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Abstract

Purpose — This paper aims to address this rail safety issue through collection and analysis of video data at
grade crossings using artificial intelligence. Railroad safety is vital to transportation and the economy,
particularly in the USA, where highway-rail grade crossings are hotspots of accidents, 9% of which involve
vehicles stopping on tracks.

Design/methodology/approach — This research develops a robust artificial intelligence (AlI)-assisted
system to detect stopped-on-tracks incidents by overcoming unique challenges in the scene of grade crossings
via neural architecture search and dynamic trajectory filtering.

Findings — The system achieves 94% precision in stopped-on-tracks detection and 95% recall in traffic counting.
The findings suggested that road markings in the first case study facilitate incident reduction up to 50%, while a
targeted intervention could potentially decrease stopped-on-tracks incidents by 80% in the second case study.
Social implications — This Al-based approach will potentially enhance rail safety and enable more informed
decision-making in rail infrastructure management by providing insight on stopped-on-tracks behavior.
Originality/value — The model’s accuracy was evaluated using the test set. Its effectiveness was further
validated through two case studies: one assessing the impact of road markings (e.g. dynamic envelopes) on
reducing stopped-on-tracks incidents and another examining the correlation between different types of traffic
congestion and these incidents.

Keywords Artificial intelligence, Object detection and tracking, Highway-rail grade-crossing,
Railroad safety, Trajectory analysis

Paper type Research paper

1. Introduction

Highway-rail grade crossing incidents can lead to fatalities, train derailments, train delays,
increased traffic congestion, damage to infrastructure and spillage of hazardous materials.
For example, in July 2024, a taxi driver was killed by an oncoming train at a railroad crossing
in Manorville, NY, while the taxi was stopped in the middle of the track after driving through

© Huixiong Qin, Asim Francis Zaman, Sarthak Jain, Xin Wang and Xiang Liu. Published in Smart
and Resilient Transportation. Published by Emerald Publishing Limited. This article is published
under the Creative Commons Attribution (CC BY 4.0) licence. Anyone may reproduce, distribute,

Smart and Resilient Transportation

translate and create derivative works of this article (for both commercial and non-commercial Emerald Publishing Limited
purposes), subject to full attribution to the original publication and authors. The full terms of this ;}gggiggigﬁ?
licence may be seen at http://creativecommons.org/licences/by/4.0/ DOI 10.1108/SRT-07-2025-0022

Downloaded from http://www.emerald.com/srt/article-pdf/doi/10.1108/SRT-07-2025-0022/10892994/srt-07-2025-0022en.pdf by guest on 13 December 2025


http://creativecommons.org/licences/by/4.0/
http://dx.doi.org/10.1108/SRT-07-2025-0022

SRT a lower crossing gate (Zanger et al., 2024). Similarly, in Moorpark, CA, in June 2023, an
Amtrak train derailed after it struck a public works water truck, leading to the hospitalization
of 16 people (Olson, 2023). Stopped-on-tracks incidents continue to be a leading cause of
grade-crossing accidents. A Federal Railroad Administration (FRA) safety database
indicates that 4,698 (9%) of 52,630 grade-crossing accident records with narrative
descriptions were attributed to stopped-on-tracks incidents (Department of Transportation —
Data Portal, 2024).

A stopped-on-tracks incident is defined as an occurrence where one or more vehicles stop
within approximately 15 feet of the outer rail within a highway rail grade crossing and
remain there for a period of 5 seconds (Assembly, 2024). Such incidents are often caused by
traffic lights, construction or traffic congestion. Stopped-on-tracks vehicles are also at high
risk of being struck by a train. According to the National Highway Traffic Safety
Administration (NHTSA), a freight train can “take up to a mile or more — the length of 18
football fields — to stop” and a light rail train can “require about 600 feet — the length of two
football fields” (NHTSA, 2024). It is for this reason that the NHTSA enforces stopping 15
feet away from flashing red lights, lowered gates or signaling flagmen or at a stop sign at a
grade crossing.

Grade-crossing accidents may be prevented through the implementation of engineering,
enforcement or education campaigns. The installation of video cameras can facilitate data
analysis and provide the means for before-and-after evaluation to verify the effectiveness of
implemented solutions. The Fixing America’s Surface Transportation Act of 2015 mandated
the installation of cameras around passenger rail lines to enhance safety, and in 2016, the
FRA expanded this effort by encouraging states to equip traffic lights connected to railroad
crossing with camera systems. This would allow the states to obtain valuable information
during inspections that could be used to improve safety. If followed, these measures would
likely prove to be beneficial as there are more than 5,000 railroad crossings interconnected
with traffic lights (Railroads, 2024).

Currently, videos from camera systems are reviewed manually. This process can be labor-
intensive and expensive, potentially leading to missed stopped-on-tracks incidents.
Fortunately, with recent rapid advancements in artificial intelligence (AI), computer vision
(CV) technology has significantly progressed, allowing for the rapid and automatic
completion of repetitive tasks. Collecting this data manually would require prohibitively
large amounts of labor.

