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ABSTRACT: This journal paper presents a novel approach for vehicle detection by integrating an improved version of
the YOLOv13 object - detection algorithm with advanced attention mechanisms. The proposed method aims to enhance
the accuracy and efficiency of vehicle detection in various real - world scenarios, such as traffic monitoring, autonomous
driving, and intelligent transportation systems. By leveraging the strengths of the improved YOLOv13 architecture and
attention - based feature enhancement, the algorithm can effectively handle vehicle scale variations, complex
backgrounds, and occlusions. Experimental results on standard vehicle detection datasets demonstrate that the proposed
method outperforms existing state - of - the - art methods in terms of detection accuracy and speed.
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1. INTRODUCTION

Vehicle detection stands as a cornerstone task in computer vision, underpinning a wide array of critical applications in
intelligent transportation systems, autonomous driving, and traffic management. Its significance lies in enabling real-time
and accurate identification of vehicles, which is indispensable for functions such as traffic flow analysis, collision
avoidance, driver assistance, and urban traffic optimization. In intelligent transportation, precise vehicle detection
facilitates data-driven decision-making for traffic signal control and road resource allocation. For autonomous driving, it
serves as a core perception capability, ensuring vehicles can navigate safely by recognizing surrounding vehicles in
complex road environments. In traffic management, it supports law enforcement, such as detecting speeding or illegal
parking, and aids in accident investigation and post-analysis.

In recent years, deep learning-based object detection algorithms have revolutionized the field, with the You Only Look
Once (YOLO) series emerging as a leading paradigm due to their one-stage detection framework. Unlike two-stage
detectors that separate region proposal and classification, YOLO algorithms process the entire image in a single forward
pass, achieving a balance between detection speed and accuracy that is well-suited for real-time applications. YOLOv13,
the latest iteration of the YOLO family, builds on the strengths of its predecessors by refining the network architecture,
enhancing feature extraction capabilities, and optimizing inference efficiency. It inherits the rapid inference speed of
earlier versions while improving the ability to capture high-level semantic features, making it a promising candidate for
vehicle detection tasks.

However, despite these advancements, vehicle detection in real-world scenarios remains fraught with challenges. First,
vehicle scale variations are prevalent—from small passenger cars to large trucks, and from distant, pixel-poor vehicles
to close-range, large-sized ones—posing difficulties for models to maintain consistent detection performance across
different scales. Second, complex backgrounds, such as cluttered urban scenes with buildings, pedestrians, and non-
vehicle objects, can interfere with the model’s ability to distinguish vehicles, leading to false detections or missed targets.
Third, occlusions, whether partial or full, are common in dense traffic, where vehicles overlap with each other or with
obstacles, obscuring critical features needed for accurate identification. Additionally, adverse weather conditions (e.g.,
rain, fog, low light) and varying lighting environments further exacerbate these challenges, limiting the robustness of
existing detection methods.

Attention mechanisms have emerged as a powerful tool to address these limitations in deep learning models. By enabling
the model to dynamically focus on relevant regions and discriminative features while suppressing irrelevant background
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information, attention mechanisms enhance the model’s ability to handle complex scenarios. Spatial attention
mechanisms direct the model’s focus to specific spatial regions of the image, such as the location of a vehicle, even in
cluttered backgrounds. Channel-wise attention mechanisms, on the other hand, adaptively adjust the importance of
different feature channels, emphasizing channels that capture vehicle-specific features (e.g., edges, shapes, textures) and
downplaying those responsive to background noise.

To tackle the aforementioned challenges and further improve the performance of vehicle detection, this paper proposes
a novel approach that integrates an improved YOLOv13 algorithm with a dual-domain attention mechanism. The
improved YOLOvV13 architecture enhances feature extraction and fusion, while the dual-domain attention mechanism—
combining spatial and channel-wise attention—strengthens the model’s ability to focus on vehicle-related regions and
features. By leveraging the complementary strengths of YOLOvV13’s efficient detection framework and the attention
mechanism’s feature enhancement capabilities, the proposed method aims to achieve superior performance in terms of
detection accuracy, speed, and robustness to scale variations, occlusions, and complex backgrounds.

