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Abstract: Object detection has witnessed significant advancements with 

the introduction of deep learning models. In this study, we evaluated 

YOLOv8 model on the BDD100K dataset over 25 epochs, focusing on its 

progression in precision, recall, mean Average Precision (mAP), and loss 

metrics. The YOLOv8 model was trained and evaluated on the BDD100K 

dataset. Data preprocessing was done by resizing images and applying 

augmentation techniques like scaling, flipping, and cropping to enhance 

generalization. The model utilized an anchor-free detection head and an 

optimized backbone network for improved performance. Training was 

conducted over 25 epochs using the stochastic gradient descent optimizer, 

with non-maximum suppression and confidence thresholding applied 

during post-processing to refine detections. Performance was assessed 

using precision, recall, mAP, and loss metrics. Early epochs were marked 

by high classification and box losses, which reduced significantly by 

epoch 5. Precision and recall improved consistently, with precision 

increasing from 0.81 to 0.74 and recall stabilizing around 0.72–0.78. 

Middle epochs (6–20) showed stabilization in losses, with box loss 

reducing to 0.7–0.8 and classification loss to 0.4–0.5. Performance metrics 

peaked during this phase, achieving a precision of 0.90, recall of 0.84, and 

mAP@50 and mAP@50-95 values of 0.90 and 0.74, respectively. During 

the final epochs (21–25), the model achieved optimal stability, with box 

loss around 0.69 and classification loss at 0.37. Precision remained at 0.90, 

recall at 0.85, and mAP metrics stabilized at 0.91 and 0.74. A comparative 

analysis underscored YOLOv8’s superiority over YOLOv5, achieving 

higher F1-score (0.87 vs. 0.67), mAP@50 (0.91 vs. 0.682), and mAP@50-

95 (0.74 vs. 0.449). YOLOv8’s architectural advancements like anchor-

free detection head and optimized backbone improved object detection. 

YOLOv8’s balance of precision and recall, supported by strong post-

processing, affirms its robustness for real-world applications. 
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1. Introduction 

 

In the ever-evolving domain of intelligent transportation systems, accurate and efficient vehicle 

detection plays an important role in addressing challenges associated with traffic congestion, road safety, 

and urban mobility [1]. The expansion of mobility sector globally has necessitated the development of 

advanced systems capable of monitoring and managing traffic flow dynamically [2]. Traditional traffic 

management systems often rely on fixed infrastructure, such as inductive loop detectors or traffic 

cameras, that offer limited flexibility and scalability [3]. Recent advancements in computer vision and 

deep learning have ushered in transformative possibilities, enabling more robust and adaptive solutions 

for traffic monitoring and management. Among these advancements, object detection models such as 
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You Only Look Once (YOLO) have emerged as leading frameworks due to their speed and accuracy 

[4]. 

The YOLO family of models has garnered significant attention for its ability to perform real-time object 

detection, with applications extending across domains such as autonomous driving, surveillance, and 

intelligent traffic management. YOLOv8 introduces enhancements in architecture and training 

strategies, offering improved performance over its predecessors [5,6]. However, deploying such models 

for vehicle detection in real-world traffic scenarios requires addressing various challenges, including 

occlusions, variations in lighting conditions, and the diversity of vehicle types. 

Datasets play a critical role in the training and evaluation of deep learning models for vehicle detection. 

The selection of an appropriate dataset directly impacts the accuracy, robustness, and generalizability 

of the model. In this study, we utilize a customized version of the Berkeley Deep Drive (BDD100K) 

dataset [7]. BDD100K is one of the largest and most diverse datasets available for autonomous driving 

research, comprising images captured under varying weather conditions, times of day, and geographic 

locations [8]. By curating and customizing this dataset to align with the specific requirements of urban 

traffic management, we aim to enhance the model's ability to detect vehicles accurately across a wide 

range of scenarios. This customization focuses on refining the dataset to address unique challenges such 

as occlusions, varying vehicle types, and dynamic traffic conditions, thereby bridging gaps in existing 

approaches. 

Despite the remarkable advancements in object detection models, several gaps persist in the application 

of these technologies to intelligent transportation systems. Traditional models often struggle with real-

world complexities, such as occlusions, inconsistent lighting, and the need for real-time processing in 

dynamic urban environments [9]. Generic datasets, while extensive, frequently lack the contextual 

specificity required for urban traffic management applications. These limitations hinder the scalability 

and adaptability of existing systems, emphasizing the need for tailored solutions. 

The primary objective of this research is to address these gaps by enhancing the YOLOv8 model for 

vehicle detection through targeted improvements in both dataset customization and model architecture. 