This research presents a new system with improved performance of grade-crossing
surveillance, especially in detecting stopped-on-tracks incidents, enabling the use of
advanced techniques to reduce manual effort. Through two case studies, the system
demonstrates its potential to identify patterns and risk factors associated with such incidents,
contributing to the transportation network topologies optimization in rail systems, such as
Akopov and Beklaryan, (2025).

2. Literature review
The team conducted a comprehensive literature review to understand the recent progress in
stopped-on-tracks detection. While traffic monitoring at roadway intersections shares some
techniques with grade-crossing surveillance, the latter poses more demanding requirements
because it involves both roadway and railroad elements. Therefore, given the length
constraints, the literature review concentrates on studies specifically related to grade-
crossing surveillance.

In the field of railroad stationary surveillance, several previous studies have focused on the
scenario of grade-crossing traffic monitoring. One study (Amin et al., 2024) uses YOLO
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variants for object detection and UNet for segmentation, achieving promising accuracy at a cost
of latency. Since this data set only consisted of images from 10-h videos in a single location,
models are overfitted to the recurring scene. Other studies address data challenges tailored to
specific use cases. For example, Guo et al. (2022) implement object detection using CNN-based
models enhanced with an attention mechanism, improving accuracy for dense traffic scenes.
However, their generalization capability is uncertain, as both the training and evaluation
processes rely on a proprietary data set containing 2,358 images. Tang et al. (2023) adapts
segmentation trained with weak supervised learning and enhanced with background generation
to detect grade-crossing trespassers. But the enhancement in accuracy comes at the expense of
increased latency. Some researchers have devoted themselves to the scenario of right-of-way
obstacle detection (Gong et al., 2022; Klammsteiner et al.,2023; Rahman et al., 2022). Because
the scene captured by stationary surveillance cameras is fixed, obstacle extraction is easy. For
instance, background differences can separate the background and the target. However,
monitoring the entire line using stationary cameras requires many devices and is subject to the
obvious limitations in transmission, processing and analysis of massive amounts of data and
equipment maintenance. A comparison of these previous studies on both scenarios is presented
in Table 1.

Based on the literature review, previous studies have not focused on detecting and
analyzing stopped-on-tracks behavior. In addition, many prior works claim contributions by
addressing specific challenges in the transportation field through the adoption of emerging
neural components from the CV field, without providing justification for the selection of that
component. Furthermore, few existing solutions have been validated through real-world

Table 1. Previous studies in vision-based grade-crossing monitoring

Reference Methodology Limitations
Amin et al. Combine various YOLO models with UNet 1) The use of a data set with repeating
(2024) to detect traffic participants and the grade images for both training and testing raises
crossing area for enhanced safety concerns about potential overfitting of the
model; 2) the combination of YOLO and
UNet is computationally expensive
Gong et al. Propose an enhanced few-shot learning 1) Although suggested solutions achieved
(2022) solution for intrusion detection to mitigate ~ high accuracy, they are tested using limited
data imbalance data, which may affect their usefulness in
Klammsteiner ~ Propose a railway track monitoring system  the long run; 2) model iterations are based

etal. (2023) on manual work, which makes it time-
consuming and labor-heavy; 3) the

suggested solutions are only evaluated on

based on Yolov5 for detection and
BiSeNetv2 for segmentation to detect
obstacles on various track areas

Smart and
Resilient
Transportation

Rahman et al.

Explore MobileNetv2 for obstacle detection

proprietary data sets or in a single location,

(2022) at rail crossings through data augmentation  raising concerns about their extensibility
and transfer learning

Guo et al. 1) Propose a transformer-based model for The proposed solutions are evaluated solely

(2022) traffic detection in the occluded scenes; 2)  on proprietary data sets with 2,358 images
provide performance under bad video which are all from a single location, raising
quality such as extreme weather condition ~ concerns about its generalizability

Tang et al. 1) Adapt segmentation enhanced with The solution combines background

(2023) SuBsense for background generation to generation with semantic segmentation,

detect grade-crossing trespassers; 2) training
the model with weak supervised learning to
mitigate the lack of annotated data

Source(s): Created by authors

leading to high latency
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SRT applications. This research advanced the detection of stopped-on-tracks incidents at grade
crossings by adapting existing DL techniques and incorporating post-processing of vehicle
trajectories. The main contributions of this paper are as follows:

* A coarse-to-fine neural architecture search (NAS) algorithm is proposed to
efficiently identify the most suitable existing models through early pruning and
bandit-based optimization.

* A data-driven thresholding algorithm is developed to determine whether a vehicle
has stopped within the track area, even under imperfect trajectory data.

* Two case studies are presented to demonstrate the potential application of stopped-
on-tracks detection supported by insightful analysis and safety measurement
recommendations.

3. Methodology
To detect vehicles stopped on tracks, it is necessary to detect cars, track them and analyze
their trajectories to determine whether they stopped within the grade crossing. As presented
in Figure 1, the video stream is initially processed by an object detector, which identifies
objects of interest and outputs their bounding boxes. These bounding boxes are then linked
across consecutive frames using an object tracker to generate object trajectories. Finally,
these trajectories are analyzed using a data-driven thresholding algorithm to determine
whether any represent stopped-on-tracks incidents.

