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Highlights

What are the main findings?
• The proposed unified and modular framework effectively integrates vehicle detection,

multi-object tracking, and trajectory-based counting into a consistent end-to-end pipeline
that works across both ground and aerial surveillance scenarios.

• Knowledge distillation strengthens the lightweight YOLOv10-S detector without ar-
chitectural modification, improving temporal stability and enhancing overall system
reliability across diverse viewpoints.

What are the implications of the main findings?
• The study underscores the importance of evaluating traffic monitoring from a system-

level perspective, where coordinated detection and tracking directly influence counting
accuracy and robustness.

• The proposed framework provides a practical and scalable foundation for intelligent
transportation applications, offering cross-domain adaptability and real-time feasibility
for real-world traffic monitoring.

Abstract

Accurate and reliable vehicle detection, tracking, and counting across different surveillance
platforms are fundamental requirements for developing smart Traffic Management Systems
(TMS) and promoting sustainable urban mobility. Recent advances in both ground-level
surveillance and remote sensing using deep learning have opened new opportunities for
extracting detailed vehicular information from high-resolution aerial and surveillance
video data. Our research reported here aims to present a unified, real-time vehicle analysis
framework that integrates lightweight deep learning–based detection, robust multi-object
tracking, and trajectory-driven counting within a single modular pipeline. The proposed
framework employs a “You Only Look Once” system, YOLOv10-S as the detection back-
bone and enhances its robustness through supervision-level knowledge distillation without
introducing any architectural modifications. Temporal consistency is enforced using an
observation-centric multi-object tracking algorithm (OC-SORT), enabling stable identity
preservation under camera motion and dense traffic conditions. Vehicle counting is per-
formed using a trajectory-based virtual gate strategy, reducing duplicate counts and im-
proving counting reliability. Comprehensive experiments conducted on the UA-DETRAC
and VisDrone benchmarks show that the proposed framework effectively balances de-
tection performance, tracking robustness, counting accuracy, and real-time efficiency in
both ground-based and aerial surveillance settings. Furthermore, cross-dataset evaluations
under direct train–test transfer highlight the inherent challenges of domain shift while
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showing that knowledge distillation consistently improves robustness in detection, track-
ing identity consistency, and vehicle counting. Overall, this framework enables effective
real-world traffic monitoring by adopting a scalable and practical system design, where
reliability is prioritized over architectural complexity.

Keywords: vehicle detection; multi-object tracking; vehicle counting; intelligent transportation
systems; knowledge distillation; deep learning; UAV-based traffic monitoring; cross-
domain generalization

1. Introduction
The rapid expansion of urban populations places significant pressure on transportation

infrastructure. As a result, accurate and reliable vehicle detection, tracking, and count-
ing technology plays a crucial role in smart-city infrastructures and modern Intelligent
Transportation Systems (ITS) [1]. Modern road networks, characterized by their scale and
structural complexity, require constant monitoring and strategic management. Therefore,
accurate and timely traffic information is essential for city planners and transportation
authorities to reduce congestion, refine signal timing, increase road safety, and support
long-term mobility planning. Over the past few years, advances in deep learning and
computer vision [2] have significantly enhanced the ability to extract vehicular information
from ground-based cameras [3] and aerial remote-sensing systems, including UAVs and
drones [4]. These technologies offer both high spatial detail and time-varying informa-
tion, making them especially valuable for analyzing detailed vehicle behavior in dense
traffic conditions.

Despite significant progress in deep learning-based systems, real-world traffic en-
vironments still face considerable challenges. Traffic video streams often suffer from
occlusion among closely packed vehicles, varying lighting conditions, shadows, weather
disturbances, and motion blur caused by camera movement or fast-moving objects. Such
complications reduce the effectiveness of object detectors, particularly in drone-based
or aerial scenes, where vehicles are represented as very small objects against complex
backgrounds [5,6]. The problem becomes even more difficult in multi-class settings, where
vehicles with similar appearances, such as vans, pickup trucks, and small buses, must be
differentiated under perspective distortion or low resolution [7]. While a broad range of
detection models have been proposed for surveillance videos and UAV imagery, many still
struggle to maintain reliable performance across diverse viewing conditions, particularly
when accurate temporal association and stable object tracking are required.

Beyond detection, vehicle counting introduces additional complexity. Detection-
based counting approaches are highly sensitive to missed or duplicated detections, while
tracking-based counting requires consistent object identity association across frames [8].
In UAV-based traffic monitoring, the rapid motion of drones and abrupt viewpoint changes
further complicate counting due to increased ID switches and tracking interruptions [9].
Several studies have explored detection-and-tracking pipelines for counting vehicles in
traffic scenes [10], and others have proposed specialized models for small-object vehicle
counting in aerial imagery [11]. Despite these efforts, combining accurate detection, ro-
bust multi-object tracking, and stable counting within a unified framework remains an
underexplored area.

Another critical limitation in the prior work lies in generalization across datasets and
viewpoints. Most studies evaluate detection or tracking performance within a single dataset
or a fixed surveillance perspective, either ground-level or aerial. However, real-world
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ITS deployments often require models to operate across heterogeneous camera setups,
including fixed ground cameras and mobile aerial platforms. While cross-domain methods
have been proposed to mitigate domain shifts between different environments, very few
works systematically examine how a unified model [12,13] trained on one perspective
(e.g., ground-level CCTV) performs when tested on a drastically different perspective
(e.g., aerial UAV). This gap limits the practical deployability of existing systems.

In response to these challenges, the present work proposes a real-time framework with
a unified yet modular design for vehicle detection, tracking, and counting that operates
consistently across heterogeneous surveillance domains. YOLO (“You Only Look Once”) is
one of the most popular frameworks for object detection in the field of computer vision.
YOLOv10 [14] is a state-of-the-art, open-source software implementation of YOLO, together
with trained models. YOLOv10-S is a lightweight version of YOLOv10 designed for
speed and efficiency on low-power devices while still identifying objects accurately in
real time. Our proposed framework follows a detection–tracking–counting paradigm,
employing YOLOv10-S as a lightweight detection backbone, an observation-centric multi-
object tracking algorithm (OC-SORT) [15] to enforce temporal consistency, and a trajectory-
based counting strategy for traffic flow estimation. Without introducing architectural
modifications, dataset-adaptive knowledge distillation is applied at the supervision level
to enhance detection robustness while preserving real-time efficiency. Experimental results
on the UA-DETRAC dataset [16] and VisDrone dataset [17] benchmarks confirm that the
proposed framework performs effectively in both ground-level and aerial surveillance
settings and is robust to domain and viewpoint differences. Certain individual components
employed in this work, including YOLOv10-S, knowledge distillation, and OC-SORT,
are established methods. The novelty of the present study lies in structured integration
into a unified detection–tracking–counting pipeline designed for heterogeneous traffic
surveillance scenarios. Unlike prior works that optimize detection, tracking, or counting
independently, our framework systematically evaluates interdependence under a consistent
experimental protocol across both ground-based and aerial domains. This system-level
design enables controlled component-wise analysis and practical deployment without
architectural modification. The core contributions of the present work:

• We design a modular yet unified framework that integrates vehicle detection, multi-
object tracking, and trajectory-based counting, enabling consistent traffic analysis
across both ground-based and aerial surveillance scenarios.

• Knowledge distillation is applied without modifying the detector architecture, im-
proving detection robustness while preserving the efficiency of the lightweight
YOLOv10-S model.

• An observation-centric tracking strategy (OC-SORT) is employed to mitigate identity
switches and trajectory fragmentation under camera motion and abrupt viewpoint
changes, resulting in more reliable vehicle counting.

• Extensive cross-domain evaluations on the UA-DETRAC (ground-based) and Vis-
Drone (aerial) benchmarks validate the robustness and generalization ability of the
proposed framework across diverse traffic scenarios.

2. Related Work
Automated traffic analysis has been widely studied by computer vision researchers,

primarily focusing on vehicle detection, multi-object tracking, and vehicle counting. These
tasks are often addressed independently and evaluated under fixed camera viewpoints
or single datasets. Real-world traffic monitoring systems increasingly require unified
frameworks that can operate across multiple scenarios, including both ground-based
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surveillance and aerial imagery. This section discusses related studies in vehicle detection,
tracking, and counting, highlighting robustness across varying viewpoints and datasets.

2.1. Vehicle Detection in Ground and Aerial Traffic Scenes

Deep learning-based detectors have become the leading approach for vehicle detec-
tion, driven by their strong representation learning and efficient inference speed. In traffic
surveillance applications, single-stage detectors such as the YOLO family [18] are widely
used due to their ability to combine high accuracy with efficient processing. Successive ver-
sions such as YOLOv5 [19] and YOLOv8 [20] introduced improved feature aggregation and
training strategies, achieving strong performance in urban traffic scenes. Transformer-based
detectors, including RT-DETR [21], have recently demonstrated competitive detection accu-
racy by leveraging global context modeling and efficient end-to-end training, particularly
in structured traffic environments with stable camera viewpoints.