By utilizing the rich diversity of the BDD100K dataset and optimizing the model to meet the demands 

of urban traffic scenarios, this study aims to advance the state of the art in vehicle detection. Our 

approach seeks to improve detection accuracy, robustness, and computational efficiency, paving the way 

for smarter, more sustainable traffic management solutions [9]. 

 

2. METHODOLOGY 

 

2.1. Dataset Preparation 

The BDD100K dataset was used as the database for annotated images for this study. This dataset 

includes labels for a variety of object categories, such as vehicles, pedestrians, and traffic signs. From 

the database we used image content under category "vehicle" including cars, trucks, buses, motorbikes, 

and bicycles. The dataset was split into training (70%), validation (20%), and testing (10%) subsets 

based on the conventional ratio to ensure a balanced evaluation of model performance. Original 

annotations in JSON format were converted to the YOLO format by normalizing bounding box 

coordinates relative to image dimensions. A custom script developed in Google Colab was utilized to 

automate this conversion process.  

2.2. Model Training 

The YOLOv8 model was fine-tuned on the prepared BDD100K dataset. During training, the model was 

fed annotated images to predict bounding boxes and class probabilities. Predictions were compared to 

ground truth labels, and parameters were iteratively updated to minimize error. This optimization 

process was conducted over 25 epochs or until performance plateaued on the validation set. Key 

hyperparameters included a learning rate of 0.001, batch size of 16, and an input image resolution of 

640x640 pixels. To enhance the model’s robustness, data augmentation techniques such as horizontal 

flipping, random scaling, and color jittering were employed. 

2.3. Model Architecture Enhancements 

YOLOv8 architectural was selected to enhance backbone networks and anchor-free detection heads. 

The model architecture was built to support real-time inference (Figure 1). Different versions of 

YOLOv8—nano (YOLOv8n), small (YOLOv8s), medium (YOLOv8m), large (YOLOv8l), and extra-

large (YOLOv8x)—were evaluated to identify the optimal trade-off between computational efficiency 

and detection accuracy for this study. 
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Figure 1: YOlOv8 model architecture. 

2.4. Integration of Weights and Biases 

To streamline experiment tracking and performance visualization, the Weights and Biases (W&B) 

platform was integrated into the training pipeline. W&B enabled real-time monitoring of key metrics 

such as loss, precision, recall, and mean average precision (mAP). This integration facilitated iterative 

improvements and ensured the reproducibility of results. By leveraging W&B’s collaborative tools, 

adjustments to hyperparameters and augmentation strategies were efficiently managed. 

2.5. Performance Evaluation 

The model's effectiveness was evaluated using standard metrics, including precision, recall, F1-score, 

and mAP at various Intersection over Union (IoU) thresholds. Precision was used to measure the 

proportion of true positives among all positive detections, while recall assessed the model’s ability to 

identify relevant instances. mAP metrics, including mAP@50 and mAP@50-95, quantified detection 

accuracy across multiple IoU thresholds. The following equations were used. 

Precision =
TP

TP+FP
 --------------------(1) 

3.  

Recall =
TP

TP+FN
-------------------------(2) 

4.  

F1 =
2TP

2TP+FP+FN
-------------------------(3) 

2.6. Post-Processing and Optimization 

Post-processing techniques, such as non-maximum suppression (NMS) and confidence thresholding, 

were applied to refine detection outputs. NMS was used to eliminate redundant overlapping bounding 

boxes, while confidence thresholding filtered out low-confidence predictions. These optimizations were 

carried to improve the clarity and reliability of detection results. 

 

3. RESULTS 

 

3.1.  Training Dynamics and Progression 

The YOLOv8 model's performance on the BDD100K dataset was evaluated over 25 epochs, 

demonstrating a clear progression in precision, recall, mAP metrics, and loss reduction. During the early 

epochs (1–5), the model showed significant classification and box losses, which steadily decreased as 

the model learned object features. For example, the box loss reduced from 0.74 in the first epoch to 0.76 

by epoch 5, while classification loss decreased from 1.16 to 0.93. Precision and recall also improved 

during this phase, with precision increasing from 0.81 to 0.74 and recall stabilizing around 0.72–0.78. 

Mean Average Precision (mAP) metrics saw a gradual increase, with mAP@50 rising from 0.67 to 0.79 

and mAP@50-95 improving from 0.63 to 0.89 (Figure 2). 



Abe Degale Desta et al. Enhancing YOLOv8 for Vehicle Detection.......                     193 

 

 
Figure 2: Training metrics (Precision, Recall, mAP50, mAP50-95) over epochs. 

