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Executive Summary 

This report presents findings of a multi-state research effort to improve pedestrian and bicyclist safety at 
highway-rail grade crossings (HRGCs) by explicitly incorporating non-motorist traffic exposure into a 
crash prediction framework. Building on prior work that developed an artificial intelligence (AI)-based 
methodology to estimate non-motorist traffic volumes from video at HRGCs, this research scales those 
estimates to four Midwestern states: Nebraska, Kansas, Missouri, and Iowa, and evaluates both statistical 
and AI models for predicting crashes at 13,672 public HRGCs using a 2020–2024 analysis window. 

In the previous study (Phase I), video footage from 18 urban and suburban HRGCs in Lincoln, Nebraska 
was processed using a fine-tuned YOLOv8n object detection model to automatically detect pedestrians and 
bicyclists. These empirically observed non-motorist counts were converted to average daily volumes and 
used to train a log-link linear regression model with bells, gates, crossbucks, and annual average daily traffic 
(AADT) as predictors. The model was then applied to inventory data across the four states to estimate daily 
non-motorist exposure at each crossing. The model explained approximately 81.6% of the variance in 
observed daily non-motorist volumes (R² ≈ 0.816), with MAE ≈ 14.1 users/day and RMSE ≈ 18.0 users/day, 
indicating that it captures the dominant spatial variation in non-motorist activity with operationally 
acceptable error. 

This study (Phase 2) integrates non-motorist exposure estimates into the Federal Railroad Administration’s 
(FRA) Accident Prediction and Severity (APS) Model and develops alternative crash prediction models. 
Two exposure scenarios are evaluated: (i) the current APS practice using AADT-only and (ii) an enhanced 
exposure metric combining AADT with predicted pedestrian and bicyclist volumes. Using a Zero-Inflated 
Negative Binomial (ZINB) implementation of the APS framework, the study finds that incorporating non-
motorist exposure increases predicted annual crashes by an average of 5.5% across the four states, with 
larger increases (up to ~60%) at crossings where non-motorist activity is substantial. This demonstrates that 
ignoring non-motorist traffic volumes underestimates crash risk at many HRGCs. 

A dedicated ZINB crash model is then estimated on the multi-state dataset to characterize the effects of 
roadway and crossing characteristics on crash frequencies. The model employs a two-part structure with a 
logit inflation component (log(Exposure), flashing lights, and gates) to account for structural zeros, and a 
Negative Binomial count component with roadway class, surface type, bells, and maximum timetable speed 
as predictors. The selected specification achieves the best Akaike Information Criterion/Bayesian 
Information Criterion (AIC/BIC) among competing models while maintaining low hold-out error (mean 
absolute error, MAE ≈ 0.091, root means squared error, RMSE ≈ 0.235 for five-year crash counts). Results 
show that higher roadway class, rougher or more complex surfaces, additional bell devices, and higher train 
speeds are all associated with increased expected crash counts, whereas higher exposure reduces the 
likelihood that a crossing is in the “always-zero crash” state. 

To further enhance predictive performance, the study develops a two-stage AI pipeline. Stage 1 uses a 
Random Forest Classifier with synthetic minority over-sampling or SMOTE-based technique to detect 
whether a crossing experiences any crash in the five-year window; Stage 2 uses a Random Forest Regressor 
to estimate crash counts at crossings predicted as at-risk. On the imbalanced test data (≈5.4% crossings with 
at least one crash), Stage 1 attains recall ≈ 0.97 and F1 ≈ 0.667, missing only 3 out of 100 crash-prone 
crossings while maintaining a precision (~0.51) markedly higher than the base rate. When combined with 
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Stage 2, the end-to-end AI system achieves MAE ≈ 0.0668 and RMSE ≈ 0.27 crashes on the test set, 
outperforming the ZINB baseline in pure predictive accuracy while providing a practical screening tool for 
prioritizing safety investments. 

This research demonstrates that (i) AI-based video analytics can reliably estimate non-motorist traffic 
volumes at HRGCs, (ii) incorporating these traffic volumes into exposure measures materially affects crash 
risk estimates, and (iii) a combination of interpretable statistical models (ZINB) and high-capacity AI 
models (two-stage Random Forest pipeline) offers a robust framework for identifying and ranking high-
risk HRGCs for pedestrians and bicyclists across multiple states. The work highlights the need for broader 
non-motorist data collection and state-specific calibration but provides a transferable methodology for 
advancing multimodal safety at highway-rail crossings. 
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1. Introduction 

Highway-rail grade crossings (HRGCs) are critical points of interaction between rail and roadway users 
with a significant risk of conflict due to the convergence of different transportation modes. While 
considerable progress has been made in reducing motor vehicle crashes through engineering, enforcement, 
and education programs, safety threats for pedestrians and bicycles remain a major problem [1,2,3]. 
Incidents at HRGCs involving non-motorists are more serious due to the vulnerability of those involved 
and the large impact forces associated with train collisions. 

Non-motorist safety at HRGCs involves specific issues that are distinct from those encountered with motor 
vehicles. Limited visibility, insufficient crossing infrastructure, inconsistent warning systems, and 
noncompliance with crossing rules all contribute to high danger levels [1,2,3]. Many present safety 
technologies are largely geared for automobile use, with little emphasis on pedestrian and cycling behavior. 
Furthermore, non-motorist decision-making patterns, such as the inclination to cross immediately before a 
train comes or to avoid gates, add behaviors that are difficult to monitor and forecast in the absence of 
specialist monitoring systems [7]. 

The Federal Railroad Administration (FRA) and state Departments of Transportation (DOTs) have long 
recognized the importance of improving safety at HRGCs, and numerous programs have been launched to 
increase infrastructure, public awareness, and enforcement [8]. Despite these efforts, non-motorist offenses 
have not decreased as much as motor vehicle violations. This gap highlights the importance of focused 
approaches to non-motorist detection, exposure estimate, and crash risk modeling. FRA maintains a large 
collection of HRGC inventory data, which includes characteristics such as, highway traffic control devices, 
pavement markings, land use, number of tracks, crossing surface, and traffic volume. Using these datasets, 
the FRA created an Accident Prediction and Severity (APS) Model in 2020 [10,11] to anticipate the 
predicted frequency of crashes at HRGCs for more efficient resource allocation and risk management. 
However, this crash prediction model does not incorporate the non-motorist exposure, which constitutes a 
significant gap. Accounting for non-motorists’ crash exposure is critical for more thorough safety 
evaluations and targeted treatments, especially since non-motorists related crashes frequently occur under 
different circumstances than motor-vehicle crashes. 

Advances in technology such as computer vision, artificial intelligence (AI), Internet of Things (IoT) 
sensors, and machine learning (ML) algorithms have created new opportunities for tracking and predicting 
safety concerns at HRGCs. Video analytics can be used to detect non-motorist presence, and track their 
movement patterns, providing useful data for predictive models. Using real-world data on non-motorist 
(pedestrian and bicyclist) traffic at HRGCs gathered from video surveillance in Phase I, we build models 
to predict their traffic at HRGCs in four Midwestern states: Missouri (MO), Kansas (KS), Nebraska (NE), 
and Iowa (IA). 

In this study, we extend the FRA framework by including non-motorist traffic volume estimates in the 
accident prediction procedure. We began by implementing the FRA’s 2020 crash prediction model using a 
5-year inventory dataset. A specific non-motorist traffic prediction model was used to estimate non-motorist 
volumes, which were then incorporated into the FRA model by adding non-motorist counts to the Annual 
Average Daily Traffic (AADT). The crash forecasts were then updated for HRGCs in four midwestern 
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states: Nebraska, Kansas, Missouri, and Iowa. We then created both a statistical and an AI-based crash 
prediction model to improve predictive accuracy and assess the integration of non-motorist traffic to AADT. 

1.1. Problem Statement 

Despite continued attempts to improve railroad crossing safety, non-motorists continue to face significant 
risks at HRGCs [13]. Existing safety programs, infrastructure improvements, and warning systems are 
mostly built with motorists in mind, which limits their usefulness for non-motorist users [12]. This gap is 
concerning, given the distinct behaviors, mobility patterns, and exposure risks associated with crossing 
activities of non-motorists. 

Current crash prediction model employed by FRA focuses on motor vehicle occurrences and rely primarily 
on aggregate crash history [10,11]. This crash prediction model does not incorporate non-motorists’ 
exposure. Moreover, available crash prediction models do not incorporate non-motorists’ exposure into 
predictive analyses. 

