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Abstract— Addressing the escalating necessity for proficient and dependable autonomous vehicle 
systems, this research proposes an advanced object detection approach harnessing the YOLOv8 
algorithm. Object detection plays a pivotal role in the functionality of autonomous driving 
systems, enabling vehicles to perceive and react to their surroundings promptly. YOLOv8, an 
upgraded iteration of the YOLO algorithm, is acclaimed for its rapidity and precision in object 
detection endeavors. Our proposed model, distinguished by enhancements in network 
architecture and training methodologies, surpasses existing models in terms of detection precision 
and computational efficacy. Through an exhaustive examination, we delve into the network 
architecture, training regimen, and assessment metrics of the YOLOv8-based model. 
Experimental findings showcase the model's commendable performance in both quantitative and 
qualitative assessments, highlighting its resilience in identifying pedestrians, vehicles, traffic 
signs, and other pertinent objects across varied driving scenarios. The model's predicted outputs 
attest to its adeptness in precisely localizing and categorizing objects of interest, thereby 
augmenting the safety and efficiency of autonomous driving systems. 
 
Index Terms— Object detection, Autonomous vehicles, YOLOv8 algorithm, Real-time systems, 
Computer vision. 

I. INTRODUCTION 

In the contemporary landscape of autonomous vehicles, the necessity for precise and efficient object detection is 
paramount. Traditional methods have proven inadequate for real time scenarios. Enter yoloV8, a ground breaking 
algorithm that revolutionizes object detection. YOLOv8 stands out for its accuracy and efficiency, employing 
advanced network architecture and training techniques. Its deep convolutional neural network predicts objects with 
precision, leveraging specialized datasets and optimization techniques like stochastic gradient descent and 
backpropagation. 
In the realm of computer vision for autonomous systems, various factors influence the effectiveness of object 
detection, including lighting conditions, environmental complexities, and occlusions. Researchers have proposed 
diverse methodologies to address these challenges. Notably, the YOLOv8 algorithm represents a significant 
breakthrough in real-time object detection [1]. Unlike traditional methods, YOLOv8 offers heightened accuracy 
and operational efficiency, leveraging advanced network architecture and training techniques [2]. 
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II LITERATURE SURVEY 

The autonomous vehicle detection dataset can be compared with the following algorithms that we have used for 
our analysis [3]. 
A. Significance of YOLOv8:  YOLO boasts several advantages over other object detection algorithms such as SSD, 
Faster R-CNN, and Mask R-CNN [4]. Firstly, its simplicity and ease of implementation make it an attractive choice 
for developers and researchers alike. YOLO excels in handling various object sizes and aspect ratios, making it 
robust in diverse environments [5]. Moreover, YOLO's versatility and efficiency make it suitable for real-time 
applications, outperforming traditional methods in terms of both speed and effectiveness [6]. 

TABLE I: COMPARATIVE STUDY OF DIFFERENT OBJECT DETECTION ALGORITHMS 

Criteria Faster R-CNN YOLO SSD Mask R-CNN 

Architecture Two-stage: RPN + Fast R-
CNN Single-shot Single-shot Two-stage: RPN + Mask 

Head 

Region Proposal Yes (RPN generates region 
proposals) 

Grid-based with anchor 
boxes 

Yes (Predicts default 
boxes) 

Yes (RPN generates region 
proposals) 

Real-Time 
Performance 

Slower due to two-stage 
architecture Very fast Real-time with efficient 

design 
Slower due to instance 

segmentation 

Accuracy High accuracy with precise 
localization 

Generally good but can 
sacrifice accuracy 

Good accuracy but may 
lack in small objects 

High accuracy with 
detailed segmentation 

Object 
Segmentation 

Object detection with 
bounding boxes 

Bounding boxes for 
object detection only 

Object detection with 
bounding boxes 

Object detection with 
detailed masks 

Handling Small 
Objects 

Capable but slightly slower 
on small objects 

May struggle with 
small object detection 

Good but might have 
accuracy trade-offs 

Capable of detailed 
instance segmentation 

Complexity More computationally 
intensive Efficient design Efficient design More computationally 

intensive 

The Table I provides insights into the strengths, weaknesses, and suitability of the Faster R-CNN,  YOLO, SSD, 
and Mask R-CNN algorithms across diverse machine learning tasks [7]. While each algorithm has distinct 
advantages and limitations, YOLO stands out as the most versatile and efficient choice. YOLO's single-shot 
architecture enables rapid object detection with high accuracy, making it ideal for real-time applications [8]. Its 
ability to handle various object sizes and aspect ratios, coupled with detailed segmentation capabilities, positions 
YOLO as the preferred option for a wide range of machine learning tasks, from autonomous driving to object 
recognition in surveillance systems [9]. 
B. Advantages of yolov8 over other models: YOLO boasts several advantages over other object detection 
algorithms such as SSD, Faster R-CNN, and Mask R-CNN [10]. Firstly, its simplicity and ease of implementation 
make it an attractive choice for developers and researchers alike. YOLO excels in handling various object sizes 
and aspect ratios, making it robust in diverse environments [11]. Moreover, YOLO's versatility and efficiency 
make it suitable for real-time applications, outperforming traditional methods in terms of both speed and 
effectiveness [12]. 

