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Abstract

Tunnels serve as a critical hub in urban transportation networks; their monotonous and
enclosed environment is prone to inducing speeding behavior, necessitating an efficient
vehicle speed monitoring system. Traditional methods suffer from high costs and slow
response times, making them inadequate for the complex scenarios encountered in tunnel
environments. This study proposes a real-time tunnel vehicle speed monitoring system
based on YOLOv8s and DeepSORT. YOLOVSs is used to detect and classify cars, trucks,
and buses, while DeepSORT applies Kalman filtering and the Hungarian algorithm to
construct motion trajectories. Vehicle speed is estimated through perspective geometric
transformation combined with a sliding-window approach, with a speeding threshold of
100 km/h and corresponding visual alerts. Using surveillance video from an expressway
tunnel as the dataset, the system achieved detection accuracies of 98% for cars, 96% for
trucks, and 91% for buses. Speed detection performance metrics included an average speed
deviation (ASD) of 2.54 km/h, a deviation degree of vehicle speed (DDVS) of 3.12, vehicle
speed stability (VST) of 1.22, and speed difference ratio (SDR) of 2.9%. Analysis revealed
a longitudinal “deceleration—acceleration—deceleration” inverted U-shaped speed profile
along the tunnel. Statistical tests confirmed these findings: the Mann-Whitney U test
showed highly significant differences in vehicle speeds between cars and trucks across
different tunnel sections, and the Kruskal-Wallis test further indicated significant speed
variations across the entrance, middle, and exit segments for both vehicle types.

Keywords: YOLOVS; DeepSORT; vehicle speed detection; speeding alert; tunnel safety

1. Introduction

In recent years, with the accelerated pace of urbanization and the rapid growth of traffic
volumes, tunnel traffic management has been facing increasingly severe challenges. As
key components of urban transportation networks, tunnels require real-time monitoring of
internal traffic flow and timely identification of abnormal driving behaviors to ensure traffic
safety and improve road efficiency. Traditional traffic monitoring methods mainly rely
on physical devices, such as inductive loop detectors and radar speed sensors. Although
these technologies offer high measurement accuracy, they suffer from high installation
costs, maintenance difficulties, and limited coverage, making them inadequate for precise
vehicle behavior analysis in complex environments [1]. In tunnel scenarios in particular,
factors such as varying lighting conditions and perspective distortion further complicate
traffic monitoring.
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Statistics indicate that speeding is one of the primary causes of tunnel traffic accidents,
with its occurrence closely related to vehicle type, traffic density, and driver behavior [2].
Research has demonstrated that expressway tunnels, as semi-enclosed structures with
abrupt lighting transitions, can induce constrained and irritable psychology among drivers,
leading to risky behaviors such as speeding and fatigued driving [3]. More critically,
monitoring driver behavior has been identified as crucial for improving tunnel traffic safety,
as drivers often fail to properly adjust their speed when transitioning between different
tunnel zones [4]. Therefore, the development of real-time, high-precision systems for
traffic speed monitoring and abnormal speed behavior detection is not only fundamental
to ensuring tunnel safety but also forms a core technological foundation for advancing
next-generation intelligent transportation systems (ITSs).

In recent years, the rapid development of computer vision and deep learning tech-
nologies has provided new opportunities for traffic flow monitoring. Object detection
algorithms such as the YOLO (You Only Look Once) series have demonstrated excellent
performance in vehicle recognition due to their efficient detection capabilities, gradually
becoming the mainstream method for object detection in traffic scenarios [5]. Multi-object
tracking algorithms like DeepSORT achieve stable inter-frame target association by integrat-
ing deep features with kinematic models [6]. YOLOVS, developed by the Ultralytics team,
optimizes network architecture and training strategies, achieving a better balance between
accuracy and speed. It is especially suitable for edge device deployment and real-time
detection tasks [7]. When combined with DeepSORT, which integrates Kalman filtering,
the Hungarian matching algorithm, and deep appearance features, it can effectively handle
occlusion and ID switching problems in complex scenes. This combination has been widely
applied in fields such as traffic flow analysis and trajectory extraction [8,9]. Multi-object
tracking technology based on YOLOv8 and DeepSORT can address tracking instability
caused by occlusion between targets. In terms of speed estimation, Costa et al. proposed a
method using pixel-based image scaling factors to estimate vehicle distance from the cam-
era in video sequences, enabling average speed calculation [10]; Tayeb et al. implemented
a background subtraction technique based on Gaussian mixture models to handle com-
plex backgrounds and appearance variations caused by lighting and scaling effects, using
Kalman filtering for frame-by-frame vehicle tracking and perspective geometry for speed
estimation [11]. Most existing studies calculate speed through pixel-to-physical coordinate
mapping combined with motion models, but due to detection noise and environmental
interference, there is still room to improve the stability and accuracy of speed estimation.

Although the aforementioned technologies have made significant progress in general
traffic scenarios, vehicle speed detection in tunnel environments still faces challenges such
as low lighting, glare, complex backgrounds, high-speed vehicle movement, and potential
occlusions. Accurate speed estimation in tunnels requires comprehensive consideration of
factors such as camera calibration, inter-frame noise, and vehicle type differences. Most
existing studies have focused on open road environments or intersection scenes [12-14],
while systematic detection and analysis tailored to tunnels—an enclosed and constrained
environment—remain insufficient. There is an urgent need to develop a comprehensive
solution with strong adaptability, high precision, and real-time performance.

Against this backdrop, this study proposes an integrated real-time tunnel vehicle
speed detection system that combines YOLOVS for object detection and DeepSORT for
multi-object tracking. Using surveillance video from an expressway tunnel as the dataset,
the system’s performance in terms of classification accuracy and speed analysis is evaluated,
verifying the effectiveness and robustness of the proposed approach.

The main contributions of this study are as follows:
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(1) A fusion framework for vehicle detection and tracking tailored to tunnel scenarios is
constructed, significantly improving detection stability under complex lighting conditions;

(2) A speed estimation algorithm based on perspective transformation is designed,
enabling non-contact speed measurement;

(3) A complete abnormal event identification and warning mechanism is established,
providing technical support for tunnel traffic safety management.

