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Abstract—This study proposes a CCTV-based pipeline for pas-
senger detection, passenger tracking, and arrival time prediction
at the train door to support subway door safety. Previous studies
mainly estimated passenger locations and movement states from
individual frames, relying on general distributions of measured
passenger speed rather than measuring individual real-time
speeds or trajectories to determine the remaining time required
to reach the door. To address this limitation, a YOLO26n-based
detector estimates passenger bounding boxes and movement
classes, and descending passengers are subsequently tracked
using Constraint-Guided SORT. Trajectory features extracted
from the stair area are then used to predict the remaining time
until door arrival. The detector achieved an overall mAP@0.5 of
0.932. For six selected passengers, the tracking method achieved
an AUC of 0.796±0.067 in the success plot and a Precision@20 px
of 0.948±0.066. Using 44 passenger samples, ElasticNet showed
the best prediction performance, with an MAE of 0.644±0.021 s,
an RMSE of 0.739± 0.027 s, and an R2 of 0.399± 0.044. These
results indicate the potential of CCTV-based tracking trajectories
for passenger arrival time estimation.

Index Terms—Subway Door Safety, Passenger Detection, Pas-
senger Tracking, Trajectory Analysis, Arrival Time Prediction

I. INTRODUCTION

Door entrapment accidents on subway platforms affect
passenger safety, train delays, and operational efficiency. Ac-
cording to the Seoul Metropolitan Government, 2,485 passen-
gers were injured in safety accidents on Seoul subway lines
between 2019 and August 2023, of which 747 cases, or 30.1%,
were caused by door entrapment, making it the most common
accident category [1]. Passengers descending the stairs and
attempting to board shortly before door closure may face a
particularly high risk. Similar accidents involving passengers
caught in or dragged by train doors have also been reported
in other railway systems [2].

Existing approaches to improving door safety include obsta-
cle detection around train doors and safety management at the
platform–train interface [3], [4]. CCTV-based surveillance and
hazard detection have also been investigated for monitoring
safety-critical environments, including railway platforms [5],
[6]. However, many existing measures primarily detect pas-
sengers or obstacles after they have reached the door area or
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entered a risk zone, limiting their ability to assess passengers
who are still approaching from the stairs.

Recent studies have used CCTV-based deep learning to
detect subway passengers and classify their movement states.
Jo et al. classified passengers as ascending, descending,
or passing using YOLOv7-tiny, achieving an mAP@0.5 of
91.83% and an inference time of 0.009 s/frame [7]. Their study
demonstrated that passenger location and movement state can
be estimated simultaneously from a single CCTV frame.

However, single-frame detection cannot capture the contin-
uous trajectory or movement speed of the same passenger,
making it difficult to determine when the passenger will reach
the subway door. Door safety requires assessing not only
whether a passenger is descending the stairs but also whether
the passenger can reach the door before closure. Therefore,
tracking is required to associate the same passenger across
consecutive frames and generate a continuous trajectory [8].
This study uses these trajectories to predict the remaining time
until door arrival.

In the field of pedestrian trajectory prediction, many studies
have predicted future movement paths using information such
as surrounding pedestrians, scene context, and destination
intention [9], [10]. However, general trajectory prediction
studies often focus on predicting future coordinates in complex
open environments. In contrast, a subway platform has clear
structural constraints, such as stairs, the platform area, and
train doors, and passengers generally exhibit goal-directed
movement patterns with the clear intention of boarding a
train [11]. Therefore, this study focuses on predicting pas-
senger arrival time rather than future coordinates. Because
dwell time and door-closing timing are important operational
factors [12], the predicted remaining time may support door-
closing decisions.

The proposed pipeline consists of three stages: YOLO26n-
based passenger detection, tracking of descending passengers,
and remaining-time prediction using trajectory features.

