appropriate for
each section. Other non-cracking distress types can also be manually identified
during this QC.

Pre-Filtering Images

During Task 2 of Phase I, it became evident that filtering and down-sampling the
collected images had a significant positive impact on the crack detection results. This
was because the detection algorithm was not capable of differentiating between darker
pixels within joints and sealed cracks that had a considerable width. It was also found
that for the LRIS images collected on the 12 representative rigid pavement sections, the
most suitable filter was a Gaussian filter with a radius of 10 pixels. This filter was
selected since it provided the best compromise between detecting wider and narrower
surface defects. This filter was applied to all the images from all the 12 test sections
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using an open-source software called ImageJ. Of course, using an additional software
for this purpose was considered a short-term solution at that stage of the research
project to provide the final results. For production-level activities, this open-source code
was embedded into the beginning of the WiseCrax detection routine, and the whole
process can be accessed through a batch processor within the Fugro Vision platform.

3.1.2 Detection Profile Settings

As was described in detail in Section 2.3, there are multiple detection parameters that
can be adjusted for improved detection results. Based on the detailed investigation
conducted in Task 2, the recommended parameter setting was established based on
the sample images of the 12 test sections.

Filtering (down-sampling) the images tends to artificially increase crack widths and
therefore adversely impact the assignment of severity levels. The reason is that the
output of Gaussian Filtering is a ‘weighted average’ of each pixel's neighborhood, with
the average weighed more towards the value of the central pixels. For this reason, the
peak width of the intensity is increased. As a result, the crack width, which is measured
by the number of darker pixels with an intensity less than the threshold value, would
also increase in almost all cases.

It was recommended that a lower pixel intensity threshold (darker pixels) be used for
determining the crack widths based on filtered images. This threshold is the maximum
intensity (the lightest pixels) for a pixel to be counted as part of the crack width. An
examination of different intensity thresholds (40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90,
95, 100) was conducted based on the sample images of the 12 test sections. The
results of crack width determination with each of these thresholds were validated by
measuring the actual crack widths based on non-filtered images. It was found that a
threshold of 70 was yielding the most accurate width measurements for sealed cracks
and a threshold of 80 was providing the best results for the width of non-sealed cracks.
Therefore, an intensity threshold of 75 was implemented in the final application as the
best compromise between sealed and non-sealed cracks.

The final detection settings are shown in Figure 36, and were applied to all images of
the 12 test sections after pre-filtering. For detailed description of each detection control
parameter, please refer to Section 2.3. The combination of the Gaussian filtering and
surface defect detection was assembled into a single batch processor within the Fugro
Vision platform.
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Figure 36. Final Detection Parameter Settings Applied After Pre-Filtering

3.1.3 Transverse and Longitudinal Joint Detection Routine

Since the initial crack detection software (WiseCrax) did not have an independent joint
detection function at the time of this research project, a joint detection routine was
specifically developed for this project. Note that this routine was designed to identify
longitudinal and transverse joints that are approximately at right angles to the image
frame, and the presence of skewed/diagonal joints was considered an exceptional rigid
pavement design which is not frequently encountered. Since a concept of narrow
windows is used to identify very straight lines as joints, naturally, the detected joints
have a maximum angle of approximately 5 degrees from the horizontal or vertical.
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1. First, the image is downsized (the size of downsized image is 0.25*0.25 of
original image) to enable detection of wider (sealed) joint lines. Then the
downsized image is divided into a matrix of cells. The size of each
individual cell is 8 by 8 pixels. Then, the darkest pixel in each cell is
detected and the information (i.e. intensity and x-y coordinates) of the
darkest pixel is assigned to that cell. The existence of a joint cell is then
detected by comparing its intensity with the intensity of adjacent cells
using a contrast index. If the cell intensity is lower (i.e. darker) than
adjacent cells, then the cell is a candidate “joint cell”. The adjacent “joint
cells” are connected to form a candidate joint. Figure 37 shows example
detected adjacent cells for longitudinal joints on the top and transverse
joints on the bottom. The black and gray cells are candidate “joint cells”.

Figure 37. Detecting Adjacent Candidate Joint Cells (Dark Cells, each 8 by 8 pixels)

2. A narrow moving window (12 pixels wide) at O or 90 degrees (for
transverse or longitudinal joints) is used to scan the whole candidate joint
cell map, which only contains joint cells. Figure 38 shows an example of
such narrow windows for both transverse and longitudinal joints. The
number of cells that fall into this window is counted. If the number of cells
is larger than a threshold number (we found that 1/10 of width or height of
downsized image was the threshold that minimized the sum of false
positives and false negatives.), then the candidate joint pixel detection
result is probably a true positive and the centerline of the window is
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considered as joint coordinates. Otherwise, the detection result is a false
positive and would be excluded from further analysis.
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Figure 38. Narrow Window to Identify Joints from Detected Joint Cells

3. Some crack cells (cells that belongs to a pavement crack) could be the
source of false positives. A second narrow window (12 pixels wide) is
used to filter out this kind of error. The gap between the candidate joint
cells that fall within the narrow window is calculated and if this gap is
higher than a specified threshold (64 pixels), then this is a meandering
crack (going in and out of the narrow window) and not a straight joint.
Figure 39 demonstrates an example of such false positive joints.

4. Finally, the selected joint coordinate (x coordinate for longitudinal joints
and y coordinate for transverse joints) is recorded, and a line is drawn on
the image. The coordinate information is also recorded in the SQL
database for future assigning of cracks to specific slabs.
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Figure 39. Removing False Positive Joints According to the Gap Between Joint
Cells

Table 32 lists the preliminary results from the joint detection routine described above.
For each of the 12 representative test sections (selected in Task 2), Table 32 is showing
the number of correctly detected joints, with some exceptions, including falsely identified
joints and missed joints. In addition, Table 32 provides summary statistics for detection
rate and detection validity. Joint detection rate is calculated as the percentage of all
existing joints that were successfully detected by the algorithm. Joint detection validity

represents the percentage of detected joints that were actually existing on the pavement
surface.

Correctly Detected Joints
All Actual Joints

Joint Detection Rate =

Correctly Detected Joints

Joint Detection Validity = All Detected joints
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Both indicators show high percentages overall. However, there are a few exceptional
situations that have resulted in missing some transverse joints and falsely detecting
some longitudinal joints. Sections with considerable issues have been highlighted in

yellow.
Table 32. Preliminary Joint Detection Results
Transverse Joints
. Correct Exceptions Detection Rate Validity or Accuracy
Section . - - - — —
Joints |False Joints | Missed Joints | % of all existing joints | % of all detected joints
1 46 1 4 92.0 97.9
2 49 1 3 94.2 98.0
3 57 2 0 100.0 96.6
4 60 4 7 89.6 93.8
5 23 0 52 30.7 100.0
6 30 1 0 100.0 96.8
7 33 0 2 94.3 100.0
8 32 0 0 100.0 100.0
9 25 0 1 96.2 100.0
10 60 1 2 96.8 984
11 42 1 16 724 97.7
12 56 0 14 80.0 100.0
AVG 43 1 8 87.2 98.3
Longitudinal Joints
Section Correct Exceptions Detection Rate Validity or Accuracy
Joints |[False Joints | Missed Joints | % of all existing joints | % of all detected joints
1 16 0 9 64.0 100.0
2 34 0 7 82.9 100.0
3 51 33 0 100.0 60.7
4 40 10 6 87.0 80.0
5 65 2 16 80.2 97.0
6 71 14 0 100.0 83.5
7 87 31 2 97.8 73.7
8 57 14 2 96.6 80.3
9 59 14 0 100.0 80.8
10 59 0 3 95.2 100.0
11 34 19 2 944 64.2
12 48 20 0 100.0 70.6
AVG 52 13 4 915 82.6

Figure 40 shows two examples of exceptional situations resulting in falsely identified
longitudinal joints. The image on the left shows a curb on the outer right edge that was
falsely identified as an additional longitudinal joint. This and similar issues have been
resolved by restricting the identification of multiple longitudinal joints closer to the image
edges. The image on the right shows the black lane stripe that was falsely identified as
a longitudinal joint. This and similar issues have been resolved by checking the pixel
intensities of the adjacent 100 pixels in the original image, and thus removing dark or
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white stripes (if more than 30 pixels out of the 100 have lower than 30 or higher than
210 intensity) from the list of longitudinal joints.

Figure 40. Examples of Exceptional Situations with Falsely Detected Longitudinal
Joints (Curb Edge on the Left Image, and Lane Edge on the Right Image)

It should be noted that this procedure was not successful in some sections (such as
Section 9 on the right in Figure 41) due to the extensive presence of exceptional
situations. Specifically, Section 9 had faded lane stripes in the middle of the images and
were adding to the false positive joints. Therefore, Section 9 was excluded from the final
evaluation. However, the faded lane stripes in Section 8 did not contribute to false
positives, because those lane stripes were not in the middle of the images and this
subroutine was able to disregard them as stripes. The image on the left in Figure 41
also shows another exceptional situation in Section 5, where extremely straight
longitudinal cracks are falsely identified as longitudinal joints. This remains to be a gap
in the developed application.
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Figure 41. (left) Very Straight Longitudinal Cracks Resulting in False Longitudinal Joints in
Section 5; (right) Faded Lane Stripes in the Middle of Image Resulting in False
Longitudinal Joints in Section 9

While some of these issues have been resolved, it is very difficult if not impossible to
identify every exception and address them all. It is possible to use machine learning
algorithms to develop more robust routines that would learn to distinguish joints from
other lines (this also applies to the identification of other distress). However, a machine
learning algorithm will need to be trained effectively on a representative database that
has an adequately large number of sample images with all the noted exceptions, and
that has been manually and correctly marked. The performance of the machine learning
algorithm depends heavily on the availability of such a database.

The automatically identified joints are displayed on the images using green lines. The
user can then modify, delete, or add other joints if needed. It is recommended that a
systematic QC protocol be established to review the results of the software, identify the
common issues to be resolved in future efforts, and rectify the joint detection results
before the identification of distresses. Following the implementation task of this project,
there could be a routine developed that provides the raters with a randomly selected
subset of the images to be manually controlled for quality.
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Following the identification of the longitudinal and transverse joints and removing the
falsely identified joints, concrete slabs are identified as areas surrounded by joints and
lane or image edges. Each slab is assigned a unique SlablID to be able to assign each
of the identified distresses to corresponding slabs. Table 33 shows examples of
identified slabs, along with corresponding coordinates. In addition to the data fields
shown in Table 33, the software also provides dimensions of the slab such as length,
width, and area, which can be output into a comma-separated (csv) file format.

It should be noted that this segment of the routine can be run following the manual QC
and modification of the identified joints so that the distresses are correctly assigned to
corresponding slabs.

Table 33. Example Slabs Identified Using Joints

IDSlab MinX (meter) MinY (meter) MaxX (meter) MaxY (meter)
1 0 225.0125 1.283829 227.5494
2 1.283829 225.0125 3.430392 227.5494
3 0 228.8075 3.373903 231.8106
4 0.169465 234.9278 1.360859 237.8539
5 1.360859 234.9278 4.153444 237.8539
6 0 240.9556 1.473836 247.0091
7 1.473836 240.9556 4.153444 247.0091
8 0 247.0091 1.53546 253.0934
9 1.53546 247.0091 4.153444 253.0934

10 0 253.0934 3.89257 259.188

3.1.4 Routine to Remove False Positive Cracks

Following the joint detection, there were still some straight lines such as skewed joints
and lane markings and stripes that were incorrectly classified as cracks. Therefore, an
additional routine was developed to remove straight lines that were not classified as
joints in the joint detection procedure and were considered false positives for being
cracks. This routine was successful in some cases more than the others. Figure 42
shows one example of the successful application of this routine, where the straight lines
comprising false positive cracks have been removed after joint detection.
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Figure 42. Example Removing Straight Lines (False Positive Cracks) in Section 4

3.1.5 Routine to Improve Crack Grouping and Count per Slab

The following steps describe the routine that was used to improve grouping of cracks
that are close to one another and counting the cracks per slab:

1. The detected lines are grouped based on the types of lines (longitudinal or
transverse)

2. The longitudinal lines are sorted based on minimum value of y coordinate
(minY), and the transverse lines are sorted based on minimum value of x
coordinate (minX)

3. The crack pair C1 [startPoint1(sx1,sy1), endPointl (ex1,ey1)] and C2
[startPoint2(sx2,Sy2), endPoint2 (exz,ey2)] are connected, if and only if one
of the following exists:
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iii. Both lines belong to the category of longitudinal lines, where
sy1<sy2 AND eyi<sy> AND % < 1 (the trajectory between the
27 1
lines is also longitudinal) AND Euclidean distance between
endPointl and startPoint2 is smaller than a threshold value (we

used 500 pixels) OR

iv. Both lines belong to the category of transverse lines, where sxi<sxz

AND exi<sx2 AND % > 1 (the trajectory between the lines is
2= 1

also transverse) AND Euclidean distance between endPointl and
startPoint2 is smaller than a threshold value (we used 500 pixels)

C1
startPointl
endPointl dPoint2
c2 endPoin
Minx _
for C1 startPoint2
Minx
for C2

Figure 43. Example of Two Transverse Cracks Grouped into One Crack

4. The corner points (vertices) of the slab are extracted, and the cracks in
each slab are counted based on the relationship of crack ends and slab
vertices:

i. Given the line startPoint (Xsp,Ysp) and endpoint (Xep,Yep)
coordinates, and the slab’s upper left point being (X1,Y1) and lower
right point being (X2,Y2),
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ii. If (Xsp is between X1 and X2) AND (Ysp is between Y1 and Y2), then
the startPoint (Xsp,Ysp) is considered inside the slab. If (Xep is
between X1 and X2) AND (Yep is between Y1 and Y2), then the
endpoint (Xep,Yep) is considered inside the slab.

iii. If the bounding box of a crack intersects with a slab area, that crack is
counted as a crack in that slab. So, a crack would be considered to be
a crack in several slabs if it crosses several slabs, unless the length of
its crossing is very small.
3.1.6 Routine to Classify and Rate Corner Cracks
The corner cracks are extracted based on the relationship between end points of crack
and slab edges (or joints):

1. A corner crack should intersect with both transverse and longitudinal joints, AND
the distance from this point of intersection to the slab corner should be more than
or equal to 1 foot and less than half the slab width or length (on both the
transverse and longitudinal joints).

2. If a crack intersects a joint at a distance less than 1 foot from the corner, it is
classified as spalling (Figure 44). Note that this crack should intersect the other
joint as well.

3. Based on their location, corner cracks are classified into four types: upper left,
upper right, bottom left, and bottom right.

4. The severity of corner cracks is rated based on their width:

i. Light: width <= 1/8 inch

ii. Moderate: 1/8 inch < width <=1/4 inch

iil. Severe: width > 1/4 inch
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>=1 ft <1ft

>=1ft

Figure 44. Example Corner Cracks and Spalling

It should be noted that the spalling instances that are classified in this routine are only
related to cases where the cracks were not fitting the definition of a corner crack but
were intersecting both the transverse and longitudinal joints of one slab. In the absence
of depth data, the spalling of cracks and joints are very difficult to detect. Therefore, this
spalling number does not represent the entire amount of existing spalling and it is
recommended that the manual QC process accounts for this.

3.1.7 Routine to Classify and Rate Shattered Slabs
The following is the routine used for identifying shattered slabs:
1. The number of regions bounded by the 'cracks inside the slab' and joints
are counted. If the number is greater than four, the slab is counted as a

shattered slab. Note that the grouping routine should be first satisfied
before a cracked slab can be successfully classified as a shattered slab.

2. The severity of the shattered slab is rated based on the average width of
cracks in that slab:
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i. Moderate: width <=1/4 inch
ii. Severe: width > 1/4 inch

However, no shattered slabs were identified on the 12 representative test sections. It
should be noted that the total number of occurrences of this distress type was 10
shattered slabs in all test sections. There are potentially other alternative algorithms that
can better classify shattered slabs, and further investigation is required in this regard.
Therefore, this is a remaining gap that needs to be closed in future (please see Table
36).

3.2 Results of the Developed Rigid Pavement Distress Identification
Application

Similar to the experimental design in Task 2, the evaluation of the developed distress
survey method was done in the following two steps:

3. Comparison of the overall cumulative quantities of various distress types found in
the FDOT windshield survey, FDOT manual rating of the collected images (semi-
automated survey), and the developed automated software (FRPDA).

4. Verification of the automatically detected distresses against the reference crack
maps generated through a manual rating of the collected images (Fugro semi-
automated survey).

The following sections will explain the success metrics considered for these evaluations,
and the corresponding results.

3.2.1 Success Metrics

During the testing and comparison experiment designed in Task 2, the following
success metrics were established for each category of the above evaluations. As
detailed in Chapter 2, a semi-automated approach was used as the reference survey, in
which all the images collected in one run for the 12 test sections (total of 509 images)
were rated by one Fugro pavement engineer and then completely reviewed and
corrected (according to FDOT protocol) by two other Fugro pavement engineers. There
are two advantages to this method, first that the first semi-automated rating was 100
percent controlled by two additional raters, and second that the raters were not
experienced FDOT raters and therefore this reference can be used as an unbiased
reference to evaluate all the three rating methods. FDOT raters and the Fugro software
developer did not have access to this reference rating.
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Based on the overall cumulative amount of each distress:

1. Average error (bias) was used to represent accuracy or effectiveness of each
method. Accuracy can only be quantified with respect to a reference value. The
difference between each FDOT rater and the reference survey in determining the
amount of each distress type was normalized (divided) to the amount identified in
the reference survey. The average normalized error of the three raters (in
percentage) across the 12 sections was used as the bias of the FDOT manual
windshield and semi-automated rating methods. The average normalized error of
the software in the three runs across the 12 sections was used as the bias of the
automated method.

2. Torepresent reproducibility of manual and semi-automated methods, average
standard deviation of error among the three FDOT raters (on the same test
section) was used. Standard deviation of error among the three FDOT raters was
calculated for each test section and then averaged across all sections.

3. The repeatability (or precision) of the automated algorithm is represented by the
average standard deviation of error among three runs on the same test section.
Standard deviation of error among the three runs was calculated for each test
section and then averaged across all sections.

4. To use a measure of reliability independent of the reference survey, agreement
among the three FDOT raters (for manual and semi-automated methods and
among the three runs for the automated method) was represented by 100 minus
the coefficient of variation in the total amount of each distress type on each
section among the three raters/runs.

5. Average standard deviation of error among the 12 sections was used to evaluate
the variability of each method across different situations.

6. To compare efficiency of the three methods (manual, semi-automated, and
automated), the time required for each survey method was estimated.

On a distress by distress basis (based on length):

e True Positives: correctly detected cracks

e False Positives: detected cracks that don’t exist in the reference survey

e False Negatives: Missed cracks
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e Distress Validity (or Accuracy): an indicator to be calculated as the ratio of the
correctly detected cracks (true positives) to the total detected cracks (true
positives and false positives) multiplied by 100. This statistic indicates the
percentage of the detected distress that was actually present in the reference
survey, thereby expressing the validity of the distress detected by algorithms.

e Distress Sensitivity (or Recall): a parameter to be calculated as the ratio of the
correctly detected cracks (true positives) to the total actual cracks existing on the
pavement surface (true positives and false negatives) multiplied by 100. This
statistic represents the percentage of the distress in the reference survey that
was detected by the automated method, thereby expressing the sensitivity of the
algorithms to existing distress.

e Distress Classification Performance: a measure of the number of correctly
classified cracks (according to the reference survey), divided by the number of
correctly detected cracks (true positives) multiplied by 100. This statistic indicates
the percentage of the detected distress that is correctly classified by the
automated algorithm. This metric does not incorporate severity of the distress.

3.2.2 Comparison Results on Overall Section Distress Quantities

The chart in Figure 45 demonstrates the accuracy of the automated distress
identification algorithm developed in Task 3 (FRPDA) in comparison to the previously
available automated method in Task 2 (WiseCrax), and to the FDOT manual
(windshield) and semi-automated methods. Accuracy is defined as 100 minus the bias
(average error among three raters/runs across 12 sections) in identifying each distress
type using each method. In addition to the evaluation of the total distress counts in
Figure 45, Figure 46 shows the accuracy of the automated method in determining the
total length of transverse and longitudinal cracks. It should be noted that the length of
the cracks was only measured in the automated method and the manual and semi-
automated methods only provided the number of cracks.
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Figure 45. Accuracy of Automated Methods in Identifying the Number of Cracks (higher bars are
more accurate results)
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Figure 46. Accuracy of Automated Methods in Identifying the Length of Cracks (higher bars are
more accurate results)

Figure 45 and Figure 46 show that the development efforts in Task 3 of this project have
significantly increased the accuracy of the automated method in identifying both the
count (80%o0n average) and the length (16% on average), respectively, of all distress
types compared to the preliminary evaluation in Task 2. It should be noted that the
preliminary automated method from Task 2 was not capable of classifying corner
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cracks. All these improvements show that the gap analysis and the corresponding
solution design have been successful. In addition, the accuracy of the improved
automated method (FRPDA) is higher than the accuracy of the manual method (FDOT
windshield survey) in terms of transverse cracks (by 23% in count) and corner cracks
(by 44% in count), and comparable in terms of identifying longitudinal cracks (Figure
45).

The repeatability (precision) of the automated algorithm developed in Task 3 is
significantly higher (lower standard deviation among three runs for each section)
compared to the automated method used in the preliminary evaluation in Task 2 (Figure
47 and Figure 48). The repeatability of the automated method developed in Task 3 is
higher than the reproducibility of the manual method in terms of transverse cracking and
lower than the manual method in terms of longitudinal and corner cracking. As it was
explained before, some of the exceptions regarding identification of longitudinal cracks
can cause the repeatability to decrease from run to run. For example, a longitudinal line
that was identified as a longitudinal crack in one run might be identified as a lane stripe
in the other run due to the differences in image contrast and the different image
boundaries caused by the wander of the imaging vehicle. In addition, it is worth to note
that the repeatability of the improved automated results is comparable to the
reproducibility of semi-automated results for longitudinal and corner cracking.
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Figure 47. Repeatability of Automated Methods Compared to Reproducibility of Manual and
Semi-Automated Methods in Identifying the Number of Cracks (Standard Deviation of
Error Among Multiple Runs/Raters: lower bars are more precise results)
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TASK2 Automated (WiseCrax) = TASK3 Automated (FRPDA)
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Figure 48. Repeatability (Precision) of Automated Methods in Identifying the Length of Cracks
(Standard Deviation of Error Among Multiple Runs/Raters: lower bars are more precise
results)

Figure 49 and Figure 50 show the reliability of the automated method in identifying the
count and length of cracks, respectively. The reliability has been calculated as 100
minus the coefficient of variation in overall distress values among the multiple
runs/raters. The Task 3 automated method has a lower reliability in identifying
longitudinal cracks compared to identifying transverse cracks. Also, Task 3 automated
method has a lower reliability than the original Task 2 automated method.
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Figure 49. Reliability of Automated Methods in Identifying the Number of Cracks (100 —
Coefficient of Variation in Total Distress Amounts Among Multiple Runs/Raters: higher
bars show more reliable results)
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TASK2 Automated (WiseCrax) = TASK3 Automated (FRPDA)
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Figure 50. Reliability of Automated Methods in Identifying the Length of Cracks (100 — Coefficient
of Variation in Total Distress Amounts Among Multiple Runs/Raters: higher bars show
more reliable results)

The bar chart in Figure 51 shows a comparison among the different methods, in terms
of the standard deviation of average error among different test sections. For each
method, the average error is first calculated across all raters/runs for each section, and
then the standard deviation of this average error among 12 sections is calculated. The
development effort in Task 3 has resulted in a significant reduction in the standard
deviation of average error among different sections, which proves that the developed
algorithm (FRPDA) has a significantly lower variability compared to the algorithm used
in Task 2 evaluations.
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Figure 51. Variability of Automated Methods in Identifying the Number of Cracks (Standard
Deviation of Error Among Different Test Sections: lower bars mean less variable results)
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Although the variability of the automated method developed in Task 3 is comparable to
the manual method in terms of transverse cracking, it is significantly higher (higher
standard deviation) in terms of longitudinal cracking. Figure 52 shows a similar trend for
the variability in identifying the overall length of each crack type. The difference in bias
in identifying longitudinal cracks from one section to the other is due to the existence of
exceptional circumstances in some sections as it was shown in Figure 41.
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Figure 52. Variability of Automated Methods in Identifying the Length of Cracks (Standard
Deviation of Error Among Different Test Sections: lower bars mean less variable results)

Figure 53 shows a comparison of efficiency (speed) of the automated method (running
the detection batch processor followed by the FRPDA) for distress identification in
comparison to other distress identification methods. Based on an estimation by FDOT
raters, the manual distress surveys are typically conducted at an average speed of 2
mph (1 to 3 mph depending on the amount and severity of distresses present) and the
survey speed for the automated method developed in Task 3 is slightly greater than
that. Therefore, the automated survey can be conducted at the same efficiency, not to
mention the significant improvement in safety of the FDOT staff.
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6 7
Test Section

8

9 10

11 12

Table 34 shows all the above success metrics for the FDOT manual (windshield), FDOT
semi-automated, Task 2 automated (WiseCrax), and Task 3 automated (FRPDA)

surveys.