Without specific, data-driven models customized for non-motorists, agencies struggle to reliably identify 
high-risk crossings and prioritize interventions. As a result, investments in safety improvements may not 
result in optimal reductions in pedestrian and bicycling crashes. There is a significant need for 
methodologies that integrate statistical and machine learning approaches to solve these limitations and 
enable more effective safety planning for vulnerable road users near railroad crossings. 

1.2. Objectives 

The objectives for this research are as follows: 

1. Review existing crash frequency prediction models used for several transportation modes. 
Summarize the statistical and AI-based crash prediction models highlighting their applicability, 
scalability, and limitations. 

2. Collect and integrate inventory, crash, and non-motorist exposure data for assembling a multi-state 
HRGC data repository for 5-year period. 

3. Perform Exploratory Data Analysis (EDA) to analyze spatial, temporal and exposure related crash 
patterns using statistical summaries and visualizations.  

4. Implement the FRA APS model on a 5-year HRGC inventory dataset. Employ the non-motorist 
volume prediction model to estimate the non-motorists counts and integrate these with AADT 
values to get updated annual crash predictions using FRA’s APS model. 

5. Develop statistical and AI-based crash prediction models incorporating exposure for motorist and 
non-motorists at HRGCs using techniques such as linear regression, zero-inflated models, negative 
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binomial regression, decision trees, support vector machines (SVMs), random forests, and neural 
networks. 

6. Compare and evaluate the model performance using performance metrics such as RMSE (Root 
Mean Square Error), MAE (Mean Absolute Error), R² (R-squared), and AIC (Akaike Information 
Criterion). Assessments to evaluate computational efficiency, and feature importance for 
interpretability. 

7. Identify the most effective model based on quantitative performance and practical applicability and 
recommend final model for HRGC safety applications and future crash prediction efforts. 

1.3. Research Framework 

Figure 1 presents the research framework. As depicted, the first step of the process was to assemble a five-
year HRGC inventory dataset and crash history for Nebraska, Kansas, Missouri, and Iowa. Second step was 
to estimate the non-motorist traffic volumes for the four states. Using this estimation, we refine the exposure 
metrics by combining the AADT and non-motorist volume for each crossing. These updates exposure 
estimates were then used in the FRA’s APS model to generate the updated annual crash predictions for the 
four states. Using the prepared multi-state HRGC dataset, we developed statistical and AI-based crash 
prediction models. Selection of final proposed crash prediction model was done after comparison using a 
set of performance indicators. 

 

Figure 1. Research framework 
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1.4. Organization of the Report 

This report consists of five chapters. Chapter 1 (this chapter) is the introduction followed by Chapter 2 that 
presents a review of pertinent literature. Chapter 3 presents the research methodology including 
development of non-motorist traffic volume predictions, the FRA accident prediction model, and the 
development of statistical and AI models. Chapter 4 provides the analysis and results while Chapter 5 
presents the conclusions and research limitations.  
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2. Literature Review 

HRGCs are critical locations of contact between road users and railroads, posing safety problems due to 
their multimodal nature [14]. Despite considerable improvements in infrastructure and warning 
mechanisms, HRGCs continue to experience crashes involving trains and a mix of motor vehicles, bicyclists, 
and pedestrians. According to the US Government Accountability Office (GAO), 89 pedestrians were killed 
at public HRGCs in 2023, which represented about forty-one percent of all HRGC fatalities that year. This 
was up from about thirty-one percent pedestrian fatalities at HRGCs in 2014 [15]. Pedestrians and bicyclists 
lack physical protection, which increases the likelihood of severe injury outcomes compared to motor 
vehicle users.  

2.1. HRGC Crash Prediction Models 

State transportation agencies ensure HRGC safety within their jurisdictions. They prioritize and select 
projects for improving HRGC safety by considering a variety of factors including output from crash 
prediction models [16]. Since the 1940’s transportation agencies have relied on crash and hazard prediction 
models to quantify risk at HRGCs [17]. The two main ingredients of all models are measures of highway 
motor vehicle and rail traffic, i.e., Annual Average Daily Traffic (AADT) and daily train traffic. Together, 
these two account for crash exposure due to motor vehicle and train traffic, which represents the 
opportunities for occurrence of motor vehicle-train involved crashes. While AADT accounts for the portion 
of exposure arising from vehicular traffic, it is a subset of the total highway traffic. The complete exposure 
from highway traffic is the sum of motor vehicle and non-motor vehicle traffic (pedestrians, bicyclists, and 
other forms of non-motorized users). Thus, existing crash prediction models are predicting fewer crashes 
at HRGCs due to non-consideration of crash exposure from highway users such pedestrians and bicyclists. 
However, the magnitude of the shortfall is unknown because non-motor vehicle traffic counts at HRGC are 
rarely available. 

2.2. Non-Motorist Safety at Grade Crossings 

With growing emphasis on multimodal mobility and active transportation, the vulnerability of non-
motorists at HRGCs is becoming more important. An observational study found non-motorists to frequently 
indulge in unsafe behavior at HRGCs when trains were approaching [18]. This study reported no significant 
differences in the mean frequencies of pedestrian vs bicyclist gate-related violations at HRGCs; 1.27 
gate-related violations were recorded per crossing event. Children of around 8 years of age or younger were 
involved in 25% more gate-related violations than older users. The study also reported increased gate 
violations with greater numbers of individuals present at the crossing, but the contribution from young 
children was disproportionately higher. Another study explored the use of population in the vicinity of 
HRGCs besides rail crossing attributes to predict HRGC crashes using a binary logit model [19] while 
another study [20] investigated factors influencing bicycle crashes at skewed HRGCs and reported approach 
angle as the most significant determinant of crashes with a critical traversing angle of 30 degrees.   
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A study of pedestrians and bicyclists with respect to their violations at HRGCs, distracted behaviors, and 
crossing speeds [21] reported 88.9 percent pedestrians and 93.3 percent bicyclists engaged in violations at 
HRGCs; 9.5 percent of pedestrians and 7.7 percent of bicyclists were distracted while crossing HRGCs. 
With respect to crossing speed, several pedestrian/bicyclist and HRGC/environmental characteristics 
impacted crossing speeds. Furthermore, the HRGC gate violation rates were higher than previous research 
[18]. 

A study of pedestrian and bicyclist warnings devices and signs at HRGCs [22] reported a lack of standards 
to analyze/quantify pedestrian risk at HRGCs and the use of signs and devices that were not compliant with 
the Manual of Uniform Traffic Control Devices (MUTCD). It further indicated that the effectiveness of any 
sign or device in reducing the risk of a collision between a pedestrian and a train was unknown. Along the 
same lines, a Volpe Center study [23] surveyed the state of pedestrian treatments and reported a lack of 
consistent evidence regarding the effectiveness of combinations of devices (e.g., pedestrian swing-gates, 
in‐pavement lights, channelizing fences) in improving pedestrian safety. It recommended research to 
identify the efficacy of pedestrian treatments at HRGCs. 

Overall, several studies have highlighted the increasing concern over pedestrian and bicyclist safety at 
HRGCs. Observational research has shown frequent gate-related violations by non-motorists, particularly 
by young children and in group settings, with no significant difference between pedestrian and bicyclist 
behavior. Factors such as distraction, approach angle, and crossing speed were found to influence crash 
risks and unsafe behaviors. Despite the use of various warning devices and signs at HRGCs, their 
effectiveness remains unclear due to non-standardization and limited supporting evidence, prompting calls 
for further research.  

2.3. AI Applications in Transportation Safety 

AI has increasingly emerged as a transformative tool in addressing transportation safety challenges, 
enabling more accurate predictions, enhanced risk assessment, and proactive safety interventions. In the 
context of HRGCs, AI applications build on advancements in data processing, machine learning algorithms, 
and pattern recognition to identify safety-critical factors that traditional statistical approaches may not fully 
capture. 

The integration of AI into transportation safety has demonstrated transformative potential across multiple 
modes, including HRGCs, urban roadway systems, and maritime navigation. AI applications in this domain 
focus on analyzing driver and traveler behavior, enhancing control systems, predicting crash severity, and 
enabling proactive safety interventions. 

At HRGCs, studies highlight the critical role of AI in mitigating risks. For instance, Ren et al. [24] analyzed 
traffic safety and injury severity at undivided two-way crossings, showing that non-compliance with traffic 
control devices remains a major contributor to accidents. They suggest AI-driven educational and 
enforcement strategies as effective countermeasures. Similarly, Yeh and Multer [25] reviewed traffic 
control devices and barrier systems, emphasizing the need for innovative intervention strategies to prevent 
driver violations of active warning signals. Environmental influences have also been investigated; Hao and 
Kamga [26] found that inadequate lighting correlates with increased crash severity at low-traffic crossings, 
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pointing to the potential for AI systems to incorporate real-time environmental data into predictive safety 
measures. Yeh et al. [27] further demonstrated how safety factors at crossings can be evaluated using signal 
detection theory, suggesting that AI could extend such analyses for real-time decision support. 

