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EXECUTIVE SUMMARY 
Bridge strikes caused by over-height vehicles often result in significant damage to steel girders and 
potential reductions in structural capacity. These incidents typically occur when vehicles exceed 
vertical clearance limits due to improper loading or hauling of equipment. Current inspection 
practices mainly rely on manual measurements, which can be time-consuming, require lane closures, 
and pose safety challenges for bridge inspectors. While emerging technologies such as terrestrial 
laser scanning (TLS) can provide more comprehensive and efficient means of capturing girder 
deformations, they require specialized processing procedures to extract meaningful measurements. 
Moreover, detailed finite element simulations can accurately characterize damage and predict 
structural behavior, but they are time-consuming and computationally intensive to develop, 
hindering rapid evaluation of post-strike bridge conditions. These challenges highlight the need for 
efficient and reliable approaches to support timely decision-making following bridge strike events. 

This study introduced an integrated, data-driven framework for rapid inspection and assessment of 
damaged steel girders. First, current practices for evaluation and repair were reviewed to identify 
limitations and practical challenges of existing methods. Next, a semiautomated procedure was 
developed to process TLS point cloud data for extracting displacement measurements along the span 
length of damaged girders. Then, several machine learning models were trained and validated using a 
dataset generated from detailed finite element analyses of damaged steel girders to predict the 
residual load-carrying capacity and identify key design and damage parameters influencing structural 
response. The constructed dataset included a wide range of girder geometries and damage scenarios 
that were informed by field measurements and observations from actual bridge strike incidents. 

Results demonstrated that the proposed framework provides an efficient and reliable approach for 
evaluating damaged steel girders. The developed point cloud processing procedure successfully 
captured both displacement and tilt of the girder bottom flange, promoting precise characterization 
of the damage while eliminating disruptive field operations. The machine learning methodology 
provided an efficient and accurate surrogate to time-consuming finite element simulations, enabling 
a practical alternative for rapid residual capacity assessment. Integration of explainable artificial 
intelligence techniques enhanced understanding of key factors influencing structural performance of 
damaged steel girders and provided a quantitative basis to support informed decision-making. To 
facilitate practical implementation of the proposed methods, web-based diagnostic tools were 
developed, incorporating advanced point cloud measurement extraction and data-driven predictions, 
to improve the speed, accuracy, and execution of post-strike bridge evaluations. 
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CHAPTER 1: INTRODUCTION 

PROBLEM STATEMENT 
Bridges are frequently subjected to vehicle impacts, which can significantly compromise their 
structural performance and, in severe cases, lead to partial or full collapse (Dunne and Thorkildsen 
2020; Stark et al. 2016). Steel bridge girders are especially subjected to collisions from over-height 
vehicles exceeding the vertical clearance beneath bridges, as illustrated in Figure 1. These impacts 
can introduce substantial permanent deformation and reduction in load-carrying capacity, requiring 
rapid evaluation to determine whether the affected girders remain safe for service (Finley 2006; 
Ghosn et al. 2003). 

 
Figure 1. Photo. Over-height vehicle lodged beneath a bridge following an impact incident. 

Source: Courtesy of IDOT 

The prevalence of bridge strikes has been well documented. A national survey conducted by Agrawal 
et al. (2011) indicated that most state departments of transportation (DOTs) consider bridge strikes 
to be a significant problem, with over-height vehicles identified as the primary cause. Similarly, Fu et 
al. (2004) reported a substantial increase in strike incidents in Maryland between 1995 and 2000. On 
a national scale, the number of bridge strikes in the United States exceeds 15,000 annually, most of 
which involve overhead impacts on girders or stringers (Dunne and Thorkildsen 2020). 

According to AASHTO LRFD Bridge Design Specifications (2020), vehicle collisions with bridge 
superstructures are classified as extreme limit states with potentially severe safety and operational 
consequences. While design provisions aim to prevent collapse and ensure life safety, even in the 
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presence of significant inelastic deformation, post-strike evaluation remains essential for determining 
the residual load-carrying capacity of damaged girders. In practice, this requires rapid and reliable 
assessment methods to support decisions regarding traffic restrictions, bridge posting, or immediate 
repair actions. 

Existing methods for inspecting bridge girder impact damage rely on manual methods and 
conservative, subjective judgments. For example, the Illinois Department of Transportation (IDOT) 
Structural Services Manual (2024) details a procedure for hand measurements of displacements near 
the impact point of a girder. Performing hand measurements typically requires lane closures and 
working at height, and it may not be practical to measure displacements relative to the supports (at 
span ends) due to site constraints. Terrestrial laser scanning (TLS) is an emerging method for 
inspection of steel girders damaged in bridge strikes (Schissler et al. 2026a). A TLS-based approach 
can give more comprehensive data for characterizing both displacement and tilt of the girder bottom 
flange along an entire span length, and lane closures can often be avoided. However, a specialized 
point cloud processing approach is needed to efficiently extract damaged girder displacements. 

Additionally, although detailed finite element (FE) modeling can provide valuable insight into damage 
progression and failure mechanisms of steel girders subjected to vehicle impacts, such analyses are 
typically developed for individual cases and require substantial time and computational effort to 
perform (Ibrahim et al. 2026). This limitation restricts their applicability for rapid field assessment 
following bridge strike incidents. 

Recent advancements in artificial intelligence (AI) offer a promising alternative to traditional 
computational approaches (Wang et al. 2023). In particular, machine learning algorithms have 
demonstrated strong capability in civil engineering applications for predicting structural performance, 
assessing condition, and supporting engineering decision-making (Reich 1997; Deka 2019; Sun et al. 
2021; Di Mucci et al. 2024). These developments motivate the use of machine learning–based 
frameworks to enable efficient and data-driven estimation of residual load-carrying capacity of 
damaged steel girders, providing a practical tool for rapid post-strike assessment. 

BACKGROUND AND LITERATURE REVIEW 

Terrestrial Laser Scanning for Damage Inspection 
Laser scanning is a nondestructive inspection technique in which a light detection and ranging (lidar) 
system detects points on the surfaces of objects. The result is a point cloud, which contains the 
coordinates of all points detected. The laser scanner can only detect points that are within its line of 
sight, so scans are typically performed from several vantage points to capture necessary geometric 
features. Data from all vantage points are subsequently combined into a single point cloud. 

In TLS, the laser scanner is placed in a stationary position on the ground during each scan. TLS 
typically has higher accuracy than other laser scanning methods (such as aerial laser scanning using 
drones or mobile laser scanning using vehicles), though accuracy of all methods is consistently 
improving thanks to advances in equipment technology. For TLS, accuracy and precision are typically 
at the millimeter level for recent equipment (Seo et al. 2021).  
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Point clouds are unstructured datasets with no inherent relationships between points, so processing 
is necessary to extract meaningful information (Xu et al. 2021). Processing challenges include variable 
accuracy and density throughout the point cloud (based on the distance from the scanner), along 
with redundant points in overlapping areas from multiple scan positions. A phenomenon termed 
“mixed pixels” occurs when a single laser-scan beam is reflected to the scanner by two surfaces, 
generating a “noise” point that lies on neither surface (Wang et al. 2016). Because laser scanning 
relies on the laser beam being reflected back to the sensor, sharp corners are often not shown 
accurately in the point cloud. Additionally, the point cloud may include outlier points when scanning 
reflective surfaces, such as polished metal or plastic (Wang and Feng 2014). An effective processing 
method must address these challenges. 

Rashidi et al. (2020) reviewed TLS applications related to bridges, including generation of 3D models, 
quality inspection, structural assessment, and bridge information modeling. Truong-Hong and Laefer 
(2019) summarized advantages of laser scanning over manual bridge inspection and highlighted 
developments in data collection, geometric modeling, and structural inspection. TLS is particularly 
useful for measurements such as bridge deformation (e.g., Ziolkowski et al. 2018; Tysiac et al. 2022; 
Zhou et al. 2024) and vertical clearance (Riveiro et al. 2013; Xu et al. 2024) because it can capture 
measurements over a continuous region of a bridge, whereas manual measurements are only 
recorded at a few discrete locations. 

Although current literature has documented TLS for bridge construction, operation, and maintenance 
under normal operating conditions, only one instance has been found where TLS was applied to a 
steel-girder roadway bridge subject to impact damage. Stull and Earls (2009) created a solid FE model 
of an impacted bridge based on TLS data. First, an undamaged model of the bridge was developed 
based on the as-built plans and inspection reports. Then, TLS data were used to model the geometry 
in damaged regions of the steel girders. The approach focused on localized damage features, and the 
implementation was not automatic.  

Other studies (e.g., Cha et al. 2019; Lee et al. 2019; Erdélyi et al. 2020; Zhao et al. 2024) explored 
methods for structural steel displacement monitoring by comparing laser-scan point clouds taken at 
different times. However, prior laser scans are rarely available for structures that experience impact 
damage because laser scanning is a developing tool that is not yet part of regular documentation and 
inspection processes, making point cloud comparison approaches infeasible. These studies were also 
designed for typical undamaged steel members and include assumptions such as planar flange 
surfaces or nontilted flanges. A new method is needed to obtain a displacement curve for a member 
that has experienced impact damage.  

Despite the growing body of research related to TLS for bridges, adoption of laser scanning in the 
construction industry has been limited because the equipment is expensive and requires specialized 
training. TLS yields point cloud data that are unstructured and have no inherent relationships 
between points, which means that processing is necessary to extract meaningful information (Xu et 
al. 2021). Further research on detailed methods to process bridge point cloud data in conjunction 
with other emerging techniques can be useful to hesitant industry professionals (Psomas et al. 2022).  
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Finite Element Analysis of Damaged Steel Girders 
Finite element analysis has been widely adopted for investigating the structural behavior of steel 
bridge girders subjected to over-height vehicle strikes. Early and recent studies have utilized 
nonlinear FE simulations to capture the response of girders under various impact scenarios. For 
instance, Wang et al. (2022) conducted parametric investigations to quantify how variations in 
damage geometry and location influence load-deflection behavior of steel girders, demonstrating 
that both factors significantly affect stiffness and ultimate capacity of the girders. Similarly, Oppong 
et al. (2024) performed nonlinear analyses to evaluate induced deformation patterns and associated 
impact forces related to different types of impacting objects.  

Other studies have focused on identifying and classifying damage mechanisms. Xu et al. (2013) 
developed numerical models to simulate impact events on prestressed concrete and composite steel-
concrete bridge systems. The study proposed simplified formulations for estimating collision forces 
and identified two categories of damage: global damage modes, such as lateral and vertical 
deflections, and localized effects including yielding and buckling in girder components. 

Research has also examined the implications of cross-sectional distortion on structural performance. 
Bedi (2000) modeled isolated steel girders with existing lateral deformation and demonstrated that 
distortion leads to a reduction in sectional stiffness, particularly the moment of inertia. The study 
further noted that relying solely on the deformed geometry to estimate load-carrying capacity may 
result in unconservative estimates, emphasizing the need for more comprehensive analytical or 
numerical evaluation methods. 

Furthermore, analytical approaches have been proposed to complement FE modeling. For example, 
Shenton et al. (2006) estimated a reduced load rating factor based on the deformed cross-section of 
a damaged girder. Their approach assumed that composite action with the deck constrains the top 
flange to remain horizontal, thereby simplifying load application conditions. While efficient, such 
assumptions may limit applicability in cases involving significant damage, loss of composite behavior, 
or non-composite construction. 

RESEARCH OBJECTIVES AND REPORT OUTLINE 
The objective of this research is to develop an integrated, data-driven framework for rapid inspection, 
assessment, and evaluation of steel bridge girders damaged by over-height vehicle strikes. To achieve 
this goal, the study is organized into five tasks. These tasks include a summary of current practices for 
damage evaluation (Chapter 2), damage characterization using terrestrial laser scanning (Chapter 3), 
finite element numerical modeling (Chapter 4), machine learning prediction of residual capacity 
(Chapter 5), and development of diagnostic tools based on the technologies established in this 
research (Chapter 6). Finally, in Chapter 7, a summary of the findings, including advantages of the 
proposed framework, is presented along with overall conclusions from the research. The tasks are 
summarized as follows. 

Summary of current practices for damage evaluation. Current IDOT practices for inspection, 
assessment, and repair are reviewed. The IDOT Structural Services Manual (2024) details official 
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procedures, such as manual measurement of displacements during inspections and curvature 
calculations for selecting the repair method. Additional informal practices are also included based on 
discussions with IDOT inspectors and engineers. A modernized method for evaluation could improve 
efficacy. 

Damage characterization using terrestrial laser scanning. TLS is positioned as an effective method 
for characterizing impact damage to steel I-girders. First, a description of common approaches for 
performing a TLS scan of a damaged girder are reported, based on interviews with IDOT surveyors. 
Then, the authors present a new semiautomated modular procedure for processing laser-scan point 
cloud data of steel I-sections to obtain bottom-flange displacement profiles along the length of a 
span. Several existing point cloud processing techniques are incorporated, including outlier removal, 
voxelization, cross-sectional slicing, and random sample consensus (RANSAC) regression. Four case 
studies are discussed. 

Finite element numerical modeling. Detailed 3D nonlinear FE models are developed to simulate 
damage mechanisms and evaluate the structural response of steel I-girders subjected to over-height 
vehicle strikes. The modeling framework incorporates material behavior, boundary conditions, and 
loading sequences informed by field measurements and observations. The resulting simulations are 
used to generate a comprehensive dataset capturing a wide range of girder cross-sectional 
geometries, span lengths, damage magnitudes, and impact locations, forming the basis for data-
driven modeling. 

Machine learning prediction of residual capacity. The generated dataset is used to train and validate 
multiple machine learning models for estimating the post-strike load-carrying capacity of damaged I-
girders. The approach includes data preprocessing, model development, and performance evaluation 
using statistical metrics and cross-validation techniques. In addition, explainable artificial intelligence 
methods are integrated to interpret model predictions, identify key influencing parameters, and 
provide insights that align with structural behavior. 

Development of diagnostic tools. The methodologies established in this research are translated into 
interactive, user-oriented applications to support bridge evaluation in practice. Two complementary 
tools have been developed to enhance accessibility and implementation of rapid evaluation for 
damaged I-girders. The first tool follows the workflow of point cloud–based measurements to process 
TLS data and extract girder deformation profiles. The second tool integrates the trained machine 
learning model and user-defined inputs to predict residual load-carrying capacity and provide 
recommendations informed by model interpretability. These tools are deployed through a web-based 
interface to facilitate their use by state DOTs, enabling streamlined and data-driven decision-making 
for damaged steel girders. 
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CHAPTER 2: SUMMARY OF CURRENT PRACTICES FOR DAMAGE 
EVALUATION 
The authors conducted a detailed survey that gathered information about current state highway 
agency practices related to bridge strikes. Twenty-three responses were received, with full results 
published in an interim project report (Schissler et al. 2024). This chapter presents a more detailed 
description of current impact damage evaluation practices in Illinois. The most relevant aspects are 
included, but this description is not exhaustive. First, an overview of inspection and repair procedures 
detailed in the IDOT (2024) Structural Services Manual is presented, followed by a description of a 
typical IDOT load rating procedure. 

IDOT STRUCTURAL SERVICES MANUAL 

Inspection (Structural Services Manual Section 2.3.3) 
The IDOT (2024) Structural Services Manual prescribes a procedure for measuring girder 
displacements resulting from bridge strikes on steel I-girders. Engineers use these measurements as a 
factor when determining what, if any, repair is necessary. Measurements are performed by hand, 
which typically requires lane closures underneath the bridge. As illustrated in Figure 2, inspectors 
measure the vertical and horizontal flange deflections at longitudinal intervals of 7.6 cm (3 in.) along 
a 61 cm (2 ft) distance on each side of the point of maximum displacement, which is assumed to be 
the impact point. If the impact is at a splice, deflections over a 122 cm (4 ft) distance on each side of 
the impact point are measured. Horizontal web deflections are measured at 5.1 cm (2 in.) vertical 
intervals along the depth of the web at the point of impact and 7.6 cm (3 in.) to each side, as shown 
in Figure 3. The primary purpose of displacement measurements is to accurately determine whether 
a beam can be straightened or must be replaced. The inspector may decide that measurements need 
not be performed if a visual inspection indicates the damage is so severe that replacement is 
necessary. A girder may only be straightened once; a second impact on the same area prompts 
replacement. 

Deflections are not necessarily measured from the true initial position of a girder. Instead, inspectors 
typically extend a string between two flange edge locations relatively far from the line of impact, as 
illustrated in Figure 4, and measurements are taken relative to the string. (Additional photographs of 
stringline placement are included in Figure 67 and Figure 68 in Appendix A.) Judgment about where 
the string reference should be placed is qualitative, so damage-related deflections may extend 
beyond the reference locations. Additionally, in some cases, measurements of flange deflections may 
continue beyond the specified 61 cm (2 ft) longitudinal distance on each side of the impact location if 
deemed necessary by the inspector. 