2. Methods
2.1. Overview

The system is designed to achieve real-time monitoring of vehicle speeds and detection
of abnormal speed behaviors in tunnel traffic flows based on YOLOvS8 and DeepSORT. The
core processing pipeline is illustrated in Figure 1 and consists of the following components.
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Figure 1. System workflow diagram.

(1) Video Acquisition and Data Preprocessing:

The system reads video streams from a specified path, parses frame rate and resolution
parameters, and establishes a standardized data input channel. A frame buffer mecha-
nism is employed to ensure stable video transmission and prevent frame loss caused by
hardware latency.

(2) Vehicle Detection

The YOLOvVS8s object detection algorithm is applied to analyze each video frame. A
confidence threshold of 0.5 is set to filter reliable bounding boxes. Combined with a custom-
built training dataset, the system classifies detected vehicles into three categories, with
class IDs 0/1/2 corresponding to cars, trucks, and buses, respectively.

(3) Vehicle Tracking

The DeepSORT algorithm is utilized to associate detected objects across frames.
Kalman filtering is used for trajectory prediction and unique ID assignment, forming
a vehicle trajectory database to support subsequent speed estimation.

(4) Perspective Transformation and Vehicle Speed Detection

By integrating physical motion models with perspective transformation theory, the sys-
tem dynamically calculates vehicle speeds. When speeding behavior is detected (exceeding
100 km/h), an abnormal event is triggered.
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(5) Result Display and Data Storage:

The system overlays bounding boxes, speed information, and warning messages
on video frames in real time. Screenshots of abnormal events are saved to local storage,
forming a diversified alert mechanism.

2.2. YOLOvS8

YOLO (You Only Look Once) is a class of end-to-end methods that reformulate object
detection as a regression problem. Its core advantages lie in high speed, lightweight archi-
tecture, and suitability for deployment on edge devices [5]. YOLOVS utilizes Convolutional
Neural Networks (CNNSs) to learn object features within images, adopting an end-to-end
detection framework that leverages multi-scale prediction and grid partitioning to detect
and localize objects [15]. The model performs a single forward pass to simultaneously
predict object locations and categories, offering significantly higher detection efficiency
compared to traditional two-stage detection algorithms.

YOLOvSs, with a moderate number of parameters and high recognition accuracy,
achieves efficient real-time detection performance on edge computing platforms. This
meets the technical requirements of real-time monitoring in tunnel traffic flow scenarios.
Therefore, YOLOVSs is selected as the base detection model in this study. The network
architecture of YOLOV8s is shown in Figure 2.

| |
i ‘ Input H Conv H Conv )—{ caf H Conv )—{ caf H Conv )—{ caf H Conv )—{ c2f H SPFF ] Backbone i
| |
|

c2f Contact Unsample c2f Contact\ (Unsample\
J 8 J

Neck

{ Conv ) (Cuntact) [ c2f H Conv HContactH c2f ]

Figure 2. YOLOvS8s network.

2.2.1. Classification and Prediction

In this system, YOLOVS is responsible for identifying and locating vehicle targets from
video frames, including three types: cars, trucks, and buses. The basic principles are as follows:
For an input image I € RT*W>3, the YOLO network divides it into S x S grid cells. Each
grid cell is responsible for predicting B bounding boxes. Each bounding box contains five
parameters: the center coordinates (x, i), width and height (w, /), and a confidence score c.
The bounding box prediction is determined using Equations (1)—(4):

x = 0(tx) + cx 1)
y=oty) +cy )
w = pw-etw 3)
h= ph~eth 4)

Here, cy,, cy denote the top-left coordinates of the grid cell; py, py, represent the width
and height of the anchor box; ¢ is the sigmoid activation function; and ty, ty, tw, t, are the
predicted outputs of the network.
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Meanwhile, each grid cell also predicts the probabilities for G object classes.

The trained YOLOv8 model in this system is capable of distinguishing between three
main vehicle types: lightweight cars, heavy-duty trucks, and buses. This classification
capability is essential for traffic flow statistics and speed analysis, as different types of
vehicles exhibit distinct driving characteristics and speed distributions.

The class probabilities output by the model are normalized using the softmax function,
defined as Equation (5):

e’k
Glelx) = == )
e
where zj represents the raw output score for class k, and G is the total number of classes.
The system only processes detection results with confidence scores exceeding a predefined

threshold to ensure the reliability of the classification.

2.2.2. Loss Function

The loss function guides the network to learn how to distinguish between different
vehicle categories and optimizes the model’s performance in multi-class recognition tasks.
The loss function of YOLO consists of three components: coordinate loss, confidence loss,
and classification loss, determined using Equations (6)—(9):

Ltotal = Lcoord + Lconf + Lcls (6)

Lot = Aeoong 2 2 199 l R (Ve V) <ﬁ - \/;ﬂ 7

i=0j=0

B

h ob noob] A2
conf - Z Z[ C C ) + }\noob]l (Cl - Cl) } (8)
i=0j=0

Las = 2 57 Y (pile) —pi(e) ©)
ceclasses
Specifically, 1ic]?bj indicates whether the j-th predicted bounding box in the i-th grid
cell is responsible for detecting an object, Acoord, Anoobj are balancing parameters used to
weight the coordinate loss and the confidence loss for background boxes, respectively.
Lcoord Tepresents the coordinate loss, L.y is the confidence loss, and Lgs denotes the
classification loss.

2.2.3. Non-Maximum Suppression Mechanism

To address the issue of duplicate detections potentially generated by YOLOVS, the
system implements a customized Non-Maximum Suppression (NMS) algorithm. The core
idea of this algorithm is to suppress redundant detection boxes that have lower confidence
scores and a high degree of overlap with boxes of higher confidence.

The Intersection over Union (IoU) is calculated using Equation (10):

Area(B; N By)

IoU(By, By) = Area(B, UBy)

(10)
where By and B, represent two bounding boxes, respectively. If the IoU between two boxes
IoU(Bl, B]) > Tpy, the box with the lower confidence score is suppressed, and the box
with the higher confidence score is retained. In this system, the IoU threshold 7j,; is set
to 0.4, and the confidence threshold is set to 0.5, which ensures accurate detection while

minimizing false positives and false negatives.
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2.3. DeepSORT

Although YOLOVS enables efficient detection of vehicle objects in images, its detection
is performed independently on a frame-by-frame basis, making it incapable of tracking
the identity and trajectory of the same object across consecutive frames. Therefore, a multi-
object tracking algorithm is required to maintain the temporal consistency of vehicle IDs.

