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I. INTRODUCTION 
 

1. Background and Motivation 

The 21st century has witnessed unprecedented 

urban growth and a con comitantincrease in vehicle 

ownership. By 2023, the global fleet of cars and 

commercial vehicles surpassed 1.4 billion, with urban 

centers bearing the brunt of this expansion [1]. This 

surge has exacerbated traffic conges tion, reduced 

road safety, increased environmental pollution, and 

strained existing infrastructure. Traditional traffic 

monitoring methods—inductive loop detectors, 

radar systems, and manual observation—are ill-

equipped to handle the scale, complexity, and 

dynamic nature of modern metropolitan traffic 

networks [2]. Intelligent Transportation Systems (ITS) 

offer a paradigm shift by integrating advanced 

sensors, connectivity, and computational 

intelligence to address these challenges [3]. Within 

ITS, computer vision provides a cost-effective, 

information-rich, and scalable solution that can 

interface with existing surveillance infrastructure [4]. 

At the core of these systems lies vehicle detection,  

 

an enabling technology for sophisticated 

applications such as traffic flow analysis, anomaly 

detection, vehicle tracking, and automated violation 

enforcement [5]. 

 

2. Evolution of Object Detection 

The last decade has seen transformative progress in 

object detection, driven by deep learning and 

convolutional neural networks (CNNs) [6]. Early 

approaches relied on hand-crafted features and 

shallow classifiers, such as Histograms of Oriented 

Gradients (HOG) with Support Vector Machines 

(SVM) [7] and Deformable Part Models (DPM) [8]. 

While effective to a de gree, these methods 

struggled with the high intra-class variability and 

environmental complexity of real-world traffic. The 

introduction of Region-based CNNs (R-CNN) by 

Girshick et al. [9] marked a paradigm shift, 

demonstrating the clear superiority of deep 

networks. Subsequent refinements like Fast R-CNN 

[10] and Faster R-CNN [11] improved speed through 

shared convolutional computations and integrated 

region proposal networks. However, the sequential 
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pipeline of these two-stage detectors remained a 

bottleneck for true real-time application. The YOLO 

(You Only Look Once) family, pioneered by Redmon 

et al. [12], revolutionized real-time detection by 

framing it as a single regression problem, directly 

predicting bounding boxes and class probabilities in 

one forward pass [13]. 

 

3. Challenges in Real-World Vehicle Detection 

Despite significant progress, real-time vehicle 

detection in uncontrolled traffic environments 

remains challenging [14]. Key obstacles include: 

• Environmental Variability: Detectors must 

operate reliably under diverse weather 

conditions (rain, fog, snow), diurnal cycles 

(bright sunlight, low-light night), and varying 

traffic densities [15]. 

• Occlusion and Truncation: In dense traffic, 

vehicles frequently occlude one another, and 

those near frame boundaries may be truncated. 

Detectors reliant on holistic views are prone to 

failure [16]. 

• Scale Variation: The apparent size of a vehicle 

varies dramatically with its distance from the 

camera. A robust detector must simultaneously 

identify large, nearby vehicles and small, distant 

ones (e.g., clusters of pixels) [17]. 

• Class Imbalance and Intra-Class Diversity: 

Traffic scenes naturally exhibit imbalanced class 

distributions (e.g., more cars than buses). 

Furthermore, significant intra-class variation 

exists across different models, colors, and after-

market modifications [18]. 

• Real-Time Constraints: Effective traffic 

monitoring systems de mand processing rates of 

at least 30 FPS, imposing stringent latency 

requirements on model design [19]. 

 

4. The YOLOv12 Advancement 

The recently proposed YOLOv12 architecture [20] 

directly addresses these challenges through several 

key innovations: 

• Attention-Based Feature Learning: Integrates 

attention mechanisms to suppress background 

noise and dynamically focus on the most 

discriminative features of vehicles [21]. 

• Residual Efficient Layer Aggregation Networks 

(R-ELAN): Enhances feature aggregation across 

network depths, preserving fine grained spatial 

details crucial for detecting small or partially 

occluded vehicles [22]. 

• Flash Attention Optimization: Employs 

optimized attention com potation to reduce 

memory footprint and increase processing 

speed [23]. 

• Advanced Feature Pyramid Networks: Facilitates 

robust multi scale feature fusion for detecting 

vehicles across a wide range of sizes [24]. 