Vehicle detection in aerial imagery remains significantly more challenging compared
to ground-based surveillance. In UAV scenarios, vehicles often appear as extremely small
objects with limited pixel representation and high intra-class variation caused by altitude
changes, camera motion, and viewing angle. A number of research efforts have concen-
trated on improving the recognition of small objects across ground and aerial images.
Jin et al. [22] enhanced a YOLOv5-based detector by integrating a transformer module
and an asymmetric focal loss, achieving improved performance for dense and occluded
vehicle detection on the UA-DETRAC benchmark dataset. Chang et al. [23] improved a
YOLO-based detection model by integrating enhanced feature extraction and attention
mechanisms to effectively address fuzzy and small-target detection challenges in UAV
imagery. Liu et al. [24] conducted a comprehensive survey and performance evaluation
of deep learning-based small object detection methods, analyzing key challenges and so-
lutions and comparing leading detectors such as YOLOv3, and SSD across benchmark
datasets. The VisDrone-DET benchmark and challenge were introduced by Du et al. [25]
to provide a comprehensive evaluation platform for UAV-based object detection and to
highlight the significant performance gaps that remain in drone imagery analysis.

Although these detection methods achieve strong results within their respective do-
mains, they often exhibit notable performance degradation when transferred across view-
points, such as from ground-based cameras to UAV imagery, due to domain shifts in scale,
perspective, and scene geometry.

2.2. Multi-Object Tracking for Traffic Analysis

Multi-object tracking (MOT) is essential for traffic analysis, as accurate vehicle count-
ing and trajectory estimation rely on maintaining consistent identities across video frames.
Most modern vehicle tracking methods adopt a tracking-by-detection paradigm, where
detections are temporally associated using motion and appearance cues. N. Wojke et al.
introduced DeepSORT [26], which integrates a re-identification network that extracts ap-
pearance features to support more reliable identity matching under occlusion. To enhance
robustness in dense traffic scenes, Y. Zhang et al. proposed ByteTrack [27], demonstrating
that associating both high- and low-confidence detections significantly improves tracking
continuity. Building on this idea, N. Aharon et al. introduced BoT-SORT [28], which
integrates improved motion modeling, camera motion compensation, and appearance-
based association to further stabilize tracking. More recently, C. Cao et al. proposed
OC-SORT [15], an observation-centric tracking framework that reduces reliance on appear-
ance features and improves robustness under camera motion, making it well-suited for
UAV-based and dynamic traffic surveillance scenarios.
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These trackers have been widely evaluated on traffic benchmarks such as UA-
DETRAC-MOT and VisDrone-MOT, representing ground-based and aerial monitoring
settings, respectively. However, their cross-domain generalization ability across differ-
ent viewpoints and sensing platforms remains insufficiently explored, motivating unified
benchmarking across both datasets.

2.3. Vehicle Counting Approaches

Vehicle counting techniques are generally categorized into detection-based and
tracking-based methods. Detection-based approaches count vehicles by summing frame-
level detections, but they are prone to missed vehicles and repeated counting. Tracking-
based counting improves robustness by associating detections over time and counting
vehicles as they cross predefined virtual regions. Early UAV-based vehicle counting ap-
proaches relied on object detection combined with frame-level heuristics to reduce duplicate
counts. More recent methods integrate detection with multi-object tracking to enhance
reliability. Xiang et al. [9] proposed a UAV-based vehicle counting framework that inte-
grates vehicle detection and online tracking to robustly handle both static and moving
backgrounds in aerial videos, demonstrating effective performance in real-world highway
monitoring scenarios. By combining YOLO-based object detection with multi-object track-
ing, Lu et al. [29] improved vehicle counting performance through more stable identity
association across frames, minimizing duplicate detections and identity breaks. Mandal
and Adu-Gyamfi [30] combined modern object detection and tracking methods into a single
pipeline to enable accurate vehicle counting from traffic video data. Despite these advances,
most vehicle counting methods remain highly dependent on accurate tracking performance
and dataset-specific parameter tuning. Furthermore, evaluation is typically limited to a
single dataset or viewpoint, and cross-dataset counting performance is rarely reported.

2.4. Cross-Domain and Cross-Perspective Generalization

Cross-domain vehicle detection has gained increasing attention as traffic monitor-
ing systems are required to operate across diverse environments. To address domain
shift, Xu et al. [31] presented a cross-domain car detection framework that integrates at-
tention mechanisms for more robust detection. The C2FDA framework introduced by
Zhang et al. [32] addresses cross-domain traffic object detection by providing a coarse-to-
fine domain adaptation strategy that improves detector robustness and mitigates perfor-
mance degradation when deployed in complex and unseen traffic environments. Despite
progress in cross-domain detection, most existing studies focus exclusively on detection
and require retraining or domain-specific adaptation. Unified evaluation of detection,
tracking, and counting across datasets—without retraining—remains rare, particularly
when transitioning between ground-based and aerial traffic scenes. This limitation high-
lights the need for generalizable traffic analysis frameworks capable of maintaining stable
detection, tracking, and counting performance across heterogeneous viewpoints using
fixed model weights.

3. Methodology
In this work, we develop a modular and unified deep learning framework for vehi-

cle detection, tracking, and counting, with consistent performance across ground-level
surveillance and aerial remote-sensing scenarios. The methodology is structured to clearly
separate detection, tracking, and counting as distinct but interconnected tasks, enabling fair
evaluation and targeted optimization at each stage. The overall pipeline follows a detec-
tion–tracking–counting paradigm, where a unified detector produces frame-level vehicle
predictions, a multi-object tracking module enforces temporal consistency, and a trajectory-
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based counting module estimates vehicle flow. The overall architecture is designed to
balance high accuracy with real-time efficiency, while maintaining reliable performance
across datasets captured under different viewpoints, resolutions, and traffic densities.

3.1. Overall Framework Formulation

The proposed framework detects vehicles separately in each video frame and then
links these detections over time, following a tracking-by-detection methodology to produce
continuous trajectories. A lightweight convolutional detector serves as the front-end to
ensure real-time feasibility, while a tracking module operates on top of the detector outputs
to maintain identity consistency. Vehicle counting is performed as a post-processing step
using tracked trajectories rather than raw detections, which significantly reduces duplicate
counts caused by missed or fragmented detections as illustrated in Figure 1.

Figure 1. Overview of the Knowledge Distillation Framework for the YOLOv10-S Detector.

The performance improvements are achieved through a disciplined training strategy
and Knowledge Distillation (KD) as discussed in Section 3.3, allowing the detector to
benefit from stronger supervisory signals while preserving its original architecture and
inference efficiency. This design decision makes it clear that the reported performance
improvements are due to the proposed methodological pipeline rather than changes to the
model architecture.

3.2. Vehicle Detection Backbone (YOLOv10-S)

The YOLOv10-S model [14] serves as the core detection backbone in our proposed
framework for vehicle detection. YOLOv10-S is chosen for its lightweight design, fast
inference speed, and reliable real-time detection performance, which make it suitable for
deployment on resource-limited platforms such as edge devices and UAVs. Unlike earlier
YOLO versions, YOLOv10-S eliminates the need for non-maximum suppression (NMS)
while maintaining competitive detection accuracy.

The architecture of YOLOv10-S aligns with the typical YOLO framework, where the
backbone, neck, and head serve as its core components.

Backbone: The backbone processes the input image to obtain meaningful features,
combining local spatial details with global semantic context to support robust vehicle
detection across multiple scales and perspectives.
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Neck: The neck combines features from multiple scales to effectively handle vehicles
of varying sizes and passes this information to the head. The neck plays a particularly
important role in handling both large vehicles in ground-based surveillance scenes, as well
as small, densely packed vehicles in aerial and remote-sensing imagery.

Head: The detection head produces bounding box coordinates along with confidence
scores and vehicle class predictions in a single step. This joint prediction mechanism allows
detection and classification to be performed in a single forward pass.

For an input frame It ∈ RH×W×3, the detector outputs a set of predictions:

Dt =
{(

bt
i , ct

i , st
i
)}Nt

i=1 (1)

where bt
i = (xt

i , yt
i , wt

i , ht
i) defines the bounding box described by its position and size, ct

i
refers to the predicted vehicle type, and st

i measures the confidence level of the detection.
In our framework, the detector architecture is used as-is, without any structural changes or
customized layers, ensuring architectural consistency across all experiments and datasets.

While this work mainly focuses on vehicle detection, tracking, and counting, category-
level vehicle classification is also implicitly supported by the detector’s multi-class predic-
tion head. Each detected vehicle is automatically assigned a semantic class label (e.g., car,
bus, van), which is later propagated through the tracking stage to enable class-aware
analysis without introducing additional classification modules.

3.3. Knowledge Distillation Strategy for Enhancing Vehicle Detectors

Knowledge Distillation (KD) [33] refers to a training approach where a powerful,
high-capacity teacher model guides a smaller, lightweight student model by sharing its
learned knowledge. The objective is to enable the student model to approach teacher-level
accuracy with reduced computational cost, memory usage, and latency, allowing efficient
deployment in real-time or edge environments. As illustrated in Figure 1, the student model
is trained using both ground-truth labels and soft supervision provided by the teacher.