Table 34. Overall Success Metrics based

on Cumulative Count Values

o FDOT FDOT TASK2 TASK3
Statistic Crack Type Manual Semi- Auf[omated Automated
Automated | (WiseCrax) | (FRPDA)

Transverse 75 93 24 98
_ , Longitudinal | 98 98 0 95
Accuracy (%) = 100 - Blas 0 o) 33 85 Not Rated | 77
Average 68 92 12 90
Repeatability/Reproducibility | 1ransverse | 27 28 40 20
(%) = Standard Deviation of | Longitudinal | 15 39 157 37
Error Among Multiple Corner 37 77 Not Rated | 74
Runs/Raters Average 26 48 08 43
o Transverse | 83 82 75 71
gf;';f‘:s"s%; ﬂggAﬁ%Of Longitudinal | 82 67 65 55
Multiple Raters/Runs Corner 42 7 Not Rated | 25
Average 69 52 70 50
Transverse 61 41 98 65
Standard Deviation of Error | Longitudinal | 45 53 279 71
(%) Among Sections Corner 63 42 Not Rated | 79
Average 56 45 188 71
Efficiency = Speed (mph) Average 2.0 0.2 0.7 2.1
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3.2.3 Verification of Automatically Detected Cracks

Based on the results of the gap analysis conducted in Task 2, the majority of the
development efforts in Task 3 focused on joint detection, and grouping, classification
and rating of detected lines on pavement images (FRPDA). The surface lines (either
cracks or joints or lane stripes or vehicle counter loops) on pavement images were
detected using the same detection routine (based on WiseCrax) in both Task 2 and
Task 3 efforts. Therefore, the results of crack detection in Task 3 have not substantially
changed compared to the results from Task 2 (both conducted using WiseCrax on
filtered images).

Table 35 shows the results of this verification, which was conducted again in Task 3
based on 24 sample images (5% of the total 509 images). Two images were selected
from each of the 12 test sections, and the detected cracks were compared against the
reference survey one by one. These 24 processed images have been provided in
Appendix H for reference. In this table, the following success metrics have been
evaluated. In these equations, true positives are the cracks that were detected and
actually present on pavement surface. Correctly rated true positives are the true
positives that were classified into the correct distress category (regardless of severity

level).
o correctly detected true positives
Validity = = — —
all detected true positives + false positives
L correctly detected true positives
Sensitivity = = — -
actual cracks true positives + false negatives

correctly classified

Classification Performance = —
true positives

Table 35. Average Values for Crack Verification Metrics based on 24 Sample Images (based on

length)
- Sensitivity (or Classification
Validity Recall) Performance
Average 2% 73% 86%
Std 45% 38% 36%
Deviation

Figure 54 shows the length of cracks in the reference crack map, against the amount of
true positive, false positive, and false negative. Except for Image 5 from Section 3 and
Image 11 from Section 6, the detection process has identified true positives comparable
to reference values. The amount of false positive is considerable (more than 5 feet) in
Image 1 (Section 1), Image 8 (Section 4), and Images 9-10 (Section 5). The length of
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missed cracks is significant only in Image 5 from Section 3 and Image 11 from Section
6. The reason for these isolated issues can be further investigated by examining the
processed images that have been documented in Appendix H. For example, Image 5 of
Section 3 and Image 11 from Section 6 have missed longitudinal cracks that were not
detected by the detection routine. Image 8 from Section 4 shows straight lines from a
vehicle counter loop that has been falsely identified as transverse joints. Images 9 and

10 of Section 5 have skewed joints that is a limitation for FRPDA and are falsely
identified as cracks.
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Figure 54. Verification of Length of Automatically Detected Cracks Against Reference on Sample
Images

Figure 55 compares the amount of true positive and correctly detected true positives
against the reference values. It seems like there were considerable difference between
the length of true positives and correctly detected true positives in Image 16 (Section 8)
and Image 24 (Section 12). Image 16 is showing a fairly straight transverse crack that
was falsely rated as a transverse joint. Image 24 is showing a corner crack that has
been identified as a transverse crack because part of the crack has not been detected.
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Figure 55. Verification of Length of Automatically Rated Cracks Against True Positives on
Sample Images

3.3 Summary and Recommendations for Implementation

During Task 3 of this research project, software routines were developed based on the
gap analysis and solution design that was conducted in Task 2. This report presents the
results of the final evaluation of the developed routines in identifying and quantifying the
rigid pavement cracks. Based on this final evaluation, the following are the main
observations:

e Following the development efforts in Task 3, the accuracy and repeatability of the
automated algorithm (FRPDA) has increased significantly. This observation
means that the gap analysis and the solution design were instrumental in
addressing the issues with the preliminary automated method and therefore,
further improvements are possible through a similar analysis.

e The accuracy of the automated algorithm (FRPDA) in identifying transverse and
corner cracks (with respect to semi-automated reference values) is higher than
the manual windshield survey method conducted by FDOT staff. The accuracy of
the automated method is comparable to the manual method in terms of
longitudinal cracks. This means that the automated method could be replacing
the manual survey in identifying these three crack types. Other distress types
(e.g. shattered slabs, spalling, and patching) could be identified using a semi-
automated review of the collected images. This semi-automated review would be
part of the QC process. It will be extensive and time consuming at the beginning
of the implementation but will evolve towards more sampling and become more
efficient after several years of implementation.
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The repeatability of the automated method (FRPDA) is higher than the
reproducibility of the manual survey in identifying transverse cracks and lower in
terms of other crack types. This means that the bias of the automated routine in
identifying longitudinal and corner cracks can vary from run to run. It is worth to
note that the repeatability of the automated results is comparable to the
reproducibility of semi-automated results for longitudinal and corner cracking.
The fact that both automated (FRPDA) and semi-automated surveys show lower
repeatability for longitudinal and corner cracks could be due to the variations in
image quality and vehicle wander from run to run. In another independent effort,
Fugro has recently developed a code that can be used to remove some quality
issues (including the typical streaks) from LRIS images. This code is currently a
beta version and needs further acceptance testing before public release.

The bias of the automated routine in identifying longitudinal cracks and corner
cracks can vary from section to section depending on the exceptional
circumstances that could result in false positives or missed cracks (Figure 41).
Thus, a systematic quality control process is required.

There are several gaps that have been identified after the development and evaluation
of the FRPDA in Task 3, which are listed in Table 36.

Table 36. Remaining Gaps at Conclusion of Task 3

Number | Remaining Gap Recommended Solution
Very straight longitudinal cracks mightbe | jmplement a data collection protocol
rated as longitudinal joints to avoid lane stripes in the middle of

Partially faded, or non-straight and jagged | images, Manual QC and
longitudinal lane stripes in the middle of the | intervention, these situations are not
lane might be rated as longitudinal cracks | frequent

Skewed joints cannot be detected (even
though they are not the predominant design
anymore)

Manual QC and intervention, these
situations are not frequent

Implement a data collection protocol
to avoid significant wander and
variation between images

Still some run to run variation (on different
images of same section)

Revisit the algorithm, test other

shattered slabs are not rated successfully .
alternatives

Not rating spalling of crack and joint edges | Manual intervention in the short

term, collect 3D data and use
Not rating patching machine learning in the long-term
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Based on these observations, the following recommendations are provided for FDOT to
consider with respect to the annual condition surveys of rigid pavements:

Use the developed automated algorithm (FRPDA) to automatically detect and
identify the transverse, longitudinal, and corner cracks. Use a semi-automated
routine to identify other distress types (e.g. shattered slabs, spalling, and
patching) that have not been identified using the algorithm. This semi-automated
routine should also be used for quality control of the results (specially to address
the lower precision and repeatability in identifying longitudinal cracks).

Develop a systematic procedure for implementing the results of this study for
collecting, processing, and integrating pavement images; conducting image
filtering; crack detection; and finally, crack classification and rating. This
systematic procedure needs to also include a quality control and quality
assurance protocol for each step.

Following implementation of this automated distress survey procedure, further
improvements to the automated algorithm can be designed based on further
evaluations on actual surveys. These improvements can be implemented to
enhance automated distress results and reduce the need for human intervention.

If possible, using a 3D imaging technology can also significantly improve the
results of crack detection and crack classification and rating. In the absence of
3D data, some distress types such as patching, and spalling cannot easily be
detected. Spalling of cracks and joints are more pronounced in 3D images,
because the technology darkens the areas that are lower than the nominal
pavement surface. In addition, the 3D texture data can assist in recognizing the
changes in pavement surface type, which can potentially automate identification
of patched areas.

With proper implementation of the developed automated routine and a systematic
guality control procedure, the annual condition evaluation for rigid pavements can
become more effective, efficient, reliable, and safe.
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CHAPTER 4 - LRIS FEASIBILITY ON FLEXIBLE PAVEMENTS

Under Task 4, Fugro analyzed the viability of using 2D LRIS images to detect, quantify
and classify cracks in flexible pavements. Fugro processed 2D LRIS images and data to
be used in software evaluation. Fugro identified the potentials and the limitations of 2D
pavement image technology for flexible pavements. The results from the analysis and
recommendations are documented in this chapter.

Task 4 was subdivided into four (4) subtasks:

1) Data Collection was conducted by FDOT staff using their 2D LRIS equipment

2) Data Processing, including preparation and importing of LRIS data into the data
viewing system, crack detection, and distress identification

3) Evaluation of the automatically detected cracks and identified distresses
compared to the reference survey

4) Potentials and Limitations of the LRIS Technology for crack detection and
distress identification

This chapter is organized in five sections. Section 4 provides a report on a data
collection conducted by FDOT staff. Section 4.2 explains the data processing and data
analysis details. Section 4.3 explains the evaluation of the automated distress survey
results on 2D LRIS images and the corresponding potentials and limitations. Section 4.4
includes conclusions and recommendations.

4.1 Data Collection

The 2D images were collected on 12 representative flexible pavement test sections by
FDOT staff. Data collection for this task was completed in May 2017. This section
describes what types of data were collected, the equipment used for collection, and
where data was collected.

4.1.1 Collected Data Elements
All collected data is referenced geographically and linearly to FDOT’s inventory based

on the provided Location Referencing System (LRS). The collected data include the
following:
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= 2D pavement images using the Laser Road Imaging System (LRIS)

= Pavement longitudinal profile using an Inertial Profiler System (IPS)

= Pavement transverse profile using the Laser Rut Measurement System (LRMS)

= Differential Global Positioning System (GPS) data

= Distance Measuring Instrument (DMI) data integrated with GPS data

4.1.2 Data Collection Equipment

The 2D images and data were collected using the LRIS equipment manufactured by
INO/Pavemetrics and integrated on an International Cybernetics Corporation (ICC)
high-speed profiler host vehicle (Figure 56). It should be noted that as part of a separate
purchase order, Fugro collected 3D images and data from the same locations using the
LCMS equipment manufactured by INO/Pavemetrics and integrated on Fugro’s
Automatic Road Analyzer (ARAN) host vehicle. For more information on that effort,
please refer to the Purchase Order Report included in Appendix I.

Figure 56. FDOT LRIS Equipment
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4.1.3 Testing Locations

Similar to Phase | of this project, 12 representative flexible pavement test sections
(Table 37) were selected by FDOT staff for Phase Il evaluations. These representative
test sections were selected in a manner that would include the key distress types and
severity levels that are frequently encountered on Florida highways.

Table 37. Representative Flexible Pavement Test Sections

Index|County ID|Road City Lane|Direction|BMP |[EMP |Length
1 02050000 |SR 44 Crystal River R2 |East 0.000 (0.604 |0.604
2 02050000 |SR 44 Crystal River L2 |West 0.000 |0.604 |0.604
3 11010000 [SR 44 Leesburg R2 |East 0.000 |1.592 |1.592
4 11100000 |SR 19 Umatilla R2 |North 3.816 [4.906 |1.090
5 11002000 |SR 44 Leesburg R2 |East 1.183 |2.276 |1.093
6 11002000 |SR 44 Leesburg R2 |East 3.184 |4.514 |1.330
7 11080000 |SR 19 Howey in the Hills|R1 |North 0.000 |0.925 |0.925
8 18020000 |SR 50 Polk City R1 |East 5.356 [6.421 |1.065
9 26050000 |SR 24 Gainesville L2 |South 3.367 [6.095 |2.728
10 |26050000 |SR 24 Gainesville L2 |South 6.095 |7.670 |1.575
11  |10190000 |SR 400/ I-4|Tampa R3 |East 11.098|12.332|1.234
12 |10190000 |SR 400/ I-4|Tampa R3 |East 20.407|21.476|1.069

4.2 Data Processing

This section provides a brief overview of the methodology behind some of the key
processing steps conducted and any project specifications unique to this project.
4.2.1 Import Data

The LRIS data collected by FDOT staff had to be imported into a Vision database to be
able to display and analyze the data in the Vision software. First, the quality of the data
files needed to be evaluated since this data was not collected using the Fugro ARAN
vehicles and were not always compatible with the Vision software.

Data Review

The purpose of this procedure is to review the contents of the data collected by the ICC
Equipment provided by Florida DOT. This will review the existing information as well as
look for needed information for importing the collected data to Fugro's Vision software.
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The data provided by FDOT included nine folders, and each folder were named in the
following format: ‘County ID_Route Name_Pavement Type_Start Mile Post-End Mile
Post’. For example, a folder named 02050 _SR44 AC 0-0.604 includes data collected
for test section 1 (out of 12), for which county ID is ‘02050000’, route name is ‘SR44’,
pavement type is asphalt concrete, start mile post is 0.0 and end mile post is 0.604.

The data collected for any adjacent sections (start point of one section is the end point
of another) and any reverse sections (start points, and end points are the same but
collection directions are opposite) are stored in the same folder.

Each folder includes two sub folders: Images and Profiler. The ‘Images’ folders hold all
pavement images collected for the corresponding test sections, while the ‘Profiler’
folders provide information such as distance stamp of each image, and GPS
coordinates recorded during the data collection.

After examination all files in the ‘Profiler’ folder, four files are identified as required for
importing data to Vision database. Table 38 shows these files.

11.Image File: This file contains information, such as Distance stamp, GPS
coordinates, county ID and file path of pavement images collected by the LRIS
equipment. This file is stored in csv (comma-separated values) format in the file
folder.

12.GPS File: This file provides more detailed GPS coordinates information of each
pavement image collected. The GPS coordinates are updated every 0.2 seconds
of UTC time. This file is stored in GO1 format in the file folder.

13.Reference File: This file contains measurement information that are referenced
from other files in the same folder.

14.Section File: This file includes section information, such as County ID, Route
name, mile post of start points and end points of each section. This file is stored
in csv format in the file folder.

Table 38. Four Types of FDOT ICC Vehicle Files Used in Importing Process

File Type File Naming Rule File Name Example
Image File XXXX_img_3.csv 02050L2_Img_3.csv
GPS File XxXxx.G01 02050L2.G01
Reference File XXxX.NO1 02050L2.NO1
Section File Xxxx_six_01.csv 02050L2 six 01l1.csv
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Standard Folder Structure

After thorough discussions, a new folder structure and file naming rules were agreed
between FDOT and Fugro as the standard folder structure. The purpose for this
standard folder structure is to minimize future need for changes in the SQL code that
imports FDOT data into Fugro’s Vision software. Figure 57 shows the standard folder
structure and Figure 58 shows an example.

Year
By County
L— County Name
Pavement Type
L— Collection Name

L— Images

L— MDR
L— xxxx_img_3.csv
L— xxxx.G01
L— xxxx.NO1
L— xxxx_six_01.csv

L— ROW Images

L— Vision Output

Figure 57. Agreed Folder Structure

2017-2018
By County
L— 50 Gadsdent
Flexible

L— 02050L2_img_3.csv
L— 02050L2.G01
L— 02050L2.NO1
L— 02050L2_six_01.csv
L— ROW Images
L— Vision Output

Figure 58. Folder Structure Example

Data Preprocessing Tool

During this stage, the raw data collected by ICC equipment are cleaned (remove
redundancies), standardized, and transformed by the developed Java based data
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preprocessing tool. The Java tool first renames the Image Information files, GPS files,
reference files and section files to ensure: 1) files for the same sections have the same
file name, and 2) files for the different sections have different file names, then separates
the Image Information files and GPS files into one file per sub-section according to the
section boundaries that have been provided by FDOT staff. This pre-processing has
been described in Appendix M.

Import Processed data to Vision Database

During this stage, the pre-processed data is imported into a Vision database. First, a
blank Vison database is created using the DBGen tool provided in the Vision software
package (Figure 59). Database objects such as tables, views, stored procedures,
functions are loaded in the new created blank database, according to the database
template in the DBGen tool.

Rosdware DBGen - - IEN
File Halp
| Connection Settings ‘r"u“o
Conrect 10 your SCA Serves
Sep 1 Connmction Settings ep 2 Sehecx Dmabase
Sevwr | wussichin(l v'e @ Crasto & New Database
Dt sboumn Narw
4 & Windows Autherticetion
SaL Ahanticatir Update Extsting Database
pemaT
Pagaworc o
Conrect
of Connected
Scagts source foider  C\PrageaneData'\Fugo Roadwan \DBGen Soncts
Cance Next

Figure 59. Fugro DBGen Software Interface for Creating Blank Vision Databases

Then, the pre-processed data are uploaded into the Vision database with the developed
SQL scripts, included in Appendix M of this report. Key information such as distance
stamp, GPS coordinates, image file names are extracted from pre-processed data and
loaded into the corresponding tables. With the data successfully integrated into the
Vision database, the Vision software can connect to the database and display various
information about road sections, locations and pavement images (Figure 60). Figure 61
is the database diagram illustrating the basic parts of tables, fields, key fields, and
relationships in the Vision database.
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Figure 60. Fugro Vision Interface Showing the Imported Sections
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Figure 61. Vision Database Basic Tables and Relations

Identified Errors in Data Files

Sample data sets were provided by FDOT for assuring and checking the quality of
developed Java app and SQL code. If all the above steps were closely followed, no
exceptions happened during data importing stage, while some errors occurred when
operating the automated joint detection processor in Vision software. The root cause of
errors was investigated, and it was found that all these errors were caused by certain
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issues in the provided data files. Two typical errors have been identified in the provided
data, which are documented here to avoid them in future:

1. Wrong start mile post and end mile post: In some examples, the same start and
end mile posts were recorded for multiple rows in the saved data files, as seen in
the example below (Figure 62).

B C D E F G H | ) ¥ L M N

Num |~ ImageNum ~* AdjOmi * |FromDist * ToDist ¥ Latitude |« LatDir - Longitude ~ LongDi~ Q ~ Sat * HDOP = Height = Heightl » Ge¢
[ 143 3P000143 45226| 3.9516211) 3.9478233 25.81253041 -80.21530229 2 9 03 37.0922F

144 30000144 45226 3.9510211 3.9478293 2581253041 80.21530229 4 9 09 37.0922F

145 3P00014S 45226 3.9516211 3.9478293 25.81253041 -80.21530229 2 9 09 37.0922F

146 3P000146 45226 3.9516211 3.9478293 25.81253041 -80.21530229 2 3 09 37.0922F

147 3P000147 45226  A.5516211 39478293 25.812530%1 -80,21530229 2 9 035 37.0822F

148 3P000148 45226  3.9516211 3.9478293 25.81253041 80.21530229 2 9 0.9 37.0922F

149 3P000149 45226 1.9516211 39478293 25.81253041 -80.21530229 2 3 05 37.0922F

130 3P000150 45226 3.5516211 3.9478293 2581253041 -80.21530229 2 9 039 37.000F

151 3P000151 45226 3.9516211 3.9478293 25.81253041 80,21530229 2 9 09 37.0922°F

152 3P000152 45226 3.9516211 3.9478293 25.81253041 -80.21530229 2 3 09 37.0922F

153 3P000153 45226  3.5516211 3.9478293 25.81253041 -80.21530225 2 9 039 37.0922F

154 3P000154 45226  3.5516211 39478293 25.81253041 80,21530229 ) 9 09 37.0902F

155 3P000155 45226 3.9516211 3.9478293 25.81253041 -80.21530229 2 9 09 37.0922°F

156 3P000156 45226 3.9516211 3.9478293 25.81253041 -80.21530229 2 9 09 37.0922F

Figure 62. Typical Error in Mile Post Data

2. Invalid length of test section: The length of test section should be longer than
LRIS image height, which is 6.11 meter, approximately 0.004 mile. In some data
files, the recorded length was less than this minimum.

4.2.2 Segmentation

Segmentation is the method of ensuring the data collected by the ICC equipment
matches the geographic and linear references set up by FDOT. The segmentation
process is completed to match the true start and stop locations of the road section to
ensure that the collected data represents the exact location expected by FDOT. The
matching of information was completed using Fugro’s Vision and utilizing site
information provided by FDOT.

Stationing for all routes was adjusted using a method called “rubber-banding”, to match
stationing provided by FDOT. All data collected prior to the start of the route are
removed and the chainage of the beginning of the route is set to the FDOT value for
that landmark. Chainages for all other landmarks on the route are adjusted to match
length and location information provided by FDOT. In the “rubber-banding” process,
data between each set landmark may be stretched or compressed accordingly to
ensure station chainages match up.
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4.2.3 Distress Data Analysis Process

The actual software development effort for this project was carried out during Task 6 of
Phase Il, and therefore at this stage of the analysis, the existing Fugro Vision software
was used due to its availability with the integrated images and data. Therefore, the
following software descriptions are the Vision software descriptions and not the
descriptions for the FDOT customized application at this point of the project. Fugro
Vision software includes an automated distress data analysis application, which
involves the following main routines:

4. Lane Detection: during this step, lane boundaries are automatically detected and
marked as blue lines on the pavement images.

5. Defect Detection: also called “Crack Detection,” during which any linear defects
on pavement surface is detected and marked with lines.

6. Defect Classification: during this step, all the detected linear defects are
classified into one of the three categories of longitudinal defects, transverse
defects, and other (which will eventually be rated as alligator or block cracking)
defects according to some criteria for defect angle and density, which can be
changed by the user.

7. Distress Rating: during this final step, the software assigns a distress type and
severity to each of the classified defects according to a distress schema defined
by the user based on their experience. The user needs to select one or more
criteria from a series of criteria such as angle, longitudinal and transverse extent,
density, width, and others for each distress type and severity. Once the schema
is established, this schema can be applied for network-level data collection.

Distress Schema Specification

The performance of crack detection, classification and rating is highly dependent on a
well-defined distress schema. The setting up of distress schema includes creation of
Distress Type, Distress Severities, Crack Ranges, Detection Profile, Classification
Profile, Road Zones and Rating Profile (Figure 63). In this project, the distress schema
was setup according to the specified criteria for each distress type in the FDOT Flexible
Pavement Condition Survey Handbook (2017). Once the schema is setup and saved,
this schema can be applied for network-level data collection. The following segments
describe how the details of the distress schema are setup.

The Vision software provides two options for distinguishing distresses by zone location:
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1. In the distress schema, only one distress type would be setup for both wheel
path (WP) and outside wheel path (OP), but then they could be separated using
a SQL code on the database based on the location information (Figure 63). This
option is more flexible as it does not require reprocessing if it is decided to
change the width of wheel path zones in the future. Specifically, if the images are
going to be rated manually or if the automated distress needs manual QC and
correction, this option is recommended. It is extremely tedious for the manual
rater to draw separate distresses for the wheel path and non-wheel path areas
(option 2). In this stage of the project, option number 1 was used for establishing
the reference survey.

2. In the distress schema, separate distress types could be setup for WP and OP
areas (Figure 64). This option is recommended when no manual correction of the
automated process is needed. In this stage of the project, option number 2 was
used for the automated distress survey.