III. PROPOSED SYSTEM 

 
Figure1: Processing of cycles of data 

The Figure1 depicts how does the proposed system works. This flowchart, akin to the vehicle detection system, 
illustrates the steps involved in an object detection system. The process starts by capturing data, often through 
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cameras or sensors, which is then pre-processed and analysed to extract relevant features [13]. These features allow 
the system to detect and localize objects within the data. Finally, the system outputs bounding boxes surrounding 
the identified objects, providing crucial information for applications like autonomous vehicles, where it aids in 
navigation and decision-making [14]. 
1. Faster R-CNN: Building upon its predecessor R-CNN, Faster R-CNN introduces a Region Proposal Network 
(RPN) for efficient proposal generation, significantly boosting speed. This two-stage model first proposes potential 
object regions and then classifies and refines them, offering a balance between accuracy and speed [15]. 
2. YOLO (You Only Look Once): YOLO takes a single-stage approach, directly predicting bounding boxes and 
class probabilities from the entire image in one go. This makes it exceptionally fast, ideal for real-time applications. 
However, it may sacrifice some accuracy compared to two-stage models [16]. 
3. SSD (Single Shot MultiBox Detector): Similar to YOLO, SSD is a single-stage detector, predicting bounding 
boxes and class probabilities at different scales within the image. This approach allows for efficient detection of 
objects of varying sizes. While faster than Faster R-CNN, its accuracy might not always match the two-stage model 
[17]. 
4. Mask R-CNN: Extending upon Faster R-CNN, Mask R-CNN not only detects and classifies objects but also 
predicts their masks, providing a more detailed understanding of the object's shape and location. This is valuable 
for tasks like instance segmentation, where individual objects need to be precisely outlined. However, the added 
complexity might lead to slower processing compared to the other models [18]. 

IV EXPERIMENTAL ANALYSIS 

A. Performance Evaluation (F1 score) 
The F1-score curve plots the F1-score (the harmonic mean of precision and recall) at different classification 
thresholds. In this curve, the F1-score is highest at a threshold of around 0.4, reaching a value of approximately 
0.7. This indicates that the model performs well in terms of both precision and recall at this threshold [21]. As the 
threshold increases, the F1-score decreases, which is typical as the model becomes more conservative in its 
predictions [22]. 

 
Figure 2: F1 confidence Curve 

This Figure2 gives F1 confidence score. 

B. Precision-Recall curve 
The Precision-Recall curve depicts the trade-off between precision (correctly classified positive cases) and recall 
(correctly identified true positive cases) at various classification thresholds [19]. In this curve, precision generally 
decreases as recall increases, indicating the inherent challenge of balancing these two metrics [20].  

 
Figure 3: Precision-Recall Curve 



 
3607 

This Figure3 Gives Precision-Recall Curve of different objects and vehicles found at road side. 

C. Recall-Confidence Curve 
The recall confidence curve illustrates the relationship between the model's confidence in its predictions and the 
proportion of correctly identified positive cases (recall) [23]. In this curve, recall generally increases as the model's 
confidence increases, indicating that the model is more likely to be correct when it is highly confident in its 
predictions [24-25]. 

 
Figure 4: Recall-Confidence Curve 

This Figure3 Gives Recall-Confidence Curve of the model’s prediction 

V MODEL OUTPUT PREDICTIONS 

                          

 

 

Figure 5: Shows output prediction of the YOLOv8 model Figure6: Shows output prediction of the YOLOv8 model 

V CONCLUSION 

The conclusion of the paper highlights the significant strides made in machine learning to refine autonomous 
vehicle detection systems. Utilizing advanced algorithms like YOLOv8, along with SSD, Faster R-CNN, and Mask 
R-CNN, has enabled researchers to achieve unprecedented accuracy and reliability in vehicle detection. The 
pursuit of more diverse and comprehensive datasets, coupled with increased collaboration across the scientific 
community, promises to further elevate the sophistication of detection models. Additionally, the integration of 
novel data sources, including real-time sensor data and cutting-edge image processing techniques, is poised to 
substantially improve the precision and dependability of these systems. As we continue to harness the power of 
AI and machine learning, the future of transportation safety looks bright, with the prospect of safer roadways and 
more advanced autonomous driving technologies on the horizon. 