This study adopts the DeepSORT (Deep Simple Online and Realtime Tracking) algo-
rithm to perform real-time tracking based on YOLOvS8s detection results. The algorithm
combines Kalman filtering for motion prediction and the Hungarian algorithm for data
association, while also leveraging deep feature embeddings for appearance matching, effec-
tively addressing challenges such as object occlusion and ID switching [16]. Through the
integration of YOLOv8s and DeepSORT, the system achieves real-time detection, identity
assignment, and trajectory tracking for each vehicle in the video, providing reliable data
support for subsequent vehicle speed estimation and analysis.

2.3.1. State Space Model

DeepSORT uses an 8-dimensional state vector to describe the motion state of a target.
Let M represent the state vector of the i-th tracked object, as shown in Equation (11):

M= [xy,s1,%5y,5i" (11)

Here, (x,y) denotes the pixel coordinates of the center of the bounding box, s is the
scale (area) of the bounding box, and r is the aspect ratio (width-to-height ratio). The terms
X,V, s, are the corresponding velocity components of these quantities.

The state transition equation for predicting the vehicle’s state in the next frame is
shown in Equation (12):

I At x1
myq = ka + mk,F _ 14x4 4x4

= (12)
Ousxa Iyxa

where F is the state transition matrix. Assuming constant velocity motion, At represents
the time interval between frames, and wy is the process noise.

The observation equation and observation matrix used to map the predicted state to
the observed measurements are defined as Equation (13):

z = Pmy + vy, P = [Iyxq, 044 (13)

Here, the observation matrix P projects the 8-dimensional state vector m; into a
4-dimensional observation space, extracting only the position and scale information, and
vy represents the observation noise.

2.3.2. Data Association Strategy

DeepSORT adopts a cascade matching strategy that combines Mahalanobis distance
and cosine distance for target association.

The Mahalanobis distance is used to measure the discrepancy between the predicted
position and the actual detection. Let z; be the observation vector of the j-th detection,
provided by YOLO. S; is the covariance matrix, representing the statistical characteristics of
observation noise, used to evaluate the reliability of motion-based matching. The distance
is calculated using Equation (14):

d(l) (rni, Z]) = (Z] — Pmi)TS-_l (Z] — Pmi) (14)

1
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The cosine distance is used to compare the similarity of vehicle appearance features.
Let r; be the appearance feature vector of the i-th tracked object, and rj be the appearance
feature vector of the j-th detection. Both ro and rl(:) are typically normalized unit vectors.
The cosine distance is computed using Equation (15).

d® (ri,15) = min{l — rorl((i)

B} er, (15)
The combined association metric is defined using Equation (16):

cij = AdW (my, z) + (1= A)d? (r;, 1)) (16)

where A € [1,0] is a weighting coefficient that balances the contributions of the two distances.

2.4. Perspective Transformation and Speed Estimation Module
2.4.1. Principle of Perspective Transformation

Perspective transformation is the process of converting the image coordinates—i.e.,
the 2D pixel coordinates captured by the camera—into physical coordinates on the actual
road surface, thereby eliminating distortion caused by the camera’s viewing angle. In the
tunnel vehicle speed detection system, perspective transformation ensures that vehicle
positions are accurately mapped from the image plane to the road plane, providing reliable
spatial data for subsequent speed estimation.

During the transformation of the image into a bird’s-eye view, four corresponding
points must be selected in both the original image and the transformed image. Specifically,
four points (a, b, ¢, and d) are selected in the original image, and four corresponding points
(@', b, ¢, and d’) are selected in the bird’s-eye view image. Each point in the original image
corresponds to a point in the transformed image: point a is mapped to @/, b to b/, and the
same for ¢ and d, as shown in Figure 3.

a' l l d’
a
d
b
c blT ? Cl
(a) Original Image (b) Bird’s-Eye View

Figure 3. Example of lane line perspective transformation. Note: Perspective transformation based
on four corresponding points (a—d in the original image mapped to a’~d’ in the bird’s-eye view).

The transformation process is achieved using a 3 x 3 matrix H, known as the homog-
raphy matrix. This matrix H is computed based on four pairs of corresponding points
between the original image and the bird’s-eye view image, as shown in Equation (17):

Ah=b (17)
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The coefficient matrix A€ R®*8 is constructed from the original and bird’s-eye
view coordinates of the four corresponding points (a, b, ¢, and d). The vector
h= [hllr hlz, h]g, ]’121, ]’122, h23, h31, h32, I’l33,] T represents the homography matrix elements,
and be R3 is the target coordinate vector.

The homography matrix H describes the projective transformation between two planes,
and maps image coordinates (x, y) to real-world coordinates via, as shown in Equation (18):

x/ X h;; hpp hygs
y/ =H y ,H = h21 h22 h23 (18)
1 1 h3; h3 hss

To obtain the normalized real-world coordinates (x, y’), a perspective division is
performed using Equation (19):

, hy1x +hpy +hyz ,_ hy1x + hpy + hos

_ v = 19
hz1x + hzpy + hsz YT hagx o+ hzpy + hs 19)

2.4.2. Principle of Vehicle Speed Estimation
To improve the accuracy and stability of speed estimation, the system adopts a multi-

point-based speed calculation method using historical positions. For trajectory i, its speed
at frame ¢ is calculated using Equation (20):

N-1 4(i)
. N-1q@
Vgl) = w.fﬁ”.gﬁ (20)
Lt At

(i)
where dt—j+1,t—j

trajectory i, calculated using the real-world coordinates (x{fj, y{fj) and (XL]. +1s y{fj 1) after

represents the Euclidean distance between two consecutive positions of

perspective transformation using Equation (21):

i 1(i 1(i) 2 /(i (i) 2
4 iy = (R =)+ (v~ ) o

Ati_j11,t-j is the time interval between the two frames, derived from the video frame

rate fg,s. The factor 3.6 is used to convert the speed from meters per second (m/s) to
kilometers per hour (km/h). To reduce the impact of noise from any single frame, the
system uses the average speed across the most recent N = 10 positions.