Technological advancements have further expanded AI applications at HRGCs through connected vehicle 
systems and in-vehicle warnings. Wang et al. [28] proposed a connected vehicle–based warning system that 
proactively alerts drivers about approaching trains, while Nadri et al. [29] investigated in-vehicle auditory 
alerts to mitigate risks from driver inattention. Parallel to these efforts, Rana et al. [30] utilized machine 
learning techniques on crash data to identify hotspot locations, enabling targeted interventions, and Fan et 
al. [31] demonstrated the use of multinomial logit modeling for analyzing crash severity. Together, these 
efforts underscore AI’s growing role in developing predictive models that guide safety countermeasures. 

Beyond HRGCs, AI has been increasingly applied in broader transportation safety contexts. Intelligent 
Transport Systems (ITS) are leveraging AI for real-time data analysis, traffic management, and decision-
making. Kalašová et al. [32] emphasized the importance of AI in facilitating driver interaction with ITS by 
collecting, processing, and disseminating traffic-related information. Zhao and Chen [33], as well as Zhao 
[34], highlighted the role of deep learning in managing spatial and temporal challenges in urban 
transportation systems, demonstrating how AI enhances both safety and efficiency. Similarly, Jaidev et al. 
[35] showed that AI can improve situational awareness of road conditions and driver behavior, further 
reducing accident risks. 

AI’s impact is not limited to road transport. In maritime contexts, early applications such as the Automatic 
Identification System (AIS) have been used for collision avoidance and situational awareness. Grabowski 
and Dhami [36] highlighted the adoption of AIS to prevent collisions through enhanced navigation 
information, while Vestre et al. [37] documented its broader role in improving operational safety in high-
traffic maritime channels. These studies demonstrate how AI methodologies for predictive modeling, data-
driven interventions, and real-time monitoring extend across transportation domains. 

In summary, AI applications in transportation safety exhibit a multifaceted landscape: at HRGCs, AI 
enables improved prediction, warning systems, and environmental awareness; in urban networks, AI 
strengthens ITS and crash prevention; and in maritime operations, AI-driven systems like AIS enhance 
collision avoidance. Collectively, these advancements illustrate the transformative role of AI in reshaping 
safety frameworks and creating more resilient transportation systems. 

2.4. Gaps in Existing Research 

The analysis of non-motorist exposure at HRGCs, particularly for pedestrians and bicyclists, remains a 
critical yet underexplored area of transportation safety. Research to date has emphasized injury severity, 
behavioral patterns, and environmental factors, but has not sufficiently addressed how exposure itself 
influences predictive crash modeling at HRGCs. 

Eluru et al. [38] employed a mixed generalized ordered response model to investigate pedestrian and 
bicyclist injury severity in broader traffic crashes. Their work underscores the importance of capturing non-
motorist behavior through advanced modeling, offering insights into more effective safety strategies. 
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Similarly, Dong et al. [39] analyzed injury severity at mid-block locations and highlighted pre-crash 
behaviors, noting that although non-motorists constitute a smaller share of traffic, they account for a 
disproportionately high percentage of fatal outcomes. These findings point to the heightened vulnerability 
of non-motorists and the necessity of targeted safety interventions. 

At HRGCs specifically, Metaxatos and Sriraj [40] advocated standardized warning devices and improved 
engineering practices that explicitly address pedestrian and bicyclist risks. This is complemented by 
Kizawi’s [41] analysis of conflicts between vehicles and non-motorists, which demonstrated how changes 
in traffic patterns exacerbate risks for vulnerable road users. Environmental conditions have also been 
shown to play a substantial role: Easa et al. [42] emphasized the importance of improving sight distance at 
grade crossings to mitigate risks associated with limited visibility, while Al-Mahameed et al. [43] used 
structural equation modeling to identify roadway design and socioeconomic factors as significant 
contributors to crash likelihood among non-motorists. 

Collectively, these studies provide valuable insights into injury severity and risk factors, but they reveal 
two critical gaps. First, existing research has largely examined behavioral and environmental determinants 
of non-motorist crashes, without explicitly quantifying non-motorist exposure as a predictor within crash 
frequency models at HRGCs. Second, despite evidence that non-motorists face significant risks, no studies 
to date have evaluated how incorporating non-motorist exposure data alters crash prediction outcomes 
compared to models based solely on vehicular traffic (e.g., AADT). Addressing these gaps is essential for 
developing more comprehensive and equitable safety models that capture the realities of multimodal travel 
at HRGCs. 
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3. Methodology 

This chapter outlines the methodological framework adopted in this study, which is divided into two main 
phases. Phase I focuses on non-motorist volume prediction, building on Year 1 efforts where video data 
from selected urban and suburban HRGCs was processed using AI-based object detection techniques to 
quantify pedestrian and bicyclist exposure. The outputs of this phase formed the basis of NM volume 
prediction models. Phase II centers on the development and application of crash prediction models, 
leveraging both statistical and AI-based approaches. By integrating NM exposure estimates into the FRA 
existing crash prediction methodology, this study provides an enhanced framework for predicting crash 
frequency and identifying safety risks at HRGCs across multiple states. 

3.1. Phase I: Non-Motorist Volume Prediction 

3.1.1. Data Collection 

In Phase I, data collection was conducted using Miovision cameras and City of Lincoln’s existing 
surveillance systems deployed at 18 rail crossings in Lincoln, Nebraska. These crossings were chosen to 
capture both urban and suburban environments, ensuring diversity in traffic conditions. Video data was 
recorded over several days to account for variations in non-motorist behavior and temporal travel patterns. 
From these recordings, footage was systematically processed to extract information on pedestrian and 
bicyclist movements at crossings. 

3.1.2. Object Detection via AI Models 

To quantify NM exposure, the study implemented YOLOv8n, a state-of-the-art computer vision model 
trained for real-time object detection. The model was fine-tuned to recognize pedestrians and bicyclists, 
allowing accurate frame-by-frame detection from the collected videos. Post-processing techniques 
aggregated detections across time intervals, converting raw counts into standardized traffic measures. This 
AI-based approach significantly reduced manual counting efforts and provided consistent, scalable 
detection performance across varied environments. 

3.1.3.  Non-Motorist Traffic Volume Prediction Model Preparation 

By applying a prediction model that we estimated using empirically obtained video data from sample 
HRGCs to a larger inventory dataset, we were able to estimate non-motorist traffic at the various HRGCs 
under consideration. Using the same four-state crossing inventory, a different dataset was created to 
quantify non-motorist crash exposure, concentrating on important characteristics linked to the presence of 
bicyclists and pedestrians. Based on their availability and pertinence, the following variables were chosen 
as features in the model: Gates, Bells, XBuck (crossbuck), and AADT. 
 
Over the course of many days, deployed cameras at 18 HRGCs in Lincoln, NE recorded video footage of 
pedestrian and bicyclist traffic at those crossings. The cameras captured continuous video footage, which 
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was processed with the YOLOv8n object detection model. The extracted data were checked with manual 
observations of the video footage to verify accuracy of the pedestrian and bicyclist counts. The entire 
number of observed non-motorists was added together and normalized by the total number of recording 
hours for each crossing to get an average daily non-motorist traffic volume. The regression model used this 
estimated value as its response or target variable. Throughout data preprocessing and feature extraction 
procedures, we followed the FRA’s crash prediction guidelines to guarantee uniformity and comparability. 
As a result, the non-motorist exposure estimations were easily included in the pre-existing crash prediction 
framework. The final dataset, which included 13,672 HRGCs after the cleaning, merging, and 
transformation processes were finished for all four states, was prepared for comparative safety analysis and 
predictive modeling. 

 

3.1.4.  Non-Motorist Traffic Volume Prediction Model 

We developed a regression model to estimate the average daily non-motorist traffic volume at HRGCs. 
After preparing the dataset for non-motorist traffic volume prediction (described earlier), we trained the 
model using observed non-motorist counts as the response or target variable. A standard linear regression 
model was fitted between the log-transformed counts and selected features: Bells, Gates, AADT, and 
XBuck (described in Table 1). The observed counts were aggregated and averaged to yield a representative 
daily non-motorist volume for each crossing. The model follows a Poisson-like approach using a log-link 
function, ensuring compatibility with count data. Final predictions were obtained by exponentiating the 
linear predictor to revert from the log scale to daily counts. The equations of the model are: 

log(𝜆𝜆𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑠𝑠𝑖𝑖 + 𝛽𝛽2𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑠𝑠𝑖𝑖 +  𝛽𝛽3𝐴𝐴𝐴𝐴𝐴𝐴𝑇𝑇𝑖𝑖 + 𝛽𝛽4𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑘𝑘𝑖𝑖    (1) 

𝑉𝑉𝚤𝚤� = exp (log(𝜆𝜆𝑖𝑖))       (2) 

where: 𝑉𝑉𝚤𝚤�= predicted average daily non-motorist traffic volume at crossing 𝑖𝑖, Bells, Gates, Aadt, XBuck are 
regression predictors, and coefficients 𝛽𝛽𝑘𝑘are estimated via linear regression on the log-link scale. After 
training on NE data, the learned coefficients were applied to the processed inventory data from MO, KS, 
NE, and IA. This resulted in non-motorist traffic volume estimates across 13,672 HRGCs, consistent with 
FRA data standards. 