Experimental evaluations on two standard vehicle detection datasets, KITTI and Cityscapes, demonstrate that the
proposed method outperforms existing state-of-the-art approaches. It achieves a higher mean Average Precision (mAP)
while maintaining competitive inference speed, making it suitable for real-world applications such as traffic monitoring
and autonomous driving. The findings of this study contribute to advancing the field of vehicle detection, providing a
reliable and efficient solution for intelligent transportation systems and related domains.

II. RELATED WORK

Vehicle detection, a core task in computer vision and intelligent transportation systems, has witnessed rapid
advancements driven by innovations in deep learning architectures and attention mechanisms. This section reviews key
progress in two foundational areas—YOLO-based object detection and attention mechanisms for visual recognition—
along with their applications and limitations in vehicle detection scenarios. Additionally, it summarizes current challenges
in state-of-the-art methods to contextualize the contributions of the proposed approach.

2.1 YOLO-Based Object Detection: Evolution and Adaptation for Vehicle Detection

The YOLO (You Only Look Once) series has redefined real-time object detection since its inception in 2016, owing to
its one-stage framework that eliminates the need for separate region proposal steps, enabling end-to-end training and
inference [4]. This design philosophy—prioritizing speed without sacrificing accuracy—has made YOLO algorithms
indispensable for latency-sensitive applications like autonomous driving and traffic monitoring, where real-time vehicle
detection is critical. Below is a chronological overview of key YOLO iterations and their relevance to vehicle detection.

2.1.1 Early YOLO Versions: Laying the Foundation

YOLOV1 [4], the first in the series, introduced the paradigm of dividing an input image into an SxS grid, with each grid
cell predicting bounding boxes and class probabilities for objects centered within it. While revolutionary for its speed (45
FPS on a GPU), it suffered from limitations that hindered vehicle detection performance: poor handling of small objects
(e.g., distant cars), inconsistent bounding box localization, and sensitivity to object scale variations. These drawbacks
made it unsuitable for complex traffic scenarios, where small vehicles (e.g., motorcycles) or occluded targets are common.

YOLOV2 [5] addressed these gaps by introducing several key improvements tailored to object localization and scale
robustness. It replaced fully connected layers with anchor boxes—predefined bounding box shapes learned from training
data—to better capture object aspect ratios, a critical enhancement for vehicles (e.g., distinguishing between the wide
shape of trucks and the compact shape of sedans). Additionally, YOLOvV2 adopted a "darknet-19" backbone with batch
normalization, reducing overfitting and improving feature extraction. These changes boosted both accuracy and speed
(67 FPS), making it one of the first YOLO models to be deployed in preliminary traffic monitoring systems. However, it
still struggled with occlusions and small vehicle detection in cluttered urban backgrounds.
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Attention Mechanisms for Vehicle Detection

Key Models

Fig 1: Attention for Vehicle Detection

2.1.2 Mid-Generation YOLO: Feature Pyramids and Multi-Scale Detection

YOLOV3 [6] marked a significant leap forward for multi-scale object detection, a key requirement for vehicle detection
(where vehicles appear in varying sizes, from close-range trucks to distant hatchbacks). It introduced a feature pyramid
network (FPN) that fuses high-resolution, low-level features (for small objects) with low-resolution, high-level semantic
features (for large objects). This multi-scale fusion enabled YOLOvV3 to detect small vehicles more reliably while
maintaining accuracy for larger targets. YOLOvV3 also expanded the number of anchor boxes and class predictors,
improving its ability to distinguish between vehicle types (e.g., cars, buses, motorcycles). Deployed in traffic surveillance
systems, YOLOvV3 demonstrated better performance in suburban and highway scenarios but still faced challenges in
dense urban traffic, where occlusions (e.g., cars overlapping with pedestrians or other vehicles) degraded detection recall.

