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EXECUTIVE SUMMARY 

In August 2020, a team from the Georgia Institute of Technology entered into a research 

project to develop an automated performance verification system of mowing contractors 

using unmanned aerial systems (UASs) and artificial intelligence (AI) in the Georgia 

Department of Transportation (GDOT) operations. The research tasks include optimizing 

the workflow analysis for the GDOT mowing assessment, developing a data-driven 

automated highway monitoring system, and integrating a user-friendly interface for GDOT. 

This project uses a UAS equipped with a GPS, inertial measurement units (IMUs), and a 

camera sensor to collect image data on highway vegetation areas. In the workflow analysis, 

the research team identifies optimal integration of AI and unmanned aerial vehicle (UAV) 

usages and provides a workflow diagram to recommend the best use of the proposed system. 

In the data-driven highway monitoring system, the research team develops a machine 

learning-based grass mowing assessment framework using image data collected from 

drones. The user interface incorporates the proposed system and provides clear and useful 

information for the GDOT Office of Maintenance. The contribution of the proposed 

solutions could support GDOT’s task of verifying the mowing performance of contractors 

and expand the application of AI and drone technology within GDOT. 

The project lasted for two years, and the research team conducted three main tasks in the 

study, including optimized workflow analysis, automated grass assessment software 

development, and user interface development. The results from these three main tasks 

provide comprehensive performance verification of mowing contractors for GDOT and 

allow them to optimally integrate the performance verification report into their mowing 

verification system. In the evaluation of the proposed software, a total of four locations 
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were used for field tests, including a real highway area and a highway area near a pond. 

During the experiment, the drone was deployed to collect images at different elevations 

and camera angles; the flights were performed in automated mode with flight path planning 

applications. The collected image data were processed with photogrammetry software that 

converts image data into 3D point cloud data. The 3D data are then used as inputs to the 

AI-driven grass mowing assessment software to identify mowed/unmowed areas and 

provide details of mowing contractor performance. The output of these results is provided 

via the user interface for GDOT within a geographic information system (GIS). The 

recommendations for using the proposed software are included to address UAS operations 

planning and execution, data collection equipment and data management, and user 

interface personnel requirements. The presented results could contribute to GDOT’s plans 

for assessing the performance of mowing contractors. 

Keywords: Unmanned Aerial Vehicles, Artificial Intelligence, User Interface, 

Operational Requirements, Technical Requirements, Inspections, Maintenance, Highway 

Mowing, Workflow Optimization  
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CHAPTER 1. INTRODUCTION 

OVERVIEW 

With recent innovation in the use of unmanned aerial systems (UASs) and artificial 

intelligence (AI) technology, automated data collection using UASs and the application of 

machine learning (ML) has been increasingly considered for infrastructure monitoring and 

site mapping applications in the United States. The UASs are typically equipped with a 

camera sensor that takes photos while flying around the target sites. AI and ML apply a 

data-driven approach to predict conditions and objects from the collected data.  

Current planning, monitoring, and evaluation of highway maintenance tasks face several 

challenges, including measuring the performance of grass mowing contractors. Mowing 

grass near highway landscaped areas is especially challenging due to limited access to 

measure the condition of grass as well as potential inconsistent visual inspections that rely 

on the inspectors’ judgment. The Georgia Department of Transportation (GDOT) normally 

contracts with grass mowing companies, and an inspector from GDOT verifies the 

performance of the mowing contractors for payment purposes and workload planning. In 

the current manual inspection process, verifying the performance of grass mowing 

contractors is complicated and labor-intensive due to large inspection areas and potentially 

biased performance evaluation with a visual inspection.  

In this document, the research team proposes AI-driven approaches to automate current 

manual performance-verification processes and verify the performance of mowing 

contractors using numerical evaluation. The team uses a drone equipped with a camera 

sensor and automatically collects image data to determine actual work performed using AI 
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and ML techniques. The team also develops a standard quality and performance report and 

user interface from the analyzed result for GDOT to monitor grass mowing work at greater 

accuracy and reliability than when performed through visual inspection by personnel alone. 

The use of drones can also allow GDOT to monitor progress in the challenging areas for 

which inspectors cannot easily verify performance, such as steep slopes and high-traffic 

areas.  

In the first part, the proposed research focuses on data processing of collected aerial images 

using photogrammetry software for reconstructing 3D point clouds from images. In the 

next step, computer vision and machine learning are applied to detect grass regions using 

the generated 3D point clouds with the structure from motion (SfM) method. In the last 

steps, the temporal grass height estimation computes the grass height difference and 

estimates the area of mowed and unmowed grass. The user interface displays all 

information about the quality of grass mowing by showing the location of mowed and 

unmowed regions and showing the area of bare spots and rooster tails using image-

processing techniques. The proposed research also develops a workflow diagram through 

interviews with GDOT personnel. The workflow diagram integrates data collection, image 

processing, and grass height estimation methods to enhance tasks and planning, and 

verification of highway mowing work by contractors. The development of the workflow 

analysis and diagram can lead to expanded applications of drone technology within GDOT.  

In the following sections, the details of the research objectives and the methods of 

workflow analysis, data collection, data processing, grass area detection, temporal grass 

height detection, user interface development, and verification of grass mowing are 

discussed in detail.  
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RESEARCH OBJECTIVES 

The main goal of this project is to develop and test a drone-assisted workflow and a 

Geographic Information System (GIS)-based visual user interface software tool to be 

employed in planning, monitoring, and verifying the performance of maintenance tasks 

performed by mowing contractors. The proposed method uses images collected by drones 

that would be processed by machine learning and image processing algorithms developed 

by the research team to achieve progress monitoring goals of autonomous maintenance 

operations. The objectives of this study are as follows: (1) determine drone-assisted 

workflow analysis and technological feasibility of utilizing AI and UASs in the operations 

of the GDOT Office of Maintenance; (2) develop an algorithm to achieve a high level of 

automation in the assessment of the maintenance contractor tasks using the UAS and image 

data as inputs; (3) evaluate test cases using proposed workflow analysis and the algorithm 

in the highway scenes; and (4) provide a user-friendly GIS-based interface for visualizing 

performance results. 

RESEARCH METHODOLOGY 

The research activities involved deep collaboration with GDOT personnel throughout the 

Activity. Figure 1 presents a flowchart of the research work plan and is followed by 

descriptions of these related activities: 

• Activity 1 – Mapping current workflow for mowing-related tasks. 

• Activity 2a – Performing initial pilot tests. 

• Activity 2b – Developing an image processing method. 

• Activity 3 – Testing Algorithm-based processing of pilot test data.  
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• Activity 4 – Performing multiple pilot tests. 

• Activity 5 – Analyzing data and developing a maintenance contractor performance 

report prototype. 

• Activity 6 – Integrating UAS into the GDOT workflow. 

 

Figure 1. Flowchart. Research work plan. 

Activity 1: Mapping Current Workflow for Mowing-related Tasks  

The initial research task was to identify and map the current workflow for pre- and post- 

activities of right-of-way mowing. This was necessary to understand the data collection, 

analysis, and reporting practices currently employed to accomplish the required tasks. All 

contacts made with GDOT state-level users for this first part of this activity were through 

online Microsoft Teams meetings. The second part of this activity was the collection and 

analysis of current practices from GDOT district-level personnel, who have a more detailed 

and practical understanding of current workflow practices. To validate findings, cognitive 

walkthrough interviews were conducted with the same users in order to evaluate user 

practices and interactions by analyzing the mental processes required to perform the task. 

This method is ideal for determining the sequence of events in accomplishing a goal. It is 

also helpful in identifying problems with a workflow and the causes of those issues (Lewis 

and Wharton  1997).  

Activity 1

Mapping of 
Current 

Workflow

Activity 2
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Algorithm 

Development

Activity 3

Evaluation 
of 

Algorithm

Activity 4

Pilot 

Testing

Activity 5

Data 

Analysis & 
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Activity 2a: Performing Initial Pilot Tests 

During this activity, the research team developed a data collection plan and a schedule of 

the field tests for optimizing the parameters of the drone’s settings and the photogrammetry 

software. During the data collection phase, a drone equipped with a camera sensor was 

used to collect a total of four different highway areas with different altitudes and camera 

angles to evaluate the effect of image quality and performance of photogrammetry software. 