In this section, the theoretical derivation of these models is briefly explained to support
the discussion of NAS. Then, a coarse-to-fine NAS framework for identifying the most
effective model among existing state-of-the-art options is outlined. Building on the selected

Video Frames

Object
Detection

Bounding
Boxes

Object
Tracking

Trajectories

Data-Driven
Thresholding

Stopped-on-Tracks
Results

Figure 1. Stopped-on-tracks inference detection framework
Source(s): Created by authors
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detector and tracker, a custom algorithm is proposed to robustly detect stopped-on-tracks Smart and
incidents by addressing the challenges of imperfect trajectories through a data-driven Resilient

thresholding approach. Transportation

3.1 Object detection

Based on the literature review and public benchmarks, detectors using the vision transformer
(ViT) architecture demonstrate superior performance on open-source data sets,
outperforming models based on other architectures by up to 10 points in commonly used
evaluation metrics, such as average precision. Therefore, this paper focuses on exploring
ViT-based models.

The classic ViT architecture for object detection is the detection transformer (DETR). As
shown in Figure 2, DETR approaches object detection as a direct set prediction problem,
where the model predicts a fixed number of objects and directly outputs their bounding boxes
and class labels.

The input image I is first fed to a convolutional neural network CNN to extract the low-
level feature map with C channels. Then the feature map is flattened to a two-dimensional
feature sequence X using equation (1):

X =flatten(CNN(I)) (1)

where X € R¥“, N is the length of the feature sequence.
A positional encoding P is added to the feature sequence to retain spatial information, as
shown in equation (2):

Zo=X+P @

where P e RV

The feature sequence is then passed through a transformer encoder Encoder for I rounds
[equations (3)—(6)], which consists of a self-attention layer Self Attention, a feed-forward
network (FFN) and normalization layers norm:

Zi=Encoder(Z;_y) i=1,2, ..., 1 3)

Encoder =norm - FFN - norm - Self Attention @)

backbone i: encoder

'
set of image 1eatures::
1

transformer
decoder

TR

object queries

transformer
encoder

Figure 2. DETR model architecture
Source(s): Figure courtesy of Carion et al. (2020)
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SRT FFN(Z) = activation(WrpyZ + brry) 5

T
Self Attention(Z) = sof tmax (%) W.Z (6)

where Q = WoZ, K = WiZ, V = W,Z. W, Wk, Wy and Wgpy € RN are learnable weight
matrices. d is the embedding dimension.

After the sequence is encoded, it is delivered to the decoder Decoder to fuse with a fixed
set of objects embedding Y, € R“*M for k rounds [equations (7)—(9)]. The decoder consists of
a cross-attention layer Cross Attention, FFN and normalization layers norm:

Y;=Decoder(Y;_1) j=1,2,..., k 7

Decoder = norm - FFN - norm - Cross Attention (8)
YWo(Wiz)"

Cross Attention(Y) = sof tmax (%) W,z ®

The output of the last decoder layer is passed through a FFN to produce the final class labels
equation (10) and bounding box equation (11) — a four-digit vector (x, y, w and h)
representing the x coordinate of the center, the y coordinate of the center, the width and the
height, respectively:

BBox = FFNpp, (V) € RM*4 (10

Class = FF N5 (Y;) € RM*K+D (11)

where K is the number of classes of interest. Class contains the class probabilities for each
object, including a “no object” class.

3.2 Object tracking

Once objects of interest are detected as bounding boxes, the next step is to match instances of
the same object across frames, a process known as data association. The fundamental
architecture of detection-based trackers involves extracting appearance descriptors,
predicting object-wise future trajectories and then matching detections in the current frame
with the predicted trajectories.

Lett=1,2,...,T denote the time steps (where each step corresponds to a new frame) in the
video, Track, = {Track?, Track!, ..., Track!'} denotes the set of trajectories at time t.
Upon initiation, a statistical state estimator, such as Kalman Filter, is used to predict the
BBox,.1 based on Track, equation (12):

Track,,, = KalmanFilter(Track;) (12)
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During the data association phase, the estimated trajectories Track; .1 are combined with the Smart and

newly detected bounding boxes BBox,.; to form an assignment problem via equations (13) Resilient
and (14). By solving this assignment problem, using such as the Hungarian algorithm, the Transportation
updated trajectories Track,. are obtained:
Track, . = Hungarian(C) (13)
C=C0st(Tra/cE+1, BBox,H) e R™*m (14)

where n is the number of trajectories in time t and m is the number of detections in time ¢ + 1.

Some advanced tracking algorithms modify the assignment problem to achieve theoretically
superior performance. For instance, DeepSORT (Wojke et al., 2017) incorporates deep features,
extracted by a selected CNN, into the cost function Cost, facilitating the object re-identification
after occlusions. In addition to incorporating deep features, ByteTrack (Zhang et al., 2022)
performs data association twice to maintain object identities even in crowded or occluded
situations. It first matches Track,,1 with high-confidence detections and then retries any
unmatched trajectories using low-confidence detections.