50] Distress Schema Editor
5= Bxplorer ¥ Distresses | aai Severiies .—.'); Cracks Ij Profles | +¥ Zones E>= Rating s+ Schemas ¥ (Checks
& = Close T3 New [Z] Modify X Delete |[@] Up [@] Down | ai® Select ~
= / Distresses Distress Name Allows Manual Category
= | Longitudinal I SingleCrack_L Yes Longitudinal
i | SingleCrack _L —SingleCrack_T Yes Transversal
"""" BranchCrack_L I BranchCrack_L Yes Longitudinal
T Tlans.versal — BranchCrack_T Yes Tlansversal
= g'”g'E'?S:kETT [ BlockCrack Yes
""" P o Yo e
[ Patching Yes
: H Raveling Yes Area
(- B Raveling
O Faint
—|-aat Severties
. 1B
..... I
. n Severity Name Width
..... & Cracks |:|.1B 1
= _j Profiles I 1
...... [ Detection VIl 1

L P Classification

Figure 63. Vision Distress Schema Editor Interface with One Distress Type for Both Wheel Path
and Outside Wheel Path Zones (Option 1)

168



L Exsoss | 7 Dastresses | ' Seeemas 7l Cochs
- G Clase INew [ Modty X Delets

Curmsany

pogoooaay | 1] |y

Figure 64. Vision Distress Schema Editor Interface with Separate Distress Types Defined for
Wheel Path and Outside Wheel Path Zones (Option 2)

Distress Type and Severity

Distress types are defined under the ‘Distresses’ tab and the severities under the
‘Severities’ tab. Then, each distress type is assigned the possible severity options.
FDOT’s Flexible Pavement Condition Survey Handbook (2017) includes the following

distress types and severities:
15.Single Cracks (linear length, feet), Class 1B or Class Il or Class I
16.Branch Cracks (linear length, feet), Class 1B or Class Il or Class llI
17.Block Cracks (area, sq. feet), Class Il or Class lll
18. Alligator or Fatigue Cracks (area, sq. feet), Class Il or Class I
19.Patching (area, sq. feet), no severity levels
20.Raveling (area, sq. feet), Light or Moderate or Severe

During the distress rating process, these distress types are identified and quantified

individually and then they are added up to generate the total amount of cracking in each
one of the Class 1B, Class Il, and Class Il cracks. All linear distress types are recorded
in two groups of longitudinal and transverse to differentiate their orientation and facilitate
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quality control, but they are added up for each distress type (for example, branch cracks
or single cracks) following the survey.

Following the distress survey, two categories of distress will be recorded for each of
these distress types: within the wheel paths (CW), and outside the wheel paths (CO).
For automated survey results, this differentiation was made in the schema setup (option
2). For the reference survey, this differentiation was conducted using a SQL code
(option 1). This is required for the final calculation of the amount of distress in each
class within and outside the wheel paths, because the deduct values are higher for
distresses within the wheel paths.

The total area for patching and raveling is added to the total amount of Class Il cracks.
The details of each distress type and severity are recorded to keep a permanent record
that facilitates quality control and quality assurance initiatives. All the summation
happens on the recorded data in the SQL database.

Crack Range

Under the ‘Cracks’ tab in the Distress Schema Editor, a coloring scheme is defined for
identification of the detected cracks/defects on the pavement image according to crack
width (Figure 65). The following crack ranges were determined for this project as they
correspond to the severity levels identified in the FDOT manual:

1. Small cracks with crack width less than 3.18 mm are identified with blue color
lines (later assigned to Class 1B category in distress rating)

2. Medium cracks with crack width equal to or greater than 3.18 and less than 6.35
mm are identified with yellow color lines (later assigned to Class Il category in
distress rating)

3. Large cracks with crack width equal to or greater than 6.35 mm are identified with
a red color lines (later assigned to Class Il category in distress rating)

The “Max Width” in Figure 65 means “less than” and the “Min Width” indicates “equal to
or greater than”. As previously noted, this is NOT the FDOT customized application. At
this stage, we are using the existing Vision software to compare 2D versus 3D data.
The FDOT customized application will be developed during Task 6 (development). Also
patching and raveling are “distresses” and NOT “cracks”. This menu is ONLY showing
cracks. After the distresses are identified in the “rating” process, patching and raveling
can be added.
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Following the crack detection process, the detected cracks are displayed on top of the
pavement images with the colors corresponding to their width. As shown in Figure 65,
the Cracks menu also allows selection of specific coloring scheme for the classification
categories of Longitudinal, Transverse, Alligator, Block, and Unclassified categories.
Following the classification process, each class of cracks are identified on top of
pavement images using the corresponding colors. These colors help with quality control
of the detection and classification process.

Distress Schema Editor
i Distresses s Severties & Cracks ,_; Profiles | % Zones E9= Rating | &%= Schemas ¥ Checks
INew [Z] Modify X Delete | 2 Color (3 Reset Defaults
Range Name Min Width Max Width ~ Color
Small } 000z [
Medium 0.003 0.006
Large 0.006 oot
Sealed 0.010 0.300
Very Large 0.300
12) Color
Type Color
& |ongitudinal
4 Transverse _
{5 Aligator L1
£ Block
& Unclassified _

Figure 65. Cracks Menu in the Distress Schema Editor

The default crack color displayed in the user interface shows the width range of the
crack. For example, the widths of cracks in green color are less than or equal to

3.18 mm. The colors can also be changed to represent the type of crack using the drop
menu as shown in Figure 66.

Width
L _ Type
Y, Summary {-{;‘_%]' Show Crack List |7, Width 'J

Figure 66. Changing the Colors of the Displayed Cracks
The same color cannot be used for cracks of the same type or same width ranges, but
there are no conflicts if the same color is used for ‘Range’ and ‘Type’.
Detection and Classification Profiles

Under the ‘Profiles’ tab in the Distress Schema Editor, the control parameters for the
crack detection and classification processes are determined. The software typically
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shows the default values for these control parameters that have been set based on
empirical experience. In the Task 2 report for this project, various control parameters for
the detection of cracks from 2D images and for the classification of detected cracks into
transverse and longitudinal categories were introduced and the impacts on software
performance of changing each control parameter were explained in detail. Figure 67
shows the ‘Profiles’ tab, which allows for customization of the control parameters for the
crack detection and classification processes.
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Figure 67. Detection and Classification Profiles in the Distress Schema Editor

Vision provides two alternative automated crack detection algorithms to choose from
when running this process on 2D images:

1. WiseCrax Crack Detection: This automated crack detection algorithm was
developed by Fugro and used in Phase | of this project. This algorithm detects
cracks based on image pixel intensities. For details of this methodology please
refer to Task 2 report.
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2. Fugro Machine Learning Crack Detection: This machine learning automated

crack detection algorithm was recently developed by Fugro engineers, based on
a large database of semi-automated evaluation of 2D images.

The Fugro machine learning based 2D crack detection algorithm has been tested on
numerous pavement surface images and its corresponding control parameters have
been optimized in the latest version of Vision software. As a result, it is recommended

that the detection parameters are not changed. Due to superior performance on multiple
recent statewide projects, the machine learning algorithm was used for this analysis.

In the classification step, there are several parameters that can be changed to improve
the classification results (Table 39). For this phase of the project, eight classification
profiles using eight different control parameter sets were used, and the final
classification profile was selected based on the best results among these profiles.

Table 39. Classification Parameter Settings

make one crack set or group of cracks.

Parameter Description Value Used
Classification Enabled Enables classification TRUE
Separate Seal Classification | Classifies sealed cracks separately FALSE
Angle threshold differentiating between
Degree Angle !ongitudinal and transver_se.defects, this 45
is the angle for the best fit line across the
crack nodes
The density threshold beyond which
Density there are e_nough cracks_ within a tilg to 15
count the tile area as alligator cracking '
area and not individual cracks.
Tile Height (pixels) Tile used for calculating the density of 400
Tile Width (pixels) the alligator or block categories 200
Tile used for grouping defects together
Group Tile Height (pixels) (see Figure 68). Cracks that fall within 50
these grouping tiles and are of the same
_ ) ) classification will be grouped together to
Group Tile Width (pixels) 10
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Cracks of same type are grouped into one if their
horizontal and vertical distance are smaller than 100
pixels

Figure 68. Group Tile Height and Width

The tuning of the classification control parameters was conducted by changing the
parameters one by one and comparing the one classification result against the other.
Figure 69 shows a comparison of the classification results when changing the density
threshold that defines when cracks become alligator cracks. To compute crack density,
the bounding box of a crack is divided into grids of tiles of user input size. If the density
threshold is increased, there will be less distresses classified as alligator cracking.
Figure 69 shows a comparison of classification results when changing the dimensions
of the Tile used for calculating the density of the alligator or block categories. It is
obvious that the larger the tile size, the smaller the density of the cracks. As a result, if
the density threshold is fixed but the tile size is increased, there will be less distresses
classified into alligator category. In this example, the crack set are rated as alligator
when density threshold is 1.5. When the density threshold is increased to 2.0, this crack
set is rated as longitudinal crack, which is actually not true. This parameter was tested
on three sections which contained a larger amount of alligator cracking, and finally
selected 1.5 as the optimum density threshold.
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Figure 70. Comparison of Classification Control Parameter Settings: Tile Height and Width
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During the classification, the detected cracks are grouped into crack sets based on their
proximity to each other. The distances between each crack bounding box are checked;
if the horizontal distance between two adjacent bounding boxes is smaller than the
group tile width and the longitudinal distance between the boxes is smaller than group
tile height, then the two cracks are merged into one crack set. Each crack set will be
rated as one distress. Figure 71 shows a comparison of the classification results when
changing the dimensions of the Group Tile used for grouping defects together (see
Figure 68).

Group Tile Height: 50 Group'TiIe Height: 50
Group Tile Width: 10 Group Tile Width: 50
Figure 71. Comparison of Classification Control Parameter Settings: Group Tile Height and
Width
Road Zone

Road zone describes the portion of the road that is in the wheel paths and what is
outside the wheel paths. The road zones were customized according to the Florida DOT
specification of each wheel path being three feet wide (the FHWA HPMS Field Manual
of December 2016 specifies one meter) and the center zone being three feet (0.91
meters) wide (Figure 72 and Figure 73):

1. Left Exterior: O meters offset from the Left Edge to -1.365 meters offset from the
Center
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2. Left Wheel Path: -1.365 to -0.455 meters offset from the Center

3. Center: -0.455 to 0.455 meters offset from the Center

4. Right Wheel Path: 0.455 to 1.365 meters offset from the Center

5. Right Exterior: 1.365 meters offset from the Center to O meters offset from the

Right Edge
Confined to Wlheel Path (CW)

N I

L] L] L] L]

| _l | _l

T T

- (0.91m) - - (091m) -
ol Approx - - - - Approx | g
£l 15t -2 | S - 15t | E
@ (46m) ~ (91m) (.46m) »
5 : : : : 3

coO . CW . ©CO . CW . CO
(Outside) - (Inside) - (Cutside) - (Inside) - (Outside)
i i i i
i i [ i

Outside of Wheel Path (CO)

+—— Typical Lane Width 12 ft (3.7/m)

 —

Figure 72. Wheel Path Designation in FDOT Flexible Distress Handbook (2017)
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" New [Z] Modify X Delete
H# Road Zone Left Anchaor (Offset  Right Anchor Offset
1 Left Berior LeftEdge 0.000 Centre -1.365
2 Left WheelPath Centre -1.365  Centre 0.455
3 Center Centre 0.455 Centre 0.455
4 Right Wheelpath Centre 0455 Centre 1.365
5  Right Exterior Centre 1.365 RightEdge 0.000

Figure 73. Road Zone Settings

Rating Profile

The Rating Profile is used for assigning a distress type and severity to each of the
detected and classified surface defects. This profile contains several components
including profile name, profile description and rating rules. The rating rules configuration
include distress rule set up and severity rule set up. While the Distress Rules specify
classification of crack, the road zone, and distress metrics to be calculated, the Severity
Rules determine detailed constraints on distresses that will be rated into each severity.

Distress Rules are setup based on the following:

1. Crack Classification: following detection and classification, all cracks are
classified into Longitudinal, Transverse, Alligator, or Block. As previously noted,
there are two options for distinguishing distresses by zone location. Table 40 and
Table 41 show the distress types that were considered for this project and their
corresponding crack classification for option 1 and option 2, respectively. As it
was noted before, these distress types are used for documenting the distresses
in a permanent record to facilitate quality control.

Table 40. Distress Types and Corresponding Crack Classification and Severity Levels (option 1
corresponding to Figure 63 used for the reference survey)

Distress Name Crack Classification |Severity Levels
SingleCrack L Longitudinal 1B, II,
SingleCrack T Transverse 1B, 11, 1
BranchCrack L Longitudinal 1B, 11,
BranchCrack T Transverse 1B, 11, 1
BlockCrack Block I, 1l
AlligatorCrack Alligator I, 1l

Raveling NA Il

Patching NA 1
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Table 41. Distress Types and Corresponding Crack Classification and Severity Levels (option 2
corresponding to Figure 64 used for automated results)

Distress Name Crack Classification |Severity Levels
SingleCrack L WP Longitudinal 1B, 11, I
SingleCrack L OP Longitudinal 1B, 11, 1l
SingleCrack T _WP Transverse 1B, II,
SingleCrack T _OP Transverse 1B, II, I
BranchCrack L WP Longitudinal 1B, 11, 1
BranchCrack L OP Longitudinal 1B, 11, 1
BranchCrack T WP Transverse 1B, II, 1
BranchCrack T OP Transverse 1B, II, 1l
BlockCrack WP Block i, 1l
BlockCrack OP Block 1, 1l
AlligatorCrack WP Alligator I, 1l
AlligatorCrack _OP Alligator I, 1l
Raveling WP NA 1
Raveling_OP NA Il
Patching WP NA 1
Patching OP NA 1

2. Lane Type: Used only with option 2 (Table 41 and Figure 64), this refers to the
road zones to be included in the process of identifying a selected Distress Type.
For wheel path distresses, the ‘Left Wheel Path’ and ‘Right Wheel Path’ zones
created in the ‘Road Zone’ menu of the Schema Editor can be selected. For non-
wheel path distresses, the ‘Left Exterior’, ‘Center’, and ‘Right Exterior’ zones
created in the ‘Road Zone’ menu of the Schema Editor are selected. For the
reference survey in which manual correction of the automated results was
required, this feature was disabled and instead wheel path and non-wheel path
distresses were recorded in the same distress type and separated using an SQL
code on the database (option 1). In this manner, if the road zone widths change
in the future, the data can easily be reprocessed and there would be no need for
conducting the manual distress rating again.

3. Metric: These include metrics to be reported for a selected Distress Type after
automated identification and quantification. The following metrics were selected
in the created rating rules. They will be calculated and recorded in the Vision
Database.

1) Crack Count - Number of Cracks that make up a Crack Group

2) Crack Area - Area that contains all Cracks (all cracks in Crack Group)

3) Crack Length - Actual length along all cracks in a Crack Group
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4) Crack Extent - Longitudinal length of cracks in a Crack Group (Length in y-
axis)

5) Transverse Extent - Horizontal length of cracks in a Crack Group (Length
in x-axis)

6) Width - Width of Crack (Average width of cracks in Crack Group)

7) Diagonal - Length from bottom left to top right of every distress bounding
box

Severity Rules are setup based on the following (In current version of Vision software,
the unit used in parameter settings is meter):

1. Crack Width: a crack width range is used as a constraint for selected severity
levels in this project as demonstrated in Table 42.

Table 42. Crack Width Range

Severity Level Crack Width Range (mm)

Class 1B Less than 3.18

Class Il Greater than or equal to 3.18 and less than 6.35
Class lll Greater than or equal to 6.35 and less than 1000

2. Crack Length: a minimum extent of 0.3 meter (1.0 ft) is used as a constraint for
identifying distresses (this was selected based on past experience):

a. Transverse Extent is used for transverse single and branch cracks
b. Longitudinal Extent is used for longitudinal single and branch cracks
c. No extent limitation was considered for alligator or block cracks

3. Road Zone: Used only with option 2 (Table 41 and Figure 64), this refers to the
road zones to be included in the process of rating a selected Distress Severity.
For wheel path distresses, the ‘Left Wheel Path’ and ‘Right Wheel Path’ zones
created in the ‘Road Zone’ menu of the Schema Editor can be selected. For non-
wheel path distresses, the ‘Left Exterior’, ‘Center’, and ‘Right Exterior’ zones
created in the ‘Road Zone’ menu of the Schema Editor are selected. This results
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in only the portion of detected cracks within specified zones to be included in
each severity rating. This was only used for the fully automated survey. For
example, Figure 74 shows that Distress number 195 shows longitudinal cracking
in the wheel path and Distress number 196 shows the adjacent longitudinal
cracking outside the wheel path. Similarly, Distress number 197 shows alligator
cracking in the wheel path, while Distress number 198 indicates the adjacent
alligator cracking outside the wheel path.

w)e W/SSpeed 60 = A230T0 0000 TN Hotkeys »  (OONOOS60001 PG

Figure 74. Automatically Separated Wheel Path and Non-Wheel Path Distress Rating

Automated Pavement Distress Identification

Fugro Vision software includes batch processors for automated lane detection, crack
detection, classification and rating as identified in Table 43. These batch processors can
be executed individually or all together. The JPEG Crack Detection Processor is Fugro’s
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solution for detecting surface defects using machine learning algorithms on 2D or 3D

pavement images.

Table 43. Batch Processor

Batch Processor

Function

JPEG Lane Detection Processor

Lane Detection

JPEG Crack Detection Processor

Crack Detection from 2D or 3D Images

Classification Processor

Classification

Rating Processor

Rating

After this processor is completed, the lane boundary is shown as blue vertical lines in

JPEG Lane Detection Processor

the user interface. Also, the location of detected lane is recorded in the Vision database.

JPEG Crack Detection Processor

After this processor is completed, cracks are detected from pavement images and are

shown in the ‘Range color’ in the user interface. The crack information, such as Type,

Chainage, Offset (in), Crack Length (ft), Crack Width, Cracks (count), Sealed Count,
Crack Density (%), Crack Angle (degree), and Crack Depth (in) is listed in the ‘Cracks’
table (Figure 75). All the cracks are categorized as ‘Unclassified’ as they are still not
classified yet at this stage.

Y Summary |(3) Show Crack List | &7, Width ~

Type

x},' Unclassified
@ Unclassfied
Q' Unclassfied
Q' Unclassified
Q‘ Unclassified
x},' Unclassified
@ Unclassfied
Q' Unclassfied
Q' Unclassified
ga,- Unclassified
ga,- Unclassified
Q‘ Unclassified
Q' Unclassfied
Q' Unclassified
ga,- Unclassified

Chainage
0.6
0603
0.6M
0603
0602
0.500
0603
0603
0602
0600
0.60
0.602
0.600
0602
0603

Offset {in)
59.467
4293
55.361
58.458
104.077
59.021
35.382

59.264
105.324
57.298
150471

CrackLength ft)

CrackWidth )

0s3¢ [NNG08G2
4994 [ 007606

Cracks {c...

SealedCourt

000000000000 Qoo

Figure 75. Crack Table

CrackDensity (%) CrackAngle ...

0.39102
0.54072
0.37927
0D.18128
0.32044
0.38295
0.21655
0.73312
0.44750
0.36697
0.33670
0.3125
0.36750
0.30138
0.21977

88.7567
884852
881778
841635
83.8512
80.8504
80.6297

01670
-79.6364
-83.1224
-84.9768
-85.9339
-86.0183
-87.1886
-89.8435
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Classification Processor

After this processor is completed, the cracks are classified and grouped into crack sets.
The Crack table is updated to Crack Set table (Figure 76). Each Crack Set includes one
or more cracks.

Type Chainage  Offset {in) Cracklength fft)  CrackWidth {in) Cracks (courit) SealedCourt Crack Density (%) CrackAngle (%) CrackDepth (in}
& Longitudinal 0.602 57.298 0.942 0.05428 1 0 0.30138 -87.1886 0.0000
& Longitudinal 0.602 59.264 0.882 0.06163 1 0 0.32125 -85.9339 0.0000
& Longitudinal 0.603 58.458 0.997 0.06413 1 0 0.18128 24.1635 0.0000
& Longitudinal 0.603 35.382 0.721 0.06620 1 0 0.21655 80.6297 0.0000
& Longitudinal 0.600 105.324 1.046 0.06300 1 0 0.36750 -86.0183 0.0000
& Longtudinal 0.601 59.361 2270 0.06954 2 0 0.38361 -89.7959 0.0000
& Longtudinal 0.600 58.460 2264 0.07568 2 0 0.37314 -87.0319 0.0000
& Longtudinal 0.603 4293 4954 0.07606 1 0 0.54072 88.4852 0.0000
& Longtudinal 0.601 59.386 1.065 0.07644 1 0 0.33670 -84.9768 0.0000
& Longtudinal 0602 109329 0.725 0.07743 1 0 0.44750 -79.6964 0.0000
& Longtudinal 0602 104077 0.967 0.09442 1 0 0.32044 83.8512 0.0000
& Longtudinal 0603 150471 0.773 0.09578 1 0 0.21577 -89.8435 0.0000
4t Transverse 0.603 2.843 0.724 0.11060 1 0 0.73312 0.1670 0.0000

Figure 76. Crack Set Table

Rating Processor

During the rating procedure, crack sets are rated. Severity levels and types are
assigned to distresses.

Semi-Automated Pavement Distress Identification

A Fugro rater conducted a semi-automated rating on one run of the images for the 12
test sections using 3D LCMS images that were collected on the same test sections and
imported into the Vision software. Then another Fugro rater reviewed the results of the
first rater to reach consensus on the reference survey (“Ground Truth”). During this
procedure, linear distresses and area distresses (boxes) are manually drawn on top of
the collected pavement images. The results of the crack detection process, including
the color-coded cracks were used by raters as guidance to assign severity levels based
on crack width.

Due to the lack of range images and ROW video data, the LRIS data is inappropriate to
be used for creating a reference close to ground truth. The following examples have
been provided to demonstrate the superiority of the 3D LCMS data over 2D LRIS data
for generating the reference survey. In Example 1 (Figure 77), cracks can be missed if
the detection is solely dependent on the intensity image. In Example 2 (Figure 78), the
patching boundary can be falsely rated as transverse crack, if there is no ROW image
(Figure 79).
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LCMS Intensity Image

LCMS Range Image

Figure 77. Demonstrating the Reason for Using 3D Images for Reference Survey: Example 1
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LCMS Intensity Image of Patching | LCMS Range Image of Patching

Figure 78. Demonstrating the Reason for Using 3D Images for Reference Survey: Example 2

Figure 79. ROW Image of Patching Area
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It is noted that LRIS data are collected in the order of county ID, while the Section ID in

the reference LCMS data are sorted in the order of site ID. Table 44 documents the
relation between the session IDs in the reference database and the LRIS database to
avoid confusion. To facilitate the data comparison between 2D database and 3D
reference database, this information was imported as a table into the 2D database.

Table 44. Relation Between the 2D Database and the 3D Reference Database

Site ID | ID Session in Section ID in LRIS ID Session Section
Reference Database ID in LRIS Database
Database Runl | Run2 | Run2

1 15 1 1 2 3

2 19 2 4 5 6

3 24 7 19 20 21

4 38 9 25 26 27

5 31 5 13 14 15

6 34 6 16 17 18

7 44 8 22 23 24

8 45 10 28 29 30

9 13 12 34 35 36

10 14 11 31 32 33

11 49 3 7 8 9

12 55 4 10 11 12

As shown in Figure 80, the Vision Pavement rating module allows the analyst to

simultaneously view both the ROW and pavement images while marking and rating

pavement distresses. This feature facilitates the semi-automated distress identification.
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Figure 80. Vision Pavement Rating Module for Semi-Automated Distress Survey

The two stages for creating reference data are introduced in Section 4.3.2.

4.3 Evaluation of the LRIS Technology for Crack Detection and
Distress ldentification

In this chapter of the report, the results of crack detection and distress identification
using the 2D LRIS images are evaluated. The 2D data collection was conducted by
FDOT using their LRIS equipment and the data were analyzed by Fugro staff during
Task 4 of this project. The following will describe the success metrics, the reference
values, and the results, which will be analyzed to conclude on feasibility of using 2D
LRIS technology in identification and quantification of flexible pavement distresses.