Data collection was performed once per month to keep track of grass conditions on 

different days and weather conditions. Testing was performed in compliance with current 

Federal Aviation Administration (FAA) regulations applicable to the operation of 

unmanned aerial systems. The details of the estimated test period and overall test 

instructions are described later in the Chapter 3 Drone Data CollectionThe collected image 

data are primarily used in the development of an image processing and grass condition 

assessment algorithm presented in the chapter 5 AI-driven grass mowing assessment. The 

analysis of different parameters used in the drone and camera sensors is also described in 

the latter section. The safety of UAS operations was managed by having a certified Part 

107 pilot1  performing flights. Locations for possible test sites were coordinated with 

GDOT personnel to collect data from realistic environments as much as possible. 

Activity 2b: Developing Grass Condition Assessment Algorithm Using Image Data 

This activity focused on developing a grass condition assessment framework using image 

data collected by the drone. The photogrammetry software transforms images into two-

 
1 To fly a drone under the FAA’s Small UAS Rule (Part 107), a pilot must obtain a Remote Pilot Certificate 

from the FAA. See https://www.faa.gov/uas/commercial_operators/become_a_drone_pilot/ for 

requirements. 

https://www.faa.gov/uas/commercial_operators/become_a_drone_pilot/


 

8 

dimensional (2D) orthomosaic images and three-dimensional (3D) point cloud data that 

represent a highway environment and can be used to measure the condition of grass on 

highway areas. The photogrammetry algorithm works by calculating the 3D geometry and 

the location where each image is taken so that the images can be properly merged into a 

3D point cloud. An example of the output of the photogrammetry process is shown in 

figure 2. The accuracy of the 3D reconstruction can be improved by utilizing the global 

positioning system (GPS) data from unmanned aerial systems (UASs). The outputs are then 

used as inputs to the 2D and 3D deep learning models to predict the area of grass and the 

condition of the grass. The output of the 3D deep learning models is then processed to the 

grass height estimation code to process the temporal difference and estimate the 

performance of the grass condition for measuring the performance of the mowing 

contractors. The output of the 2D deep learning model is used as a secondary method to 

measure the condition of the grass, such as bare spots, unmowed grass, and mowed grass 

areas. The details of the final prototype are described in the Chapter 7 mowing quality 

detection framework implementation. 
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Figure 2. Illustration. 3D point cloud of the highway environment 

generated with SfM. 

Activity 3: Testing Algorithm-based Processing of Initial Pilot Test Data 

In this activity, the research team processed the 3D point cloud acquired in activity 2b to 

identify the grass regions, as well as detect whether each region is mowed or unmowed. In 

the first step, a convolutional neural network (CNN) takes inputs of a processed point cloud 

and predicts the grass area in the highway scene. In the second step, a temporal detection 

algorithm uses a reference model to compute the grass height difference and estimate the 

condition of mowed and unmowed grass. To improve the computation time, the grass 

regions are separated into multiple patches, and each patch shows a classification of mowed 

or unmowed grass. Additional 2D CNN is also used to detect conditions of grass in the 

highway scene, such as eroded grass area and rooster tails. The CNN models are trained 

with various highway scenes to predict objects found in the highway scenes, such as road, 

trees, grass, bare spots, and rooster tails. Figure 3 shows an example of detecting 

mowed/unmowed regions in the highway regions. 
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Figure 3. Illustration. Filtering of mowed vs. unmowed areas using a combination of 

geometry and color features. 

Activity 4: Performing Multiple Pilot Tests  

This activity focused on collecting additional field test data and evaluating the proposed 

algorithm. In this phase, the research team refined the developing algorithm to validate the 

accuracy of mowed/unmowed area detection accuracy using evaluation metrics. Additional 

datasets were used to capture different grass heights to provide results of different grass 

conditions.  

Activity 5: Analyzing Data and Developing Maintenance Contractor Performance 

Report Prototype 

In this activity, the researchers developed a performance evaluation method to meet the 

needs of Objective 3 (test case of drone-assisted GDOT mowing contractor task planning 

and performance monitoring). In particular, this activity included data summarization from 

processed point clouds, performance metrics for the mowing contractor, as well as a user 

interface to visualize the results. ArcGIS, a well-known GIS software, was used to 



 

11 

implement the proposed framework and deployed the results containing information about 

the geometry, analysis, and results. The function and toolbox in ArcGIS were developed 

by the research team, and the output could be exported into a geodatabase compatible to 

other GIS software. 

Figure 4 shows an example of the proposed results visualization overlaid on an aerial image. 

The visualization interface is based on ArcGIS software, mapping the processed geodata 

with the coordinate reference systems based on the GPS data from the unmanned aerial 

systems. The visualization contains information about which regions correspond to the 

grassy areas next to the highway, the percentage of mowed area, and whether the mowed 

area meets the desired quality grade. The user can examine through different stretches of 

the highway of interest and visualize the mowed vs. unmowed regions. The overall 

contractor performance report is compiled based on the total unmowed area compared to 

the mowed area, which can be used to measure progress toward task completion. 

 

Figure 4. Illustration. Example of the proposed contractor performance report 

integrated into an ArcGIS software interface. 
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Activity 6: Integrating UAS into GDOT Workflow 

The final phase of the research project determined appropriate points for introducing UAS 

technology into the current workflow. This evaluation was conducted collaboratively by 

the entire project team. As part of this activity, higher-level tasks were decomposed to 

provide details of the general tasks identified by the project team. Descriptions were 

developed to understand the activity required to complete the task clearly. At this point, a 

new round of cognitive walkthroughs was conducted with the seven GDOT district offices. 

The cognitive walkthrough technique was the same as the earlier set, as was the domain of 

experts being interviewed. 
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CHAPTER 2. LITERATURE REVIEW 

This section describes comprehensive reviews of drone and AI applications used in the 

infrastructure monitoring and civil engineering domain. The details of available computer 

vision, image processing, and AI are also discussed. Prior research (Irizarry and Johnson 

2019)  conducted by the research team with GDOT describes drone applications and GDOT 

projects.  

TASK WORKFLOW 

All transportation management tasks must ensure the safety of DOT personnel, contractors, 

and the public. Human factors aspects of workflow are central to the safe human–

unmanned aerial vehicle (UAV) teaming (Alami et al. 2006; Hoffman and Breazeal 2007; 

Lasota and Shah 2015). Proper consideration of human factors in workflow design is 

integral to obtaining acceptance by intended users. Human performance has been 

demonstrated to be highly dependent on workload. A key factor is to maintain human 

situational awareness. Transportation personnel must be provided with the ability to 

overcome technology failure; therefore, workflow design must consider possible human 

errors and prevent failures from over-trust in automation and subsequent degradation of 

situational awareness and direct control of the system (Kaber and Endsley 2004). 

ENVIRONMENT AND INFRASTRUCTURE MONITORING IN GDOT  

Several drone applications have been applied to GDOT research and operations (Irizarry 

and Johnson 2019). The prior study with GDOT investigated drone technology in the civil 

and environmental engineering field in airport and railway inspections, bridge inspections, 
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and road construction data collection. The study also provided guidelines for drones in 

compliance with FAA regulations.  

UAS AND IMAGE PROCESSING FOR INFRASTRUCTURE MONITORING 

Inspection and infrastructure monitoring have been a primary focus of the civil and 

environmental engineering community. Most inspection techniques are based on land-

based visual and subjective observation performed by trained on-site personne. With the 

recent development of mobile robots and the ability to capture a wide range of visual data, 

various methods have been explored to automate data collection and analyze the collected 

data for civil infrastructure monitoring applications. In particular, recent innovations in 

computer vision have advanced the performance and quality of infrastructure monitoring 

in the domain of civil and environmental engineering. Civil engineers utilize a UAV for 

remote automated data acquisition and apply computer vision techniques to process and 

analyze conditions of the environment and buildings. For instance, (De Castro et al. 2018; 

Lopez-Granados et al. 2016; Pap et al. 2019) applied a data-driven image processing 

algorithm to identify agricultural products and trees using a UAV. In terms of building 

inspection and post-disaster site mapping, (Bhatnagar et al. 2020 and Pi et al. 2021)  both 

applied computer vision and machine learning with images collected by UAVs to measure 

the condition of infrastructure damage. Kim et al. 2019 assessed construction points for 

grade control and reference in 3D utilizing images from a UAV and laser-scanned point 

clouds from a mobile robot, which was sponsored by GDOT.  

Additionally, (Kim and Irizarry 2020) utilized a UAS to identify the use cases of industry 

practitioners to integrate UAS applications into construction and infrastructure 
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management tasks. The existing literature of infrastructure and environmental monitoring 

applications primarily focuses on agricultural or building inspection cases; however, 

monitoring grass in the highway environment is not explored. In this report, we will explore 

and demonstrate the ability of UAV and computer vision techniques to analyze the use case 

of vegetation management on highway areas. 