The IDOT Structural Services Manual requires inspectors to further document the impact with 
photographs and sketches. Inspectors also note information on plans, such as the impact location, 
locations of damaged cross-frames or connecting elements, damage to the concrete slab at the top 
flange of the girder, and extent of impact deflection.  
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Figure 2. Diagram. Horizontal and vertical displacement measurements at 7.6 cm (3 in.) intervals 

over a 61 cm (2 ft) distance on each side of the impact point. 

Source: IDOT (2024) 

 
Figure 3. Diagram. Displacements measured along the web height at 5.1 cm (2 in.) intervals, 

including at 7.6 cm (3 in.) to the left and right of the impact.  

Source: IDOT (2024) 
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Figure 4. Photo. Stringline placement for hand measurements of flange deflections on IDOT bridge 

SN 084-0077 Girder 19. (The stringline is colored pink.) 

Source: Courtesy of IDOT 

Repair (Structural Services Manual Section 2.13) 
The IDOT (2024) Structural Services Manual discusses repairs to steel beams damaged in impact 
events. Guidelines from NCHRP Report 271 (Shanafelt and Horn 1984) are referenced for determining 
repair actions after a damaging event. IDOT uses three primary repair techniques for damaged 
girders: (1) straightening, (2) straightening and strengthening, and (3) replacing the damaged portion 
of the girder. Per Shanafelt and Horn (1984), repair method selection should be based on the amount 
of impact-induced strain. The approximate damage radius of curvature is calculated, using deflection 
measurements from the field inspection, and is then compared to the radii of curvature at yield 
strain, 15 times yield strain, and 5% nominal strain to identify the recommended repair. The radius of 
curvature of a damaged girder can be computed in both the horizontal and vertical directions. Figure 
5 includes a diagram and corresponding approximate radius of curvature calculation equations for a 
damaged girder. The result is approximate because the calculation uses finite increments and 
assumes the incremental length is equal to the arc length; accuracy is reduced for large angles of 
rotation. (Please see Shanafelt and Horn [1984] for a more detailed discussion of this approach.) 

IDOT straightening currently only includes mechanical methods (using timber bracing, jacks, cables, 
and winches to push or pull the damaged girder back to its original position); typical details are 
included in the Structural Services Manual. An example of mechanical straightening for a fascia  
I-girder (deflected away from the interior girders) is included in Figure 6. After straightening 
operations are complete, nondestructive testing is prescribed for welded connections near the 
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damaged area to evaluate whether further retrofitting is necessary. Gouges caused by the impact are 
typically ground smooth. If strengthening is necessary, bolted plates are used. Strengthening plates 
are recommended to have the same capacity as the damaged flange for a simple and conservative 
approach, and plates can be installed on the top and bottom surfaces of the flange to minimize 
further reductions in vertical clearance.  

When damage is severe or a girder has been impacted multiple times at the same location, 
replacement is necessary for both non-composite and composite girders. A girder replacement 
requires a temporary shoring plan to prevent excessive deflections during repair; often, a carrier 
beam is installed above the bridge deck to support the deck, and oak timbers are used for cribbing 
and bracing. Replacement may occur between existing field splices or at new splices, depending on 
the damage geometry.  

The full section of a non-composite girder can be replaced without removing the existing concrete 
deck, whereas a full-section composite girder replacement requires also replacing a portion of the 
deck over the girder (and possibly the concrete parapet, if repairing a fascia girder). To facilitate 
repair installation for composite I-girders, IDOT commonly uses a “zipper detail” method in which 
only the bottom flange and lower portion of the web are replaced in the damaged area. The new 
portion of the girder is attached via bolted connections. Typical details and additional considerations 
are discussed in the Structural Services Manual. A photograph of an in-progress “zipper detail” repair 
is included in Figure 7. 

 
Figure 5. Diagram. Method for computing damage curvature. 

Source: IDOT (2024) 
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Figure 6. Photo. Straightening IDOT bridge SN 084-0077 Girder 10 (fascia girder) using chains 

attached to Girder 11 (first interior girder).  

 
Figure 7. Photo. Installation of a “zipper detail” repair for IDOT bridge SN 084-0077 Girder 19 (fascia 

girder). The replacement section has been lifted into place, but bolts have not yet been installed.  

Source: Courtesy of Kyle Hutson, IDOT 
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IDOT DAMAGE EVALUATION PROCEDURE 
The IDOT (2024) Structural Services Manual does not include an approach for assessing the capacity 
of a damaged girder. Instead, the typical IDOT damage evaluation procedure was ascertained through 
discussions with IDOT engineers. This procedure can change based on the engineers’ assessment of 
each damage case. Typically, the most severely damaged girder on a bridge is evaluated. While a 
complete finite element model would provide the most accurate indication of girder capacity, 
developing these models is too time-consuming when a rapid decision is needed after a bridge strike.  

Example hand sketches and calculations for the damage evaluation process are included in Figure 8. 
Initially, an engineer estimates the maximum horizontal and vertical displacements, the portion of 
the I-girder web that is bent, the rotation angle of the web, the rotation angle of the flange, and the 
longitudinal extent of damage. These values are typically approximately determined from 
photographs, and the estimates are generally conservative. Using these values, a damaged cross-
section moment of inertia is computed (shown as 𝐼𝐼𝑑𝑑𝑑𝑑𝑑𝑑 in Figure 8). In Figure 8, the bottom cover 
plate was conservatively assumed to be ineffective. 

 
Figure 8. Illustration. Summary of damage assessment parameters for IDOT bridge SN 041-0076 

Girder 6. 

Source: Courtesy of IDOT 
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IDOT then uses the AASHTOWare software for bridge load rating. AASHTOWare is convenient for this 
application because it considers several limit states, and IDOT typically maintains an AASHTOWare 
model for each bridge in the state inventory. However, AASHTOWare does not have capability to 
explicitly consider impact damage. Instead, IDOT engineers adapt the section loss (corrosion) damage 
feature for this purpose. Reductions in flange and web thicknesses are applied until the resulting 
cross-section moment of interia, 𝐼𝐼𝑥𝑥, is equal to the estimated cross-section moment of inertia for the 
impacted girder, 𝐼𝐼𝑑𝑑𝑑𝑑𝑑𝑑. AASHTOWare allows the user to define the longitudinal distance over which 
the reduced section is applied; engineers adjust this parameter as needed. An engineer evaluates the 
resulting inventory and operating load ratings and decides whether the bridge condition is 
satisfactory. Typically, the bridge remains open if the load rating(s) are greater than one. In Figure 8, 
the inventory and operating load ratings were both less than one for that bridge, so the lane above 
the damaged girder was closed. 
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CHAPTER 3: DAMAGE CHARACTERIZATION USING TERRESTRIAL 
LASER SCANNING 
Laser scanning would be beneficial for inspecting damaged steel bridge girders because high-
resolution data can be obtained without working at height and possibly without lane closures 
underneath the damaged bridge (unless lane closures are necessary for other reasons). While hand 
measurements only obtain displacement values at discrete points along a girder, a typical TLS scan 
includes millions of points and therefore captures a more complete and detailed geometry of the 
damage. Hand displacement measurements are relative to a string line reference that is placed 
subjectively, but displacements extracted from a laser scan can be measured with respect to the 
supports (as long as the entire span is captured within the scan, which is reasonable). Furthermore, 
hand measurements only document displacements of one point on the cross-section (e.g., the I-
girder bottom-flange lower-left or lower-right corner), whereas a TLS scan can capture displacements 
of multiple reference points to document the cross-sectional tilt in addition to translation. 

This background highlights that TLS offers several benefits over traditional hand measurement 
methods and is a promising approach for characterizing damage to steel I-sections. However, 
although TLS has been used for investigating various damage to steel I-sections, there is no standard 
method for obtaining a flange displacement curve along an entire member. Current TLS displacement 
measurement methods require manually aligning the point cloud and selecting specific points, which 
is impractical for obtaining a displacement curve to characterize damage over a complete span. The 
researchers aim to address these gaps by presenting a new semiautomated modular procedure for 
processing a laser-scan point cloud to obtain measurements of the horizontal and vertical deflections 
of a flange of a steel I-section along its length. After an impact event occurs, flange displacement 
measurements can provide insight into the geometry of the damage, which is useful for assessing 
severity and determining an appropriate course of action. The procedure can also be implemented to 
measure deflections in undamaged members. 

For this project, TLS was selected as the scanning method (instead of drone- or vehicle-mounted 
lidar) because it is already within the scope of IDOT capabilities and can be readily implemented in 
the field. Point clouds of impacted steel bridges (all having hot-rolled W-shaped girders) in Illinois 
were used for development of the procedure. All point clouds were captured with a Trimble SX10 3D 
scanning total station and provided directly by IDOT. The Trimble SX10 was used for data capture 
because IDOT already owns the equipment and has trained staff to perform scans. Many state 
agencies have immediate access to similar equipment. Additionally, the Trimble SX10 can perform 
scans from some distance away from a bridge and therefore can be used to characterize girders over 
live traffic. However, the methods presented in this report are applicable to data from any modern 
TLS equipment. Drone-mounted lidar is consistently improving in accuracy and may soon be suitable 
for the proposed measurement procedure as well. 
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IDOT TLS FIELD SETUP 
IDOT already has some experience with laser scanning for other inspection purposes. In September 
2025, one of the researchers attended a site visit to observe an IDOT laser scan of bridge structure 
number (SN) 057-0025 in Normal, Illinois. Impact damage to bridge SN 057-0025 was discovered 
during a routine inspection in August 2025. Mike Young and the IDOT District 5 survey crew explained 
their laser scanning process and answered questions. Additionally, the research team later worked 
with Robert Stickelmaier, District 4 Chief of Surveys, to present about laser scan procedures to an 
audience of IDOT bridge maintenance engineers. Highlights are included below.  

Most IDOT districts use a Trimble SX10 scanning total station for TLS scans, so the discussion below 
focuses on options available using this setup. An external controller is used to select scan settings, 
start the scan, monitor progress, and review initial results. Equipment from other manufacturers 
likely has similar overall functionality. The authors do not endorse any particular equipment or 
manufacturer. State highway agencies and others intending to perform TLS inspections should 
consider equipment costs, accuracy and precision requirements, speed of data collection, and 
compatibility with other equipment (among other factors) when deciding which scanner to procure. 

Scanning Approaches 
A laser scan can be performed using either a controlled or uncontrolled setup. Both IDOT District 4 
and District 5 recommend and commonly use a controlled setup. In a controlled setup, laser scans are 
taken from points with known coordinates and elevations. Working points and backsights must 
therefore be set prior to the scan. Point cloud data are then automatically collected in a consistent 
global coordinate system, facilitating incorporation with design plans, Google Earth, or other 
applications. Adding more scan locations and registering them is a simple process, allowing flexibility 
when performing the scan.  

An uncontrolled scan setup does not require any surveying before performing the scan. Each scan is 
recorded in its own local coordinate system (relative to the scanner position). A scan from a single 
location can be performed easily, providing quick results if one perspective is acceptable. However, 
extra steps are required to register multiple scans to a consistent global coordinate system, which can 
increase the likelihood of errors. Registration can be accomplished by identifying and aligning 
common features among various scans (such as bolts, markings, or special targets placed on the 
scene) and/or using various algorithms to refine the results, such as the iterative closest point 
algorithm. Some software may assist with these registration tasks.  

Performing the Scan 
The scan operator selects the number of scan locations based on the extent of features that need to 
be captured and level of detail required. For example, documenting one span of a damaged fascia 
girder could require four scan locations, while documenting an entire bridge could require 16 scan 
locations. Scan locations could include in front of or behind a bridge, on the slope wall underneath a 
bridge, on a median or shoulder underneath a bridge, or on an approach embankment. Three 
examples of scan positions are shown in Figure 9. Scans can often be performed entirely from the 
shoulder or median of a roadway, avoiding road closures. For assessing damaged girders, scans are 
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not typically performed from the top of the bridge, so the top of the bridge deck is not typically 
included in the resulting point cloud.  

 
A. Scanner positioned on the slope wall. Control points are marked with pink paint. 

 
B. Scanner positioned on the approach embankment next to a bridge. 
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C. Scanner positioned on the shoulder underneath a bridge. 

Figure 9. Photo. Example laser scanner positions for documenting impact damage to girders. 

Source: Figure 9-A and Figure 9-B courtesy of Robert Stickelmaier, IDOT 

Figure 10 shows an example controller input screen for a Trimble SX10 scan of a steel truss bridge. At 
each scan location, the operator selects whether to perform a “full dome” scan or a “polygon” field-
of-view scan. For a full dome scan, the laser scanner captures points in all directions over an entire 
sphere (excluding points directly underneath the scanner). A full dome scan is the most time-
intensive setting and, therefore, is used only when necessary, such as when scanning underneath a 
bridge to document the entire bridge width. For a polygon area scan, the operator selects the desired 
field of view using the scanner controller and camera. The camera rotates in real time when selecting 
the field of view on the controller. A polygon scan is typically used when scanning from the side of 
bridge or when only documenting select girders on a bridge. 

For each scan, the operator also selects the level of detail. The Trimble SX10 has four levels of detail: 
coarse, standard, fine, and very fine. For an object 50 m (164 ft) from the scanner, the point spacings 
for the resulting point cloud are 50 mm, 25 mm, 12.5 mm, and 6.25 mm (2.0 in., 1.0 in., 0.5 in., and 
0.25 in.) for the coarse, standard, fine, and very fine settings, respectively. Bridge scans are often 
performed from much closer distances, which considerably decreases the point spacing. For a full 
dome scan underneath a bridge, the coarse setting is typically used. A full dome scan on the Trimble 
SX10 typically takes about 12–15 minutes using the coarse setting, but the time increases to about an 
hour for the standard setting and 12 or more hours at the fine setting. For a polygon field-of-view 
scan, the standard or fine settings can often be used because the time required is not prohibitively 
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long. The lowest detail setting needed to adequately capture the geometry is typically selected. After 
the field of view and level of detail have been selected, the scanner typically shows an estimate of the 
time required and number of points. 

 
Figure 10. Illustration. Example controller screen for selecting scan options. A polygon scan is 

selected for a steel truss bridge.  

Modern scanners such as the Trimble SX10 have a camera attachment and can automatically colorize 
the resulting point cloud (assigning a color to each point). Although colors are not used for the 
processing procedure below, a colorized point cloud can be visually appealing and help inspectors 
distinguish between elements. After the operator begins the scan, the scan runs automatically, and 
the scan progress can be monitored on the controller, as shown in Figure 11. 

Overall, completing a full bridge scan (including setting control points and performing the scan) is 
approximately one full day of work. Setting control points typically takes three to four hours, and 
scanning the bridge takes three to four hours. If only one or two beams need to be documented, the 
duration could be reduced to about three hours total (one hour for setting control points and one to 
two hours for completing the scan). These durations are estimates and may vary based on site 
conditions, crew expertise, and equipment selected.  

The initial scan result can be preprocessed in software such as Trimble Business Center (TBC). TBC 
automatically recognizes various features such as the road, vehicles, light posts, and vegetation; 
irrelevant features can be easily deleted. The point cloud file can be saved in various proprietary or 
open-source formats for further analysis using other software.  
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Figure 11. Illustration. Controller screen showing live progress during a laser scan of a steel truss 

bridge. Brighter colors indicate higher point density at this stage of the scan. 

Source: Courtesy of Robert Stickelmaier, IDOT 

POINT CLOUD PROCESSING FOR DISPLACEMENT MEASUREMENTS 
The following sub-sections detail a procedure for measuring the horizontal and vertical displacements 
of a steel I-section flange from point cloud data. The proposed procedure follows a modular approach 
and includes several automated steps to improve practicality. The procedure description focuses on 
displacement measurements for the bottom flange of a highway bridge steel I-girder subject to 
impact damage. (The term “bottom flange” may also include cover and/or splice plates, if present.) 
Displacements of the bottom-flange lower-surface left corner, centerline, and right corner are 
measured, as illustrated in Figure 12. The procedure may also be used for displacement 
measurements of other damaged and undamaged I-sections, such as exposed I-columns in parking 
garages, as discussed in Schissler et al. (2026b). For damaged girders, the bottom-flange lower-right 
corner is defined as the corner that has been displaced away from the original (vertical) web location. 
For undamaged girders, either lower corner can be selected as the right corner. Within a given cross-
section, measurements are first computed for the right corner, and measurements of other points on 
the bottom flange are then computed from there.  

Figure 13 illustrates the coordinate system for displacement measurements. The procedure is 
designed to process a single point cloud in Cartesian coordinates. Scans performed from different 
vantage points must be preregistered to a consistent global coordinate system. To perform 
measurements for multiple members (or multiple spans of a single member), the procedure needs to 
be performed in its entirety for each member.  
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A. Key points for an undamaged cross-section 

 
B. Key points for a damaged cross-section 

Figure 12. Schematic. Undamaged and damaged girder displacements, with the coordinate system 
selected so displacement of the right corner is equal to zero in the undamaged condition. 

Displacements of the bottom-flange left corner, centerline, and right corner are measured. 