3.3 Coarse-to-fine neural architecture search

Given the variety of object detection and tracking algorithms, each with its own set of
advantages, it is essential to select the best one for a specific use case. NAS algorithms are
typically used to enumerate all combinations of model architecture, hyperparameters and
training configurations to identify the optimal model. For instance, Nvidia applies NAS to
optimize its large language model, Llama-Nemotron (Bercovich et al., 2025). To avoid
conducting an enumeration-based search, the proposed NAS algorithm incorporates early
pruning and bandit-based algorithm to reduce computational complexity.

As illustrated in Figure 3, the NAS process consists of two stages:

(1) model selection for coarse filtering; and
(2) hyperparameter tuning and training configuration for fine filtering.

Selecting the best model from available options is the key to achieving optimal performance.
Commonly tuned hyperparameters include batch size, dropout rate, image size and learning
rate — each of which may or may not have a significant impact on performance depending on
the task and data set. Default values commonly used in these hyperparameters are applied
during the initial stage. Optimization is an important training configuration. While stochastic
gradient descent and Adam (Kingma and Ba, 2017) are commonly used. Adam (Loshchilov
and Hutter, 2019) has emerged as a promising alternative due to its improved regularization
properties.

In the phase of coarse filtering, if a tentative model fails to meet handcrafted requirements
with these default settings, further stages of the search are pruned to accelerate the searching
process. Handcrafted requirements are defined based on specific use cases. For instance, in
the context of stopped-on-tracks detection, the model must not be overly sensitive to data
imbalance. In transportation surveillance, most objects of interest are typically pedestrians
and family vehicles, while stopped-on-tracks incidents are often caused by less common
objects such as heavy trucks and trailers. Therefore, a pruning line should be established
based on class-ratio-irrelevant metrics such as mean average precision mAP equation (15):
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SRT model batch size  dropout rate image size learning rate  optimization mAP
model_a model_a A

model_b
0/7
0.6
model_c Adamw s
04
600
0.03 3
model_d 580
360 0.02 ).2
530
0.01 0.1
520\ /
model_e model_e 0 500 0.00 Adam>—~ 0.0
coarse filtering fine filtering
Figure 3. Illustration of the NAS
Source(s): Created by authors
1 €
mAP= — Y AP; (15)
C k=1

where C is the number of classes of objects of interest. Average precision (AP) is the area
under the precision-recall curve, calculated by equation (16). It is often computed by using
discrete recall levels and averaging the maximum precision value at each recall level:

1 ..
AP = % Zie{ai 054505425 -..1-5) (Recall; . | — Recall;) Precision; (16)

where s is the stride and Recall; and Precision; are recall and precision at the ith intersection
over union threshold.

Second, the surveillance system needs to be run in real-time with a standard server during
the inference phase. Therefore, models with performance below a certain frame rate and
GPU memory threshold will be excluded. Third, the ability to address occlusion is required,
as congested vehicles often stop on track areas while waiting at red lights. This ability can be
evaluated using identification metrics such as ID switch ratio IDSwR equation (3):

IDSw
IDSWR = —— 17
Sw. i 17)

where IDSw is the number of times a track’s identity is incorrectly assigned to a different
object and M is the total number of correct associations between predicted and ground truth
objects across all frames.

After filtering model candidates with handcrafted requirements, a bandit-based heuristic
tunning algorithm, hyperband (Li et al., 2018), is applied to optimize hyperparameters and
training configurations in parallel to achieve the best performance for each model.
Hyperband begins by sampling a wide range of hyperparameter configurations and allocates
limited resources (e.g. training epochs or iterations) to each. It then iteratively eliminates
underperforming configurations based on intermediate results, reallocating resources to the
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most promising candidates. This adaptive strategy enables efficient exploration of the Smart and
hyperparameter space while reducing the computational cost. The best-performing model is Resilient
selected upon completion of the fine filtering phase. Transportation

3.4 Data-driven thresholding for stopped-on-tracks detection

Determining whether a vehicle stops in the track area based on its trajectory is
straightforward if the detection and tracking are accurate. It involves calculating the distance
of a sequence of trajectory points and checking whether the distance reduces to zero within
the defined track area. However, inaccuracies exist even when the best open-source models
are used.

False positives, where nonexistent objects are detected, can lead to erroneous alerts.
Conversely, false negatives, where actual objects on the track are missed, pose serious safety
risks and can potentially lead to accidents. False localization of detected objects may result in
incorrect judgments about whether an object is within the track area. In addition, issues like
ID switching and drifting in tracking can disrupt the analysis of an object’s trajectory,
causing incorrect calculation of the distance. Furthermore, failing to account for occlusions
can cause the system to lose track of objects, missing critical stop events. These inaccuracies
significantly undermine the effectiveness of a straightforward stopped-on-tracks detection
approach.