3D COMPUTER VISION AND AI  

Compared to 2D image and UAV applications, 3D computer vision using point cloud data 

has benefits for understanding the height of vegetation and object information in 3D space. 

In this literature review, the primary focus is types of semantic segmentations in the 

computer science field and applications of 3D computer vision in the civil and 

environmental engineering field. In terms of post-disaster site and highway monitoring 

applications, (Yajima et al. 2021b) apply 3D computer vision on infrastructure monitoring 

at post-disaster sites to analyze the conditions of damaged objects. During the performance 

of this project, image processing and 3D computer vision have been applied to highway 

vegetation control (Kahoush et al. 2021; Yajima et al. 2021a).  

In terms of 3D computer vision and object semantic segmentation methods, diverse 

methods exist to classify and segment 3D objects in point clouds. (Milioto et al. 2019)  

converts 3D points into 2D images and use a 2D deep learning model to detect objects. 

Another approach converts the 3D point clouds into a voxel grid and applies 3D deep 

learning models (Maturana and Scherer 2015). However, these methods rely on 

transforming original data into low-resolution data, which can lose some meaningful 

information. To overcome this issue, the research group in the current study uses a 3D 
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computer vision algorithm that directly uses original 3D point clouds and outputs the 

classification of objects. PointNet++ (Qi etal. 2017) applies a deep learning model directly 

to the input of raw point cloud data and processes the semantic segmentations. This model 

can learn the 3D contexts in point cloud data and perform better than the existing methods 

discussed in this literature review.   
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CHAPTER 3. DRONE DATA COLLECTION 

This chapter presents the data collection and preprocessing pipeline focusing on the image 

data collection, the flight parameter setting for the drone, and the 2D and 3D annotation 

file generation for the machine learning model (see figure 5). This data preparation is 

necessary to acquire a high-quality dataset that helps our proposed method detect grass 

conditions. Drone datasets were collected between October 2020 and November 2021 at 

several test areas and highway environments. The collected image data are then 

preprocessed to prepare annotation files for the machine learning model to classify object 

classes (e.g., grass, highway roads, trees, etc.). The 3D point cloud data are also prepared 

for measuring the grass height difference using the photogrammetry software. Annotation 

files for the 3D data are also prepared to train a machine learning model that classifies 

objects in point cloud data. The software and the experimental setup are described in the 

following sections. An example of a tractor with a mower is shown in figure 6. 

 

Figure 5. Flow diagram. Proposed data process pipeline. 
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Figure 6. Photo. Tractor and mowing attachment used 

by mowing contractors.  

EXPERIMENT EQUIPMENT 

The team alternately uses DJI Marvic Pro and DJI Marvic 2 Pro drone models that each 

contain 4K cameras and a GPS sensor (figure 7). These drones are controlled by the DJI 

Go 4 and PIX4Dmapper (see figure 8) mobile applications, which are freely available. A 

drone pilot can readily set up a flight path and select the boundary of the scanning area 

with different flight parameters, such as altitude, camera angle, and flight speed. 

Additionally, ground truths are manually measured to validate our proposed model. Traffic 

cones are installed at several representative locations within the highway scene, and the 

grass heights at these points are measured through manual tape measurements. 
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Figure 7. Photo. DJI Marvic Pro drone model. 

 

Figure 8. Screen shot. Example of the UAV flight path setting in PIX4Dmapper. 

SITE SELECTION 

The drone data were collected at a test facility and in a highway environment: the NCAT 

test track, and Interstate 675 (I-675) in Georgia (see figure 9, figure 10, and figure 11). The 

project team worked with GDOT Districts 1 and 7 to identify test locations that are close 

to Atlanta, safe for both access and operation, provide large areas for mowing, both flat 

and sloped, and include treed portions, signage, and guardrails. Two locations at the south 
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of I-285 at I-675 were selected, as they best meet the criteria and provided safe parking 

space. These recommended test sites were provided by GDOT personnel while arranging 

with mowing contractors. Additionally, the team selected two highway scenes from the 

National Center for Asphalt Technology (NCAT) test track in Alabama, as it also provided 

the required environment with safe and reliable access. 

 

Figure 9. Map. Overview of test sites and 

UAV home locations. 
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Figure 10. Photos. Test sites with grass measurement points at NCAT facilities.  

 

Figure 11. Photos. Examples of test sites at I-675 with grass measurement points.  

The team performed the highway field tests several times to collect data in various 

situations, including mowed or unmowed grass,  different grass textures, and existence of 

highway objects, such as guardrails and post signs (figure 12 and figure 13). Table 1 shows 

the dates on which data were collected. 
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Figure 12. Photos. Different highway environments at NCAT facilities. 

 

Figure 13. Photos. Different highway environments at I-675. 

Table 1. Data collection time frame. 

 I-675 Location 1 
I-675 

Location 2 
NCAT Location 1 NCAT Location 2 

Collection 

Dates 

May 14, 2021 

May 25, 2021 

July 22, 2021 

Sep 9, 2021 

Nov 7, 2021 

May 25, 2021 

July 22, 2021 

Sep 9, 2021 

Oct 26, 2020 

Nov 16, 2020 

Feb 24, 2021 

Oct 26, 2020 

Nov 16, 2020 

Feb 24, 2021 
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FLIGHT PARAMETERS AND DRONE SETTINGS 

Various flight parameters, such as camera angle, flight speed, flight altitude, and 

overlapping image ratio, were selected for each drone flight. Since some of these 

parameters directly affect the performance of the proposed framework, they were selected 

carefully. Generally, as flight altitude decreases, the overlapping ratio is higher, and, 

therefore, the highway environment can be zoomed in closely in drone images. This 

improves the mowing feature detection. However, at the same time, it causes long flight 

times; thus, the team adjusted the flight path and parameters according to the site situation.  

Besides these parameters, one parameter that can be selected for a specific purpose in the 

framework is the camera angle. The team compared various camera angles, including 45, 

60, and 90 degrees, and their combinations, to validate the optimal performance for 

generating 3D scenes and evaluating mowing quality. The recommended combinations of 

flight angles are either 90 degrees alone or a combination of 45- and 60-degree camera 

angles. The details of evaluating the best camera angles are described in the Chapter 9. 

Lessons Learned: Recommendations for Grass Mowing Assessment guidelines 
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CHAPTER 4. DATA PROCESSING 

This chapter describes the photogrammetry software that generates 3D data using the 

image data collected from the various field test sites. The photogrammetry software also 

provides camera calibration information and orthophotos that are a part of the inputs for 

the grass height estimation algorithm. The overall data process is described in detail with 

various examples in the following sections.  

PHOTOGRAMMETRY SOFTWARE SELECTION 

Various photogrammetry software tools are available for processing image data into 

graphical representations, including 3D models and orthomosaic maps, that are inputs to 

the proposed grass height estimation algorithm. Table 2 provides two samples of 

photogrammetry software with descriptions of output format, processing mode, cost, and 

reference websites. Among the available photogrammetry software, PIX4Dmapper and 

Agisoft Metashape, were selected to compare features. 

Table 2. Sample of photogrammetry software available. 

Application Output  
Processing 

Mode 

Cost 

(per licensed user) 
Product Website 

PIX4Dmapper 

3D Point Cloud, 

3D Mesh Object, 

Camera Params, 

Orthophoto 

Local 

$1,990/one-time 

Educational Version, 

$4,990/one-time 

Professional Version 

https://www.pix4d.com/p

ricing?tab=products&pla

ns  

Agisoft 

Metashape 

3D Point Cloud, 

Camera Params 
Local 

$179/one-time 

Standard Edition,  

$3,499/one-time 

Professional Edition 

https://www.agisoft.com/

buy/online-store/  

 

PIX4Dmapper was used as a primary photogrammetry software tool for this research 

project because the software provides the outputs of 3D models, camera parameters, and 

https://www.pix4d.com/pricing?tab=products&plans
https://www.pix4d.com/pricing?tab=products&plans
https://www.pix4d.com/pricing?tab=products&plans
https://www.agisoft.com/buy/online-store/
https://www.agisoft.com/buy/online-store/
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orthomosaic photos necessary for the grass height estimation algorithm. Additionally, the 

PIX4Dmapper user interfaces allow the generation of a 3D point cloud with georegistering 

the GPS coordinates to improve the quality of the 3D models. The PIX4Dmapper also 

enables users to combine multiple images collected at different times and dates to 

reconstruct 3D models from images, allowing the user to automatically align two 3D point-

cloud data sets. PIX4Dmapper is also compatible with DJI products, and the 

photogrammetry software provides a smartphone application to plan and collect image data. 