3.2. FRA Accident Prediction Model 

3.2.1. Data Processing and Analysis 

To apply the FRA APS Model for crash prediction, we first created a single dataset by combining the 
accident/incident records for the four MO, KS, NE, and IA with the Grade Crossing Inventory File [45]. 
The USDOT Crossing Number was used as the primary key in the merge process. The FRA APS Model 
requires the use of five-year crash data. For this research, the 2020-2024 period was used. A feature often 
encountered in crash data modeling is an unbalanced and significantly zero-inflated response or target 
variable, which was the case in this research due to the presence of thousands of crossings with zero reported 
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crashes over the five-year period. The response or target variable for modeling was the total five-year crash 
count, and it is represented by: 

𝑦𝑦𝑖𝑖 = The number of reported crashes at crossing "𝑖𝑖" between 2020 and 2024. 

In this case, no binary conversion was used because the goal was to anticipate count data rather than record 
merely crash occurrence. To standardize their distributions and stabilize variance, several characteristics 
were log-transformed to satisfy the FRA’s APS Model requirements (Zero-Inflated Negative Binomial or 
ZINB). A log-linear structure is defined by the APS Model (GX APS2-A) model, in which the crash rate 
equation incorporates the natural log of specific features. Further details are in subsection “Implementation 
of FRA’s Crash Prediction Model”. 

We used the variables and equations specified in the official specification to create the ZINB crash 
prediction model developed by the FRA. These variables included Exposure, AADT, MaxTtSpd, 
TotalTrains, D2, D3, HwyClassCD, and XSurfIDs [5]. Table 1 presents the details of these variables. For 
model compatibility, the warning device type, WDCode, categorical variable was also converted into two 
binary features as given in the data dictionary [45]. One characteristic, D₂, shows whether flashing lights 
are installed at the crossing, while another feature, D₃, shows whether gates are present. Passive crossings 
were defined as those without gates or lights (i.e., where both D₂ and D₃ equal zero). The safety impact of 
the various warning device kinds in the model is captured by this encoding. 

The dataset that resulted from combining crash records and inventory data using Crossing ID was 
unbalanced since it had many zeros, i.e., crossings without any reported collisions. The ZINB model, which 
uses a two-part structure to account for excess zeros, is justified by this feature. 

3.2.2. Dataset Preparation (Form 57, Form 71, Exposure) 

We assembled a cross‐sectional, multi-state dataset by merging the FRA Highway-Rail Crossing Inventory 
(Form 57) with the FRA Highway-Rail Incident (Form 71) crash records on the common crossing identifier 
(USDOT Crossing ID). Form 57 supplied static and dynamic site characteristics (e.g., warning devices, 
approach speed limits, track configuration, train volumes), while Form 71 contributed the five-year crash 
counts needed for model training and validation. Exposure was represented in two scenarios: (i) AADT-
only (current Accident Prediction System (APS) practice) and (ii) AADT + estimated daily non-motorist 
volume (pedestrians + bicyclists) obtained from Phase I and appended to AADT to reflect total highway 
user exposure. The final integrated dataset comprised 13,672 HRGCs across MO, KS, NE, and IA after 
cleaning, merging, and transformation, following FRA crash-prediction guidelines to ensure consistency of 
inputs across scenarios. 

3.2.3. Data Cleaning and Feature Engineering 

We removed rows with missing key predictors or invalid codes, harmonized categorical encodings (e.g., 
rural/urban, warning device categories), and verified ranges/units for traffic and train volumes. Following 
the FRA APS transformations, AADT, Total Trains, Exposure, and Maximum Timetable Speed were log-
transformed with variable-specific scaling factors (α) so that the transformation is centered at the variable’s 
median (i.e., the log-transform equals zero at the median). This centering improves numerical stability and 
interpretability of the log-links used in the count process. Because many crossings experience zero crashes 
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in a five-year window, the crash outcome distribution is zero-inflated and over-dispersed, motivating a two-
part model structure (zero-inflation + negative binomial count), as used by FRA’s APS framework. 

3.2.4. Implementation of FRA’s Crash Prediction Model 

We used the ZINB model as outlined in the GX APS2-A report [44] to simulate the crash prediction 
framework of the FRA. To determine the anticipated number of accidents over a five-year period, the model 
consists of two parts: a count model, and a zero-inflation model. For AADT, Total Trains, Exposure, and 
Maximum Timetable Speed, natural log-transformation is needed as follows. 

𝑋𝑋 = ln (1 + 𝛼𝛼𝛼𝛼)      (3) 

Where X is the natural log transformed variable, 𝑥𝑥 is the input variable, 𝛼𝛼 is a scaling factor selected so 
that for the median value of 𝑥𝑥, the following equation holds true: 

ln(1 + 𝛼𝛼𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) = ln (𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)     (4) 

Using a variety of crossing features, the model’s accident count component forecasts the anticipated number 
of collisions at each crossing across a five-year range. This is modeled using the Negative Binomial 
regression’s log-link form, given as: 

𝑁𝑁𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =
𝑒𝑒𝛽𝛽𝑜𝑜+𝛽𝛽1 ln(1+𝛼𝛼1𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸)+𝛽𝛽2D2+𝛽𝛽3D3+𝛽𝛽4𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻+𝛽𝛽5𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋+𝛽𝛽6 ln(1+𝛼𝛼6𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴)+𝛽𝛽7ln (1+𝛼𝛼7𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀)         (5) 

𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝑧𝑧
1+𝑧𝑧

,   𝑧𝑧 = 𝑒𝑒𝛾𝛾𝑜𝑜+𝛾𝛾1 ln(1+𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼)     (6) 

𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑁𝑁𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(1− 𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼)      (7) 

By down weighting the forecast for HRGCs with excess zeros, this formulation guarantees that the model 
maintains its sensitivity to HRGC variability in crash risks. As explained in the FRA’s approach, we applied 
the Empirical Bayes (EB) modification to increase prediction reliability, particularly at low-volume 
crossings. This involves using a weight “𝑤𝑤” that is calculated from the relative variance of prediction to 
combine the predicted value with the observed crash count, 𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜. 

𝑁𝑁𝐸𝐸𝐸𝐸 = 𝑤𝑤𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + (1 −𝑤𝑤)𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜       (8) 

𝑤𝑤 = 1

1+
𝑉𝑉[𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝]
𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

       (9) 

Where, 𝑉𝑉[𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝] is the variance of the crossing’s predicted number of crashes. Use of the above equations 
enabled estimation of crash predictions for the four states under consideration in this research.  

 

Table 1. Description of variables used in the FRA crash prediction and non-motorist traffic volume 
models. 

Feature/variable 
Name 

Description 
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AADT Annual Average Daily Traffic  
TotalTrains Sum of total daylight through trains and total night through trains 
Exposure Product of AADT and Total Trains 
MaxTtSpd Maximum timetable speed 
D2 Binary indicator for flashing lights (1 = lights present, 0 = no lights) 
D3 Binary indicator for gates (1 = gates present, 0 = no gates) 
XSurfIDs Crossing surface 
HwyClassCD Crossing location type: Rural or Urban 
XBuck Number of crossbuck assemblies 
Gates Count of roadway gateway arms 
Bells Number of bells 

3.3. Phase II: Crash Prediction Model Development 

3.3.1. Statistical Model 

3.3.1.1. Data and Target Overview 

This section uses the same merged MO–KS–NE–IA dataset described in Data Processing and Analysis 
section, with the identical 2020–2024 five-year window, cleaning and merging steps (Form 57 + Form 71 
via USDOT Crossing ID), and field definitions. The unit of analysis is a USDOT highway-rail grade 
crossing, and the response variable is the five-year crash count at each crossing; we model counts directly 
rather than binarizing occurrence. As established earlier, the outcome is highly zero-inflated and over-
dispersed, motivating a Zero-Inflated Negative Binomial (ZINB) approach. From the prepared fields we 
employ exposure and operational measures (e.g., log(Exposure), MaxTtSpd), device/configuration 
indicators (D2 for lights, D3 for gates, HwyClassCD, XSurfIDs, Bells, with rare level collapsing), and the 
same encodings and reference categories specified previously. Here we focus on model specification, 
screening, and results, while deferring all data-construction details to the prior section. 