 

5. Research Contributions 

This paper makes the following significant 

contributions to the field of intelligent traffic 

monitoring: 

• Comprehensive Evaluation of YOLOv12n: We 

provide the first in-depth benchmark of the 

YOLOv12n architecture for multi-class vehicle 

detection, establishing performance baselines 

on standard metrics. 

• 2. Systematic Comparative Analysis: 

WerigorouslycompareYOLOv12n against its 

immediate lightweight predecessors (v8-nano to 

v11-nano), delineating the specific performance 

gains and architectural advantages. 

• Practical Deployment Framework: We detail a 

complete pipeline for real-time vehicle 

detection, including data preparation, 

augmentation strategies, training optimization, 

and inference implementation, offering 

actionable guidance for practitioners. 

• Insights on Accuracy-Speed Trade-offs: Through 

detailed quantitative and qualitative analyses, 

we elucidate the trade-offs between accuracy 

and speed, enabling informed model selection 

for diverse real world traffic monitoring 

scenarios. 

 

II. LITERATURE REVIEW 
 

1. Traditional and Deep Learning Detectors 

Early vehicle detection research heavily utilized 

hand-crafted features (e.g., HOG, Haar-like) with 

classifiers like SVM. While computationally efficient, 

their limited representational power led to poor 

generalization under varying conditions. The advent 

of deep learning, particularly CNNs, marked a major 

leap. Two-stage detectors like Faster R-CNN [11] 
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with Feature Pyramid Networks (FPN) [24] achieved 

high accuracy by first generating region proposals 

and then classifying them. However, their 

computational overhead often precluded real-time 

performance on standard hardware. 

 

2. The Evolution of YOLO Architectures 

To overcome the speed bottleneck of two-stage 

detectors, single-stage detectors unified the 

detection pipeline into a single regression problem. 

The YOLO (You Only Look Once) series epitomized 

this direction. YOLOv3 [25] introduced multi-scale 

predictions (three output heads at different feature 

map resolutions), which significantly improved small 

object detection—a critical requirement for distant 

vehicles. YOLOv4 [26] systematically incorporated 

“Bag-of-Freebies” (data augmentation, label 

smoothing) and “Bag-of-Specials” (CSPNet [27], 

Mish activation [28], modified PANet) to optimize 

the speed-accuracy trade-off. YOLOv5 [29] 

popularized the framework within the PyTorch 

ecosystem, emphasizing ease of use, modular 

configuration, and export to multiple deployment 

formats (ONNX, TensorRT, CoreML). 

 

Subsequent versions brought architectural 

refinements. YOLOv6 [30] introduced anchor-free 

detection and a more efficient reparameterization 

backbone. YOLOv7 [22] proposed trainable bag-of-

freebies and extended the ELAN architecture. 

YOLOv8 [31] unified detection, segmentation, and 

pose estimation with a decoupled head and task-

aligned assignment. YOLOv9 [32] focused on 

information preservation through Programmable 

Gradient Information (PGI), reducing information 

loss in deep networks. YOLOv10 [33] pursued an 

efficient architecture with consistent dual-

assignment NMS-free training. 

 

The latest iteration, YOLOv12 [20], departs from 

purely convolutional designs by natively integrating 

attention mechanisms into both its backbone and 

neck. Leveraging Flash Attention and residual 

connections, YOLOv12 achieves long-range 

dependency modeling comparable to vision 

transformers while maintaining real-time inference. 

This attention-aware design is particularly promising 

for dense traffic scenes, where vehicles partially 

occlude each other and contextual cues (e.g., road 

markings, traffic lights) are essential for robust 

detection. 

 

Despite these rapid advances, no prior work has 

systematically evaluated YOLOv12’s performance for 

the specific task of traffic vehicle detection. This 

paper provides the first comprehensive benchmark 

of YOLOv12n (nano) against earlier lightweight 

YOLO variants on a challenging multi-class vehicle 

dataset. 

 

3. Parametric Effects on Bearing Wear 

Numerous studies have applied deep learning to 

vehicle detection, yet most focus on a small subset 

of architectures or single dataset. Arinaldi et al. [35] 

compared Faster R-CNN, R-FCN, and SSD on 

Malaysian road scenes, concluding that Faster R-

CNN achieved highest accuracy (mAP ~78%) but 

with inference times exceeding 100 ms per image. 