Figure 1 presents the overall architecture of the proposed unified detection–tracking–
counting framework, consisting of two main stages: training with knowledge distilla-
tion and inference/deployment. During training, the teacher model (YOLOv10-M or
RT-DETR-L) processes the input images to generate soft predictions. These predictions
are converted into pseudo-labels and further refined using IoU-based non-maximum sup-
pression (NMS) and confidence threshold filtering to improve label reliability. The student
detector (YOLOv10-S) is then trained using dual supervision signals, ground-truth annota-
tions providing hard supervision, and refined pseudo labels providing soft supervision
through knowledge distillation. During inference, only the distilled student detector
is deployed for efficiency. The detected bounding boxes are passed to the OC-SORT
tracker for identity association across frames, and the resulting trajectories are used by
the trajectory-based virtual gate module to compute vehicle counts. This modular design
enables clear separation between detection, tracking, and counting, while maintaining a
unified evaluation framework.

A knowledge distillation approach is employed to boost the detection performance of
the lightweight YOLOv10-S model without introducing additional architectural complexity.
Within this framework, a more powerful teacher model produces high-confidence pseudo-
labels for the training data, which are combined with the original ground-truth annotations
to supervise the training of the YOLOv10-S student model.

Let DGT
t denote the ground-truth annotations and DT

t denote the teacher predictions
at iteration t. The merged supervision set is defined as

D∗
t = DGT

t ∪DT
t \ O, (2)
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where O represents duplicate detections removed using an IoU-based suppression rule.
Ground-truth bounding boxes are always preserved to prevent supervision drift.

The student model is trained using the same optimization settings as the baseline
detector, ensuring that performance gains are attributable solely to improved supervi-
sion rather than altered training conditions. Both same-family and cross-architecture
(a transformer-based detector) distillation settings are examined to analyze their impact on
detection generalization.

This distillation-driven enhancement forms a central component of the proposed
methodology. Rather than altering the detector architecture, the approach leverages im-
proved supervision to strengthen feature learning and generalization, while maintaining
the real-time efficiency required for traffic surveillance applications.

3.4. Multi-Object Tracking Module (OC-SORT)

In this study, OC-SORT (Observation-Centric SORT) [15] is used as the multi-object
tracking component within a tracking-by-detection framework, where frame-level vehicle
detections are temporally associated to maintain identity consistency across consecutive
video frames and enable reliable vehicle counting. Let

T = {Tk}K
k=1 (3)

represents the collection of tracked trajectories, where K indicates the total number of objects
tracked within a video sequence. Each trajectory Tk corresponds to a single vehicle observed
over multiple frames and is represented as an ordered sequence of bounding boxes:

Tk = {b1
k , b2

k , . . . , btm
k }, (4)

where bt
k denotes the bounding box associated with object k at frame t, and tm is the last

frame in which the object is visible.
OC-SORT performs data association primarily based on spatial overlap and motion

consistency between detections in consecutive frames. The cost used for association is
calculated using the Intersection-over-Union (IoU) metric:

IoU(bt
i , bt−1

j ) =

∣∣∣bt
i ∩ bt−1

j

∣∣∣∣∣∣bt
i ∪ bt−1

j

∣∣∣ . (5)

In contrast to simpler IoU-based trackers, OC-SORT explicitly models object motion
using a velocity-aware state estimation and applies camera motion compensation to decou-
ple object movement from global camera displacement. This design significantly improves
tracking robustness under camera motion, abrupt viewpoint changes, and fast-moving
platforms, which are common in aerial traffic surveillance.

Using motion continuity rather than appearance embeddings, OC-SORT achieves
reliable identity preservation with low computational complexity. This makes it well-suited
for large-scale traffic video analysis and real-time deployment scenarios, while providing
more stable trajectories than other trackers in the presence of camera motion.

Unless otherwise specified, the OC-SORT tracking parameters, such as the IoU associ-
ation threshold, maximum track age, and minimum initialization hits, follow the default
configuration of the original implementation. No dataset-specific hyperparameter tuning is
applied in our experiments, ensuring fair, consistent, and reproducible comparisons across
all evaluated scenarios.
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3.5. Trajectory-Based Vehicle Counting

Vehicle counting in this study is performed using a trajectory-based counting strategy
rather than frame-level detection counting. By leveraging continuous object trajectories
obtained from the multi-object tracking module, each vehicle is counted only once based
on its motion history, effectively mitigating overcounting caused by repeated detections
across consecutive frames.

The proposed approach adopts a tracking-based virtual gate mechanism, where pre-
defined spatial regions are placed within the scene to monitor vehicle flow. These virtual
gates may correspond to lane boundaries, road segments, or entry–exit lines, depending on
the camera viewpoint and traffic layout. The location and orientation of each virtual gate
remain fixed throughout the video sequence and serve as reference regions for counting
vehicle crossings.

In this study, virtual gates are manually defined for each video sequence based on
lane orientation and dominant traffic flow direction. They are not dynamically adjusted or
automatically generated during evaluation.

Let G denote a predefined virtual gate region, and let Tk = {b1
k , b2

k , . . .} represent the
trajectory of the k-th vehicle. The total vehicle count is computed as

C =
K

∑
k=1

I(∃ t s.t. Tk(t) ∩ G ̸= ∅), (6)

where I(·) represents an indicator function, taking the value 1 if the condition is satisfied
and 0 if it is not. This formulation ensures that each vehicle contributes at most one count,
even if it remains near or within the gate region for multiple frames.

To further improve counting reliability, short-lived or noisy trajectories are filtered
during the counting stage, suppressing spurious tracks that may arise from false detec-
tions or brief localization errors. By decoupling tracking performance from counting
logic, the proposed strategy enables robust and scalable vehicle flow estimation in dense
traffic scenes.

Overall, the trajectory-based virtual gate approach provides a stable and computation-
ally efficient solution for vehicle counting, making it well-suited for high-density traffic
monitoring and UAV-based surveillance scenarios where accurate and consistent counting
is critical.

For trajectory-based vehicle counting, a minimum trajectory length constraint is ap-
plied to suppress short-lived or unstable tracks. A vehicle is counted once when its refined
trajectory intersects the predefined virtual gate region. These counting parameters remain
fixed across all datasets, and no dataset-specific adjustment or tuning is performed.

3.6. Feature Representation

Feature extraction in the proposed framework is performed implicitly within the detec-
tor and tracking modules rather than as a standalone component. Spatial visual features are
learned through intermediate convolutional layers of the YOLOv10-S backbone, enabling
robust multi-scale representation of vehicles across varying resolutions and viewpoints.
Temporal information is implicitly captured through persistent track identities generated
by the OC-SORT tracker, which aggregates spatial observations across frames to improve
temporal consistency.

No explicit feature-level supervision or standalone feature evaluation is conducted,
as feature learning is reflected indirectly through detection accuracy, tracking stability,
and vehicle counting performance.
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3.7. Baseline Models for Comparison

To evaluate the effectiveness of the proposed framework, several state-of-the-art ob-
ject detectors are selected as baseline models, including YOLOv5s [34], YOLOv8n [35],
YOLOv10-M [14], and RT-DETR-L [36]. These models represent different detection
paradigms, ranging from lightweight convolutional detectors to transformer-based ar-
chitectures. To ensure a fair comparison, all baseline models follow the same training
setup, including dataset splits, class definitions, input resolutions, and data augmentation.
YOLOv10-S is used as the primary detection backbone, while YOLOv10-M and RT-DETR-L
are additionally employed as teacher models in the knowledge distillation experiments.

For multi-object tracking and vehicle counting, OC-SORT [15] is adopted as the pri-
mary tracking algorithm, while ByteTrack [27], BoT-SORT [28], and DeepSORT [26] are
evaluated as baseline trackers to analyze the impact of different motion association strate-
gies on tracking and counting performance.

3.8. Training Strategy Across Datasets

The proposed framework is trained and evaluated using multiple benchmark datasets
representing distinct sensing modalities and traffic viewpoints. UA-DETRAC-DET and
VisDrone-DET are employed for vehicle detection experiments, enabling evaluation under
both ground-based surveillance and aerial remote-sensing conditions. For tracking and
counting analysis, the corresponding multi-object tracking benchmarks, UA-DETRAC-
MOT and VisDrone-MOT, are used to ensure compatibility with standard MOT evaluation
protocols. A unified training strategy is adopted across datasets, where the same detection
architecture and learning framework are maintained while dataset-specific characteristics
are handled through appropriate input resolution and supervision. This design avoids
architectural bias and enables fair comparison across datasets. Both intra-dataset and
cross-domain evaluation settings are considered to analyze generalization capability when
transferring models between ground-level and aerial traffic scenes.

It is important to note that within the proposed framework, only the detection module
(YOLOv10-S) undergoes training. The OC-SORT tracking algorithm and the trajectory-
based counting strategy are deterministic inference-stage components and do not involve
learnable parameters or participate in the training process. This design ensures modular
separation between detection learning and downstream tracking and counting evaluation.