In the middle epochs (6–20), the model exhibited steady improvements in performance metrics, with 

box loss and classification loss stabilizing between 0.7–0.8 and 0.4–0.5, respectively. Precision peaked 

at 0.90, and recall improved to 0.84 by epoch 15. mAP@50 reached approximately 0.88–0.90, while 

mAP@50-95 improved to 0.74, highlighting the model's enhanced capability to detect and localize 

objects (Figure 3). 

 
Figure 3: Training and validation loss trends. 

During the final epochs (21–25), the model achieved optimal performance, as losses minimized and 

metrics stabilized. Box loss remained steady around 0.69–0.70, and classification loss dropped further 

to 0.37 by the 25th epoch. Precision was maintained at 0.90, and recall fluctuated slightly between 0.84 

and 0.85. The mAP metrics were consistent, with mAP@50 reaching 0.91 and mAP@50-95 stabilizing 

at 0.74. These results signify the model's convergence to an optimal solution. A comparative analysis 

with the YOLOv5 model highlighted the superiority of YOLOv8, which achieved an F1-score of 0.87, 

a mAP@50 of 0.91396, and a mAP@50-95 of 0.74, outperforming YOLOv5 across all metrics. The 

table 1 below summarizes the training progress and key metrics during the 25 epochs: 
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Table 1: Performance Metrics of YOLOv8 Model Across 25 Epochs on the BDD100K Dataset 
Epoch Box Loss Cls Loss Precision 

(B) 

Recall (B) mAP50 

(B) 

mAP50-

95 (B) 

Val Box 

Loss 

Val Cls 

Loss 

1 0.74 1.16 0.81 0.78 0.85 0.67 0.65 0.63 

2 0.69 0.80 0.75 0.73 0.80 0.60 0.71 0.89 

3 0.76 0.88 0.73 0.68 0.73 0.54 0.79 1.01 

4 0.78 0.94 0.70 0.67 0.73 0.51 0.82 1.05 

5 0.76 0.93 0.74 0.72 0.78 0.59 0.79 0.89 

21 0.74 0.45 0.88 0.84 0.90 0.72 0.67 0.53 

22 0.72 0.42 0.88 0.85 0.91 0.73 0.67 0.53 

23 0.72 0.41 0.87 0.85 0.91 0.73 0.67 0.55 

24 0.70 0.39 0.89 0.85 0.91 0.74 0.67 0.53 

25 0.69 0.37 0.90 0.84 0.91 0.74 0.66 0.52 

 

3.2. Comparison with Prior Models 

The YOLOv8 model outperformed its predecessor, YOLOv5, as summarized in Table 2. YOLOv8 

achieved a higher F1-score of 0.87 compared to YOLOv5's 0.67, a marked improvement in mAP@0.5 

(0.91 vs. 0.682), and a significant enhancement in mAP@0.5-0.95 (0.74 vs. 0.449). These results 

underscore the advancements in YOLOv8's architecture, including its anchor-free detection head and 

optimized backbone network, which collectively contributed to superior object detection performance. 

High precision values across all classes, including buses and bicycles, have shown to reduce false 

positives effectively (Figure 4). Similarly, the model demonstrates a strong balance between precision 

and recall, as indicated by its peak F1 score of 0.87, which is especially evident for trucks and buses 

(Figure 5). Additionally, the recall values across confidence thresholds highlight YOLOv8's ability to 

detect true positives consistently, particularly for buses and trucks (Figure 6).  

 

Table 2: Performance comparison between YOLOv8 and YOLOv5 
Metric YOLOv8 YOLOv5 Improvement (%) 

F1-Score 0.87 0.67 +29.85% 

mAP@50 0.91 0.682 +33.43% 

mAP@50-95 0.74 0.449 +64.81% 

Precision 0.90 0.78 +15.38% 

Recall 0.85 0.72 +18.06% 

 

 
Figure 4: Precision-Confidence curve for YOLOv8 across various object classes. 
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Figure 5: F1-Confidence Curve illustrating the balance between precision and recall for YOLOv8. 

Figure 6: Recall-confidence curve. 

 

3.3. Model Performance on Specific Metrics 

The precision-recall curve achieved high precision and recall across all object classes. Notable values 

include 0.968 for buses, 0.929 for trucks, and an overall mAP@0.5 of 0.914 (Figure 7). 

The YOLOv8 model demonstrated strong performance across key object detection metrics. High 

precision (0.90) and recall (0.85) in the final epochs indicated that the model effectively minimized false 

positives while identifying most relevant objects. The consistent mAP@50 score of 0.91 and mAP@50-

95 of 0.74 across the final epochs reflected the model's robust detection capabilities for all object classes. 