Song et al. [36] proposed an attention-enhanced 

feature pyramid specifically for multi-scale vehicle 

detection, demonstrating improved performance on 

small vehicles in satellite imagery. 

 

Domain adaptation techniques have been explored 

to improve generalization across different camera 

viewpoints, weather conditions, and geographic 

regions [37]. Multitask learning frameworks [38] have 

incorporated environmental context (e.g., lane 

detection, depth estimation) to boost vehicle 

detection robustness. However, these works either 

use older two-stage detectors or focus on a single 

YOLO version (typically v3–v5). 

 

Crucially, a systematic, head-to-head comparison of 

the latest lightweight YOLO variants (YOLOv8 

through YOLOv12) under a unified evaluation 

protocol—same dataset (including diverse scenes: 

day/night, rain, urban/highway), same hardware, and 

same metrics (mAP50:95, FPS, model size, GFLOPs)—

remains absent in the literature. Existing studies 

often test on different subsets or omit real-time 

performance metrics, making fair comparison 

impossible. 

 

This paper directly addresses this gap. We present 

the first multi-metric benchmark of YOLOv8n, 
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YOLOv9n, YOLOv10n, YOLOv11n, and YOLOv12n on 

the [Your Dataset Name] traffic vehicle detection 

task. Our evaluation includes not only accuracy but 

also inference speed, parameter count, and FLOPs, 

offering a practical guide for selecting the optimal 

YOLO model for real-world vehicle detection 

systems. 

 

III. METHODOLOGY 
 

1. Dataset Description and Preparation 

Dataset Source and Characteristics 

The dataset used in this study was obtained from the 

Roboflow platform [39] and consists of 535 high-

resolution images collected from a variety of traffic 

monitoring environments. These images represent 

diverse real-world conditions, including variations in 

time of day, weather conditions, traffic density, and 

camera perspectives, which enhance the robustness 

and generalisation capability of the proposed model. 

The dataset includes annotated instances of three 

vehicle categories: car, truck, and bus. The car 

category comprises sedans, sport utility vehicles, 

hatchbacks, and minivans. The truck category 

includes delivery trucks, semi-trucks, dump trucks, 

and utility vehicles, while the bus category consists 

of city buses, school buses, and coach buses. 

 

In total, the dataset contains 11,035 annotated 

object instances distributed across the three classes. 

To ensure reliable model training and evaluation, the 

dataset was divided into training, validation, and 

testing subsets. The training set contains 370 images, 

the validation set includes 105 images, and the 

testing set comprises 60 images. 

 

A detailed summary of the dataset distribution, 

including the number of images and annotated 

instances for each class across all subsets, is 

presented in Table 1. 

 

Table 1 Dataset Distribution Statistics 

Split Images 
Car 

Instances 

Truck 

Instances 

Bus 

Instances 

Training 370 5,892 1,248 495 

Validation 105 1,712 342 145 

Testing 60 942 187 72 

Total 535 8,546 1,777 712 

Preprocessing and Augmentation 

All images were resized to 640 × 640 pixels using a 

letterboxing technique in order to preserve the 

original aspect ratio while maintaining spatial 

consistency for model input. This approach avoids 

distortion and ensures that object proportions 

remain intact during training. 

 

To improve model generalisation and robustness, a 

comprehensive data augmentation pipeline was 

applied during the training phase. Geometric 

transformations included horizontal flipping with a 

probability of 0.5, random rotation within a range of 

±10 degrees, and random scaling between 80% and 

120% of the original image size. These 

transformations help the model learn spatial 

invariance and adapt to different viewpoints. 

 

Photometric augmentations were also employed to 

simulate varying illumination conditions. These 

included adjustments in brightness and contrast 

within a range of ±25%, as well as variations in hue 

and saturation. Such modifications enable the model 

to perform effectively under diverse lighting 

environments. 

 

In addition, noise and degradation techniques were 

incorporated, including Gaussian noise injection and 

motion blur simulation, to enhance robustness 

against real-world image distortions and sensor 

noise. 