3.3.1.2. Univariate Screening: Relationship to Accidents 

We began with univariate checks to understand how each candidate predictor relates to the five-year crash 
count at a crossing. For numeric variables (e.g., MaxTtSpd, AADT, Exposure) we inspected scatter/point 
plots of Accidents vs. the predictor with smoothed trends and binned means, and we computed rank 
correlations with the positive-count subset to avoid zero-inflation dominating the signal. For categorical 
variables (e.g., HwyClassCD, XSurfIDs, Bells, Gates), we compared groupwise means of Accidents and 
the proportion of zeros in each level. Collectively, these screens informed which variables enter the count 
model vs. the zero-inflation model and where level collapsing was warranted. 

Categorical variables are encoded as indicator (dummy) variables using a reference (baseline) level; 
coefficients are interpreted relative to that baseline in the count model. We collapse rare levels (below a 
minimum count threshold) into “other” category to stabilize estimation.  
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Figure 2 summarizes numeric predictors (Exposure, MaxTtSpd, HwySpeed) by plotting, for equal-
frequency bins, the probability that a crossing has ≥1 crash (blue line, left axis) alongside the average crash 
count conditional on ≥1 crash (gray bars, right axis). Exposure shows the clearest monotonic pattern: higher 
exposure is associated with a higher likelihood of any crash and slightly higher conditional means—
consistent with exposure being the primary driver of risk. Speed variables show a milder, mostly increasing 
relationship with crash occurrence; conditional means remain near ~1–2, indicating severity (given a crash) 
does not change much across speed bins. Figure 3 provides the categorical analogue: for each level of 
HwyClassCD, XSurfIDs, and Bells, the blue bar is the fraction of crossings with ≥1 crash and the orange 
bar is the mean count among those that crashed. Elevated probabilities appear for higher roadway classes 
(1, 3, 4), higher surface codes (3–4), and non-zero bell categories, which matches the directions seen in the 
ZINB coefficients. The “other” bell category shows high rates but is rare; those values should be interpreted 
cautiously. Note that the two y-axes differ in scale (probability vs. mean count).  

 

Figure 2. Numeric predictors vs. accidents 

For Exposure, MaxTtSpd, and HwySpeed (binned), the blue line shows the fraction of crossings with ≥1 
crash (P[Accidents>0]; left axis) and gray bars show the average crash count conditional on ≥1 crash (right 
axis). Exposure exhibits the strongest positive association with crash occurrence; speed effects are weaker 
and mostly affect occurrence rather than conditional severity. 
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Figure 3. Categorical predictors vs. accidents 

For each level of HwyClassCD, XSurfIDs, and Bells, blue bars show the fraction of crossings with ≥1 crash 
(left axis) and orange bars show the average crash count conditional on ≥1 crash (right axis). Higher 
roadway classes and surface codes are associated with higher crash occurrence; non-zero bell categories 
correlate with higher risk, while the rare “other” level should be interpreted with caution. 

3.3.1.3. Screening and Encoding (Univariate Evidence → Modeling Choices) 

We began with univariate diagnostics to understand how each candidate feature relates to the five-year 
crash count at a crossing and to decide how predictors should enter the model. For numeric variables (e.g., 
MaxTtSpd, AADT, Exposure), we plotted Accidents against each predictor with smoothed trends and equal-
frequency binning, and we computed rank correlations on the positive-count subset to avoid the zero-mass 
dominating the signal. For categorical variables (e.g., HwyClassCD, XSurfIDs, Bells, Gates), we compared 
(i) the fraction of crossings with ≥1 crash and (ii) the mean crash count conditional on ≥1 crash across levels. 
These views guided two linked decisions: (1) whether a predictor informs the count component (variation 
in non-zero rates) or the inflation component (propensity to be structurally zero), and (2) how to encode the 
predictor for stable estimation. 

Key univariate findings (evidence → model entry). 

• “MaxTtSpd” shows a clear positive association with crash counts among crossings with y>0 → 
kept in the count part. 

• “XSurfIDs” displays strong level differences (levels 1, 3, 4 > baseline in both non-zero probability 
and conditional mean) → kept in the count part (with rare levels collapsed). 

• “HwyClassCD” levels 1, 3, 4 exceed baseline; level 2 behaves similarly to baseline → kept in the 
count part, with 2 → baseline for stability. 
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• “Bells” has higher means for levels 1–2 vs baseline, but very sparse categories inflate variance → 
kept in the count part, with rare levels → “other.” 

• “Gates” (counts) is weak/inconsistent once D2/D3 and other devices are considered → not 
prioritized for the count part. 

• Exposure / AADT / TotalTrains. Exposure = AADT × TotalTrains tracks crash propensity but is 
collinear with its factors; we therefore use log(Exposure) in the inflation equation to flag structural 
zeros (very low exposure → higher zero odds) and omit AADT/TotalTrains from the count side to 
avoid redundancy. 

• “HwySpeed”, “XBuck”, “Whistban” add little incremental signal for positive counts and do not 
reduce zero proportions → not prioritized for the baseline model. 

Encoding choices for stable estimation. 

• Dummy (indicator) encoding is used for all categorical predictors with a designated reference 
(baseline) level; coefficients in the count model are interpreted relative to that baseline. 

• Rare-level collapsing. To prevent unstable maximum-likelihood estimates from sparse cells, 
categories below a minimum frequency threshold are collapsed to “other” (e.g., Bells). 

• Substantive merges. Where diagnostics showed a level empirically/operationally indistinguishable 
from baseline, we merge it into the baseline (e.g., HwyClassCD: 2.0 → baseline, XSurfIDs: 2 → 
baseline). 

• Train/test alignment. We fix the same level set and reference categories across splits so that design 
matrices (dummy columns) match exactly during fitting and prediction. 

Figure 2 (numeric) and Figure 3 (categorical) visualize the probability of any crash and the conditional 
mean count side-by-side, and Table 2 summarizes how these univariate patterns map to final modeling 
decisions (kept/dropped, count vs. inflation, and any collapsing/merging applied). See Appendix A for 
complete numeric and categorical univariate plots (probability of ≥1 crash and conditional mean counts), 
which underpin the variable inclusion, collapsing, and baseline selections summarized in Table 2. 
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Table 2. Univariate screening summary 

Feature Type What the plot 
showed 

Notes / 
interpretation 

Used in model 

Exposure 
(AADT × 
TotalTrains) 

numeric More positives at 
higher exposure; 
long right tail 

Core exposure 
driver; variance 
grows with level 

Inflation: 
log(Exposure) 

AADT, 
TotalTrains 

numeric Weak individually; 
collinear with 
Exposure 

Redundant with 
Exposure 

Dropped 

MaxTtSpd numeric Mild positive 
association with 
crash counts 

Interpretable 
operating risk 

Kept in count 

HwySpeed numeric Very 
weak/irregular 
trend 

Adds little beyond 
MaxTtSpd/Exposure 

Dropped 

HwyClassCD categorical Higher classes 
show more 
non‑zeros than 
baseline 

Traffic/context proxy Kept in count 
(C(HwyClassCD_c), 
2→0) 

XSurfIDs categorical Levels 3–4 show 
more positives than 
0/1 

Road 
surface/condition 
proxy 

Kept in count 
(C(XSurfIDs_c), 
2→0) 

Bells (WD 
sub‑type) 

categorical Some configs (1,2) 
higher than 
baseline; rare levels 
noisy 

Selection effect at 
riskier sites 

Kept in count 
(rare→'other') 

D2 (flashing 
lights) 

binary Mixed at raw level; 
separates structural 
zeros 

Good in the zero 
model. 

Kept in inflation 

D3 (gates) binary Mixed at raw level; 
dominated by zeros 

Same as D2 Kept in inflation 

Gates (count) categorical/ 
ordinal 

Sparse at higher 
counts; no clear 
monotone trend 

Collinear with 
D3/WD. 