Aiming at mitigating the inaccuracies of detection and tracking, a data-driven
thresholding algorithm is proposed. It assumes that a fraction of trajectories includes the
pattern of vehicle stopping, such as the trajectories of vehicles stopped while they are waiting
at a red light. As outlined in the pseudo-code (Figure 4), it first calculates L2 distances dist
between consecutive points in each trajectory and filters out the trajectory points that lie out
of three standard deviations. Theoretically, this step can remove the false trajectory point
caused by ID switching or drifting if the sample size is large enough. Second, it uses a
percentile threshold M to determine if the trajectory point matches the pattern of vehicle
stopping, which is usually set to %. Because stopped-on-tracks incidents are defined as
vehicles stopped on the track area for more than 55, another threshold C for checking stop
duration is usually set to 5 % frame rate. Once enough stopping signals are accumulated, this
trajectory is defined as a stopped-on-tracks incident.

After obtaining the stopped-on-tracks results, a comprehensive data analysis will be
conducted to extract valuable insights. Temporal distribution analysis will reveal correlations
between time of day and the likelihood of stopped-on-tracks incidents, providing insight into
patterns and trends. Spatial distribution analysis will identify areas where vehicles are more
prone to stopping on the track, potentially highlighting design flaws in those locations. In
addition, comparing data between two nearby intersections will offer evidence of how traffic
congestion impacts stopped-on-tracks incidents, thereby substantiating common-sense
factors that contribute to these occurrences.

In conclusion, object detection and object tracking are fundamental techniques for
assessing the states of objects of interest in grade-crossing surveillance video footage. A
systematic and feasible approach to identifying the most appropriate solution from various
publicly available models and numerous settings is through a domain-specific NAS.
Although determining stopped-on-tracks incidents from a batch of trajectories is affected by
the inaccuracies of detection and tracking, a data-driven thresholding method is designed to
mitigate false alarms and missed detections. The insights gleaned from analyzing stopped-
on-tracks incidents are invaluable for improving safety and informing infrastructure design.
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SRT Algorithm 1 Stop-on-tracks detection
Input:
trajs < A list of bounding-box trajectories
ROI + A list of coordinates, representing the polygon track area
M <+ Minimum distance required to classify as stopped
C' < Minimum frame required to classify as stopped
Output:
Boolean values indicating each trajectory whether stopped on tracks
dists < | ], stops + | ]
for traj in trajs do
dist < ||
for i=1,2,...|traj| — 1 do
(Tig1, Yit1, Wig1, hig1) < trajli + 1]
(%4, yi, wi, hy) < tragli]

d= \/(in+1 —2)? — (i1 + 2Ly — )2
dist.push(d)
end for
dists.push(dist)
end for
bound < (mean(dist)-3std(dist), mean(dist)+3std(dist))
dists’ < dists where dists is within bound
D <« percentile(dists’, M)
for dist in dists’ do
¢+ 0, flag + false
for i=1,2,...|traj| — 1 do
d < dist[i]
(x4, yi, wi, hi) < trajli]
if d < D && ((zi — %,y + %) or (z; + %,y + &) is within
ROI) then
c++
if ¢ > C then
flag + true
break
end if
else
c+ 0
end if
end for
stops.push( flag)
end for
return stops

Figure 4. Pseudocode of stopped-on-tracks detection via data-driven thresholding
Source(s): Created by authors
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4. Experiment Smart and
Several experiments were conducted to evaluate the effectiveness of the coarse-to-fine NAS Resilient
and the data-driven thresholding. This section includes data set construction, technical
implementation details of the NAS and the performance of the selected model in detecting
stopped-on-tracks incidents.

Transportation

4.1 Data set

A total of 10,346 images are extracted from grade-crossing footage captured at 19 different
locations over the course of a year. Of these, 9,692 images are annotated for object detection
and 654 images are annotated for object tracking. The data set encompasses nine classes of
objects of interest, which are exemplified and detailed in the Appendix. Note that the largest
class accounts for 46.4% of the detection annotations, while the smallest class comprises
only 0.2%. To address this notable imbalance among classes, the designated mAP metric is
used during the NAS phase to ensure that the model is capable of handling disproportion in
class distribution.

A key difference between our data set and typical open-source object detection data sets is
the presence of repeated backgrounds, as all images are extracted from fixed-camera footage.
In such settings, static background elements (or say no object of interest) can be mistakenly
detected as objects of interest, potentially leading to high false positive rates during live
monitoring. To mitigate this, an annotation guideline is proposed to minimize the inclusion
of occlusions caused by static background elements within bounding boxes. Specifically, if
an occlusion covers more than half of an object, the object is excluded from annotation. If the
occlusion divides the object centrally, the team evaluates whether the remaining visible parts
are sufficiently representative: as illustrated in Figure 5(a) and (c), , if the occluded region is
smaller than both the left and right segments of the object, the entire object is annotated.
Conversely, as shown in Figure 5(b) and (d), , if the occlusion is larger than the smaller
segment, only the larger visible segment is annotated.