4.3.1 Success Metrics
The three principal success metrics of any process are effectiveness, efficiency, and

reliability. In the context of automated distress identification, effectiveness can be
expressed in terms of accuracy of the crack detection software when compared to a
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reference baseline. Accuracy is a qualitative term referring to whether there is
agreement between a measurement made on an object and its true (target or reference)
value. Bias is a quantitative term describing the difference (or error) between the
average of measurements made on the same object and its true value.

While systematic errors identified in the bias can be calibrated out, such evaluations
must address the random errors as well. The average results may be quite comparable,
but individual results can deviate significantly. Efforts must be made to control these
deviations to produce results which can ultimately be classified as reliable. Reliability of
automated distress surveys is often expressed in terms of precision. Precision is a
gualitative term that can describe the degree of repeatability of a measurement value on
the same sample, or consistency in accuracy of measurement on different samples.
Coefficient of variation of actual measurement values on the same sample is a
guantitative estimate of repeatability. Standard deviation of error (standard error) is a
guantitative estimate of consistency. Accuracy and precision (or the corresponding
guantitative estimates: bias, variance, and standard error) ultimately define how
effective and reliable a system is as described in greater detail below. The efficiency of
the system is typically measured by the time it takes to conduct these measurements.

With respect to automated condition evaluations, the success metrics could be
considered for two aspects of the process, first for the detection of individual surface
defects (cracks), and second for the identification and quantification of the distresses in
a distinct section.

The following are the success metrics used for evaluating the crack detection results:

True Positives: length of correctly detected cracking

e False Positives: length of detected cracking that don’t exist in the reference
survey

e False Negatives: length of missed cracking

e Crack Validity: an indicator to be calculated as the ratio of the correctly detected
cracks (true positives) to the total detected cracks (true positives and false
positives). This statistic indicates the percentage of the detected cracks that was
actually present in the reference survey, thereby expressing the validity of the
cracks detected by algorithms.
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correctly detected true positives
= 100 x

Validity (%) = 100 X
alidity (%) all detected true positives + false positives

e Crack Sensitivity (or Recall): a parameter to be calculated as the ratio of the
correctly detected cracks to the total actual cracks existing on the pavement
surface (true positives and false negatives). This statistic represents the
percentage of the cracks in the reference survey that was detected by the
automated method, thereby expressing the sensitivity of the algorithms to
existing cracks.

L correctly detected true positives
Sensitivity (%) = 100 x =100 x — -
actual cracks true positives + false negatives

e Crack Detection Accuracy: based on average normalized error (bias) of
automatically detected crack length compared to the reference. Accuracy (%) =
100 — Bias (%)

e Crack Detection Repeatability: based on coefficient of variation (COV) of
detected crack length among three runs (independent of the reference and
averaged among the sections). Repeatability (%) = 100 — COV (%)

e Crack Detection Consistency: based on coefficient of variation (COV) of crack
detection accuracy among 12 test sections. Consistency (%) = 100 — [Standard
Deviation of Accuracy (%) / Average Accuracy (%)]

e Crack Detection Efficiency: based on the time required for the automated crack
detection. Efficiency (second per foot) = time for cracking detection divided by the
total length

Based on the overall cumulative amount of each distress among different test sections
and multiple runs, the success metrics used to evaluate the feasibility of using 2D
images are:

1. Distress Identification Accuracy: based on average error (bias) with respect to
the reference distress survey values for each distress type. Accuracy (%) = 100 —
Bias (%)

2. Distress Identification Repeatability: based on coefficient of variation (COV) of
automatically identified distresses among three runs for each distress type
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(independent of the reference and averaged among the sections). Repeatability
(%) = 100 — CQV (%)

3. Distress Identification Consistency: based on coefficient of variation (COV) of
distress identification accuracy among 12 sections for each distress type.
Consistency (%) = 100 — [Standard Deviation of Accuracy (%) / Average
Accuracy (%)]

4. Distress ldentification Efficiency: based on the time required for the automated
distress survey. Efficiency (second per foot) = time for cracking detection,
classification, and rating divided by the total length.

4.3.2 Reference Rating or “Ground Truth”

Both Crack Detection Reference and Distress Identification Reference were created for
this evaluation based on the 3D LCMS data that were collected as part of Purchase
Order No. PR10026557 for this research project (see Appendix I):

1. Crack Detection Reference: the Pavemetrics LCMS crack detection routine was
used to generate a baseline crack map and then a Fugro data technician
reviewed all the images in one run of the 12 test sections and modified the crack
maps. New cracks were added for missed cracks, false positives were deleted,
and some cracks with wrong extent were modified to reflect the actual cracks that
can be seen on the 3D intensity and range (depth) images and with assistance
from the ROW images.

2. Distress Identification Reference: as it was explained in the semi-automated
distress survey part, a reference survey was created by one Fugro engineer and
another Fugro technician reviewed the results to reach a consensus for the
reference survey. This reference survey was created using the 3D images
because they provide both intensity and range (depth) views, along with the
ROW images. Therefore, comprehensive sources of data are available in the 3D
database for creating this reference survey.

4.3.3 2D Crack Detection Results

Table 45 shows the true positives, false positives, false negatives, validity, and
sensitivity of the automated crack detection using Fugro’s machine learning algorithm
on 2D images. This table indicates that only about 25 percent of the automatically
detected cracks from 2D images were actually present on the pavement surface
(Validity). Also, only about 18 percent of the cracks in the ground truth were
automatically detected from 2D images (Sensitivity).
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In Table 45, the yellow highlighted cells indicate significant false positives (more than

50% of the reference) and the orange colored cells indicate significant amounts of
missed cracks (more than 50% of the reference). It is evident that in Sections number 3,

7, and 9, there is a significant number of false positives. This is due to two reasons.

First, some patching area boundaries and Automated Vehicle Counter (AVC) loops and
Weigh-In-Motion (WIM) devices being falsely detected as cracks. Second, the amount

of cracking in the semi-automated reference survey for these three sections is lower

compared to other sections and as a result, the errors seem higher. From Table 45, it is
also evident that the 2D method has missed a significant amount of the cracks and only
detected about 18 percent of the existing cracks in the reference.

Table 45. Verification of Crack Detection on 2D images Using Fugro Machine Learning Al
Crack Detection Results
Test Ground True False False \Sz:lglji((:jli(ty gtra?lcsli(tivity
Section | Truth (ft) (F]:;))smves (Pf;))smves Negatives (ft) | (%) (%)
1 22,944 .22 1,162.61 3,337.93 21,781.61 25.83 5.07
2 26,741.89 824.98 3,727.55 25,916.91 18.12 3.08
3 132.74 42.55 16,471.86 90.19 0.26 32.06
4 14,823.69 3,659.58 4,199.93 11,164.11 46.56 24.69
5 68,726.86 6,226.68 10,005.31 62,500.18 38.36 9.06
6 112,892.60 | 7,139.73 10,005.56 105,752.87 41.64 6.32
7 809.34 523.47 13,969.35 285.87 3.61 64.68
8 27,185.46 5,184.47 13,606.25 22,000.99 27.59 19.07
9 3,993.09 807.72 19,550.12 3,185.37 3.97 20.23
10 36,631.86 1,718.52 12,621.25 34,913.34 11.98 4.69
11 30,517.80 3,507.70 6,274.08 27,010.10 35.86 11.49
12 29,327.95 3,003.47 3,539.88 26,324.48 45.90 10.24
24.97 17.56

In addition to the crack detection verification results in Table 45, other crack detection

success metrics including normalized error, average error (bias), variation between

multiple runs (repeatability), and variation among 12 test sections (consistency) of the

automated crack detection algorithms from 2D images have been listed in Table 46.

The three test sections number 3, 7, and 9 have been highlighted in yellow to indicate
the sections that have the greatest number of false positives. The bias has been

provided as the average normalized crack detection error both on all the test sections
and excluding the three outliers. When excluding the outliers, Table 46 indicates that
the accuracy (100 - Bias) of the automated crack detection from 2D images is only

about 32 percent.
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The automated detection from 2D images has demonstrated a sufficiently high run-to-
run repeatability. Ten out of twelve sections have more 90 percent agreement among
runs, while the average repeatability of all 12 sections is about 93 percent. The 2D
crack detection is showing poor consistency of results on different sections, as it has
about 39 percent agreement in crack detection accuracy among 12 sections.

Table 46. Accuracy, Repeatability, and Consistency of Crack Detection based on 2D Images

Test | Ground Detected Crack Length Normalized Error 100 - AVG Repeatabilit

Section| Truth (ft) Runl | Run 2 Run 3 (ft) Runl | Run2 | Run3 | ABS Error y (%)

(ft) (ft) (%) (%) (%) (%)
1 22,944.2 |4,500.5 | 4,564.0 | 4,090.5 | -80.4 | -80.1 | -82.2 19.1 94.1
2 26,741.9 (4,552.5|3,864.7 | 3,843.5 | -83.0 | -85.6 | -85.6 15.3 90.1
3 132.7 |16,514.4{14,055.8|15,632.5|12341.2|10489.0/11676.8| -11402.3 91.9
4 14,823.7 | 7,859.5|7,699.6 | 7,906.2 | -47.0 | -48.1 | -46.7 52.8 98.6
5 68,726.9 (16,232.0|13,279.2/10,427.5| -76.4 | -80.7 | -84.8 19.4 78.2
6 |112,892.6(17,145.3|18,010.4/17,739.2| -84.8 | -84.0 | -84.3 15.6 97.5
7 809.3 14,492.8|13,748.8|14,703.7 | 1690.7 | 1598.8 | 1716.8 -1568.7 96.5
8 27,185.5 (18,790.7(19,884.4|19,572.2| -30.9 | -26.9 | -28.0 71.4 97.1
9 3,993.1 |20,357.8|19,751.2/20,089.8| 409.8 | 394.6 | 403.1 -302.5 98.5
10 | 36,631.9 |14,339.8|14,077.4/11,809.3| -60.8 | -61.6 | -67.8 36.6 89.6
11 |30,517.8 |9,781.89,506.5| 9,133.1 | -67.9 | -68.8 | -70.1 31.0 96.6
12 | 29,328.0 |6,543.4|6,448.3| 6,702.6 | -77.7 | -78.0 | -77.2 22.4 98.0
Bias (%) 1079.8 93.3

Bias Excluding Outliers (%) -68.5

Accuracy (%) = 100 - Absolute Bias 31.5

Consistency (%) = 100 - COV(Accuracy) 38.8

4.3.4 2D Distress Identification Results

In this section, the results of automated distress identification (performance of
classification and rating algorithm) from 2D images are evaluated. As it was
demonstrated in the previous section, the crack detection from 2D images is missing a
significant amount of cracking and as a result, there is a significant negative bias in the
distress identification results for the 2D methodology.

It should also be noted that the automated algorithm used crack angle to differentiate
between longitudinal and transverse cracks, and crack density in a given area to
differentiate between single linear cracks and an area of alligator cracking. Therefore,
the error compared to ground truth is estimated by comparing the total amount of
automatically identified longitudinal and transverse cracks to the sum of the single and
branch cracks manually identified in the reference survey. Similarly, the total amount of
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automatically identified alligator cracking is compared to the sum of the alligator and
block cracks manually identified in the reference survey.

Evaluation of Automatically Identified Longitudinal, Transverse, and Alligator Cracking
from 2D LRIS Images

Table 47 shows the success metrics for automatically identifying Longitudinal cracks
from 2D images. In this table, test sections where there was minimal amount of
longitudinal cracking in the reference survey, have been highlighted as outliers.
Excluding the outliers, the automated distress identification from 2D images has
demonstrated about 46 percent accuracy in identifying longitudinal cracking. The results
show a negative bias indicating less automatically identified longitudinal cracks from 2D
images, compared to the reference survey. However, the 2D results show a significantly
higher amount of longitudinal cracking identified compared to the reference survey in
the three outlier test sections where the reference survey showed lower cracking.

On average, there is about 89 percent run-to-run agreement among the three runs in
the length of automatically identified longitudinal cracks from 2D images. There is about
45 percent section-to-section agreement among the 12 sections in the normalized error
(compared to the reference survey) in automatically identifying the length of longitudinal
cracks from 2D images.

Table 47. Accuracy, Repeatability, and Consistency of Longitudinal Cracks based on 2D Images

Automatically Identified ,
Test Ground Longitudin)a/\I Cracks Normalized Error 100 - AVG Repeatabilit
X Truth ABS Error
Section (1) Runl | Run2 | Run3 | Runl | Run2 RuN3 (%) (%) y (%)
(ft) (ft) (ft) (%) (%)

1 3,596.81,310.3]1,260.2|1,126.8| -63.6 | -65.0 -68.7 34.3 92.3
2 2,138.4| 921.8 | 7945 | 813.3 | -56.9 | -62.8 -62.0 39.4 91.8
3 9.8 |5,845.5|3,380.4 | 3,256.0 |59608.6|34428.9| 33158.0 | -42298.5 64.9
4 2,744.9 (2,492.6 | 2,629.6 [2,541.8| -9.2 -4.2 -7.4 93.1 97.3
5 8,468.6 | 5,782.1 4,822.6 | 3,559.0| -31.7 | -43.0 -58.0 55.8 76.4
6 9,148.414,937.9 |5,869.4 |5,263.9| -46.0 | -35.8 -42.5 58.6 91.2
7 481.8 1,812.0[1,629.8|1,967.1| 276.1 | 238.3 | 308.3 -174.2 90.6
8 7,717.2 13,996.3 | 4,238.6 |4,446.6 | -48.2 | -45.1 -42.4 54.8 94.7
9 807.5 11,454.5]1,181.4|1,254.1| 80.1 46.3 55.3 39.4 89.1
10 ]6,599.3/3,914.43,497.8|2,383.0| -40.7 | -47.0 -63.9 49.5 75.8
11 1]10,103.9/1,817.9(1,921.7 |2,195.5| -82.0 | -81.0 -78.3 19.6 90.1
12 |19,775.8/1,030.8| 979.4 |1,151.6| -94.8 | -95.0 -94.2 5.3 91.6
Bias (%) 3520.3 89.0

Bias Excluding Outliers (%) -54.4

Accuracy (%) = 100 - Absolute Bias 45.6

Consistency (%) = 100 - COV(Accuracy) 44.7

Table 48 shows the success metrics for automatically identifying Transverse cracks
from 2D images. In this table, test sections where there was minimal amount of
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transverse cracking in the reference survey, have been highlighted as outliers.
Excluding the outliers, the automated distress identification from 2D images has
demonstrated about 24 percent accuracy in identifying transverse cracking. The results
show a negative bias indicating less automatically identified transverse cracks
compared to the reference survey.

On average, there is about 91 percent run-to-run agreement among the three runs in
the length of automatically identified transverse cracks from 2D images. There is about
6 percent section-to-section agreement among the 12 sections in the normalized error
(compared to the reference survey) in automatically identifying the length of transverse
cracks from 2D images.

Table 48. Accuracy, Repeatability, and Consistency of Transverse Cracks based on 2D Images

Automatically
Identified Transverse Normalized Error
Ground .
Test Truth Cracks Repeaotablllty

Section "¢y |Run1 | Run 2 |Run 3| Runl | Run2 | Run3 i%os'é\r/ﬁ (%)

(ft) (ft) (ft) %) | (%) | (%) (%)
1 276.9 | 306 | 29.1 | 30.5 | -89.0 | -89.5 | -89.0 10.8 97.2
2 273.0 | 51.0 | 524 | 55.6 | -81.3 | -80.8 | -79.6 194 95.5
3 10.9 0.0 0.0 0.0 |-100.0 |-100.0 | -100.0 0.0 100.0
4 256.7 | 174 | 18.2 | 18.6 | -93.2 | -92.9 | -92.8 7.0 96.7
5 1094 | 65,5 | 66.4 | 63.1 | -40.1 | -39.3 | -42.3 59.4 97.4
6 1572 | 68.6 | 73.1 | 71.6 | -56.3 | -563.5 | -54.5 45.2 96.8
7 16.5 4.7 1.0 2.3 -71.6 | -93.7 | -86.1 16.2 30.6
8 965.3 | 426 | 410 | 39.6 | -95.6 | -95.8 | -95.9 4.2 96.4
9 21.6 | 115.1 | 124.4 | 123.3 | 433.1 | 476.0 | 470.8 -360.0 95.8
10 [2,306.4| 225 | 18.9 | 12.8 | -99.0 | -99.2 | -99.4 0.8 72.8
11 170.7 | 99.3 90.2 93.0 | -41.8 | -47.1 | -45.5 55.2 95.1
12 590.6 | 101.4 | 106.8 | 64.1 | -82.8 | -81.9 | -89.2 154 74.4
Bias (%) -33.9 91.4

Bias Excluding Outliers (%) -75.8

Accuracy (%) = 100 - Absolute Bias 24.2

Consistency (%) = 100 - COV(Accuracy) 5.6

Table 49 shows the success metrics for automatically identifying Alligator cracks from
2D images. In this table, test sections where there was zero amount of alligator cracking
in the reference survey, have been highlighted as outliers. Excluding the outliers, the
automated distress identification from 2D images has demonstrated about 0.01 percent
accuracy in identifying alligator cracking.

The results show a significant amount of negative bias, indicating that the 2D distress
identification has failed in identifying areas with alligator cracking. This is mainly due to
the large amount of missed cracking in 2D crack detection, which in turn results in
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cracking areas with such low density that cannot be identified by the computer as
alligator cracking areas.

On average, there is about 16 percent run-to-run agreement among the 3 runs in the
automatically identified alligator cracking area from 2D images. There is about -140
percent section-to-section agreement among the 12 sections in the normalized error
(compared to the reference survey) in automatically identifying the area of alligator
cracking from 2D images.

Table 49. Accuracy, Repeatability, and Consistency of Alligator Cracks based on 2D Images

Automatically Identified .
Test T?t:?hu?s(jq Alligator Cracks Normalized Error iCI)SOS_I?r\r/c?r Repeatability|
Section Ft) Runl |Run2 | Run3 | Runl | Run2 | Run3 (%) (%)
(Sq Ft) [(SqF)| (Sa Ft) | (%) (%) (%)

1 5,846.8 0.0 0.0 0.0 -100.0 | -100.0 | -100.0 0.0 100.0
2 9,482.9 14.2 0.0 0.0 -99.8 | -100.0 | -100.0 0.05 -73.2
3 0.0 0.0 0.0 0.0 100.0
4 3,100.2 0.2 0.0 0.0 -99.9 | -100.0 | -100.0 0.0 -73.2
5 18,795.1 0.1 0.0 0.0 -100.0 | -100.0 | -100.0 0.0 -73.2
6 27,372.5 0.0 0.0 0.0 -100.0 | -100.0 | -100.0 0.0 100.0
7 0.0 0.0 0.0 0.0 100.0
8 4,223.7 0.0 0.0 0.0 -100.0 | -100.0 | -100.0 0.0 100.0
9 0.0 0.0 0.0 0.0 100.0
10 6,567.4 0.0 0.0 0.0 -100.0 | -100.0 | -100.0 0.0 -73.2
11 1,533.7 0.2 0.2 0.01 -99.9 -99.9 | -100.0 0.01 34.3
12 900.1 0.0 0.0 0.0 -100.0 | -100.0 | -100.0 0.0 100.0
Bias (%) -99.9 15.7

Bias Excluding Outliers (%) -99.9

Accuracy (%) = 100 - Absolute Bias 0.01

Consistency (%) = 100 - COV(Accuracy) -139.8

The Vision software records the amount of time that each batch processor had spent on
each test section to conduct an automated survey. The automated detection,
classification, and rating took about 26 seconds per image frame for the 2D images.
The main contributor to slower speed is the crack detection time and the classification
and distress identification processes take only about 0.05 seconds per image frame.

Evaluation of Automatically Identified Wheel Path and Non-Wheel Path Cracking from 2D
LRIS Images

In this section, the semi-automated reference rating results were converted to cracking
within the wheel path (WP) and outside the wheel path (OP) using a SQL code (see
option 1 in Section 4.2.3). The automated distress identification results were already
available in WP and OP format, because the distress schema was setup accordingly
(see option 2 in Section 4.2.3). The total amount of cracking within the wheel paths
(CW) was calculated by adding the longitudinal, transverse, and alligator cracking
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areas. The longitudinal and transverse cracking areas were calculated by multiplying
their length by one foot, as specified in the FDOT Flexible Pavement Condition Survey
Handbook (2017).

Table 50 and Table 51 show the automated distress identification results for CO and
CW distresses from 2D images, respectively. The accuracy in determining the CO
distresses from 2D images is about 33 percent. The run-to-run repeatability in
determining the CO distresses from 2D images is about 86 percent. The section-to-
section consistency in determining the CO distresses from 2D images is about 34

percent.

Table 50. Accuracy, Repeatability, and Consistency of Cracking Outside Wheel Paths (CO) Based

on 2D Images
Ground Automatlcally ldentified Normalized Error 100 - AVG -
Tes_t Truth (S Cracking ABS E Repeatability
q rror
Section Ft) Runl | Run2 | Run3 Run1 (%)|Run2 (%)Run3 (%) (%) (%)
(Sq Ft) | (Sq Ft) | (Sq Ft)

1 2,269.16| 413.16 | 332.64 | 276.57 | -81.79 | -85.34 | -87.81 15.02 79.85
2 2,929.56| 326.82 | 267.14 | 349.21 | -88.84 | -90.88 | -88.08 10.73 86.51
3 11.98 [5,845.47|3,380.38|3,255.9648,693.57[28,116.8627,078.30] -34529.58 100.00
4 13,452.35[1,675.19/1,837.38|1,755.16| -51.48 | -46.78 | -49.16 50.86 05.38
5 [13,550.714,981.47/3,890.31|2,891.53| -63.24 | -71.29 | -78.66 28.94 73.34
6 [15,456.963,289.52/3,959.84|3,622.93| -78.72 | -74.38 | -76.56 23.45 90.75
7 296.23 [1,807.72/1,626.94|1,962.51| 510.24 | 449.22 | 562.50 -407.32 90.66
8 14,232.96 2,919.43/3,178.08|3,411.57| -31.03 | -24.92 | -19.40 74.88 92.23
9 249.79 [1,369.37/1,063.21|1,164.95| 448.21 | 325.64 | 366.37 -280.07 87.00
10 16,584.2413,900.46|3,461.47|2,344.54| -40.76 | -47.43 | -64.39 49.14 75.21
11 ]4,653.2811,678.48/1,732.75|2,033.89| -63.93 | -62.76 | -56.29 39.01 89.45
12 [11,403.25 990.18 | 940.88 |1,061.73| -91.32 | -91.75 | -90.69 8.75 93.91
Bias (%) 2909.81 86.29

Bias Excluding Outliers (%) -66.58

Accuracy (%) = 100 - Absolute Bias 33.42

Consistency (%) = 100 - COV(Accuracy) 34.07

The accuracy in determining the CW distresses from 2D images is about nine percent.
The run-to-run repeatability in determining the CW distresses from 2D images is about
91 percent. The section-to-section consistency in determining the CO distresses from

2D images is about 0.4 percent.
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Table 51. Accuracy, Repeatability, and Consistency of Cracking Within Wheel Paths (CW) Based
on 2D Images

Test TGround Automa(tjlrcaelllzr:gentlfled Normalized Error 100 - AVG Repeatability
. ruth (Sq ABS Error
Section Ft) Runl | Run2 | Run3 Run1 (%) Run2 RUN3 (%) (%) (%)
(Sq Ft) | (Sq Ft) | (Sq Ft) (%)

1 7,451.30| 927.65 | 956.62 | 880.79 | -87.55 | -87.16 | -88.18 12.37 95.85
2 8,964.78 | 660.09 | 579.74 | 519.69 | -92.64 | -93.53 | -94.20 6.54 87.99
3 8.74 0.00 0.00 0.00 | -100.00 |[-100.00 | -100.00 0.00 100.00
4 12,649.44|835.01 | 810.36 | 805.19 | -68.48 | -69.41 | -69.61 30.83 98.05
5 [13,822.31] 866.24 | 998.70 | 730.53 | -93.73 | -92.77 | -94.71 6.26 84.50
6 [21,221.131,717.08/1,982.63|1,712.50| -91.91 | -90.66 | -91.93 8.50 91.43
7 202.05 | 9.02 3.91 6.91 -95.54 | -98.06 | -96.58 3.27 61.17
8 18,673.241,119.50/1,101.42|1,074.67| -87.09 | -87.30 | -87.61 12.67 97.95
9 579.29 |200.31 | 242.65 | 212.42 | -65.42 | -58.11 | -63.33 37.71 90.02
10 8,888.91| 36.51 | 55.22 | 51.26 | -99.59 | -99.38 | -99.42 0.54 79.31
11 |7,155.08 | 238.93 | 279.39 | 254.64 | -96.66 | -96.10 | -96.44 3.60 92.08
12 19,863.21|142.03 | 145.32 | 153.92 | -98.56 | -98.53 | -98.44 1.49 95.83
Bias (%) -89.68 91.44

Bias Excluding Outliers (%) -90.80

Accuracy (%) = 100 - Absolute Bias 9.20

Consistency (%) = 100 - COV(Accuracy) 0.38

4.3.5 Results Analysis

False Positive Analysis

It is evident that in Sections number 3, 7, and 9, the 2D method has demonstrated a
significant number of false positives (more than 50% compared to the reference). This is
due to two reasons:

First, some road lane markings are falsely identified as cracks. The existing Vision road
lane detection system detects the lane marking boundaries as vertical lines and records
x coordinates of these detected lines in the database. All cracks of which x coordinates
are less than or equals to x coordinate of left lane, or greater than or equal to x
coordinate of right lane are not considered for distress rating. However, in some
pavement images, the lane marking may not be completely vertical. The image pixels
within the detected lanes can be falsely identified as crack pixel due to its high contrast
with the adjacent pixels (see Figure 81).
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Detected lane boundaries and cracks Lane boundaries identified as cracks

Figure 81. Lane boundaries identified as cracks

Second, patching boundaries, pavement markings, joints of brick paving are other
typical causes of false positives. See Figure 82 for an example.
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Figure 82. Other Features Falsely Detected as Cracks

False Negative Analysis

The significant amount of missed cracking has resulted in poor accuracy of the 2D
technology in identifying transverse and alligator cracking distress types. This type of
false negative arises for two reasons:

First, the sensitivity of crack detection algorithm is significantly impacted by the lighting
condition when the pavement images are collected. In a lower lighting condition, the
contrast between crack pixels and surrounding pavement surface pixels is reduced,
therefore, small cracks are difficult to be detected (Figure 83).
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Pavement Surface Detected Cracks

Figure 83. Low Contrast Between Crack and Surrounding Pixels Resulting in Missed Cracks

Second, the crack detection algorithm may also fail to detect bright cracks on dark
pavement surface (Figure 84) and cracks of thick width.
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Figure 84. White Alligator Cracks on Dark Pavement

4.3.6 Potentials and Limitations of the LRIS Technology

The 2D LRIS technology has the following potentials:

1. The LRIS equipment is more affordable than the 3D LCMS equipment.

2. The run-to-run repeatability of crack detection from 2D images is acceptable.
However, there are several important limitations of the 2D LRIS technology:

1. The accuracy of crack detection from 2D images is very low (31 percent), as
evidenced by the crack detection algorithm only detecting 18 percent of the
cracks that were in the reference survey. Also, only 25 percent of the cracks
detected from the 2D images were actually present in the reference survey.
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2. The section-to-section consistency of crack detection from 2D images is very
low.

