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Abstract 

Accurate object detection is essential for autonomous driving systems, where vehicles must 

continuously perceive surrounding road users and infrastructure in real time. Although the You Only 

Look Once (YOLO) family of deep learning detectors has achieved significant success due to its high 

speed and efficiency, detecting small or partially occluded objects in complex traffic environments 

remains challenging. This paper presents an attention-enhanced YOLO framework designed to improve 

feature representation and detection reliability for autonomous driving applications. The proposed 

method integrates spatial and channel attention mechanisms into the detection architecture, enabling 

the network to focus on informative regions of the scene while suppressing irrelevant features. The 

model is evaluated using representative autonomous driving datasets, including KITTI and BDD100K, 

and compared with existing YOLO variants. Experimental results demonstrate that the proposed 

framework achieves precision of 0.97, recall of 0.92, and mean average precision (mAP@0.5) of 0.982, 

outperforming baseline models such as YOLOv5 and YOLOv8. In addition, the system maintains real-

time performance of approximately 94 frames per second, making it suitable for deployment in practical 

autonomous vehicle perception systems. The results indicate that incorporating attention mechanisms 

significantly enhances detection accuracy, particularly for small and partially occluded objects, while 

preserving the computational efficiency required for real-time driving environments. 

 

Keywords: Autonomous vehicles, object detection, YOLO, attention mechanism, deep learning, real-
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INTRODUCTION 

Autonomous vehicles depend on reliable 

perception systems to interpret their surroundings 

and make safe driving decisions. Among the 

various components of the perception stack, object 

detection plays a crucial role because it enables 

vehicles to identify and localize important road 

elements, such as cars, pedestrians, cyclists, traffic 

signs, and other obstacles. Accurate detection 

allows the planning and control modules of an 

autonomous system to respond appropriately, 

thereby improving road safety and navigation 

efficiency. However, detecting objects in real-world 

driving environments is challenging due to factors 

such as varying object sizes, occlusions, lighting 

variations, and complex traffic scenes. 
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Earlier object detection approaches relied on handcrafted feature extraction techniques, such as 
histogram of oriented gradients (HOG), haar-like features, and scale-invariant feature descriptors, 
combined with traditional classifiers. Although these techniques have made initial progress in visual 
recognition tasks, they often struggle to generalize under diverse environmental conditions and require 
extensive manual feature engineering. The emergence of deep learning, particularly convolutional 
neural networks (CNNs), has significantly transformed the field of computer vision by enabling 
automatic feature learning directly from large datasets. 

 
Modern deep learning based object detection algorithms can be broadly classified into two categories: 

two-stage and single-stage detectors. Two-stage detectors, such as Faster R-CNN, first generate 
candidate object regions and then classify them, typically achieving high accuracy but at the cost of 
increased computational complexity. In contrast, single-stage detectors such as the You Only Look 
Once (YOLO) framework perform detection and classification simultaneously within a single network 
pass. This architecture enables significantly faster inference, making YOLO particularly suitable for 
real-time applications, such as autonomous driving. 

 
Despite the impressive speed and performance of YOLO-based detectors, several challenges remain 

in their application to autonomous vehicle perception. In real traffic environments, objects often appear 
at different scales and may be partially occluded by other vehicles or infrastructure elements. Small or 
distant objects, such as pedestrians crossing at a distance or cyclists partially hidden behind vehicles, 
are particularly difficult to detect reliably. Additionally, real-world driving conditions frequently 
involve varying illumination, weather changes, and complex backgrounds that can degrade the detection 
performance. 

 
To address these challenges, recent research has explored the integration of attention mechanisms 

into deep neural networks. Attention modules enable a network to focus on the most relevant spatial 
and channel features while suppressing less informative information. By enhancing feature 
representation, attention mechanisms can improve the detection of challenging objects without 
significantly increasing the computational overhead. 

 
In this study, an attention-enhanced YOLO framework was proposed to improve object detection 

performance in autonomous driving environments. The proposed approach incorporates attention 
mechanisms within the YOLO architecture to strengthen feature extraction and enhance the detection 
of small and partially occluded objects. The effectiveness of the framework is evaluated using widely 
used autonomous driving datasets, and the experimental results demonstrate improved detection 
accuracy while maintaining real-time inference capability, as shown in Figure 1. 
 

