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ABSTRACT: Accurate vehicle detection, tracking, and counting are fundamental components of Intelligent Trans-
portation Systems (ITS) and urban traffic surveillance. However, real-world deployment remains challenging due
to domain shifts, illumination variations, occlusions, dense traffic conditions, and heterogeneous data distributions.
Existing studies often address detection, tracking, and counting as independent tasks, resulting in limited cross-domain
generalization and inconsistent performance in complex traffic environments. To overcome these limitations, this
paper proposes a unified cross-domain framework that jointly integrates vehicle detection, tracking, and lane-aware
counting within a single intelligent traffic analytics pipeline. The proposed framework begins with image enhancement
using Contrast Limited Adaptive Histogram Equalization (CLAHE) and Gamma Correction to improve visual quality
under varying illumination conditions. A Domain-Adversarial Neural Network (DANN) equipped with a Gradient
Reversal Layer is employed to learn domain-invariant feature representations across heterogeneous datasets. Vehicle
localization is performed using a dual-stage detection strategy in which YOLOV8 generates high-recall object proposals
and RetinaNet refines candidate detections to reduce false positives and improve localization accuracy. For multi-object
tracking, ByteTrack is enhanced with appearance-based Re-Identification embeddings and Kalman filtering to improve
identity preservation and trajectory consistency under occlusions and crowded traffic conditions. Furthermore, a lane-
aware multi-zone counting mechanism is introduced to replace conventional line-crossing approaches by enforcing
trajectory-consistent spatial transitions across lane-aligned regions. Experimental evaluation on the Cityscapes and
KITTI datasets demonstrates significant improvements in detection accuracy, tracking robustness, identity preserva-
tion, cross-domain generalization, and vehicle counting performance. Ablation studies further validate the contribution
of each module to the overall framework. The proposed system provides an effective solution for real-time urban traffic
monitoring and intelligent transportation analytics across heterogeneous environments.

KEYWORDS: Unmanned vehicles; multi-object tracking; traffic dynamics; autonomous systems; complex networks;
urban transportation systems; network resilience; intelligent transportation systems; congestion analysis
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1 Introduction

Intelligent Transportation Systems (ITS) and unmanned vehicle perception have become essential for
modern smart cities, enabling real-time traffic monitoring, congestion analysis, and safety management.
Accurate vehicle detection, multi-object tracking, and counting are critical for reliable decision-making in
dynamic urban environments. However, performance is often degraded due to domain shift, occlusion,
illumination variation, and dataset imbalance. In addition, urban transportation can be represented as
complex networks, where intersections act as nodes and road segments as edges, and traffic flow dynamics
directly affect congestion propagation and system resilience.

Recent deep learning-based methods have significantly improved vehicle perception. One-stage detec-
tors such as YOLO-based models achieve high-speed inference, while loss-optimized architectures improve
robustness in dense scenes. Similarly, multi-object tracking has evolved from motion-only approaches
to hybrid methods combining motion and appearance features. Despite these advances, most existing
approaches treat detection, tracking, and counting as separate tasks, limiting their generalization across
domains and real-world deployment scenarios.

To address these limitations, this work proposes a unified cross-domain vehicle perception framework
integrating detection, tracking, and counting. The proposed pipeline begins with image enhancement using
CLAHE and gamma correction to reduce illumination effects. A Domain-Adversarial Neural Network
(DANN) with Gradient Reversal Layer [1] is employed to learn domain-invariant features across Cityscapes
and KITTI. For detection, a YOLOvS8-based high-recall model is refined using RetinaNet to improve
precision [2,3]. For tracking, ByteTrack is enhanced with Re-ID embeddings and Kalman filtering to reduce
identity switches and ensure temporal consistency [4]. Finally, a lane-aware multi-zone counting strategy is
introduced, modeling traffic flow as structured transitions within spatial zones aligned with urban network
topology. Experimental evaluation on Cityscapes [5] and KITTI [6] demonstrates improved detection
accuracy, tracking stability, and counting performance, with ablation studies validating the contribution of
each module.

Research Gap and Novelty

Although significant progress has been achieved in vehicle detection, tracking, and traffic monitoring,
most existing studies focus on these tasks independently. Detection-oriented methods primarily emphasize
localization accuracy, while tracking frameworks focus on identity preservation without explicitly consid-
ering cross-domain robustness and counting consistency. Furthermore, many traffic counting approaches
rely on simple line-crossing mechanisms that are highly sensitive to occlusion, identity switches, and
trajectory fragmentation.