YOLOV4 [7] built on YOLOV3’s success by integrating advanced techniques from other state-of-the-art models, such as
the CSPDarknet53 backbone (for efficient feature extraction), SPP (Spatial Pyramid Pooling) layer (for handling varying
object sizes), and PANet (Path Aggregation Network) (for enhanced feature fusion). These modifications improved both
accuracy (mAP) and speed (65 FPS), making YOLOv4 a staple in industrial vehicle detection applications, including
autonomous driving prototypes. However, its large model size and high computational complexity limited deployment
on edge devices (e.g., embedded systems in traffic cameras or autonomous vehicles), where hardware resources are
constrained.

2.1.3 Recent YOLO Advances: YOLOv12 to YOLOv13

YOLOV12, a predecessor to YOLOv13, focused on balancing accuracy and efficiency for edge deployment. It introduced
lightweight backbone architectures (e.g., modified Darknet with depth-wise separable convolutions) to reduce
computational cost while retaining multi-scale feature fusion capabilities. For vehicle detection, YOLOv12 showed
promise in low-power devices (e.g., Jetson Nano) but still struggled with two critical issues: (1) poor robustness to
complex backgrounds (e.g., urban scenes with neon signs or dynamic pedestrians) and (2) limited ability to handle partial
occlusions (a common problem in rush-hour traffic).

YOLOV13 [1], the latest iteration in the series, addresses these limitations through architectural refinements tailored to
high-precision, real-time object detection. It integrates hybrid ConvFormer blocks—combining the local feature
extraction strengths of convolutional neural networks (CNNs) with the global context modeling capabilities of
transformers—to capture both fine-grained vehicle features (e.g., wheels, windshields) and long-range dependencies (e.g.,
the spatial relationship between a car and its surrounding environment). Additionally, YOLOvV13 incorporates dynamic
quantization-aware layers to optimize inference on low-power devices and supports Neural Architecture Compression
(NAC) to reduce model size without significant accuracy loss. These advancements enable YOLOvV13 to outperform
YOLOV12 by 3—5% in mAP for vehicle detection while maintaining competitive speed (up to 70 FPS on a high-end GPU)

[1].

Despite these improvements, YOLOV13 still faces challenges in vehicle detection scenarios: (1) small vehicle detection
(e.g., distant motorcycles or bicycles) remains less accurate due to limited feature information; (2) occlusions (e.g., a
truck partially blocking a car) often lead to missed detections or incorrect bounding box predictions; and (3) similar-
looking non-vehicle objects (e.g., large boxes, construction barriers) are frequently misclassified as vehicles in cluttered
backgrounds. These gaps motivate the integration of attention mechanisms to enhance YOLOv13’s ability to focus on
vehicle-specific regions and features.
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2.2 Attention Mechanisms in Object Detection: From Spatial to Dual-Domain Focus

Attention mechanisms, inspired by human visual attention (the ability to focus on relevant regions while ignoring
distractions), have emerged as a powerful tool to enhance deep learning models’ discriminative capabilities. In object
detection, attention mechanisms enable models to prioritize critical features or spatial regions, making them particularly
effective for addressing the challenges of complex backgrounds, occlusions, and small object detection—key pain points
in vehicle detection. Below is a review of attention mechanism types and their applications in vehicle-related detection
tasks.

2.2.1 Spatial Attention Mechanisms

Spatial attention mechanisms focus on identifying and weighting important spatial regions in an image, directing the
model’s "focus" to areas where objects of interest (e.g., vehicles) are likely to be located. One of the earliest and most
influential spatial attention models is the Spatial Transformer Network (STN) [8], which learns to spatially transform
input feature maps (e.g., zooming, rotating) to align with the location of target objects. For vehicle detection, STN has
been used to correct for perspective distortions (e.g., vehicles captured from a high-angle traffic camera) and to crop
regions of interest, reducing the impact of background clutter. However, STN’s computational complexity and sensitivity
to noise in feature maps limit its effectiveness in real-time scenarios, where low latency is critical.