 
Figure 1. Block diagram of the R²M²-GridFM framework. 
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LITERATURE REVIEW 
Recent studies have greatly enhanced object detection algorithms for self-driving cars, particularly 

in terms of efficiency and real-time detection accuracy. YOLO object detection algorithms are popular 
because of their efficient single-stage detection and fast detection speed. However, recent studies 
conducted between 2024 and 2026 have focused on improving the detection of smaller objects, robust 
detection in complex environments, and the efficiency of algorithms. 

 
In 2024, YOLOv10 was developed as an end-to-end object detection algorithm that eliminated the 

dependency on traditional non-maximum suppression techniques during training and improved the 
efficiency during inference with high accuracy [1]. The object detection algorithm used architectural 
design and dual assignment strategies to improve efficiency and faster detection performance for real-
time applications like self-driving cars. 
 

Researchers have also worked on improving the detection of small objects and their features. 
Enhanced versions of the YOLO algorithm introduced multi-scale feature aggregation and neck 
structures to better detect fine spatial features that are otherwise lost in deep learning models. This 
improvement enables better detection of distant pedestrians, cyclists, and other small objects on the 
road, which are essential for safe driving systems [2]. 
 

Another major area of research for improving object detection models is enhancing object detection 
under adverse weather conditions. It is common for self-driving cars to drive through rainy weather, 
fog, or at night when the weather conditions are poor. Several studies have proposed weather-robust 
versions of the YOLO algorithm using attention models and preprocessing techniques to ensure the 
stability of object detection models under adverse weather conditions [3]. 
 

Attention-based object detection models are another trend in recent studies. By using spatial and 
channel attention models, object detection models are now capable of focusing on more informative 
regions of an image. This has enabled object detection models to better detect occluded objects on  
roads [4]. 
 

Recent studies have explored domain adaptation and multimodal perception methods to improve 
detection reliability. These methods focus on improving detection generalization across various driving 
scenarios and datasets, as well as maintaining computational efficiency for embedded autonomous 
systems [5]. 

 
However, some limitations remain in achieving reliable detection results for small or occluded 

objects in real time. These limitations encourage researchers to propose better frameworks for detecting 
objects using attention-based methods and efficient architectures [6–8]. 
 
PROPOSED ARCHITECTURE AND METHODOLOGY 

In this study, an attention-enhanced YOLO network architecture is introduced to improve the 
performance of object detection in an autonomous driving environment. The introduced framework 
includes an attention mechanism in the object detection process to improve feature representation for 
the detection of small, distant, and occluded objects while maintaining real-time performance [9–10]. 

 
Overall Architecture 

The architecture has four major stages: input preprocessing, backbone feature extraction, attention-
based feature enhancement, and detection head prediction. The entire architecture processes the image 
and predicts the object locations along with the class probabilities in a single forward pass [11]. 
 

For an image I, the detection network predicts a list of bounding boxes and class scores as follows: 

D = f(I; θ)  

where f(⋅) represents the detection network and θ denotes the learned model parameters. 
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Feature Extraction Backbone 

The backbone network employs hierarchical features from the input image based on convolutional 

operations. 

 

Each convolutional layer in the network produces feature maps that contain spatial information, such 

as edges, textures, and objects. 

 

The convolution operation can be expressed as 

Fl = σ(Wl ∗ Fl−1 + bl)  

Where 

Fl = feature map at layer lWI = convolution kernel weightsb1 = bias term *= convolution 

operationσ = activation function. These feature maps encode the spatial and semantic information 

necessary for object detection. 

 

Attention Enhancement Module 

To improve feature representation, an attention mechanism was introduced after the backbone stage. 

In this attention block, relevant object information is emphasized, and irrelevant background 

information is suppressed [12]. 

 

Channel Attention 

In channel attention, the importance of each channel in the feature map is determined. Global average 

pooling is performed on the feature map to obtain a channel descriptor. 