Unlike existing approaches, the proposed framework integrates cross-domain adaptation, dual-stage
vehicle detection, identity-aware tracking, trajectory refinement, and lane-aware counting within a unified
architecture. The novelty of this work lies not in introducing a new detector or tracker, but in establishing
a coherent cross-domain traffic analytics framework that improves consistency across all stages of vehicle
perception and traffic analysis. The main contributions of this work are:

o A unified cross-domain vehicle analytics framework is proposed that jointly performs detection,
tracking, and lane-aware counting within a single intelligent transportation pipeline.

o A feature-level domain adaptation mechanism based on Domain-Adversarial Neural Networks
(DANN) is integrated to improve cross-dataset generalization between heterogeneous traffic
environments.

o A dual-stage vehicle detection strategy combining YOLOvV8 and RetinaNet is introduced to balance
detection recall and localization precision under dense traffic conditions.
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«  An enhanced ByteTrack framework incorporating Re-Identification embeddings and Kalman filtering
is developed to improve identity consistency and reduce tracking fragmentation.

« A novellane-aware multi-zone counting strategy is proposed that leverages trajectory-consistent spatial
transitions for robust vehicle counting in multi-lane urban traffic scenarios.

«  Extensive experiments, cross-domain evaluations, and ablation studies demonstrate the effectiveness of
the proposed framework for intelligent urban traffic surveillance applications.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 describes
the proposed methodology. Section 4 presents the experimental setup. Section 5 discusses the results,
and Section 6 concludes the paper.

2 Literature Review

Vehicle detection, tracking, and counting are core components of Intelligent Transportation Systems
(ITS) and have been extensively studied for applications in traffic monitoring and autonomous driving.
Despite significant progress, existing methods still face challenges in handling occlusion, scale variation, and
cross-domain generalization in complex urban environments.

2.1 Vehicle Detection Methods

Deep learning-based object detectors have significantly improved vehicle detection performance in
recent years. Two-stage detectors such as Faster R-CNN [7] achieve strong localization accuracy but incur
high inference cost, whereas one-stage detectors such as SSD [8] and YOLOvV8 [9] enable real-time inference
by directly predicting bounding boxes and class probabilities in a single forward pass, making them suitable
for traffic surveillance applications. More recent variants, including YOLOV9 [10] and YOLOWVI10 [11], further
improve the accuracy-latency trade-off, while transformer-based real-time detectors such as RT-DETR [12]
eliminate the need for non-maximum suppression. However, their performance degrades in dense scenes
due to occlusion and class imbalance. Focal-loss-based methods such as RetinaNet address this issue by
prioritizing hard examples, improving robustness in challenging conditions [3]. Nevertheless, most existing
detection approaches still struggle to maintain a balance between accuracy and real-time performance
in highly congested traffic scenarios. In addition, evaluations are often limited to single datasets such as
Cityscapes [5] and KITTI [6], while larger and more diverse benchmarks such as Mapillary Vistas [13] and
nuScenes [14] remain comparatively underexplored in integrated detection-tracking pipelines.

2.2 Multi-Object Tracking Methods

Multi-object tracking (MOT) focuses on maintaining consistent object identities across video frames.
Classical methods such as SORT [15] utilize Kalman filtering and Hungarian assignment, offering com-
putational efficiency but suffering from poor performance under occlusion. To improve robustness,
DeepSORT [16] incorporates Re-Identification (Re-ID) features, enhancing identity preservation in crowded
scenes. More recent methods such as ByteTrack [4] improve tracking performance by leveraging both
high- and low-confidence detections without requiring complex appearance modeling, while observation-
centric and appearance-augmented variants such as OC-SORT [17], BoT-SORT [18], and StrongSORT [19]
further improve robustness under occlusion. Despite these advancements, identity switches and fragmented
trajectories remain significant challenges in dense traffic environments, particularly under occlusion and
domain shift conditions.
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2.3 Domain Adaptation in Visual Detection

Domain adaptation techniques aim to reduce performance degradation when models are transferred
across different environments. The Domain-Adversarial Neural Network (DANN) proposed by Ganin
et al. [1] introduces a Gradient Reversal Layer (GRL) to learn domain-invariant representations. Related
approaches instead align feature distributions using maximum mean discrepancy [20], adversarial discrim-
inative training [21], or cycle-consistent image translation [22]. While effective, most existing approaches
focus on generic object detection tasks and do not fully address traffic-specific cross-dataset challenges.
Generalization between Cityscapes and KITTI remains insufficiently explored in integrated detection-
tracking pipelines. Moreover, only limited work integrates domain adaptation directly into end-to-end traffic
analysis systems.

2.4 Trajectory Modeling and Motion Estimation

Trajectory modeling is essential for maintaining temporal consistency in multi-object tracking systems.
The Kalman filter is widely used for motion prediction due to its efficiency and ability to handle uncertainty
in object movement [23]. However, many modern tracking pipelines focus primarily on detection and
association, often neglecting trajectory smoothing. This results in unstable bounding boxes and jitter,
which negatively impacts downstream tasks such as vehicle counting and traffic flow estimation. Therefore,
incorporating motion modeling remains critical for reliable real-world deployment.

2.5 Vehicle Counting Methods

Vehicle counting approaches are generally categorized into line-based, region-based, and trajectory-
based methods. Line-crossing techniques detect vehicles when they cross predefined virtual lines but
are highly sensitive to occlusion and tracking errors [24]. Region-based methods improve robustness by
dividing the scene into spatial zones; however, they often ignore lane-level structure, leading to ambiguity
in multi-lane traffic [25]. Trajectory-based methods improve counting accuracy but still depend heavily on
stable tracking performance [26]. Overall, existing approaches rarely address detection uncertainty, tracking
instability, and domain shift simultaneously, limiting their effectiveness in real-world traffic systems.