The proposed methodology integrates vehicle detection, tracking, and counting within
a unified yet modular framework designed for both ground-based surveillance and aerial
traffic monitoring. By maintaining architectural consistency, applying cross-dataset evalua-
tion, and using a common tracking and counting strategy, the framework enables a rigorous
and fair assessment of real-world applicability for Intelligent Transportation Systems.

4. Experiments and Results
In this section, we outline the experimental configuration and quantitative evaluation

methods used to evaluate the performance of the proposed vehicle detection, tracking,
and counting framework. The present work is evaluated separately using task-appropriate
benchmarks and metrics, following the methodological design described in Section 3.
All evaluations are conducted on unseen test data to avoid bias and ensure reliable
performance assessment.

4.1. Datasets and Class Mapping

The robustness of the proposed framework is examined through experiments on
two widely used public datasets that reflect different traffic monitoring viewpoints:
UA-DETRAC [16], a ground-based fixed-camera dataset, and VisDrone, an aerial drone-
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based dataset. Together, these datasets make it possible to evaluate model performance
across different environmental conditions, viewpoints, and object scales. Representative ex-
amples from both datasets are shown in Figure 2, highlighting the fundamental differences
between ground-level and aerial traffic monitoring scenarios.

Figure 2. Representative ground-based (UA-DETRAC benchmark) and aerial (VisDrone benchmark) traf-
fic scenes used for evaluating vehicle detection, tracking, and counting across heterogeneous viewpoints.

4.1.1. UA-DETRAC

The UA-DETRAC dataset [16] is a large-scale benchmark designed for multi-object
vehicle detection and tracking in real-world traffic surveillance scenarios, jointly released
by the University of Alberta and the University of Science and Technology of China, and is
widely used in intelligent transportation research. It consists of long video sequences
captured by fixed traffic cameras deployed at urban intersections and highways. The video
sequences are recorded at 25 frames per second with a resolution of 960 × 540 pixels and
represent a wide spectrum of traffic conditions, including variations in lighting, weather
(daylight, night, rainy), and nighttime scenarios. The dataset defines four vehicle categories:
car, bus, van, and a generic other class.

For detection experiments in this study, the original UA-DETRAC-DET annotations
are converted into the YOLO format to support unified training across all detection models.
Images without valid bounding box annotations are excluded during preprocessing to
ensure label consistency. To reduce temporal redundancy and mitigate overfitting caused by
highly correlated consecutive frames, a temporal sampling strategy is applied by selecting
one frame out of every five consecutive frames. After applying this sampling strategy,
the processed UA-DETRAC-DET dataset consists of 18,810 training images, 4304 validation
images, and 4562 test images, resulting in a total of 27,676 images. These splits remain fixed
across all experiments to ensure fair and reproducible comparisons.

For tracking and vehicle counting, the UA-DETRAC-MOT benchmark is used, which
preserves the original video sequences and identity annotations. This dataset enables
trajectory-level evaluation under standard MOT protocols and is used exclusively for
tracking and counting experiments, ensuring task-appropriate evaluation on continuous
video data.

4.1.2. VisDrone

The VisDrone dataset [17] is used to evaluate the proposed framework under aerial
surveillance conditions. Collected using UAV-mounted cameras by the AISKYEYE research
group at Tianjin University, the dataset supports object detection and tracking tasks across
diverse real-world scenes, including urban roads, residential areas, highways, and open
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spaces. Images are captured under varying lighting and weather conditions, with reso-
lutions ranging from 1920 × 1080 to 2000 × 1500 pixels, posing significant challenges for
detecting small and densely distributed objects.

In this study, we focus exclusively on vehicle-related categories relevant to traffic anal-
ysis, including cars, vans, trucks, buses, and motorcycles, while excluding non-vehicular
object classes. Unlike UA-DETRAC-DET, the VisDrone-DET dataset already provides
sparsely sampled and diverse frames suitable for detection tasks. Therefore, no additional
temporal down-sampling was applied, and all available frames were retained during train-
ing and evaluation. After preprocessing and ensuring annotation quality, the VisDrone-DET
dataset used for evaluation includes 6286 training, 543 validation, and 1578 test images,
summing to 8407 images.

For tracking and vehicle counting evaluation, the VisDrone-MOT dataset is used,
which provides sequence-level annotations with consistent object identities across frames.
This dataset is specifically designed to evaluate tracking performance under aerial con-
ditions characterized by camera motion, scale variation, and dense object distributions.
By using VisDrone-MOT for tracking and counting, the proposed framework is evalu-
ated under realistic UAV surveillance scenarios where temporal consistency and motion
robustness are critical

For both datasets, the test splits consist of unseen data and are used exclusively for final
performance evaluation, while the validation splits are employed only for model selection
and hyperparameter tuning. This experimental protocol ensures unbiased assessment and
prevents any form of data leakage.

4.2. Implementation Details

Experiments were performed on a high-performance computing server equipped with
four NVIDIA A100 GPUs (80 GB HBM2 each), providing sufficient resources for large-scale
deep learning training and evaluation. All runs utilized CUDA-based GPU acceleration
with CUDA 12.8 and NVIDIA driver 545.23.08. The software environment was configured
using PyTorch 2.9.0, running within a Python-based virtual environment. The underly-
ing system architecture is x86_64, powered by a multi-socket Intel CPU configuration
with 96 logical processing cores, enabling efficient data loading and parallel processing
during training.

For vehicle detection, all models were trained using the AdamW optimizer together
with a cosine learning-rate schedule and a brief warm-up period. The initial learning rate
was adjusted based on each model’s capacity, while a consistent weight-decay value was
used across all experiments to support regularization. Training was conducted for up to
200 epochs, with early stopping guided by validation performance to reduce overfitting.
Lightweight YOLO-based models were trained with larger effective batch sizes of 32 to
improve gradient stability, whereas transformer-based models were trained with smaller
batch sizes of 16 due to higher memory requirements.

All models trained on the UA-DETRAC-DET dataset employed an input image size of
960 pixels, while for VisDrone-DET, a larger input resolution of 1344 pixels was used to
better preserve small object details. Data augmentation was applied during training using
conservative strategies suitable for traffic scenes, including random horizontal flipping,
limited mosaic augmentation, HSV jitter, scale variation, and random cropping, while
validation and testing are performed without augmentation.

For tracking and counting experiments, the same trained detector weights are reused,
and only the tracking algorithm is varied. This design isolates the effect of the tracking strat-
egy and ensures that differences in tracking and counting performance are not influenced
by detection variability.
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4.3. Evaluation Metrics

The proposed vehicle detection–tracking–counting framework is evaluated using
standard object detection and multi-object tracking metrics, complemented by counting
accuracy and computational efficiency.

Detection Metrics: To evaluate detection performance, we employ standard metrics
including Average Precision (AP), mean Average Precision (mAP), Precision (P), Recall (R),
and F1-score.

Precision represents the ratio of true vehicle detections to the total number of predicted
detections, as expressed in Equation (7)

P =
TP

TP + FP
, (7)

In this context, TP represents the count of true positive detections, whereas FP corre-
sponds to the number of false positives.

Recall indicates how many of the actual vehicles present in the ground truth are
successfully detected, as shown in Equation (8)

R =
TP

TP + FN
, (8)

where FN refers to false-negative detections, while Precision and Recall jointly explain the
balance between incorrect detections and missed objects.

To provide a balanced measure that combines Precision and Recall, the F1-score is
computed as defined in Equation (9)

F1 =
2 · P · R
P + R

. (9)

To assess detection performance across varying confidence thresholds, the Preci-
sion–Recall (P–R) curve is employed, and the Average Precision (AP) is defined as the area
beneath the curve for each class, as presented in Equation (10)

AP =
∫ 1

0
P(R) dR. (10)

The mAP metric is calculated by averaging the Average Precision results for each
vehicle category. Two evaluation settings are considered in this study. The first, denoted
as mAP@0.5, counts a detection as correct as one where the predicted and ground-truth
bounding boxes achieve an IoU above 0.5. The second, mAP@0.5:0.95, aggregates perfor-
mance over multiple IoU thresholds ranging from 0.50 to 0.95 at intervals of 0.05, thereby
providing a stricter assessment of localization accuracy.

Tracking Metrics: To evaluate multi-object vehicle tracking performance, we used
MOTA, IDF1, and IDSW.

MOTA (Multiple Object Tracking Accuracy) measures overall tracking accuracy by
combining the effects of missed detections, false positives, and identity switches into a
single metric, as defined in Equation (11)

MOTA = 1 − ∑t(FNt + FPt + IDSWt)

∑t GTt
. (11)

where GTt refers to the ground-truth object count at time t, and FNt, FPt, and IDSWt

measure missed detections, false positives, and identity switches, respectively.
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Identity F1-score (IDF1) measures the consistency of object identities throughout the
tracking sequence and is defined as the harmonic mean of identity precision and identity
recall, shown in Equation (12)

IDF1 =
2 · IDTP

2 · IDTP + IDFP + IDFN
, (12)

where IDTP, IDFP, and IDFN denote the numbers of identity true positives, identity false
positives, and identity false negatives, respectively.