PIX4Dmapper also has a “floating license” feature that allows for the 

activation/deactivation of a license tied to a certain computer at any time in the case a new 

computer is required. This provides flexibility to users since the license can be migrated 

from one user to another. In addition, PIX4D is already used by GDOT. 

The test environment includes straight and curved road sections, vegetation, a pond, trees, 

and other objects. The flight parameters of the UAV consist of flight elevation between 

20 m (approx. 65 ft) and 30 m (approx. 98 ft) from the ground, ground sampling distance 

(GSD) of 0.2–0.28 (inch/pixels), and camera angle of 45–90 degrees. Regarding the UAV 

flight process, the UAV data are collected using the PIX4Dcapture application, and the 

UAV collects image data within 10 to 20 minutes of flight time. A trained pilot is in 

command of the flight and able to take control of the automated flight, if needed. Detailed 

descriptions of the use of PIX4Dmapper and processing the data are provided in (Irizarry 

and Johnson 2019) and summarized in this report. A sample of a point cloud generated by 

the photogrammetry software is shown in figure 14. 



 

26 

 

Figure 14. Image. Raw point cloud data generated from PIX4Dmapper. 

MEASUREMENT ACCURACY OF PHOTOGRAMMETRY SOFTWARE 

In this section, the accuracy of the 3D reconstruction by the photogrammetry software is 

evaluated by comparing the ground truth measurement of static objects on test sites and the 

3D data generated from the PIX4Dmapper software. This experiment is carried out to 

verify the measurement accuracy of the 3D reconstruction using images and GPS 

coordinate information captured by the drone. The photogrammetry software applies the 

structure from motion (SfM) method, which includes a georegistration process. The 

georegistration process converts the 3D point cloud into georegistered point cloud in 

Universal Transverse Mercator (UTM) coordinate GPS data from images. The outcome of 

the georegistration provides the correct scale of objects on highway areas that can be used 

as inputs to the image and point cloud processing framework. The measurement accuracy 
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of the SfM was evaluated using the heights of multiple physical traffic cones and small 

boxes (see figure 15 and figure 16). for examples of the accuracy of the photogrammetry 

software). The measurement accuracy was also evaluated using multiple camera angles and 

flight parameters (see table 3). In this evaluation, the UAV flight heights are between 20 m 

(~65 ft) and 30 m (~98 ft), and the camera angle is 90 degrees. Overall, the average height 

estimation error is 1.11 cm, which is within GDOT’s stated 5 cm tolerance for mowing 

operations. The average of the measured traffic cones was 44.6 cm with a standard 

deviation of 2.75mm. The ground truth traffic cones are all 50 cm. 

 

Figure 15. Photo. Examples of traffic cones used in this experiment. 
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Figure 16. Photos. Examples of static objects used in the experiments. 

Table 3. Settings used to measure the accuracy of SfM-generated models at NCAT 

highway test site and Georgia Tech test site using small objects. 

 

In addition to the highway test site, measurement analysis was also conducted using 

multiple boxes and other small objects at different drone altitudes. The average accuracy 

Drone Settings 
NCAT 

Test 1 

NCAT 

Test 2 

Georgia 

Tech 1 

Georgia 

Tech 2 

Overlap (front%–side%) 80–70 80–70 80–70 80–70 

Camera Resolution (MP) 12.35 12.35 12.35 12.35 

GSD (inch/pixel) 0.28 0.2 0.66 0.99 

Flight Elevation (ft) 100 50 20 30 

Camera Angle (degrees) 90 45 90 90 
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was measured as ±3.5 cm. This result shows that the SfM method can provide reasonable 

object height estimation. 

DATA PREPARATION FOR AUTOMATIC POINT CLOUD REGISTRATION 

In this step, the automatic point cloud registration feature from PIX4Dmapper was used to 

align two point clouds into the same coordinate frame. Traditionally, aligning two point 

clouds has been done by manually selecting common points between two point clouds. The 

benefit of automatic point cloud registration includes minimizing manual registration 

errors and reducing time to manually register point cloud data. Manually registering two 

point clouds has errors from photogrammetry sources, such as a warped point cloud and 

manual registration errors. The PIX4Dmapper includes camera optimization and 3D point 

cloud reconstruction steps. The automatic point cloud registration eliminates the warped 

point cloud because the process first optimizes the camera parameters with all the images 

to obtain uniform camera parameters used in the 3D reconstruction phase. The process for 

obtaining the registered point cloud data is described in the “Field-test-based guideline 

development for the integration of unmanned aerial systems (UASs) in GDOT operations. 

No. FHSA-GA-19-1609” (Irizarry and Johnson 2019). After running the photogrammetry 

software, two dense point clouds are generated for the grass height difference estimation 

process.  
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CHAPTER 5. AI-DRIVEN GRASS MOWING ASSESSMENT 

DATA ANALYSIS AND ANNOTATIONS 

This section describes the procedure for preparing the annotation files used in the machine 

learning algorithm. Description of these steps is for information purposes and is not meant 

to be performed by GDOT when implementing the UAS-assisted workflow. In machine 

learning, data preparation is necessary to train an agent to predict objects of interest from 

both 3D point clouds and 2D images. For the 3D annotation, the annotation files are 

prepared using CloudCompare. CloudCompare has features to visualize the point cloud file 

and segment point clouds into small objects that can be used to annotate the point cloud 

data. The 2D annotation is processed using a 2D–3D co-labeling tool that converts 3D 

annotations into 2D annotations, using camera parameters and software developed by the 

research team. These object classes are used to train both 2D and 3D machine learning 

models and are also used in the evaluation section to confirm the performance of machine 

learning models. The next section discusses additional details for preparing the 3D 

annotation and 2D–3D co-labeling software tools, again, for information purposes only. 

Preparing Point Cloud Data 

Two different versions of annotations were developed: one is for classifying highway 

objects, and another is for detecting the mowing quality. The object classification dataset 

targets seven classes of highway objects (clutter, building, grass, road, guardrail, tree, and 

sign), and the mowing quality detection dataset includes four classes (mowed area, 

unmowed area, bare spots, and clutter). Sample annotation files are shown in figure 17 and 

figure 18. The first annotation is used for distinguishing the highway assets and clipping 
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the grass area of interest, and the second annotation is for granularly detecting mowing 

quality. 

 

Figure 17. Annotations. Examples of 3D annotation files. 

 

Figure 18. Annotations. Additional examples of 3D annotations. 

Preparing Image Data Using 2D-3D Co-labeling 

To avoid duplication of the annotation work, a 3D-to-2D co-labeling approach was 

employed. It utilizes 3D annotation to generate 2D annotation for training the deep learning 

network by projecting 3D coordinates of the annotated points into 2D raw drone images. 

This approach took advantage of the fact that the images acquired by the UAV were mostly 

overlapping, and semantic annotations from one image could be copied to other images 

that overlap with it and, thus, save manual labeling time.  
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The 3D semantic labels were assigned back to the original 2D drone images by utilizing 

the camera projection equation. Since the camera’s intrinsic and extrinsic parameters for 

each image were known after the structure-from-motion step, each 3D point can be 

associated with a 2D pixel. Thus, the 3D point labels can be assigned to the corresponding 

2D pixels in the original images. Finally, for empty pixels that do not have a matching 3D 

point, the labels were assigned by searching for the nearest neighbor pixel that has an 

existing label using the Fast Library for Approximate Nearest Neighbors (FLANN). The 

advantage of this annotation approach is that the point cloud for each scene only has to be 

manually annotated once, and the labels for that scene can be propagated to hundreds of 

images automatically. Figure 19 shows the semantically annotated drone image from the 

3D annotation. 

 

Figure 19. Images. 2D annotated image samples converted from the 3D annotations. 
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MOWING QUALITY ASSESSMENT FRAMEWORK USING DEEP LEARNING 

MODELS 

2D Image-based Framework for Detecting Mowing Quality 

This section describes how the overall framework utilized 2D image processing algorithms 

to distinguish the various grass conditions, such as mowed, unmowed, and bare spot (see 

figure 20).  

 

Figure 20. Flowchart. 2D image-based framework. 

 

The U-Net, a CNN-based classification model with an encoder–decoder architecture, was 

applied (figure 21). The encoder part of the model consists of a series of alternating 

convolution and pooling operations, which allows the model to progressively increase the 

number of feature maps by downsampling feature maps. The decoder part of the model 

then upsamples the feature map and semantically projects the features learned by the 

encoder onto the pixel space to obtain classification results. Overall, this structure of 

contracting and expansive operations enables the model to capture the localized 
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segmentation of input image and propagate the feature information to successive layers 

with higher resolutions. 