2.6 Complex Network Models in Transportation

Complex network theory provides a mathematical framework for analyzing urban transportation
systems, where intersections are modeled as nodes and roads as edges [27]. Metrics such as centrality and
clustering coefficients help identify critical nodes and congestion points. Although these models are useful
for macroscopic traffic analysis, most existing studies rely on static or coarse-grained data. In contrast, this
work integrates real-time detection, tracking, and lane-aware counting to enable fine-grained traffic flow
analysis, bridging the gap between theoretical network models and practical ITS applications.

3 Materials and Methods

This study proposes a unified domain-adaptive framework for robust vehicle detection, tracking, and
counting in complex traffic environments. The system integrates multiple stages including preprocessing,
domain adaptation, multi-scale object detection, identity-aware tracking, trajectory refinement, and lane-
based counting to handle challenges such as illumination variation, domain shift, occlusion, and dynamic
traffic flow. Fig. 1 shows the architecture workflow of the proposed system.
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Figure 1: Architecture of the proposed intelligent traffic surveillance system.

3.1 Image Preprocessing

The preprocessing stage aims to improve input frame quality and reduce the effects of illumination
variations, shadows, and noise commonly observed in real-world traffic scenes. To achieve this, a two-step
enhancement process is applied, consisting of contrast enhancement and intensity normalization, ensuring
more stable and discriminative visual features for subsequent detection and tracking modules. Initially, each
input frame I (x, y) is enhanced using Contrast Limited Adaptive Histogram Equalization (CLAHE), which
improves local contrast by operating on small image regions while limiting noise amplification through
histogram clipping [28]. The transformation can be expressed as in Eq. (1):

CDF(I(x,y)) - CDFin
(M x N) = CDFpin

Icpane(x,y) = x (L-1) @)
where CDF is the cumulative distribution function of the clipped histogram, CDF,;, is the minimum non-
zero value, M x N is the number of pixels in a tile, and L represents the intensity levels. This operation
enhances local structural details such as vehicle edges and textures, particularly in low-light regions. After
contrast enhancement, gamma correction is applied to normalize global illumination variations [29]. This
non-linear transformation is defined in Eq. (2):

Iouwt (%, ¥) = c-IcLane(x, ) (2)

where c is a scaling constant and y controls brightness adjustment. Values of y < 1 brighten dark scenes,
while y > 1 suppress overly bright regions, enabling balanced intensity distribution across varying lighting
conditions. Finally, the complete preprocessing pipeline is represented as:

Ifinal (x, y) = ¢- (CLAHE(I(x, y)))? (3)

This enhanced output preserves essential visual structures while reducing environmental distortions.
Consequently, downstream modules such as domain adaptation, detection (YOLOv8/RetinaNet), and
tracking receive more consistent and robust feature representations, leading to improved overall system
stability and accuracy under diverse traffic conditions. The output of the CLAHE can be depicted in Fig. 2.
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Figure 2: Enhanced preprocessing results using CLAHE and gamma correction on Cityscapes and KITTL

3.2 Feature-Level Domain Adaptation

In cross-dataset traffic analysis, models often suffer from performance degradation due to domain shift
caused by variations in imaging conditions, viewpoints, and scene dynamics. To address this issue, a Domain-
Adversarial Neural Network (DANN) is incorporated to learn domain-invariant feature representations at
the feature level, improving generalization between datasets such as Cityscapes and KITTI. The overall
architecture of the proposed domain adaptation module is illustrated in Fig. 3.
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Figure 3: Feature-level domain adaption framework (DANN).

Given an input image I, a deep feature extractor Gy, implemented using a CSPDarknet and ResNet
backbone, maps it to a latent representation:

F=Gs(I) (4)

where F encodes high-level spatial and semantic information and is shared across detection and domain
classification tasks. The structure of the feature extraction process is shown in Fig. 4. To enforce domain
invariance, a domain classifier G; predicts the domain label, as shown in Eq. (5).

d = G4(F) (5)

The corresponding domain classification loss is defined as

z

Lg=-) [yilog(di)+(1-yi)log(1-d;)] (6)

i=1
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where y; =1if the feature comes from the source domain and y; = 0 for the target domain. This loss trains the
domain classifier to distinguish source and target feature. A Gradient Reversal Layer (GRL) is introduced to
achieve adversarial learning by reversing gradients during backpropagation:
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Figure 4: Feature extractor architecture (backbone network).