In addition, the total number of identity switches (IDSW) is reported to quantify
the frequency of identity changes during tracking. A lower IDSW value indicates better
temporal consistency, which is essential for accurate trajectory reconstruction and vehicle
counting in dense traffic scenes.

Counting Metrics and Runtime Efficiency: Since accurate counting is a key objective in
traffic monitoring applications, both error-based and accuracy-based metrics are employed.

The Absolute Counting Error (ACE) is defined as the normalized percentage difference
between the predicted and ground-truth vehicle counts, as shown in Equation (13)

ACE =

∣∣∣Cpred − Cgt
∣∣∣

Cgt × 100 (13)

where Cgt and Cpred denote the ground-truth and predicted vehicle counts, respectively.
Counting Accuracy (CA) is used as a normalized metric for evaluating counting

performance, as shown in Equation (14)

CA = 1 −

∣∣∣Cpred − Cgt
∣∣∣

Cgt . (14)

Both ACE and CA are computed for each video sequence individually and then
averaged across all evaluated sequences. Due to independent averaging across sequences,
CA is not strictly equal to 1 − ACE/100 when reported in aggregated form.

The GT Count and Pred Count columns in the tables denote aggregated totals across
sequences and are provided for reference only; they are not directly used to compute CA
and ACE.

Lower ACE and higher CA values indicate more reliable vehicle counting performance.
In addition to accuracy, runtime performance is reported using the average inference

latency per image, measured in milliseconds (infer_ms), and the corresponding processing
speed in frames per second (FPS), defined as shown in Equation (15)

FPS =
1000

infer_ms
. (15)

These runtime metrics are obtained directly from the evaluation outputs of the testing
scripts and indicate whether the system can operate under near real-time constraints in
traffic surveillance scenarios.

4.4. Detection Results and Comparison
4.4.1. Results on UA-DETRAC-DET Dataset

Detection performance was first assessed on the UA-DETRAC-DET test set to evaluate
the framework’s effectiveness in ground-based traffic surveillance scenarios. For this
dataset, RT-DETR was chosen as the teacher model for knowledge distillation because of
its strong ability to capture global context and its proven robustness in fixed-camera traffic
environments, while remaining compatible with the YOLOv10-S student model.
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Overall Detection Performance: Table 1 summarizes the overall detection results on
the UA-DETRAC-DET test set. Among all evaluated models, the YOLOv10-S variant dis-
tilled from RT-DETR achieves the strongest performance, reaching an mAP@0.5 of 77.54%
and an mAP@0.5:0.95 of 62.02%, while still maintaining real-time inference at 160.46 FPS.
Compared to the standard YOLOv10-S baseline, the distillation process yields improve-
ments of 1.87 percentage points in mAP@0.5 and 1.74 percentage points in mAP@0.5:0.95,
indicating more precise object localization under stricter IoU criteria without increasing
computational cost.

When compared with YOLOv10-M, the distilled YOLOv10-S achieves comparable ac-
curacy at a higher inference speed, making it more suitable for real-time traffic monitoring.
RT-DETR-L demonstrates strong recall but suffers from significantly lower inference speed,
limiting its practicality for real-time deployment. Lightweight baselines such as YOLOv5s
and YOLOv8n achieve higher throughput, but exhibit reduced localization accuracy. Over-
all, the results indicate that supervision-level knowledge distillation enables YOLOv10-S to
achieve a well-balanced trade-off between accuracy and efficiency.

Table 1. Overall quantitative comparison of detection performance on the UA-DETRAC-DET test set.

Model mAP@0.5 (%) mAP@0.5:0.95 (%) P (%) R (%) FPS

YOLOv5s [34] 68.45 54.12 74.82 61.49 211.19
YOLOv8n [35] 73.49 57.97 85.15 65.52 236.64
YOLOv10-S [14] 75.67 60.28 87.34 65.64 160.63
YOLOv10-M [14] 75.53 59.73 83.75 69.07 141.14
RT-DETR-L [36] 77.00 60.03 76.71 78.79 37.56
YOLOv10-S (KD from YOLOv10-M) [14,33] 74.46 59.15 81.71 64.94 160.57
YOLOv10-S (KD from RT-DETR) [14,33] 77.54 62.02 85.14 71.07 160.46

Reference methods are included for contextual comparison, and their results are reported as in the original publications.

YOLOv8-S [37] 64.20 46.60 71.80 58.60 –
YOLOv8-S+CG_Down+C2f_DRB+Soft-NMS [37] 73.20 55.40 82.40 62.30 –
YOLOv8-M [37] 64.00 49.70 – – 135.00
YOLOv9-S [38] 65.10 48.00 – – –
Faster-RCNN [39] 66.30 38.80 – – 39.00
RetinNet [40] 56.60 32.10 – – 59.00
YOLO-FA [41] 70.00 50.30 – – 163.00

Note: The best results in each metric are highlighted in bold.

Comparison with Reference Methods: Beyond the methods evaluated in this study,
Table 1 also lists several representative reference detectors to provide contextual com-
parison. Within the same study by You et al. [37], YOLOv8-S achieves 64.20% mAP@0.5
and 46.60% mAP@0.5:0.95, its enhanced variant with CG-Down, C2f-DRB, and Soft-NMS
improves these scores to 73.20% and 55.40%, and YOLOv8-M reports 64.0% mAP@0.5
at 135 FPS, however, the proposed YOLOv10-S (KD from RT-DETR) surpasses all these
variants without introducing extra architectural components. Similarly, YOLOv9-S [38]
achieves 65.1% mAP@0.5 and 48.0% mAP@0.5:0.95, remaining significantly below the
proposed method, particularly under higher IoU evaluation criteria. Two-stage detectors
such as Faster R-CNN [39] reach 66.3% mAP@0.5 but operate at only 39 FPS, limiting
real-time applicability, while RetinaNet [40] shows weaker localization performance with
an mAP@0.5:0.95 of 32.1%. Although YOLO-FA [41] achieves competitive speed (163 FPS),
its localization accuracy remains lower than YOLOv10-S (KD from RT-DETR), particu-
larly under stricter IoU thresholds. Overall, these comparisons show that the proposed
method strikes a better balance between detection accuracy and real-time performance,
without adding architectural complexity.

Class-Wise Detection Performance: As shown in Table 2, the class-wise results on the
UA-DETRAC-DET test set indicate that YOLOv10-S distilled from RT-DETR achieves better
performance than the baseline for every vehicle category, particularly at stricter IoU levels.
For the car class, mAP@0.5 increased from 89.82% to 90.11% and mAP@0.5:0.95 from 65.25%
to 65.78%, indicating more stable detection in dense traffic scenes. The improvement of
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precision and recall indicates more stable detection and reduced missed vehicles in dense
traffic scenarios. The bus category shows more pronounced improvements, with mAP@0.5
increasing from 81.87% to 86.03% and mAP@0.5:0.95 from 75.45% to 78.16%, reflecting
better localization of larger vehicles under occlusion. Improvements for the van class
are modest but consistent, particularly in recall (66.51% to 72.05%) and mAP@0.5:0.95
(58.20% to 58.57%). Overall, the results indicate that distillation from RT-DETR enhances
localization robustness across both frequent and challenging vehicle classes without modi-
fying the detector architecture, which is beneficial for downstream tracking and vehicle
counting tasks.

Table 2. Class-wise detection performance on the UA-DETRAC-DET test set for YOLOv10-S and
YOLOv10-S (KD from RT-DETR).

Class
YOLOv10-S (Baseline) YOLOv10-S (KD from RT-DETR)

mAP@0.5 (%) mAP@0.5:0.95 (%) P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) P (%) R (%)

Car 89.82 65.25 90.14 77.61 90.11 65.78 86.05 81.71
Bus 81.87 75.45 88.27 74.95 86.03 78.16 93.74 78.08
Van 77.28 58.20 82.45 66.51 77.57 58.57 78.10 72.05

Figure 3 presents qualitative comparisons on representative UA-DETRAC-DET test
images captured under daylight, nighttime, and rainy conditions. While the baseline
YOLOv10-S (red boxes) performs well in clear scenes, it exhibits missed or weaker detec-
tions in challenging regions highlighted in yellow. The knowledge-distilled model (green
boxes) improves detection completeness and localization stability, particularly under low
illumination, motion blur, and wet-road reflections. Overall, the qualitative comparison
confirms that supervision-level knowledge distillation enhances robustness across varying
environmental conditions without altering the network architecture.

Figure 3. Visualization of baseline and knowledge-distilled YOLOv10-S detection results on the
UA-DETRAC-DET test set under different environmental conditions (Daylight, Night, and Rainy).