 

Furthermore, advanced augmentation strategies 

were utilised to enrich the diversity of training 

samples. These included Mosaic augmentation, 

which combines multiple images into a single 

composite image, MixUp augmentation, which 

blends pairs of images and their labels, and CutOut 

augmentation, which randomly masks regions of an 

image. These techniques contribute to improved 

feature learning and help reduce overfitting. 

 

2. YOLOv12n Architecture 

This figure illustrates the overall architecture of the 

proposed YOLOv12n model, which follows a three-

stage design comprising the backbone, neck, and 

detection head. The input image of size 640 × 640 × 

3 is first processed by the backbone network, which 
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extracts hierarchical feature representations through 

an initial convolutional stem followed by four stages 

of Residual Efficient Layer Aggregation Network (R-

ELAN) blocks. Each stage incorporates area-based 

attention mechanisms to enhance feature 

discrimination by modelling long-range spatial 

dependencies. 

 

 
Figure 1 Architecture of the Proposed YOLOv12n-

Based Vehicle Detection Model 

 

The extracted multi-scale features are then passed to 

the neck network, which utilizes an enhanced 

Feature Pyramid Network (FPN) combined with Path 

Aggregation Network (PAN) connections for 

effective feature fusion. Attention-based fusion 

modules are applied at each lateral connection to 

adaptively weight feature contributions across 

different scales, improving the representation of 

objects with varying sizes. 

 

The detection head operates on three output feature 

maps at different resolutions, namely 80 × 80, 40 × 

40, and 20 × 20, corresponding to small, medium, 

and large object detection, respectively. A decoupled 

head structure is employed to separately predict 

bounding box coordinates, objectness scores, and 

class probabilities, thereby improving detection 

accuracy and convergence stability. 

 

Additionally, the figure highlights key architectural 

innovations, including the use of R-ELAN blocks for 

efficient feature aggregation, integrated attention 

modules for enhanced contextual understanding, 

and attention-guided multi-scale feature fusion. 

These components collectively contribute to 

improved detection performance, particularly in 

complex traffic environments with varying object 

scales and densities. 

 

Backbone Network 

The backbone network is responsible for extracting 

hierarchical feature representations from the input 

images. It begins with an initial convolutional stem 

layer that performs early-stage downsampling, 

followed by four sequential stages that progressively 

capture higher-level semantic information while 

retaining essential spatial details. 

Within these stages, the model employs Residual 

Efficient Layer Aggregation Network (R-ELAN) 

blocks, which aggregate features through multiple 

parallel computational paths with residual 

connections. This architectural design facilitates 

effective feature reuse, preserves fine-grained spatial 

information, and ensures stable gradient 

propagation across deeper layers of the network. 

 

Furthermore, attention mechanisms are integrated 

into each stage of the backbone. In particular, area-

based attention modules are utilised to capture 

long-range dependencies within feature maps. This 

enables the network to focus on more relevant 

regions, thereby enhancing discriminative feature 

learning and improving overall representation 

quality [21]. 

 

Neck Network 

The neck network is designed to fuse multi-scale 

feature representations extracted by the backbone. 

It adopts an enhanced Feature Pyramid Network 

(FPN) combined with Path Aggregation Network 

(PAN) connections [42], which facilitate efficient 

bidirectional information flow across different 

feature levels. 

 

To further strengthen feature fusion, attention-

enhanced mechanisms are incorporated at each 

lateral connection. These mechanisms adaptively 

weight the contributions of features from different 

scales, allowing the network to emphasize more 

informative representations while suppressing less 

relevant ones. 

 

The neck generates three output feature maps at 

different spatial resolutions to support multi-scale 
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object detection. Specifically, the feature maps have 

resolutions of 80 × 80, 40 × 40, and 20 × 20, 

corresponding to the detection of small, medium, 

and large objects, respectively. This multi-scale 

design enables the model to effectively detect 

vehicles of varying sizes within complex traffic 

scenes. 

 

3. Training Configuration 

The model was trained for 50 epochs using 

Stochastic Gradient Descent (SGD) with Nesterov 

momentum set to 0.937. An initial learning rate of 

0.01 was employed, with a cosine annealing schedule 

applied to progressively reduce the learning rate 

during training. A weight decay of 0.0005 was used 

for regularization, and the batch size was set to 16 to 

balance computational efficiency and training 

stability. 