This mechanism forces the feature extractor to generate representations that are both discriminative for
detection and invariant across domains [30]. The overall training objective is defined as:

Ltotal = Ltask + “Ld (8)

where Li,sx represents detection and Re-ID losses, and « controls the contribution of domain alignment. As
shown in the experimental results section, the proposed domain adaptation strategy improves cross-domain
detection performance and reduces generalization error compared to non-adaptive baselines. Unlike con-
ventional approaches that apply adaptation at the image level or within single-stage detectors, the proposed
method integrates feature-level adversarial learning within a multi-stage detection and tracking pipeline.
Furthermore, the learned domain-invariant features are propagated to downstream modules, including
Re-ID embedding and ByteTrack tracking, ensuring consistency in both detection and identity preservation.

3.3 Multi-Object Detection Using YOLOvS8

Following domain adaptation, the proposed framework performs multi-object detection using domain-
invariant feature representations F, enabling robust localization across heterogeneous datasets. By directly
utilizing features learned through adversarial training, the detection module mitigates performance degrada-
tion caused by domain shift and environmental variability [31]. To achieve efficient and real-time detection,
YOLOV8 is employed as a one-stage detector due to its capability to jointly perform localization and
classification in a single forward pass [9]. Given the adapted feature maps F, the detector G, produces a set
of object detections as defined in Eq. (9).

D = G,(F) )
Each detection D; is defined as:
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where (x;, y;) denote the bounding box center, w; and h; represent width and height, c; is the class label, and
s; is the confidence score. To handle scale variations in traffic scenes, YOLOv8 employs multi-scale feature
learning through Feature Pyramid Network (FPN) and Path Aggregation Network (PAN) structures, which
effectively combine semantic and spatial information across different resolutions [32,33]. Let F, F,, and F;
denote feature maps at different scales. The detection process is formulated as:

D= |J G}(F) (11)
ke{s,m,l}

This strategy enables accurate detection of small distant vehicles as well as large nearby objects. The
detection network is optimized using a composite loss function:

Lger = Lyox + Leis + Lobj (12)

where Ly, is the bounding box regression loss (IoU-based), L., is the classification loss L,y ; is the objectness
confidence loss. Advanced IoU variants such as CloU further improve localization accuracy. A key strength
of the proposed approach lies in the tight integration between domain adaptation and detection. Specifically,
the detector operates on features defined as F = G (I) , where G  is trained adversarial via GRL. This enables
the model to generalize effectively across domains without requiring extensive retraining. As demonstrated
in the experimental section, this integration improves detection robustness and reduces cross-domain
performance degradation. The background architecture of YOLOVS8 can be seen in Fig. 5.
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Figure 5: Multi-object detection using the YOLOv8 algorithm.

Furthermore, the proposed detection module provides high-recall object localization, which serves as
a foundation for subsequent stages including vehicle refinement (RetinaNet), identity-aware tracking, and
trajectory estimation. Compared to conventional YOLO-based frameworks, the use of domain-adaptive
features significantly enhances detection stability under varying environmental and dataset conditions. The
output of the multi-objects can be seen in Fig. 6.
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3.4 Vehicle-Specific Detection Refinement Using RetinaNet

To improve vehicle localization accuracy in complex traffic environments, a RetinaNet-based refine-
ment module is introduced after the multi-object detection stage. Although YOLOV8 provides high-recall
detection by capturing all object instances, its predictions for vehicles may exhibit localization inaccuracies
and false positives under occlusion, scale variation, and dense traffic conditions. To mitigate these limitations,
a vehicle-specific second-stage detector is employed to refine candidate regions, thereby improving precision
while preserving recall. The refined vehicle detections are formulated as:

V=G, (I), Vi=(xi,yiwi,hi,ci,s;i) (13)

where G, denotes the RetinaNet detector and V; represents the bounding box coordinates, class label, and
confidence score of the i-th vehicle instance. To maintain computational efficiency, RetinaNet operates either
on the full image or on regions of interest derived from YOLOV8 outputs, effectively reducing redundant
computations while focusing on relevant areas. RetinaNet leverages a Feature Pyramid Network (FPN) to
handle scale variations effectively [32]. Let F; denote feature maps at pyramid levels k € {s, m, I}; the detection
process is expressed as:

v U W (&) (14)
ke{s,m,l}

This multi-scale aggregation is particularly important in traffic scenes, where vehicles appear at signif-
icantly different scales due to perspective variations. To further address the severe foreground-background
imbalance inherent in dense detection tasks, RetinaNet utilizes Focal Loss:

FL(p:) =-a(1-p;)" log(p:) (15)

where a = 0.25 and y = 2. This formulation suppresses easy negative samples and emphasizes hard examples,
leading to improved discrimination of challenging vehicle instances and a reduction in false detections. The
background for the RetinaNet can be seen in Fig. 7.

Unlike conventional two-stage detectors (e.g., Faster R-CNN) that rely on region proposal networks, the
proposed framework integrates a high-recall one-stage detector (YOLOVS8) with a precision-oriented dense
detector (RetinaNet). This design introduces a cross-detector refinement strategy, where candidate regions
generated by YOLOVS are selectively re-evaluated by RetinaNet. Compared to single-detector pipelines,
this approach reduces error propagation and improves localization stability, particularly in cluttered and
high-density traffic scenes. Moreover, restricting refinement to ROIs significantly lowers computational
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overhead compared to full-frame re-detection, making the framework suitable for real-time intelligent
transportation applications.
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Figure 7: Refined vehicle detection using RetinaNet.