The main contributions are as follows:
1) We extend single-frame passenger movement estimation

through tracking-based trajectory analysis.
2) We investigate the feasibility of predicting the remaining

time to the subway door from stair-area tracking trajectories

52979-8-3195-3188-9/26/$31.00 ©2026 IEEE APWCS 2026



Fig. 1. Overall Pipeline of the Proposed System

to support subway door safety decisions.
3) We independently evaluate passenger detection, tracking,

and arrival time prediction.

II. MATERIALS AND METHODS

A. Dataset Preparation

The three tasks of passenger detection, tracking, and arrival
time prediction require different temporal resolutions and
annotation types. To prevent data leakage between training
and testing, the source CCTV videos were temporally divided
into separate video segments before constructing the task-
specific datasets. Independent test data were then constructed
from designated held-out video segments, while the temporal
resolution and annotations were adjusted according to the
requirements of each task.

For training and evaluating the passenger detection model,
we used the passenger detection dataset constructed in a
previous study [7]. This dataset consists of image frames
extracted every 2 seconds from 30 FPS CCTV videos. Each
passenger was annotated with a bounding box and one of
three movement classes: ascending, descending, or passing.
A total of 4,783 images were used for model development,
while 1,595 image frames from the temporally separated test
portion were reserved for final evaluation. The 4,783 images
were first divided into training and validation sets, and the
validation set was used to determine the optimal number of
training epochs. The final model was then retrained using
the combined training and validation sets with the selected
number of epochs. To prevent data leakage, the final model
performance was evaluated only on the 1,595 images from
the separated test video portion described in the Dataset
Preparation subsection.

For passenger tracking, the test portion was processed at the
original frame rate of 30 FPS to preserve continuous passen-
ger trajectories. Six descending passengers were selected for
tracking evaluation, and their frame-level bounding boxes were
manually annotated by three experts as the tracking ground
truth.

For arrival time prediction at the train door, passenger
trajectories were extracted from the 30 FPS CCTV videos.
A total of 44 passenger samples were used to construct the

prediction dataset, with the six passengers used for tracking
evaluation assigned to the test set. For each passenger, the
door arrival frame determined by three experts was compared
with the last observed frame of the tracking trajectory, and the
frame difference was converted into the remaining arrival time
in seconds based on 30 FPS.

B. Overall Pipeline

As shown in Fig. 1, the proposed method consists of three
stages: passenger detection, passenger tracking, and arrival
time prediction at the train door. First, a region of interest
(ROI) including the stairs and part of the platform is cropped
from each CCTV frame. Then, the YOLO26n model is used
to detect the bounding boxes and movement classes of pas-
sengers. Next, among the detection results, objects classified
as descending are used as the input to the tracking module
to generate a trajectory for each passenger. Finally, movement
features are extracted from the generated trajectory, and the
remaining time until the passenger reaches the subway door
is predicted.

C. Passenger Detection

The passenger detection stage was used to identify descend-
ing passengers who may be at risk of approaching the subway
door shortly before closure and to provide their bounding
boxes as input to the subsequent tracking stage. For this
purpose, we used the Ultralytics-based YOLO26n model [13].
The model was initialized with COCO-pretrained weights and
fine-tuned to classify passengers into ascending, descending,
and passing classes. Training and evaluation were conducted
according to the data partitioning and training procedure
described in the Dataset Preparation subsection. The input size
was set to 320× 320, with a batch size of 32. Adam with an
initial learning rate of 0.01 and a cosine learning rate schedule
was used for optimization.

D. Passenger Tracking

In the passenger tracking stage, only detections classified as
descending by YOLO26n were used as input. The proposed
tracking method, referred to as Constraint-Guided SORT (CG-
SORT), is based on the SORT framework and combines
an 8-state Kalman filter with Hungarian matching [8]. In
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addition, entry and exit zone constraints, appearance similarity,
and physical motion constraints were incorporated to account
for the characteristics of the subway stair environment. The
entry and exit zone constraints restricted track initialization
and termination to predefined regions. Appearance similarity
compared passenger appearances using HSV color histograms.
Physical motion constraints excluded implausible associations
based on excessive upward movement, lateral movement, and
frame-to-frame displacement.