3. Even excluding some outliers, significant amount of missed cracking has resulted
in poor accuracy of the 2D technology in identifying cracking distress types.

4. When the pavement surface is damp, the area around the crack edges become
darker in the 2D images and as a result, the crack detection algorithms result in
exaggerated crack width measurements based on pixel intensities. This issue
negatively impacts severity rating of cracking distresses.

4.4 Conclusion and Recommendations

This chapter described the efforts undertaken in Task 4 of this FDOT research project to
evaluate the feasibility of the 2D LRIS technology for crack detection and distress
identification. The findings of this effort can be summarized as follows:

1. While the results of 2D crack detection were comparable from run to run, there
were a significant number of missed cracks when compared to the ground truth.

2. While the run-to-run repeatability of the 2D technology was acceptable in
identifying the length of longitudinal and transverse cracks in most cases, the
accuracy compared to the ground truth and section-to-section consistency of the
2D technology was very poor in identifying any type of cracking.

Based on the noted evaluation results, it is recommended that alternative technologies
are considered for detection of cracks and the corresponding identification and
guantification of flexible pavement surface distresses.
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CHAPTER 5 — FLEXIBLE PAVEMENT APPLICATION DESIGN

Task 5 of this research project included an evaluation of the existing survey methods, a
gap analysis of the existing automated software, and the development of design
recommendations for addressing identified gaps. This chapter is organized into five
sections. Following this introduction, Section 5 describes the test sections used
throughout the flexible pavement survey evaluation and software design process.
Section 5.2 and Section 5.3 describe the manual windshield survey and the existing
automated software results, respectively. The results of the two survey methods are
compared in Section 5.4. Last, the gap analysis and design considerations for the
automated flexible pavement distress identification software are described in Section
5.5.

Please note the following reference phrases in this chapter:

e “Vision 3.1”: this refers to Fugro’s Vision 3.1 software, which includes a machine
learning algorithm for crack detection and an automated routine for distress
classification and rating. This existing automated software was evaluated in
Task 5 and the existing gaps were identified so that the software development
activities in Task 6 could address these gaps.

e ‘“crack detection”: this refers to the process of locating and marking the
pavement surface defects from the collected imagery.

e ‘“crack classification”: this refers to the process of classifying each detected
crack into a specific crack type and assigning a severity level to it.

e ‘“reference survey’: this refers to the semi-automated surveys conducted on one
run of the collected pavement images, which serve as benchmarks when
evaluating the automated software results. There are two reference surveys: one
serving as benchmark for crack detection and one for crack classification and
severity rating.

5.1 Representative Test Sections

The evaluation of the existing two distress survey methods included a comparison of the
overall cumulative quantities of various distress types found in the existing FDOT
manual windshield survey and a readily available existing automated software (Vision
3.1). To conduct this evaluation, FDOT engineers identified a set of 12 representative
test sections that are each at least a standard evaluation length (0.1-mile-long) and
contain several of the flexible pavement distresses in them. Table 16 and Figure 85
show the selected 12 flexible pavement sections.
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Table 52. Selected 12 Flexible Pavement Test Sections

NO | COUNTY | SECTIONID | ROUTE | DIR | LANE | BMP EMP LNGTH
1 Baker 02050000 SR44 E R2 0 0.604 | 0.604
2 Baker 02050000 SR44 W | L2 0 0.604 | 0.604
3 Collier 11010000 SR44 E R2 0 1592 | 1.592
4 Collier 11100000 SR19 N R2 3.816 |4.906 |1.09
5 Collier 11002000 SR44 E R2 1.183 2.276 | 1.093
6 Collier 11002000 SR44 E R2 3.184 |4.514 |1.33
7 Collier 11080000 SR19 N R1 0 0.925 | 0.925
8 Flagler 18020000 SR50 E R1 5.356 6.421 | 1.065
9 Hendry 26050000 SR24 S L2 3.367 6.095 | 2.728
10 | Hendry 26050000 SR24 S L2 6.095 7.67 1.575
11 | Clay 10190000 SR400 | E R3 11.098 | 12.332 | 1.234
12 | Clay 10190000 SR400 | E R3 20.407 | 21.476 | 1.069

FDOT_BDZ36_Flexible_Sections
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Figure 85. Selected 12 Flexible Pavement Test Sections

5.2 Manual Windshield Survey

Three FDOT raters conducted a manual windshield distress survey of the 12 test
sections according to the FDOT protocol. Each rater conducted the manual distress
survey separately in a separate vehicle and according to the FDOT Flexible Pavement
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Condition Survey Handbook (2017). The average, standard deviation, and coefficient of
variation (COV) of each distress type at each severity level found on each test section
has been documented in Appendix J.

A summary of the overall agreement among raters is presented in Table 53. The
summary statistics show that there was a low level of agreement for any individual
distress and severity. Some test sections exhibited minimal amounts of a particular
distress type, and variation among raters for distress types with small quantities led to
high values of COV and low levels of agreement. The results also show a higher level of
agreement among the three raters when adding the quantities of class IB, class II, and
class Il cracks. This demonstrates the additional variability that is introduced to the
survey when assigning distress severities to particular distress types.

Table 53. Overall Agreement Among Raters in Manual Windshield Survey (See Appendix J for

Details)

Distress Type

Agreement Among Raters in Total Distress Amount, 100 -

COV (%)

CW (Wheel Path Cracking)

CO (Cracking Outside Wheel

Paths)

Class IB -6% -2%
Class Il 11% 3%
Class Ill 3% 10%
Class IB + Class Il + 46% 34%
Class Il

Raveling -19% 1%
Patching % 0%

5.3 Automated Distress Survey Using Vision 3.1

In this chapter of the report, the results of crack detection and crack classification and
severity rating using 3D pavement images are evaluated. The 3D data collection was
conducted by Fugro using the Automatic Road Analyzer (ARAN) Laser Crack
Measurement System (LCMS) equipment and the data were analyzed by Fugro staff
using the readily available existing automated software (Vision 3.1) as part of the
required activities for Purchase Order (PO) 10026557. For further information on the
automated data collection and processing methodology, please refer to the final PO
report in Appendix I. The following sections will describe the success metrics, the
reference values, and the evaluation results.

5.3.1 Success Metrics

In the context of automated distress identification, effectiveness can be expressed in
terms of accuracy of the software results when compared to a reference baseline, which
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can be quantified by bias or average normalized error. Reliability of automated distress
surveys is often expressed in terms of precision. Precision is a qualitative term that can
describe the degree of repeatability of a measurement value on the same sample, or
consistency in accuracy of measurement on different samples. Coefficient of variation of
actual measurement values on the same sample is a quantitative estimate of
repeatability. Standard deviation of error (standard error) is a quantitative estimate of
consistency. The efficiency of each method is typically measured by the time it takes to
conduct these measurements.

With respect to automated condition evaluations, the success metrics could be
considered for two aspects of the process, first for the detection of individual surface
defects (cracks), and second for the identification and quantification of the distresses in
a distinct section.

The following are the success metrics used for evaluating the crack detection results:

True Positives: length of correctly detected cracks

e False Positives: length of detected cracks that don’t exist in the reference survey

e False Negatives: length of missed cracks

e Crack Validity: This statistic indicates the percentage of the detected cracks that
was actually present in the reference survey, thereby expressing the validity of
the cracks detected by algorithms.

L correctly detected true positives
Validity (%) = 100 x =100 X — —
all detected true positives + false positives

e Crack Sensitivity (or Recall): This statistic represents the percentage of the
cracks in the reference survey that was detected by the automated method,
thereby expressing the sensitivity of the algorithms to existing cracks.

correctly detected true positives

Sensitivity (%) = 100 x = X — -
actual cracks true positives + false negatives
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e Crack Detection Accuracy: This statistic is evaluated based on average
normalized error (bias) of automatically detected crack length compared to the
reference. Accuracy (%) = 100 — Bias (%)

e Crack Detection Repeatability: This statistic is evaluated based on coefficient of
variation (COV) of detected crack length among three runs (independent of the
reference and averaged among the sections). Repeatability (%) = 100 — COV (%)

e Crack Detection Consistency: This statistic is evaluated based on coefficient of
variation (COV) of crack detection accuracy among 12 test sections. Consistency
(%) = 100 — [Standard Deviation of Accuracy (%) / Average Accuracy (%)]

e Crack Detection Efficiency: This statistic is evaluated based on the time required
for the automated crack detection. Efficiency (second per foot) = time for cracking
detection divided by the total length

The following are the success metrics used for evaluating the crack classification and
severity rating results based on the overall cumulative amount of each crack type
among different test sections and multiple runs:

1. Crack Classification Accuracy: This statistic is evaluated based on average error
(bias) with respect to the reference distress survey values for each crack type.

Accuracy (%) = 100 — Bias (%)

2. Crack Classification Repeatability: This statistic is evaluated based on coefficient
of variation (COV) of automatically identified cracking among three runs for each
crack type (independent of the reference and averaged among the sections).

Repeatability (%) = 100 — COV (%)

3. Crack Classification Consistency: This statistic is evaluated based on coefficient
of variation (COV) of crack classification accuracy among 12 sections for each
crack type.

Consistency (%) = 100 — [Standard Deviation of Accuracy (%) / Average Accuracy (%)]
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4. Crack Classification Efficiency: This statistic is evaluated based on the time
required for the automated distress survey.

Efficiency (second per foot) = time for cracking detection, classification, and rating
divided by the total length.

5.3.2 Reference Surveys

Two reference surveys were created for this evaluation:

1. Crack Detection Reference: the Pavemetrics LCMS crack detection algorithm
was used to generate a baseline crack map and then a Fugro data technician
reviewed all the images in one run (run number 1 out of the three collected runs)
of the 12 test sections and modified the crack maps. False negatives (missed
cracks) were mapped, false positives were deleted, and cracks with incorrect
extent (length or area) were modified to reflect the actual cracks that can be seen
on the 3D intensity and range (depth) images and with assistance from the ROW
images.

2. Crack Classification Reference: a reference distress survey was manually
created by one Fugro engineer using the collected images, and another Fugro
technician reviewed the results to reach a consensus for the reference survey.

The crack detection reference was used to evaluate the effectiveness of the crack
detection algorithm and the crack classification reference was used to evaluate the
effectiveness of the distress classification and rating routine.

5.3.3 Evaluation Limitations

The evaluation was conducted considering the following limitations of this analysis:

1. The 12 test sections were selected as representative of the actual pavement
surfaces found across Florida. With such a small sample, it is possible that not all
the actual pavement network is represented in this study. Every effort was made
to select a representative sample. However, the budgetary and schedule
limitations of this project would not allow for collection and processing of data
across a wider network.

2. Vision 3.1 as it stands does not exactly differentiate between the crack types as
defined in the FDOT Flexible Pavement Condition Survey Handbook (2017),
because those definitions were originally intended for human raters and not for
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computers. Vision 3.1 uses crack angle to differentiate between longitudinal and
transverse cracks, and crack density in a given area to differentiate between
single linear cracks and an area of alligator cracking. Therefore, the error
compared to the reference is estimated by comparing the total amount of
automatically identified longitudinal and transverse cracks to the sum of the
single and branch cracks manually identified in the reference survey. Similarly,
the total amount of automatically identified alligator cracking is compared to the
total area of the alligator cracks manually identified in the reference survey.

3. This study is mainly focused on cracking distresses and patching and raveling
were not considered in this evaluation. The 3D technology provides pavement
surface macro-texture measurements which could potentially be used for
identifying raveling. However, these texture measurements need to be calibrated
to corresponding areas of raveling identified by experienced raters.

5.3.4 Evaluation of Automatically Detected Crack Quantities

Table 54 shows the true positives, false positives, false negatives, validity, and
sensitivity of the automated crack detection using the Vision 3.1 (machine learning
algorithm) on 3D images. This table includes the crack detection results on run number
1 of the 3 runs. This table indicates that on average, about 75 percent of the
automatically detected cracks were actually present on the pavement surface (Validity).
Also, on average, about 89 percent of the cracks in the reference crack map were
automatically detected from 3D images (Sensitivity).

In Table 54, the yellow highlighted cells indicate outlier test sections with significant
false positives (more than 50% of the reference). It is evident that in sections number 3,
7, and 9, Vision 3.1 has demonstrated a significant amount of false positive. This is due
to two reasons. First, some patching area boundaries and Automated Vehicle Counter
(AVC) loops and Weigh-In-Motion (WIM) devices being falsely detected as cracks.
Second, the amount of cracking in the reference survey for these three sections is lower
compared to other sections and as a result, the errors seem higher. Excluding sections
3, 7, and 9, crack detection validity is about 91 percent and crack detection sensitivity is
approximately 91 percent.

In addition to the crack detection verification results in Table 54, other crack detection
success metrics including accuracy, consistency, and repeatability of Vision 3.1 are
illustrated in Figure 86. When excluding the outlier sections (sections 3, 7, and 9), the
accuracy (100 - Bias) of Vision 3.1 in crack detection is about 99 percent. The run-to-
run repeatability exhibited 97 percent agreement among runs. Vision 3.1 is showing
high consistency of results on different sections, about 95 percent agreement in crack
detection accuracy among 12 sections.
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Table 54. Verification of Crack Detection on 3D images Using Vision 3.1

Accuracy (%)

Consistency (%)

Repeatability (%)

Crack Detection Results
Test True False False Crack Crack
; Reference (ft) L " : Validity | Sensitivity
Section Positives Positives | Negatives (%) (%)
(ft) (ft) (ft)
1 22,944.22 18,464.62 2,762.11 4,479.60 86.99 80.48
2 26,741.89 24,873.49 1,217.80 1,868.40 95.33 93.01
3 132.74 126.10 824.84 6.64 13.26 94.99
4 14,823.69 12,015.20 1,429.99 2,808.49 89.36 81.05
5 68,726.86 65,286.40 3,453.19 3,440.46 94.98 94.99
6 112,892.60 102,199.75 | 11,059.70 | 10,692.85 90.24 90.53
7 809.34 687.92 1,820.47 121.42 27.42 85.00
8 27,185.46 23,990.87 2,097.65 3,194.59 91.96 88.25
9 3,993.09 2,881.59 6,082.98 1,111.50 32.14 72.16
10 36,631.86 38,825.92 1,803.39 (2,194.06) 95.56 105.99
11 30,517.80 27,386.58 4,025.66 3,131.22 87.18 89.74
12 29,327.95 28,174.06 3,057.05 1,153.89 90.21 96.07
Total Average 74.55 89.36
Average Excluding Sections 3,7, and 9 91.31 91.12
3D Crack Detection
100 98.89 94.95 97.20
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Figure 86. Crack Detection Success Metrics for Vision 3.1

To better demonstrate the capability of 3D technology in detecting surface cracks, two
example locations have been selected. Figure 87 and Figure 88 show the 3D crack
detection results for the two example locations.
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Figure 87. Example LCMS Intensity (left), Range (center), and Detected Crack Map (right)
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Figure 88. Example LCMS Intensity (left), Range (center), and Detected Crack Map (right)

5.3.5 Evaluation of Automatically Classified Cracking Quantities

In this section, the results of Vision 3.1 in terms of crack classification are evaluated.
Vision 3.1 records the amount of time that each batch processor had spent on each test
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section to conduct an automated survey. The automated crack detection, crack
classification, and severity rating took about 6 seconds per image frame for the 3D
images. The majority of the processing time is consumed during the crack detection
time. The classification and severity rating processes take only about 0.05 seconds per
image frame. These time records have been achieved with an Intel Core i5 3.3GHz
CPU and an 8GB RAM, with a Windows 10 64-bit operating system.

Evaluation of Automatically Identified Longitudinal, Transverse, and Alligator Cracking

In this section, the evaluation is conducted based on the amount of automatically
identified Longitudinal, Transverse, and Alligator cracking. It should be noted that Vision
3.1 uses crack angle to differentiate between longitudinal and transverse cracks, and
crack density in a given area to differentiate between single linear cracks and an area of
alligator cracking. Therefore, the normalized error compared to the reference survey is
estimated by comparing the total amount of automatically identified longitudinal or
transverse cracks to the sum of single and branch cracks (manually identified in the
reference survey) that are positioned longitudinally or transversely. Similarly, the total
amount of automatically identified alligator cracking is compared to the sum of alligator
and block cracks manually identified in the reference survey.

Figure 89 shows the success metrics for automatically identifying Longitudinal cracks.
Excluding the outlier sections (test sections with minimal amount of longitudinal cracking
in the reference survey: sections 3, 7, and 9), the automated longitudinal cracking
identification has demonstrated about 93 percent accuracy. The results show a positive
bias (on average +7%; see PO 10026557 Report in Appendix | for details) indicating
more automatically identified longitudinal cracks compared to the reference survey.

3D Longitudinal Cracking Identification

100 92.86 97.02
90 81.23
80
70
60
50
40
30
20
10

Accuracy (%) Consistency (%)  Repeatability (%)

Figure 89. Longitudinal Cracking Success Metrics for Vision 3.1
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On average, there is about 97 percent run-to-run repeatability in the length of
automatically identified longitudinal cracks. There is about 81 percent section-to-section
consistency in the accuracy in automatically identifying the length of longitudinal cracks.

Figure 90 shows the success metrics for automatically identifying Transverse cracks.
Excluding the outlier sections (test sections with minimal amount of transverse cracking
in the reference survey: sections 3, 7, and 9), the automated transverse cracking
identification have demonstrated about 90 percent accuracy. The results show a
negative bias (on average -10%; see PO 10026557 Report in Appendix | for details)
indicating less automatically identified transverse cracks compared to the reference
survey. On average, there is about 90 percent run-to-run repeatability in the length of
automatically identified transverse cracks. There is about 74 percent section-to-section
consistency in the accuracy in identifying transverse cracking.

3D Transverse Cracking Identification
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Figure 90. Transverse Cracking Success Metrics for Vision 3.1

Figure 91 shows the success metrics for automatically identifying Alligator cracks.
Excluding the outlier sections (test sections free of alligator cracking: sections 3, 7, and
9), the automated alligator cracking identification has demonstrated about 95 percent
accuracy. The results show a negative bias (on average -5%; see PO 10026557 Report
in Appendix | for details) indicating less automatically identified alligator cracks
compared to the reference survey. On average, there is about 93 percent run-to-run
repeatability in the automatically identified alligator cracking areas. There is about 68
percent section-to-section consistency in the accuracy in automatically identifying the
area of alligator cracks.
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3D Alligator Cracking Identification
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Figure 91. Alligator Cracking Success Metrics for Vision 3.1

Evaluation of Automatically Identified Wheel Path and Non-Wheel Path Cracking

In this section, the reference rating results were converted to cracking within the wheel
path (CW) and outside the wheel path (CO) using a SQL code. The total amount of
cracking within the wheel paths (CW) was calculated by adding the longitudinal,
transverse, and alligator cracking areas. The longitudinal and transverse cracking areas
were calculated by multiplying their length by one foot, as specified in the FDOT
Flexible Pavement Condition Survey Handbook (2017).

Figure 92 shows Vision 3.1 results for CW distresses from 3D images. The accuracy in
determining the CW distresses is about 92 percent. The results show a negative bias
(on average -7%; see PO 10026557 Report in Appendix | for details) indicating less
automatically identified CW cracks compared to the reference survey. The run-to-run
repeatability in determining the CW distresses is about 97 percent. The section-to-
section consistency in determining the CW distresses is about 84 percent.

Figure 93 shows Vision 3.1 results for CO distresses from 3D images. The accuracy in
determining the CO distresses is about 89 percent. The results show a negative bias
(on average -10%; see PO 10026557 Report in Appendix | for details) indicating less
automatically identified CO cracks compared to the reference survey. The run-to-run
repeatability in determining the CO distresses is about 96 percent. The section-to-
section consistency in determining the CO distresses is about 85 percent.
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Wheel Path Cracking (CW) Identification
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Figure 92. Wheel Path Cracking (CW) Success Metrics for Vision 3.1

3D Outside Wheel Path Cracking (CO)
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Figure 93. Outside Wheel Path Cracking (CO) Success Metrics for Vision 3.1
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Automatically Identified Cracking Summary

Table 55 provides the summary statistics for the automated distress survey results
using Vision 3.1 on 3D images. As it is evident from this table, the average accuracy
compared to the reference survey and the run-to-run repeatability of Vision 3.1 in
identifying cracking distress types are above 90% in almost all cases. One reason for
the high accuracy and repeatability is that cracks from all severity levels are categorized
in the same group based on crack type. However, there is less consistency in Vision 3.1
results across the multiple test sections, especially regarding alligator cracking.