In addition, the team introduced several customized annotation guidelines to further
enhance object detection and tracking performance, such as minimizing overlap between
objects of interest and annotating individual train cars separately. Collectively, these efforts
contribute to the development of a diverse and comprehensive data set, serving as a
foundation for the subsequent NAS.

4.2 Neural architecture search results

According to criteria such as accessibility, replicability and performance public benchmarks
(Sanchez-Matilla et al., 2025; Papers with Code, 2024), 12 models for object detection and
four models for object tracking were considered during the model selection stage. Among
them, YOLOVS5 (Jocher, 2024) and DeepSORT (Wojke et al., 2017) serve as baseline models
for object detection and object tracking respectively due to their widespread adoption in prior
studies (Amin et al., 2024; Klammsteiner et al., 2023; Rahman et al., 2022). The experiments
were conducted on a host equipped with a 3.40 GHz Intel Xeon E-2236 CPU, a Nvidia RTX
3080 GPU with 10.24 GB memory and running Ubuntu 20.04 as the operating system.

For object detection, given that the live streams for case studies are 15 FPS in a resolution
of 1080 x 1920 pixels, the minimal inference speed is 20 FPS with 5 FPS as redundancy. The
maximum GPU memory a model can use is 9.24 GB, with 1 GB as redundancy. The minimal
requirement for accuracy is set at 0.35 mAP@0.5:0.95 by referring to the COCO benchmark
(Papers with Code, 2024). In the context of object tracking, the pruning line was set at an
IDSwR of 0.15 by referring to the MOT17 benchmark (Sanchez-Matilla et al., 2025).
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SRT

Figure 5. Illustration of annotating occluded objects
Source(s): Created by authors

The data set is divided into three subsets: 70% for training, 15% for validation and 15% for
testing. For each training scenario, five independent trials are conducted, each using a randomly
shuffled split of the data set. In each trial, the model is trained on the training set, hyperparameters
are tuned using the validation set and performance is evaluated on the test set. The final accuracies
reported in Table 2 represent the average test accuracies across five trials. As a result, five
detection models meet the handcrafted requirements and three tracking models proceed to the
fine-filtering stage. The performances of the best trials for each model are presented in Table 2,
DAB-DETR and ByteTrack achieve the best performance for object detection and for object
tracking. This choice is well-justified given the frequent localization errors observed in the
baseline detection model and the prevalence of short-term occlusions. DAB-DETR improves
localization accuracy and accelerates convergence by representing queries as dynamically updated
anchor boxes. Meanwhile, ByteTrack uses a two-step association strategy that effectively
mitigates issues such as short-term occlusions, motion blur and temporarily missed detections.

4.3 Real-world evaluation
To further validate the proposed system, it is deployed in eight grade-crossing locations for
counting traffic and detecting stopped-on-tracks incidents for three months. As the ground-
truth, the team manually reviews 3 h of video in each location during the peak hour and
reviews detected all stopped-on-track incidents during the three-month period.

As shown in Table 3, 907 stopped-on-tracks incidents were detected, with 852 of those
being actual stopped-on-tracks incidents. This demonstrates that the system achieves a
precision rate of up to 94%. Six percent of falsely detected incidents consisted of objects
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SRT Table 3. Real-world evaluation results

Task Duration Performance

Stopped-on-tracks 3 months The system detected 907 incidents, of which 852 are true based
incidents detection on manual review, resulting in 94% precision rate

Traffic counting 24h The manual review collected 15,657 traffic instances, of which

14,884 were successfully detected, resulting in a 95% recall rate

Source(s): Created by authors

slowly crossing the track area without coming to a complete stop (4%) and people stood at
the edge of the ROI while waiting for the red light (2%). Relocating the camera to record
from a bird’s-eye view might make it easier to capture slow movements. To verify the
system’s ability in real-world object tracking, we manually count traffic volume for 24 h. The
system counts 15,657 traffic instances and 14,884 of them are correct. As such, the recall of
the traffic counting is more than 95%. The remaining 5% of traffic identifications are
attributed to video glitches, which resulted from intermittent packet loss. Transitioning from
cellular data to satellite data might provide a more reliable network. In summary, the
proposed solutions demonstrate promising performance across two tasks over an extended
testing period, highlighting their practical applicability and effectiveness as an evaluation
tool. However, they do not directly contribute to improving safety.

5. Stopped-on-tracks case studies

Using the best-performing models, two case studies were conducted at different grade crossings.
The first study evaluated the effectiveness of methyl methacrylate (MMA) road marking in
reducing stopped-on-tracks incidents. MMA road marking is known for its durability and high
visibility and may help reduce stopped-on-tracks incidents by providing clearer lane demarcation,
especially under adverse weather conditions or low-light environments. The second study
explored the correlation between stopped-on-tracks incidents and nearby traffic congestion. Video
footage was analyzed to extract vehicle trajectories, which were then assessed using the proposed
algorithm to determine whether any vehicles stopped within the track area.