4.4.2. Results on VisDrone-DET Dataset

To assess how well the framework performs in aerial surveillance settings, detection
experiments were conducted on the VisDrone-DET test set. VisDrone-DET presents a
significantly more challenging scenario than the UA-DETRAC-DET dataset, due to high
camera altitudes, large-scale variations, dense object distributions, and frequent occlusions.
For VisDrone-DET, we selected YOLOv10-M as the teacher model for knowledge distillation
due to its stronger performance under aerial imagery and scale variation, while preserving
architectural compatibility with the YOLOv10-S student.
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Overall Detection Performance: As shown in Table 3, the lightweight YOLO-based
detectors maintain high inference speed but exhibit limited localization accuracy under
these conditions, particularly at stricter IoU thresholds. Within this experiment, the baseline
YOLOv10-S achieves 55.77% mAP@0.5 and 36.24% mAP@0.5:0.95 at 131.58 FPS, reflecting
a reasonable balance between accuracy and speed. After applying knowledge distilla-
tion from YOLOv10-M, the student model improves to 59.14% mAP@0.5 and 38.79%
mAP@0.5:0.95, corresponding to absolute gains of +3.37% and +2.55%, respectively, while
simultaneously increasing inference speed to 174.57 FPS.

Table 3. Overall quantitative comparison of detection performance on the VisDrone-DET test set.

Model mAP@0.5 (%) mAP@0.5:0.95 (%) P (%) R (%) FPS

YOLOv5s [34] 55.18 35.74 61.85 54.06 182.33
YOLOv8n [35] 51.91 33.33 60.26 50.79 217.14
YOLOv10-S [14] 55.77 36.24 63.42 53.23 131.58
YOLOv10-M [14] 59.09 38.77 64.58 56.61 85.45
RT-DETR-L [36] 54.56 35.83 68.09 55.59 27.05
YOLOv10-S (KD from YOLOv10-M) [14,33] 59.14 38.79 65.69 56.61 174.57

Reference methods are included for contextual comparison, and their results are reported as in the original publications.

YOLOv8n [42] 26.70 14.80 38.40 29.20 130.00
RT-DETR-UAVs [42] 39.20 23.10 58.40 40.70 89.00
Zhang et al. [43] 50.80 31.00 63.10 49.30 –
FFCA-YOLO [44] 33.10 – 42.90 31.60 89.00
Gold-YOLO [45] 32.70 – 41.00 31.30 112.00
OSD-YOLOv10 [46] 33.40 – 43.90 32.50 136.00

Compared with earlier lightweight baselines such as YOLOv5s and YOLOv8n, which
achieve even higher frame rates, exceeding 180 FPS, but their detection accuracy remains
noticeably lower. In contrast, the heavier YOLOv10-M reaches similar detection accu-
racy (59.09% mAP@0.5) but operates at a much lower speed of 85.45 FPS. The distilled
YOLOv10-S therefore achieves comparable accuracy with more than twice the throughput.
Although RT-DETR-L shows strong recall performance at 55.59%, its low inference speed of
27.05 FPS poses a major challenge for real-time UAV deployment. Overall, the quantitative
results demonstrate that distillation enables YOLOv10-S to narrow the accuracy gap with
larger models while preserving a substantially higher inference rate, which is critical for
real-time aerial traffic monitoring.

Comparison with Reference Methods: In addition to the methods evaluated in this
work, Table 3 includes several representative reference detectors for contextual comparison.
We can see that, compared to the distilled YOLOv10-S, YOLOv8n [42] achieves an mAP@0.5
of 26.7% and an mAP@0.5:0.95 of 14.8%, which are substantially lower, indicating limited
robustness under aerial surveillance conditions. Similarly, RT-DETR-UAVs [42] improves
detection accuracy to 39.2% mAP@0.5 and 23.1% mAP@0.5:0.95, but still remains signifi-
cantly below the distilled model, particularly under stricter IoU evaluation criteria. Among
CNN-based UAV-oriented detectors, Zhang et al. [43] demonstrated 50.8% mAP@0.5 and
31.0% mAP@0.5:0.95, achieving better localization accuracy compared to earlier lightweight
approaches but still not better than our distilled YOLOv10-S. Other UAV-oriented de-
tectors, including OSD-YOLOv10 [46], FFCA-YOLO [44], and Gold-YOLO [45], achieve
moderate accuracy gains but do not outperform the proposed method in terms of the over-
all accuracy–efficiency trade-off. These comparisons further confirm that YOLOv10-S (KD
from YOLOv10-M) achieves superior detection robustness without introducing additional
architectural complexity.

Class-Wise Detection Performance: The class-wise detection performance of YOLOv10-S
(Baseline) and YOLOv10-S (KD from YOLOv10-M) on the VisDrone-DET test set is rep-
resented in Table 4. In the Car class, knowledge-distilled YOLOv10-S demonstrates clear
performance gains, with mAP@0.5 increasing by 2.14% and mAP@0.5:0.95 by 1.92%, accom-

https://doi.org/10.3390/rs18050842

https://doi.org/10.3390/rs18050842


Remote Sens. 2026, 18, 842 18 of 27

panied by higher precision and recall. This indicates reliable detection of the most frequent
vehicle type under aerial viewpoints. The Bus category also shows notable improvements,
with mAP@0.5 increasing from 63.20% to 65.09% and mAP@0.5:0.95 from 46.36% to 47.99%,
reflecting better localization of large vehicles in complex scenes. The distilled model im-
proves both localization accuracy and recall for vans and trucks, which suffer from scale
variation and background clutter in UAV imagery. Improvements are also seen for motor-
cycles, though performance remains limited due to their small size and weak visual cues.
Overall, the results indicate that knowledge distillation consistently improves detection
accuracy across all vehicle categories, especially for medium and large vehicles, particularly
under the challenging conditions of aerial surveillance.

Table 4. Class-wise detection performance on the VisDrone-DET test set for YOLOv10-S and
YOLOv10-S (KD from YOLOv10-M).

Class
YOLOv10-S (Baseline) YOLOv10-S (KD from YOLOv10-M)

mAP@0.5 (%) mAP@0.5:0.95 (%) P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) P (%) R (%)

Car 80.97 53.23 76.36 77.27 83.11 55.15 78.38 79.96
Van 45.60 31.92 52.22 45.10 47.51 33.53 56.16 47.36
Truck 46.44 31.13 55.66 46.97 54.03 36.82 59.16 52.54
Bus 63.20 46.36 75.67 54.76 65.09 47.99 77.76 56.22
Motor 42.61 18.56 57.20 42.05 45.96 20.49 57.01 46.98

Note: The best results in each metric are highlighted in bold.

Overall, these quantitative characteristics make distilled YOLOv10-S a more reliable
detection backbone under aerial surveillance conditions.

Figure 4 illustrates qualitative detection results on representative VisDrone-DET aerial
scenes, including bright daylight, nighttime illumination, and dense traffic conditions.
Compared to the baseline model, the distilled YOLOv10-S demonstrates improved small-
object detection capability and more stable localization in high-density regions. In dense
aerial scenes, the baseline model (red boxes) occasionally misses closely packed vehicles
or produces fragmented detections, as highlighted in the yellow regions. The knowledge-
distilled model (green boxes) reduces missed detections and maintains more consistent
bounding box placement, particularly in occluded and cluttered environments. These
qualitative observations further confirm the robustness and improved detection stability
achieved through knowledge distillation.

Figure 4. Visualization of baseline and knowledge-distilled YOLOv10-S detection results on the
VisDrone-DET test set across diverse aerial scenarios (Bright Daylight, Night, and Dense Traffic).
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4.5. Tracking Results
4.5.1. Results on UA-DETRAC-MOT Dataset

Although the distilled YOLOv10-S achieves the best frame-level detection accuracy,
tracking performance is primarily influenced by temporal detection consistency rather than
per-frame localization alone; therefore, detector–tracker selection is evaluated indepen-
dently in the following experiments. This subsection reports multi-object vehicle tracking
results on the UA-DETRAC-MOT test split using 100 video sequences.

Table 5 compares different tracking algorithms using a fixed YOLOv10-S detector
trained via knowledge distillation from RT-DETR, ensuring that performance differences
are attributable to the tracker. OC-SORT stands out among the evaluated methods, showing
the best overall performance with top IDF1 (88.50%) and MOTA (82.23%) scores, along
with a comparatively low number of identity switches (888 IDSW). In contrast, BoT-SORT
attains comparable IDF1 (88.36%) but exhibits substantially higher identity fragmentation
(1975 IDSW), and ByteTrack shows lower overall accuracy. DeepSORT performs poorly in
dense traffic scenarios, yielding a MOTA of only 26.01%. This behavior is primarily caused
by frequent identity switches and trajectory fragmentation under dense traffic conditions,
leading to significantly increased false positives and missed associations. These results
indicate that OC-SORT provides the most reliable balance between tracking accuracy and
identity stability under realistic traffic conditions.

Table 5. Comparison of multi-object tracking algorithms on the UA-DETRAC-MOT dataset using a
fixed YOLOv10-S detector trained via knowledge distillation from RT-DETR.

Tracker IDF1 (%) ↑ MOTA (%) ↑ IDSW ↓
ByteTrack [27] 87.08 75.87 869
BoT-SORT [28] 88.36 80.82 1975
DeepSORT [26] 71.42 26.01 1986
OC-SORT [15] 88.50 82.23 888

Note: ↑ indicates higher values are better, while ↓ indicates lower values are preferred. Bold values highlight the
best performance, and the selected tracker used in our framework.