Overall, this hierarchical detection paradigm effectively balances recall and precision, resulting in more
accurate and reliable vehicle localization, which directly benefits downstream tasks such as multi-object
tracking and vehicle counting. The result for the vehicle detection can be seen in Fig. 8.

Figure 8: Vehicle detection via RetinaNet.

3.5 Feature Embedding and Multi-Object Tracking

To address the limitations of conventional tracking-by-detection approaches in complex urban environ-
ments, a hybrid multi-object tracking framework is proposed that integrates domain-adaptive appearance
embedding, feature-aware association, and motion-guided prediction. By jointly exploiting semantic feature
consistency and temporal dynamics, the framework achieves robust identity preservation under occlusion,
illumination variation, and dense traffic conditions. Each detected vehicle Viis encoded into a discriminative
embedding vector, as expressed in Eq. (16).

e; = Ge (F,) (16)

where G, denotes the embedding function and F; represents the refined feature representation. The
use of domain-aligned features ensures robustness to cross-dataset variations, improving association
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reliability [34]. Inter-frame association is performed using a dual-consistency similarity measure that
combines appearance and spatial cues. The cosine similarity between embeddings is defined as:

€,"€j

_ (17)
leill el

S(eire))

This enables reliable matching under occlusion and motion ambiguity, complementing geometric
overlap [35]. The ByteTrack framework is extended by incorporating feature-aware association. Unlike
the original formulation, which relies primarily on detection confidence, the proposed method integrates
appearance similarity into both high- and low-confidence matching stages, reducing identity switches and
improving trajectory continuity. For each pair of detection i and existing track j, the association cost C(, j)
is defined as:

C(l',j)zll (I—IOUI'J')-F)LZ (1—8(61',6]')) (18)

where IoU;; denotes the Intersection over Union between detection i and track j; S ( ei,e j) is the cosine
similarity between their respective embedding vectors e; and e; defined in Eq. (17); and A;, A, are scalar
weighting coefficients controlling the relative contribution of spatial and appearance cues. Optimal assign-
ment across all detection-track pairs is obtained by minimizing the total association cost over all feasible
one-to-one assignments using the Hungarian algorithm. To maintain motion continuity during association,
a Kalman filter [23] models the vehicle state and measurement as:

X = Axp_1 + Wi, 2k = Hxp + v (19)

This enables stable tracking during short-term detection failures and occlusions. A lightweight track
management strategy is further applied to control initialization and termination, preventing noisy tra-
jectories while preserving identity consistency [36]. The proposed framework extends ByteTrack with
domain-adaptive embeddings and unified appearance-motion association, enabling robust cross-domain
tracking and improved identity stability. The effectiveness of each component is validated through ablation
studies in Section 4. After association, Kalman filtering, and track management, the tracker outputs a set of
n confirmed vehicle trajectories across the video sequence:

T={Ty, Ts,..., Ty} (20)

where each trajectory T; represents a temporally consistent sequence of bounding-box states for a single
vehicle across frames, produced by the combined appearance-motion association defined in Eq. (18) and the
motion model in Eq. (19). The index i € {1,..., n} is consistent with the detection index i used in Eqs. (16)-
(19) above. The output can be seen in Fig. 9.

3.6 Lane-Aware Multi-Zone Vehicle Counting

Following tracking, a lane-aware multi-zone vehicle counting strategy is introduced that reformulates
counting as a trajectory-based zone transition problem rather than a traditional line-crossing event. The
scene is partitioned into structured spatial zones aligned with traffic lanes, enabling direction-aware and
occlusion-robust counting in dense urban traffic. The scene is defined as:

Z={Z1,Zs,.... Zx} 2z = Z(x}, y}) (21)
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A vehicle is counted only when its trajectory exhibits a valid transition between adjacent zones.
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Figure 9: Re-ID embeddings and similarity computations.

In Eq. (22), the indicator function I(:) returns 1 if and only if trajectory T; (as defined in Eq. (20))
passes through zone Z, before entering the adjacent zone Z; where Z, and Z; are distinct elements of
the zone partition Z defined in Eq. (21). The subscript i in the summation is the same vehicle index used
throughout Eqs. (16)-(20):

A/ dah >0 (23)

where d,;, represents the direction vector between zones. This ensures that only motion aligned with traffic
flow contributes to counting, eliminating spurious and reverse transitions. To suppress noisy trajectories, a
persistence constraint is applied:

1, |Ti|>1
valid (T;) = I7i (24)
0, otherwise

This filtering mechanism removes short-lived or fragmented trajectories, thereby minimizing counting
errors caused by identity switches or detection noise. The total lane-wise count is computed as:

K-1

Ciotal = Y. C(Zk > Zy1) (25)
k=1

This formulation enables fine-grained lane-level traffic analysis within a unified framework. The pro-
posed method reformulates vehicle counting as a trajectory-consistent, direction-constrained zone transition
problem. Unlike conventional line-crossing methods, it leverages lane-aware spatial decomposition and
motion-guided validation, ensuring robustness against occlusion, identity switches, and detection noise. The
integration of tracking, ReID embeddings, and Kalman filtering enables reliable spatiotemporal consistency,
while supporting scalable multi-lane traffic analytics in a unified formulation. The final output is shown
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in Eq. (26) where each element corresponds to a specific lane or zone. The result for the Lane aware can be
determined in Fig. 10.