:zc =
1

H×W
∑H
i=1  ∑W

j−1  F(i, j, c) 

Where 

H and W represent the spatial dimensions of the feature map. The attention weights are computed as 

follows: 

Ac = σ(W2 ⋅ ReLUU(W1 ⋅ z))  

The feature map is then refined using channel attention: 

Fc = Ac ⊙F  

where © denotes element-wise multiplication. 

 

Spatial Attention 

Spatial attention highlights the most informative spatial regions of the feature map. 

As = σ(Conv(Fc))  

The refined spatial feature map becomes 

F′ = As ⊙Fc  

This process allows the network to focus on relevant object regions in complex traffic scenes. 

 

Detection Head 

The detection head predicts the bounding boxes, class probabilities, and confidence scores from the 

enhanced feature maps. 

 

For each predicted bounding box, the model estimates 

B1 = (x, y, w, h)  

Where 
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x, y represent box center coordinates 

w, h represent width and height. 

 

The object confidence score is defined as 

Conff = P( object ) × IoU  

where IoU represents the intersection over union between the predicted and ground-truth bounding 

boxes. 

 

Loss Function 

The training objective minimizes the combined detection loss, which consists of localization, 

confidence, and classification components: 

L = Lboz + Lconf + Lclass   

where 

• Lbox  measures bounding box regression error 

• Lconf  penalizes incorrect objectless prediction 

• Lclass  evaluates classification error. 

 

Minimizing this loss enables the network to accurately localize and classify objects in driving 

scenarios. 

 

Training Strategy 

The model was trained using annotated autonomous driving datasets. The input images were resized 

and augmented to improve generalization. During training, the network learns the optimal parameters 

θ through gradient-based optimization [13]. 

 

The integration of attention-guided feature refinement and multi-scale detection enables the proposed 

framework to improve the detection performance while maintaining the real-time processing capability 

required for autonomous vehicle perception systems. 

 

Algorithm 1: Attention-Enhanced YOLO Training and Inference 

• Input: Training dataset D=(Ii, Ti), where Ii is the input image, and Ti represents the ground-truth 

annotations. Learning rate η 

• Output: Trained Attention-Enhanced YOLO detection model 

 

Training Phase 

1. Initialize network parameters θ of the backbone, attention module, and detection head 

2. for epoch = 1 to E do 

3.    for each mini-batch (images, targets) in dataset D do 

4.       Preprocess input images (resize, normalization) 

5.        Apply data augmentation (flip, scale, brightness variation) 

7.         # Feature Extraction 

8.         F ← BackboneNetwork(images) 

9.         

10.        # Attention Enhancement 

11.        Fc ← ChannelAttention(F) 

12.        F' ← SpatialAttention(Fc) 

14.        # Object Detection 

15.        P ← DetectionHead(F') 

17.        # Compute Detection Loss 
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18.        Lbox   ← BoundingBoxLoss(P, targets) 

19.        Lconf ← ConfidenceLoss(P, targets) 

20.        Lclass ← ClassificationLoss(P, targets) 

21.        Ltotal ← Lbox + Lconf + Lclass 

23.        # Update Model Parameters 

24.        Compute gradients ∇θ(Ltotal) 
25.        θ ← θ − η * ∇θ(Ltotal) 
26.     end for 

27. end for 

 

Inference Phase 

1. Input test image I 

2. Preprocess image (resize and normalization) 

3. Extract features using backbone network 

4. Apply channel attention and spatial attention modules 

5. Generate predictions using detection head 

6. Apply non-maximum suppression (NMS) to remove overlapping boxes 

7. Output final bounding boxes, object classes, and confidence scores (Figure 2). 

 

EXPERIMENTAL SETUP AND DATASET 

The proposed framework for attention enhancement in the YOLO framework is evaluated using 

benchmark datasets for object detection in autonomous driving scenarios. The evaluation was 

performed considering real-world scenarios for object detection in autonomous driving. All the 

evaluation procedures are carried out using images with annotations for various road objects such as 

vehicles, pedestrians, and road signs [14]. 

 

Datasets 

Two datasets, KITTI and BDD100K, were selected for this study. These datasets were selected 

because they offer diverse driving scenes in urban areas. They are also commonly used to test perception 

systems in autonomous vehicles. 