 
A. Top view 

 
B. Side view 

Figure 13. Schematic. Girder orientation for damage measurements.  
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There are a few important assumptions incorporated in this point cloud processing procedure, based 
on observations from bridge strike photographs, documentation, and laser scans provided by IDOT. 
Only one span is considered at a time, and all displacements are measured relative to a line 
connecting the respective flange cross-sectional reference points at the face of supports for the span. 
(Based on discussions with IDOT, impact damage extending into neighboring spans or causing 
displacement at the supports is not typically a concern.) Additionally, the procedure assumes that the 
surface of the bottom flange remains as an approximately straight line at any given girder cross-
section location throughout the impact damage region, which is representative for most cases 
studied (Schissler 2024). A manual correction approach for bent or curved flanges is described in 
Schissler et al. (2026b). 

For a complete description of the procedure, including a case study with example input values (for 
manually adjusted parameters) and a detailed discussion of the procedure strengths and limitations, 
one can see Schissler et al. (2026b). The procedure comprises six main steps, as discussed in the 
subsequent sub-sections. Automation throughout the procedure, especially in the longitudinal 
alignment and coordinate measurement steps, makes it feasible to measure displacements along an 
entire girder span in less than an hour. Each module after girder segmentation runs automatically 
once its manual parameters are adjusted, and results can be fine-tuned as needed by adjusting each 
module’s manual parameters.  

Girder Segmentation 
The initial steps in the point cloud processing algorithm are segmenting the girder span of interest 
and approximately positioning the coordinate system. The researchers used CloudCompare version 
2.12.4, an open-source software, to perform this step. Other software may also be suitable. The 
segmentation step does not need to be precise, and points corresponding to the deck, railings, cross-
frames, or other components above the girder will not affect the final measurement result. 
Importantly, because the measurements are taken relative to the girder position at the face of 
supports, the supports at the ends of the girder span must be preserved, as illustrated in Figure 13. 
The coordinate system is positioned such that the girder longitudinal direction is approximately 
parallel to the global x-axis, the damage is toward the positive y-direction, and the origin is located 
near the girder. A qualitative approximation is sufficient because the orientation will be refined in a 
later step. 

Outlier Removal 
After segmentation, outlier removal is performed for the point cloud. Although recent scanning 
equipment often has accuracy and precision at the millimeter level (Seo et al. 2021), noise is still 
typically present in point cloud data, even under ideal conditions. Potential noise sources include the 
mixed pixel phenomenon, where a single laser beam is reflected to the scanner by two surfaces 
(Wang et al. 2016); errors caused by reflective surfaces (Wang and Feng 2014); and inaccurate 
capture of sharp corners. Removing outlier points improves the efficacy of subsequent steps in the 
overall procedure. 

In general, automatic optimization of outlier removal is a challenging topic of current research. Han et 
al. (2017) and Chen and Shen (2018) reviewed outlier removal methods proposed before 2018, and 
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Zhou et al. (2022) reviewed more recent methods, including deep learning–based approaches. 
Although the best choice of outlier removal technique and associated parameters depends on the 
specific point cloud characteristics, an appropriate method for this procedure only needs to remove 
obvious outlier points. Region-averaging methods such as simple voxel downsampling are not 
recommended because they tend to reduce data precision, detracting from measurement accuracy. 
The radius outlier removal method included in the Python Open3D library (Zhou et al. 2018) was 
implemented for most girders studied. This simple, yet effective method removes points with less 
than 𝑛𝑛𝑛𝑛𝑛𝑛 points contained in a sphere of radius 𝑟𝑟 around them. The statistical outlier removal method 
presented by Rusu et al. (2008) was also investigated but was often less effective due to sensitivity to 
variations in point cloud density. 

Longitudinal Alignment 
Girder flange displacements are measured with respect to flange positions at the faces of the supports, 
so the coordinate system must therefore be aligned with the girder longitudinal direction. Approximate 
alignment was performed in the girder segmentation step described previously, but a more precise and 
accurate alignment is necessary. For the longitudinal alignment step, the terms “north” and “south” 
refer to the ends of the girder with the minimum and maximum x-coordinates, respectively. For Girder 
18, the north and south girder ends correspond to the center and south piers, respectively. The 
alignment process, illustrated in Figure 14, is automatic and comprises an iterative process of rotations 
in the x-z and x-y planes; a maximum number of iterations, 𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚, can be specified. Additional details for 
vertical and horizontal operations are included in Schissler et al. (2026b). 

Coordinate Measurements 
After proper coordinate system alignment is established, the girder bottom-flange lower-right corner 
horizontal and vertical displacements can be obtained. The coordinate measurement step combines 
three key techniques: cross-sectional slicing, voxelization, and RANSAC regression. A manually 
specified number of cross-sectional slices are created at equal intervals along the girder length. Every 
point in the point cloud is included in exactly one slice, and each slice is labeled by its central 
coordinate in the longitudinal (x-) direction.  

The coordinate measurement procedure begins at the slice with the minimum longitudinal 
coordinate and progresses automatically through Steps 1–6 (within the y‐z plane) for all slices along 
the girder length. For each slice, the following steps are performed:  

1. Identify points in the slice located within the 2D bottom-flange region from the previous slice.  

2. Fit a RANSAC line to the points identified in Step 1.  

3. Identify the horizontal coordinate of the bottom-flange lower-right corner as the maximum 
coordinate of the bottom-flange region points.  

4. Compute the bottom-flange lower-right corner vertical coordinate using the horizontal 
coordinate and the RANSAC line equation.  

5. Compute the location of the bottom-flange lower-left corner and centerline points using the 
RANSAC line equation and the flange width.  
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6. Use a 2D voxel scheme to identify the bottom-flange region (in the y‐z plane) based on 
RANSAC inliers of the current slice.  

This approach effectively traces the bottom-flange region along the length of the girder, even in the 
damaged region, because any change in bottom-flange location from one slice to the next is relatively 
small. RANSAC linear regression (Fischler and Bolles 1981), as implemented in scikit-learn 
(Pedregosa et al. 2011), was selected to generate the straight line representing the lower surface of 
the bottom flange. RANSAC regression is robust to outliers, so any points corresponding to other 
features (such as the web) will not affect the resulting line as long as most points in the bottom-
flange region are on the lower surface of the bottom flange.  

Figure 15 presents selected cross-sectional slices along the length of IDOT bridge SN 084-0014 Girder 
18. Figure 15-B shows a cross-section at a cross-frame near the impact, illustrating that the bottom-
flange voxelization excludes extraneous points corresponding to the cross-frame. Figure 15-D 
illustrates that the RANSAC fitting method is still effective for a slice containing a bolted splice plate. 

 
Figure 14. Diagram. Schematic flow chart of girder alignment process. The first iteration 

corresponds to 𝒊𝒊 = 𝟏𝟏. 
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A. Near left face of support, away from impact 

 
C. Point of impact 

 
B. Cross-frame near point of impact 

 
D. Splice plate right of point of impact 

Figure 15. Graph. Selected cross-sectional slices from point cloud of SN 084-0014 Girder 18  
(1 in. = 25.4 mm). 
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The horizontal and vertical coordinates detected over the entire length of the damaged span are 
shown in Figure 16 for the bottom-flange lower-right corner of IDOT bridge SN 084-0014 Girder 18. 
The horizontal measurement endpoints are very close to zero but may deviate slightly if the slice 
width for measurements is different from the slice width used for horizontal alignment. The vertical 
measurement endpoints may deviate further from zero due to differences between the approaches 
for the alignment and coordinate measurement steps. This deviation will be corrected in subsequent 
steps. 

 

 
A. Horizontal coordinate 

 
B. Vertical coordinate 

Figure 16. Graph. Overall horizontal and vertical coordinates of the bottom-flange lower-right 
corner measured from the laser scan for bridge SN 084-0014 Girder 18. Vertical coordinate 

endpoints have not yet been adjusted (1 in. = 25.4 mm). 
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Adjust for Cover/Splice Plates 
Based on previous steps, the resulting coordinates of the bottom-flange lower corners and centerline 
in each cross-section may include cover and/or splice plates, which do not extend over the entire 
length of the span. The thickness of cover/splice plates therefore affects vertical coordinate 
measurement. If there are no cover plates at the supports and the impact is not near a splice, then 
the maximum displacement can be obtained directly without adjusting for cover/splice plates. 
However, to obtain a smooth displacement curve over the length of the girder, measurements must 
be relative to the girder initial position, including any plates that are present. A cover plate at one 
support but not the other will also affect the measurement values along the span.  

To correctly quantify how much the girder bottom flange has moved from its initial position, the 
vertical coordinate resulting from alignment and coordinate measurement steps performed on an 
undamaged girder must be subtracted from the measured vertical coordinate of the damaged girder. 
When a laser scan of the undamaged girder is not available, a theoretical undamaged vertical 
coordinate measurement can be computed by assuming a perfectly straight undamaged girder and 
estimating cover/splice plate locations and thicknesses from construction drawings or the point cloud 
of the damaged girder. 

Figure 17 illustrates the adjustment step for a vertical displacement measurement, using the bottom-
flange lower-right corner of SN 084-0014 Girder 18 as an example. For Girder 18, there are two splice 
plates in the damaged span, each with 25.4 mm (1 in.) thickness and 1.37 m (54 in.) longitudinal 
length. From the construction drawings, the splice plate longitudinal (x-) locations are from 2.51 m 
(99 in.) to 3.88 m (153 in.) and 18.52 m (729 in.) to 19.89 m (783 in.). The theoretical undamaged 
coordinate is plotted in Figure 17-A. Longitudinal locations of plate ends agree well with the locations 
of abrupt deviations in a measured vertical coordinate. In girders with a cover plate over the support 
at one end, but not at the other, a rotation of the theoretical undamaged coordinate would be 
necessary so both coordinate ends have values of z = 0 (for consistency with point cloud alignment).  

Before adjusting for cover/splice plates, the measured vertical coordinate data are rotated so the 
endpoints have values of z = 0. Next, the relative vertical displacement of the girder section corner is 
computed by subtracting the theoretical undamaged position in Figure 17-A from the measured 
damaged position. The resulting curve, shown in Figure 17-B, appears to show increased noise 
around the locations of the plate ends. In slices at these locations, the bottom-flange region may 
include points on both the plate and bottom surface of the flange of the W-section, resulting in a 
RANSAC line that represents neither surface. For Girder 18, the additional large jump around x = 
19.94 m (785 in.) is attributed to a few sparse slices at that location. Overall, except for these 
features, the resulting curve reflects the expected geometry. The adjustment step is also performed 
for the bottom-flange lower-left corner and centerline. 
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A. Measured coordinate, rotated such that endpoints have zero displacement, compared with initial 

undamaged vertical coordinate of bottom flange. 

 
B. Vertical displacement relative to initial position. 

Figure 17. Graph. Cover and splice plate adjustment process for bridge SN 084-0014 Girder 18 
bottom-flange lower-right corner vertical displacement measurements (1 in. = 25.4 mm). 

Noise Removal 
As observed in Figure 16 and Figure 17, the resulting measurements include some high-frequency 
noise not representing any physical behavior, which may be attributed to errors from both the laser 
scan and measurement processes. Eliminating noise yields a more realistic representation of girder 
geometry. To obtain a smooth curve, a bidirectional low-pass Butterworth filter is applied to the 
measurement data for the bottom-flange lower corners and centerline. The longitudinal (x-) 
coordinate and measurement interval are analogous to time and sample interval, respectively, for a 
filter applied to time-series data. The filter order, threshold frequency, and extent of zero-padding 
can be adjusted to improve the result. Example parameter values are included in Schissler et al. 
(2026b). 
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The filtering step may underestimate the maximum displacement. This effect is usually more 
significant for girders with larger displacements. Judgment should therefore be exercised to assess 
whether the result is acceptable. To correct the underestimation, one effective approach is 
implementing a spline between the maximum (impact) displacement and the closest inflection point 
(in the filtered data) on each side of the maximum. Figure 18 illustrates the results for the SN 084-
0014 Girder 18 right corner. The spline slope is specified as continuous with the rest of the filtered 
data at the inflection point and zero at the maximum displacement location. Finally, the curve is 
rotated such that the endpoints have a displacement value of zero. Figure 19 shows the final smooth 
data for the SN 084-0014 Girder 18 right corner, with the same rotation applied to the noisy data. The 
maximum right-corner horizontal and vertical displacements are 119 mm (4.7 in.) and 25.4 mm (1.0 
in.), respectively. 

 
A. Horizontal displacement 

 
B. Vertical displacement 

Figure 18. Graph. Original and filtered displacement measurements for bridge SN 084-0014 Girder 
18 bottom-flange lower-right corner (1 in. = 25.4 mm). 
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A. Horizontal displacement 

 
B. Vertical displacement 

Figure 19. Graph. Original and smooth data for bridge SN 084-0014 Girder 18 bottom-flange lower-
right corner displacement measurements, after adding a spline near the impact point and rotating 

data such that the endpoints are at zero displacement (1 in. = 25.4 mm). 

EXAMPLES OF DISPLACEMENT MEASUREMENTS 
Point cloud displacement measurements from four damaged IDOT bridges are included in this 
section. For each bridge, measurements for a damaged girder are presented alongside measurements 
for a girder having minimal to no damage. The undamaged girder location on each bridge is 
immediately adjacent to the damaged girder, except for in bridge SN 041-0067, where the 
immediately adjacent girders were damaged as well. Damage photographs for each case are included 
in Appendix A. 

From studying 37 girders with minor to no damage, a typical undamaged girder may have horizontal 
and vertical displacements of up to approximately 25 mm (1 in.). Although vertical displacements of 
some undamaged girders resembled typical dead-load deflections, others had upward vertical 
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displacements (despite no specified camber). Bridge retrofits are one possible explanation for this 
observation. For example, as shown in Figure 22, SN 016-0918 Girder 2 is undamaged but exhibits an 
upward deflection of about 13 mm (0.5 in.). The construction documents indicate that rehabilitation 
included a jacking sequence to raise all girders by 181 mm (7.13 in.). 

Displacements of an undamaged girder on the same bridge can provide insight when the damaged 
girder initial position is unknown. For large impact damage displacements, the initial position is less 
significant, as illustrated for SN 041-0067 Girder 6 in Figure 23. However, for smaller impact damage 
displacements, such as the vertical displacement of SN 084-0014 Girder 18 in Figure 20, an initial 
displacement of 25 mm (1 in.) is of a similar magnitude to the damage displacement and may be 
significant. 

Key bridge information is summarized in Table 1. When available, hand measurements performed by 
IDOT are also included for each damaged girder. Procedure results can be further validated by 
comparing the girder length (between supports) from the longitudinal alignment step to the expected 
length from the construction drawings. As reported in Table 1, the difference between measured and 
expected length ranges from 0.04% to 0.23%, representing an average difference of 28 mm (1.1 in.). 
Schissler et al. (2026b) includes a more detailed discussion of the implications of the point cloud 
measurement procedure.  

Table 1. Summary of Bridges for Which Example Measurements Are Included 

IDOT Bridge 
Number Location 

Size of 
Selected 
Girders 

Span Lengths (Damaged Span 
indicated with an Asterisk) 

Difference in Span Length 
(Point Cloud vs. Plans) 

SN 084-0014 Springfield, IL W33x130 15.4 m, 22.3 m, 22.3 m*, 12.2 m 
(607 in., 877 in., 877 in.*, 482 in.) 

0.06% (Girder 18) 
0.12% (Girder 17) 

SN 084-0077 Springfield, IL W27x114 11.9 m, 14.2 m, 19.3 m*, 12.3 m 
(469 in., 558 in., 758 in.*, 484 in.) 

0.22% (Girder 19) 
0.23% (Girder 18) 

SN 016-0918 Glenwood, IL W30x116 13.7 m, 17.1 m, 17.1 m*, 13.7 m 
(540 in., 675 in., 675 in.*, 540 in.) 

0.12% (Girder 1) 
0.21% (Girder 2) 

SN 041-0067 Mt. Vernon, IL 33WF118 19.9 m, 19.9 m* 
(784 in., 784 in.*) 

0.04% (Girder 6) 
0.15% (Girder 2) 

Bridge SN 084-0014 
IDOT bridge SN 084-0014 carries I-55 southbound over Sangamon Ave (IL 54) in Springfield, Illinois. 
Bridge SN 084-0014 was damaged by a vehicle traveling eastbound on Sangamon Ave (IL 54) in a hit-
and-run incident on November 17, 2020. An inspection indicated damage to the west fascia girder 
(Girder 18). The bridge remained open to traffic. The primary concern was reduction in capacity due 
to lack of composite action in the impacted area, but engineers determined that the girder had 
sufficient reserve capacity. Girder 18 has been struck previously and received zipper repairs in 2015 
and 2017, and it was mechanically straightened earlier in 2020. For this damage incident, IDOT 
planned to straighten the girder because the deflection was spread over a significant longitudinal 
distance. If subject to further impact, a zipper replacement would likely be required. 
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Figure 20 presents the horizontal and vertical displacements for Girder 18 (damaged) and Girder 17 
(minor to no damage). Inspectors only performed hand measurements for the horizontal direction, 
and a 122 cm (4 ft) longitudinal interval was used. Photographs show that the damage extends over 
most of the span length, with significant localized concrete deck spalling over the impact point. 