C={C.C...,Cx} (26)

4 Experimentation and Results

The proposed method was implemented and validated in the Python 3.8 environment, utilizing widely
adopted deep learning and computer vision libraries. The framework integrates preprocessing, domain
adaptation, detection, tracking, and counting modules into a unified pipeline. Key dependencies include:

«  PyTorch 1.10 (for YOLOVS, RetinaNet, and DANN-based training)
o OpenCV 4.5 (for image preprocessing and visualization)

o NumPy (for matrix operations)

o scikit-learn 0.24 (for evaluation metrics)

Experiments were performed on an Intel Core i5-12500H 2.50 GHz processor with 24 GB RAM and an
NVIDIA RTX-3050 GPU with 4 GB memory. The model demonstrated superior performance across both
Cityscapes and KITTI datasets, validating its robustness in diverse traffic environments.

Raw Trajectory (Noisy / Broken) Zone Transitions and Counts Valid Transition (Count)

) A [ ] dab
A 2| [ - .
¢ h v . ap gl < & vehicles . b
v
Kalman Smoothed Trajectory ) — ‘@ >
e
N\'/o/' B Al

Invalid Transition (Reject)

Trajectory Validation Z, | = & & i féthlle 2
ITl>t i<t =T
Valid v/ RejectXe® |~
Final Output (Per Zone / Lane Counts)
© : Minimum trajectory length (in frames) Only transitions aligned with the
Ensures robustness against short-lived ¢ ={C,,C,,...,Cx} = {15, 12, 10, 8} ’ expected traffic flow direction are

and noisy tracks. considered for counting.

Figure 10: Lane-aware zone counting.

4.1 Dataset Description
4.1.1 Cityscapes Dataset

The Cityscapes Dataset comprises high-resolution urban street images captured under varying envi-
ronmental conditions. It contains 5000 finely annotated images with pixel-level labels. The dataset includes
vehicle categories such as cars, trucks, and buses, with dense traffic scenes and complex occlusions. Its high
resolution (2048 x 1024 pixels) and diverse lighting conditions make it suitable for evaluating detection,
tracking, and counting performance in real-world urban scenarios.
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4.1.2 KITTI Dataset

The KITTI Dataset is widely used for autonomous driving research and provides challenging real-world
driving sequences. It contains RGB images with a resolution of approximately 1242 x 375 pixels and includes
multiple traffic scenarios such as urban roads and highways. The dataset introduces challenges such as motion
blur, scale variation, and camera movement, making it ideal for evaluating cross-domain generalization.

4.2 Model Evaluation and Experimental Results

Detection performance is evaluated using Precision, Recall, Fl-score, and mean Average Precision
(mAP) at IoU thresholds of 0.5 and 0.5:0.95, following the standard evaluation protocols of the Cityscapes [5]
and KITTI [6] benchmarks. Tracking performance is assessed using Multiple Object Tracking Accuracy
(MOTA), Identity Fl-score (IDF1), and Higher Order Tracking Accuracy (HOTA), which collectively
measure detection quality, identity consistency, and overall tracking performance [35,37]. Vehicle counting
is evaluated using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and counting accuracy.
Vehicle counting results (Table 1) are averaged over three independent runs and reported as mean + standard
deviation. Detection, tracking, cross-domain, efficiency, and ablation results (Tables 2-6) are obtained from
a single representative run under a fixed random seed and are therefore reported as point estimates.
The results confirm that the integration of multi-scale detection and feature refinement improves overall

accuracy. Table 2 shows the comparison across detection model with SOTA techniques.

Table 1: Vehicle counting accuracy.

Method MAE] RMSE | Accuracy 1
Line-Based Counting 125+£1.2 152+ 15 85%
Region-Based Counting 9.8 +1.0 121+1.2 88%
Tracking-Based Counting 72+0.8 9.5+ 10 91%
Lane-Aware Multi-Zone (Proposed) 43+0.5 6.1+0.6 95%

Table 2: Comparison of model detection rate with other state-of-art methods.