Further analyzes the impact of different detectors when paired with OC-SORT as
present in the Table 6. YOLOv8n achieves the highest IDF1 (90.20%), while YOLOv10-S
provides comparable tracking accuracy (IDF1 88.48%, MOTA 83.83%) with a favorable
balance between performance and model complexity. The distilled YOLOv10-S variants
exhibit mixed behavior, indicating that the benefits of knowledge distillation are not always
reflected in isolated tracking metrics and are better assessed at the system level. Overall,
the results support the selection of YOLOv10-S with OC-SORT as a stable and efficient
configuration for downstream vehicle counting.

Table 6. Tracking performance of different detectors on UA-DETRAC-MOT when paired with the
OC-SORT tracker.

Detector IDF1 (%) ↑ MOTA (%) ↑ IDSW ↓
YOLOv5s 88.63 82.16 806
YOLOv8n 90.20 83.51 490
YOLOv10-S 88.48 83.83 986
YOLOv10-M 87.83 82.95 994
RT-DETR-L 87.35 84.65 1900
YOLOv10-S (KD from YOLOv10-M) 86.69 80.49 1224
YOLOv10-S (KD from RT-DETR) 88.50 82.23 888

Note: ↑ indicates higher values are better, while ↓ indicates lower values are preferred.
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4.5.2. Results on VisDrone-MOT Dataset

In this subsection, we report the results of multi-object vehicle tracking on the
VisDrone-MOT test set using 17 video sequences.

Table 7 first compares different multi-object tracking algorithms on VisDrone-MOT
using a fixed YOLOv10-S detector trained via knowledge distillation from YOLOv10-M,
allowing the effect of the tracker to be evaluated independently of the detector. Among all
evaluated trackers, OC-SORT shows the most balanced performance, combining the top
IDF1 (46.45%) and MOTA (34.11%) with fewer identity switches (1031 IDSW) than Byte-
Track and DeepSORT. BoT-SORT achieves a competitive IDF1 (41.75%) and fewer identity
switches (573 IDSW), but its overall tracking accuracy remains lower than OC-SORT. Deep-
SORT performs poorly in this aerial scenario. In the VisDrone-MOT aerial environment,
DeepSORT produces negative MOTA values due to severe identity fragmentation under
rapid camera motion and scale variation. Since negative MOTA is dominated by accu-
mulated detection and association errors and does not provide meaningful comparative
insight, it is omitted from Table 7. These results confirm that OC-SORT provides more
reliable identity association and temporal consistency for UAV-based traffic scenes.

Table 7. Comparison of multi-object tracking algorithms on the VisDrone-MOT dataset using a fixed
YOLOv10-S detector trained via knowledge distillation from YOLOv10-M

Detector IDF1 (%) ↑ MOTA (%) ↑ IDSW ↓
ByteTrack [27] 36.49 16.02 1426
BoT-SORT [28] 41.75 14.35 573
DeepSORT [26] 25.04 – 1896
OC-SORT [15] 46.45 34.11 1031

Note: ↑ indicates higher values are better, while ↓ indicates lower values are preferred. Bold values highlight the
best performance, and the selected tracker used in our framework.

As shown in Table 8, the effect of using different detectors alongside OC-SORT is
further examined. The results show that tracking performance varies substantially across
detectors, reflecting differences in detection stability under aerial conditions. YOLOv10-S,
when distilled from YOLOv10-M, demonstrates the best overall tracking performance,
attaining an IDF1 score of 46.45% and a MOTA of 34.11%, and outperforming detectors
across different model scales. In comparison, YOLOv8n achieves moderate performance
with an IDF1 of 41.81%, while the baseline YOLOv10-S attains an IDF1 of 38.87%. Al-
though RT-DETR-L provides strong detection capability, its tracking performance is limited
by a high number of identity switches (1420 IDSW), indicating reduced identity stability in
aerial scenes.

Table 8. Performance comparison of different detectors on the VisDrone-MOT dataset under the
OC-SORT tracking framework

Detector IDF1 (%) ↑ MOTA (%) ↑ IDSW ↓
YOLOv5s 42.22 29.50 840
YOLOv8n 41.81 30.44 854
YOLOv10-S 38.87 28.31 960
YOLOv10-M 35.99 24.26 1015
RT-DETR-L 36.20 16.32 1420
YOLOv10-S (KD from YOLOv10-M) 46.45 34.11 1031

Note: ↑ indicates higher values are better, while ↓ indicates lower values are preferred. Bold values highlight the
best performance.

Overall, the results on the VisDrone dataset demonstrate that tracking performance
in UAV-based traffic environments is highly sensitive to detection stability and temporal
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consistency. By combining a knowledge-distilled YOLOv10-S detector with the OC-SORT
tracker, the proposed framework achieves more stable trajectories and improved tracking
accuracy under challenging aerial conditions.

4.6. Counting Accuracy
4.6.1. On UA-DETRAC-MOT Dataset

As shown in Table 9, vehicle counting performance on the UA-DETRAC-MOT dataset
is evaluated using a trajectory-based virtual gate counting method built on the refined
OC-SORT tracking pipeline. Compared with the other evaluated detectors, the RT-
DETR–distilled YOLOv10-S achieves the most accurate counting results, with the highest
CA (89.20%) and the lowest ACE (11.17%). Its predicted vehicle count (8753) is the closest
to the ground-truth count (8256), indicating improved trajectory stability and reduced
duplicate or missed counts. This demonstrates that knowledge distillation contributes
to more consistent detections over time, which directly benefits trajectory-based vehicle
counting. In contrast, the baseline YOLOv10-S exhibits lower counting accuracy, with a
CA of 85.97% and an ACE of 14.95%, despite achieving strong detection performance. This
degradation is primarily caused by trajectory fragmentation and identity instability, which
lead to over-counting when vehicles cross the virtual gate multiple times. Similar trends are
observed for other lightweight detectors, such as YOLOv5s and YOLOv8n, which achieve
high inference speed but suffer from increased counting error due to less stable tracking.

Table 9. Vehicle counting performance on the UA-DETRAC-MOT dataset using trajectory-based
virtual gate counting with the refined OC-SORT tracking pipeline.

Detector CA (%) ↑ ACE (%) ↓ GT
Count

Pred
Count

YOLOv5s 88.97 11.45 8256 8804
YOLOv8n 88.46 12.48 8256 8755
YOLOv10-S 85.97 14.95 8256 8971
YOLOv10-M 86.67 13.84 8256 8912
RT-DETR-L 85.17 15.41 8256 9027
YOLOv10-S (KD from YOLOv10-M) 88.01 13.12 8256 8746
YOLOv10-S (KD from RT-DETR) 89.20 11.17 8256 8753

Note: ↑ indicates higher values are better, while ↓ indicates lower values are better. Bold values highlight the best
results among the compared methods.

4.6.2. Results on VisDrone-MOT Dataset

According to Table 10, YOLOv10-S distilled from YOLOv10-M demonstrates superior
counting performance compared to other detectors, with a CA of 72.96% and an ACE of
27.03%. Its predicted vehicle count (1665) is the closest to the ground-truth count (2211),
demonstrating improved trajectory smoothness and more consistent gate-crossing behavior
under challenging aerial conditions. In contrast, baseline detectors exhibit substantially
lower counting accuracy. YOLOv10-S achieves a CA of 63.48%, while YOLOv8n and
YOLOv10-M produce comparable results with CA values of 60.90% and 60.65%, respectively.
Although these detectors perform reasonably at the detection stage, their trajectories are
more fragmented in aerial scenes, leading to missed or duplicate counts. RT-DETR-L
shows the weakest counting performance, with a CA of 52.01% and the highest ACE
(49.61%), indicating that strong detection capability alone does not guarantee reliable
vehicle counting in UAV-based traffic environments.

Overall, the UA-DETRAC-MOT and VisDrone-MOT results highlight that vehicle
counting accuracy is strongly influenced by trajectory stability rather than frame-level
detection accuracy alone. By improving temporal detection consistency through knowledge
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distillation and combining it with refined OC-SORT tracking, the proposed framework
achieves significantly more reliable vehicle counting under ground-level and complex
aerial surveillance conditions.

Table 10. Vehicle counting performance on the VisDrone-MOT dataset using trajectory-based virtual
gate counting with the refined OC-SORT tracking pipeline

Detector CA (%) ↑ ACE (%) ↓ GT
Count

Pred
Count

YOLOv5s 63.03 39.96 2315 1551
YOLOv8n 60.90 39.09 2301 1430
YOLOv10-S 63.48 36.51 2324 1491
YOLOv10-M 60.65 39.34 2353 1631
RT-DETR-L 52.01 49.61 2455 2523
YOLOv10-S (KD from YOLOv10-M) 72.96 27.03 2211 1665

Note: ↑ indicates higher values are better, while ↓ indicates lower values are better. Bold values highlight the best
results among the compared methods.