The horizontal displacement profile in Figure 20-A is of a typical shape, with the left corner, flange 
centerline, and right corner measurements all similar to the hand measurements and consistent with 
a global deflection mode. The hand measurement documents a 16 mm (5/8 in.) horizontal 
displacement over the centerline of the south pier (slightly past the maximum longitudinal coordinate 
in Figure 20-A, which corresponds to the face of the south pier bearing), so the stringline reference 
extended past the pier centerline. Although the standard point cloud measurement procedure cannot 
measure displacement over a support, discussions with IDOT indicated that displacement over the 
bearing support is not usually a concern, so this inspection result is uncommon. 

 
A. Horizontal displacement 

 
B. Vertical displacement 

Figure 20. Graph. Horizontal and vertical displacement measurement results for IDOT bridge SN 
084-0014 Girders 18 (damaged) and 17 (undamaged) (1 in. = 25.4 mm). 
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Bridge SN 084-0077 
IDOT bridges SN 084-0076 and -0077 carry I-72 over 6th St/BUS 55 in Springfield, Illinois. Bridge SN 
084-0076 (girders 1–9) carries I-72 westbound, and SN 084-0077 (girders 10–19) carries I-72 
eastbound. Twelve girders on bridges SN 084-0076 and -0077 were impacted in a hit-and-run incident 
on September 9, 2024. A vehicle traveling northbound on 6th St/BUS 55 damaged the bridge in the 
second span from east. Girder 19 was impacted most severely and is highlighted below. The other 
impacted girders experienced less severe damage such as scrapes and minor deflections. When the 
impact was discovered, IDOT closed the I-72 eastbound shoulder over Girder 19. The shoulder was 
later reopened after engineers determined that Girder 19 had sufficient reserve capacity. In October 
2025, a zipper repair was performed for Girder 19, and an adjacent diaphragm was replaced. The 11 
other damaged girders were mechanically straightened and/or strengthened.  

SN 084-0077 Girder 19 is the south fascia girder, and the second span from east was impacted. The 
first interior girder (Girder 18) was undamaged and is included for comparison. Both girders have a 
composite design in the middle 9.8 m (32 ft) of the relevant span. Figure 21 shows point cloud 
measurements and hand measurements for Girder 19. The minimum longitudinal coordinate 
corresponds to the west end of the span. Hand measurements were taken at 61 cm (2 ft) longitudinal 
intervals. Based on the inspection photos, the stringline references are positioned within the 
damaged span, away from the impact point, and hand measurements documented the displacement 
of the bottom flange lower-left corner. 

For horizontal displacement, the hand measurement is less than the point cloud measurement. This is 
expected because the stringline reference is placed within the span, whereas the point cloud 
measurements are relative to the supports. The point cloud measurements indicate that there is still 
some displacement beyond the stringline reference points. For vertical displacement, the magnitude of 
the hand measurement is less than that of the point cloud measurement, which is also expected due to 
the stringline reference locations. However, the shape of the hand measurement curve is more abrupt 
and has more curvature compared to the point cloud measurement of the left flange corner, which is 
unexpected. The point cloud and hand measurements are expected to show a more similar curvature, 
especially when the hand measurement reference points are far from the impact point. 

 
A. Horizontal displacement 
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B. Vertical displacement 

Figure 21. Graph. Horizontal and vertical displacement measurement results for IDOT bridge SN 
084-0077 Girders 19 (damaged) and 18 (undamaged) (1 in. = 25.4 mm). 

Bridge SN 016-0918 
IDOT bridge SN 016-0918 carries Glenwood Lansing Road over IL 394 in Bloom Township, Illinois. 
Bridge SN 016-0918 was damaged in April 2021 when a truck hauling a container, traveling 
northbound in the right lane of IL 394, struck both the bridge and a bridge-mounted directional sign. 
An inspection indicated the south fascia girder (Girder 1) was damaged in the second span from east, 
and an adjacent diaphragm clip angle was bent. The directional sign was later removed. 

Figure 22 presents the horizontal and vertical displacements for Girder 1 (damaged) and Girder 2 
(undamaged). The displacement profile of Girder 1 is of a moderate magnitude and extends over the 
span. In the horizontal displacement point cloud measurement, there is a change in curvature around 
a longitudinal coordinate of 8.9 m (350 in.), where the displacement slope becomes steeper closer to 
the impact location. The hand measurement closely matches the shape of the point cloud 
measurements, suggesting the stringline references were placed far from the impact. The hand 
measurement of horizontal displacement is larger than the point cloud measurement, which is 
unexpected and could indicate that the stringline reference points were beyond the support or there 
was some other discrepancy in the hand measurement method. 

The vertical displacement for Girder 1 does not show a pronounced peak at the impact location. 
Instead, the right corner curve plateaus between longitudinal coordinates of approximately 10.2 m to 
12.7 m (400 in. to 500 in.), and the left corner and flange centerline displacements increase only 
slightly over this distance. This pattern has not been observed for other damage cases. The most 
probable explanation is that the directional sign, mounted to the girder in four locations near the 
impact, appeared to somewhat brace the girder in the vertical direction. One attachment point for 
this sign is to the right of the impact, and the other attachment points are to the left of the impact (at 
lower longitudinal coordinates), similar to the plateau extending to the left of the impact point in 
Figure 22-B. The hand measurement data show a slightly greater peak at a longitudinal location 
around 12.2 m (480 in.) but otherwise exhibit a shape similar to the point cloud data.  
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A. Horizontal displacement 

 
B. Vertical displacement 

Figure 22. Graph. Horizontal and vertical displacement measurement results for IDOT bridge SN 
016-0918 Girders 1 (damaged) and 2 (undamaged) (1 in. = 25.4 mm). 

Bridge SN 041-0067 
IDOT bridge SN 041-0067 carries I-64 westbound over IL 37 in Mount Vernon, Illinois. On July 18, 
2023, the west span of bridge SN 041-0067 was impacted by a truck traveling southbound on IL 37 
and carrying an oversized cylindrical pipe. An IDOT inspection found that Girders 1 (north fascia), 3, 4, 
5, 6 and 7 (south fascia) were damaged. Damage to Girders 5 and 6 was so severe that IDOT deemed 
hand measurements unnecessary because the girders would need replacement. The passing lane on 
I-64 westbound above was closed due to the reduced capacity of Girders 5 and 6. 

Figure 23 presents the horizontal and vertical displacements for Girder 6 (damaged) and Girder 2 
(undamaged). Girder 6 has the largest displacements of all damaged girders studied by the 
researchers. The significant separation between the right corner, flange centerline, and left corner 
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displacement curves indicates significant rotation and tilt of the girder flange. Such significant 
separation between the curves in the horizontal direction is especially notable.  

 
A. Horizontal displacement 

 
B. Vertical displacement 

Figure 23. Graph. Horizontal and vertical displacement measurement results for IDOT bridge SN 
041-0067 Girders 6 (damaged) and 2 (undamaged) (1 in. = 25.4 mm). 

At longitudinal coordinates of about 5.1 m (200 in.) and 12.2 m (480 in.), there are diaphragms on 
each side of the girder. The diaphragms are offset by about 0.4 m (16 in.) from one side of the girder 
to the other. The horizontal and vertical displacement plots show that tilting of the Girder 6 flange 
was generally concentrated between these two sets of diaphragms. There is a noticeable change in 
curvature in the displacement plots around these locations, indicating the diaphragms had some 
effect on the deflected shape. In this instance, diaphragms experienced minor damage (e.g., bent clip 
angles) but did not punch through the girder. 
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CURVATURE CALCULATIONS 
As discussed in Chapter 2, the IDOT Structural Services Manual (2024) refers to a curvature 
calculation procedure developed by Shanafelt and Horn (1984). The procedure in Figure 5 can be 
implemented for both horizontal and vertical displacements. To illustrate the feasibility of this 
approach for the point cloud measurements, radii of curvature were calculated for horizontal and 
vertical displacements at all three reference points: the bottom flange left corner, centerline, and 
right corner. When available, radii of curvature were also calculated from hand measurements for 
comparison.  

For each displacement coordinate (e.g., horizontal displacement left-corner point cloud 
measurement), the minimum radius of curvature near the impact location is recorded. “Near the 
impact location” is arbitrarily defined as within a 2.54 m (100 in.) longitudinal distance from the 
maximum horizontal left-corner displacement measured in the point cloud. In some damage cases, 
the minimum radius of curvature could occur at a longitudinal location away from the impact. Future 
work should consider the implications of these cases for repairs. Additionally, measurements of some 
reference points on a damaged girder may not show local extrema at the impact location. For 
example, the vertical displacement of the SN 084-0014 Girder 18 centerline (see Figure 20) does not 
appear to have sharp curvature at a local maximum. Considering radii of curvature of all three 
reference points gives the most complete indication of the damage. 

As shown in Figure 5, computing the radius of curvature requires selecting a longitudinal interval for 
measurements. Shanafelt and Horn (1984) recommend using a longitudinal interval of 30 cm (12 in.) 
for documenting the global behavior of a member and a reduced longitudinal interval of 5 to 10 cm  
(2 to 4 in.) for local distortions. In general, the selection of longitudinal interval affects curvature 
results, so engineers implementing this approach should exercise appropriate judgment. To facilitate 
comparison, the longitudinal interval of the hand measurements was also used for computing the 
curvature of the point cloud displacement measurements. When point cloud measurements were 
taken at a closer interval than hand measurements, the curvature was still computed at each point, 
but the increment length for curvature calculation (shown as 𝐿𝐿 in Figure 5) in each direction is 
consistent with the hand measurements. For example, for SN 084-0077 Girder 19, point cloud 
measurements were taken at 7.6 cm (3 in.) intervals, but hand measurements are taken at 61 cm (24 
in.) intervals. Therefore, the point cloud displacement radii of curvature were calculated every 7.6 cm 
(3 in.), using the measurements 61 cm (24 in.) to either side of the center point for the calculation in 
Figure 5. For SN 041-0067 Girder 6, hand measurements are not available, so an increment of 30 cm 
(12 in.) was used to reflect the global nature of the damage. In general, decreasing the increment 
length for curvature calculation to a value of approximately 7.6 cm (3 in.) results in a smaller 
minimum radius of curvature, capturing the typically sharp nature of the damage at the impact point. 
Excessively small values of increment length only cover a short longitudinal distance and may fail to 
capture a curvature that is on a larger scale. The increment length should be selected to reflect the 
scale of damage to be assessed. 

Table 2 and Table 3 show minimum radii of curvature for the horizontal and vertical displacements, 
respectively. For the same girder, the minimum radius of curvature is not the same for the left corner, 
centerline, and right corner displacements. With a point cloud measurement approach, curvatures of 
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all three corners can be considered to determine the controlling value. In most cases, the radius of 
curvature values are similar for both hand measurements and point cloud measurements.  

Table 2. Horizontal Displacement Minimum Radii of Curvature Near the Impact Location 

Bridge Girder 
Longitudinal 
interval (cm) 

[in.] 

Point cloud left-
corner min. 

radius of 
curvature (m) 

Point cloud 
centerline min. 

radius of 
curvature (m) 

Point cloud 
right-corner 

min. radius of 
curvature (m) 

Hand 
measurement 
min. radius of 
curvature (m) 

SN 084-0014 18 122 [48] 35.6 34.2 34.3 36.0 
SN 084-0077 19 61 [24] 5.9 9.1 11.5 4.1 
SN 016-0918 1 7.6 [3] 9.8 8.8 8.7 0.9 
SN 041-0067 6 30 [12] 0.9 3.8 3.5 N/A 

Table 3. Vertical Displacement Minimum Radii of Curvature Near the Impact Location 

Bridge Girder 
Longitudinal 
interval (cm) 

[in.] 

Point cloud left-
corner min. 

radius of 
curvature (m) 

Point cloud 
centerline min. 

radius of 
curvature (m) 

Point cloud 
right-corner 

min. radius of 
curvature (m) 

Hand 
measurement 
min. radius of 
curvature (m) 

SN 084-0014 18 122 [48] 108.3 847.7 70.5 N/A 
SN 084-0077 19 61 [24] 45.8 19.1 7.6 15.2 
SN 016-0918 1 7.6 [3] 25.5 42.9 25.0 0.6 
SN 041-0067 6 30 [12] 7.9 1.9 1.6 N/A 

 

In this limited case study, the point cloud and hand measurement radius of curvature values are more 
similar for longer longitudinal intervals. With a smaller 7.6 cm (3 in.) interval for the bridge SN 016-
0918 horizontal and vertical measurements, the radii of curvature from hand measurements are one 
to two orders of magnitude smaller than the radii of curvature from the point cloud measurements. 
There are a few possible explanations for this discrepancy.  

First, it is possible that there was an error in the hand measurements, resulting in a sharper curvature 
than was physically present. Additionally, for this case, hand measurements were rounded in 3.2 mm 
(1/8 in.) increments, which may have artificially increased the curvature sharpness. For example, at 
the point of sharpest curvature in the vertical displacement hand measurement, the recorded 
displacements (at 7.6 cm [3 in.] intervals) were 18.4 mm, 21.6 mm, 18.4 mm (0.725 in., 0.85 in., 0.725 
in.), but the true displacements (without rounding) could have been closer, such as 19.8 mm, 20.3 
mm, 19.8 mm (0.78 in., 0.8 in., 0.78 in.), for a considerably shallower curvature. The point cloud 
measurement procedure avoids this rounding error, potentially capturing curvature more accurately. 
Computing curvature over a longer interval, such as 12 in., may also be more consistent.  

Second, in the point cloud measurement procedure, judgment is required to select appropriate noise-
removal parameters. The previous point cloud measurement steps result in a curve with noise—
small, frequent fluctuations in displacement. This noise typically does not represent any physical 
feature and is therefore removed. However, if there were truly some localized features of the 
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damage, they would be unintentionally removed as well, resulting in an overestimated radius of 
curvature in the point cloud measurements. Overall, there are many nuances to a damaged girder 
curvature assessment, so future study should consider the implications of these assessments, 
including their relationship to current repair practices.  
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CHAPTER 4: FINITE ELEMENT NUMERICAL MODELING 

NUMERICAL MODELING APPROACH 
Due to the lack of full-scale bridge-vehicle collision experiments and the limitations of drop-weight 
tests in replicating realistic damage from over-height vehicle strikes, numerical simulations are 
commonly used to study the behavior of steel girders subjected to vehicular collision. To rigorously 
simulate damage effects in steel girders due to bridge strikes and evaluate their residual load-carrying 
capacity, a 3D nonlinear finite element model was developed using Abaqus/CAE (2021). The two-span 
I-girder was modeled using three plates representing the web and two flanges. Four-node 
quadrilateral linear shell elements with reduced integration (S4R) were adopted to discretize the 
model, with a mesh size of 2.54 cm (1 in.) determined from a sensitivity analysis to achieve numerical 
accuracy with reasonable computational effort. Steel material properties were defined as nonlinear 
elastic-perfectly plastic behavior—with a modulus of elasticity of 200 GPa (29,000 ksi), a Poisson’s 
ratio of 0.3, and a yield stress of 248 MPa (36 ksi)—representative of older existing bridge girders 
considered in this study (Wang et al. 2022). Plasticity was defined using the von Mises yield criterion 
with an associated flow rule. 

The models incorporate the supports, using realistic bearing areas, through rigid body constraints 
with reference points to better represent load distribution. End supports were assigned roller 
boundary conditions, while the interior support was modeled as pinned, consistent with typical 
structural plans for stub abutment bridges. Moreover, lateral constraints were applied along the 
entire centerline of the top flange to prevent lateral displacement, in agreement with observations 
from site inspections of struck girders restrained by the concrete deck above. Vertical forces were 
applied uniformly over the full top flange area of the girders, as illustrated in Figure 24. 

 
Figure 24. Diagram. Finite element model of two-span steel I-girder with applied forces and 

boundary conditions. 
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Load-deflection curves of 18 baseline girders (discussed in Chapter 5) in their undamaged condition, 
shown in Figure 25, were obtained using the sum of vertical reaction forces at the supports versus 
midspan deflection (for either of the two equal spans). The curves indicate that the girder dataset 
captures a broad range of elastic and inelastic characteristics. Load-carrying capacity of a girder is 
defined by the peak value of total vertical reaction forces, corresponding to the plateau regions of the 
load-deflection curves. 

 
Figure 25. Graph. Load-deflection curves of 18 baseline girders depicting undamaged behavior. 

To simulate damage mechanisms observed in real bridge strike incidents, a 30.48 cm (12 in.) long 
partition was introduced in the girder model at a specified damage location, as shown in Figure 26. 
Horizontal and vertical displacement-controlled boundary conditions were imposed at the junction of 
the web and bottom flange of the partition. Finally, two rigid plates (one for each span) were 
positioned above the top flange to replicate the restraining effect of the overhead concrete deck. The 
plates were fixed in space by constraining all translational and rotational degrees of freedom, while 
contact interactions governed the behavior between the plates and the top flange. 