Table 55. Summary Statistics for Vision 3.1 Results from 3D Images

Accurac Section-To- Run-To-Run
Distress (%) Y| section Repeatability
0 Consistency (%) | (%)
Longitudinal Cracking 92.86 81.23 97.02
Transverse Cracking 90.24 73.80 89.84
Alligator Cracking 94.55 68.46 93.23
Wheel Path Cracking (CW) 92.51 83.93 97.22
E\Igg;Wheel Path Cracking 89 62 84 81 96.19

5.3.6 Evaluation of Automatically Rated Crack Severities

Vision 3.1 was used to automatically rate the crack severities for each of the 12 test
sections. Vision 3.1 uses average crack width measurement to determine crack
severities according to the FDOT Flexible Pavement Condition Survey Handbook
(2017). Figure 94, Figure 95, and Figure 96 compare Vision 3.1 results to those of the
reference survey for severity levels 1B, I, and lll, respectively (note: vertical axis ranges
vary). Class IB are hairline cracks that are less than or equal to %& inch (3.18 mm) wide,
Class Il are cracks greater than Y& inch (3.18 mm) and less than or equal to Y4 inch (6.35
mm) wide, and Class Il are cracks greater than ¥4 inch (6.35 mm) wide. Note that the
extent of Class1B cracks is the sum of the length of single and branch cracks. But the
extent of the Class Il and Class lll cracks is the sum of the area of single, branch, and
alligator cracks, where the single and branch cracks are assumed to have a width of
one foot.
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Figure 94. Severity Level 1B Rating Results for Vision 3.1
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Figure 95. Severity Level Il Rating Results for Vision 3.1

The figures demonstrate that Vision 3.1 rates the majority of cracks as severity level Il.
It should be noted that the manual assignment of severity levels in the reference survey
is always more subjective than classification of cracks into single, branch, and alligator
distress types. This is because it is easier to visually differentiate between single,
branch, and alligator cracks than it is to visually differentiate between various crack
widths. In the reference survey, the rater can use the measurement tool in Vision 3.1 to
get familiar with the visual representation of various crack widths on the image. The
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rater then relies on this visual representation to manually rate the severity levels of each
identified cracking distress.
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Figure 96. Severity Level lll Rating Results for Vision 3.1

5.4 Comparison of Different Survey Methods

This section compares the results of the manual windshield surveys conducted by
FDOT distress raters, Vision 3.1 on 3D images, and the reference survey described in
Section 5.3.2. The results compared in this section include percent wheel path cracking
(CW) and percent non-wheel path cracking (CO). While patching and raveling are
typically included in the total cracking percentages, Vision 3.1 results presented do not
include patching or raveling. The outlier test sections discussed previously (sections 3,
7, and 9) were excluded from this analysis as well.

5.4.1 Success Metrics

The following are the success metrics used for comparing different survey methods
based on the overall cumulative amount of each crack type among different test
sections and multiple runs:

1. Crack Classification Accuracy: This statistic is evaluated based on average error
(bias) with respect to the reference distress survey values for each crack type.

Accuracy (%) = 100 — Bias (%)
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2. Manual Windshield Survey Reproducibility: This statistic is evaluated based on
coefficient of variation (COV) of manually identified cracking among three raters
for each crack type (independent of the reference and averaged among the
sections).

Reproducibility (%) = 100 — COV (%)

3. Automated Crack Classification Repeatability: This statistic is evaluated based
on coefficient of variation (COV) of automatically identified cracking among three
runs for each crack type (independent of the reference and averaged among the
sections).

Repeatability (%) = 100 — COV (%)

4. Crack Classification Consistency: This statistic is evaluated based on coefficient
of variation (COV) of crack classification accuracy among 12 sections for each
crack type.

Consistency (%) = 100 — [Standard Deviation of Accuracy (%) / Average Accuracy (%)]

5.4.2 Comparison Results on Overall Section Cracking Quantities

Table 56 and Table 57 show the success metrics for the manual windshield survey and
Vision 3.1, respectively, compared to the reference survey for the total amounts of CW
and CO cracking (all severities) in each section.

Table 56. Comparison of Manual Windshield Survey Rating to the Reference Survey

Metric Cw CO

Accuracy (%) 70.51 68.82
(So/((a);:tion-To-Section Consistency 98.48 98.61
(If)z;er-To-Rater Reproducibility 50.71 37.36
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Table 57. Comparison of Vision 3.1 Rating to the Reference Survey

Metric CwW CcO
Accuracy (%) 92.51 89.62
Section-To-Section Consistency 99 85 99 85
(%) ' '
Run-To-Run Repeatability (%) 97.22 96.19

Figure 97 compares the accuracy of the two rating methods as calculated by 100 minus
the absolute value of bias (%).
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Figure 97. Comparison of Different Methods in terms of Accuracy

The results indicate that Vision 3.1 is relatively more successful in detecting and
identifying the extent of CW cracking (accuracy 93%) compared to CO cracking

(accuracy of 90%). The accuracy of Vision 3.1 for both CW and CO cracking (93% and
90%, respectively) is higher than that of the manual windshield survey (71% and 69%,

respectively).

Figure 98 shows a comparison among the methods in terms of consistency as

calculated by 100 minus the coefficient of variation of accuracy among 12 test sections.

The manual windshield survey is showing a slightly lower consistency compared to
Vision 3.1. However, both methods show high consistency among the test sections,

excluding the outliers (sections 3, 7, and 9).
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Figure 98. Comparison of Different Methods in terms of Consistency

Figure 99 compares the reproducibility of the manual windshield survey to the
repeatability of Vision 3.1 using 100 minus the coefficient of variation of distress
amounts among the three raters/runs. Vision 3.1 is showing much higher repeatability
among multiple runs when compared to the reproducibility among multiple raters in the
manual windshield survey.
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Figure 99. Comparison of the Reproducibility of Manual Windshield Survey to the Repeatability
of Vision 3.1 Results
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5.5 Gap Analysis and Design Considerations

In this section of the report, the gaps in the performance of Vision 3.1 are identified. In
addition, a potential design consideration is offered as the solution to address each
identified gap.

5.5.1 Identified Gaps

Based on the results of Vision 3.1 evaluations on 3D images, it is evident that Vision 3.1
has an adequate performance in detecting pavement surface cracks, but it is not
performing well regarding classification and rating of the detected cracks into
corresponding distress types and severities according to the FDOT Flexible Pavement
Condition Survey Handbook (2017). Regarding crack detection, it should be noted that
on three test sections (number 3, 7, and 9), the total length of false positives was more
than 50% of the length of actual existing cracks in the reference. But the length of actual
existing cracks in the reference was itself very low.

Setup Parameters

To utilize the classification and rating functions of Vision 3.1, many parameters must be
input by the user. The reason for this was that by design, this software was supposed to
have the flexibility to be used on a variety of pavement surfaces in various conditions
across the world. A wide range of setup parameters could not only introduce
inconsistency to results if different parameters are selected by different users, but it
could also make the analysis seem overly complicated and challenging. Fugro will
develop a batch processor for FDOT crack classification and rating, which will require a
minimal number of setup parameters. Additionally, the batch processor will eliminate
the need to establish a distress schema in Vision 3.1 since the batch processor would
be tailored to the FDOT distress identification protocol.

Crack Classification Issues

Vision 3.1 classifies crack types based on a table of coordinates for each crack node.
Vision 3.1 uses the table to determine the crack angle to differentiate longitudinal from
transverse cracks and uses density of cracking in a given area to identify alligator
cracking areas. While the software displays a crack map on the user interface, the crack
map is not used for distress classification purposes. Fugro will develop a crack map,
which can be used for the distress classification process.

Vision 3.1 does not include the “Branch Crack” crack type, and it does not have the
capability of classifying branch cracks. Using a crack map, single and branch crack
distress types can be identified based on geometric properties in addition to crack
angle. Also, alligator cracking can be detected using characteristics other than crack
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density. Developing a crack map will enable new algorithms to increase the accuracy
and consistency of distress classification.

While there may be potential to improve the block cracking classification capabilities of
Vision 3.1, block cracking will not be included in FDOT automated classification
processors. Due to a limited amount of block cracking across Florida highways, there
are currently no test sections that exhibit sufficient block cracking, with which to
evaluate automatic results.

Crack Severity Rating Issues

As illustrated in Section 5.3.6, the automatically rated crack severities do not align well
with the severities determined using the reference survey. Since distress severities are
primarily dependent on crack width, the crack width determined using Vision 3.1 is likely
insufficient for effectively rating distress severities according to the FDOT protocol.
Fugro will improve the crack width detection algorithm to improve the automatic rating
results.

5.5.2 Recommended Design Solutions
Table 58 summarizes the identified gaps in Vision 3.1 and corresponding recommended
solutions. Based on this gap analysis, the following development efforts will be

considered for Task 6 of this project. The algorithm logic design is briefly explained for
each development effort.

Table 58. Identified Gaps and Recommended Solutions

Number | Gap in Vision 3.1 Recommended Solution
1 NUMErous setup parameters Develop batch processor with minimal
setup parameters
Distress classification based on Develop crack map for use during
crack angle and density has distress classification
5 issues with classifying alligator Develop methodology to classify
cracks alligator cracks based on closed cells
Vision 3.1 cannot classify branch Develop methodology to classify
cracks branch cracks based on joint pixels
3 Block crack classification is not No recommendation due to lack of test
available sections which exhibit block cracking
Develop improved crack width
4 Inaccurate distress severity rating | algorithm for distress severity rating
purposes
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Batch Processor Development

A batch processor is designed to be developed as a plugin for Vision 3.1. The batch
processor shall include the improvements described below and developed in Task 6 of
this project. The batch processor shall be tailored to the FDOT distress rating protocol.

Crack Map

1. Create a binary image using the detected crack node coordinates in which
white pixels represent cracks and all other pixels are black based.

2. The binary image includes redundant information which can be reduced
using the following morphological processes (see Figure 100):

I. Resizing: keeps the essential information but improves the
processing speed by reducing the size and number of pixels.

ii. Dilation: enlarges the boundaries of regions of white pixels. This
process reduces the size of gaps within each region, and some
gaps are filled completely to establish closed crack cells that can be

categorized as alligator cracking.

iii. Skeletonizing: reduces the white regions in the binary image to a
skeletal remnant that preserves the extent and connectivity of the
original. The thickness of features in the skeleton is one pixel.
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Figure 100. Example Showing Resizing, Dilation, and Skeletonizing to Create Crack Map
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Alligator Cracking Classification

The crack map is analyzed to locate all regions in which the cracks have formed a
closed cell. Connected closed-cell regions are combined into a bounding box which
represents the area of alligator cracking (see Figure 101).

Figure 101. Example Showing Extraction of Alligator Cracking Areas from the Crack Map

Single and Branch Cracking Classification

Any cracks in the crack map that do not fall within alligator cracking bounding boxes are
considered linear or branch cracks (see Figure 102).

Branch cracks will be distinguished from linear cracks based on the number of adjoining
pixels. In a skeletonized image, there are three types of pixels:

i.  End pixels which have one adjoining pixel
ii.  Center pixels which have two adjoining pixels

iii.  Joint pixels which have more than two adjoining pixels
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A branch crack is an element in the crack map with at least one joint pixel (see Figure
103).

Figure 102

SINGLE
CRACKS

BRANCH
CRACKS

Figure 103. Joint Pixels and Branch Cracks

Develop Improved Crack Width Algorithm

1. Create a binary image using the range image, which includes the 3D depth data.
The crack map and binary image developed in the classification development
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effort was based on the intensity image and contain crack locations, but they do
not contain width information.

Pre-process the range image using contrast stretching and histogram
equalization techniques. The grayscale range image will produce a better binary
image if it exhibits high contrast rather than low contrast (see Figure 104).

Stretching
Equalization

Histogram

7]
5
c
o
&)

Figure 104. Example Preprocessing of 3D Range Image

Extract the binary image from the pre-processed range image using an edge-
detection thresholding algorithm.

Remove extraneous information from the binary image. The binary image will
contain white pixels which do not correspond to cracks that were detected or
included on the crack map. The crack map can be overlaid on the range binary
image to keep only white pixels which correspond to a detected crack (see
Figure 105).
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Figure 105. Example Development of Enhanced Crack Map for Crack Width Determination

2. Determine crack width using the range binary image.

i.  Overlay the bounding boxes from the classification results onto the range binary
image.

ii.  Sum the number of white pixels within each bounding box.

Number of white pixels
Cracklength

iii.  Average crack width for each bounding box =
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CHAPTER 6 — FLEXIBLE PAVEMENT APPLICATION DEVELOPMENT
AND VALIDATION

Task 6 of this research project included the development of the FDOT Flexible
Pavement Distress Application (FFPDA) according to the algorithm design, which was
devised during Task 5 for addressing identified gaps. This chapter is organized into four
sections. Following this introduction, Section 6.1 summarizes the algorithm design and
the application development efforts. Section 6.2 describes the experiment design for
validation of the developed application. Section 6.3 presents the results of the validation
experiment. Finally, Section 6.4 summarizes the results and provides pertinent
recommendations for implementation of the developed application in future data
collection and processing activities. In addition, Appendix L provides a Reference
Manual for FDOT staff to conduct automated distress identification using the developed
application and perform quality control on the results.

Please note the following reference phrases in this report:

e “Vision 3.1”: this refers to Fugro’s Vision 3.1 software, which includes a machine
learning algorithm for crack detection and an automated routine for distress
classification and rating. This existing automated software was evaluated in
Task 5 and the existing gaps were identified so that the software development
activities in Task 6 could address these gaps.

e ‘“crack detection”: this refers to the process of locating and marking the
pavement surface defects from the collected imagery.

e ‘“crack classification”: this refers to the process of classifying each detected
crack into a specific crack type and assigning a severity level to it.

o ‘“reference survey”: this refers to the semi-automated survey conducted on one
run of the collected pavement images, which serves as a benchmark when
evaluating the automated software results.

6.1 Application Development

Based on the results of Vision 3.1 evaluations in Task 5, it was evident that Vision 3.1
had an adequate performance in detecting pavement surface cracks, but it was not
performing well regarding classification and rating of the detected cracks into
corresponding crack types and severities according to the FDOT Flexible Pavement
Condition Survey Handbook (2017). Table 59 summarizes the identified gaps and
corresponding recommended solutions. Based on this gap analysis that was performed
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in Task 5, the following development efforts were conducted for Task 6 of this project.
The algorithm logic design is briefly explained for each development effort.

Table 59. Identified Gaps and Recommended Solutions

Number | Gap Recommended Solution
Develop batch processors with minimal
1 Numerous setup parameters
setup parameters
Crack classification based on Develop improved crack map for use
5 crack angle and density has during crack classification
issues with classifying Alligator Develop methodology to classify
cracks Alligator cracks based on closed cells
Develop methodology to differentiate
3 Inability to classify Branch cracks | Branch cracks from Single cracks
based on joint pixels
Single and Branch cracks in
4 proximity of each other and Develop methodology to group cracks
Alligator cracks are classified that are in proximity to each other
separately
Vision 3.1 requires wheel path Develop methodology to automatically
5 and non-wheel path cracks to be differentiate wheel path cracks from
defined in the distress schema non-wheel path cracks after automated
ahead of distress survey survey and manual QC
6 Block crack classification is not No recommendation due to lack of test
accurate enough sections which exhibit Block cracking
Develop improved crack width
7 Inaccurate crack severity rating algorithm for distress severity rating
purposes
, Develop batch processor to summarize
Need to output summary data in
8 the results of automated survey and
the FDOT protocol format . .
manual QC in output file

6.1.1 Batch Processor Development

Two batch processors were developed as plugins for Vision 3.1:

1. ‘FDOT Flexible Pavement Distress Application (FFPDA)’ which takes the results
of automated crack detection as an input, classifies the cracks as single, branch,
and alligator, and then assigns a severity level of 1B, Il, or Ill based on crack
classification and width. This processor addresses gaps number 1, 2, 3, 4, 5, and
7.

230



2. ‘FDOT Flexible Pavement Rating Results Summary’ which takes the results of
FFPDA and any QC (manually drawing or modifying distresses on the images),
differentiates wheel path from non-wheel path cracks, and summarizes all the
distress information into comma separated value (csv) files. This processor
addresses gap number 8.

The batch processors include the improvements described below and developed in
Task 6 of this project. The batch processors are tailored to the FDOT distress rating
protocol. This built-in customization will eliminate the need for numerous setup
parameters and user-defined distress schemas.

6.1.2 Improved Crack Map Development

The following steps describe how the FFPDA algorithm was developed to generate an
improved crack map based on the automated crack detection results:

1. Create a binary image using the detected crack node coordinates, in
which white pixels represent cracks and all other pixels are black (see first

image from left in Figure 106)

2. The binary image includes redundant information, which can be reduced
using the following morphological processes (see Figure 106):

i. Resizing: keeps the essential information but improves the
processing speed by reducing the size and number of pixels.

ii. Dilation: enlarges the boundaries of regions of white pixels. This
process reduces the size of gaps within each region, and some
gaps are filled completely (Szeliski 2010).

Resizing
Dilation

l Skeletonizing

'
a
- csz.

Figure 106. Example Showing Resizing, Dilation, and Skeletonizing to Create Improved Crack
Map
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The dilation operator takes two pieces of data as inputs. The first is the binary image
(crack map) which is to be dilated. The second is a (usually small) set of coordinate
points known as a structuring element (also known as a kernel). It is this structuring
element (see Figure 107 for example) that determines the precise effect of the dilation
on the input image.

The mathematical definition of dilation for binary images is as follows:

Suppose that X is the set of Euclidean coordinates corresponding to the input binary
image, and that K is the set of coordinates for the structuring element.

Let Kx denote the translation of K so that its origin is at X.

Then, the dilation of X by K is simply the set of all points in X such that the intersection
of Kx with X is non-empty.

As an example of binary dilation, suppose that the structuring element is a 3x3 square,
with the origin at its center, as shown in Figure 107. Note that in this and subsequent
diagrams, foreground (white) pixels are represented by 1's and background (black)
pixels by O's.

Figure 107. A 3x3 Square Structuring Element

To compute the dilation of a binary input image by this structuring element, each of

the background (black) pixels in the input image is considered in turn. For each
background pixel (called the input pixel), the structuring element is superimposed on top
of the input image, so that the origin of the structuring element coincides with the input
pixel position. If at least one pixel in the structuring element coincides with a foreground
(white) pixel in the image underneath, then the input pixel is set to the foreground
(white) value. If all the corresponding pixels in the image are background, however, the
input pixel is left at the background value.
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For the example 3x3 structuring element in Figure 107, the effect of this operation is to
change any black pixels that have a neighboring white pixel to the white color. Such
pixels must lie at the edges of white regions, and so the practical upshot is that
foreground regions grow (and holes inside a region shrink).

iii. Skeletonizing: reduces the white regions in the binary image to a
skeletal remnant that largely preserves the extent and connectivity
of the original region. The thickness of any linear feature in the
skeleton is one pixel. The skeleton of the binary image is acquired
using the Zhang-Suen Thinning Algorithm (Zhang and Suen 1984).
The details of this algorithm are described as following:

The algorithm operates on all white pixels P1 that can have eight neighbors. The
neighbors are arranged in a clock-wise sequence as indicated in Figure 108. Obviously,
the boundary pixels of the image cannot have the full eight neighbors.

P9 | P2 |P3
P8 | P1| P4
P7 | P6 | P5

Figure 108. The Pixel Arrangement in the Zhang-Suen Thinning Algorithm

Define {A(P1)} = the number of transitions from black to white, (0 to 1) when moving in
the clock-wise sequence P2 to P3 to P4 to P5 to P6 to P7 to P8 to P9 back to P2. (Note
the extra P2 at the end - it is circular).

Define {B(P1)} = The number of white pixel neighbors of P1 = (sum(P2 .. P9))

Step 1: All pixels are tested and pixels satisfying all the following conditions
(simultaneously) are set to black:

1) The P1 pixel is white and has eight neighbors

2) {2 = B(P1) <6} in other words, P1 has between 2 to 6 white pixel
neighbors

3) A(P1) =1 in other words, there is only one transition from black to white
when moving in the clock-wise sequence above
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4) At least one of P2 and P4 and P6 is black
5) At least one of P4 and P6 and P8 is black

Step 2: All pixels are tested again and pixels satisfying all the following conditions
(simultaneously) are set to black:

1) The pixel is white and has eight neighbors

2) {2 <B(P1) <6} in other words, P1 has between 2 to 6 white pixel
neighbors

3) A(P1l) =1 in other words, there is only one transition from black to white
when moving in the clock-wise sequence above

4) At least one of P2 and P4 and P8 is black
5) At least one of P2 and P6 and P8 is black
Iteration: Steps one and two are repeated until image pixels are no longer changed

Figure 106 shows the results of the three morphological processes of resizing, dilation,
and skeletonizing on an example pavement image.

6.1.3 Alligator Cracking Classification

The improved crack map is analyzed to locate all regions in which the cracks have
formed a closed cell. Connected closed-cell regions are combined into a bounding box
which represents the area of alligator cracking (see Figure 109).

234



Figure 109. Example Showing Extraction of Alligator Cracking Areas from the Crack Map

The locations of closed cells are acquired by Contour Hierarchy Analysis (Suzuki and
Abe 1985). Contours can be explained simply as a curve joining all the continuous
points (along the boundary), having the same color or intensity. In some cases, some
contours are inside other contours; the outer ones are called parents and inner ones are
called children. This way, contours in an image have some relationship to each other.
And we can specify how one contour is connected to another, is it a child of some other
contour, or is it a parent. Representation of this relationship is called the Hierarchy.

Consider the example image shown in Figure 110. Contour lines 2 and 2a denote the
external and internal contours of the outermost box. Here, contours 0, 1, and 2 are
external or outermost. We can say, they are in hierarchy-0 or simply they are in the
same hierarchy level. Next comes contour 2a. It can be considered as a child of contour
2 (or in opposite way, contour 2 is parent of contour 2a). So, let contour 2a be in
hierarchy-1. A closed cell is an indication of alligator cracking and closed cells are
detected if a contour has at least one child (for example, contour 2). In the case of
multiple contours inside each other, the outermost parent contour defines the
boundaries of the alligator cracking area.
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Figure 110. Schematic Description of Contour Hierarchy Analysis

6.1.4 Single and Branch Cracking Classification

Any cracks in the crack map that do not fall within alligator cracking bounding boxes are
considered single or branch cracks (see Figure 111).

Branch cracks were distinguished from single cracks based on the number of adjoining
pixels. In a skeletonized image, there are three types of pixels:

i.  End pixels which have one adjoining pixel

ii.  Center pixels which have two adjoining pixels

iii.  Joint pixels which have more than two adjoining pixels

A branch crack is defined as an element in the crack map with at least one joint pixel
(see Figure 112) if the branch stemming from that joint pixel is longer than 1 foot.
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Figure 112. Joint Pixels and Branch Cracks

6.1.5 Wheel-Path and Non-Wheel-Path Cracking

During the classification, the cracks are assigned with different crack types: alligator,
branch or single. The cracks are then further classified into wheel-path cracks and non-
wheel-path cracks based on the location across the lane width, more specifically, its x
coordinate.

237



For any identified distress, if the corresponding bounding boxes crossed any boundaries
of the five road zones shown in Figure 113 (and defined in the 2017 FDOT Flexible
Pavement Condition Survey Handbook), those bounding boxes were cropped into
multiple sub-boxes as shown in Figure 114. The original bounding boxes can span
multiple road zones, but these final sub-boxes can only exist in one road zone. In this
manner, the identified cracking can be divided between wheel-path and outside wheel-

path zones.

Confined to Wheel Path (CW)

1 1 ! 1

- S _3ft

- (091m) - - (0.91m) -
ol Approx - - - = Approx o
£ 1.5/ - B b | S R D L
2| (46m) ~(91m) o (48m) g
3 _ : j : 3

co . cw . Cco . Ccw . Co
(Qutside) - (Inside) - (Outside) - (Inside) - (Qutside)

Outside of Wheel Path (CO)

«———  Typical Lane Width 12 ft (3.7m) ——»

Figure 113. FDOT Defined Road Zones Across the Lane Width
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Figure 114. Cropping Bounding Box into Sub-Boxes According to Road Zone

6.1.6 Bounding Box Grouping

Three types of groupings are performed on the bounding boxes (cropped sub-boxes). If
the minimum longitudinal (y) distance between an alligator cracking bounding box and a
branch cracking bounding box is less than or equal to 1ft, they are merged as one
alligator cracking bounding box. Similarly, if the minimum y distance between a branch
cracking bounding box and a single crack bounding box is less than or equal to 1ft, they
are merged as one branch cracking bounding box. Also, if the minimum y distance
between an alligator cracking bounding box and a single crack bounding box is less
than or equal to 1ft, they are merged as one alligator cracking bounding box. Figure 115
shows an example of the results of bounding box grouping.

Crack bounding boxes are finalized in this step, cracks in the same crack bounding
boxes are grouped as one crack set. After width information is assigned to these crack
sets, crack sets are converted to distresses.
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Alligator Bounding Box

Branch Bounding Box

Figure 115. Grouped Bounding Box

6.1.7 Improved Crack Width Identification

There was a need to improve the estimation of crack width to improve the accuracy of
the software in assigning severity levels to cracks. The crack map and binary image
developed in the classification development effort contain crack locations, but they do
not contain width information. The following explains the development efforts to create a
binary image using the range image (which includes the 3D depth data), and the
estimation of crack width:

1. Pre-process the range image using contrast stretching and histogram equalization
techniques. The grayscale range image will produce a better binary image if it
exhibits high contrast rather than low contrast (see Figure 116).
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Figure 116. Example Preprocessing of 3D Range Image

i.  Contrast Stretching: Often called normalization, this is a simple image
enhancement technique that attempts to improve the contrast in an image by
“stretching' the range of intensity values it contains to span a desired range of
values, e.g. the full range of pixel values that the image type concerned allows
(Kaur and Choudhary 2012).