The Kalman filter state was defined as
(cx, cy, w, h, vcx , vcy , vw, vh), where (cx, cy) denotes the
geometric center of the passenger bounding box, and (w, h)
denotes the bounding-box width and height. The variables
vcx and vcy represent the frame-to-frame rates of change in
the bounding-box center coordinates estimated by the Kalman
filter, while vw and vh represent the estimated rates of
change in the bounding-box width and height. These velocity
components are internal state variables of the Kalman filter
and do not directly represent the passenger’s physical walking
speed. The width and height components were included to
accommodate temporal variations in the size and shape of the
detected bounding box.

In each frame, the Kalman filter predicts the bounding boxes
of existing tracks. The predicted tracks and new detections
are then associated using Hungarian matching based on an
association cost combining Intersection over Union (IoU), cen-
ter distance, and HSV histogram similarity. A track–detection
pair is assigned a lower association cost when the predicted
and detected bounding boxes have greater overlap, a shorter
distance between their geometric centers, and more similar
HSV color histograms. Hungarian matching then determines
the set of track–detection assignments that minimizes the total
association cost.

Several rule-based constraints were applied during the as-
sociation process. As shown in Fig. 1, Ls and Le denote
the start and end lines, respectively, and the region between
them corresponds to the passenger tracking zone. First, a new
track ID was created only when the center of an unmatched
detection was located above Ls, which served as the entry
boundary. This rule assumes that each target passenger first
becomes visible near the top of the tracking region; passengers
who initially appear in the middle of the tracking region
due to occlusion were not considered in the current study.
Second, candidate matches were rejected when the center
displacement exceeded the predefined maximum distance or
speed. Here, the center displacement was defined as the two-
dimensional Euclidean pixel distance between the center of
the Kalman-predicted bounding box and that of the candidate
detection. The allowable distance increased by 8 pixels for
each tracking update since the last match, but was limited to
a maximum of 100 pixels. Third, candidate matches showing
movement inconsistent with the expected downward motion
were rejected, including excessive upward displacement from
the predicted position and excessive horizontal displacement.
Fourth, abrupt changes in bounding-box width or height were
restricted. In addition, HSV color histogram similarity was

Fig. 2. Definition of remaining time for passenger door arrival prediction.

included in the matching cost. Finally, tracks were terminated
and stored as completed trajectories when their bounding
boxes passed Le, which served as the exit boundary.

E. Arrival Time Prediction at the Train Door

The goal of arrival time prediction is to estimate the
remaining time until a tracked passenger reaches the subway
door. The start line frame (Fs) was defined as the frame
in which the passenger’s foot crossed the predefined start
line and the downward movement could be clearly observed.
The end line frame (Fe) was defined as the frame in which
the passenger’s foot crossed the third step from the bottom
of the staircase. The boarding frame (Fb) was defined as
the frame in which the passenger’s entire body had passed
through the subway doorway. It was determined by cross-
checking annotations from three experts, as shown in Fig. 2.
The ground-truth remaining time was calculated from the
frame difference between Fe and Fb at 30 FPS. Passenger
trajectories were stored as frame-level position sequences,
and abrupt bounding-box changes were corrected using linear
interpolation.

Three trajectory features were used for arrival time pre-
diction: average speed, final x-position, and vertical travel
distance. Average speed was calculated as the mean Euclidean
displacement between consecutive trajectory points, final x-
position represented the passenger’s horizontal position at Fe,
and Vertical travel distance was calculated as the absolute dif-
ference between the passenger’s center y-coordinate at Fs and
that at Fe. Among the 44 passenger samples, six passengers
from the designated video segment described in the Dataset
Preparation subsection were reserved as an independent test
set, while the remaining 38 samples were used for model
training with 5-fold cross-validation. Support Vector Regres-

TABLE I
PASSENGER DETECTION PERFORMANCE

Class Precision Recall AP@0.5 AP@0.5:0.95
Ascending 0.925 0.875 0.927 0.686
Descending 0.921 0.924 0.943 0.731
Passing 0.946 0.901 0.925 0.760
Overall (mAP) 0.931 0.900 0.932 0.726
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Fig. 3. Tracking evaluation results for six selected passenger tracks: (a)
success plot and (b) precision plot.

sion, Random Forest, Gradient Boosting, Bayesian Ridge, and
ElasticNet were evaluated to compare nonlinear, ensemble-
based, and regularized linear regression approaches.