The role of the rigid plates is to act as kinematic restraints that limit upward movement of the top 
flange only during the imposed damage step. If the rigid plates are extended over the interior and 
end supports, the top flange in these regions would become fully restrained against hogging 
deformation during the subsequent vertical loading. This over-constraint leads to artificial local 
compressive stresses in the web and flanges, resulting in unintended local buckling of these 
elements. To prevent inducing this spurious behavior, each rigid plate was positioned over the clear 
span and not extended over the interior or end supports, as illustrated in Figure 26. 

Contact between the plates and the top flange was defined using hard contact in the normal direction 
and a tangential friction behavior with a penalty coefficient of 0.9. This modeling approach reduces 
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tangential displacement of the top flange relative to the bridge deck, consistent with field 
observations. 

 
Figure 26. Diagram. Modeling of damaged girder with a damage partition and rigid plates. 

DATA EXTRACTION 
To reproduce field loading conditions of steel I-girders both before and after a strike, numerical 
simulations were carried out in four sequential steps using standard (implicit) analysis. First, a 
uniform load of 34.47 kPa (5 psi) was applied to the top flange as a representative value of the 
concrete deck weight acting on the girder, based on a typical tributary width, corresponding to the 
weight of a 20.3 cm (8 in.) thick normal-weight concrete bridge deck, which is typical of most steel 
bridges considered in this study. Second, prescribed damage displacements (see Chapter 5 for more 
details) were applied at the partitioned junction of the web and bottom flange to simulate strike-
induced deformations. 

Third, the imposed displacements were removed, allowing the steel to elastically recover while 
retaining permanent deformations. The resulting deflected shapes represent those observed in field 
conditions during actual bridge-strike incidents. Fourth, downward vertical loads were applied 
incrementally to the top flange until the load-deflection response reached a stable plateau, indicating 
peak capacity. Because vehicle wheel loads in bridge systems are distributed through the concrete 
deck and shared among multiple girders, the applied loading was represented as a uniformly 
distributed load along the top flange. This simplified approach provides a consistent means of 
assessing the global flexure resistance of the damaged girder and determining its residual capacity 
independent of a particular vehicle configuration or location. The key output is the ratio of residual 
(damaged) capacity to undamaged capacity. The resulting capacity ratio can subsequently be used to 
infer revised girder rating factors for demand effects associated with standard vehicles or other 
loading scenarios. The residual load-carrying capacity was computed as the sum of reaction forces at 
the supports at the end of this step. For each simulated girder, the maximum horizontal and vertical 
displacements (at the end of the third step) and the residual capacity (at the end of the fourth step) 
were extracted and recorded for subsequent analysis and training of machine learning models. 
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MODEL VALIDATION 
Applicability of the numerical simulations used to generate the dataset of damaged steel I-girders 
was validated at multiple levels. First, the finite element (FE) girder models were developed following 
most of the modeling details and assumptions established and validated in the single girder studies 
by Wang et al. (2022). Second, damage profiles obtained from the FE simulations were compared 
with displacement measurements from a documented real bridge-strike case. The selected case 
involves a highway bridge located at the intersection of I-64 and IL-37 near Mt. Vernon, Illinois, 
identified as IDOT structure number (SN) 041-0067. The bridge consists of two continuous spans for 
seven composite steel W33x118 girders, with a vertical under-clearance of 4.4 m (14 ft 5 in.). On July 
18, 2023, a truck carrying an oversized metal pipe struck six of the seven steel girders near midspan, 
resulting in severe permanent deformations of interior girders 5 and 6, moderate damage to fascia 
girder 7, and minor distortions in girders 1, 3, and 4 (as shown earlier in Figure 1). 

IDOT inspectors conducted a laser scan of the damaged span, and the point cloud-based method 
proposed by Schissler et al. (2026b) was used to extract the permanent deformation profile of 
damaged girder 5. Correspondingly, the permanent damage profiles from the FE analysis of the same 
girder were obtained at the end of the third simulation step after releasing the imposed 
displacements, which were selected to reproduce the observed field damage. Horizontal and vertical 
deflections were referenced relative to the location of maximum displacement for direct comparison. 
As shown in Figure 27, the numerical model provided a close prediction of the damage profile and 
magnitude observed in the field. The maximum horizontal deflections obtained from field 
measurements and FE simulations were 33.9 cm (13.3 in.) and 32.8 cm (12.9 in.), respectively, 
corresponding to a deviation of 3.2%. Similarly, the maximum vertical deflections were 7.5 cm (2.95 
in.) and 7.7 cm (3.03 in.) for the field and FE results, corresponding to a deviation of 2.7%. The slightly 
narrower horizontal deformation profile observed in the field measurements is attributed to lateral 
restraint provided by diaphragms. Nonetheless, the numerical model accurately captures the peak 
deformations and overall deformation pattern observed in the real bridge-strike case. Thus, 
evaluation of post-strike deformations confirms the accuracy and assumptions of the FE modeling 
approach and provides validation for the FE-generated dataset in this study. 

 
A. Horizontal deflection 
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B. Vertical deflection 

Figure 27. Graph. Comparison between FE simulation results and field measurements, obtained 
using the method of Schissler et al. (2026b), for (a) horizontal and (b) vertical permanent 

deflections of girder 5 in bridge SN 041-0067. 

COMPARISON OF TWO-SPAN AND MULTI-SPAN GIRDER RESPONSE 
A comparative analysis of two-span and three-span steel I-girders subjected to damage was 
conducted to investigate the applicability of the developed modeling framework to multi-span bridge 
configurations. The study considered a W33x118 girder section, with equal two-span lengths of 17.8 
m (58.3 ft), and a three-span configuration comprising end spans of 11.8 m (38.8 ft) and an interior 
span of 17.8 m (58.3 ft), corresponding to a span length ratio of 1 ∶ 1.5 ∶ 1. 

The undamaged load-carrying capacities of the two-span and three-span girders are 2282 kN (513 
kips) and 3545 kN (797 kips), respectively, reflecting the increased continuity and redundancy of the 
multi-span system. Consequently, damage in the three-span configuration was applied to the interior 
span, which represents a critical region where damage can have a significant influence on the girder’s 
load-carrying capacity. Three damage scenarios of varying magnitudes and locations were simulated 
and compared between the two configurations. 

As shown in Table 4, the three-span girder consistently exhibited higher residual capacities and 
capacity ratios compared to the two-span girder for all damage scenarios considered. This behavior is 
attributed to the increased continuity provided by additional supports, which enables more effective 
redistribution of internal forces and reduces the localized effect of the damage. Notably, the 
difference in capacity ratios, although moderate, consistently indicates improved structural 
performance of the multi-span system. 

These results demonstrate that the developed finite element modeling framework captures the 
effects of structural continuity and provides conservative estimates when applied to multi-span 
configurations. Because the analysis includes damage cases at both midspan and locations away from 
midspan, the comparison captures representative behavior of interior and edge regions of multi-span 
girders. Accordingly, the findings provide a rational basis for extending the developed framework to 
bridges with more than two spans. The findings also support the applicability of the machine learning 
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models presented in the following chapter to multi-span girders, while maintaining a conservative 
prediction of the residual capacity. Future work may expand this analysis to include additional span 
configurations and explicitly validate these trends using numerical and field data. 

Table 4. Comparison of Residual Capacities for Two-Span and Three-Span Girders 

Case 
Horizontal 

Damage 
(cm) 

Vertical 
Damage 

(cm) 

Damage 
Location 

Ratio 

Two-Span 
Residual 

Capacity (kN) 

Two-Span 
Capacity Ratio 

Three-Span 
Residual 

Capacity (kN) 

Three-Span 
Capacity Ratio 

1 17.2 9.1 0.50 1882 0.82 3020 0.85 
2 25.3 11.0 0.50 1757 0.77 2922 0.82 
3 38.1 19.5 0.75 1922 0.84 3034 0.86 
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CHAPTER 5: MACHINE LEARNING PREDICTION OF RESIDUAL 
CAPACITY 

DEVELOPMENT OF TRAINING DATASET 
The core principle of training machine learning models is to automatically identify and extract 
patterns from the data to make informed predictions. This is accomplished by collecting a diverse 
dataset that accurately represents the parameter space of the problem being addressed and that can 
be used to train and validate machine learning models. For this purpose, data on actual bridge-strike 
incidents involving steel girders impacted by over-height vehicles in Illinois were obtained from the 
Illinois Department of Transportation (IDOT) and utilized to develop a comprehensive dataset of 
simulated damaged steel I-girders using finite element analysis. 

Gather Data on Actual Bridge-Strike Incidents 
To determine the parameters required to train the machine learning models, numerous steel girder 
strike events involving over-height vehicles in Illinois were surveyed and documented by the 
researchers from IDOT inspections and site visits. All relevant data for the damaged girders were 
collected, including standard wide flange girder sizes (as provided by the American Institute of Steel 
Construction [AISC, 2017]), span length, steel material, horizontal and vertical damage 
measurements, and damage location along the span. Table 5 presents the modeled properties of 18 
selected girders that serve as the baseline for the damaged girders in the dataset. 

Table 5. Modeled Properties of the Girders Forming the Baseline of the Database 

Girder # 𝑳𝑳  
(m) 

𝒅𝒅 
(cm) 

𝒃𝒃𝒇𝒇 
(cm) 

𝒕𝒕𝒇𝒇 
(cm) 

𝒕𝒕𝒘𝒘 
(cm) 

𝒉𝒉𝒘𝒘 
(cm) 

𝒓𝒓𝒙𝒙 
(cm) 

𝒓𝒓𝒚𝒚 
(cm) 

𝑰𝑰𝒙𝒙(×10-3 m4) 𝑰𝑰𝒚𝒚(×10-5 

m4)  
Capacity 

(kN) 
G1 11.7 62.5 22.8 1.73 1.12 58.9 25.2 4.88 0.92 3.43 1744 
G2 15.8 63.3 22.9 1.96 1.19 59.2 25.7 4.95 1.05 3.93 1459 
G3 11.4 69.3 25.4 1.63 1.17 66.3 27.7 5.28 1.23 4.45 2082 
G4 15.2 69.3 25.4 1.63 1.17 66.3 27.7 5.28 1.23 4.45 1610 
G5 17.3 71.6 25.7 2.36 1.45 67.1 29.0 5.54 1.82 6.66 2037 
G6 12.7 70.4 25.4 1.89 1.24 66.6 28.2 5.38 1.43 5.16 2157 
G7 17.8 70.4 25.4 1.89 1.24 66.6 28.2 5.38 1.43 5.16 1579 
G8 14.0 77.7 26.7 1.93 1.38 73.7 30.7 5.46 1.94 6.12 2429 
G9 16.5 78.5 26.7 2.16 1.44 74.2 31.2 5.56 2.16 6.83 2300 

G10 20.3 78.5 26.7 2.16 1.44 74.2 31.2 5.56 2.16 6.83 1882 
G11 16.5 79.0 26.7 2.36 1.49 74.4 31.8 5.64 2.36 7.49 2482 
G12 21.5 79.0 26.7 2.36 1.49 74.4 31.8 5.64 2.36 7.49 1922 
G13 21.6 81.0 38.1 3.02 1.80 74.9 33.5 8.74 4.14 27.9 3118 
G14 14.0 77.2 26.7 1.70 1.32 73.7 30.5 5.36 1.73 5.41 2202 
G15 17.8 85.3 29.2 1.88 1.40 81.5 33.8 5.92 2.55 7.83 2282 
G16 21.6 85.3 29.2 1.88 1.40 81.5 33.8 5.92 2.55 7.83 1908 
G17 20.3 87.9 29.5 2.69 1.61 82.3 35.3 6.27 3.62 11.5 2758 
G18 26.7 93.5 30.5 2.39 1.59 88.9 37.1 6.27 3.95 11.3 2180 
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Survey results indicated that most strike incidents occurred in low-clearance older bridges susceptible 
to over-height vehicle collisions. These bridges were found to have steel I-girders fabricated 
predominantly from A36 steel (Wang et al. 2022) and designed with specific bearing configurations, 
where end supports consisted of expansion (roller) bearings and interior supports consisted of rocker 
(pinned) bearings. Accordingly, these parameters were kept constant in the finite element 
simulations and were not considered as varying input features. Within the surveyed structures, 
bridge-strike incidents exhibited similar damage mechanisms characterized by lateral (horizontal) and 
vertical deflections of the girder web and bottom flange, while the top flange remained restrained by 
the overhead concrete deck. Consequently, field damage measurements obtained from IDOT were 
used to guide the generation of damage magnitudes in the dataset.  

Latin hypercube sampling (LHS) (McKay et al. 2000) is a semi-random sampling approach used to 
generate damage magnitudes from field measurements. LHS ensures that each sample lies within a 
unique axis-aligned hyperplane, thereby capturing extreme damage magnitudes that are less 
frequent but can significantly influence the load-carrying capacity of steel girders. Furthermore, 
different strike locations along the span were considered. Since most strikes occur near girder 
midspan (over traffic lanes), while they are less frequent near the bearing supports (at the abutments 
and piers), each baseline girder is associated with six damage cases at midspan denoted by 𝐷𝐷𝐷𝐷𝐷𝐷 =
0.50, two damage cases at the first quarter of the span (near the end support) denoted by 𝐷𝐷𝐷𝐷𝐷𝐷 =
0.25, two damage cases at the third quarter of the span denoted by 𝐷𝐷𝐷𝐷𝐷𝐷 = 0.75, and two damage 
cases closer to the interior support denoted by 𝐷𝐷𝐷𝐷𝐷𝐷 = 0.85, where 𝐷𝐷𝐷𝐷𝐷𝐷 represents the ratio of 
damage location to the total length of the damaged span (from an end support of the continuous 
two-span girder), as shown in Figure 28. 

 
Figure 28. Illustration. Examples from the dataset of strike locations at quarter of span, midspan, 

three-quarters of span, and near the pier. 

In this step, a representative girder dataset of 216 samples was developed by randomly assigning 
sampled damage magnitudes from LHS and damage locations to the 18 baseline girders. A sample of 
damaged girder cross-sections illustrating the diversity in damage magnitudes and deformation 
patterns represented in the dataset is shown in Figure 29. Using this constructed dataset to train the 
machine learning models resulted in a prediction accuracy of 96.79% on the unseen test set, as 



46 

demonstrated in the validation section of the methodology. Furthermore, applicability of the finite 
element modeling framework to multi-span girders was presented in Chapter 4, which demonstrated 
that two-span finite element simulations produce conservative residual capacity estimates when 
extended to multi-span configurations. 

 
Figure 29. Illustration. Sample of damaged steel girder cross-sections from the constructed dataset.  

Data Analysis and Preprocessing 
In this step, the raw data collected from the previous step were analyzed and preprocessed, which is 
essential for effectively training machine learning models. The objectives of this step are to (1) 
identify girder variables most relevant to the residual capacity; (2) analyze and visualize the data to 
obtain meaningful insights; and (3) divide the dataset into training and test sets for developing and 
validating machine learning models. 

First, variables from the developed FE models that influence the estimation of residual capacity were 
identified to construct the dataset. These variables form the input features for the machine learning 
models and are selected based on prior related studies (Hosseinpour et al. 2020; Liu et al. 2023; Liu et 
al. 2025) and quantities readily available from bridge structural plans and post-impact inspection 
reports (IDOT 2024; Shanafelt and Horn 1984). Other factors, such as material nonlinearity, damage-
induced stresses, and damaged girder deformations, are inherently represented in the numerical 
modeling of damaged girders and are therefore embedded in the FE computation of residual 
capacity. Table 6 summarizes 13 selected features based on geometric properties of the steel  
I-girders and characteristics of the observed damage. The observed horizontal deflection 𝐷𝐷𝑥𝑥 and 
vertical deflection 𝐷𝐷𝑦𝑦 represent the maximum values recorded after the elastic recovery step of the 
FE simulation. The damage location ratio 𝐷𝐷𝐷𝐷𝐷𝐷 consists of four numeric values (0.25, 0.50, 0.75, 0.85), 
indicating the strike location as a fraction of the span length. The output variable in the dataset is the 
residual load-carrying capacity 𝐶𝐶𝑅𝑅. 
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Table 6. Description of the Input and Output Parameters 

Variables Parameters Symbols 
Inputs Span length (cm) 𝐿𝐿 

Girder depth (cm) 𝑑𝑑 
Flange width (cm) 𝑏𝑏𝑓𝑓 
Flange thickness (cm) 𝑡𝑡𝑓𝑓 
Web thickness (cm) 𝑡𝑡𝑤𝑤 
Web height (cm) ℎ𝑤𝑤 
Radius of gyration about x-axis (cm) 𝑟𝑟𝑥𝑥 
Radius of gyration about y-axis (cm) 𝑟𝑟𝑦𝑦 
Moment of inertia about x-axis (cm⁴) 𝐼𝐼𝑥𝑥 
Moment of inertia about y-axis (cm⁴) 𝐼𝐼𝑦𝑦 
Observed horizontal deflection (cm) 𝐷𝐷𝑥𝑥 
Observed vertical deflection (cm) 𝐷𝐷𝑦𝑦 
Damage location ratio (—) 𝐷𝐷𝐷𝐷𝐷𝐷 

Output Residual load-carrying capacity (kN) 𝐶𝐶𝑅𝑅 

Second, exploratory data analysis was conducted to examine the underlying distributions and 
relationships of the input and output variables. Data were imported and analyzed in Python (Van 
Rossum and Drake 1995) using pandas (McKinney 2010) and seaborn (Waskom 2021) libraries, 
selected for their strong capabilities in data science and visualization. Statistical properties of the 
dataset, presented in Table 7, indicate a wide range of values for each parameter. 