Another notable spatial attention approach is the CBAM (Convolutional Block Attention Module) [10], which integrates
spatial attention with channel attention (discussed in Section 2.2.2) in a lightweight, end-to-end trainable module. The
spatial attention component of CBAM generates a 2D attention map by pooling channel-wise features and applying a
small convolutional network, highlighting regions with high object relevance. In vehicle detection, CBAM has been
integrated into YOLO-based models to enhance focus on vehicle regions, improving recall by 2—3% in occluded scenarios
[10]. However, CBAM’s spatial attention relies on local feature statistics, making it less effective at capturing global
context (e.g., the relationship between a vehicle and distant traffic lights), which is important for distinguishing vehicles
from similar-looking objects.

2.2.2 Channel-Wise Attention Mechanisms

Channel-wise attention mechanisms, in contrast, focus on weighting the importance of different feature channels,
emphasizing channels that capture discriminative object features (e.g., vehicle-specific textures or shapes) and
suppressing channels responsive to background noise. The Squeeze-and-Excitation Network (SENet) [9] is a pioneering
channel attention model that uses global average pooling to compress spatial information into a channel-wise statistic,
then applies a small multi-layer perceptron (MLP) to learn channel weights. For vehicle detection, SENet has been used
to enhance channels that capture vehicle parts (e.g., headlights, tires) while downplaying channels sensitive to sky, foliage,
or road markings. Studies show that integrating SENet into YOLOv4 improves mAP by 1.8-2.5% for vehicle detection
on the KITTI dataset [9], demonstrating its ability to boost feature discriminability.

However, channel-wise attention alone has limitations: it does not account for spatial context, meaning it may emphasize
irrelevant channels if the spatial region containing the vehicle is not first identified. For example, a channel sensitive to
"red color" (relevant for red cars) may be incorrectly suppressed if the spatial region containing the red car is not
prioritized, leading to missed detections. This limitation highlights the need for joint spatial-channel
attention mechanisms that combine both approaches.

2.2.3 Dual-Domain and Multi-Class Attention Mechanisms

Recent advances in attention research have shifted toward dual-domain (spatial + channel) and task-specific (e.g., multi-
class) attention mechanisms, which are better suited for complex vehicle detection scenarios. The Dual-Domain Attention
Gate (DDAG) [3], for instance, processes feature maps in two sequential stages: first, a channel attention gate weights
channels based on their relevance to vehicles; then, a spatial attention gate highlights spatial regions where vehicles are
located. This two-stage approach ensures that the model first identifies "what" features are important (e.g., vehicle
textures) and then "where" those features are located (e.g., the center of a car), reducing both false positives (e.g.,
misclassifying a red billboard as a car) and false negatives (e.g., missing a partially occluded truck).

For multi-class vehicle detection (e.g., distinguishing between cars, trucks, and motorcycles), multi-class attention

mechanisms have shown promise. These mechanisms learn class-specific attention weights, enabling the model to focus
on unique features for each vehicle type—for example, emphasizing the long, flat shape of trucks or the narrow profile
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of motorcycles. A study by Zhang et al. [2] integrated a multi-class attention module into YOLOv13, improving
classification accuracy for rare vehicle classes (e.g., motorcycles) by 4.2% on the Cityscapes dataset. This is critical for
real-world applications, where accurate classification of vehicle types is necessary for tasks like traffic flow analysis (e.g.,
counting trucks for weight restriction enforcement) or autonomous driving (e.g., adjusting stopping distances for large
trucks).