III. EXPERIMENTS AND RESULTS

A. Experimental Setup

All experiments in this study were conducted on a local PC
equipped with an NVIDIA GeForce RTX 5090 GPU and an
AMD Ryzen Threadripper PRO 7995WX 96-Core CPU. All
stages were implemented in Python. Passenger detection was
based on the Ultralytics YOLO framework [13], and tracking
and arrival time prediction were implemented using custom
Python code.

The arrival time prediction model was built using scikit-
learn and evaluated using 5-fold cross-validation.

B. Passenger Detection Performance

The passenger detection performance of the YOLO26n
model was evaluated using 1,595 test images and 3,615
passenger instances. The overall results were 0.931 precision,
0.900 recall, 0.932 mAP@0.5, and 0.726 mAP@0.5:0.95.
In the inference stage, agnostic Non-Maximum Suppression
(NMS) was applied to reduce duplicate detections of the same
passenger with different classes.

As shown in Table I, the descending class achieved a recall
of 0.924 and the highest AP@0.5 of 0.943 among the three
classes. Its precision and mAP@0.5:0.95 were 0.921 and
0.731, respectively. Since the descending class is the main
input for tracking and arrival time prediction in this study,
these results indicate that the detection model can provide
relatively stable inputs for the subsequent tracking stage.

C. Passenger Tracking Performance

Passenger tracking performance was evaluated using the
six target passengers described in the Dataset Preparation
subsection. The evaluation metrics included the AUC of the
success plot, Precision, average IoU, and average Center Lo-
cation Error (CLE). The success and precision plots followed
the evaluation protocol commonly used in object tracking
benchmarks [14]. The success plot represents the proportion
of frames whose IoU exceeds a given threshold, and its
AUC summarizes passenger tracking performance over all
IoU thresholds. Precision was calculated as the proportion of
frames in which the distance between the predicted and ground

TABLE II
PASSENGER TRACKING PERFORMANCE COMPARISON WITH BASELINE

METHODS

Method Success Plot Precision Avg. Avg. CLE
AUC @20 px IoU (px)

SORT 0.793± 0.068 0.944± 0.070 0.793± 0.068 3.896± 1.626
ByteTrack 0.783± 0.069 0.933± 0.076 0.783± 0.069 3.912± 1.626
CG-SORT 0.796 ± 0.067 0.948 ± 0.066 0.796 ± 0.067 3.897 ± 1.629

truth (GT) bounding-box centers was less than or equal to 20
pixels.

Fig. 3 presents the success and precision plots for the six
passenger tracks obtained using CG-SORT. In the success
plot, ID1, ID3, and ID4 achieved relatively high AUC values,
whereas ID2 and ID6 showed lower performance. In the
precision plot, ID1 and ID4 achieved a Precision@20 px
of 1.000, while ID2 showed the lowest Precision@20 px.
Overall, the main tracking errors were associated with initial
detection failures, occlusion, and interference between nearby
passengers.

Table II compares CG-SORT with SORT [8] and Byte-
Track [15]. CG-SORT achieved the highest AUC of the suc-
cess plot (0.796±0.067), Precision@20 px (0.948±0.066), and
average IoU (0.796± 0.067). Its average CLE (3.897± 1.629
pixels) was nearly identical to that of SORT (3.896 ± 1.626
pixels), indicating slightly better overall tracking accuracy with
comparable localization error.