Excluded from count 

XBuck 
(crossbucks) 

ordinal Weak/irregular; 
many zeros at all 
levels 

Adds little beyond 
D2/D3/WD 

Dropped 

Whistban 
(whistle ban) 

binary Very sparse; no 
stable signal 

Policy heterogeneity 
+ sparsity 

Dropped 

 

3.3.1.4. Zero-Inflation Rationale and Inflation Features 

The response distribution is extremely sparse (≈95% of crossings report zero crashes over five years), which 
is inconsistent with a single Negative Binomial process and indicates the presence of structural zeros—
crossings effectively not at risk during the period (e.g., very low traffic or inactive operations). To address 
this, we estimate a Zero-Inflated Negative Binomial (ZINB) in which a logit inflation model first predicts 
whether a site falls into the always-zero state, and the NB count model governs crashes for the remaining 
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at-risk sites. Inflation-side predictors are selected to flag conditions associated with structural-zero behavior: 
log(Exposure), D2 (flashing lights), and D3 (gates). In estimation, the coefficient on log(Exposure) in the 
logit equation is negative, meaning that higher exposure is associated with lower odds of a site being 
structural zero. The device indicators D2 and D3 provide additional separation of zero-prone locations. This 
two-part specification avoids forcing excess zeros into the count process and improves inference for 
crossings where crashes are genuinely possible. 

3.3.1.5. Zero-Inflated Negative Binomial (ZINB) specification 

We estimate a ZINB to handle two defining features of the data: (i) extreme zero inflation and (ii) over-
dispersion among the non-zero counts. Let Yi denote the five-year crash count at crossing i. We assume a 
two–component mixture: 

  𝑌𝑌i~ �  0 ,                          with probability πi    (structural zero)  
NB(𝜇𝜇𝑖𝑖,α), with probability (1 −  𝜋𝜋𝑖𝑖)  (at − risk process)�                             (10) 

Where 𝜇𝜇𝑖𝑖 > 0  is the mean of the negative binomial count component and α >
0 is the dispersion (negatve binomial variance inflation)  parameter. Under the mean–dispersion 
parameterization:  

E[𝑌𝑌i |at − risk] =  𝜇𝜇𝑖𝑖 , Var[𝑌𝑌𝑖𝑖 | at − risk]  =  𝜇𝜇𝑖𝑖  +  α 𝜇𝜇𝑖𝑖2                                       (11) 

 so α > 0 allows over-dispersion relative to Poisson. 

To operationalize the two components, we specify the link functions and linear predictors, mapping the 
structural-zero probability through a logit link and the at-risk mean count through a log link as follows.  

• Inflation (logit) part — probability of a structural zero: 

Pr(𝑌𝑌𝑖𝑖  𝑖𝑖𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑧𝑧𝑧𝑧𝑧𝑧𝑧𝑧) = π𝑖𝑖 ,              logit(π𝑖𝑖) = z𝑖𝑖Tγ,                         (12) 

with  

𝑧𝑧𝑖𝑖 = [log(𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑒𝑒𝑖𝑖) ,𝐷𝐷2,𝐷𝐷3],                                                                 (13) 

so higher log(Exposure) typically reduces π𝑖𝑖  (fewer structural zeros), while device indicators 
𝐷𝐷2,𝐷𝐷3 capture configurations associated with crossings that rarely experience crashes. 

• Count (NB) part — expected crashes for at-risk crossings: 
E[𝑌𝑌i |at − risk] =  𝜇𝜇𝑖𝑖 , log(μi)  = 𝑥𝑥𝑖𝑖T𝛽𝛽,                                    (14) 

with 𝑥𝑥𝑖𝑖  = [ dummies(HwyClassCD_ci), dummies(XSurfIDs_ci), dummies(Bellsi), MaxTtSpdi ]. 
Categorical covariates HwyClassCD_c, XSurfIDs_c, and Bells are the collapsed/cleaned factors 
used to stabilize estimation; they are encoded as indicator (dummy) variables with a designated 
baseline for each factor. 

Given these links, the data-generating process is a mixture of a structural zero and a negative binomial 
count, which yields the following observation-level probabilities and likelihood. Let 𝑓𝑓𝑁𝑁𝑁𝑁(𝑦𝑦|𝜇𝜇𝑖𝑖 ,𝛼𝛼) denote 
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the negative binomial pmf under the mean–dispersion parameterization. The observation-level probabilities 
are: 

  Pr(Yi = 0) = 𝜋𝜋𝑖𝑖 + (1 − 𝜋𝜋𝑖𝑖)𝑓𝑓𝑁𝑁𝑁𝑁(0|𝜇𝜇𝑖𝑖 ,𝛼𝛼), Pr(Yi = 𝑦𝑦 > 0) = (1 − 𝜋𝜋𝑖𝑖)𝑓𝑓𝑁𝑁𝑁𝑁(𝑦𝑦|𝜇𝜇𝑖𝑖 ,𝛼𝛼).                           (15) 

Under this parameterization, coefficients from the two components admit complementary interpretations. 
In the count (NB) part, a one-unit increase in a scalar covariate 𝑥𝑥𝑖𝑖𝑖𝑖 multiplies the expected crash rate 𝜇𝜇𝑖𝑖 by 
exp (𝛽𝛽𝑘𝑘); thus exp (𝛽𝛽𝑘𝑘) is the incident-rate ratio (IRR). For categorical predictors, IRRs compare each 
level’s rate to the designated baseline level. In the inflation (logit) part, a one-unit increase in a scalar 
covariate 𝑧𝑧𝑖𝑖𝑖𝑖 multiplies the odds that a crossing is a structural zero by exp (𝛾𝛾𝑗𝑗); hence exp (𝛾𝛾𝑗𝑗) is the odds 
ratio for being in the always-zero state. 

Because the crash counts display both an extreme concentration of zeros and clear over-dispersion among 
the non-zero observations, a ZINB is preferred over simpler Poisson models. Empirically, many crossings 
report no crashes across the five-year window (excess zeros), while those with crashes have variance that 
exceeds the mean (Var > E). The ZINB explicitly handles these features: the inflation logit captures a 
structural-zero process—parameterized by log(Exposure), D2, and D3—that separates crossings effectively 
not at risk, and the NB count component with α>0 accommodates extra-Poisson variability. This 
specification also preserves familiar incident-rate ratio (IRR) interpretation in the count part for roadway 
class (HwyClassCD_c), surface condition (XSurfIDs_c), bell devices, and maximum train speed, linking 
those factors to expected crash rates at crossings deemed at risk. 

3.3.1.6. Model evaluation and interpretation 

Candidate ZINB specifications were compared on a common train/test split, and the baseline was selected 
by the lowest information criteria (AIC/BIC) relative to fuller variants (e.g., with Gates, without category 
collapsing). Final performance is summarized on the held-out test set using MAE and RMSE for count 
predictions. Because an operational question is often “any crash vs. none,” we also assess the model’s 
ranking ability via ROC-AUC and report a confusion matrix at a tuned probability threshold for the minority 
(non-zero) class. For interpretability, count-part coefficients are presented as incident-rate ratios (IRR = eβ), 
expressing multiplicative changes in the expected crash rate relative to reference levels. The selected model 
and all metrics are reported in Section 4.3. 

3.3.2. AI Model 

AI models are data-driven learners that map inputs (features) to outcomes (targets) by finding patterns that 
generalize beyond the training data. In transportation safety, they are valuable for screening (flagging sites 
at risk), ranking (prioritizing limited resources), and forecasting (estimating expected crash counts). 
Common families include tree ensembles (Random Forests, Gradient Boosting/XGBoost) that capture non-
linear interactions with minimal feature engineering; linear and generalized linear models (e.g., 
logistic/Poisson/negative binomial) that provide interpretable coefficients and uncertainty; support-vector 
machines for margin-based classification; and neural networks for high-capacity pattern learning when very 
large, labeled datasets are available. 
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3.3.2.1. Initial AI Modeling Attempts 

We began by testing flexible, tree-based learning algorithms because they can capture nonlinear effects and 
interactions with little feature engineering. In practice, we first used XGBoost to predict crash counts 
directly (regression), and then as a binary classifier to predict “any crash vs. none.” We also tried Random 
Forest classification, adding class-imbalance remedies such as class weights, SMOTE oversampling, and 
post-hoc threshold tuning. These choices were motivated by the structure of the data: many engineered and 
categorical features with potential interactions, coupled with a very sparse outcome where roughly five 
percent of crossings record any crash over five years. 

3.3.2.2. Single-Stage Models 

The early results made clear why a single-stage model was not enough. For XGBoost regression, fit on the 
raw counts, the model tended to predict values very close to zero across the board; this minimized squared 
error in a dataset dominated by zeros, but it failed to learn the positive tail, yielding poor generalization 
(negative R² and small but misleading MAE/RMSE). Switching to binary classification improved 
interpretability, yet accuracy appeared deceptively high because a model can be “right” most of the time by 
predicting the majority class (no crash). More telling metrics—precision, recall, F1, ROC-AUC, and 
especially PR-AUC—showed the limitation. Precision measures how many predicted crashes were truly 
crashes; recall measures how many true crashes we caught; F1 is their harmonic mean, punishing lopsided 
trade-offs. ROC-AUC summarizes how well the model ranks positives above negatives across thresholds, 
but it can look acceptable even when the positive class is rare. PR-AUC, by contrast, focuses on the quality 
of positive detections only and therefore reflects the reality of rare-event screening; our PR-AUC remained 
low and recall for the crash class was weak. 