Dataset Method Precision Recall F1-Score mAP@0.5 mAP@0.5:0.95
Faster R-CNN 0.82 0.80 0.81 0.85 0.62
RetinaNet 0.86 0.84 0.85 0.88 0.66
YOLOv8 0.91 0.89 0.90 0.92 0.71
Cityscapes YOLOV9 0.92 0.90 0.91 0.93 0.73
YOLOvI10 0.93 0.91 0.92 0.94 0.74
RT-DETR 0.94 0.92 0.93 0.95 0.76
Proposed 0.95 0.94 0.945 0.96 0.78
Faster R-CNN 0.84 0.82 0.83 0.86 0.64
RetinaNet 0.85 0.83 0.84 0.87 0.65
YOLOvV8 0.90 0.88 0.89 0.91 0.70
KITTI YOLOvV9 0.91 0.89 0.90 0.92 0.72
YOLOVIO 0.92 0.90 0.91 0.93 0.74
RT-DETR 0.93 0.91 0.92 0.94 0.75

Proposed 0.94 0.93 0.935 0.95 0.76
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Table 3: Multi-object tracking performance comparison.

Method MOTA ¢ IDF1 % HOTA ¢ ID Switches | FPS ¢
SORT 0.78 0.75 0.70 120 35
DeepSORT 0.82 0.80 0.76 95 28
ByteTrack 0.87 0.85 0.81 70 30
OC-SORT 0.88 0.86 0.83 60 32
BoT-SORT 0.89 0.87 0.84 55 29
Proposed Method 0.90 0.88 0.85 45 27

Table 4: Cross domain generalization evaluation.

Training — Testing Method Precision Recall F1-Score
YOLOVS 0.82 0.80 0.81
i KITTI
Cityscapes Proposed (DANN) 0.90 0.88 0.89
. YOLOVS 0.80 0.78 0.79
KITTI > Cityscapes Proposed (DANN) 0.89 0.87 0.88

Table 5: Computational efficiency analysis.

Method Params (M) FLOPs (G) FPS 1 Latency (ms)
YOLOvS 25.3 78.2 32 31
YOLOvI10 28.1 82.5 30 33
RT-DETR 42.6 120.4 24 41
ByteTrack 18.2 453 30 28

BoT-SORT 22.5 60.1 28 30
Proposed 45.8 140.2 27 37

Table 6: Ablation study of proposed framework.

. . } Domain .
Configuration Detection Tracking Adaptation Counting mAP@0.5 MOTA
Baseline (YOLOVS only) v X X X 0.92 0.72
+Tracking Module v/ 4 X X 0.92 0.80
+DANN Domain Adaptation v 4 4 X 0.94 0.83
+Lane-Aware Counting 4 4 4 v 0.96 0.86
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The proposed method consistently outperforms baseline detectors across both datasets. The improve-
ment is primarily attributed to enhanced feature representation and vehicle-specific refinement, which
improves localization accuracy and reduces false positives.

Fig. 11 presents the confusion matrix of the proposed model. The strong diagonal dominance indi-
cates high classification accuracy across vehicle categories, while minimal off-diagonal values demonstrate
reduced misclassification.

Predicted Label
Vehicle Background

Count

- 40,000

e 28,471 1,328
(Positive) (TP) (FN)

30,000

° True Positives False Negatives
s
e - 20,000
]
2
5]
= Background 987 35,62 1
(Negative) (FP) (TN) 10,000

False Positives True Negatives

Figure 11: Confusion matrix for vehicle detection (binary classification).

Table 3 shows the proposed method achieves superior tracking performance, significantly reduc-
ing identity switches while maintaining high accuracy. The use of Re-ID embeddings improves identity
preservation, while Kalman filtering stabilizes trajectories. Table 1 shows the vehicle counting accuracy.

The proposed lane-aware multi-zone counting method significantly reduces counting errors by incor-

porating spatial lane constraints and trajectory consistency, thereby avoiding double counting and improving
robustness under occlusion.

Domain adaptation significantly improves generalization across datasets by aligning feature dis-
tributions between source and target domains, reducing domain discrepancy. Table 4 shows the Cross
domain generalization.

Table 5 compares the computational efficiency of the proposed framework with state-of-the-art detec-
tion and tracking methods in terms of parameters, FLOPs, FPS, and latency. The results show that lightweight
models such as YOLOv8 and ByteTrack achieve higher speed but with limited representational capacity,
while transformer-based RT-DETR incurs higher computational cost with reduced real-time performance.
In contrast, the proposed method maintains a balanced trade-oft, achieving competitive real-time speed
(27 FPS) despite higher complexity, while delivering improved overall detection and tracking accuracy,
making it suitable for practical intelligent transportation system deployment.

Table 6 demonstrates that each component contributes incrementally to overall performance. Domain
adaptation provides the most significant improvement due to reduced domain shift, while RetinaNet
enhances detection precision. Fig. 12 shows the precision comparison.
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Figure 12: Precision-recall curve comparison.

5 Discussion/Limitations
5.1 Overall Performance Analysis

The proposed framework demonstrates strong performance for vehicle detection, tracking, and
counting in complex urban environments by integrating CLAHE-based enhancement, domain adaptation
(DANN), dual-stage detection (YOLOvV8 with RetinaNet refinement), Re-Identification embeddings, Byte-
Track association, and Kalman filtering. Experimental evaluation on Cityscapes Dataset and KITTI Vision
Benchmark Suite confirms consistent improvements in detection accuracy, tracking stability, and counting
reliability compared to baseline approaches.