 

Figure 21. Diagram. Modified U-Net models used for training 

the image processing model. 

To train the proposed U-Net, a customized dataset of over 700 aerial images was used, as 

well as the corresponding labeled segmented images. We employed a total of four classes: 

mowed, unmowed, bare spot, and miscellaneous. To improve the performance of the model, 

we experimented with images of varied resolutions; for example, prior to being resized to 

the deep learning input size, each original image was splited into multiple images for higher 

resolution. Finally, the dataset was divided for training, validation, and testing. The 

validation dataset was used to tune the hyperparameters of the model that maximize the 

model accuracy and minimize the sparse categorical cross-entropy loss function. The 

validation loss is monitored to ensure no overfitting or underfitting during the training 

process. 

As the next step of the classifier training, the trained model was extended from a single 

image-level to cover the entire highway scene (figure 22). Firstly, an orthophoto that covers 
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the whole scene is generated, then it is split into small patches with a similar range of the 

size to the training images. The split patch is inferred through the trained model, indicating 

mowing quality on each spot, whether the grass is well mowed or not, and is unified into 

one scene with the original coordinate system. Note that the boundary of each split patch 

that might cause inconsistent prediction is smoothed using a nearest neighbor algorithm. 

 

Figure 22. Flowchart. 2D framework to detect mowing quality. 

3D Point Cloud Processing Model 

3D Semantic Segmentation Model 

To detect objects of interest, such as grass, the developed method uses a deep learning 

model to classify and segment objects from point cloud data. PointNet++ (Qi et al. 2017) 

is a neural network that directly processes the input highway data into predicted objects 

relevant to the highway scenes, such as grass, road, tree, etc.  

The highway dataset has point cloud data generated from SfM, and each point feature 

includes position (x, y, z location), colors, and normalized position (x, y, z location) to 

corresponding highway scene (from 0 to 1). The points input size is updated to 8,192 points 
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from the original 4,096 points to cover the large scale of the highway scenes in table 4. The 

deep learning models are trained and tested with 20 highway scenes collected at different 

dates and locations. Seventeen highway scenes with 15,781,672 points (about 80 percent 

of overall data) are used in the training set, and 4 highway scenes with a total of 2,513,059 

points (about 20 percent of overall data) are used in the validation set. The target classes 

include grass, road, trees, and clutter objects. The clutter class is solely used to assign 

uncategorized objects, and the performance of this class is not considered in the results 

section. 

Table 4. Key difference between our semantic segmentation model 

with the original PointNet++. 

Method 
Grid Size 

(m) 

Input 

Points 

Scale of Point 

Clouds 
Environment 

PointNet++ 1 × 1 4096 ~ 5 m × 5 m Indoor Building 

Our model 25 × 25 8192 
~ 1000 m × 1000 

m 
Highway Roads 

 

Temporal Height Estimation 

In this section, temporal change detection in 3D point cloud data is performed to identify 

any physical changes in the highway environment that occur over time that are relevant for 

highway maintenance, such as the growth of weeds, ground erosion, and collapsed traffic 

signs. Change measurements are computed for specific classes of objects using the 

segmented point cloud model from Chapter 4. Data Processing. This study focuses on grass 

height difference estimation for monitoring highway mowing operations. First, a reference 

model is generated to store the initial baseline grass heights. Multiple physical markers in 

the form of traffic cones are placed at the test site, and the grass height at each marker is 
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manually tape measured as ground truth for evaluating the grass height estimation 

performance. Next, point cloud registration is performed between new point clouds and the 

reference point cloud. Once the models are registered, the height difference estimation 

method uses the baseline height of the nearest neighbor marker from the reference model 

to estimate the grass height of the segmented point cloud. The difference in Z-value 

between the new point cloud and the reference point cloud is then added to the baseline 

height. 

Automatic Point Cloud Registration Using PIX4Dmapper 

This section describes the use of the existing automatic point cloud registration process 

available in the PIX4D software that minimized the misalignment of two point clouds 

compared to manual point cloud registration. When measuring the difference in grass 

height between two point clouds, it is necessary to register the point cloud data so that the 

coordinate system is consistent. Traditionally, point cloud registration is performed by 

manually selecting points between two point clouds. However, the manual registration 

process may not accurately align two point clouds due to the noises and warped point cloud 

data generated by the photogrammetry software. To overcome this issue, the developed 

method relies on automatic point cloud registration that minimizes the errors of aligning 

two point clouds. In the first step, the images for both reference and target models are 

combined into one dataset. In PIX4Dmapper, the initial processing option estimates the 

camera parameters using the combined images. This process allows the unison of the 

camera parameters between images and provides a single camera parameter that can be 

used to generate point cloud data. After the camera parameters are obtained, the point cloud 

and mesh option generate 3D point clouds for the target and reference models. Because 
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this process applies initial processing for combined images and generates two point clouds, 

the errors of point cloud registration and the warping effect can be minimized, if not 

eliminated.   
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CHAPTER 6. PROCESSING RESULTS (2D IMAGES AND 3D POINT CLOUD) 

2D IMAGE-BASED FRAMEWORK 

This section describes how to evaluate the proposed 2D framework to distinguish the 

various grass conditions, such as mowed, unmowed, and bare spot, for assessing mowing 

quality. The evaluation takes place in two stages. First, the team validates the deep learning 

model that significantly affects the performance of the overall framework, then the mowing 

quality map on the whole highway scene is evaluated based on the ground truth data 

generated manually. 

2D Deep Learning Model in Drone Image Level 

The 2D deep learning network to distinguish various grass conditions was trained using 

four datasets of the I-675 Location 1 which were collected on May 25, July 22, July 30, 

and November 11, 2021. These datasets consisted of pairs of: (1) a raw drone image and 

(2) the corresponding semantic annotation. Figure 23 shows the exemplary results of the 

model and the color legend is as follows; green- mowed area, blue- unmowed area, and 

red- bared spots.  

To quantitively validate the trained model, a matrix is used of accuracy, precision, recall, 

and F-1 score, which are dominant criteria in 2D image evaluation. Based on this, the 

predicted results are evaluated at the pixel level (see table 5).  



 

40 

Original Prediction Ground Truth 

   

   

   

Figure 23. Images. 2D deep learning model results.  

Table 5. Performance on 2D deep learning model on the I-675 Location 1. 

 Mowed Unmowed Bare Misc 
Accuracy 0.989 0.994 0.995 0.985 
Precision 0.945 0.888 0.473 0.766 
Recall 0.959 0.908 0.497 0.988 
F-1 0.946 0.895 0.468 0.863 

 

Image-based Mowing Quality Detection 

As the results from a single drone image do not necessarily indicate the performance on 

the entire highway scene results that are inferred based on the orthophoto, the final 2D 

framework result is separately evaluated (see Figure 24). Unlike in 2D Deep Learning 
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Model in Drone Image Level above, a dataset that includes various grass conditions and 

evaluates the framework based on average values across all the classes was selected for 

testing (see table 6). 

 

Figure 24. Images. 2D framework results on I-675 Location 1; prediction only shows 

mowed areas, unmowed areas, and bared spots 

 

Table 6. 2D framework evaluation on the I-675 Location 1. 

Data collection 
date May 14, 2021 July 22, 2021 July 30, 2021 

Nov 11, 
2021 

Accuracy 0.872 0.826 0.891 0.912 
Precision 0.876 0.768 0.815 0.411 
Recall 0.876 0.730 0.874 0.401 
F-1 0.811 0.729 0.823 0.405 

 

Compared to the single image-level evaluation, the final result is slightly lower because of 

the low resolution, incompleteness, and lost texture information of the orthophoto. While 

creating an orthophoto, some texture and color information is lost and smoothed to stitch 

all drone images consistently, thus lowering the performance of the trained deep learning 
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model. However, it can be readily complemented when integrating the 2D framework 

results with the corresponding 3D framework. 

3D POINT CLOUD PROCESSING 

In this section, evaluation of 3D segmentation and temporal grass height estimation are 

discussed with numerical results. The results of the 3D point cloud analysis are used to 

estimate the mowed/unmowed grass areas in the ArcGIS user interface.  