Table 7. Statistical Summary of Database 

Parameter Minimum Maximum Mean 
𝐿𝐿 (cm) 1143 2667 1737 
𝑑𝑑 (cm) 62.43 93.57 76.64 
𝑏𝑏𝑓𝑓 (cm) 22.83 38.10 27.19 
𝑡𝑡𝑓𝑓 (cm) 1.63 3.02 2.09 
𝑡𝑡𝑤𝑤 (cm) 1.12 1.80 1.39 
ℎ𝑤𝑤 (cm) 58.98 88.80 72.46 
𝑟𝑟𝑥𝑥 (cm) 25.17 37.13 30.66 
𝑟𝑟𝑦𝑦 (cm) 4.88 8.74 5.72 
𝐼𝐼𝑥𝑥 (×10⁻³ cm⁴) 91.75 413.4 214.5 
𝐼𝐼𝑦𝑦 (×10⁻³ cm⁴) 3.43 27.88 7.76 
𝐷𝐷𝑥𝑥 (cm) −0.18 50.27 20.06 
𝐷𝐷𝑦𝑦 (cm) −2.49 27.70 10.78 
𝐷𝐷𝐷𝐷𝐷𝐷 (—) 0.25 0.85 0.56 
𝐶𝐶𝑅𝑅 (kN) 907 2950 1689 
𝐶𝐶𝑅𝑅/𝐶𝐶 0.519 0.995 0.798 
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Negative values for deflection indicate a girder that experienced a final displacement opposite to the 
direction of the strike. The residual load-carrying capacity (𝐶𝐶𝑅𝑅) ranges from 907 kN (203.8 kips) to 
2,950 kN (663 kips), with an average of 1,689 kN (379.6 kips). In addition, a residual capacity ratio 
(𝐶𝐶𝑅𝑅/𝐶𝐶) was computed by normalizing the residual capacity of each damaged girder by its 
corresponding undamaged capacity listed in Table 5. The residual capacity ratio in the database 
ranges from 0.519 to 0.995, with a mean of 0.798, reflecting the relative reduction in I-girder capacity 
due to bridge strike damage. 

To visualize the statistical distribution of each parameter in the dataset and gain a clearer 
understanding of the data, histograms of the input and output variables are shown in Figure 30. The 
histogram of damage location ratio (𝐷𝐷𝐷𝐷𝐷𝐷) indicates that most damage cases occur at midspan, while 
the remaining locations are uniformly represented. 

 
Figure 30. Graph. Distribution of dataset parameters. 
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Linear regression relationships were fitted between the residual capacity (𝐶𝐶𝑅𝑅) and each input 
variable, as shown in Figure 31. Residual capacity generally increases with increasing geometric cross-
sectional properties of the girders and slightly decreases with increasing damage deflections. Since 
the damage location ratio is represented by four discrete values, capacity values for each ratio were 
averaged for clearer visualization. As expected, strikes at midspan (𝐷𝐷𝐷𝐷𝐷𝐷 = 0.50) result in lower 
residual capacities compared to the other three locations. 

 
Figure 31. Graph. Regression graphs of dataset parameters. 
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Third, data preprocessing involved randomly splitting the dataset of 216 samples into an 80% training 
set and a 20% test set. The training set consisted of 172 samples, while the test set included 44 
samples. In later stages of the machine learning methodology, the training set was used to develop 
the models, whereas the test set was utilized to evaluate their performance and assess 
generalizability. 

Subsequently, all raw input variables were scaled to the range [0, 1] using the min-max normalization 
technique (Pedregosa et al. 2011), as defined in Figure 32, where 𝑥𝑥 is the original value, 𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚 and 
𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚  represent the minimum and maximum values of the feature, respectively, and 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 is the 
normalized value. The normalization parameters were determined from the training set and then 
applied to both the training and test sets to prevent data leakage. This scaling ensures that all 
features contribute equally to the models and avoids a situation where those with larger magnitudes 
could dominate the training process. 

 
Figure 32. Equation. Min-max normalization for scaling dataset input variables. 

MACHINE LEARNING MODELS 
Five machine learning algorithms commonly implemented in similar studies (Almustafa and Nehdi 
2022; Dissanayake et al. 2022) were selected: (1) Multi-layer Perceptron Neural Networks (MLP), (2) 
Ridge Regression (RR), (3) 𝐾𝐾-Nearest Neighbors (KNN), (4) eXtreme Gradient Boosting (XGBoost) 
(Chen and Guestrin 2016), and (5) Gaussian Process Regression (GPR) (Williams and Rasmussen 
2006). 

The first model was developed using the MLP algorithm consisting of an input layer, hidden layers, 
and an output layer for prediction. This network was inspired by biological operations of neural 
networks in the human brain and learns patterns in data through gradient descent and 
backpropagation (Rosenblatt 1962; Rumelhart et al. 1985). The developed architecture includes 13 
input neurons representing the input variables of the dataset, two hidden layers with 128 and 64 
neurons, respectively, and a single output neuron for predicting the residual capacity, as illustrated 
schematically in Figure 33. A rectified linear unit (ReLU) activation function was used to introduce 
nonlinearity into the model, and the optimization process was carried out using the Adam optimizer 
trained for 10,000 epochs. 

𝑥𝑥𝑛𝑛𝑜𝑜𝑜𝑜𝑜𝑜 =
𝑥𝑥 − 𝑥𝑥𝑚𝑚𝑖𝑖𝑖𝑖

𝑥𝑥𝑚𝑚𝑎𝑎𝑎𝑎 − 𝑥𝑥𝑚𝑚𝑖𝑖𝑖𝑖
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Figure 33. Illustration. Graphical representation of the architecture of a multi-layer perceptron 

neural network model. 

The second model used RR, a variant of linear regression that minimizes an objective function 
composed of a linear least squares loss and an 𝑙𝑙2-norm regularization term, as shown in Figure 34, 
where 𝐿𝐿(𝒘𝒘) is the loss function to be minimized; 𝑦𝑦𝑖𝑖 is the target variable of the 𝑖𝑖𝑡𝑡ℎ sample; 𝒙𝒙𝑖𝑖 is the 
feature vector of the 𝑖𝑖𝑡𝑡ℎ sample; 𝒘𝒘 is the vector of learnable weights; ‖𝒘𝒘‖22 is the squared 𝑙𝑙2-norm of 
the weight vector; and  𝜆𝜆 is the regularization parameter (set to 1.0 in this study). This formulation 
penalizes large regression coefficients through the 𝑙𝑙2-norm of the model weights scaled by the 
regularization parameter 𝜆𝜆 to reduce overfitting. 

 
Figure 34. Equation. Ridge regression loss function. 
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The third model was developed using KNN, a nonparametric supervised learning method that 
predicts an output value by averaging the target values of the 𝐾𝐾𝑡𝑡ℎ closest training examples. In the 
developed KNN model, the predicted value is calculated as the average of the three nearest 
neighbors (𝐾𝐾 =  3) based on their Euclidean distances, as defined in Figure 35, where 𝑑𝑑(𝒙𝒙,𝒙𝒙′) is the 
Euclidean distance between feature vectors 𝒙𝒙 and 𝒙𝒙′, and 𝑛𝑛 is the number of features. The Euclidean 
distance defines the closeness between input vectors in the feature space and is used to identify the 
𝐾𝐾-Nearest Neighbors. 

 
Figure 35. Equation. Euclidean distance used in KNN algorithm. 

The fourth model employed the XGBoost algorithm, an ensemble learning technique that trains a 
sequence of weak decision trees using a boosting approach. The algorithm minimizes the loss 
function of each decision tree through gradient descent and combines their predictions to produce a 
strong predictor with improved performance and generalizability. The model hyperparameters, 
including regularization factors, were tuned to reduce overfitting using grid search with K-fold cross-
validation, as presented later in this report. 

The optimized XGBoost model consisted of 600 decision trees (n_estimators = 600) with a learning 
rate of 0.03, a maximum tree depth of four (max_depth = 4), a minimum child weight of four 
(min_child_weight = 4), subsampling of 70% of the observations and features for each tree 
(subsample = 0.7, colsample_bytree = 0.7), an 𝐿𝐿2 regularization parameter of 2 (reg_lambda = 2), and 
a split regularization term (gamma = 0.2) to further control model complexity and reduce overfitting. 

The fifth model was developed using GPR, a nonparametric Bayesian regression algorithm that treats 
the underlying function mapping input features to the output as a realization from a Gaussian process 
defined by a mean function and a kernel function. The trained GPR model utilized a joint kernel 
comprising a Rational Quadratic kernel that captures smooth nonlinear relationships between the 
input features and the output, combined with a white noise kernel that represents observation noise 
and provides regularization. 

The joint kernel is defined in Figure 36, where  denotes the Euclidean distance between 
input vectors 𝒙𝒙𝑖𝑖 and 𝒙𝒙𝑗𝑗 in the feature space; 𝛼𝛼 is the parameter controlling the kernel shape, with an 
initial value of 1.0; 𝑙𝑙 is the characteristic length scale, also initialized to 1.0; 𝜎𝜎𝑛𝑛2 is the variance of the 
white noise term that governs the magnitude of the observation noise, initialized to 0.01; and 𝛿𝛿𝑖𝑖𝑖𝑖 is 
the Kronecker delta, which adds the noise term to the diagonal entries of the covariance matrix. All 
hyperparameters, including 𝛼𝛼, 𝑙𝑙, and 𝜎𝜎𝑛𝑛2, were determined by maximizing the log marginal likelihood. 
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Figure 36. Equation. Joint kernel function composed of Rational Quadratic and white noise kernels 

used in GPR algorithm. 

MODEL TRAINING AND VALIDATION 
The primary objective of this step is to develop and validate the performance of machine learning 
models capable of accurately and efficiently predicting the residual load-carrying capacity of 
damaged steel I-girders. All models were trained and tested in Python (Van Rossum and Drake 1995), 
using the XGBoost library (Chen and Guestrin 2016) for the XGBoost model and the scikit-
learn library (Pedregosa et al. 2011) for the remaining four models. 

Figure 37 presents a comparison of training results between the target residual capacities from FE 
analysis and the predicted capacities from the XGBoost model. (See Ibrahim et al. [2026] for results 
on training performance of remaining models.) Such comparisons indicate that the trained models 
demonstrated strong training performance, closely matching the target values. Notably, predictions 
from the XGBoost and GPR models showed particularly close agreement with the target values, while 
the remaining models exhibited slight deviations. 

 
Figure 37. Graph. Comparison of target and predicted samples for the training set using the 

XGBoost model. 

To quantitatively evaluate and compare the performance of the developed machine learning models, 
five evaluation metrics were used: mean absolute percentage error (MAPE), mean absolute error 
(MAE), mean squared error (MSE), root mean squared error (RMSE), and the coefficient of 
determination (R2). These statistical measures are defined in Figure 38, where 𝑛𝑛 is the total number 
of samples in the training set; 𝑦𝑦𝑖𝑖 is the target value of the 𝑖𝑖𝑡𝑡ℎ observation; ŷ𝑖𝑖 is the predicted value of 
the 𝑖𝑖𝑡𝑡ℎ observation; and ȳ is the mean of all target values. According to Lewis (1982), MAPE scores 
less than 10% are considered highly accurate, while scores between 10% and 20% indicate good 
predictions; values from 20% to 50% suggest reasonable accuracy, and those exceeding 50% are 
regarded as inaccurate. 
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A. Mean Absolute Percentage Error 

 
B. Mean Absolute Error 

 
C. Mean Squared Error 

 
D. Root Mean Squared Error 

 
E. Coefficient of Determination 

Figure 38. Equation. Five evaluation metrics used to quantify the performance of the developed 
machine learning models. 

Table 8 summarizes the evaluation metrics for the developed models. Training results show that the 
XGBoost and GPR models achieved the highest accuracies, with MAPE scores of 0.85% and 0.80%, 
respectively. To validate the generalizability of all models to unseen data, the five models were 
subsequently evaluated on the test set. Figure 39 displays the predictions of 44 test samples by the 
trained XGBoost model, showing excellent agreement with the target values. (See Ibrahim et al. 
[2026] for additional results on test performance.) Among the models, XGBoost and GPR exhibit the 
strongest performance on the test set, while RR and KNN provide the lowest performance, as 
indicated by the metric scores in Table 8 (best test metrics are shown with an asterisk). GPR achieved 
a slightly lower MAPE of 2.60% and MAE of 45.48 kN (10.22 kips), whereas XGBoost yielded 
significantly lower MSE and RMSE scores of 4799 kN2 (242.6 kips2) and 69.28 kN (15.57 kips), 
respectively. This distinction arises because MAPE and MAE measure average absolute errors, while 
MSE and RMSE assign greater penalties to larger errors. On the other hand, the KNN and RR models 
showed higher errors, with MAPE values of 5.16% and 5.40% and MAE values of 88.66 kN (19.93 kips) 
and 89.43 kN (20.10 kips), respectively. 
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Table 8. Evaluation Metrics of the Five Machine Learning Models 
(Best Test Metrics Shown with an Asterisk) 

Model Dataset MAPE MAE (kN) MSE (kN2) RMSE (kN) R2 
Multi-layer 
Perceptron (MLP) 

Training 2.72% 44.53 4207 64.86 97.00% 
Test 3.93% 66.06 6988 83.59 93.35% 

Ride Regression 
(RR) 

Training 5.71% 92.01 12930 113.7 90.78% 
Test 5.40% 89.43 12137 110.2 88.46% 

𝐾𝐾-Nearest 
Neighbors (KNN) 

Training 4.36% 68.87 8235 90.75 94.13% 
Test 5.16% 88.66 12988 114.0 87.65% 

eXtreme Gradient 
Boosting (XGBoost) 

Training 0.85% 13.46 302.0 17.39 99.78% 
Test 3.21% 52.90 4799* 69.28* 95.44%* 

Gaussian Process 
Regression (GPR) 

Training 0.80% 12.70 347.0 18.64 99.75% 
Test 2.60%* 45.48* 5882 76.69 94.41% 

 

 
Figure 39. Graph. Comparison of target and predicted samples for the test set using the  

XGBoost model. 

Figure 40 presents the prediction regression graph of the developed XGBoost model for the test set, 
showing predicted versus target values of the residual load-carrying capacity. The dashed diagonal 
line represents ideal predictions that perfectly match the targets, while the solid fitting line 
represents the best fit linear regression between the predicted and target values. The fitting line of 
the XGBoost model is closely aligned with the equal line, achieving a coefficient of determination (R2) 
of 0.95 (which exceeds the other four models). (Additional results are discussed in Ibrahim et al. 
[2026].) Figure 41 illustrates the residuals of the XGBoost model’s predicted values in the test set. 
While the other models exhibit samples with relatively large residuals, XGBoost predictions are 
limited within ±200 kN (±45 kips) from the target values. 
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Figure 40. Graph. Prediction regression graphs for the test set using the XGBoost model. 

 
Figure 41. Graph. Residual plots of the test set for the XGBoost model. 

Thus, the developed XGBoost model demonstrates excellent learning and prediction capabilities and 
shows superior performance for estimating the load-carrying capacity of damaged steel I-girders. 
Therefore, it can be considered the most suitable candidate model for further interpretation and 
explanation in the final step of the methodology. 

Additionally, K-fold cross-validation was conducted to evaluate the ability of all models to generalize 
to unseen data. K-fold cross-validation partitions the training set into K subsets, trains the model on 
K-1 subsets, and validates its performance on the remaining subset. Given the total training set size of 
172 samples, K was set to 5 to provide sufficiently large validation subsets that increase the variance 
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of the performance estimate and help expose potential overfitting, while maintaining enough training 
data in each iteration. 

The training set was divided randomly into five folds. In each cross-validation iteration, four folds 
were used to train the model, while the remaining fold was used for validation. This process was 
repeated five times, ensuring each fold served once as the validation set. Figure 42 presents cross-
validation results for the XGBoost model across the five iterations using the mean absolute error and 
coefficient of determination metrics. The box-and-whisker plots summarize the distribution of the 
metric values across the five folds, showing the median score, interquartile range, and the minimum 
and maximum values obtained for each metric. 

XGBoost five-fold cross-validation results demonstrated robust and stable generalization capability 
across all iterations, with a mean MAPE score of 4.45% and a standard deviation of 0.69%, confirming 
its ability and consistency to generalize effectively to unseen data. These findings highlight the high 
predictive accuracy of the developed models, particularly XGBoost, which achieved an accuracy of 
96.79% on the test set in predicting the residual load-carrying capacity of damaged steel I-girders. 

 
Figure 42. Chart. K-fold cross-validation results for the XGBoost model. 