Additionally, the decreasing trends in box and classification loss metrics over epochs validated the 

optimization strategies employed, with final values of 0.69 for box loss and 0.37 for classification loss, 

respectively. 
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Figure 7: Precision-Recall curve for YOLOv8. 

3.4. Specific Object Detection Performance 

The YOLOv8 model successfully detected and classified objects from the "vehicle" category (cars, 

trucks, buses, motorbikes, and bicycles) within the BDD100K dataset. Post-processing techniques such 

as NMS and confidence thresholding further refined the model's outputs, reducing overlapping bounding 

boxes and filtering low-confidence predictions. This contributed to the overall precision and clarity of 

detections. 

The normalized confusion matrix (Figure 8) illustrates the YOLOv8 model's detection accuracy across 

various object categories in the BDD100K dataset. Notably, the matrix indicates high detection accuracy 

for buses and motorbikes, with values of 0.92 and 0.91, respectively. These values reflect the model's 

robust ability to correctly classify these object categories with minimal errors. However, certain 

categories, such as the background, exhibited some degree of misclassification, as evidenced by higher 

off-diagonal values. This indicates instances where background elements were mistakenly identified as 

objects or vice versa, highlighting areas for potential model refinement. 

 
Figure 8: Normalized confusion matrix showing YOLOv8 model's classification accuracy across 

object categories. 
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4. DISCUSSION 

 

In this study, the YOLOv8 model demonstrated exceptional performance in detecting and classifying 

objects from the "vehicle" category—comprising cars, trucks, buses, motorbikes, and bicycles within 

the BDD100K dataset. These results indicate that YOLOv8 is well-suited for object detection tasks in a 

variety of real-world scenarios, particularly in the context of vehicle detection, which is a common and 

challenging task in autonomous driving, traffic monitoring, and smart city applications. Furthermore, 

YOLOv8's strong loss reduction trends align with broader findings on the importance of optimized 

training strategies in object detection [11,12]. 

While comparing older versions, YOLOv5 through efficient, exhibited limitations in handling diverse 

datasets due to its reliance on anchor-based strategies and less sophisticated feature extraction 

techniques. YOLOv8, in contrast, leverages improved backbone architectures, such as CSPDarkNet 

[12], which enhance feature representation while maintaining real-time processing capabilities. This 

aligns with prior findings that integrating efficient feature pyramids and lightweight architectures 

significantly boosts performance on large-scale datasets. 

In the middle epochs (6–20), YOLOv8 demonstrated consistent improvement and stabilization across 

key metrics. The observed stabilization of box loss between 0.7–0.8 and classification loss between 0.4–

0.5 aligns with trends reported in object detection literature, where intermediate training stages are 

critical for balancing precision and recall without overfitting [12]. The precision peaking at 0.90 and 

recall improving to 0.84 by epoch 15 indicate the model's ability to accurately identify relevant objects 

while maintaining minimal false positives. This balance is essential for robust detection in real-world 

scenarios, particularly in complex datasets like BDD100K, which include diverse objects and 

challenging conditions. The consistent mAP@50 range of 0.88–0.90 and the improvement of mAP@50-

95 to 0.74 is essential for enhanced localization and detection capabilities during this phase [13]. The 

stabilization of metrics during this period demonstrates that YOLOv8's optimization strategies 

effectively mitigate loss and maintain high performance, even as learning progresses. Similar trends 

have been observed in models with advanced architectural designs, such as the inclusion of optimized 

backbone networks or anchor-free detection mechanisms [14]. These advancements highlight the 

importance of architectural innovation in improving intermediate-stage training outcomes and overall 

detection performance.   

During the final epochs (21–25), the YOLOv8 model demonstrated convergence to an optimal solution, 

as evidenced by the stabilization of metrics and minimization of losses. The box loss consistently 

remained between 0.69 and 0.70, while classification loss decreased further to 0.37 by the 25th epoch. 

These trends align with the behavior of well-trained deep learning models, where late-stage optimization 

fine-tunes the weights, reducing overfitting and ensuring robustness in predictions [15]. The precision 

maintained at 0.90 and the slight fluctuation in recall (0.84–0.85) suggest a stable balance between 

minimizing false positives and maximizing true positive detections, a hallmark of reliable object 

detection systems. The consistency of mAP metrics, with mAP@50 at 0.91 and mAP@50-95 stabilizing 

at 0.74, pinpoints its accuracy in detection and localization across a range of Intersection over Union 

(IoU) thresholds, reflecting strong generalization capabilities [16]. 