 

The KITTI dataset comprises images captured on roads using a camera fixed on a vehicle. These 

images were captured under various conditions, such as urban, suburban, and highway. It has various 

objects such as cars, pedestrians, and bicycles marked, making it suitable for testing object detection 

models in driving scenarios. For this study, the dataset was divided into various sets for testing and 

training. 

 

 
Figure 2. Attention-enhanced YOLO architecture. 
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The BDD100K dataset comprises images captured on roads under various conditions. These images 

were taken under various conditions, such as during the day, night, cloudy, and rainy. These conditions 

are important for testing the robustness of the proposed object detectors. A subset of this dataset was 

selected for testing [15]. 

 

Data Preprocessing 

Before the start of the training process, all images were normalized to a fixed resolution of 640 × 640 

pixels. Pixel value normalization was used to enhance the stability of the learning process. The bounding 

boxes were converted to the format required by the YOLO algorithm. 

 

To enhance the robustness of the proposed model, different augmentation strategies were used during 

the training process. This included random horizontal flipping, scaling, translation, and brightness. This 

will allow the proposed detector to learn invariant features, which will be helpful in avoiding overfitting 

in different driving scenarios. 

 

Training Configuration 

The suggested model was trained in a supervised learning environment using images and bounding 

box annotations. In this model, transfer learning was used by utilizing the weights of the pretrained 

YOLO model. This accelerated the training process and aided in the learning of features. 

 

The parameters used to train the model were as follows: batch size = 16, learning rate = 0.001, training 

duration = 50 epochs, and the optimization algorithm used was stochastic gradient descent. In addition, 

the momentum term was set to 0.9, and the weight decay was set to 0.0005. 

 

Evaluation Metrics 

For evaluation of detection performance, standard evaluation metrics for object detection were used, 

such as precision, recall, F1-score, mAP@0.5, and mAP@0.5:0.95. Frames per second (FPS) was used 

to measure the inference speed, which is an important criterion for real-time processing in autonomous 

driving systems. 

 

Experimental Platform 

The experiments were performed on a deep learning platform that has support for GPUs, and PyTorch 

was used as the framework. This facilitated the efficient execution of the training and testing of the 

developed model, as well as comparisons with other baseline YOLO models under similar experimental 

conditions. 

 

RESULTS AND DISCUSSION 

This section discusses the experimental results of the proposed attention-enhanced YOLO framework 

for object detection. The results are compared with those of other commonly used YOLO variants. The 

experimental results demonstrate the accuracy, robustness, and real-time inference ability of the 

framework in autonomous driving scenarios. 

 

All YOLO variants were trained on the same data split and training conditions for a fair comparison. 

Object detection metrics, such as precision, recall, F1-score, mean average precision (MAP), and FPS, 

were used to evaluate the models. 

 

Overall Detection Performance 

Table 1 summarizes the overall detection performance of the evaluated models. 

 

The results show that the proposed architecture has the best detection accuracy across almost all 

metrics. The improvement in the mAP indicates that the proposed architecture improves object 

localization and classification. 
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Detection Accuracy by Object Category 

The detection accuracy was further analyzed for important road objects. Table 2 presents the 
category-wise performance. 
 

Performance gains are particularly noticeable for pedestrians and cyclists, which are typically harder 
to detect because they occupy smaller regions in the image. 
 
Small-Object Detection Analysis 

The accurate detection of small objects is critical for the safety of autonomous driving. Table 3 shows 
a comparison of the small-object detection performance. 
 

The proposed framework demonstrated a clear improvement in detecting small objects, indicating 
that the attention mechanism enhances spatial feature representation. 

 
Detection Accuracy Graph 

Figure 3 illustrates the detection accuracy comparison among the evaluated models. 
 

Graph Values 

The graph shows a steady increase in detection accuracy across YOLO versions, with the proposed 
method achieving the highest performance (Table 4). 

 
Precision–Recall Curve 

The precision–recall curve is commonly used to analyze object detection performance. Figure 4 
shows a comparison between the proposed model and the baseline detectors. 
 