3D Segmentation Results 

A total of four highway scenes were used to validate model performance. These test sets 

consist of NCAT Location 1, NCAT Location 2, I-675 Location 1, and I-675 Location 2, 

and the datasets are separated from the training dataset. The 3D CNN model has a training 

set batch size of 20, a learning rate of 0.001, and feature vectors of location, colors, and 

normalized point locations. Two deep learning models are trained with different class 

objects to determine the optimal deep learning model by setting one model to classify only 

grass, road, and tree objects and another model to classify bare spot, guardrails, and traffic 

signs on top of existing objects, as shown in Tabletable 7. Accuracy metrics are used to 

measure the performance of the CNN models. Based on the result, the CNN with four 

object classes shows a more robust performance than the CNN with seven object classes.  

Table 7. Result of 3D segmentation (Accuracy in %). 

 Grass  Road  Tree 
Bare 

Spot  
Sign  Guardrail Other  

Avg Point 

Accuracy 

4 Object Classes 94.2  91.0  97.8  – – – 15.9 93.9  

7 Object Classes 86.4  85.2  84.1  0.0  4.3 1.3  50.9  83.7  
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In figure 25, figure 26, figure 27, and figure 28, the visualization of 3D segmentation 

results is shown. The accuracy of seven class objects is low due to an imbalanced dataset 

and because these objects are relatively small compared to large objects such as grass, road, 

and trees. Therefore, the 3D segmentation model is only trained with four object classes to 

predict grass area. The detected grass areas are then used in the temporal height detections.  

 

Figure 25. Images. Visualization of 3D segmentation at NCAT Location 1. 

 

Figure 26. Images. Visualization of 3D segmentation at I-675 Location 2. 
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Figure 27. Images. Visualization of 3D segmentation at I-675 Location 1. 

 

Figure 28. Images. Visualization of 3D segmentation at NCAT Location 2. 

Temporal Grass Height Difference Estimation Result 

The grass height difference estimation using 3D point cloud is evaluated using the areas 

near I-675. A total of 20 sample measurements were recorded to confirm the performance 

of the grass height estimation code as described in the chapter 4. Data Processing. The 

predicted grass height is evaluated based on the accuracy of grass height between the 

estimated and ground-truth grass height. According to GDOT’s mowing contractors, the 
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typical grass height before mowing grass depends on the season and location (e.g., spring, 

summer, and winter). Based on the interviews, the grass near the target area typically grows 

more in spring and summer than in late fall. There is no mowing activity in winter. The 

mowing contractor typically mows grass less than 6 inches, per GDOT requirements. 

Therefore, the expected grass height difference before and after grass mowing is around 6 

inches by subtracting the minimum height (1- 4ft) of the grass before mowing in the fall 

from the GDOT requirement (6 inches). The seasonal typical grass heights before mowing 

are shown in table 8. 

Table 8. Seasonal typical grass height before the grass is mowed. 

Types of Highway Spring (ft) Summer (ft) Fall (ft) 

Interstate Highway 3 3–4 1–1.5 

Secondary Roads 3 3–3.5 1–2 

 

To evaluate the grass height, the ground truth measurement of grass is determined. In the 

test sets, a total of 20 sets of point clouds are collected from various dates and times. The 

estimated grass height is computed by adding the reference height of grass and the 

difference between the reference and target point cloud data. An example of the difference 

in point cloud data is provided in figure 29. As shown in table 9, the overall estimated grass 

height is 3.21 inches (8.16 cm), which is within the tolerance of GDOT standards 

(6 inches).  
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Figure 29. Plot. Example of manual measurements. The red points indicate 

tall grass and the green points represent short grass. 

Table 9. Overall estimated grass height from data analysis. 

Location Average Errors1 (cm)  

I-675 Location 1 (tall grass) 9.79 

I-675 Location 1 (short grass) 6.52 

Overall  8.16 
1 Average errors between manual measurements and estimated grass height. 

Visualization of the grass height estimation is shown in figure 30 and figure 31. Two 

different types of grass height are measured at different times. One data (i.e., reference) set 

is collected immediately after the grass is mowed and the other (i.e., target) is collected 

when the grass is tall. The red points represent the grass that is considered to be an 

unmowed region, and the green or blue color represents the mowed grass area. The output 

of these visualizations is used in the ArcGIS user interface.  
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Figure 30. Images. Original point cloud data from photogrammetry software. 

 

Figure 31. Images. Visualization of mowed/unmowed grass height; red color 

represents an unmowed area and blue color represents a mowed area. 
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CHAPTER 7. MOWING QUALITY DETECTION FRAMEWORK 

IMPLEMENTATION 

The proposed framework includes site data collection, in addition to algorithm processing 

executed through software. Figure 32 shows the overall mowing quality assessment 

framework, consisting of (1) field data collection, (2) photogrammetry, and (3) the ArcGIS 

user interface.  

SITE DATA COLLECTION 

Visualization of the mowing contractor performance evaluation performed by 2D and 3D 

data analysis requires the collection of image data to create a reference model to be 

compared to data collected as mowing work is performed at the intervals determined by 

GDOT personnel. The models created from data collected for inspection purposes are 

target models. The reference model is made from the site data immediately after mowing 

has been performed, which satisfies the GDOT’s all mowing requirement. This reference 

model is used as a baseline to measure the mowing performance of the target models. The 

reference model is created once for each area to be evaluated. It only requires updating if 

there are changes in geometry, topography, or vegetation type in the area modeled. Image 

data for the target models are collected as frequently as the performance of mowing work 

is to be evaluated. The photogrammetry process using the PIX4Dmapper program is 

reviewed in the next section.  
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Figure 32. Flowchart. Workflow for the mowing quality assessment data processing. 
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PHOTOGRAMMETRY PROCESSING WITH PIX4DMAPPER 

This section describes how to use the photogrammetry software and set up the options for 

processing. The basic options and instruction, such as generating the orthomosaic images, 

are omitted in this section and can be reviewed in “Field-test-based guideline development 

for integration of unmanned aerial systems (UASs) in GDOT Operations. No. FHWA-GA-

19-1609” (Irizarry and Johnson 2019), which includes step-by-step instructions for basic 

photogrammetry software use, as described in Chapter 4. Data Processing, the reference 

models, and the target models are generated by combining all images. PIX4Dmapper has 

options to set group1 and group2, as shown in figure 33. The reference images and the 

target images are separated by these groups.  
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Figure 33. Screenshot. Example of setting group numbers in PIX4Dmapper, 

where group1 is the target images and group2 is the reference images. 

In the photogrammetry software settings, a custom keypoints image scale of one-half the 

image size is used for the initial processing (see figure 34). Due to reconstructing the grass 

area, these settings help to increase the number of keypoints matching by reducing the 

image size as recommended on the PIX4Dmapper website.2 The other parameters are kept 

as the default settings. To learn more about the technical details of automatic point cloud 

registration, refer to section Chapter 4. Data Processing. 

 
2 https://support.pix4d.com/hc/en-us/articles/202560159-How-to-improve-the-outputs-of-dense-vegetation-

areas-using-Pix4Dmapper.    

https://support.pix4d.com/hc/en-us/articles/202560159-How-to-improve-the-outputs-of-dense-vegetation-areas-using-Pix4Dmapper
https://support.pix4d.com/hc/en-us/articles/202560159-How-to-improve-the-outputs-of-dense-vegetation-areas-using-Pix4Dmapper
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Figure 34. Screenshot. Setting the image scale to ½ image size in PIX4Dmapper. 

Under the Point Cloud and Mesh processing option, the point cloud types selected under 

the Point Cloud tab are the LAS and PLY formats (see figure 35). Additionally, the Merge 

Tiles into One File option is selected to combine the point cloud data into each target and 

reference model. The option selected under the 3D Textured Mesh tab is Medium 

Resolution. The Advanced tab setting shows selected options for group1 and group2; these 

options must be checked so that the point cloud results output a reference and target point 

cloud data. These settings are shown in figure 35, figure 36, and figure 37. 



 

53 

 

Figure 35. Screenshot. Point Cloud tab settings 

for point cloud generation. 
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Figure 36. Screenshot. 3D Textured Mesh tab settings 

for point cloud generation. 
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Figure 37. Screenshot. Advanced tab settings for 

point cloud generation. 

Once the photogrammetry software completes the 3D reconstruction and orthophoto image 

generation, the output files include a reference and a target point cloud in the respective 

PLY and LAS files, an initial folder that contains the camera matrix files, and orthophoto 

images. The initial folder is generated automatically by the PIX4Dmapper software. These 

files are inputs to the user interface software, which is described in the next section.  
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USER INTERFACE DEVELOPMENT IN ARCGIS SOFTWARE 

This section describes the procedure for developing a user interface that readily implements 

the proposed framework on the GIS software, ArcGIS. ArcGIS, developed and supported 

by ESRI, is a representative geoprocessing software that can process, manage, and 

visualize databases with geographical reference. ArcGIS’s current use by GDOT personnel 

facilitates the potential adoption of the proposed framework for geoprocessing and 

visualization. The proposed framework is implemented in ArcGIS in the form of a plug-in, 

thereby enabling GDOT personnel to check the mowing quality assessment results in the 

ArcGIS platform and to manage the mowing quality and highway environment in a 

consistent and compatible way.  