To further enhance the reliability of speed estimation, a sliding window-based speed
smoothing algorithm is implemented. For each trajectory, a speed history queue of length W
(set to W = 10) is maintained. The current smoothed speed is computed using Equation (22):

1 t
w

vl = Vi (22)

i=t—-W+1

The system incorporates an outlier detection mechanism, where only speed values
within the valid range of 1 < v < 200 km/h are considered reasonable. Speed values
outside this range are discarded. This approach effectively eliminates abnormal velocity
measurements caused by detection errors or trajectory jumps.

2.4.3. Speeding Detection Mechanism

The system includes a real-time speeding detection function, which compares each
vehicle’s smoothed speed against a predefined threshold, vy If, for any trajectory i, the
smoothed speed ¥i) > vy, a speeding alert is triggered. Based on publicly available
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information, the speed limit within this tunnel is 100 km/h. Therefore, the system sets
Viimit = 100 km/h.

When a speeding vehicle is detected, a visual warning is displayed in the video: a
semi-transparent red overlay is drawn inside the bounding box of the speeding vehicle. The
transparency parameter is set to o« = 0.3. The output image is generated using Equation (23):

I = oy + (1 — &)1, (23)

where I; is the red overlay layer, I, is the original frame, and I, is the final rendered
frame. Additionally, the bounding box color is changed to bold red, and the warning text
“SPEEDING!” along with the current speed is displayed above the vehicle.

2.5. Bounding Box Smoothing and Stabilization

Considering the possibility of occlusion, stopping, or other anomalies during vehicle
movement in the video, the system enhances robustness by applying exponential moving
average (EMA) smoothing to the bounding box coordinates within a sliding window. The
smoothing is computed using Equation (24):

B} = aBd + (1 - a)B_, (24)

where B{ is the detected bounding box at frame ¢, B{ is the smoothed bounding box, and o«
is the smoothing factor (set to 0.7). This method effectively enhances visual stability while
maintaining the real-time nature of object tracking.

3. Results
3.1. Experimental Dataset and Environment

This study utilized traffic surveillance video from an expressway tunnel, recorded
between 09:00 and 11:00 on 31 May 2025. Video frames were extracted at 25 fps intervals.
The dataset was cleaned by removing redundant and blurred frames, and the class dis-
tribution was adjusted through reclassification. The final experimental dataset contained
2564 images, with YOLO-format bounding box annotations generated using the Labellmg
tool for model training. The dataset contains 4130 labeled objects distributed across classes
as follows: 3091 for “car,” 628 for “truck,” and 411 for “bus.” The dataset was divided into
a training set of 2051 images and a validation set of 513 images. A separate test set was
not used due to the limited dataset size; instead, model performance was assessed on the
validation set through multiple training runs to ensure consistency and reproducibility.
The sample video frame used for detection is shown in Figure 4.

Figure 4. Sample video frames used for detection. Note: Sample frame from the tunnel surveillance
video datasets, annotated in YOLO format for model training.
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To evaluate the performance and practical value of the proposed algorithm in vehicle
object tracking scenarios, the experiments were conducted on a Windows 11 operating system.
The hardware configuration included an AMD Ryzen 7 7435H CPU and an NVIDIA GeForce
RTX 4050 GPU. On the software side, Python 3.10 was used as the programming environment,
with CUDA 11.8 acceleration and the PyTorch 2.0 framework for deep learning implemen-
tation. The YOLOv8s model was reproduced using the Ultralytics implementation, and a
custom-built dataset was employed for training. During the training phase, input images
were standardized to a resolution of 640 x 640 pixels. The initial learning rate was set to
0.01, and the training process ran for 120 epochs with a batch size of 16. Stochastic Gradient
Descent (SGD) was selected as the optimizer, with a momentum value set to 0.937.

3.2. Accuracy Evaluation
3.2.1. Classification Accuracy

To comprehensively evaluate the detection performance of the model, this study em-
ployed multiple metrics, including the precision—recall (PR) curve, the F1 score—confidence
interval curve, and curves showing the variations in recall and precision with respect to
confidence levels. Results indicate that the precision-recall curve (Figure 5) demonstrates
outstanding average precision (AP) across all vehicle categories: 0.976 for cars, 0.993 for
trucks, and 0.995 for buses, with an overall mAP@0.5 reaching 0.988, highlighting the
model’s strong object detection capability. The F1 score—confidence interval curve (Figure 6)
shows that the model achieves its optimal F1 score of 0.97 at a confidence threshold of
0.7 and maintains high performance across a wide range of thresholds, reflecting strong
robustness to confidence variations. The recall-confidence interval curve (Figure 7) further
illustrates that the model sustains a high recall rate even at low confidence levels and
remains stable at high thresholds, effectively reducing the risk of missed detections. The
precision—confidence interval curve (Figure 8) shows that the model achieves a perfect
precision score of 1.00 at a confidence threshold of 0.992 and maintains high precision
across different confidence levels.

— car0.976
truck 0.993
—— bus 0.995
= all classes 0.988 MAP@0.5

Precision-Recall Curve

0.0 0.2 0.4 0.6 0.8 1.0
Figure 5. Precision—recall curves.

F1-Confidence Curve

- car
/ truck
| —— bus
— all classes 0.97 at 0.700
08

0.2

0.0 0.2 0.4 0.6 0.8 1.0
Confidence

Figure 6. F1 score—confidence interval curve.



Intell. Infrastruct. Constr. 2025, 1, 10 11 of 22

Recall-Confidence Curve

— car
truck
— bus

= all classes 1.00 at 0.000
0.8

0.2

0.4 0.6
Confidence

Figure 7. Recall-confidence interval curve.

Precision-Confidence Curve

- — — car
/ - truck
5 — bus

J — all classes 1.00 at 0.992
0.8/

Precision
o
>

°
=

0.2

0.0 0.2 0.4 0.6 0.8 1.0
Confidence

Figure 8. Precision—confidence interval curve.

As shown in the normalized confusion matrix (Figure 9), the recognition accuracy
for cars reaches 98%, for trucks 96%, and for buses 91%. These results demonstrate that
the trained YOLOv8s model exhibits excellent classification performance in distinguishing
different types of vehicles.

Confusion Matrix Normalized

car

truck

Predicted

—-04

bus

=02

background

' ' ' ' -0.0
car truck bus background
True

Figure 9. Confusion matrix.

Based on all evaluation metrics, the tunnel vehicle recognition model built on
YOLOV8s exhibits outstanding performance during accuracy verification. The model
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shows good convergence and generalization in the training phase and achieves excellent
results in both classification accuracy and detection effectiveness.