5.1 Case study I

The first crossing is on an airline highway and was chosen due to local officials reporting
frequent stopped-on-tracks incidents. In October 2023, MMA road markings were installed
to prevent stops on tracks at this grade crossing. Two rounds of data collection and video
analytics were conducted, one before and one after the MMA road markings were painted.
Only daytime results were processed due to inadequate illumination at night. All video data
were captured with a resolution of 720 x 1080.

The traffic volume in the videos before the MMA road marking was applied was 230,244
vehicles, with 1,489 stopped-on-tracks incidents recorded. In contrast, the traffic volume in
the videos after the MMA road marking was applied was 132,315 vehicles, with 808
stopped-on-tracks incidents. The videos collected before the MMA road marking application
were taken during the summer of 2021, a period of higher daily traffic. The before-and-after
comparison is presented in Table 4. Note that the AADT derived from the detected traffic is
lower than the one published by the department of transportation (DOT). This discrepancy
arises because the installed camera does not support night vision, making it hard to capture
any traffic data from sunset to sunrise. Besides, the official AADT accounts for traffic in both
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Table 4. Results of stopped-on-tracks analysis before and after the MMA road marking Smart and

Metric Before After RESIh_ent
Transportation
Hours of video 301 329
Analyzed periods 2021-06-09 to 2021-06-23 2023-10-12 to 2023-10-20, 2024-1-29 to
2024-1-31, 2024-2-1 to 2024-2-4
Vehicles stopped on tracks 1,489 808 (—45.7%)
Stopped-on-tracks rate/hour 4.94 2.45 (-50.4%)
Vehicle traffic 230,244 132,315
Stopped-on-tracks rate/1,000 6.4 6.1 (-4%)
vehicles

Source(s): Created by authors

the north-south and east-west directions, while our grade crossing system only monitored
traffic in the north-south direction.

The findings indicates a 50.4% reduction in the stopped-on-tracks rate per hour and a
45.7% decrease in the overall number of stopped-on-tracks incidents. This observation
suggests that MMA road markings show promise in preventing such incidents; however,
long-term results are needed to draw a definitive conclusion. The findings align with the
intuition that drivers are more likely to avoid stopping on the tracks when the area is clearly
marked and highlighted by the MMA road markings. However, there was no significant
improvement in the stopped-on-tracks rate per 1,000 traffic instances. This discrepancy
suggests that factors other than the introduction of MMA road markings might have
contributed to the overall reduction, such as seasonal or yearly variations between the two
periods.

Figure 6 shows the distributions of traffic volume and stopped-on-tracks ratio vs the hour
of day. It is observed that vehicles tend to stop on tracks during off-peak hours. There are
some possible reasons for this phenomenon: first, during off-peak hours, drivers may be less
vigilant or feel less pressure due to lower traffic volumes, leading to a diminished awareness
of the potential dangers of stopping on tracks. Second, there might be less enforcement of
traffic regulations during off-peak hours; drivers may feel more comfortable breaking the

Stop on track inccident per 1000 traffic

before MMA

after MMA

after MMA  before MMA

° - ~ - - m < n 9 ~ ® a o o o o
a 2 b1 2 ] = 2 2 ] = 8 <

Figure 6. Time-of-day temporal heatmap, before and after the MMA road marking
Source(s): Created by authors
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SRT rules and stopping on tracks. Third, drivers might believe that train traffic is less frequent
during off-peak hours, leading them to underestimate the risk of stopping on tracks.
Therefore, further safety measures can target stopped-on-tracks incidents during off-peak
hours. For instance, the DOT can collaborate with local media and community organizations
to spread awareness about the risks of stopping on tracks, particularly during off-peak hours.
Given the safety improvement, it is recommended to deploy the MMA road markings at
multiple locations for a minimum of one year. This approach will not only help reduce
incidents of vehicles stopping on tracks but also facilitate a more comprehensive before-and-
after evaluation. Currently, the study only analyzes daytime footage from a single location.

5.2 Case study II

Located between two state highways, Midland Ave hosts one of the busiest grade crossings,
with an annual average daily traffic exceeding 300,000 vehicles. The nearest southbound and
northbound intersections are just 200 and 60 feet away from the grade crossing, respectively.
According to complaints from local commuters, traffic congestion often forces them to stop
on the tracks. These passive stops, where vehicles are blocked and unable to move, pose
significant safety risks and motivated the case study presented below.

A long-term online camera system was used to provide live stream feed at a resolution of
1080 x 1920 for the grade crossing. During the stopped-on-tracks analyzed period, a short-
term offline camera system was set up in the nearest intersection along the southbound
direction. It collected videos to determine whether the traffic queue was backed up to the
grade crossing. Note that the nearest intersection along the northbound direction can be seen
in the online camera system. Because the camera in this location supported night-vision
mode and there was sufficient roadside illumination, footage from both daytime and
nighttime were processed.

Based on the results shown in Table 5, the algorithm detected 53 vehicles stopping on the
tracks, resulting in an average stopped-on-tracks rate of 0.31 vehicles/h. With a total of
78,289 vehicles passing through the area, the stopped-on-tracks rate was approximately 0.67
per 1,000 vehicles.