2D-3D Integration 

The 2D and 3D frameworks were developed in parallel and were integrated into one 

framework that complements each. Point cloud data and image data have their own 

properties (figure 38). Point cloud data have advantages in representing volumetric and 

vertical objects, thus showing good performance in detecting highway assets and areas, 

whether grassy or not, and distinguishing if the grass is tall or short. However, due to low 

resolution, these data complicate the analyzing process in areas where the grass is blurred.  

On the other hand, image data with high resolution have strengths in texture and color 

information, thus enabling the model to robustly detect bare spots and rooster-tail areas 

given sufficient training data. Taking these characteristics into account, the results of the 

two models were combined by weighting them in areas with their own strengths. 
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Figure 38. Photos. Comparison between 2D and 3D data. Taken on 11/07/2021. 

ArcGIS User Interface 

The ArcGIS built-in framework comprises: (1) the toolbox, and (2) the model builder; we 

use it to plug our developed algorithms into the ArcGIS environment (figure 39). Through 

these procedures, an ArcGIS function was created (with an extension of .tbx), 

implementing the mowing-quality detection algorithms in the ArcGIS software, internally 

processing the algorithms (including the deep learning parts), and solely resulting in the 

final output of the detected mowing quality in the target areas of interest (figure 40). The 

input for the function would be an orthophoto, a point cloud, and the log files of the camera 

matrix of the target areas of interest, which are generated in Chapter 4. Data Processing, 

performing photogrammetry through PIX4Dmapper. The output would be the geo-

registered theme map as raster data, indicating mowing quality in color. In addition, 

information on the spot measurement and linkage with the corresponding drone image 

would be provided for visually checking the site. 
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Figure 39. Flowchart. Model builder sample – sequential processing of 

geography-related algorithms. 

 

Figure 40. Screenshot. ArcGIS interface implementing the proposed framework. 
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CHAPTER 8. UAS INTEGRATED WORKFLOW DEFINITION RESULTS 

EXISTING WORKFLOW 

This section presents an examination of the current workflow employed by GDOT for the 

inspection of contractor performance. The initial research task was identifying and 

mapping the current workflow for pre-and post-activities for right-of-way mowing. This 

was undertaken to understand data collection, analysis, and reporting practices that are 

currently employed to accomplish the required tasks. Due to limitations to personal contact 

implemented to reduce the spread of coronavirus disease 2019 (Covid-19), GDOT’s 

current workflow had to be analyzed utilizing only remote techniques. This made the use 

of methodologies such as focus groups unrealistic. For this portion of the study, all contacts 

with state DOT users were conducted through online Microsoft® Teams meetings. 

Interviews began with collecting a general overview of current practices through meetings 

with three GDOT state office managers. This afforded the researchers a high-level view of 

right-of-way maintenance practices.  

The second part of this task was the collection and analysis of current practices from GDOT 

district-level personnel. These officials have a more detailed and practical understanding 

of current workflow practices. For this step, 21 district-level professionals, consultants, and 

materials laboratory personnel were interviewed. The positions and dates of these 

interviews are outlined in table 10. After these interviews, the current workflow was 

mapped using an operational sequence diagram. These diagrams document a sequence of 

control movements and/or information-collecting activities executed to accomplish a task 

(Kirwan and Ainsworth 1992). Very similar to detailed flow diagrams, they permit limited 
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branching, looping, and conditional activities. In this case, these diagrams are employed to 

illustrate operations associated with the current workflow. Operations are categorized as 

behavioral elements and assigned specific symbols. Categorization is achieved by applying 

both output and methodology criteria using five common symbols. These symbols define 

information flow and behavior and are like those used for process charts (Kirwan and 

Ainsworth 1992). Once the workflow was diagrammed, it was validated by distributing the 

draft workflow diagram to the same professionals in the initial interviews. The providers 

were asked to mark corrections and other modifications. A very limited number of 

modifications were identified at this stage. 

To improve upon this validation, cognitive walkthrough interviews were conducted with 

the same users. Again, these interviews were conducted online using the Microsoft Teams 

platform due to contact health concerns related to Covid-19. Cognitive walkthroughs are 

used to evaluate user practices and interactions by analyzing the mental processes required 

to perform the task. This method is ideal for determining the sequence of events in 

accomplishing a goal. They are also helpful in identifying problems with a workflow and 

the causes of these issues (Lewis and Wharton 1997). The cognitive walkthroughs 

produced many corrections and clarifications to the initial workflow diagram, which were 

mapped as before. The result was a much higher fidelity representation of the workflow in 

use. The current workflow is incorporated within figure 41 as the non-shaded blocks within 

the operational sequence diagram.  
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Table 10. Interview participants and date. 

Position District Date 

Maintenance Contracts Assistant 1 March 4, 2021 

Assistant Area Engineer 1 March 4, 2021 

Permits Inspection Engineer 1 March 4, 2021 

Area Engineer 2 March 3, 2021 

Assets Manager 3 March 5, 2021 

Area Engineer 3 March 5, 2021 

District Contracts Manager 3 March 5, 2021 

District Maintenance Manager 4 March 5, 2021 

Manager, Construction 4 February 24, 2021 

District Maintenance Manager 5 February 24, 2021 

District Construction Engineer 5 February 25, 2021 

District Maintenance Engineer 6 February 25, 2021 

District Maintenance Manager 7 February 17, 2021 

District Area Engineer 7 February 17, 2021 

Assistant Materials Engineer OMAT April 13, 2021 

State Pavement Engineer OMAT April 13, 2021 

Maintenance Design Manager OMAT April 13, 2021 

Maintenance Liaison State March 30, 2021 

State Maintenance Officer State March 30, 2021 

District Consultant Consultant March 30, 2021 

Consultant Consultant March 30. 2021 
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Figure 41. Diagram. UAS integrated workflow for mowing performance verification. 
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INTEGRATION OF UAS TECHNOLOGY  

The next phase of the research project was to determine appropriate points for introducing 

unmanned aerial system technology into the current workflow. Criteria for utilization of 

this technology included improvements to data accuracy, reliability, collection time, cost, 

detail, and safety considerations. This evaluation was conducted collaboratively by the 

entire project team. Higher-level UAS tasks were then inserted into the workflow diagram. 

At this point, key higher-level UAS tasks were decomposed to identify new workflow 

components at a greater level of fidelity. Task decomposition methodologies help identify 

greater detail related to tasks of interest compared to the level that experts typically offer, 

allowing task descriptions to become more detailed and informative (Kirwan and 

Ainsworth 1992). The first step in task decomposition was to outline the general tasks 

identified by the project team. Descriptions were developed in adequate detail to clearly 

understand the activity required to complete the task. Tasks were divided into several 

subtasks to facilitate understanding. Next, each task element was decomposed, categorized, 

and labeled. At this point, the decomposed tasks were documented. The team was requested 

to add any missing details about the subtask. The result was a compilation of highly detailed 

task descriptions for UAS-related modifications to the current GDOT workflow for right-

of-way mowing operations. Figure 32 represents the decomposition of the mowing quality 

assessment data processing task. 

WORKFLOW VALIDATION 

A new round of cognitive walkthroughs was conducted at this point with the seven GDOT 

district offices. This was to validate the ability of GDOT district personnel to implement 



 

64 

the UAS workflow, as well to confirm the effectiveness of the data the UAS would collect 

in fulfilling the needs of GDOT in right-of-way maintenance. The cognitive walkthrough 

technique was the same as the earlier set, as were the domain experts being interviewed. 

The research team again relied on these walkthroughs to validate the expected effectiveness 

and feasibility of implementing the proposed set of UAS-assisted workflows. The UAS 

tasks presented during this set of cognitive walkthroughs are illustrated as the shaded 

blocks in figure 41. The GDOT personnel included in this step provided several useful 

comments on the advantages they saw in the data being collected using UAS, as compared 

to the limitations of the current practices. The GDOT participants did not request any 

changes to the workflow as proposed. 
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CHAPTER 9. LESSONS LEARNED: RECOMMENDATIONS FOR GRASS 

MOWING ASSESSMENT GUIDELINES 

This chapter discusses recommendations for the grass mowing assessment using the user 

interface in the ArcGIS software, based on lessons learned from tasks performed in the 

research project.  