Before the stretching can be performed, it is necessary to specify the upper and lower
pixel value limits over which the image is to be normalized. Often these limits will just be
the minimum and maximum pixel values that the image type concerned allows. For
example, for 8-bit gray level images, the lower and upper limits might be 0 and 255. Call
the lower and the upper limits a and b respectively.

The contrast stretching algorithm then scans the image to find the lowest and highest
pixel values currently present in the image. Call these ¢ and d. Then each pixel P is
scaled using the following function:

b—a
Bovi = (P — ) (d—c)-l_a
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Values below 0 are set to O and values above 255 are set to 255.

Histogram Equalization: is a method that improves the contrast in an image, to

stretch out the intensity range (Szeliski 2010). In Figure 116, the pixels in the
intensity histogram of the center image seem clustered around the middle of the
available range of intensities. What Histogram Equalization does is to stretch out
this range. The tails of this histogram indicate the underpopulated intensities.
After applying the equalization, the histogram for the image on the right shows
that pixels in the resulting image have intensities that are more evenly distributed
across the spectrum.

2. Extract the binary image from the pre-processed range image using a

Multi-Threshold Maximum Entropy Algorithm (Apro et al. 2011). The
Maximum Entropy is an automatic thresholding (classification) method
where the optimal threshold value (for differentiating pixels in two classes
of cracks and non-cracks) can be found by maximizing the entropy
(minimizing the homogeneity) of the resulting classes. This thresholding
technique is called a bi-level approach, where a unique threshold value is
defined to differentiate the two classes. The bi-level thresholding
techniques give satisfactory results on the images with clear foreground-
background differentiation. But for the segmentation of complex images, a
multi-thresholding approach is more suitable. A multi-thresholding
technique converts the different types of regions of the image into regions
having the optimal number of grey-level pixels.

Suppose that h(i) is a value in a normalized histogram. Typically, i takes integer values
from 0 to 255 (for 8-bit depth images). h(i) is the number of pixels that have the intensity
i. It is assumed that h(i) is normalized, meaning the total area under the frequency
distribution histogram is equal to 1:

S h(i)=1

1=

The entropy of black (background) pixels is defined as:

H,,(;):—i ,h(i) log [11(1')

Zh(./) i > h(j)

=0
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The entropy of white (foreground) pixels is defined as:

H, (1)——2 - i) log—

“”iﬂﬂ > ()

The optimal threshold can be selected by maximizing the sum of foreground and
background entropies as:

T , = ArgMax [H,(t)+ H,(1)]

om
1=0..i

max

The above formula for optimal threshold value (bi-level thresholding) can be extended to
multi-level thresholding of an image. Assuming that there are n thresholds dividing the
original image into n+1 classes, the optimal thresholds {T1, T2, ..., Tn } are chosen by
maximizing the sum of entropies as follows

\T,..T, | = ArgMax [H(=1,0,)+ H(t,,t,)+ ..+ H(¢ i )]

n? max

where:

H(f.-,!,...):"z 1._1,'(") log .._Ifm
DYV DN )

In this project, the n is set to be 2. In other words, two thresholding values are obtained
and applied to the pre-processed range image. The pre-processed gray-scale range
images are converted to binary images (see Figure 117).

3. Remove extraneous information from the binary image. The binary image
will contain white pixels which do not correspond to cracks that were
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detected or included on the crack map. The width of the cracks in the
skeletonized crack map (see Figure 106) is increased from one to 20
pixels, and then this crack map is overlaid on the pre-processed binarized
image from step 3 to keep only white pixels in the binary image that
correspond to detected cracks (see Figure 117).

.
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L

.

1 )
o
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; E“A

: l\\ Binarized Image after Improved Crack Map N\  Binarized Image with
Contrast Stretching & Ly/ Multi-Threshold Maximum after Resizing, Dilation, & | ) Only Detected Cracks
Entropy Algorithm Skeletonizing Y (True Positive Pixels)

Figure 117. Example Development of Enhanced Crack Map for Crack Width Determination
4. Determine crack width using the final range binary image (see Figure
117).

i.  Overlay the bounding boxes from the classification results onto the
range binary image.

ii.  Sum the number of white pixels within each bounding box. The
width of each pixel in the LCMS image is very close to 1 mm.

iii.  Average crack width in millimeter for each bounding box =
Number of white pixels

Crack length (mm)
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6.1.8 Improving Crack Severity Level Assignment

If the average crack width for a branch cracking area is less than or equal to s inch
(3.18 mm) wide, that area would be assigned a Class 1B severity level. However, during
the manual distress workshop conducted with the FDOT raters, it was discovered that if
the same area had a lot of branching (no closed cells that would indicate alligator
cracking), then the FDOT raters would bump its severity level to Class II.

Since the automated software is supposed to replace the manual windshield survey for
the annual pavement condition survey (PCS), it was decided that this practice needs to
be incorporated into the software. Therefore, the following algorithm was developed in
this regard:

1. If a crack group is classified as branch cracking, and
2. the average crack width is less than or equal to % inch (3.18 mm), and

3. in every 10 feet of the crack length, there are at least 5 branches of
minimum 1 foot each,

4. then the cracking is assigned as Class Il.

6.2 Validation Experiment Design

The following sections will describe the experiment test sections, the success metrics,
the reference values, and the evaluation limitations.

6.2.1 Experiment Test Sections

To conduct this validation experiment, FDOT engineers identified a set of 12
representative test sections that are each at least a standard evaluation length (0.1-
mile-long) and contain several of the flexible pavement distresses in them. Table 52 and
Figure 85 show the selected 12 flexible pavement sections.

6.2.2 Manual Windshield Survey
Three FDOT raters conducted a manual windshield distress survey of the 12 test
sections according to the FDOT protocol. Each rater conducted the manual distress

survey separately in a separate vehicle and according to the FDOT Flexible Pavement
Condition Survey Handbook (2017).
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6.2.3 Automated Survey

The 3D data collection was conducted by Fugro using the Automatic Road Analyzer
(ARAN) Laser Crack Measurement System (LCMS) equipment and the data were
analyzed by Fugro staff using the readily available Vision 3.1 software. The ARAN
collected 3 repeated runs on each of the 12 test sections. Surface defects were
detected using the machine learning algorithm in Vision 3.1. Then the FFPDA batch
processor developed in Task 6 was used to classify and rate the detected cracks
according to the FDOT Flexible Pavement Condition Survey Handbook (2017).

6.2.4 Success Metrics

The following are the success metrics used for evaluating the crack classification and
severity rating results based on the overall cumulative amount of each crack type
among different test sections and multiple runs:

1. Crack Classification Accuracy: This statistic is evaluated based on average error
(bias) with respect to the reference distress survey values for each crack type.

Accuracy (%) = 100 — Bias (%)

2. Manual Windshield Survey Reproducibility: This statistic is evaluated based on
coefficient of variation (COV) of manually identified cracking among three raters
for each crack type (independent of the reference and averaged among the
sections).

Reproducibility (%) = 100 — COV (%)

3. Automated Crack Classification Repeatability: This statistic is evaluated based
on coefficient of variation (COV) of automatically identified cracking among three
runs for each crack type (independent of the reference and averaged among the
sections).

Repeatability (%) = 100 — COV (%)

4. Crack Classification Consistency: This statistic is evaluated based on coefficient
of variation (COV) of crack classification accuracy among 12 sections for each
crack type.

Consistency (%) = 100 — [Standard Deviation of Accuracy (%) / Average Accuracy (%)]
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5. Crack Classification Efficiency: This statistic is evaluated based on the time
required for the automated distress survey.

Efficiency (second per foot) = time for crack detection, classification, and rating divided
by the total length.

6.2.5 Reference Survey

A reference distress survey was manually created by one Fugro engineer using the
collected images from one automated run (run number 1), and another Fugro technician
reviewed the results to reach a consensus for the reference survey. This reference
survey was used to evaluate the effectiveness of the crack classification and rating
routine.

6.2.6 Evaluation Limitations

The evaluation was conducted considering the following limitations of this analysis:

1. The 12 test sections were selected as representative of the actual pavement
surfaces found across Florida. With such a small sample, it is possible that not all
of the actual pavement network is represented in this study. Every effort was
made to select a representative sample. However, the budgetary and schedule
limitations of this project would not allow for collection and processing of data
across a wider network. For example, there were not a significant amount of
block cracking present in the selected sections.

2. This study is mainly focused on cracking distresses; patching and raveling were
not considered in this evaluation.

6.3 Validation Experiment Results

The results of the validation experiment are presented according to the experiment
design described in the previous section. The amount of cracking automatically
identified using FFPDA after the development effort is compared to that using Vision
3.1, the manual windshield survey by FDOT raters and the semi-automated reference
survey by Fugro staff. The automated results are averaged among the three runs and
the manual results are averaged among the three raters. The automated results were
for cracking found between the lanes after lane detection. No manual quality control
was conducted after the automated runs.
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6.3.1 Automatically Identified Crack Types

In this section, the evaluation is conducted based on the amount of automatically
identified Single, Branch, and Alligator cracking. The following results are for cracking in
all 5 road zones between the lane markings. FDOT raters report only the predominant
crack type and severity in CW and CO, when performing the PCS windshield survey.
Therefore, a direct comparison of their results to the automated results could not be
conducted for crack type.

Figure 118 shows the amount of automatically identified Single cracks in each of the 12
sections, compared to the reference survey. Compared to Vision 3.1, FFPDA has
resulted in less amount of identified single cracking. This is because Vision 3.1 was not
capable of classifying branch cracks and was identifying all branch cracks as single
cracks.
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Figure 118. Comparison of Automatically Identified Single Cracks to Reference Survey

Figure 119 shows the amount of automatically identified Branch cracks on each of the
12 sections, compared to the reference survey. Vision 3.1 was not capable of identifying
branch cracking but FFPDA has identified branch cracks at a relatively lower extent
compared to the reference survey.
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Figure 119. Comparison of Automatically Identified Branch Cracks to Reference Survey

Figure 120 shows the amount of automatically identified Alligator cracks on each of the
12 sections, compared to the reference survey. Compared to the reference and the
Vision 3.1, FFPDA has resulted in higher amount of identified alligator cracking. This is
because of the grouping mechanism that was devised in FFPDA to group cracking
areas that are in proximity to each other. The grouping mechanism was incorporated to
better match the practice of FDOT manual raters.
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Figure 120. Comparison of Automatically Identified Alligator Cracking to Reference Survey
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6.3.2 Automatically Rated Crack Severities

Both Vision 3.1 and FFPDA use average crack width measurements to determine crack
severities according to the FDOT Flexible Pavement Condition Survey Handbook
(2017). However, FFPDA has an improved methodology as described in Section 6.1.7.

Class IB are hairline cracks that are less than or equal to 7 inch (3.18 mm) wide, Class
Il are cracks greater than Y& inch (3.18 mm) and less than or equal to 74 inch (6.35 mm)
wide, and Class lll are cracks greater than ¥4 inch (6.35 mm) wide. Note that the extent
of Class1B cracks is the sum of the length of single and branch cracks. But the extent of
the Class Il and Class Il cracks is the sum of the area of single, branch, and alligator
cracks, where the single and branch cracks are assumed to have a width of one foot.

It should be noted that the manual assignment of severity levels in the reference survey
is always more subjective than classification of cracks into single, branch, and alligator
crack types. This is because it is easier to visually differentiate between single, branch,
and alligator cracks than it is to visually differentiate between various crack severities. In
the reference survey, the rater can use the measurement tool in Vision 3.1 to get
familiar with the visual representation of various crack widths on the image. The rater
then relies on this visual representation to manually rate the severity levels of each
identified cracking distress. This is very similar to the subjectivity observed in the
manual windshield survey results. For the manual windshield survey, the cracking area
is averaged among the three raters for each crack type.

Figure 121, Figure 122, and Figure 123 compare the automatically rated results to those
of the manual windshield survey and the reference survey for Class 1B, Class Il, and
Class Il cracks, respectively (note: vertical axis ranges vary). FFPDA has resulted in a
higher amount of Class 1B cracking compared to Vision 3.1, which compares better
against the reference survey. On the other hand, FFPDA has resulted in a lower amount
of Class Il cracking compared to Vision 3.1, which compares very well against both the
reference survey and the manual windshield survey results. FFPDA has also improved
the amount of identified Class Il cracking compared to Vision 3.1.
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Figure 121. Comparison of Automatically Identified Class 1B Cracks to the Manual Windshield
and Reference Surveys
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Figure 122. Comparison of Automatically Identified Class Il Cracks to the Manual Windshield and
Reference Surveys
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Figure 123. Comparison of Automatically Identified Class Ill Cracks to the Manual Windshield
and Reference Surveys

Overall, the performance of the FFPDA is acceptable compared to the reference and
the manual windshield survey regarding Class 1B and Class Il cracks. But the same
cannot be stated regarding Class Il cracks. The caveat in all these comparisons is that
the FFPDA has a more systematic methodology for measuring crack width and
assigning severity levels compared to the subjective visual methodology of the manual
windshield survey and the semi-automated reference survey.

6.3.3 Automatically Identified Wheel Path and Non-Wheel Path Cracking

In this section, the rating results were converted to cracking within the wheel path and
outside the wheel path according to the FDOT Flexible Pavement Condition Survey
Handbook (2017). Figure 124 and Figure 125 show a comparison of the automated
Vision 3.1 and FFPDA software to the manual windshield and reference surveys for
wheel path and non- wheel path cracking, respectively.
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Figure 124. Comparison of Automatically Identified Wheel Path Cracking to the Manual
Windshield and Reference Surveys
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Figure 125. Comparison of Automatically Identified Non- Wheel Path Cracking to the Manual
Windshield and Reference Surveys
6.3.4 Comparison of Different Rating Methods

This section compares the results of the manual windshield surveys conducted by
FDOT distress raters, the fully automated distress surveys using Vision 3.1 and FFPDA,
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and the semi-automated reference survey described in Section 5.3.2, according to the
success metrics described in Section 6.2.4. The results compared in this section include
percent wheel path cracking (CW) and percent non-wheel path cracking (CO). The
outlier test sections with minimal amount of cracking (sections 3, 7, and 9) were
excluded from this analysis.

Figure 126 compares the accuracy of the three rating methods of manual windshield,
automated Vision 3.1, and automated FFPDA, compared to the reference survey.
FFPDA is showing a lower accuracy compared to Vision 3.1, but it is closer to the
manual windshield results. This is mainly because of the grouping mechanism that was
developed in Task 6 for the automated results to better reflect the practice of the FDOT
raters in the field.
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Figure 126. Comparison of Different Methods in terms of Accuracy

Figure 127 compares the bias of the three rating methods. Compared to the reference
survey, FFPDA over-estimates CW and under-estimates CO. The bias of FFPDA
compared to the reference survey is in the same direction as the manual windshield
survey for CW but in the opposite direction for CO. Vision 3.1 has a bias in the opposite
direction of the manual windshield survey results for both CW and CO. Since the bias of
FFPDA is positive for CW and negative for CO, this means that the total amount of
cracking identified by FFPDA is closer to the reference survey compared to the Vision
3.1 or the manual windshield survey results.

This means that compared to the reference survey, FDOT manual raters tend to over-
estimate cracking, while FFPDA tends to over-estimate cracking in the wheel path
zones (CW) and under-estimate cracking outside of the wheel path zones (CO). Wheel
path cracking is an indication of fatigue in the pavement structure, and it has a higher
importance compared to non-wheel path cracking in overall pavement condition
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evaluation. FFPDA and manual windshield methods show better agreement in terms of
wheel path cracking compared to non-wheel path cracking.
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Figure 127. Comparison of Different Methods in terms of Bias

Figure 128 shows a comparison among the methods in terms of section-to-section
consistency of the results. All three methods are comparable in this regard.
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Figure 128. Comparison of Different Methods in terms of Consistency

Figure 129 compares the reproducibility of the manual windshield method to the
repeatability of the two automated software, independent of the reference survey. The
automated methods are showing much higher repeatability among multiple runs when
compared to the reproducibility among multiple raters in the manual rating method.
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Figure 129. Comparison of Different Methods in terms of Repeatability/Reproducibility

6.3.5 Comparison of FFPDA to Manual Windshield Survey

Since the ultimate objective of developing FFPDA is to replace the existing manual
windshield surveys for the annual pavement condition survey (PCS), this section will
compare the results of the two methods in terms of decision making. In this section, the
rating results were converted to crack rating according to the FDOT Flexible Pavement
Condition Survey Handbook (2017). In this evaluation, the raveling and patching areas
were ignored, because the focus of the study was on cracking areas.

Figure 130 shows a comparison of FFPDA crack rating results to the results of the
manual windshield survey. The box plots show the statistics for all runs on each of the
12 test sections. The X signs show the mean of the 3 runs/raters and the circles show
the median of them. Except for section number 9, in all other test sections, the FFPDA
shows no variation in crack rating values among the 3 runs. For the sections where the
FFPDA shows no variation in crack rating values, the X sign for the mean, the circle for
the median, and the box limits are in the same location. In contrast, in almost all
sections, there is variation in crack rating values among the 3 raters. Due to the
subjectivity of visual raters in assigning severity levels to the visible cracks (measuring
crack width with the naked eye from a moving vehicle), such variability in the crack
rating found in the manual windshield survey is expected.
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Figure 131 shows a comparison of the crack rating averaged among the 3 raters for the
manual windshield survey and averaged among the 3 runs for the FFPDA results. On
average, FFPDA and the manual windshield survey show acceptable agreement in
terms of the overall crack rating.
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Figure 131. Comparison of FFPDA to Manual Windshield Survey Crack Rating Averages
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6.4 Summary and Recommendations for Implementation

Task 6 of this project involved development of the FFPDA to address the gaps that were
discovered in Task 5, and validation of the FFPDA results according to the experiment
design. The following conclusions can be made:

1. FFPDA demonstrates higher repeatability compared to the manual windshield
survey. This was expected due to the subjectivity of the manual windshield
survey (i.e. visual rating with the naked eye from a moving vehicle).

2. FFPDA demonstrates higher accuracy compared to the manual windshield
survey. Accuracy is measured according to the bias compared to the reference
survey and is a relatively subjective metric in this case.

3. FFPDA and the manual windshield survey have similar section-to-section
consistency in the rating results.

4. FFPDA results showed better agreement with the manual windshield survey
results than the previously tested Vision 3.1 software. This is because the
FFPDA addressed the issues with Branch cracking, Alligator cracking, and
severity level assignment that were found with Vision 3.1.

5. FFPDA and manual windshield methods have more agreement in terms of wheel
path cracking compared to non-wheel path cracking.

6. The manual raters are often documenting more cracking compared to the
reference survey in both the wheel paths and outside the wheel paths. However,
the FFPDA is finding more cracking compared to the reference survey in the
wheel paths and less cracking compared to the reference survey in non-wheel
path zones.

According to the observations in the software validation results, the following are the
recommendations for implementation:

1. Use FFPDA on a larger database of highway sections to determine if there are
any systematic errors in software results. Use the semi-automated rating (manual
rating of pavement images) to QC the results of FFPDA and potentially discover
any remaining systematic errors.
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2. Using the larger database of representative test sections, compare the results of
FFPDA and the manual windshield ratings to determine a calibration equation
between the two methodologies. This equation can be used to transform the
FFPDA cracking results to a similar scale as the manual windshield results to
ensure smooth pavement deterioration trends before and after implementation of
an automated approach. In the long term, the deduct values for the combined
condition index might need to be revisited as a result of this exercise.

The semi-automated rating method should also be used to determine pavement areas
affected by raveling and patching. The developed software can automatically add these
semi-automated rating results to the automated cracking results of FFPDA and provide
the final combined condition index for every pavement section.
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CHAPTER 7 — AUTOMATED APPLICATION IMPLEMENTATION

Task 7 of this research project involved technical support to implement the validated automated
distress identification applications for both rigid and flexible pavements into the annual Pavement
Condition Survey (PCS) process. This implementation was completed during two phases:

1. Phase I: after completion of Task 3, Fugro provided support to implement the validated
FDOT Rigid Pavement Distress Application (FRPDA)

2. Phase IlI: after completion of Task 6, Fugro provided support to implement the validated
FDOT Flexible Pavement Distress Application (FFPDA)

This document is organized into five sections. Following this introduction, Section 7.1 summarizes
the implementation activities for FRPDA. Section 7.2 describes the implementation activities
conducted for FFPDA. Section 7.3 presents a suggested data quality management program.
Finally, Section 7.4 summarizes the efforts and provides pertinent recommendations for future
data collection and processing activities.

7.1 Implementation Activities for FDOT Rigid Pavement Distress
Application (FRPDA)

This section of the report summarizes the activities conducted for implementation of the FRPDA
into the annual PCS process.

7.1.1 Data Collection

The sample data for identification and quantification of distresses for rigid pavements was
collected using the FDOT multi-purpose survey vehicle (MPSV), which is equipped with the Laser
Road Imaging System (LRIS). In Task 2, Fugro staff conducted an investigation to determine
whether the collected two-dimensional (2D) pavement images are of acceptable quality for crack
detection and how FDOT can potentially measure various image quality indicators in future. As a
result, Fugro developed a Hardware Maintenance Protocol to be used by FDOT staff in order
to ensure long term image quality and consistency. This protocol was submitted as an appendix
to the Task 2 Report.

During Task 2 of this research project, a two-day distress raters’ class was organized for both
existing FDOT raters and appropriate Fugro staff on August 25 to 26, 2015. The class included
both classroom as well as field training exercises. The main objective of this workshop was for
Fugro to understand how FDOT raters conduct rigid pavement condition surveys, and how some
of the involved decisions on distress type, extent, and severity can be quantified for the automated
algorithm to match FDOT raters' decisions. Based on the meeting discussions and the results of
the field exercise, several notes were recorded for consideration in the quantification process
required for software development. FDOT staff might discuss these notes to potentially include
them for further clarity of the handbook.
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7.1.2 Data Processing

Fugro developed a workflow to load the collected 2D LRIS images into the Vision software tool
used for this research project. This workflow has two fundamental elements:

1. Location and format of the collected data

2. Structured Query Language (SQL) code that fetches data from the stored location and
puts it in the required database format to be used by Vision software

This workflow was first submitted as Appendix G of the Task 2 Report. The latest version of this
workflow is documented in Appendix A of this report. If the fundamental elements of this workflow
are followed, LRIS data following the same format and structure can be imported into Vision
software using this workflow.

In addition, Fugro developed the FRPDA User’s Guide for image filtering, crack detection, joint
detection, and crack classification and rating. This guide was delivered in Appendix A of the Task
3 Report. Appendix C of the Task 3 Report was a software installation guide.

At the conclusion of Phase I, Fugro held a meeting on February 22, 2017 at FDOT State Materials
Office (SMO), during which the developed software (FRPDA version 1.0) and corresponding
recommendations were demonstrated to FDOT staff. In addition, the software was installed and
tested on several desktop computers for FDOT staff to use and test. On June 8, 2017, a hands-
on FRPDA training class was held in a computer instruction room at the FDOT SMO.

7.1.3 Data Analysis and Reporting

In Appendix B of the Task 3 Report, Fugro provided a guide to use basic Vision functions for
viewing images and manual rating of the pavement images. This semi-automated distress survey
was recommended for quality control of the automated results and for adding other non-cracking
pavement surface distress types such as spalling, surface deterioration, and patching.

After running the FRPDA, the results of joint detection and cracking identification are stored in
comma-separated values (csv) files. The contents of these files can easily be used to develop
reports in a meaningful format to be used for pavement management and treatment design
purposes.

7.1.4 Data Quality Management

Chapter 4 of this document provides a suggested framework for data quality management.

7.2 Implementation Activates for FDOT Flexible Pavement Distress
Application (FFPDA)

This section of the report summarizes the activities conducted for implementation of the FFPDA
into the annual PCS process.
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7.2.1 Data Collection

The sample data for identification and quantification of distresses for flexible pavements was
collected using a Fugro Automatic Roadway Analyzer (ARAN) vehicle equipped with the three-
dimensional (3D) Laser Crack Measurement System (LCMS). At the time of the conclusion of this
research project, FDOT had not purchased a 3D data collection system. However, FDOT had
contracted the collection of the pavement condition data on Florida Interstate Highways to a Data
Collection Contractor who operated an LCMS vehicle.