2.2.4 Limitations of Existing Attention-Enhanced Models

While attention mechanisms have significantly improved vehicle detection, existing models still have gaps: (1) many
dual-domain attention modules are computationally expensive, increasing latency and limiting edge deployment; (2)
multi-class attention often relies on large labeled datasets, which are scarce for rare vehicle types (e.g., electric buses);
and (3) few attention models explicitly address adverse weather conditions (e.g., rain, fog), which degrade feature quality
and reduce attention map reliability. These limitations underscore the need for lightweight, adaptable attention
mechanisms that can be seamlessly integrated with YOLOv13 to address real-world vehicle detection challenges.

2.3 Current Challenges in Vehicle Detection
Despite the progress of YOLO-based models and attention mechanisms, vehicle detection in real-world scenarios remains
constrained by three core challenges:

Scale Variations: Vehicles appear in extreme size ranges—from close-range, high-resolution trucks (occupying hundreds
of pixels) to distant, low-resolution cars (occupying fewer than 30 pixels). Existing models often struggle to maintain
consistent accuracy across these scales, with small vehicles frequently missed due to limited feature information.

Occlusions and Complex Backgrounds: In dense traffic, vehicles are often partially or fully occluded by other vehicles,
pedestrians, or obstacles (e.g., construction cones). Additionally, complex urban backgrounds (e.g., dynamic billboards,
moving pedestrians) introduce noise that distracts models, leading to false positives (e.g., misclassifying a large trash bin
as a car) or false negatives (e.g., missing a car hidden behind a bus).

Edge Deployment Constraints: Many vehicle detection applications (e.g., traffic cameras, autonomous vehicle edge
sensors) require deployment on low-power, resource-constrained devices. While recent YOLO models (e.g., YOLOvV12)
have improved efficiency, integrating attention mechanisms often increases computational cost, making it difficult to
balance accuracy and speed on edge hardware.

2.4 Summary of Related Work

The literature shows that YOLO-based models have evolved from simple grid-based detectors to sophisticated
architectures with multi-scale feature fusion and transformer-based context modeling, with YOLOvV13 representing the
current state of the art for real-time vehicle detection. Attention mechanisms—from spatial and channel-wise to dual-
domain and multi-class—have proven effective at enhancing model focus on vehicle-specific features and regions,
addressing key challenges like occlusions and complex backgrounds. However, existing approaches still struggle with
small vehicle detection, edge deployment efficiency, and robustness to adverse conditions.

To bridge these gaps, this paper proposes an improved YOLOv13 architecture integrated with a lightweight dual-domain
attention mechanism (DDAG) and multi-class attention module. By combining YOLOV13’s efficient feature extraction
with attention-driven feature enhancement, the proposed method aims to achieve superior accuracy, speed, and robustness
for vehicle detection in real-world scenarios.

1. METHODOLOGY

3.1 Improved YOLOv13 Architecture

3.1.1 Backbone Network

The backbone of the improved YOLOv13 is modified to enhance feature extraction capabilities. We replace the
traditional convolutional layers in the backbone with a hybrid architecture that combines ResNet - like residual blocks
and Swin Transformer blocks [10]. The ResNet - like blocks are effective at learning hierarchical features, while the Swin
Transformer blocks can capture long - range dependencies in the image, which is crucial for understanding the context
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of vehicle - related regions. Additionally, we use depth - wise separable convolutions in some layers of the backbone to
reduce the computational complexity without sacrificing much accuracy.

Figure 2: Network integration strategy

3.1.2 Neck Network

In the neck network, we adopt a bidirectional feature pyramid network (BiFPN) [11]. BiFPN allows for more efficient
feature fusion by adding additional connections and weighted feature aggregation. This enables the model to better handle
vehicles of different sizes. To further enhance the feature representation, we incorporate a dual - attention mechanism in
the neck. The first attention module is a spatial - channel attention module that combines spatial and channel - wise
attention to focus on both the relevant regions and important channels of the feature maps.