PREDICTION EXPLAINABILITY 
The final stage of the machine learning methodology is model interpretation, employing explainable 
artificial intelligence (XAI) techniques to understand and explain why and how a machine learning 
model produces predictions. Most machine learning models are inherently complex and do not 
provide explanations into their decision-making processes, thereby functioning as “black-box” models 
(Hassija et al. 2024). Therefore, it is essential to develop models that not only predict outputs 
accurately, but also provide transparent and interpretable explanations for their predictions to 
increase confidence in their performance. 
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XGBoost Feature Importance 
The tree architecture of the developed XGBoost model makes it more intrinsically interpretable than 
other machine learning models, such as deep neural networks (Hassija et al. 2024). Feature 
importance scores of input variables were automatically extracted from the trained XGBoost model. 
Figure 43 shows the weight score of each input variable, indicating its influence on the model’s 
predictions. The weight score is computed based on the number of times a given variable is used to 
split the data across all trees in the ensemble model (Chen and Guestrin 2016). The scores indicate 
that the five most important input variables in predicting the residual capacity of damaged steel 
girders are observed horizontal damage deflection (𝐷𝐷𝑥𝑥), observed vertical damage deflection (𝐷𝐷𝑦𝑦), 
span length (𝐿𝐿), damage location ratio (𝐷𝐷𝐷𝐷𝐷𝐷), and girder depth (𝑑𝑑). 

However, weight scores in trees do not account for the quality of the splits and may be inconsistent 
with other feature importance approaches, such as the gain and cover scores (Lundberg et al. 2018). 
Consequently, the SHapley Additive exPlanations (SHAP) (Lundberg and Lee 2017) and Local 
Interpretable Model-Agnostic Explanations (LIME) (Ribeiro et al. 2016) frameworks were further 
employed to evaluate the influence of each input variable on the predictions of the trained XGBoost 
model, providing consistent and locally accurate methods for feature attribution in tree ensembles. 

 
Figure 43. Chart. Feature importance of dataset inputs based on XGBoost model weights. 

SHAP Explainability Framework 
SHAP is a model-agnostic framework that provides enhanced interpretability and local explainability 
of individual predictions for machine learning models. The SHAP algorithm is widely used for its fast 
implementation for tree-based models (Molnar 2025), making it well-suited for explaining the 
performance of the developed XGBoost model. The SHAP framework is based on Shapley values, 
which are derived from cooperative game theory to compute the contribution of each feature to the 
model’s prediction. 
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In Shapley game theory, each feature is treated as a player in a game, while the model’s prediction 
represents the total payoff or gain that is fairly distributed among the players based on the relative 
importance of their contributions to the outcome of the game (Shapley 1953). A SHAP explanation 
model is an additive feature attribution method that uses a linear surrogate model 𝑔𝑔 to explain the 
complexity of a machine learning model prediction based on the sum of feature contributions and the 
base value, as shown in Figure 44, where 𝜙𝜙𝑖𝑖  is the SHAP value for the 𝑖𝑖𝑡𝑡ℎ feature; 𝑧𝑧𝑖𝑖′ ∈ {0,1} is a 
binary indicator for whether feature 𝑖𝑖 is present (1) or absent (0); 𝜙𝜙0 is the base value representing 
the model’s expected value across all training data; and 𝑀𝑀 is the total number of input features. The 
additive surrogate model decomposes a prediction into a baseline value and feature contributions, 
thereby quantifying and interpreting the influence of each input feature on the prediction. 

 
Figure 44. Equation. Linear surrogate model equation composed of sum of feature contributions. 

The SHAP value 𝜙𝜙𝑖𝑖  of the 𝑖𝑖𝑡𝑡ℎ feature is computed by Figure 45, where 𝐹𝐹 is the set of all input 
features; 𝑆𝑆 is a subset of 𝐹𝐹 that does not include feature 𝑖𝑖; and 𝑓𝑓𝑆𝑆(𝑥𝑥𝑆𝑆) is the model prediction using 
only the feature values 𝑥𝑥𝑆𝑆 in subset 𝑆𝑆. This formulation determines the marginal contribution of 
feature 𝑖𝑖 by comparing model predictions with and without the feature across all possible feature 
combinations. 

 
Figure 45. Equation. Calculation of SHAP value for the 𝒊𝒊𝒕𝒕𝒕𝒕 feature. 

The SHAP algorithm was used to quantify the contribution of each input variable to the XGBoost 
model’s predictions and to provide global explanations of its performance. SHAP values share the 
same units as the model output, which represents the residual load-carrying capacity (𝐶𝐶𝑅𝑅). A positive 
SHAP value indicates that the feature increases the model output, while a negative SHAP value 
decreases the output. 

Figure 46 shows a SHAP summary plot highlighting the contribution of each input feature to 
predictions across the entire dataset. Individual points represent SHAP values of all samples for each 
input feature. The color of the points indicates the actual value of that feature, using red for high 
values and blue for low values. For example, results show that high values (red points) of observed 
horizontal and vertical damage deflection (𝐷𝐷𝑥𝑥 and 𝐷𝐷𝑦𝑦) have negative SHAP values, leading to lower 
predicted values of the residual load-carrying capacity, whereas smaller damage deflections have 
positive SHAP values, indicating less reduction in capacity. 
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Figure 46. Graph. SHAP summary plot. 

Figure 47 presents the global importance of each input variable based on their mean SHAP values. 
Features are ranked according to their global importance and influence on XGBoost model 
predictions, using their average absolute SHAP value. The most important features affecting XGBoost 
prediction of residual capacity were damage location ratio (𝐷𝐷𝐷𝐷𝐷𝐷), flange thickness (𝑡𝑡𝑓𝑓), girder depth 
(𝑑𝑑), span length (𝐿𝐿), web thickness (𝑡𝑡𝑤𝑤), observed horizontal damage deflection (𝐷𝐷𝑥𝑥), observed 
vertical damage deflection (𝐷𝐷𝑦𝑦), and flange width (𝑏𝑏𝑓𝑓). 

 
Figure 47. Graph. SHAP importance bar plot. 
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These results are further supported by the SHAP dependence plots shown in Figure 48, which illustrate 
how SHAP values of a given feature vary with its actual values. Each point represents an individual 
prediction instance, colored based on the value of a second feature to reveal interaction effects. For 
instance, Figure 48-C shows a negative linear relationship between observed horizontal deflection (𝐷𝐷𝑥𝑥) 
and its SHAP values. Similarly, Figure 48-D shows that the SHAP values of observed vertical deflection 
(𝐷𝐷𝑦𝑦) decrease as its actual values increase. This indicates a physically intuitive finding that larger 
damage deflections due to strikes significantly reduce the residual capacity of steel I-girders. 

In addition, Figure 48-E reveals that strikes occurring at girder midspan (𝐷𝐷𝐷𝐷𝐷𝐷 =  0.50) have more 
negative SHAP values than those at other locations, suggesting a stronger effect on girder residual 
capacity reduction. From a structural mechanics perspective, this pattern is expected, as the 
maximum (controlling) positive bending moment in continuous steel girders typically occurs near 
midspan, so damage at that location has a greater impact on a girder’s load-carrying capacity 
(Ibrahim 2026). In contrast, strikes located closer to a support benefit from force redistribution and 
greater restraint from the supports, which can limit the reduction in girder global capacity. The 
negative SHAP values associated with 𝐷𝐷𝐷𝐷𝐷𝐷 = 0.50 therefore reflect the greater influence of damage 
at the location of maximum moment. 

 
A. Span length     B. Girder depth 

 
C. Observed horizontal deflection   D. Observed vertical deflection 
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E. Damage location ratio    F. Flange width 

 
G. Flange thickness                             H. Web thickness 

Figure 48. Graph. SHAP dependence scatter plots. 

Additionally, the dependence plots show that SHAP values tend to become positive once the girder 
depth (𝑑𝑑), flange width (𝑏𝑏𝑓𝑓), flange thickness (𝑡𝑡𝑓𝑓), and web thickness (𝑡𝑡𝑤𝑤) exceed approximately 72 
cm (28.3 in.), 26 cm (10.2 in.), 2.4 cm (0.94 in.), and 1.4 cm (0.55 in.), respectively, whereas SHAP 
values for span length (𝐿𝐿) gradually transition from predominantly positive to predominantly negative 
over the range of 16–18 m (630–709 in.) of span length, as summarized in Table 9. 

These findings are consistent with structural mechanics and design principles, as deeper girders with 
wider and thicker flanges and webs exhibit higher residual load-carrying capacity even after damage. 
Conversely, longer spans are associated with larger bending moment demands, so increasing 𝐿𝐿 
naturally leads to a reduction in residual capacity. The numerical thresholds identified from the SHAP 
framework could be used to inform limit checks in existing design codes and evaluation provisions for 
steel bridge I-girders susceptible to over-height vehicle strikes, by indicating ranges of geometric 
properties that help mitigate reductions in post-strike residual capacity. 

These results capture the expected mechanical behavior by assigning more negative contributions to 
midspan strikes and smaller or positive contributions to strikes closer to supports. The explainability 
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of the XGBoost model is consistent with engineering intuition and provides interpretable insights into 
the decision-making process for evaluating damaged steel bridge girders. 

Table 9. Threshold Values Derived from SHAP Dependence Plots 

Variable Threshold Value 
Span length (𝐿𝐿) >  16 m–18 m 
Girder depth (𝑑𝑑) < 72 cm 
Observed horizontal deflection (𝐷𝐷𝑥𝑥) > 23 cm 
Observed vertical deflection (𝐷𝐷𝑦𝑦) > 14 cm 
Damage location ratio (𝐷𝐷𝐷𝐷𝐷𝐷) = 0.5 (midspan) 
Flange width (𝑏𝑏𝑓𝑓) < 26 cm 
Flange thickness (𝑡𝑡𝑓𝑓) < 2.4 cm 
Web thickness (𝑡𝑡𝑤𝑤) < 1.4 cm 

LIME Explainability Framework 
To gain insight into how input features contribute to individual predictions, two representative samples 
from the training and test sets are presented in Table 10 and examined for their local feature 
contributions. Compared to the SHAP technique, which can explain both global and local model 
behavior, LIME is a local method that explains individual predictions of any model without capturing the 
global influence of input features across the entire dataset. LIME interprets the prediction of a given 
sample by locally constructing a linear surrogate model around the sample prediction to explain the 
behavior of the original model (Ribeiro et al. 2016). Coefficients of this surrogate model represent how 
strongly each feature influences the prediction for that specific sample. In this study, LIME is used to 
interpret predictions of the trained XGBoost model for two samples listed in Table 10. Figure 49 and 
Figure 50 show the local LIME explanations for samples 1 and 2, respectively, where green bars indicate 
features that increase the predicted residual capacity and red bars indicate features that decrease it. 

Table 10. Variable Values of Damaged Girder Samples 

Sample # 1 2 
Dataset Training Test 
𝐿𝐿 (cm) 1524 1575 
𝑑𝑑 (cm) 69.4 63.2 
𝑏𝑏𝑓𝑓 (cm) 25.4 22.9 
𝑡𝑡𝑓𝑓 (cm) 1.63 1.96 
𝑡𝑡𝑤𝑤 (cm) 1.17 1.19 
ℎ𝑤𝑤 (cm) 66.2 59.3 
𝑟𝑟𝑥𝑥 (cm) 27.8 25.6 
𝑟𝑟𝑦𝑦 (cm) 5.28 4.95 
𝐼𝐼𝑥𝑥 (× 10−4 cm4) 12.3 10.5 
𝐼𝐼𝑦𝑦 (× 10−3 cm4) 4.45 3.93 
𝐷𝐷𝑥𝑥 (cm) 41.1 1.88 
𝐷𝐷𝑦𝑦 (cm) 20.5 1.91 
𝐷𝐷𝐷𝐷𝐷𝐷  0.75 0.50 
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Figure 49. Graph. LIME importance bar plots for individual sample girder #1. 

 
Figure 50. Graph. LIME importance bar plots for individual sample girder #2. 

The feature ranges in the LIME plots also indicate the value limits of each feature that lead to an 
increase or decrease in the predicted capacities. For example, an observed horizontal damage 
deflection (𝐷𝐷𝑥𝑥) value greater than 30.76 cm (12.1 in.) reduces the predicted capacity of sample 1, 
whereas a 𝐷𝐷𝑥𝑥 value less than or equal to 10.23 cm (4.0 in.) for sample 2 increases the predicted 
residual capacity. Furthermore, the girder depth (𝑑𝑑) being less than or equal to 70.22 cm (27.6 in.) in 
both samples leads to the largest reduction in the predicted capacity, suggesting that the cutoff for 
girder depth to avoid a significant capacity reduction is around 70 cm (27.56 in.). This is further 
supported by the SHAP dependence plot of girder depth (𝑑𝑑) in Figure 48-B, where the SHAP values 
become positive for 𝑑𝑑 ≳ 70 cm, indicating a positive contribution to predicted capacity beyond that 
depth. 
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CHAPTER 6: DEVELOPMENT OF DIAGNOSTIC TOOLS 
Two interactive diagnostic tools have been developed to translate the methodologies and findings of 
this research into practical, user-oriented applications for bridge evaluation. These tools are intended 
to support state departments of transportation (DOTs) in assessing damaged steel I-girders through 
accessible and efficient workflows. The first tool has been designed to follow the point cloud-based 
measurement framework, enabling users to process terrestrial laser scanning (TLS) data and obtain 
girder deformation profiles. The second tool has been developed to integrate the trained XGBoost 
model with user-defined inputs to predict the residual load-carrying capacity of damaged girders. 
Both tools are implemented in Python using the Streamlit library and are deployed through an 
interactive web interface to enhance accessibility and practical use by state DOT personnel. 

PROCESSING OF POINT CLOUD MEASUREMENTS 
The point cloud measurement tool has six modules for the processing steps listed in Chapter 3: girder 
segmentation, outlier removal, longitudinal alignment, measurements, adjusting for cover/splice 
plates, and noise removal. For each module, the user inputs manual parameters, then presses the 
“Run” button to perform automated processing. The tool shows visualizations for the output—such 
as measurement plots, cross-sections, or interactive 3D views of point clouds—so the user can 
evaluate whether the result is satisfactory before proceeding to the next step. Intermediate results 
can be saved after each step so the user can pause and resume the procedure. Screenshots of select 
input screens are included in this report. All parameters are defined in Chapter 3 and/or in Schissler 
et al. (2026b). Throughout the tool, care should be taken to use the same units for the diagnostic tool 
manual inputs as are in the point cloud file (e.g., inches, meters, etc.). Example values for bridge SN 
084-0014 Girder 18 (as presented in Schissler et al. 2026b) are included in the input screenshots; 
units for that example are in inches. A full tutorial for the measurement diagnostic tool, which will 
include output visualizations and detailed parameter descriptions, is forthcoming. 

Currently, separate software (such as the open-source package CloudCompare, or similar) is required 
for the initial qualitative girder segmentation. Then, a user uploads the point cloud to the diagnostic 
tool for the remaining steps, starting with outlier removal (using the simple radius outlier removal 
algorithm), as shown in Figure 51. A 3D point cloud viewer opens to show the output.  

The longitudinal alignment step includes two sets of manual parameters, as shown in Figure 52. The 
first set of parameters are used for the endpoint search, including the longitudinal tolerance, width of 
slice at girder ends, threshold number of points skipped in RANSAC fit, and girder depth. These 
parameters typically require adjustment for each damage case. The second set of parameters are 
specific to the RANSAC fit used for locating the endpoints of the span. Please see Schissler et al. 
(2026b) for a full description of the parameters. 



66 

 
Figure 51. Illustration. User inputs for point cloud processing Step 2: outlier removal. 

 
Figure 52. Illustration. User inputs for point cloud processing Step 3: longitudinal alignment. 

For the coordinate measurement step, the user enters the desired longitudinal measurement interval 
and voxel side length, along with the girder flange width, as shown in Figure 53-A. The flange width 
from the construction drawings is typically sufficient. The same RANSAC parameters as in the 
longitudinal alignment step are also needed, but the values do not need to be the same as for the 
longitudinal alignment step. The user can opt to generate cross-sectional slices (along the entire span 
or a portion of the span) showing the bottom flange region, bottom flange RANSAC line, and 
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measured points. The user enters the parameters in Figure 53-B for consistent slice visualizations. 
Generating cross-sectional slice plots increases computational time but can provide helpful 
information for evaluating or troubleshooting the measurement step. 

 
A. Inputs for the automatic displacement measurement process. 

 
B. Inputs to adjust the cross-sectional slice plots, which are an optional output useful for 

troubleshooting. 

Figure 53. Illustration. User inputs for point cloud processing Step 4: coordinate measurements.  

In the step adjusting for cover/splice plates, the user can select how many plates are present within 
the span. Then, the user can enter different coordinate values of plates for the left corner, centerline, 
and right corner (for flexibility). In Figure 54, the tab for the left corner is selected. For cross-sectional 
slices around plate ends, the bottom-flange region (automatically detected in the coordinate 
measurement step) may include points on both the plate and bottom surface of the flange of the W-
section, resulting in a RANSAC line that represents neither surface. The result can be inconsistent for 
the left corner, centerline, and right corner measurements, so slightly different values for the “start” 
and “end” longitudinal (x-) coordinates may be needed. Results for the left corner, centerline, and 
right corner are shown separately so the user can evaluate accordingly. 
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Figure 54. Illustration. User inputs for point cloud processing Step 5: adjusting for cover/splice 

plates.  