OnJune 7to 8, 2017, a two-day distress raters’ class was organized for both existing FDOT raters
and appropriate Fugro staff. The class included both classroom as well as field training exercises.
The main objective of this workshop was for Fugro to understand how FDOT raters conduct
flexible pavement condition surveys, and how some of the involved decisions on distress type,
extent, and severity can be quantified for the automated algorithm to match FDOT raters'
decisions.

7.2.2 Data Processing

Fugro developed a workflow to load the 3D LCMS images and data collected by the Data
Collection Contractor into the Vision software tool used for this research project. This workflow
has two fundamental elements:

1. Location and format of the collected data

2. Structured Query Language (SQL) code that fetches data from the stored location and
puts it in the required database format to be used by Vision software

This workflow is documented in Appendix B of this report. If the fundamental elements of this
workflow are followed, LCMS data following the same format and structure can be imported into
Vision software using this workflow. In addition, a user interface was created for facilitating the
application of this SQL code for data transfer (see details in Appendix B).

In addition, Fugro developed the FFPDA Reference Manual for crack detection, and crack
classification and rating. This guide was delivered as Appendix B of the Task 6 Report. This
Reference Manual included a software installation guide and a Quick Start Guide.

At the conclusion of Task 6, Fugro held a meeting on June 25 to 26, 2018 at FDOT SMO during
which the developed software and corresponding recommendations were demonstrated to FDOT
staff. In addition, the software was installed and tested on several desktop computers for FDOT
staff to use and test. The testing by FDOT staff revealed some issues in Vision 3.4 that
compromised the performance of FFPDA. Therefore, the FFPDA was revised to match Vision
3.1, the most recent reliable version of the platform.

7.2.3 Data Analysis and Reporting

In the Reference Manual submitted as an appendix to the Task 6 Report, Fugro provided
instructions to use a semi-automated distress survey for quality control of the automated results
and for adding other non-cracking pavement surface distress types such as raveling and patching.
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After running the FFPDA, the results of cracking identification and section crack rating are stored
in csv files. The contents of these files can easily be used to develop reports in a meaningful
format to be used for pavement management and treatment design purposes.

7.2.4 Data Quality Management

Chapter 4 of this document provides a suggested framework for data quality management.

7.3 Data Quality Management Program

This chapter presents a suggested data quality management program. FDOT staff may choose
to adopt this program within their existing processes for quality management.

7.3.1 Definitions

The following are definitions of terms, abbreviations, and acronyms used in this quality
management program.

Table 60. Definition of Quality Terms
Term Definition
The degree to which a set of inherent characteristics of a product or
service fulfill requirements.

Quantitative and qualitative characteristics of product or service that
Quiality Standards are used to determine the quality of each deliverable. Examples
include accuracy, precision, resolution, etc.

Accuracy is a qualitative term referring to whether there is
agreement between a measurement made on an object and its true
(target or reference) value, indicating measurement effectiveness.
Bias is a quantitative term describing the difference (or error)
between the average of measurements made on the same object
and its true value.

Precision is a qualitative term describing the degree of repeatability
of a measurement value, indicating measurement reliability.
Variance and standard deviation of error are quantitative estimates
of precision.

Quality

Accuracy

Precision

Data reporting format corresponding to measurement methodology

Resolution and specific application by the user.

The overarching system of policies and procedures that govern the

uality Management . -
Quality g performance of quality control and acceptance activities.

A series of measurements and corresponding corrective actions to
Quiality Control ensure that a desired level of quality is obtained for the developed
product or service.
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Quiality Acceptance

The criteria to confirm that the quality of the developed product or
service is indeed acceptable for application by the user.

Quiality Assurance the ability of the development process to fulfill quality requirements

Reporting, training, and process improvement activities to increase

for the product or service being provided.

7.3.2 Quality Management Approach

A pavement performance Data Quality Management Program (DQMP) is recommended with the
following objectives:

Evaluation and updates of data collection, processing, and reporting standards and
protocols considering agency goals and objectives

Better compliance with data standards and protocols

Improved completeness, accuracy, and consistency of data

Increased data credibility within the organization

Cost savings from more appropriate data-driven treatment recommendations
Increased accuracy of budget need determinations

Better integration with other internal agency data

Compliance with FHWA MAP-21/FAST Act requirements

The FHWA Practical Guide for Quality Management of Pavement Condition Data Collection
(Pierce et al. 2013) was consulted in the development of this DQMP. At a minimum, every quality
management system shall include:

Quiality standards, including data collection, processing, and reporting methodology
Routine data quality control (QC) measures, checklists, and criteria
Error tracking and resolution system

Periodic quality assurance (QA) procedures to ensure the data collection and processing
system is producing data conforming to the quality standards

Quiality acceptance and reporting

Identification of roles and responsibilities

FDOT collects highway inventory and condition data using internal resources to the furthest extent
possible. In addition, FDOT procures services from qualified Data Collection Contractors when
the need arises. Regardless of the in-house or contracted data collection approach, quality
management is administered by the FDOT staff. FDOT may require the Data Collection
Contractors to submit a Quality Control Plan which complies with and complements this DQMP.

The flow chart in Figure 132 demonstrates the various aspects of the quality management
approach. The quality standards, roles, and responsibilities should be set in the DQMP. For in-
house collection, quality control shall be conducted by FDOT staff. For contracted collection, the
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Data Collection Contractor should conduct quality control activities according to the submitted
Quiality Control Plan. FDOT staff shall review the QC results and conduct quality acceptance
audits. The whole quality management process and findings should be documented through the
guality reporting plan. All of the involved processes shall be reviewed according to the findings
and any relevant process improvements shall be identified and implemented through continuous
quality assurance.

e

/ Quality Management
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Quality Quality Roles &
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Quality Control —P| Quality Acceptance
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Figure 132. Quality Management Approach
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The key activities, processes, and procedures for quality management of the pavement
performance data are briefly described in Table 61, with more in-depth information provided in

the sections that follow.

Table 61. Contents of the Data Quality Management Program

Data Collection
Protocols and Quality
Standards

The data collection deliverables subject to quality review,
protocols used to collect, and quality standards that are the
measures used to determine a successful outcome for a
deliverable. Deliverables are evaluated against these criteria
before they are formally approved.

Data Quality Control
(QC) Measures

The QC activities conducted by either FDOT staff (for in-house
collection) or the Data Collection Contractor that monitor, provide
feedback, and verify that the data collection deliverables meet the
defined quality standards.

Data Quality
Acceptance Criteria

The acceptance testing that will be used to determine if quality
criteria are met and corrective actions that will be taken for any
deliverables not meeting criteria.
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The plan for training of the involved staff, and using the QC
results for the improvement of corresponding data collection and
QC processes.

Quality Assurance
(QA) Plan

The documentation of key quality management activities,
including QC log and acceptance log, and the format of the final
guality management report.

Quality Reporting
Plan

Roles and

e The quality-related responsibilities of the data collection team.
Responsibilities

7.3.3 Data Collection Protocols and Quality Standards

The latest version of the FHWA Highway Performance Monitoring System (HPMS) Field Manual
(December 2016) is to be used for the collection and processing of data that will be submitted to
the FHWA. The HPMS Field Manual references various AASHTO protocols for calibration of
equipment and collection of data. For non-HPMS data, the latest version of the FDOT Rigid
Pavement Condition Survey Handbook (September 2017) and Flexible Pavement Condition
Survey Handbook (October 2017) will be used for distress data. HPMS and non-HPMS data can
be collected in-house or by the Data Collection Contractor at the discretion of FDOT.

Deliverables, Protocols, and Quality Standards

The data elements that need to be submitted to the FHWA HPMS for 0.1-mile segments are
included in

Table 62. This list includes the corresponding protocol for data collection and processing. The
list also includes recommended quality standards for accuracy, precision, and resolution that need
to be reviewed by FDOT staff to determine whether they are acceptable.

The data elements beyond what is submitted to the HPMS and need to be collected for FDOT’s
pavement management purposes are listed in Table 63. This list includes the corresponding
protocol for data collection and processing, and the recommended quality standards for accuracy,
precision, and resolution that need to be reviewed by FDOT staff to determine whether they are
acceptable.

In these tables, accuracy can be measured as the average error compared to reference values
(normalized errors in percentage and absolute errors in corresponding measurement units), and
precision can be estimated as the run-to-run repeatability out of 3 repeated runs (variation from
mean of 3 repeated runs). Both accuracy and precision shall be evaluated on control sites, where
reference values are documented according to a methodology approved by FDOT (see section
on Reference Measurements). Precision shall also be evaluated on verification sites (see section
on Control and Verification Sites). Accuracy and precision shall be evaluated based on a 95%
confidence level; meaning 95% of the collected data needs to be within acceptable tolerance from
the reference and from the mean of the repeat runs. In addition to checking the data on control
and verification sites, the quality standards of accuracy and precision can also be used in a
random blind sampling of every batch of data delivered for acceptance testing (see section 7.3.5).
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In this case, the reference values used for evaluating accuracy can be the previous
measurements on that test section.

The recommended quality standards of accuracy and precision in

Table 62 and Table 63 are based on the measurement resolution, and past experience in
capabilities of current measurement technology. For example, the current automated survey
technology has a higher rate of success in estimating the amount of cracking as opposed to non-
cracking surface defects; as a result, the quality standards set for cracking distress types are
tighter than that set for non-cracking surface defects. In majority of the data elements, the quality
standard set for precision is tighter than that set for accuracy. This is because reference values
used for evaluating accuracy might be measured with a different technology, but precision is an
estimate of the repeatability of multiple measurements with the same technology.

Table 62. Recommended Protocols and Quality Standards for HPMS Data

. Accuracy Repeatability
. Resolution &
Deliverable | Protocol : (compared to | (out of 3
Reporting
reference) runs)
llecti .
. co e.CtIOh of . Nearest 1 inch per
International | Longitudinal Profile: mile + 10% + 5
Roughness | AASHTO R57-14 = =27
. Report MRI (average
Index (IRI) Quantification of IRI: of left and right IRI) a
AASHTO R43-13 g
Collection of , Nearest 0.01 inch
Transverse Profile: Report average rut + 0.1 inches + 0.05 inches
Rut Depth | AASHTO R88-18 P g e =
depth of two wheel
Rut Depth: aths a
AASHTO R87-18 | P
Nearest 0.01 inch
Report average
. Measqrgmgnt and absolute faulting of + 0.1 inches + 0.05 inches
Faulting Quantification: all ioints in the right
AASHTO R36-17 J 1 rign
wheel path, including
zero values a
Image Collection: The higher of | The higher of
’ [ 0, 0
Percent AASHTO R86-18 Nearest 1% * 2.5/o.or15 * %5/0.0ri3
. . L Report Percent points in points in
Cracking Cracking Estimation: Cracking b.a Percent Percent
AASHTO R85-18 gb: ! !
Cracking Cracking
Present :Prhélij;idel\icﬁnual, Nearest 0.1 point
Serviceability g L Report PSR from 0.1 | = 0.5 points * 0.5 points
Rating (PSR) | 1WA Division t05.0a
g Office on approach '
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. Accuracy Repeatability
. Resolution &
Deliverable | Protocol . (compared to | (out of 3
Reporting
reference) runs)
Matching
: . degree of
Horizontal HPMS Field Manual Horizontal curvature curve from + 0.1 degree
Curvature category :
construction
plans + 0.3
Matching
. Vertical curvature grade from
Grade HPMS Field Manual . + 0.1 percent
category construction
plans + 0.3

a Report one number for 0.1-mile segments, full extent, one lane, one direction.

b AC: Total area of cracked wheel path divided by total section area; JPCP: Percentage of slabs
with at least one transverse crack > 1/2 lane width; CRCP: Cracking (exclude transverse) area
divided by total section area.
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Table 63. Recommended Protocols and Quality Standards for FDOT Pavement Management Data

of the left and right
wheel paths

Accuracy -
. Repeatability
. Resolut
Deliverable Protocol eso u. lon & (compared (out of 3
Reporting to
runs)
reference)
Pavement Condition Data: Flexible Pavements
Percent of wheel path
Cracking Confined area affected at 3
+ 0, + 0,
to Wheel Paths severity levels: Class +10% +10%
1B, Class II, Class 11l
Percent of non-wheel
Cracking Outside of path area affected at 3
+ 100 + 109
Wheel Paths severity levels: Class +10% *10%
1B, Class Il, Class Il
Dominant Crack Alligator (A), Block (B),
S N/A N/A
Type and Combination (C)
Patching Confined to Percent of wheel path + 250 + 15%
Wheel Paths b FDOT area affected
Patching Outside of | Flexible Percent of non-wheel + 250 + 15%
Wheel Paths b Pavement path area affected
Condition Percent of wheel path
Raveling Confined to | Survey area z.nlffected at 3 + 250 + 15%
Wheel Paths b Handbook severity levels: Light,
(October Moderate, Severe
2017) Percent of non-wheel
Raveling Outside of path area affected at 3
+ 0 + 0,
Wheel Paths b severity levels: Light, +25% +15%
Moderate, Severe
. Between 0 and 10 with | £0.5 .
+
Crack Rating a resolution of 0.5 points +0.5 points
: . Between 1 and 10 with | £0.3 .
Ride Rat . : 0.1 t
ae rating a resolution of 0.1 points points
. +0.125 +0.125
Rut Depth Nearest 0.125 inches . .
inches inches
. Between 0 and 10 with . .
+ +
Rut Rating a resolution of 1 + 1 point = 1 point
International Nearest 1 inch per mile,
Roughness Index ASTM E1926 | average of the left and + 10% + 5%
(IRI) right wheel paths
Between 0 and 5,
. Nearest 0.01, average
Ride Number (RN) ASTM E1489 +10% + 5%
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Accuracy

Repeatability

Deliverable Protocol Resolu.non & (compared (out of 3
Reporting to runs)
reference)
Pavement Condition Data: Rigid Pavements
Transverse Cracking CounF occurrence at 3 +10% + 5%
severity levels
Longlt'udlnal CounF occurrence at 3 +10% + 5%
Cracking severity levels
Corner Cracking CounF oceurrence at 3 +15% +10%
severity levels
Partially Sealed or Not
Joint Condition b Seale.d, re.pr.esentatlve N/A N/A
FDOT Rigid severity within the rated
Pavement section
Surfaf:e . Condition Area extent at 2 severity + 250 + 150
Deterioration b Survey levels
Handbook Length extent at 2
i + 0, + 0,
Spaling b (September | severity levels + 2% *15%
2017) A tent at 2 it
Patching b |e:/ee6|lsex entat = severly | 4 o506 + 15%
percent within the
Pumping b rated section at 3 + 25% + 15%
severity levels
Shattered Slab b Number of affected N/A N/A
slabs at 2 severity levels
Fault Index (FI) Nearest 1 +2 +1
Nearest 0.03 (1/32)
inch, report average
. +0.1 .
Faultin AASHTO absolute faulting of all inches + 0.05 inches
g R36-17 joints in the right wheel
path, including zero
values
Slab Length N/A Approxmate slab length + 5% + 5%
in feet
Slab Count N/A Count slabs 5% 5%
HPMS Fiel N f aff
Cracked Slab Count S Field umber of affected + 10% + 5%
Manual slabs
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Accuracy Repeatability
: Resolution & compared
Deliverable Protocol . ( P (out of 3
Reporting to
runs)
reference)

General, Location, and Geometric Data

4096 pixels across 12
feet lane width; able to
collect 2 mm wide
cracks at highway
speeds

Uniform illumination; color
balanced and clear; proper
image stitching

AASHTO

Pavement Images R86-18

Free of distortion and over-
exposure; color balanced
and clear; synchronized
with other image/data; allow
length and width
measurements of assets

1920 x 1080 pixels;
N/A covering 120 degree
viewing angle

Right of Way (ROW)
Images

+
GPS Coordinates N/A Nearest 0.0000001 + 15 feet +0.00001
degree degrees
GPS Elevation N/A Nearest 0.1 meter + 0.1 meter | £ 0.1 meter
+ 15%
Chainage (LRS) N/A Nearest 0.001 mile compared | | oo,
to walking
wheel
Matching
PAVE_TYPE b HPMS Field Asphalt,.PCC, CRC, or FDOT N/A
Manual Composite Inventory
data
Nearest 0.001 inch
Mean Texture Depth
M ASTM E184 N/A + 15%
acrotexture S 845 (MTD), RMS, and Error / 5%
for each wheel path
ASTM E274
Friction Number ASTM E501 vl\\I/EZSStact)Hl for each N/A N/A
ASTM E524 P
Cross Fall N/A Nearest 0.1 percent N/A + 15%
Horizontal Radius of N/A Nearest 1 meter N/A +15%
Curvature
Grade N/A Nearest 0.1 percent N/A + 0.1 percent
Count occurrence and
E Drop-off N/A . N/A + 15%
dge Drop-o / height to nearest 1 mm / %

b Currently, these data elements can only be estimated by manual rating of the collected
pavement images.
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Reference or “Ground Truth” Measurement

It is recommended to establish control sites (see Section on Control and Verification Sites) and
collect reference data on them. The reference data should be collected on the control sites at
least once every 2 years.

For collecting reference sensor data (roughness, rut depth, faulting, grade, cross slope), the
reference data can be collected with a certified equipment that matches the description of a
reference profiler in AASHTO R56-14 Standard. Several commercial versions of these reference
profilers are available through ICC, ARRB, and SSI companies. Fugro owns and operates an
ICC version.

The AASHTO R56-14 Standard was developed for certification of inertial profiling systems, and it
contains guidelines for establishing a reference longitudinal profile using a reference profiler. This
reference longitudinal profile can be used to quantify the reference values for IRI, RN, faulting,
and grade data.

The AASHTO R88-18 Standard for collecting transverse profile data also includes guidelines for
collecting reference transverse profile data using a reference profiler with similar descriptions to
that noted in the AASHTO R56-14 Standard. This reference transverse profile can be used to
guantify the reference values for rut depth and cross slope data.

The sensor data shall be collected with the reference profiler multiple times until 3 repeatable runs
(the correlation of all data among the 3 runs is equal to or higher than 0.98) are achieved. Then
one of those 3 repeatable runs would be used as reference.

For horizontal curvature data, a sample of the HPMS sections that are categorized as D, E, or F
can be used as control sections, on which construction plans are used as reference values. After
this verification of curvature data in the base year, this sample data can be used as historical
reference for the following years.

For establishing reference distress data, it is recommended that at least 3 certified distress raters
would first review the distress type, severity, and extent guidelines in the FDOT Rigid Pavement
Condition Survey Handbook (September 2017) and Flexible Pavement Condition Survey
Handbook (October 2017), and review example historical data. The raters would then conduct a
semi-automated survey to identify distresses on pavement images. Following the semi-
automated survey, the raters will compare notes and arrive at a consensus for all distress types,
severity, and extent to document the reference (“ground truth”) distress survey.

On any site other than the control sites, the most recent accepted data should be used as
reference measurements.

Control and Verification Sites

The recommended number and length of control and verification sites are listed in Table 64. The
control sites are used for vehicle calibration checks and certification and shall be visited once
every month (during data collection season), including the entry and exit controls. Additionally, in
the event data collection vehicles or data collection components undergo repair or replacement,
the affected system(s) will need to be recalibrated and then verified using the control sites. The
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verification sites are used for weekly calibration checks during data collection and are planned to
be scattered across the state to the extent possible to avoid traveling back and forth between a
data collection district and the central office. The control sites can also be used for verification.

The control and verification site data shall be shipped to the office to be compared against the
reference data to evaluate accuracy. The reference data on the control sections should be
collected at a 2-year frequency (see Section on Reference Measurement) and for the verification
sites, the last cycle of data collection can be used as reference data. The repeatability among 3
repeated runs on these sites will be used to evaluate precision. If multiple data collection vehicles
are used, the verification sites need to be used for evaluating reproducibility of the sensor data
across multiple vehicles.

There are sites already established for Distance Measuring Instrument (DMI) calibration, which
can be used as control and verification sections for sensor data. Ideally, these sites should have
minimal surface distress to avoid complications in establishing reference sensor data. For flexible
pavements, it is recommended to have two control sites, one smooth and one relatively rough to
evaluate the accuracy and repeatability of the equipment on different ride quality situations. Due
to the limited length of rigid pavements across Florida, only one control site is recommended.

The control sections for distress data need to have an adequate amount of each distress type to
the extent feasible. That is why the control sites for distress data and those for sensor data need
to be separate. If the data collection crew (FDOT or Contractor) conduct daily quality control of
the collected pavement images, there is no need for weekly verification of distress data and the
monthly evaluation of accuracy and precision on the control sites will suffice. Therefore, no
verification sites are recommended for distress data.

Table 64. Planned Control and Verification Sites

Site Purpose _IP_;\O/gment District Route Direction | Length b
Control and Verification Sites for Sensor Data

Control/Verification | AC District 2 TBD TBD 500 ft
Control/Verification | AC District 2 TBD TBD 500 ft
Control/Verification | PCC District 2 TBD TBD 500 ft
Verification AC District 1 TBD TBD 500 ft
Verification AC District 3 TBD TBD 500 ft
Verification AC District 4 TBD TBD 500 ft
Verification AC District 5 TBD TBD 500 ft
Verification AC District 6 TBD TBD 500 ft
Control Sites for Distress Data

Control AC District 2 TBD TBD 500 ft
Control PCC District 2 TBD TBD 1000 ft

b 0.1-mile segments are typically adequate for both control

and verification sections. The
recommended length for the rigid distress control section is longer due to the limited density of
observed distress on concrete pavements.
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Equipment Calibration and Certification Protocols

Table 65 lists the available national standards for calibration and certification of data collection
equipment. National standards are under development for calibration and certification of some of
the equipment.

Table 65. Available Equipment Calibration and Certification Protocols

Data Element Datg Collection Equipment Calibration Comments
Equipment Protocol

Collection System:
Longitudinal Inertial profilers AASHTO M328-14 National Standard
profile P Equipment Certification: | Available

AASHTO R56-14
Transverse Laser sensors AASHTO R48-10 or National Standard Under
profile AASHTO R88-18 Development
Faulting qf. Erofllers or 3D AASHTO R36-17 National Standard Under
concrete joints | images Development
P.avement 2D or 3D imaging AASHTO R86-18 National Standard Under
distress technology Development

For FDOT in-house data collection, the Data Collection Vehicle Provider is responsible for annual
preventive maintenance, calibration, and certification of the equipment installed and integrated on
the vehicle. The following is a general overview of the tasks conducted during annual vehicle
certification, depending on the specific equipment integrated on the vehicle:

Central Data Acquisition Computer (CDAC) checkup and updates
Smart Video Controller (SVC) checkup and updates

AC BOX and DC BOX checkup and maintenance

Distribution Enclosure checkup and maintenance

Cables / Racks / Dog House / Miscellaneous checkup and maintenance
DMI checkup and calibration

Chassis / Generator / Inverter / Charger checkup and maintenance

Laser South Dakota Profiler (LSDP) and Texture sensor checkup, maintenance, and
calibration (including static test, bounce test, and repeat runs for verification)

Laser Rut Measurement System (LRMS) checkup, maintenance, and calibration
(including static test, cross-fall rolling test, dynamic repeat runs for verification)

Grade and pitch sensors checkup, maintenance, and calibration (including static and
bounce tests and repeat runs for verification)

POSLV PCS (Position and Orientation System) checkup and software updates

Right-Of-Way (ROW) forward and backward cameras checkup and maintenance
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e Pavement Laser Road Imaging System (LRIS) or Laser Crack Measurement System
(LCMS) checkup, maintenance, and calibration

For contracted data collection, the Data Collection Contractor shall be required to submit
equipment calibration and certification information including a regular maintenance and testing
program as part of their Quality Control Plan.

Certification of Equipment Operators and Persons Performing Manual Data Collection

Typically, the reference distress survey on the control sites would be conducted manually or semi-
automated (manual rating of collected images). FDOT shall hold workshops for the distress raters
to collectively review the definitions and sample images and potentially conduct an exam rating
to certify the distress raters.

For FDOT in-house data collection, the equipment operators shall receive annual training and
certification, a record of which shall be documented. This training shall include the following topics
regarding vehicle operation:

o Driver safety and proactive driving practice

¢ Mechanical checkup and maintenance (refer to Data Collection Vehicle Provider)
e Overall equipment operation (refer to Data Collection Vehicle Provider)

o Daily/weekly/monthly equipment/sensor checks and preventive main