To better understand the reasons for these stops, the team manually reviewed and
categorized the incidents. According to the results summarized in Figure 7, the highest
proportion of stops were caused by southbound left-turn traffic (41%), closely followed by
southbound through traffic (39%). Northbound left-turn traffic and northbound through
traffic were responsible for 5% and 3% of stops, respectively. Active stops, such as U-turns,
account for 11% of the incidents. While these incidents are infrequent compared to overall
traffic volume, 89% of passive stops still require immediate mitigation.

Table 5. Results of stopped-on-tracks analysis

Metric Value

Hours of video 168

Analyzed periods 2023-09-01 to 2023-09-06
Vehicles stopped on tracks 53

Stopped-on-tracks rate/hour 0.31

Vehicle traffic 78,289

Stopped-on-tracks rate/1,000 vehicles 0.67

Source(s): Created by authors
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Figure 7. Illustration of stopped-on-tracks attributions
Source(s): Created by authors

Although vehicles stopping on the track area should be more likely to be caused by
backups from the closer northbound intersection, more stopped-on-tracks incidents occurred
in the farther southbound direction. There are three case-specific factors that could have led
to this phenomenon. First, the southbound direction experienced higher traffic volume,
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SRT leading to more frequent traffic congestion. Second, the signal design at the intersections
along the southbound direction might be inappropriate, such as shorter green times or no
protected left turns, causing vehicles to back up on the track. Third, the local environment,
such as the presence of commercial areas, schools or other high-traffic destinations in the
southbound direction, could lead to more frequent stops on the tracks.

Based on the discussion, potential mitigations for stopped-on-tracks incidents at this
location include eliminating the left turn at the first intersection and increasing the green light
duration at the second intersection for southbound traffic. These measures could lead to an
80% reduction in stopped-on-tracks incidents. However, several caveats should be noted. In
addition, the limited period may not capture variations that occur over different weeks or
months. Therefore, more extensive data collection over a broader period is necessary to
confirm these conclusions.

6. Conclusion

In this paper, the team proposed a practical Al-assisted system designed to detect stopped-
on-tracks incidents. The system achieved 94% precision across 2,727 detected stopped-on-
tracks incidents and 95% recall over counting 15,657 traffic instances, using a customized
NAS algorithm that identifies the most suitable models for detection and tracking. These
models were optimized to handle imbalanced data sets, achieve real-time inference speeds
and mitigate issues related to object occlusion. In addition, a data-driven thresholding
algorithm for vehicular stoppage determination was designed to further reduce the impact of
imperfect AI detections.

Two case studies were conducted to demonstrate the system’s benefits. The first case
study revealed that the MMA road marking improved stopped-on-tracks incident prevention,
while the second case study indicated that most stopped-on-tracks incidents were primarily
caused by southbound traffic, suggesting potential areas for mitigation.

Overall, Al-based stopped-on-tracks detection was proven to be a powerful tool for
harnessing the potential of massive video data to gain a deeper understanding of real-world
stopped-on-tracks behavior. Moreover, data-driven decision-making enhanced the safety of
train crews, rail passengers and road users while also contributing to congestion relief.

Nevertheless, the proposed methodology has several limitations. It may struggle in
nighttime conditions without adequate illumination and during extreme weather events, such
as strong winds, heavy rain and snow. The system should be aware of these adverse situations
and warn users of low-confidence results. To address environmental challenges, the system can
use enhanced sensors like infrared cameras, LIDAR and radar, paired with improved lighting
and weather-resistant casings, while using algorithmic approaches such as sensor fusion and
confidence estimation to ensure reliable performance and warn users of low-confidence results.
In addition, it will be insightful to compare the system’s performance under various situations,
including crossings with different layouts, lighting conditions and traffic patterns. Furthermore,
the before-and-after analysis is based on the video data collected in different seasons, which
could introduce seasonal biases into the insights. To address this, extended data collection is
planned to study long-term trends and provide more robust insights.
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Name Specification Example

Person Pedestrian,
police, military,
child, etc.

4,764 (12.7%)

Bicyele, scooter,
Bike motorcycle, 620 (1.7%)
moped

Family Scdan, SUV,
vehicle PWk_\lp truck, 17,431 (46.4%)
mini van

People who wear
high-visualized
vests and helmet,
Legal construction
occupier vehicles, high-rail
vehicles, pickup
trucks with
railroad logo

8,245 (21.9%)

Commuter bus, 8
Bis  minis conh EZE?TT., 19005%)
RV - o' @
Figure Al. Objects of interest in detection
Source(s): Created by authors
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Train

Truck

School
bus.

Trailer

Locomotive,
passenger train
cars, freight
railcars, light rail
train

2,834 (7.5%)

Semi-truck
(including semi-
trailer), pickup
truck, RV, van,
and another
commercial
vehicle

3,046 (8.1%)

US.-style yellow
school buses,
short school
buses

375 (1%)

Unpowered
vehicle towed by
another
(excluding semi-
trailer)

84 (0.2%)

Figure Al. Continued
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