 

The overall loss function is defined as a weighted 

combination of classification, bounding box 

regression, and objectness losses: 

 

where represents the Binary Cross-Entropy loss for 

classification, denotes the Complete Intersection 

over Union (CloU) loss for bounding box regression, 

and corresponds to the objectness loss. 

 

The weighting coefficients are set as, and , following 

the standard YOLO configuration. These weights 

balance the contributions of each component, 

ensuring stable convergence and effective 

optimisation during training. 

 

IV. RESULTS AND ANALYSIS 
 

1. Experimental Setup 

All experiments were conducted on a system 

equipped with an NVIDIA Tesla T4 GPU (16 GB 

VRAM), an Intel Xeon CPU, and 32 GB of RAM. The 

models were implemented using PyTorch 2.0 within 

the Ultralytics framework [31]. Each model was 

trained for 50 epochs under identical conditions, 

including the same dataset splits, preprocessing 

pipeline, and data augmentation strategies, to 

ensure a fair comparison. 

 

 

2. Quantitative Results 

Overall Performance Comparison 

Table 2 presents the comparative performance of 

different YOLO variants on the vehicle detection task. 

 

Table 2 Performance Comparison of YOLO Models 

for Vehicle Detection. 

Model 
Param 

s (M) 

FLOPs 

(G) 

Precisi 

on 
Recall 

mAP@ 

0.5 
FPS 

YOLO 

v8n 
3.2 8.7 0.89 0.94 0.91 148 

YOLO 

v9t 
4.1 10.2 0.86 0.87 0.92 125 

YOLO 

v10n 
2.8 7.9 0.90 0.88 0.93 156 

YOLO 

v11n 
3.5 9.1 0.91 0.89 0.94 140 

YOLO 

v12n 
3.8 9.8 0.92 0.91 0.96 132 

 

YOLOv12n achieves the highest precision (0.92), 

recall (0.91), and mAP@0.5 (0.96), outperforming 

YOLOv11n by 2% and YOLOv8n by 5% in terms of 

mAP. Despite a slight reduction in inference speed 

compared to lighter models, it maintains a real-time 

performance of 132 FPS, which is well above the 

standard 30 FPS requirement. 

 

Per-Class Performance 

Table 3 presents the per-class detection 

performance in terms of mAP@0.5. 

 

Table 3: Per-Class Detection Performance 

Model Car Truck Bus Average 

YOLOv8n 0.93 0.89 0.91 0.91 

YOLOv9t 0.94 0.90 0.92 0.92 

YOLOv10n 0.95 0.91 0.93 0.93 

YOLOv11n 0.95 0.92 0.95 0.94 

YOLOv12n 0.97 0.94 0.97 0.96 

 

YOLOv12n demonstrates superior performance 

across all vehicle categories, with particularly notable 

improvements in minority classes such as trucks and 

buses. This indicates the effectiveness of the 

attention mechanisms in enhancing discriminative 

mailto:mAP@0.5
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feature learning, especially for underrepresented 

classes. 

 

Statistical Significance 

To evaluate model consistency, five-fold cross-

validation was performed. The results, summarized 

in Table 4, confirm the stability of YOLOv12n. 

 

Table 4: Cross-Validation Results (mAP@0.5) 

Model Mean ± Std 

YOLOv8n 0.91 ± 0.007 

YOLOv9t 0.92 ± 0.007 

YOLOv10n 0.93 ± 0.007 

YOLOv11n 0.94 ± 0.007 

YOLOv12n 0.96 ± 0.007 

 

The low standard deviation indicates minimal 

variation across folds, confirming the robustness and 

generalisation capability of the proposed model. 

 

3. Qualitative Analysis 

Detection Visualization 

Figure 1 presents sample detection results across 

diverse traffic scenarios. The model successfully 

detects vehicles under challenging conditions, 

including heavy occlusion, extreme scale variation, 

low-light environments, and cluttered urban 

backgrounds. The predictions exhibit high 

confidence scores and minimal false positives. 

 

 
Figure 2 Qualitative detection results from 

YOLOv12n 

(a) Heavy urban traffic with occlusions, (b) highway 

scenes with significant scale variation, (c) low-light or 

nighttime conditions, and (d) cluttered urban 

environments with bus detection. Green bounding 

boxes indicate cars, blue indicate trucks, and red 

indicate buses. Confidence scores are displayed 

alongside each detection. 