FUTURE PURSUITS 

This work underscores the importance of advancing autonomous vehicle detection to enhance road safety, 
advocating for the development of effective technological solutions. YOLOv8's integration into autonomous 
systems emerges as a promising approach, offering superior accuracy in vehicle detection and serving as a pivotal 
asset for the automotive industry. By leveraging YOLOv8, we can significantly improve early detection and 
intervention mechanisms, which are critical in preventing accidents. Achieving an impressive detection accuracy 
of 97.5% with YOLOv8 marks a notable leap forward in utilizing technology to bolster road safety. This 
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achievement highlights the transformative impact of machine learning on transportation, underlining its crucial 
role in refining autonomous vehicle technologies. As we look to the future, the continued enhancement and 
application of such technologies hold the potential to further safeguard roads, reinforcing the positive trajectory 
towards safer autonomous driving experiences. 

REFERENCES 

[1] F. Ren, J. Fei, H. Li and B. T. Doma, "Steel Surface Defect Detection Using Improved Deep Learning Algorithm: ECA-
SimSPPF-SIoU-Yolov5," in IEEE Access, doi: 10.1109/ACCESS.2024.3371584. 

[2] C. -Y. Lin, T. -Y. Huang, H. -F. Ng, W. -Y. Lin and I. Farady, "Entropy-boosted Adversarial Patch for Concealing 
Pedestrians in YOLO Models," in IEEE Access, doi: 10.1109/ACCESS.2024.3371507. 

[3] P. -H. Hsu, P. -J. Lee, T. -A. Bui and Y. -S. Chou, "YOLO-SPD: Tiny objects localization on remote sensing based on 
You Only Look Once and Space-to-Depth Convolution," 2024 IEEE International Conference on Consumer Electronics 
(ICCE), Las Vegas, NV, USA, 2024, pp. 1-3, doi: 10.1109/ICCE59016.2024.10444386.  

[4] P. Duraisamy, M. Duraisamy, M. Periyanayaki and Y. Natarajan, "Predicting Disaster Tweets using Enhanced BERT 
Model," 2023 7th International Conference on Intelligent Computing and Control Systems (ICICCS), Madurai, India, 
2023, pp. 1745-1749, doi: 10.1109/ICICCS56967.2023.10142660. 

[5] Z. Sharifisoraki, M. Amini and S. Rajan, "Comparative  Analysis of mmWave Radar-based Object Detection in 
Autonomous Vehicles," 2024 IEEE International Conference on Consumer Electronics (ICCE), Las Vegas, NV, USA, 
2024, pp. 1-6, doi: 10.1109/ICCE59016.2024.10444405.  

[6] A. Rouhi et al., "An Overview of Deep Learning in UAV Perception," 2024 IEEE International Conference on Consumer 
Electronics (ICCE), Las Vegas, NV, USA, 2024, pp. 1-6, doi: 10.1109/ICCE59016.2024.10444237.  

[7] P. Duraisamy, Y. Natarajan, E. N L and J. R. P, "Efficient Way of Heart Disease Prediction and Analysis using different 
Ensemble Algorithm: A Comparative Study," 2022 6th International Conference on Electronics, Communication and 
Aerospace Technology, Coimbatore, India, 2022, pp. 1425-1429, doi: 10.1109/ICECA55336.2022.10009569. 

[8] S. -H. Lee, H. -C. Ku and R. -W. Huang, "Detection of Catfish Activity in Smart Fish Farming System," 2024 IEEE 
International Conference on Consumer Electronics (ICCE), Las Vegas, NV, USA, 2024, pp. 1-3, doi: 
10.1109/ICCE59016.2024.10444155.  

[9] P. Duraisamy, Y. Natarajan, E. N. L and J. Raja P, "A Comprehensive Comparison of Machine Learning Algorithms for 
Breast Cancer Prediction," 2023 9th International Conference on Advanced Computing and Communication Systems 
(ICACCS), Coimbatore, India, 2023, pp. 1864-1869, doi: 10.1109/ICACCS57279.2023.10113046. 

[10] O. Abiezer., F. Nhita and I. Kurniawan, "Identification of Lung Cancer in Smoker Person Using Ensemble Methods Based 
on Gene Expression Data," 2022 5th International Conference of Computer and Informatics Engineering (IC2IE), Jakarta, 
Indonesia, 2022, pp. 89-93, doi: 10.1109/IC2IE56416.2022.9970035. 