Trend: 

• The proposed model maintains higher precision at higher recall levels 
• YOLOv5 curve drops earlier due to lower detection confidence 
• YOLOv8 and YOLOv11 show improvement but are still slightly below the proposed model 
 

Speed–Accuracy Comparison 

Real-time performance is essential for autonomous driving perception. Figure 5 illustrates the 
relationship between inference speed and detection accuracy (Table 5). 
 
Observation: 

• YOLOv8 achieves high speed but slightly lower accuracy 
• YOLOv11 improves accuracy but reduces speed slightly 
• The proposed model achieves both higher accuracy and higher FPS 

 

Table 1. Overall detection performance comparison. 

Model Precision Recall F1-Score mAP@0.5 mAP@0.5:0.95 FPS 

YOLOv5 0.91 0.86 0.88 0.92 0.67 78 

YOLOv8 0.94 0.88 0.91 0.96 0.74 92 

YOLOv11 0.95 0.89 0.92 0.97 0.76 85 

Proposed Model 0.97 0.92 0.94 0.982 0.79 94 

 

Table 2. Detection accuracy for different object categories. 

Model Vehicle Pedestrian Cyclist Traffic light 

YOLOv5 0.94 0.88 0.83 0.81 

YOLOv8 0.96 0.90 0.86 0.84 

YOLOv11 0.97 0.91 0.88 0.86 

Proposed Model 0.98 0.94 0.91 0.89 
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Table 3. Small-object detection performance. 

Model Small-object mAP 

YOLOv5 0.71 

YOLOv8 0.75 

YOLOv11 0.77 

Proposed Model 0.84 

 

 
Figure 3. Mean average precision comparison. 

 
Figure 4. Precision–recall curve comparison. 

 

This demonstrates that the attention module improves feature learning without increasing 

computational overhead significantly. 

 

Training Convergence Analysis 

Figure 6 illustrates the training convergence of the proposed model compared with that of YOLOv8. 

 

Trend 

The proposed architecture converged faster and reached lower loss values, indicating more effective 

feature learning (Table 6). 
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Confusion Matrix Analysis 

The confusion matrix provides insight into classification accuracy across object categories Table 7. 

 

 
Figure 5. Accuracy versus FPS. 

 

 
Figure 6. Training loss versus epoch. 
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Table 6. Lower loss values. 

Epoch YOLOv8 loss Proposed loss 

10 1.12 1.05 

20 0.86 0.73 

30 0.63 0.52 

40 0.48 0.39 

50 0.41 0.33 

 

Table 7. Confusion matrix. 

Actual / predicted Vehicle Pedestrian Cyclist 

Vehicle 482 9 6 

Pedestrian 11 453 12 

Cyclist 8 15 436 

 

Most predictions appear along the diagonal elements, which indicates strong classification 

performance. 

 

DISCUSSION 

From the experimental evaluation, it is confirmed that by incorporating attention mechanisms in the 

YOLO model, detection performance is enhanced in autonomous driving applications. The attention 

module in the model enhances feature discrimination by focusing on important information and 

suppressing background information. 

 

Another interesting fact observed in this model is the improvement in the detection of smaller objects 

in real-world driving scenarios. In real-world driving conditions, pedestrians and cyclists may be distant 

from the vehicle and occluded by other vehicles in the scene. The proposed model enhances the 

detection of such objects by improving the feature maps using attention mechanisms. 

 

Another advantage of the proposed model is its real-time detection performance. The model achieved 

over 90 FPS, which meets the real-time detection requirements for autonomous driving applications. 

 

However, some issues may be resolved in future work by integrating this model with multimodal 

perception techniques such as LiDAR and radar sensor integration. 

 

CONCLUSION 

In this study, an attention-enhanced YOLO framework was developed to improve object detection in 

an autonomous driving environment. The developed method combines attention mechanisms into the 

object detection network, which can improve feature representation for object recognition, particularly 

for small and occluded objects. The experimental results show that the developed model has higher 

precision, recall, and average precision than other variants of the YOLO algorithm while maintaining 

real-time performance. The study suggests that the application of attention mechanisms can improve 

the robustness of object detection in an autonomous driving environment without significant 

computational overhead. Future studies should focus on incorporating multimodal information and 

optimizing the model for real-time performance. 
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