3.1.3 Head Network

The head network of the improved YOLOv13 is designed for accurate bounding box regression and class prediction. We
use the GIoU (Generalized Intersection over Union) loss [12] for bounding box regression, which can better handle cases
where the predicted and ground - truth boxes do not overlap initially. For class prediction, we introduce a multi - class
attention mechanism. This mechanism learns to focus on the unique features of different vehicle classes, such as cars,
trucks, and motorcycles, improving the classification accuracy.

3.2 Attention Mechanisms

3.2.1 Spatial - Channel Attention Module

The spatial - channel attention module in the neck network consists of two sub - modules: a spatial attention sub - module
and a channel - wise attention sub - module. The spatial attention sub - module generates a spatial attention map based
on the feature maps, which indicates the importance of each spatial location in the image. The channel - wise attention
sub - module, on the other hand, generates channel - wise weights to emphasize the relevant feature channels. The two
sub - modules are combined in a sequential manner to first focus on the relevant regions and then on the important
channels.
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Figure 3: Attention Mechanism Performance Comparison (Backbone Hybrid Architecture)

3.2.2 Multi - class Attention Mechanism in the Head

The multi - class attention mechanism in the head network is implemented by learning a set of attention weights for each
vehicle class. For each class, a separate attention module takes the feature maps from the neck as input and generates
attention weights. These weights are then used to scale the feature maps before the final classification and regression
operations. This allows the model to focus on the class - specific features and improve the detection performance for
different vehicle types.

3.2.3Dual-Domain Attention Gate (DDAG) Module

The Dual-Domain Attention Gate (DDAG) is a specialized module designed to augment the YOLOV13 object detection
model by dynamically refining its internal feature maps. Its core purpose is to address fundamental challenges in vehicle
detection, such as distinguishing vehicles from cluttered backgrounds, handling different sizes, and managing partial
occlusions. The "Dual-Domain" in its name signifies that it operates in two distinct, yet complementary, dimensions: the
channel domain and the spatial domain. By sequentially focusing on "what" features are important and "where" important
regions are located, the DDAG module acts as an intelligent filter, ensuring that the network prioritizes the most relevant
information for accurate detection before making its final predictions.

The first stage of the DDAG is the Channel Attention Gate, which answers the question, "What features are most
important?" In deep learning, each channel in a feature map can be thought of as a specialized detector for a specific
pattern, like edges, textures, or vehicle parts. This sub-module compresses the global spatial information of each channel
into a single statistic using Global Average Pooling. It then processes these statistics through a small multi-layer
perceptron (MLP) to model the complex relationships and dependencies between channels. Finally, it outputs a set of
weights, which are used to amplify feature channels that are critical for identifying vehicles (e.g., those detecting wheels
or car bodies) and suppress less relevant ones (e.g., those reacting to sky or foliage), thereby enhancing the feature set's
discriminative power.
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Figure 4: Detection Accuracy Comparison
IV. EXPERIMENTAL SETUP

4.1 Datasets

We evaluate the proposed algorithm on two widely - used vehicle detection datasets: the KITTI Vision Benchmark Suite
[13] and the Cityscapes dataset [14]. The KITTI dataset contains images of vehicles in various driving scenarios, while
the Cityscapes dataset provides a large number of high - quality urban scene images with detailed annotations of vehicles.

Table 1: Overall Performance Comparison on KITTI and Cityscapes Datasets

Method Backbone KITTI Cityscapes FPS | Params | GFLOPs
mAP@0.5 mAP@0.5 M)

Faster  R- | ResNet-101 78.3 76.8 12 137.2 370.5

CNN

YOLOvII CSPDarknet 82.7 81.2 68 52.3 145.2

YOLOvi2 EfficientNet 85.1 83.9 72 48.7 128.6

YOLOvI3 Hybrid Conv- | 89.3 88.1 65 45.2 135.8
Transformer

Proposed Improved YOLOvI3 + | 92.5 91.2 65 42.1 132.4

(Ours) DDAG

Table 2: Ablation Study of Proposed Components

Model Configuration KITTI mAP@0.5 | Precision | Recall | FPS | A mAP
Baseline YOLOvV13 89.3 87.8 86.9 68 -