3.2.2. Vehicle Speed Detection Accuracy

The ground truth vehicle speed data used in this study were obtained from a fixed
radar speed measurement system deployed within the tunnel. This system, established
by the local traffic management authority, offers high measurement accuracy (with an
error margin generally within +1 km/h) and can continuously record the instantaneous
speed of passing vehicles without interfering with the traffic flow. Since radar-based speed
detection is independent of lighting conditions and road surface markings, it is particularly
well-suited for speed measurement in enclosed or complex environments such as tunnels.
Therefore, the radar-measured speeds were adopted as the reference standard in this study
for evaluating detection performance.

To assess the accuracy of the proposed vehicle speed detection method, the following
four quantitative metrics were employed: average speed difference (ASD), deviation degree
of vehicle speed (DDVS), vehicle speed stability (VST), and speed difference ratio (SDR).
The formulas for these metrics are defined, as shown in Equations (25)—(28):

1 n
ASD = ;Z|xi — il (25)
i=1
1 )
DDVS = EZ(xi —v;) (26)
i=1
DDVS
VST = — o 27)
ASD
SDR = "X ASD | 1009 (28)
i=1Yi

Here, x; represents the vehicle speed measured by the proposed system, while, y;
denotes the ground truth speed obtained from the radar-based speed measurement system.
A sample calculation is shown in Table 1.

Table 1. Sample results of vehicle speed detection.

No. System-Detected Speed (km/h)  Radar-Measured Speed (km/h) Difference (km/h) ASD SDR
1 87.6 84.9 2.7
2 87.5 88.6 1.1
3 87.4 90.3 29 1.92km/h 2.21%
4 88.9 90.2 1.3
5 81.8 83.4 1.6
6 794 76.3 3.1
7 78.6 81.3 2.7
8 84.5 86.1 1.6 24 km/h 2.86%
9 90.1 924 23
10 86.6 88.9 2.3

In this study, ASD, DDVS, VST, and SDR were used as evaluation metrics. The experi-
mental results are summarized in Table 2. The proposed vehicle speed detection algorithm
achieved an average speed difference (ASD) of 2.54 km/h, a deviation degree of vehicle
speed (DDVS) of 3.12, a vehicle speed stability (VST) of 1.22, and a speed difference ratio
(SDR) of 2.9%. These results indicate that the system’s detected speeds closely match the
ground truth radar-measured speeds, demonstrating both high accuracy and good stability.
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Table 2. Evaluation results of vehicle speed detection.
Indicators ASD DDVS VST SDR
results 254 km/h 3.12 1.22 2.9%

3.2.3. Detection Timing Analysis

To further evaluate the real-time capability of the proposed YOLOvV8s + DeepSORT sys-
tem, we measured the average detection time during inference on representative test videos.
The system achieved an average processing time of 0.0338 s per frame, corresponding to
approximately 29.6 FPS on an NVIDIA RTX 4050 GPU (1080 p input resolution). Although
the timing was obtained during practical video inference rather than in a dedicated model
benchmarking stage, the results demonstrate that the proposed framework is capable of
real-time vehicle detection and tracking in tunnel-like environments.

3.2.4. Ablation Study

To verify the necessity of each core module in our system, we conducted ablation
experiments by systematically removing or replacing key components. Table 3 presents
the results.

Table 3. Ablation study.

Configuration Detection mAP  ASD (km/h) DDVS
Full system (YOLOvV8s + DeepSORT + Perspective Transform + Sliding Window) 98.8% 2.54 3.12
YOLOVSs + Simple IoU tracking 98.8% 5.87 7.45
YOLOV5s + DeepSORT (baseline) 94.6% 3.21 4.08
YOLOVS8s + DeepSORT (without sliding window) 98.8% 412 5.34
YOLOV8s + DeepSORT (without perspective transform) 98.8% 6.89 8.92

The ablation study reveals that (1) replacing DeepSORT with simple loU-based tracking
significantly degraded speed measurement performance, demonstrating the necessity of deep
appearance features; (2) using YOLOv5s instead of YOLOv8s reduced detection mAP by 4.2%
and increases ASD by 0.67 km/h; (3) removing the sliding window mechanism increased
ASD by 62.2%, highlighting its critical role in temporal smoothing; (4) eliminating perspective
geometric transformation resulted in the largest performance drop, with ASD increasing by
171.3%, confirming the importance of accurate spatial calibration in tunnel environments.

3.2.5. Algorithm Performance Comparison

To validate the effectiveness of the proposed YOLOvVS8s + DeepSORT system, we
conducted a comprehensive comparison with state-of-the-art vehicle speed measurement
methods, as summarized in Table 4. However, based on a literature review, we found that
novel vehicle speed measurement methods specifically designed for tunnel environments
have been relatively scarce over the past five years. Therefore, we selected comparable speed
measurement methods from high-speed and urban road scenarios for this comparison.

Recent deep learning-based approaches have demonstrated significant improvements
in vehicle speed estimation accuracy. The Enhanced YOLOvV5s + DeepSORT method
achieved an absolute speed error of 1-8 km/h with RMSE ranging from 2.06 to 9.28 km/h
in highway and tunnel scenarios [17]. A YOLOvV3 + DeepSORT approach combined
with optical flow algorithms reported a MAE of 3.38 km/h and RMSE of 4.69 km/h [18].
Shagqib et al.’s YOLOvS8-based system achieved comparable performance with MAE of
3.5 km/h and RMSE of 4.22 km/h in urban traffic scenarios [19]. Cvijeti¢ et al. introduced
a YOLO + 1D-CNN method using changing bounding box area (CBBA) features for speed
estimation [21]. Arriffin et al. developed a video stream-based speed estimation model for
automatic traffic flow analysis systems [20].
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Table 4. Algorithm performance comparison.
Method Detection Algorithm  Tracking Algorithm Test Environment Speed Accuracy Metrics Year
Enhanced YOLOv5s + YOLOV5s + Swin . Absolute error: 1-8 km/h,
DeepSORT [17] Transformer DeepSORT Highway/Tunnel RMSE: 2.06-9.28 km/h 2024
DeepSORT + . MAE: 3.38 km/h,
YOLOV3 + DeepSORT [18] YOLOv3 Optical Flow Road traffic RMSE: 4.69 km/h 2024
. . . . MAE: 3.5 km/h,
YOLOVS Speed Detection [19] YOLOvS8 Tracking algorithm Urban traffic RMSE: 4.22 km/h 2024
Speed Estimation Error:
Video Stream Estimation [20] Feature—based Video tracking Automatic traffic 20.86%, Average 2023
detection flow Percentage for Accuracy:
79.14%
1D-CNN with . Speed Average Error:
YOLO + 1D-CNN [21] YOLO detector CBBA features Road traffic 2.76 km /h 2023
This Study Proposed ASD: 2.54 km/h, DDVS:
(YOLOVSs + DeepSORT) YOLOv8s DeepSORT Expressway tunnel 5 1) o1 20 gpR: 2.9% 202