We pushed the classifiers further with imbalance treatments. Using ‘scale_pos_weight’ in XGBoost and 
“balanced” class weights in Random Forest put more cost on missing a crash, nudging recall upward but 
often at the expense of precision and overall calibration. SMOTE generated synthetic minority examples to 
enrich the decision boundary, which sometimes helped ranking but also introduced variance and mild 
overfitting to synthetic structure. Threshold tuning on the classifier scores traded false positives for higher 
crash recall and improved F1 at a chosen operating point, but gains were modest because the underlying 
score distributions for crash vs. non-crash still overlapped substantially. In short, each remedy helped a bit, 
yet none overcame the fundamental tension of trying to learn both “if any crash happens” and “how many 
crashes” in one step or one loss function. 

3.3.2.3. Rationale for a Two-Stage Design 

The initial modeling attempts led us to the two-stage design we adopted. Stage 1 treats “any crash vs. none” 
as a focused detection problem, where we can evaluate and tune directly with recall, precision, F1, and PR-
AUC to meet screening goals. Stage 2 conditions on crossings predicted as at-risk and models the positive 
counts with a separate regressor, which is evaluated with MAE, RMSE, and R² on the positive subset. This 
separation matches the operational question flow (first identify at-risk crossings, then size the risk), reduces 
the extreme class imbalance seen by the regressor, and allows each stage to be optimized for the metric that 
matters for its task. 
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3.3.2.4. Two-Stage AI Pipeline: RFC (with SMOTE) → RFR 

3.3.2.4.1. Stage 1: Rare-event classification with Random Forest + SMOTE 

Objective of this stage is to decide whether a crossing is likely to have any crash in the five-year window. 
Because the crash label is highly imbalanced (≈5% positives), models trained naively tend to default to the 
majority class (“no crash”), yielding high apparent accuracy but poor minority detection. To address this, 
we use SMOTE (Synthetic Minority Over-sampling Technique), which synthesizes additional positive 
examples by interpolating between nearest-neighbor minority samples in feature space. This augments the 
training set with realistic, diverse positives, allowing the classifier to learn meaningful decision boundaries 
rather than collapsing to an “all zeros” solution. 

Prior to modeling, we removed administrative fields (CrossingID, State, Whistban) and dropped rows with 
missing values. To stabilize heavy-tailed scales, we applied log(1+x) to selected numerics (Aadt, Exposure, 
MaxTtSpd).  

RFC with hyperparameter tuning via GridSearchCV (5-fold CV, scoring='f1', n_jobs=-1, random_state=42). 
The grid targeted model capacity (n_estimators, max_depth), regularization (min_samples_split), and 
imbalance handling (class_weight), enabling the RFC to capture non-linear interactions while controlling 
overfitting and weighting errors on the minority class. The selected model (from the grid search) was refit 
on the training data and evaluated on the held-out test fold at the default probability threshold 0.50, with 
accuracy, precision, recall, F1, confusion matrix, and a full classification report. In our runs, the cross-
validated best configuration was: n_estimators=100, max_depth=15, min_samples_split=2, 
class_weight='balanced_subsample'. Table 3 summarizes the hyperparameters used for the Stage 1 RFC, 
including the search grid, the selected values from GridSearchCV, and the purpose of each parameter. 
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Table 3. Stage 1-RFC: Hyperparameters and their roles 

Parameter Values explored Selected Role / effect 
n_estimators 100 100 Number of trees; higher 

can reduce variance and 
improve stability at extra 
compute cost. 

max_depth 5, 10, 15 15 Maximum tree depth; 
governs model 
complexity. Larger depth 
captures more 
interactions but risks 
overfitting without 
enough regularization. 

min_samples_split 2, 5, 10 2 Minimum samples to 
split an internal node; 
higher values regularize 
by preventing overly 
specific splits. 

class_weight balanced, 
balanced_subsample 

balanced_subsampl
e 

Reweights classes 
inversely to frequency 
(globally or per bootstrap 
sample) so minority 
errors carry more 
penalty. Aids recall on 
rare crashes. 

criterion (default) gini gini (default) Node impurity measure; 
gini is standard for speed 
and accuracy; not varied 
here. 

max_features (default) sqrt sqrt (default) Features considered per 
split; promotes tree 
diversity and reduces 
correlation between 
trees. 

bootstrap (default) True True (default) Sample with replacement 
for each tree; 
foundational to Random 
Forest bagging. 

random_state 42 42 Ensures reproducibility 
of splits/bootstraps. 

3.3.2.4.2. Stage 2: Count modeling for predicted-positive sites (Random Forest Regressor) 

Stage 2 estimates the magnitude of five-year crash counts for crossings that are at risk. Whereas Stage 1 
answers “is there any crash?”, Stage 2 answers “how many?” so that prioritized sites can be triaged by 
expected burden. Consistent with the two-stage design, the regression model is trained and evaluated on 
the positive subset of crossings with at least one observed crash over 2020–2024 (i.e., Accidents > 0). This 
conditioning isolates the count-sizing problem from the detection problem, avoiding domination by zeros 
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and aligning the learning target with how Stage 2 is used operationally (only after a site is flagged by Stage 
1). 

Prior to modeling, selected skewed numeric variables are log-transformed upstream (e.g., Aadt, MaxTtSpd) 
to reduce scale dominance; then apply a StandardScaler to the regression feature matrix. Although tree 
ensembles are invariant to monotone transformations and do not require scaling, standardization is benign 
here and keeps feature ranges comparable for any downstream diagnostics. Table 4 summarizes the 
configuration used for the Stage 2 Random Forest Regressor (RFR), including the fixed values in this 
implementation and the purpose of each parameter. 

Table 4. Stage 2-RFR: Hyperparameters and their roles 

Parameter Value Role / effect 
n_estimators 100 Number of trees; averaging reduces 

variance and improves stability. 
max_depth 10 Controls tree complexity; deeper 

trees capture richer interactions but 
risk overfitting. 

max_features sqrt (default) Random subset of features per split; 
decorrelates trees and improves 
generalization. 

bootstrap True (default) Sample with replacement per tree; 
foundational to bagging/variance 
reduction. 

min_samples_split default Regularization via minimum 
samples to split an internal node; 
prevents overspecific partitions. 

min_samples_leaf default Minimum samples per leaf; guards 
against leaves with very few 
observations. 

random_state 42 Reproducibility of ensemble 
construction and results. 
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4. Analysis and Results 

4.1. Phase I: Volume Prediction Results 

The model’s predictive accuracy was assessed with several standard indicators. On the 17 hold-out locations, 
the coefficient of determination was 𝑅𝑅2 = 0.816, indicating that the model explains about 81.6% of the 
variability in observed daily non-motorist volumes. The mean absolute error (MAE) was 14.1 users/day 
and the root-mean-squared error (RMSE) was 18.0 users/day, reflecting typical absolute deviations on the 
order of a few tens of users per day across a range of 0–175. As a practical check, we also report a tolerance 
accuracy: 82.4% of predictions fall within ±15 users/day of ground truth. Taken together, these metrics 
indicate a strong, well-calibrated fit on the validation set, capturing the bulk of site-to-site variation while 
keeping errors at magnitudes that are operationally acceptable for downstream planning and screening. 

4.2. FRA APS Variants: AADT-Only vs. AADT+Non-Motorist Exposure 

The linear regression model was used to predict non-motorist traffic volumes at HRGCs. Evaluation of the 
two scenarios utilized the FRA’s APS model: the first scenario with only AADT and the second with AADT 
plus the predicted daily non-motorist traffic volume. All other variable values between the two scenarios 
were similar. Table 5 presents summary statistics for the percentage difference in crash predictions between 
the two scenarios. The main finding is that on average predicted yearly crashes at HRGCs increased by 5.51 
percent when non-motorist traffic was considered in the FRA APS Model. The median value indicates that 
there are significant deviations at the distribution’s tails. The IQR shows moderate dispersion among mid-
range predictions; the maximum increase in crash prediction was 60.59 percent while the minimum was 
negligible. 
 