In the noise-removal step, the user also considers the left corner, centerline, and right corner 
measurements separately, as shown in the tabs at the top of Figure 55. For both horizontal and 
vertical displacement measurements, the user enters the minimum (physical) period to be preserved 
(in the same units as the measurements), the order of the Butterworth filter, and selects whether to 
include a spline at the location of maximum displacement. The result of each reference point (left 
corner, centerline, and right corner) can be evaluated and refined separately. Finally, the results from 
all three reference points are plotted together. 

 
Figure 55. Illustration. User inputs for point cloud processing Step 6: noise removal.  
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AI-BASED CAPACITY PREDICTION 
Geometric properties of the steel I-girder cross-section are defined by the user, either through 
manual entry or by selecting from a suite of standard AISC steel rolled sections. When a standard 
section is selected, the corresponding properties are automatically populated, as shown in Figure 56. 
In all cases, the span length must be provided to complete the required geometric inputs for girder 
capacity analysis. 

 
Figure 56. Illustration. Input of girder sectional properties. 

Additionally, damage characteristics of the girder are specified by the user, including the maximum 
observed horizontal and vertical bottom flange deflections and the damage location expressed as a 
fraction of the span length, as shown in Figure 57. These inputs represent the key parameters 
required by the trained machine learning model. Once the inputs are provided, the analysis is 
initiated by selecting the “Run Prediction” button. 
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Figure 57. Illustration. Input of damage characteristics and location ratio. 

Output from the machine learning model includes the predicted residual load-carrying capacity—
expressed as an equivalent uniformly distributed load—along with an additional self-load percentage 
to account for the presence of damage, as shown in Figure 58. These outputs provide a quantitative 
basis for evaluating the structural performance of a damaged girder and can be used to inform load 
rating procedures, as described in the following section. The additional self-load percentage is 
intended as part of a surrogate method to indirectly account for damage effects using an undamaged 
girder model. 

 
Figure 58. Illustration. Machine learning model outputs. 

Finally, the contribution of input parameters to the predicted capacity is evaluated using the LIME 
framework, as shown in Figure 59. A case-specific bar plot ranks the most influential parameters, 
where red bars indicate parameters contributing to a reduction in the predicted capacity, and green 
bars indicate parameters that do not directly contribute to capacity reduction. Parameters with 
negative contributions can give insight into potential mitigation strategies in accordance with 
established guidelines for the evaluation and repair of damaged steel girders (e.g., Shanafelt and 
Horn 1984). 
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Figure 59. Illustration. LIME-based feature contributions. 

IMPLEMENTATION OF CAPACITY PREDICTION IN IDOT WORKFLOW 
As specified in AASHTO LRFD Bridge Design Specifications (2020), extreme limit states, such as vehicle 
collisions, are unique events that must be considered to ensure the structural survival of a bridge. In 
this context, the residual capacity ratio 𝐶𝐶𝑅𝑅/𝐶𝐶—where 𝐶𝐶𝑅𝑅 and 𝐶𝐶 are the corresponding capacities of 
the damaged and undamaged girders, respectively—may be utilized as a damage-induced reduction 
factor to scale nominal resistances and obtain equivalent residual resistances for post-strike 
evaluation. 

The predicted additional self-load percentage obtained from the machine learning model can be 
incorporated into the bridge evaluation process within the AASHTOWare Bridge Rating software to 
account for the effects of damage on I-girder capacity (when the girder is still modeled as 
undamaged). This integration establishes a direct connection between the data-driven predictions 
and standard load rating procedures used by state departments of transportation. 

Specifically, the damaged girder is modified within the software through the “Member Alternative 
Description” tab by assigning the computed additional self-load percentage to the “additional self-
load” field, as shown in Figure 60. This modification introduces an equivalent increase in dead load to 
reflect the reduction in structural capacity due to damage, allowing the analysis to consider the 
degraded condition of the girder without the need for explicitly modifying its geometry to account for 
the damage. If an additional self-load percentage already exists to account for secondary members 
and connection weight, the value provided by the diagnostic tool should be added to the existing 
percentage rather than replacing it. 
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Figure 60. Illustration. Implementation of additional self-load percentage in  

AASHTOWare Bridge Rating. 

Once implemented, the girder with modified loading can be evaluated using the full capabilities of 
the software, including line-girder, 2D, or 3D analysis methods, as well as permit and routing 
evaluations and other integrated applications. Rating factors for the damaged bridge can then be 
computed under various loading scenarios, including standard design truck configurations, user-
defined vehicles, and load and resistance factors, in accordance with AASHTO LRFD or LFD 
specifications. Since damage from over-height vehicle strikes is often limited to a portion of the girder 
length, the reduction in rating factors should be evaluated primarily within the damaged region, 
where the damage effects are most pronounced, rather than along the entire length of the girder. 
This approach enables a streamlined and consistent workflow for incorporating machine learning–
based predictions into established bridge rating practices. 

The proposed implementation is intended to provide a practical analysis framework for incorporating 
girder damage effects into routine bridge evaluation workflows. Because the residual capacity of a 
damaged girder is influenced by numerous factors—including girder geometry, span length, damage 
magnitude and location—that collectively determine its value, the development of new simple 
structural analysis guidelines was not pursued. Instead, machine learning serves as a surrogate model 
to detailed finite element analyses by predicting an equivalent load amplification that approximates 
the effect of the damaged condition. This approach enables rapid evaluation of bridge strikes while 
preserving the underlying structural mechanics and supporting consistent application within existing 
bridge rating procedures. The current IDOT damage evaluation procedure remains as a reasonable 
simplified approach, which appears to be conservative based on pilot comparisons to the new 
capacity prediction approach. 
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CHAPTER 7: SUMMARY AND CONCLUSIONS 
Steel I-sections damaged in impact events must be inspected and assessed quickly and effectively to 
maintain safe conditions and minimize negative effects on infrastructure users. This research project 
aimed to develop an integrated, data-driven framework for rapid inspection, assessment, and 
evaluation of steel bridge girders damaged by over-height vehicle strikes.  

To this end, the researchers developed a novel procedure for obtaining a bottom-flange displacement 
profile from a laser-scan point cloud. The semiautomated modular procedure consists of six key 
steps: girder segmentation, outlier removal, longitudinal alignment, coordinate measurements, 
adjusting for cover/splice plates, and noise removal. Because the proposed procedure measures 
three key cross-sectional locations (the left corner, centerline, and right corner) on the bottom 
surface of the I-girder bottom flange, the displacement and tilt can be characterized accurately, as 
illustrated in the four case studies presented in this report. Laser scanning for damage 
characterization offers several advantages over traditional approaches, such as reducing road 
closures, avoiding work at height, and capturing more comprehensive data. 

Furthermore, this study developed a data-driven and interpretable machine learning framework to 
estimate the residual load-carrying capacity of steel bridge I-girders damaged by over-height vehicle 
impacts. The methodology integrates finite element–based data generation, informed by field girder 
information and displacement measurements, along with multiple machine learning algorithms to 
provide rapid capacity predictions, while incorporating explainable artificial intelligence (XAI) 
techniques to enhance transparency and engineering interpretability. The developed approach 
enables efficient and reliable assessment of damaged girders and supports informed decision-making 
within bridge evaluation workflows. 

The main contributions of the study are summarized as follows: 

• Review of current practices for damaged girder inspection, assessment, and repair. 

• Creation of semiautomated modular procedure for processing a laser-scan point cloud to 
obtain displacement measurements over the span of a damaged girder. 

• Implementation of the developed point cloud measurement procedure on case studies to 
evaluate its efficacy and consider implications. 

• Development of machine learning models that provide accurate and computationally efficient 
surrogates to detailed finite element analyses for assessing residual capacity of damaged steel 
girders.  

• Evaluation and comparison of multiple algorithms with demonstrated strong predictive 
performance, particularly the XGBoost model that achieved high R2 values and low MAPE 
values on both training and test datasets.  



74 

• Validation of model robustness and generalizability through K-fold cross-validation, 
confirming consistent performance across different data partitions.  

• Integration of explainable artificial intelligence techniques (SHAP and LIME) to interpret model 
predictions, identify key influencing parameters, and establish confidence in model outputs.  

• Identification of physically meaningful relationships and threshold values from SHAP analyses 
and the influence of geometric properties, providing insights that align with structural 
mechanics and can inform evaluation practices.  

The optimized machine learning models are trained based on a representative dataset constructed 
from finite element simulations informed by field observations, which defines the range of input 
features and damage scenarios considered in the dataset. The developed methodology can be used 
to extend the collected dataset to include additional girder types, span arrangements, material 
properties, and loading conditions, leading to a more comprehensive data-driven framework for 
assessing the residual load-carrying capacity of damaged steel bridge girders.  

This project is an important step toward transitioning from current methods of practice—which 
involve hand measurements and approximate methods for damage evaluation—to more streamlined 
and automated approaches that leverage modern technology. More efficient and accurate 
measurement methods, combined with powerful mechanics-based and data-driven simulation tools, 
provide a pathway for bridge engineers to rapidly assess bridge damage, make critical operational 
decisions, and plan for appropriate repair and/or replacement. This new framework enables greater 
safety, sustainability, and service to the motoring public. 
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APPENDIX A: ADDITIONAL PHOTOGRAPHS OF DAMAGED 
BRIDGES 
This appendix includes additional photographs of the four bridges presented as example case studies 
for the point cloud processing procedure in Chapter 3. These photographs, which illustrate the nature 
of the damage for each case, provide additional context for the displacement measurement results. 

BRIDGE SN 084-0014 

 
Figure 61. Photo. Overall view of damage to IDOT Bridge SN 084-0014. Girder 18, the front fascia 

girder, was damaged in the strike (the impact occurred from left to right). 

Source: Courtesy of IDOT 

 
Figure 62. Photo. Close-up view of damage to the concrete deck above the impact point on the 

fascia girder of IDOT Bridge SN 084-0014 Girder 18. 

Source: Courtesy of IDOT 
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Figure 63. Photo. Close-up view of the impact point on IDOT Bridge SN 084-0014 Girder 18. Small 

nicks and scratches are visible. 

Source: Courtesy of IDOT 

 
Figure 64. Photo. Bottom view of damage to IDOT Bridge SN 084-0014 Girder 18, looking toward 

the center pier. The girder is displaced toward the right. 

Source: Courtesy of IDOT 
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BRIDGE SN 084-0077 

 
Figure 65. Photo. Overall bottom view of damage to IDOT Bridge SN 084-0077; Girder 19 is the left 

fascia girder (the impact occurred from left to right). 

Source: Courtesy of IDOT 

 
Figure 66. Photo. Front view of damage to IDOT Bridge SN 084-0077 Girder 19. 

Source: Courtesy of IDOT 
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Figure 67. Photo. Close-up view near the impact point on IDOT Bridge SN 084-0077 Girder 19. Small 

nicks and scratches are visible. (The stringline reference is pink.) 

Source: Courtesy of IDOT 

 
Figure 68. Photo. Longitudinal view of damage to IDOT Bridge SN 084-0077, looking away from the 

center pier. (The stringline reference is pink.) 

Source: Courtesy of IDOT 
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BRIDGE SN 016-0918 

 
Figure 69. Photo. Damage to IDOT Bridge SN 016-0918 Girder 1, looking toward the center of the 
span. Red marks drawn on the web indicate the longitudinal location of impact, while bolt holes 

and green paint indicate directional sign attachment points. 

Source: Courtesy of IDOT 

 
Figure 70. Photo. Back view of damage to IDOT Bridge SN 016-0918 Girder 1, looking toward the 

center of the span. Paint on the back of the girder is peeling. 

Source: Courtesy of IDOT 
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BRIDGE SN 041-0067 

 
Figure 71. Photo. Overall view of damage to IDOT Bridge SN 041-0067. Girder 6 is the first interior 

girder from front. (Several girders were damaged by the oversized load shown in Figure 1.) 

 
Figure 72. Photo. Overall bottom view of damage to IDOT Bridge SN 041-0067. Girder 6 is the first 

interior girder from left and was damaged most severely. 
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Figure 73. Photo. Bottom view of damage to IDOT Bridge SN 041-0067 Girder 6,  

showing excessive displacement. 

Source: Courtesy of IDOT 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 


	Acknowledgment, Disclaimer, Manufacturers’ Names
	Executive Summary
	Table of Contents
	List of Figures
	List of Tables
	Chapter 1: Introduction
	Problem Statement
	Background and Literature Review
	Terrestrial Laser Scanning for Damage Inspection
	Finite Element Analysis of Damaged Steel Girders

	Research Objectives and Report Outline

	Chapter 2: Summary of Current Practices for Damage Evaluation
	IDOT Structural Services Manual
	Inspection (Structural Services Manual Section 2.3.3)
	Repair (Structural Services Manual Section 2.13)

	IDOT Damage Evaluation Procedure

	Chapter 3: Damage Characterization Using Terrestrial Laser Scanning
	IDOT TLS Field Setup
	Scanning Approaches
	Performing the Scan

	Point Cloud Processing for Displacement Measurements
	Girder Segmentation
	Outlier Removal
	Longitudinal Alignment
	Coordinate Measurements
	Adjust for Cover/Splice Plates
	Noise Removal

	Examples of Displacement Measurements
	Bridge SN 084-0014
	Bridge SN 084-0077
	Bridge SN 016-0918
	Bridge SN 041-0067

	Curvature Calculations

	Chapter 4: Finite Element Numerical Modeling
	Numerical Modeling Approach
	Data Extraction
	Model Validation
	Comparison of Two-Span and Multi-Span Girder Response

	Chapter 5: Machine Learning Prediction of Residual Capacity
	Development of Training Dataset
	Gather Data on Actual Bridge-Strike Incidents
	Data Analysis and Preprocessing

	Machine Learning Models
	Model Training and Validation
	Prediction Explainability
	XGBoost Feature Importance
	SHAP Explainability Framework
	LIME Explainability Framework


	Chapter 6: Development of Diagnostic Tools
	Processing of Point Cloud Measurements
	AI-Based Capacity Prediction
	Implementation of Capacity Prediction in IDOT Workflow

	Chapter 7: Summary and Conclusions
	References
	Appendix A: Additional Photographs of Damaged Bridges
	Bridge SN 084-0014
	Bridge SN 084-0077
	Bridge SN 016-0918
	Bridge SN 041-0067





Accessibility Report





		Filename: 

		Evaluation of Steel Bridge Girders Damaged_2026_REM.pdf









		Report created by: 

		



		Organization: 

		







[Enter personal and organization information through the Preferences > Identity dialog.]



Summary



The checker found problems which may prevent the document from being fully accessible.





		Needs manual check: 2



		Passed manually: 0



		Failed manually: 0



		Skipped: 0



		Passed: 28



		Failed: 2







Detailed Report





		Document





		Rule Name		Status		Description



		Accessibility permission flag		Passed		Accessibility permission flag must be set



		Image-only PDF		Passed		Document is not image-only PDF



		Tagged PDF		Passed		Document is tagged PDF



		Logical Reading Order		Needs manual check		Document structure provides a logical reading order



		Primary language		Passed		Text language is specified



		Title		Passed		Document title is showing in title bar



		Bookmarks		Passed		Bookmarks are present in large documents



		Color contrast		Needs manual check		Document has appropriate color contrast



		Page Content





		Rule Name		Status		Description



		Tagged content		Passed		All page content is tagged



		Tagged annotations		Passed		All annotations are tagged



		Tab order		Passed		Tab order is consistent with structure order



		Character encoding		Passed		Reliable character encoding is provided



		Tagged multimedia		Passed		All multimedia objects are tagged



		Screen flicker		Passed		Page will not cause screen flicker



		Scripts		Passed		No inaccessible scripts



		Timed responses		Passed		Page does not require timed responses



		Navigation links		Passed		Navigation links are not repetitive



		Forms





		Rule Name		Status		Description



		Tagged form fields		Passed		All form fields are tagged



		Field descriptions		Passed		All form fields have description



		Alternate Text





		Rule Name		Status		Description



		Figures alternate text		Passed		Figures require alternate text



		Nested alternate text		Passed		Alternate text that will never be read



		Associated with content		Passed		Alternate text must be associated with some content



		Hides annotation		Passed		Alternate text should not hide annotation



		Other elements alternate text		Passed		Other elements that require alternate text



		Tables





		Rule Name		Status		Description



		Rows		Passed		TR must be a child of Table, THead, TBody, or TFoot



		TH and TD		Passed		TH and TD must be children of TR



		Headers		Failed		Tables should have headers



		Regularity		Passed		Tables must contain the same number of columns in each row and rows in each column



		Summary		Failed		Tables must have a summary



		Lists





		Rule Name		Status		Description



		List items		Passed		LI must be a child of L



		Lbl and LBody		Passed		Lbl and LBody must be children of LI



		Headings





		Rule Name		Status		Description



		Appropriate nesting		Passed		Appropriate nesting










Back to Top