The proposed system demonstrates competitive performance with an average speed
deviation (ASD) of 2.54 km/h, placing it among the top-performing methods in the liter-
ature. When compared with the YOLOvV3 + DeepSORT method (MAE: 3.38 km/h) and
the YOLOVS detection system (MAE: 3.5 km/h), this approach shows improved accuracy
with lower deviation metrics. The relatively low deviation degree of vehicle speed (DDVS)
of 3.12 and vehicle speed stability (VST) of 1.22 indicate superior consistency compared
to traditional approaches. The speed difference ratio (SDR) of 2.9% further confirms the
system’s reliability for tunnel environments.

The superior performance of the proposed method can be attributed to several techni-
cal advantages: (1) YOLOvVS8s provides enhanced detection accuracy compared to earlier
YOLO versions (YOLOv3, YOLOvV5s), particularly for small and occluded objects common
in tunnel scenarios; (2) DeepSORT’s deep appearance features and Kalman filtering ensure
robust tracking under varying illumination conditions typical of tunnel environments;
(3) the perspective geometric transformation combined with sliding-window approach ef-
fectively handles the unique spatial characteristics of tunnel monitoring; (4) the integration
of multiple evaluation metrics (ASD, DDVS, VST, and SDR) provides a more comprehen-
sive assessment of speed measurement reliability than single-metric approaches used in
previous studies.

3.3. Analysis of Tunnel Traffic Operation Results
3.3.1. Detection Results

This study utilized vehicle data collected by the YOLOv8 + DeepSORT-based system
in an expressway tunnel on 16 June 2025, from 9:00 to 10:30, covering three sections: the
transition section, middle section, and exit section. Video detection was conducted on the
traffic flow during this period. Since the number of buses detected was fewer than five, the
analysis focused only on cars and trucks. Sample detection results are shown in Figure 10.
Figure 11 presents box plots illustrating the speed distribution of cars and trucks in each
tunnel section.

The box plot analysis reveals notable differences in the speed distributions of cars
and trucks across different segments of the tunnel. In the transition section, the median
speed of cars is 89.1 km/h, while that of trucks is 82.1 km/h. In the middle section, car
speeds increase, with a median of 95.2 km/h, whereas truck speeds remain relatively stable
at around 86.5 km/h. In the exit section, both vehicle types show a decrease in speed:
car speeds drop to 84.4 km/h, and truck speeds to 77.5 km/h. Overall, cars consistently
exhibit higher speeds than trucks across all segments. The middle section is identified as
the section with the highest vehicle speeds, while the decline observed in the exit section
likely reflects drivers’ tendency to decelerate as they approach the tunnel exit.
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(c) Example of the Exit Section

(d) Mlustration of Overspeed Detection

Figure 10. Sample Detection Results. Note: Detection results from the YOLOv8 + DeepSORT-based
system in an expressway tunnel (16 June 2025, 09:00-10:30), covering the transition, middle, and exit
sections. Only cars and trucks were analyzed due to the limited number of buses.

120 A
o =3 Truck

110 A

100

Speed (km/h)
8
|
1
o

801 i -

o

g o

70 4 T s
o o

o o

o o °
60 ° o

T T T
Transition Middle Exit

Tunnel Section

Figure 11. Box plot of vehicle speeds for cars and trucks in each tunnel section.

3.3.2. Speed Characteristics in Different Tunnel Sections

To accurately observe the speed characteristics across different sections of the tunnel,
this study classified vehicles by type and extracted the 15th percentile (V;5) and 85th
percentile (Vgs) speeds at each observation point. Figure 12 illustrates the variation of these
percentile speeds across the transition, middle, and exit sections.
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Figure 12. Characteristic percentile speed diagram.

For cars, the Vi5 increased from 82.7 km/h in the transition section to 88.6 km/h in the
middle section, then decreased to 78.1 km/h in the exit section. The Vg5 showed a similar
trend, rising from 95.3 km/h to 99.6 km/h, before dropping to 89.6 km/h. Trucks followed a
comparable but less pronounced pattern: Vi5 rose from 76.0 km/h to 81.7 km/h, then declined
to 70.6 km/h; Vg5 increased from 86.6 km/h to 91.0 km/h before falling to 83.5 km/h.

Vehicle speed exhibits an inverted U-shaped distribution pattern across the “transition
section—-middle section—exit section,” reflecting the complex influence mechanisms of the
tunnel environment on driving behavior. In the transition section, vehicles enter a relatively
enclosed tunnel space from an open road environment, and drivers need to adapt to environ-
mental factors such as changes in lighting, a narrowed field of view, and spatial constraints.
Data show that the Vg5 speeds for cars and trucks are 95.3 km/h and 86.6 km/h, respectively,
which are 4.3 km/h and 4.4 km/h lower than those in the middle section. Upon entering
the middle section, drivers have adapted to the tunnel environment, and their psychological
tension is relieved to some extent. Coupled with the relatively stable traffic environment
inside the tunnel, vehicle speeds reach their peak. The Vg5 speeds of cars and trucks reach
99.6 km/h and 91 km/h, respectively. Although these speeds exceed the typical driving
speed on open roads, they align with the driving characteristics of expressways in China. In
the exit section, as the tunnel exit approaches, drivers begin to prepare for readapting to the
external environment. Additionally, the exit section of the Dahu Ling Tunnel connects to
a curved road, resulting in a decrease in speed. The Vg5 speeds of cars and trucks drop to
89.6 km/h and 83.5 km/h, respectively, with reductions of 10 km/h and 6.5 km/h.