5.2 Generalization and Dataset Limitations

The evaluation is limited to two benchmark datasets, which restricts exposure to broader environmental
variability such as night-time scenes, adverse weather, and geographically diverse traffic patterns; extending
the evaluation to larger benchmarks such as BDD100K [38] and the Waymo Open Dataset [39] remains an
important direction for future work. Although domain adaptation partially reduces dataset bias, residual
domain shift still affects cross-scene generalization. Additionally, class imbalance in aerial-style distributions
leads to biased learning behavior, where dominant classes (e.g., cars and buses) achieve higher recall
compared to underrepresented categories such as trucks and bicycles.

5.3 Robustness under Challenging Conditions

Performance degradation is observed under low-contrast, motion-blurred, and heavily occluded con-
ditions. While deep detection backbones mitigate a significant portion of these issues, residual errors
persist in densely populated traffic scenes. Moreover, any significant variation in UAV altitude, viewing
angle, or sensor configuration introduces distribution shifts that are not fully compensated by the current
adaptation mechanism.

5.4 Computational and Deployment Constraints

The multi-stage architecture improves accuracy but introduces additional computational overhead due
to sequential processing across enhancement, adaptation, detection, feature extraction, and tracking stages.
This increases inference latency and limits direct deployment on low-power edge devices.
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It should be noted that model compression techniques such as pruning and INT8 quantization were
not applied in the current experimental setup; they are proposed here as directions for future work to
reduce the computational cost of YOLOv8 with minimal accuracy loss. Similarly, replacing heavy feature
extraction modules with lightweight architecture and applying dimensionality reduction techniques are
additional future directions that can further improve efficiency. For current deployment scenarios requiring
real-time processing on resource-constrained devices, a hybrid UAV-edge or ground-station architecture
is reccommended.

5.5 Accuracy-Latency Trade-Off Analysis

The integration of RetinaNet refinement and appearance-based Re-Identification embeddings intro-
duces additional computational overhead compared with the original ByteTrack framework. Experimental
results indicate that the proposed framework achieves superior detection accuracy and tracking stability
while maintaining near real-time performance. Specifically, the FPS decreases from 30 FPS (ByteTrack) to
27 FPS in the proposed framework. However, this moderate reduction in processing speed is accompanied
by substantial improvements in MOTA, IDF1, HOTA, and identity-switch reduction. As confirmed by the
empirical data in Table 5, the proposed framework operates at 27 FPS with a latency of 37 ms compared
to 30 FPS (28 ms) for ByteTrack alone while achieving higher MOTA (0.90 vs. 0.87), IDF1 (0.88 vs.
0.85), HOTA (0.85 vs. 0.81), and a reduction in identity switches from 70 to 45 (Table 3). Therefore, the
proposed framework achieves a favorable balance between computational efficiency and analytical accuracy,
making it suitable for intelligent transportation applications where reliability is prioritized over marginal
speed improvements.

In summary, while the proposed framework significantly improves multi-stage vehicle detection, track-
ing, and counting performance, its limitations stem from dataset diversity, computational complexity, and
sensitivity to extreme environmental conditions. Future work will focus on large-scale cross-domain train-
ing, fully lightweight end-to-end architectures, and improved robustness under dynamic UAV configurations
and real-world deployment constraints.

6 Conclusion

The proposed framework provides a unified approach for vehicle detection, tracking, and lane-aware
counting in complex urban traffic scenes by integrating image enhancement, domain adaptation, dual-stage
detection, Re-ID embeddings, ByteTrack association, and Kalman filtering. Within urban transportation
networks, it models traffic zones as network components and vehicle trajectories as flow measurements for
fine-grained congestion and traffic analysis. Experimental results on the Cityscapes and KITTI datasets show
improved detection, tracking, and counting performance under occlusion and cross-domain variations,
while also identifying bottleneck zones effectively.

Limitations and Future Research Directions

Despite the promising performance achieved by the proposed framework, several limitations remain.
First, the detection accuracy may decrease when vehicles occupy only a small number of pixels in
distant traffic scenes, making small-object localization challenging. Second, although the integration of Re-
Identification embeddings improves tracking consistency, severe occlusions and dense traffic conditions
can still introduce identity switches and fragmented trajectories. Third, the framework has been evaluated
primarily on standard urban driving datasets and may experience performance degradation under adverse
environmental conditions such as heavy rain, fog, low illumination, or extreme weather scenarios. Fourth,
while Domain-Adversarial Neural Networks improve cross-domain generalization, residual domain discrep-
ancies may still exist when transferring to unseen traffic environments with significantly different visual
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characteristics. Finally, the combination of image enhancement, dual-stage detection, domain adaptation,
and tracking modules introduces additional computational overhead, which may limit deployment on
resource-constrained edge devices. Future work will focus on lightweight model optimization, weather-
robust perception, advanced occlusion handling, and graph-based traffic network analysis for large-scale
intelligent transportation systems.
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