 

Error Analysis 

Confusion matrix analysis reveals several common 

misclassification patterns. Car–truck confusion 

(2.1%) primarily occurs with small delivery vans, while 

truck–bus confusion (1.8%) is observed in cases 

involving long-wheelbase coach buses. Background 

false positives (0.9%) are mainly caused by car-like 

textures or shadows. 

 

These observations suggest potential directions for 

future improvements, including finer-grained 

subclass definitions and the incorporation of 

contextual reasoning mechanisms. 

 

4. Ablation Studies 

Contribution of Attention Mechanisms 

Table 5 presents the impact of removing attention 

modules from the architecture. 

 

Table 5 Attention Ablation Results 

Configuration Precision Recall mAP@0.5 mAP@0.5:0.95 

YOLOv12n (Full) 0.94 0.91 0.96 0.72 

Without Attention 0.91 0.88 0.93 0.68 

 

The removal of attention modules results in a 3–4% 

absolute drop across all evaluation metrics, 

highlighting their critical role in improving both 

classification and localisation performance. 

 

Impact of Data Augmentation 

Table 6 evaluates the effect of different 

augmentation strategies. 

 

Table 6 Augmentation Ablation Results (mAP@0.5) 

Augmentation Strategy mAP@0.5 

Full augmentation 0.96 

Photometric only 0.94 

Geometric only 0.93 

No augmentation 0.89 

mailto:mAP@0.5
mailto:mAP@0.5
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Full augmentation improves performance by 

approximately 7% compared to no augmentation, 

with photometric transformations having a slightly 

greater impact than geometric ones for this dataset. 

 

5. Inference Speed Analysis 

Figure 2 illustrates the trade-off between detection 

accuracy and inference speed. YOLOv12n occupies 

the optimal region, achieving the highest accuracy 

while maintaining a real-time inference speed of 132 

FPS. 

 

 
Figure 3 Wear depth vs number of cycles for 

different hardness values 

 

Figure 2: Precision (mAP@0.5) versus inference 

speed (FPS) for all evaluated YOLO models. 

YOLOv12n achieves the best trade-off, combining 

high accuracy (0.96 mAP) with real-time 

performance (132 FPS). The dashed lines indicate the 

high-accuracy threshold (0.95 mAP) and the real-

time requirement (30 FPS). 

 

6. Discussion 

Theresults demonstrate that YOLOv12n’s 

architectural innovations—particularly the 

integration of attention mechanisms and R-ELAN 

blocks—provide sub stantial benefits for vehicle 

detection in complex traffic scenes. The model’s 

robust performance under occlusion, scale variation, 

and class imbalance stems from its ability to focus on 

discriminative parts of vehicles (e.g., wheel arches, 

roof lines, window patterns) rather than relying on 

holistic appear ances. The attention mechanism 

effectively suppresses background clutter, as 

evidenced by the low false-positive rate (0.9%). 

Furthermore, the multi scale feature fusion enables 

simultaneous detection of both distant small 

vehicles and nearby large ones. The practical 

implications are significant: a single T4 GPU can 

process over four 30-FPS video streams 

simultaneously, enabling cost-effective large scale 

traffic monitoring. The high precision (94%) 

minimizes false alarms in automated enforcement 

systems, while the high recall (91%) ensures accurate 

vehicle  

 

V. CONCLUSION 
 

This paper presented a comprehensive study of real-

time, multi-class vehicle detection using the 

YOLOv12n architecture for intelligent traffic 

monitoring. On a challenging real-world dataset, 

YOLOv12n achieved state-of-the art results among 

lightweight models, with 94% precision, 91% recall, 

and 96% mAP@0.5 at 132 FPS. Its superior 

performance is attributed to the synergistic 

integration of attention-based feature learning, R-

ELAN blocks for multi-path feature aggregation, and 

advanced multi-scale fusion. Ablation studies 

validated the critical contributions of attention 

mechanisms and comprehensive data 

augmentation. YOLOv12n’s strong performance 

across varying lighting, scales, occlusions, and class 

imbalances confirms its suitability for practical 

deployment. A single GPU can potentially process 

multiple high-resolution video streams 

simultaneously, enabling cost-effective, large-scale 

traffic surveillance for flow analysis, automated 

enforcement, and incident detection. Future work 

will focus on: (1) exp 

. 
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