3.3.3. Speed Analysis Results and Discussion

Non-parametric statistical methods were selected due to the specific characteristics of
tunnel traffic speed data. Traffic speed distributions often exhibit non-normal characteristics,
including skewness caused by speed limits, driver behavior variations, and vehicle type
heterogeneity. The Mann-Whitney U test and Kruskal-Wallis test are particularly suitable
as they do not assume normality and use rank-based comparisons, making them robust to
outliers commonly present in real-world traffic data. To verify the statistical significance
of speed differences between different vehicle types and tunnel sections, non-parametric
statistical analyses were conducted using the Mann-Whitney U test and the Kruskal-Wallis
test, as shown in Table 5.
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Table 5. Results of non-parametric statistical analysis.
Non-Parametric Test Grouping Statistic 4
Transition (Car vs. Truck) 5291 <0.01
Mann-Whitney U Middle (Car vs. Truck) 4286 <0.01
Exit (Car vs. Truck) 4848 <0.01
Kruskal-Walli Car (Transition vs. Middle vs. Exit) 111.8581 <0.01
ruskai-vvatis Truck (Transition vs. Middle vs. Exit) 52.75877 <0.01

The results of the Mann-Whitney U test show that significant differences in speed exist
between cars and trucks across all tunnel sections (p < 0.05). In the transition section, the test
statistic was 5291 (p = 8.34 x 10~12); in the middle section, it was 4286 (p = 2.51 x 10~1); and
in the exit section, it was 4848 (p = 1.57 x 10~7). All p-values are far below the 0.05 significance
level, indicating extremely significant differences in speeds between cars and trucks across
the tunnel sections.

The Kruskal-Wallis test results further reveal that, for both cars and trucks, there
are significant differences in vehicle speeds across the transition, middle, and exit sec-
tions. The test statistic for cars was 111.86 (p = 5.13 x 107%), and for trucks was
52.76 (p = 3.50 x 107'2). These p-values confirm that speed differences among different
tunnel sections are highly significant.

From the perspective of statistical distribution, the coefficient of variation for car
speeds is significantly higher than that of trucks, indicating greater individual variability
in speed choices among car drivers. There are more outliers in the car speed distribution,
especially in the transition and middle sections, which may be related to some drivers’
speeding behavior or extremely cautious driving.

The truck speed distribution is relatively concentrated with a smaller interquartile range,
indicating more consistent speed choices among truck drivers. This phenomenon may be asso-
ciated with the professional characteristics of truck drivers, their extensive driving experience,
and a deep understanding of vehicle performance. Additionally, the limited maneuvering
space for trucks in the tunnel also somewhat constrains the range of speed variations.

4. Discussion
4.1. System Performance and Technical Advantages

The tunnel vehicle speed detection system based on YOLOv8 and DeepSORT pro-
posed in this study demonstrates significant advantages in multiple aspects. In terms of
detection accuracy, the YOLOv8s model achieved excellent classification performance in
tunnel environments, with recognition accuracy rates of 98%, 96%, and 91% for vehicles,
trucks, and buses, respectively, achieving an overall mAP@0.5 of 0.988, surpassing the 0.94
reported in previous tunnel monitoring studies [22]. These results indicate that YOLOv8s
exhibits strong adaptability when handling special tunnel environments, such as lighting
variations, complex backgrounds, and reflection interference. The 100% identification
accuracy achieved for the truck category is of significant practical value for monitoring
heavy-duty vehicles in tunnel traffic management. Compared to traditional detection
systems, which typically achieve a heavy vehicle classification accuracy of 90-98% [23], this
represents a substantial improvement, providing enhanced reliability for the supervision
of heavy-duty vehicles in tunnel environments.

Confusion matrix analysis revealed the model’s discriminative capability differences
among different categories. The confusion rate between the vehicle category and the
background is only 0.27%, which is significantly lower than the 0.1-0.4 background confu-
sion rates reported in related vehicle detection studies [24]. This indicates that the model
effectively distinguishes vehicle targets from the complex tunnel background.
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This study uses ASD, DDVS, VST, and SDR as evaluation metrics. The vehicle speed
detection algorithm shows an average speed difference of 2.54 km/h from the true speed,
a deviation degree of 3.12, a stability index of 1.22, and an average relative difference of
2.9%. The errors in vehicle speed detection may arise from several factors. Occlusion and
overlapping vehicles can cause lost tracking, while lighting variations, such as headlights
or reflections, may lead to inconsistent feature extraction. Limited frame rates may fail to
capture rapid speed changes, and fixed camera angles or calibration errors can introduce
perspective distortions. Additionally, larger or irregularly moving vehicles are harder to
track consistently. Despite these errors, the results indicate that speed detection is relatively
stable, with measured speeds close to actual vehicle speeds. Meanwhile, accurate speed
data can help traffic management authorities monitor road conditions in real time, adjust
signal timings and traffic organization strategies promptly, and improve road traffic efficiency.
Future improvements could include multi-view cameras, adaptive feature extraction, higher
frame rates, better calibration, and optimized tracking algorithms to enhance robustness.

4.2. Analysis of Multi-Vehicle Speed Behavior Characteristics

Through in-depth analysis of monitoring data from the Dahu Ling Tunnel, this study
discovered significant differences in vehicle speed behavior among different vehicle types
across various tunnel sections. The results indicate that vehicle speed characteristics in
the tunnel exhibit notable differences by vehicle type and spatial distribution patterns.
Cars consistently travel at significantly higher speeds than trucks across all sections, with
an average speed difference of about 7-8 km/h, which is statistically highly significant
(p < 0.001). Several factors explain this difference. First, vehicle performance characteristics
are decisive: cars have superior acceleration, more flexible handling, and shorter braking
distances, enabling them to better adapt to traffic flow changes in tunnel environments [25].
Second, driver behavior differs markedly: car drivers tend to adjust speeds based on
personal judgment, while truck and bus drivers more strictly adhere to industry safety
regulations and company management requirements [26].