D. Performance of Arrival Time Prediction at the Train Door

The arrival time prediction dataset consisted of 44 passenger
samples whose tracking trajectories were matched with man-
ually annotated door arrival frames. Six passengers used for
tracking evaluation were reserved as an independent test set,
while the remaining 38 were used for 5-fold model training.
The five fold-trained models were then evaluated on the same
six test passengers.

Table III reports the mean and standard deviation of the
test performance obtained from the five fold-trained models.
ElasticNet achieved the best overall performance, with a Mean
Absolute Error (MAE) of 0.644±0.021 s, a Root Mean Square
Error (RMSE) of 0.739±0.027 s, and an R2 of 0.399±0.044.

MAE represents the average absolute prediction error in
the original unit of the target variable, whereas RMSE is
more sensitive to relatively large errors [16]. Therefore, the
predicted remaining arrival time differed from the ground truth
by approximately 0.64 s on average, while the higher RMSE
indicates that larger errors occurred for some passengers. The

TABLE III
PERFORMANCE OF ARRIVAL TIME PREDICTION AT THE TRAIN DOOR

Model MAE (s) RMSE (s) R2

ElasticNet 0.644 ± 0.021 0.739 ± 0.027 0.399 ± 0.044
Bayesian Ridge 0.686± 0.021 0.792± 0.029 0.309± 0.050
Random Forest 0.745± 0.033 0.895± 0.038 0.117± 0.074
SVR 0.817± 0.051 0.938± 0.083 0.025± 0.179
Gradient Boosting 0.815± 0.095 0.994± 0.180 −0.117± 0.400
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R2 value indicates that ElasticNet explained approximately
39.9% of the variation in the remaining arrival time [17].

The results indicate that ElasticNet was the most suitable
model under the current data and feature conditions. However,
further validation using more passengers and diverse crowd
conditions is required.

IV. DISCUSSION AND CONCLUSION

This study proposed a subway CCTV-based pipeline that
detects passengers at risk of being caught in train doors, tracks
their movements across consecutive frames, and predicts their
arrival time at the train door. The results demonstrate the
feasibility of integrating passenger detection, tracking, and
arrival time prediction to support subway door safety.

The passenger detector achieved an overall mAP@0.5 of
0.932 and a descending-class AP@0.5 of 0.943. The proposed
CG-SORT achieved an AUC of 0.796± 0.067 for the success
plot, a Precision@20 px of 0.948 ± 0.066, an average IoU
of 0.796 ± 0.067, and an average CLE of 3.897 ± 1.629
pixels. For arrival time prediction, ElasticNet achieved the
best overall performance, with an MAE of 0.644 ± 0.021 s,
an RMSE of 0.739 ± 0.027 s, and an R2 of 0.399 ± 0.044.
These results indicate that CCTV-based tracking trajectories
can provide useful information for estimating the remaining
time until passengers reach the subway door.

In a practical door-closing decision system, the predicted
remaining arrival time could be compared with the mechanical
door-closing duration. If a passenger is predicted to reach
the door within a threshold that includes an additional safety
margin, the system could recommend delaying door closure.
Otherwise, the normal door-closing sequence could proceed.
A conservative threshold may reduce the risk of missing an
approaching passenger, but it may also increase false alarms
and train dwell time. Therefore, the proposed method could
initially be used as a decision-support tool for train operators
and later extended to broader operational use after sufficient
validation.

The current study evaluated tracking using six target pas-
sengers and arrival time prediction using 44 passenger sam-
ples under a fixed CCTV viewpoint and predefined tracking
regions. These conditions limit the generalizability of the
findings, and further validation using larger datasets collected
under more diverse environmental and crowd conditions is
required.

Future work will expand the tracking and arrival-time
datasets under diverse crowd conditions, improve tracking
stability under occlusion, and validate the prediction results
using actual door-closing times. Safety margins and decision
thresholds should also be determined empirically, and false-
alarm and missed-risk rates should be evaluated to further im-
prove the reliability and practical applicability of the proposed
system.
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