4.7. Cross-Dataset Generalization

To evaluate how well the proposed framework generalizes, we perform cross-domain
experiments by directly transferring the trained model to a new domain without any
retraining or domain-specific adjustments. The models are learned from a source dataset
and assessed on a target dataset that presents notable differences in viewpoints and scene
structure. Specifically, the UA-DETRAC dataset represents ground-based fixed-camera
traffic surveillance, while the VisDrone dataset represents aerial UAV-based traffic scenes.

Table 11 reports cross-domain detection performance under direct domain transfer.
When models trained on UA-DETRAC-DET are evaluated on VisDrone-DET, detection
accuracy drops substantially due to severe differences in scale, perspective, and back-
ground complexity. The baseline YOLOv10-S achieves an mAP@0.5 of 12.41%, while the
knowledge-distilled YOLOv10-S improves this to 14.85%. Similar trends are observed for
stricter localization criteria, where mAP@0.5:0.95 increases from 8.60% to 10.67%. A similar
trend is observed in the reverse direction. When trained on VisDrone-DET and evaluated
on UA-DETRAC-DET, the baseline YOLOv10-S attains an mAP@0.5 of 28.13%, while the
distilled model improves detection accuracy to 29.46%. These results suggest that knowl-
edge distillation consistently enhances cross-domain detection robustness, even without
retraining, by producing more stable and transferable feature representations.

Table 11. Cross-domain detection performance under direct train–test transfer without retraining.

Train → Test Model mAP@0.5 (%) mAP@0.5:0.95 (%) FPS

UA-DETRAC-DET → VisDrone-DET YOLOv10-S (Baseline) 12.41 8.60 149.32
UA-DETRAC-DET → VisDrone-DET YOLOv10-S (KD) 14.85 10.67 155.22

VisDrone-DET → UA-DETRAC-DET YOLOv10-S (Baseline) 28.13 18.87 156.73
VisDrone-DET → UA-DETRAC-DET YOLOv10-S (KD) 29.46 20.26 157.14

Note: The best results in each metric are highlighted in bold.

Further evaluates cross-domain performance for tracking and vehicle counting using
a fixed OC-SORT tracker as shown in Table 12. Under UA-DETRAC-MOT → VisDrone-
MOT transfer, tracking performance is limited, with IDF1 increasing from 8.72% to 13.12%
when using the distilled detector, accompanied by an increase in counting accuracy from
12.50% to 17.31%. For the VisDrone-MOT → UA-DETRAC-MOT setting, tracking and
counting performance are notably higher, with IDF1 improving from 55.24% to 57.96%,
and corresponding improvements are observed in counting accuracy. Due to severe do-
main mismatch, MOTA becomes negative in several cross-domain tracking settings and is
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therefore omitted, as it is dominated by detection errors and does not provide meaningful
comparative insight in this scenario.

Overall, although absolute performance remains limited under direct cross-domain
transfer, the results consistently show improved detection, tracking identity consistency,
and vehicle counting accuracy when using the knowledge-distilled YOLOv10-S compared
to the baseline model.

Table 12. Cross-domain tracking and vehicle counting performance under direct train–test transfer
using OC-SORT with detectors trained on the source domain.

Train → Test Model IDF1 (%) ↑ MOTA (%) ↑ IDSW ↓ CA (%) ↑ ACE (%) ↓
UA-DETRAC-MOT → VisDrone-MOT YOLOv10-S (Baseline) 8.72 4.90 149 12.50 87.50
UA-DETRAC-MOT → VisDrone-MOT YOLOv10-S (KD) 13.12 7.72 219 17.31 82.69

VisDrone-MOT → UA-DETRAC-MOT YOLOv10-S (Baseline) 55.24 – 2202 37.77 88.28
VisDrone-MOT → UA-DETRAC-MOT YOLOv10-S (KD) 57.96 – 2023 34.27 102.86

Note: ↑ indicates higher values are better, while ↓ indicates lower values are better. The best results in each metric
are highlighted in bold.

5. Discussion
This work investigates a unified detection–tracking–counting framework for traffic

surveillance across heterogeneous environments, including ground-based fixed cameras
and aerial UAV imagery. The experimental results demonstrate that reliable vehicle anal-
ysis requires not only strong frame-level detection but also stable temporal association,
particularly for downstream tasks such as tracking and counting.

The detection experiments show that supervision-level knowledge distillation im-
proves localization accuracy and robustness without modifying the detector architecture or
increasing computational cost. Across both UA-DETRAC and VisDrone datasets, the dis-
tilled YOLOv10-S consistently outperforms its non-distilled counterpart under stricter IoU
thresholds. Although teacher models generally possess greater representational capac-
ity, a distilled student model can occasionally match or surpass the teacher on specific
benchmarks. This behavior may be attributed to the regularizing effect of soft labels in
knowledge distillation, which encourages smoother decision boundaries and mitigates
overfitting. In certain scenarios, the larger teacher model may slightly overfit to the train-
ing distribution, whereas the lightweight student benefits from constrained capacity and
refined supervision. Consequently, the distilled YOLOv10-S demonstrates competitive or
superior performance under specific dataset conditions. However, the results also indicate
that improved detection accuracy does not always lead to better isolated tracking perfor-
mance, highlighting the need to evaluate detection and tracking independently within a
unified pipeline. Tracking results on both datasets confirm the importance of trajectory
stability and motion-aware association. OC-SORT consistently provides a strong balance
between identity preservation and tracking accuracy under both fixed-camera and aerial
settings, outperforming alternative trackers in challenging scenarios involving camera
motion and dense traffic. These findings suggest that lightweight, observation-centric
tracking strategies are well-suited for real-world traffic surveillance.

Vehicle counting experiments further emphasize that accurate counting is a system-
level problem. Detectors with strong frame-level performance may still produce unreliable
counts if trajectories are fragmented or unstable. On UA-DETRAC-MOT, the distilled
YOLOv10-S combined with OC-SORT achieves the highest counting accuracy, while on
VisDrone-MOT, counting performance remains more challenging due to aerial scene com-
plexity. In both cases, improved temporal consistency leads to more reliable gate-based
counting. Cross-domain experiments highlight the difficulty of directly transferring traf-
fic models across drastically different viewpoints without retraining. Although absolute
performance degrades under domain shift, the distilled YOLOv10-S consistently exhibits
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improved robustness across detection, tracking, identity consistency, and vehicle counting.
These results demonstrate that knowledge distillation can mitigate, but not fully overcome,
cross-domain performance degradation without additional adaptation.

Overall, the findings indicate that a carefully designed, modular detection–tracking–
counting framework can achieve reliable real-time performance across diverse traffic en-
vironments. Instead of introducing additional architectural complexity, the proposed
approach emphasizes better supervision to support practical and scalable real-world traf-
fic monitoring.

The findings highlight the importance of system-level integration and controlled
evaluation rather than architectural modification. By jointly analyzing detection, tracking,
and counting within a unified framework, we demonstrate how component interactions
influence downstream performance and enable reproducible cross-domain comparison.

While the proposed framework does not introduce new architectural modules, it
enables a structured component-wise evaluation through controlled experimental compar-
isons. Specifically, the effect of supervision-level knowledge distillation is assessed by com-
paring baseline and distilled YOLOv10-S detectors across detection, tracking, and counting
metrics. The contribution of the tracking module is isolated by pairing the same detec-
tor with different tracking algorithms, allowing direct evaluation of identity association
stability. Furthermore, the impact of the trajectory-based counting strategy is quanti-
fied by analyzing counting accuracy under consistent detection and tracking conditions.
Collectively, these controlled comparisons function as an implicit ablation study, clearly
demonstrating the individual and combined contributions of supervision enhancement,
motion-centric tracking, and trajectory-level counting to the overall system performance.

6. Conclusions
Modern intelligent transportation systems are highly dependent on accurate vehicle

detection, tracking, and counting. This work presents a single real-time framework capable
of detecting, tracking, and counting vehicles in a wide range of traffic surveillance scenarios.
By combining a lightweight YOLOv10-S detector with supervision-level knowledge distil-
lation and a robust tracking-based counting strategy, the proposed framework achieves
robust performance without relying on architectural modifications or dataset-specific tun-
ing. Extensive evaluations on the UA-DETRAC and VisDrone benchmarks demonstrate
that improving supervision quality and temporal consistency is critical for stable traffic
analysis, particularly under challenging aerial and dynamic conditions. The results further
indicate that knowledge distillation enhances detection robustness and contributes to more
reliable counting behavior while preserving real-time efficiency. Cross-dataset experiments
reveal the inherent difficulty of direct domain transfer; however, the proposed framework
consistently shows improved robustness compared to non-distilled baselines, highlighting
its potential for practical deployment where retraining may not be feasible.

As a next step, the framework will be extended with explicit vehicle classification [47]
to provide more detailed traffic composition analysis and to support advanced applications
such as congestion profiling and emission estimation. Additional research directions
include improving cross-domain adaptability through lightweight self-supervised [48] or
adaptive strategies [49], as well as integrating contextual cues and motion priors to further
enhance trajectory stability and counting reliability in large-scale or highly congested traffic
scenes. These extensions have the potential to broaden the applicability of the proposed
framework to more complex and data-scarce traffic monitoring environments.
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