FLIGHT PARAMETER OPTIMIZATION 

Drone planning and parameters highly depend on the field schedule and the limited flight 

areas affected by FAA regulations and field obstacles, which can directly affect the quality 

of the generated 3D models and orthophotos. In this section, we analyze several process 

failure scenarios and their causes to avoid their occurrence during the implementation of 

the framework developed in the research project. 

1. Orthophoto generation failure primarily occurs at the boundary of the target area 

due to the shortage of overlapping images. To prevent the area of interest from 

being affected, it is recommended that the flight path covers a sufficient area 

beyond the intended boundaries. This extended coverage will enable the orthophoto 

of the target grass area of interest to be generated correctly. An example of 

generation failure at the boundaries is shown in figure 42. 
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Figure 42. Image. Orthophoto generation failure at the boundary. 

2. Alignment failure is an error where the generated orthophotos on the same areas are 

not aligned correctly, thus causing the detected mowing quality per each dataset not 

to be identified. This error is due to inaccurate GPS coordinates in each drone image 

when generating orthophotos (i.e., while using the PIX4D software). Manual 

registration or the adoption of a more accurate GPS sensor, such as one capable of 

real-time kinematics (RTK), can solve this type of error. An example of alignment 

failure is shown in figure 43. 
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Figure 43. Image. Orthophoto alignment failure.  

3. Variation in the point cloud generated from structure from motion can output the 

point cloud data with various quality and noise. Optimal flight camera angles are 

evaluated by computing the static objects’ height on the highway, the number of 

missing objects, and inverse point cloud errors. The inverse point cloud sometimes 

occurs due to the poor quality of images taken by the drone (i.e., blur or shadow in 

the images). Overall, the best combination was found to be a camera angle of 

90 degrees or a combination of images at 45- and 60-degree camera angles (see 

table 11, table 12, and table 13).  

Table 11. Result of grass height accuracy among camera angle combinations. 
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Test Sites 

(RSME1 in 

cm) 

45 degrees 60 degrees 90 degrees 
45+60 

degrees 

45+90 

degrees 

60+90 

degrees 

I-675 

Location 1 
5 1 4 6 3 2 

I-675 

Location 2 
1 4 6 5 2 3 

Overall 6 5 10 11 5 5 
1 Root mean square error. 

Table 12. Result of missing object in point cloud data. 

Test Sites 

(RSME in 

cm) 

45 

degrees 

60 

degrees 

90 

degrees 

45+60 

degrees 

45+90 

degrees 

60+90 

degrees 

I-675 

Location 1 
5 1 4 6 3 2 

I-675 

Location 2 
1 4 6 5 2 3 

Overall 6 5 10 11 5 5 

 

Table 13. Result of flipping errors. 

Test Sites 

(Flipping 

Errors) 

45 

degrees 

60 

degrees 

90 

degrees 

45+60 

degrees 

45+90 

degrees 

60+90 

degrees 

I-675 

Location 1 

Yes 

(90%) 

Yes 

(60%) 

No 

(0%) 

No 

(10 %) 

Yes 

(50 %) 

Yes 

(60%) 

I-675 

Location 2 
No (10%) No (0 %) – (incomplete) No (0 %) 

No 

(10 %) 
No (0 %) 

Overall Yes Yes 
No 

(0 %) 
No (5 %) Yes Yes 

 

3D SCENE CONSTRUCTION FROM DRONE IMAGES 

4. Registration failure causes significant errors when estimating the grass height, as 

the proposed model assumes that the reference scene and the target scene are 

registered correctly. 

5. Scene completeness failure causes errors in automatic point cloud registration if 

there are significant differences between the reference and target models. To 
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improve the correctness of the automatic point cloud registration, verify that the 

reference and target models are not significantly different. Examples are shown in 

figure 44 and figure 45. 

 

Figure 44. Images. Failure example of automatic point cloud registration due to a 

large difference between reference and target models. 

  

Figure 45. Image. Drastic change in target model compared to the reference model. 

  



 

70 

CHAPTER 10. CONCLUSIONS AND FUTURE RESEARCH 

The project results presented in this report show the potential use of a performance 

evaluation monitoring application of grass mowing contractors. The developed algorithms 

show successful detection of mowed/unmowed grass areas by using temporal point cloud 

information and image processing techniques that use images collected by unmanned aerial 

systems. In the first step of the process, the point cloud data are generated using 

photogrammetry software. The point cloud data are processed with a deep learning model 

to obtain a grass region. In the next step, the grass height estimation algorithm estimates 

the vegetation condition by measuring the grass difference compared to the mowed 

condition. Additionally, the 2D framework based on image processing techniques shows 

good performance at distinguishing color and texture information, supplementing the 

results of the 3D framework by further contributing to the detection of mowed and bare 

spots.  

Cognitive walkthrough testing at the GDOT district level has indicated that the UAS 

technology developed by the research team can be successfully integrated into the current 

GDOT workflow. 

Future research on the mowing quality detection framework developed in this study should 

consider the following:  

• Conducting data collection, analysis, and reporting with GDOT district-level 

personnel performing all tasks, including drone flights. Time on task and error 

measurements should be taken and used to determine if changes to the revised 

workflow are advisable. 
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• Determining the skill set and training required to implement the UAS-based 

performance evaluation method at the district level. 

• Gathering more highway data to evaluate different types of highway environments 

and road conditions. The diversity in the road and vegetation on highways can 

improve the data-driven approaches. Both grass detection algorithms in image 

processing and point cloud processing rely on deep learning models, which learn 

patterns from a collected dataset. 

• Testing more advanced camera sensors and RTK GPS can improve the quality of 

point cloud models generated by the photogrammetry software. In particular, the 

RTK GPS has better performance than the traditional GPS sensor attached to the 

drone. Future research should consider testing RTK GPS to minimize errors from 

the photogrammetry software and improve the performance of the grass height 

estimation algorithm. 

• Automating the noise removal from the point cloud generated with structure from 

motion. This can be achieved by introducing machine learning–based abnormality 

detection and removing unnecessary noise that can potentially cause inaccurate 

grass measurement in the proposed algorithm. 

• Using advanced CNN architecture to improve the accuracy of detecting grass areas. 

Although the research used a state-of-the-art deep learning model, the rapid 

advancement of machine learning algorithms means that new deep learning models 

are being introduced that perform better than the current methods used in this 

research.  
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• Upgrading automatic point cloud registration with machine learning–based point 

cloud registration to match landmarks in two point cloud datasets. The current 

method relies on the performance of the photogrammetry software, and using 

machine learning approaches may improve performance in terms of point cloud 

registration. 

• Regarding the 2D image-based framework, directly exploiting a high-resolution 

drone image instead of an orthophoto with lost information, which may allow for 

better model performance. 
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APPENDIX A. INSTRUCTIONS FOR REMOVAL OF UNWANTED AREA  

The input data from PIX4Dmapper may contain point cloud noise that can cause lower 

accuracy and increase processing time in the deep learning model. The procedure for 

removing noise and inputting data using CloudCompare is described in this appendix. Note 

that this appendix does not cover how to prepare annotation files and train the deep learning 

models; models implemented are already trained using the highway scene dataset. The user 

interface connected to ArcGIS already contains a pre-trained deep learning model that 

classifies the target object proposed in this study. 

This appendix summarizes a step-by-step process for removing the unwanted area from the 

point cloud resulting from UAS images after the use of photogrammetry. In the first step, 

the raw point cloud data processed with the PIX4Dmapper program is visualized using the 

CloudCompare program (see figure 46 and figure 47). The user clicks on the File tab and 

then the Open option to select the input point cloud file. Next, the user clicks on the “Apply 

all” button to visualize the point cloud data (see figure 48). The CloudCompare program 

has an option to segment an area of interest (see figure 49), and the user can select the 

region of interest (see figure 50). Once the region of interest is selected, the user clicks the 

Segment icon to isolate that area. The user can then save the file and load it to the ArcGIS 

user interface. This allows the user to process a point cloud with undesired points removed. 
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Figure 46. Screenshot. Example of CloudCompare user interface. The first step is to 

open point cloud data by navigating the “File” tab and selecting “Open.” 

 

Figure 47. Screenshot. CloudCompare dialog box to upload data from a file. Select 

the “Apply all” button to visualize the point cloud data. 
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Figure 48. Image. Example of point cloud data visualization when 

“Apply all” is selected in CloudCompare. 

 

Figure 49. Screenshot. Segment an object using the “Segment” option 

under the “Edit” tab in CloudCompare. 
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Figure 50. Screenshot. Select the region of interest.  
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