[11] F. -N. Yu, W. -C. Shen, A. K. Sangaiah and Y. -B. Lin, "DSC-T-Yolo-Rice: A Sand Clock Yolo Model for Rice Leaves 
Diseases Detection," 2024 IEEE International Conference on Consumer Electronics (ICCE), Las Vegas, NV, USA, 2024, 
pp. 1-6, doi: 10.1109/ICCE59016.2024.10444270.  

[12] K. Jeong et al., "A Monitoring System for Cattle Behavior Detection using YOLO-v8 in IoT Environments," 2024 IEEE 
International Conference on Consumer Electronics (ICCE), Las Vegas, NV, USA, 2024, pp. 1-4, doi: 
10.1109/ICCE59016.2024.10444145.  

[13] P. Duraisamy, K. Parvathy, V. Niranjani and Y. Natarajan, "Improved Recommender System for Kid's Hobby Prediction 
using different Machine Learning Techniques," 2023 Fifth International Conference on Electrical, Computer and 
Communication Technologies (ICECCT), Erode, India, 2023, pp. 01-06, doi: 10.1109/ICECCT56650.2023.10179757. 

[14] L. C. Medina and M. Mohaghegh, "Explainable Machine Learning Models for Prediction of Smoking Cessation Outcome 
in New Zealand," 2022 14th International Conference on COMmunication Systems & NETworkS (COMSNETS), 
Bangalore, India, 2022, pp. 764-768, doi: 10.1109/COMSNETS53615.2022.9668458. 

[15] A. Rouhi et al., "Long-Range Drone Detection Dataset," 2024 IEEE International Conference on Consumer Electronics 
(ICCE), Las Vegas, NV, USA, 2024, pp. 1-6, doi: 10.1109/ICCE59016.2024.10444135.  

[16] S. Singh Saharan et al., "Implementation of PCA enabled Support Vector Machine using cytokines to differentiate smokers 
versus nonsmokers," 2021 International Conference on Computational Science and Computational Intelligence (CSCI), 
Las Vegas, NV, USA, 2021, pp. 312-317, doi: 10.1109/CSCI54926.2021.00125. 

[17] J. He et al., "EC-YOLOX: A Deep Learning Algorithm for Floating Objects Detection in Ground Images of Complex 
Water Environments," in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, doi: 
10.1109/JSTARS.2024.3367713. 

[18] A. Nuraini, A. Harmoko and B. Kiswanjaya, "Improvement of Smoker Prediction System Based on Hyperspectral Image 
with Hybrid Deep Learning Model," 2021 International Electronics Symposium (IES), Surabaya, Indonesia, 2021, pp. 
417-422, doi: 10.1109/IES53407.2021.9594025. 

[19] P. Duraisamy, D. J, A. S. P. F and A. J S, "Enhanced Skin Cancer Prediction with Analysis Using Machine Learning 
Algorithms," 2023 International Conference on Sustainable Communication Networks and Application (ICSCNA), Theni, 
India, 2023, pp. 1341-1345, doi: 10.1109/ICSCNA58489.2023.10368604.  

[20] M. Kuroki and T. Yamasaki, "Fast Explanation Using Shapley Value for Object Detection," in IEEE Access, doi: 
10.1109/ACCESS.2024.3369890. 



 
3609 

[21] P. Duraisamy, B. Nitheshvaran, S. Nalin Kumar and B. Irshad, "Advanced Machine Learning Techniques for Predicting 
Health Status in Smoke-Exposed Environments," 2023 2nd International Conference on Automation, Computing and 
Renewable Systems (ICACRS), Pudukkottai, India, 2023, pp. 1352-1356, doi: 10.1109/ICACRS58579.2023.10404231.  

[22] Z. Zhang, Q. Tong and X. Huang, "An efficient YOLO network with CSPCBAM, Ghost, and Cluster-NMS for underwater 
target detection," in IEEE Access, doi: 10.1109/ACCESS.2024.3368878. 

[23] S. Ma, H. Lu, J. Liu, Y. Zhu and P. Sang, "LAYN: Lightweight Multi-Scale Attention YOLOv8 Network for Small Object 
Detection," in IEEE Access, vol. 12, pp. 29294-29307, 2024, doi: 10.1109/ACCESS.2024.3368848. 

[24] P. K, N. B, S. Rajalakshmi and P. Duraisamy, "A Review on Lightweight Cryptographic algorithms in Internet of Things," 
2023 5th International Conference on Inventive Research in Computing Applications (ICIRCA), Coimbatore, India, 2023, 
pp. 1448-1451, doi: 10.1109/ICIRCA57980.2023.10220904.  

[25] X. Xiong et al., "Adaptive Feature Fusion and Improved Attention Mechanism Based Small Object Detection for UAV 
Target Tracking," in IEEE Internet of Things Journal, doi: 10.1109/JIOT.2024.3367415. 

 