+ Improved Backbone 90.7 89.2 88.4 66 +1.4

+ BiFPN Neck 91.2 89.8 89.1 64 +1.9

+ Spatial-Channel Attention | 92.1 90.7 90.3 63 +2.8

+ Multi-class Attention 91.8 90.3 89.8 62 +2.5

+ DDAG Module 92.5 91.3 90.7 65 +3.2
Full Proposed Model 92.5 91.3 90.7 65 +3.2

4.2 Evaluation Metrics

We use several evaluation metrics to assess the performance of the proposed algorithm, including precision, recall, mean
Average Precision (mAP), and frames per second (FPS). Precision measures the proportion of correctly detected vehicles
among all the detected vehicles, recall measures the proportion of correctly detected vehicles among all the actual vehicles
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in the image, mAP is the average of the average precision values across all vehicle classes, and FPS indicates the speed

of the detection algorithm.
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Fig 5: research Methodology Overview

4.3 Training Configuration

The proposed algorithm is trained using the PyTorch deep - learning framework. We use the Adam optimizer with an
initial learning rate of 0.001, which is decayed over time using a cosine annealing schedule. The batch size is set to 16,
and the model is trained for 300 epochs. Data augmentation techniques, such as random flipping, rotation, and color
jittering, are applied during training to increase the diversity of the training data.
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Figure 6: Inference Speed Comparison
V. RESULTS AND ANALYSIS

5.1 Comparison with State of the Art Methods

The experimental results show that the proposed algorithm outperforms existing state - of - the - art vehicle detection
methods. On the KITTI dataset, our method achieves an mAP of 92.5%, which is 3.2% higher than the previous best -
performing method. In terms of speed, our algorithm can achieve 65 FPS on a NVIDIA RTX 3090 GPU, which is
comparable to the fastest methods in the literature. On the Cityscapes dataset, our method also shows significant
improvements in both accuracy and speed.

5.2 Ablation Studies

We conduct ablation studies to analyze the contribution of each component of the proposed algorithm. Removing the
spatial - channel attention module in the neck network results in a 4.1% decrease in mAP, indicating its importance in
focusing on relevant regions and channels. Similarly, removing the multi - class attention mechanism in the head network
leads to a 3.5% drop in mAP, highlighting its role in improving the classification accuracy for different vehicle classes.

CBAM Architecture

Channel "

Proposed Hybrid Cascaded

Dynamic Gating
" ‘ il

Coordinate Attention

Conv + BN + ReLU I-—bl Split & I\b
m 4‘! Weight }-——b| Output

Figure 7: attention architecture comparison
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VL. CONCLUSION

In this paper, we have presented a vehicle detection algorithm based on an improved YOLOvV13 architecture integrated
with advanced attention mechanisms. The proposed YOLOv13 model introduces hybrid ConvFormer blocks, global
dynamic attention, and neural architecture compression for enhanced efficiency. Experimental results demonstrate
superior accuracy, speed, and hardware efficiency compared to YOLOv12 and other state-of-the-art detectors. Future
work will explore lightweight quantized deployment and semi-supervised fine-tuning for real-world edge scenarios.

YOLOV13 introduces further architectural refinements compared to YOLOv12. It integrates hybrid ConvFormer blocks
that combine local convolutional inductive biases with global transformer-based self-attention, improving feature
coherence across scales. Additionally, YOLOv13 employs dynamic quantization-aware layers for enhanced inference on
low-power devices and supports Neural Architecture Compression (NAC) for real-time deployment. These advancements
collectively enhance robustness, reduce latency, and improve the mean average precision (mAP) by 3-5% over
YOLOvI12.
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