Vehicle speeds follow an inverted U-shaped distribution pattern across the tunnel sec-
tions of transition, middle, and exit, reflecting the complex impact of the tunnel environment
on driving behavior. In the transition section, drivers adapt to changes in lighting and
spatial constraints, with V85 speeds of cars and trucks at 95 km/h and 87 km/h, respectively.
Upon entering the middle section, after adaptation, speeds peak at 100 km/h for cars and
91 km/h for trucks. In the exit section, as drivers prepare to readjust to external strong light
and a curved exit, speeds decrease again to 90 km/h for cars and 84 km/h for trucks. The
initial acceleration phase corresponds to a driver’s attempt to maintain normal visibility
and comfort under reduced luminance, while the peak speeds in the middle section reflect
a temporary sense of environmental stability. The subsequent deceleration near the exit
is a precautionary behavioral response to the sudden change in brightness and curvature,
aligning with previous findings on visual adaptation and tunnel exit glare effects [27].

From a tunnel management perspective, this speed variation trend highlights several
key implications. First, the spatial speed variation pattern suggests implementing variable
speed limits to match observed natural speed patterns: slightly lower limits at entrance
and exit sections where drivers are adapting to environmental changes, and optimized
limits in the middle section where speeds naturally peak. Such approaches have been
shown to improve safety by reducing speed variance and harmonizing traffic flow [28].
Second, understanding the behavioral differences between vehicle types can support
differentiated management strategies, such as imposing stricter speed limits or warning
thresholds for heavy vehicles in the mid-section where overspeeding risk peaks. Overall,
by deepening the interpretation of the experimental data, the study not only confirms
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statistically significant variations among vehicle types but also elucidates the behavioral
and management mechanisms underlying these differences, providing a theoretical and
practical foundation for improving tunnel traffic safety and efficiency.

4.3. Practical Application Value and Limitation

From a practical application perspective, the system proposed in this study demon-
strates significant engineering value. It enables 24 h automated monitoring, substantially
reducing labor costs and management complexity compared to traditional manual surveil-
lance methods. This improvement in cost-effectiveness is consistent with findings from
Kim et al. in their study on tunnel automation [29]. The overspeed detection function,
based on a fixed threshold of 100 km/h and visualized with red warning prompts, provides
tunnel management with a straightforward and effective tool for identifying violations,
representing a notable advancement over traditional enforcement approaches such as
those reported by Berberan et al. [30]. Furthermore, the automatic screenshot capture and
storage feature for abnormal events enhances the system’s practicality, offering valuable
data support for subsequent traffic enforcement and safety analysis. From a system de-
ployment perspective, the solution proposed in this study has good promotion prospects.
The YOLOvS8s model adopted by the system has relatively low computational complexity
while ensuring detection accuracy, making it suitable for deployment on edge devices [31].
This characteristic enables the system to achieve rapid deployment on existing tunnel
monitoring infrastructure without requiring large-scale hardware upgrades.

However, the system also presents certain limitations. Firstly, the accuracy of speed
estimation heavily relies on the precision of the initial point calibration during perspective
transformation. Calibration errors may introduce systematic biases in speed measurements—
a limitation also highlighted in the study by Fernandez Llorca et al. [32]. Secondly, the
system remains sensitive to lighting conditions; extreme lighting scenarios such as strong
reflections or deep shadows can affect detection performance. Additionally, the current
overspeed detection threshold is fixed and does not accommodate dynamic adjustments
based on varying weather conditions or traffic densities, which could limit adaptability in
real-world deployments. Future work will incorporate targeted testing under these challeng-
ing scenarios and explore improvements such as low-light enhancement preprocessing or
attention mechanism integration to enhance model robustness in extreme tunnel conditions.

5. Conclusions

This study addresses the practical needs of tunnel traffic monitoring by developing a
real-time vehicle speed detection system based on YOLOv8 and DeepSORT, with the goal
of improving the accuracy and robustness of vehicle detection, tracking, and speed esti-
mation in tunnel environments. The system employs YOLOvVS8s to detect multiple vehicle
categories, including cars, trucks, and buses, and integrates DeepSORT to generate stable
trajectories across consecutive frames. Vehicle speed is then calculated using pixel-to-world
coordinate mapping combined with sliding-window smoothing, enabling reliable speed
estimation and speeding detection. Experimental results using surveillance video datasets
from a highway tunnel demonstrate excellent performance in classification accuracy, with
recognition accuracy rates of 98%, 96%, and 91% for cars, trucks, and buses, respectively.
In the speed detection part, the estimated speed is close to the actual speed and exhibits
high stability, with ASD, DDVS, VST, and SDR values of 2.54 km/h, 3.12, 1.22, and 2.9%,
respectively. The results indicate that the system can operate stably under complex lighting
and frequent occlusion conditions in tunnel environments, providing technical references
for intelligent transportation system deployment and tunnel operation optimization.

The practical contributions of this study include the following:
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(1) The system successfully implements a complete pipeline for real-time vehicle detec-
tion, tracking, and speed estimation, incorporating visual speeding alerts and anomalous
event storage, providing an efficient tool for tunnel traffic safety management.

(2) Through analysis of the 15% and 85% characteristic percentile speeds and non-
parametric statistical analysis, it clarifies the causes of speed differences between vehicle
types and different tunnel segments, providing data support for formulating traffic man-
agement strategies such as graded speed limits and dynamic warnings.

(3) The proposed framework integrating computer vision and statistical modeling
demonstrates strong scalability and can be extended to traffic flow analysis in other re-
stricted road scenarios.

Despite achieving good results, this study still has certain limitations. On one hand,
the system relies on the accuracy of the initial point calibration of the perspective transfor-
mation, and calibration errors may affect speed estimation accuracy. On the other hand, the
dataset mainly comes from a single tunnel scenario and does not sufficiently cover traffic
flow characteristics under diverse conditions, such as extreme weather and multiple tunnel
types. Additionally, the overspeed detection threshold is relatively fixed and lacks adaptive
adjustment to accommodate dynamic traffic flow and road environment changes.

Future research can further improve the system in the following aspects: introduc-
ing automatic calibration algorithms or multi-sensor fusion technologies to enhance the
accuracy and robustness of speed estimation; expanding the dataset coverage to include
tunnel surveillance data from multiple regions and weather conditions to enhance model
generalization ability; exploring machine learning-based dynamic threshold adjustment
strategies to make overspeed detection more adaptable to real-time traffic flow changes;
and integrating vehicle-to-vehicle communication and vehicle-road coordination technolo-
gies to build a more intelligent tunnel traffic monitoring and warning system, supporting
the development of autonomous driving and intelligent transportation.
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