Table 5. Percentage differences in crash predictions after incorporating non-motorist exposure 
across all four states 

Mean Percent 
Difference 

Median Percent 
Difference 

Interquartile 
Range (IQR) 

Maximum 
Percent 
Difference 

Minimum 
Percent 
Difference 

5.51% 1.28% 7.73% 60.59% 0.0017% 
 

The box plots in Figure 4 show the percentage differences in crash predictions across the four states when 
moving from AADT-only exposure to exposure that includes both AADT and non-motorist traffic volume. 
The distributions for MO, KS, and IA show notable variation, with broader interquartile ranges and higher 
maximum values, demonstrating that non-motorist traffic volume has a significant impact on predicted 
HRGC crashes. Missouri has the greatest distribution and outliers, indicating considerable non-motorist 
traffic prevalence at HRGCs. Overall, the box plots visually support the conclusion that non-motorist traffic 
at HRGCs varies by state, with stronger effects where predicted non-motorist activity is more prevalent. 
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Figure 4. Box plots showing the distribution of percent differences in crash prediction outputs 
(Note: Each subplot compares the AADT-only prediction against the AADT plus non-motorist 

prediction, highlighting the variation in model sensitivity to non-motorist volume across the four 
different states) 

4.3. Phase II: Crash Prediction Model 

4.3.1. Statistical Model – Results and Analysis 

We evaluated several ZINB specifications and building directly on the screening, encoding, and design-
matrix decisions in subsection 3.3.1.3 (Screening and Encoding) and the model formulation in subsection 
3.3.1.5 (ZINB Specification), selected the configuration with a logit inflation on log(Exposure) + D2 + D3 
and a log-count on C(HwyClassCD_c) + C(XSurfaceID2s_c) + C(Bells) + MaxTtSpd. This model achieved 
the best information criteria on the common sample (lowest AIC/BIC) while keeping hold-out error 
unchanged relative to fuller variants (MAE ≈ 0.091, RMSE ≈ 0.235 on five-year counts). Excluding D2/D3 
from the inflation equation degraded fit substantially (ΔAIC > 40), confirming their importance. In the 
count part, HwyClassCD_c (levels 1, 3, 4), XSurfaceID2s_c (levels 1, 3, 4), Bells (levels 1, 2, “other”), and 
MaxTtSpd show positive, statistically significant associations with expected crash counts relative to 
baselines; the estimated over-dispersion (α > 0) supports Negative Binomial over Poisson. In the inflation 
part, log(Exposure) is negative and highly significant—higher AADT×TotalTrains lowers the odds that a 
site is “always-zero”, while D2 and D3 are positive and significant, identifying locations prone to structural 
zeros. Overall, the chosen ZINB reconciles the heavy zero mass and over-dispersion described in subsection 
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3.3.1.1 (Data and Target), delivers competitive predictive accuracy, and yields interpretable effects aligned 
with the Chapter 3 setup. 

4.3.2. AI Model – Results and Analysis 

We implemented a two-stage learning pipeline to (i) classify whether a crossing experiences at least one 
crash in the observation window and, conditional on a positive classification, (ii) predict the crash count. 
Prior to modeling, numeric skew was reduced with a log1p transform applied to Exposure, and MaxTtSpd 
using equation (16), consistent with the preprocessing shown in the code.  

log (1 + 𝑥𝑥)                                                                 (16) 

Stage 1 used an RFC with SMOTE to handle class imbalance. The final feature set was: log1p of 
Exposure, log1p of MaxTtSpd, NightThru, HwySpeed, and Gates. Stage 2 feature set was: HwySpeed, 
log1p of MaxTtSpd, log1p of Aadt, Bells, TotalTrains, and NightThru. A Random Forest Regressor was 
trained and evaluated on the corresponding positive subset. Table 6 and Table 7 summarize Stage 1 
classification performance under SMOTE-balanced and original imbalanced test distributions, 
respectively; Table 8 reports end-to-end performance (MAE, RMSE) of the full two-stage pipeline. 

 Table 6. Stage 1 Random Forest performance metrics for crash detection using SMOTE-balanced 
data 

Metric    
 

Value 

Accuracy 0.9628 
Precision 0.9505 
Recall 0.9763 
F1 0.9633 

 

Table 7. Stage 1 Random Forest performance metrics for crash detection evaluated on the original 
imbalanced dataset  

Metric    
 

Value 

Accuracy 0.9477 
Precision 0.508 
Recall 0.97 
F1 0.667 

 

Table 8. End-to-end performance of the two-stage AI crash prediction pipeline (Stage 1 
classification followed by Stage 2 regression), reporting MAE and RMSE on the test dataset 

Metric Value 
MAE 0.0668 
RMSE 0.27 
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Figure 5. Confusion matrix summarizing Stage 1 predictions vs. actual crash presence. 

On a SMOTE-balanced test sample, the stage 1 classifier achieves accuracy = 0.9628, precision = 0.9505, 
recall = 0.9763, and F1 = 0.9633. Table 6 presents these balanced sample results, which reflect the model’s 
capacity when classes are artificially equalized and serve as a diagnostic upper bound on what the learner 
can capture under balanced conditions. 

Evaluated on the original (imbalanced) test distribution (positives ≈ 5.4%), performance is accuracy = 
0.9477, precision = 0.508, recall = 0.970, and F1 = 0.667, with confusion matrix TN = 1662, FP = 94, FN 
= 3, TP = 97 (Figure 5). Table 7 presents these real-world metrics. The very high recall (0.97) indicates the 
screen misses only 3 of 100 crash-prone crossings, appropriate for a safety-first objective, while precision 
(~0.51) is roughly nine times the base rate, showing meaningful discrimination despite class imbalance. 
The confusion matrix shows a dominant TN cell and a very small FN cell: most negatives are correctly 
rejected, and nearly all positives are detected. Although the TP count is smaller in absolute terms (due to 
the low base rate), the recall is 0.97. False positives (94) are moderate relative to 1,756 negatives (specificity 
≈ 0.95).  

Combining Stage 1 decisions with Stage 2 predictions to produce counts for all test crossings yields MAE 
= 0.0668 and RMSE = 0.27 crashes, indicating that predicted totals closely track observed totals and provide 
a reliable ranking of flagged sites for resource allocation and mitigation planning. Table 8 presents these 
end-to-end results for the AI model (Stage 1 + Stage 2 combined). 
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5. Conclusions 

Incorporating modeled non-motorist exposure (adding pedestrian and bicyclist volumes to AADT) 
materially improves crash risk estimation at HRGCs; APS predictions increase by an average ~5–6% with 
larger uplifts at high-activity sites, correcting systematic under-prediction when non-motorists are ignored. 
The statistical crash model, ZINB, captures the data’s structure (≈95% zeros and over-dispersion) and yields 
interpretable effects: higher HwyClassCD_c, XSurfaceID2s_c, and MaxTtSpd increase expected crashes at 
at-risk sites, while higher log(Exposure) lowers the odds of structural zeros, with D2/D3 improving zero/at-
risk separation. Complementing this, our two-stage AI pipeline (Stage-1 RFC + SMOTE for “any crash,” 
Stage-2 RFR for counts) achieved lower held-out MAE/RMSE than the ZINB baseline, indicating better 
predictive accuracy on this dataset; the gain likely comes from the AI model’s ability to learn nonlinearities 
and interactions (e.g., exposure × device configuration) that a log-linear count model cannot fully express. 
In practice, ZINB remains valuable for policy-facing interpretation (IRRs, device/class effects), while the 
AI model provides a higher-accuracy screen for prioritization and near-term mitigation targeting. 

5.1. Limitations 

This study has several limitations that should be considered when interpreting the results. First, the non-
motorist volume model was trained on observations collected only in Lincoln, Nebraska, then applied to 
crossings in Kansas, Missouri, and Iowa. That geographic mismatch can introduce domain-shift bias if 
patterns of pedestrian/bicyclist activity, crossing design, or enforcement differ across states. Second, 
temporal coverage was limited—daily non-motorist counts were not seasonally normalized—so predicted 
exposure may not fully capture month-to-month variation. Third, our FRA APS “with-non-motorists” 
scenario operationalizes exposure by adding predicted non-motorist counts to AADT, implicitly assuming 
their marginal effect on crash risk parallels motor-vehicle exposure; this simplifying assumption may under- 
or over-state true sensitivity. Fourth, inventory data quality (e.g., device coding, speed limits) and cross-
state reporting practices can affect inputs, and while we cleaned and screened variables, residual 
measurement error may persist. Finally, sample sizes for some validations were modest (e.g., the 17-site 
ground-truth set for non-motorist volumes), which constrains precision of out-of-sample error estimates. 
Future work will expand geographic/seasonal coverage for non-motorist counts, re-estimate exposure 
response directly (rather than equating it to AADT), and test calibration with state-specific hold-outs to 
quantify transferability. 
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