The results of our comparative study between YOLOv5 and YOLOv8 highlight a marked improvement 

in performance with the latter, aligning with recent advancements in the field of object detection. 

YOLOv8’s superior F1-score, mAP@50, and mAP@50-95 suggest that the new architecture is more 

capable in terms of both precision and recall, as well as handling a wider range of object sizes and 

detection challenges, compared to its predecessor. This improvement is consistent with trends observed 

in the evolution of the YOLO series, where newer versions have consistently outperformed older models 

across various benchmarks [17]. 

Recent work by Shah et al. [18] demonstrated that advancements in deep learning architectures—such 

as the integration of more sophisticated feature extraction mechanisms and attention-based modules—

can significantly enhance detection accuracy and robustness, particularly for small or occluded objects 

[18]. The high mAP@50-95 achieved by YOLOv8 is particularly noteworthy, as this metric accounts 

for performance over a range of IoU thresholds, making it more indicative of the model’s ability to 

generalize across various detection scenarios [16].  

Our results align with findings from Terven et al. [19], who observed that the performance 

improvements in newer YOLO versions can be attributed to architectural refinements, such as the 

incorporation of advanced convolutional operations and more efficient training strategies [19]. 
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YOLOv8’s higher F1-score further suggests that the model achieves a more favorable balance between 

false positives and false negatives compared to YOLOv5, which is particularly important in domains 

like medical image analysis and autonomous driving, where both false positives and false negatives can 

have significant consequences [20]. 

Additionally, while YOLOv8 outperforms YOLOv5 in terms of key metrics, it is crucial to consider the 

trade-offs between model accuracy and computational efficiency. For instance, Tan et al. [21] highlight 

that more complex models often require increased computational resources, which can limit their 

applicability in real-time systems [21]. One limitation of our study is that we evaluated the models on a 

single dataset, which may not fully represent the model's ability to generalize to other domains. As 

suggested by Hussain et al. [22], a broader evaluation across diverse datasets is necessary to better 

understand the generalizability of YOLOv8, especially when deployed in real-world conditions [22]. 

Moreover, although YOLOv8 shows promising results in terms of detection performance, its robustness 

to noise, variations in lighting, and other real-world challenges remains to be fully tested. 

The high precision values across all object classes, particularly for challenging categories such as buses 

and bicycles, indicate that YOLOv8 is effective at reducing false positives. This finding is consistent 

with recent studies that emphasize the importance of precise object localization in complex detection 

tasks [16]. The peak F1-score of 0.87 and the strong balance between precision and recall also highlight 

YOLOv8’s efficiency in minimizing both false positives and false negatives, making it a reliable model 

for applications where these trade-offs are critical, such as in autonomous driving and surveillance 

systems [20]. The recall values across different confidence thresholds confirm that YOLOv8 is adept at 

detecting true positives, particularly for large, easily identifiable objects like trucks and buses. 

Additionally, the decreasing trends in box and classification loss metrics over the course of training 

suggest that YOLOv8 benefited from an efficient optimization process. Final values of 0.69 for box loss 

and 0.37 for classification loss indicate that the model converged well, minimizing both the spatial 

misalignment of bounding boxes and errors in classification [23). These trends are consistent with the 

idea that a well-optimized detection model can achieve high accuracy without overfitting to the training 

data, as was demonstrated in previous studies of YOLO-based architectures [17]. 

One of the key factors contributing to the improved performance of YOLOv8 is its use of advanced 

post-processing techniques, particularly NMS and confidence thresholding. NMS is a widely adopted 

technique used to eliminate redundant and overlapping bounding boxes by retaining the box with the 

highest confidence score among those that share significant overlap [17,24]. By applying NMS, 

YOLOv8 effectively reduces false positives. Confidence thresholding further refines the model’s 

predictions by filtering out low-confidence detections, ensuring that only highly reliable detections are 

retained.  

Although YOLOv8 exhibited strong performance, it is essential to consider the limitations inherent in 

post-processing. While NMS and confidence thresholding can effectively refine predictions, they may 

also lead to a reduction in recall, particularly when objects are in close proximity or occluded by other 

vehicles. Future work could explore alternative strategies, such as soft-NMS or multi-scale NMS, to 

further enhance detection accuracy in crowded scenes. Moreover, further optimization of the confidence 

thresholding process could potentially improve recall without significantly sacrificing precision, 

especially in scenarios where detecting all instances of a particular object is crucial. 

 

5. CONCLUSION 

 

Using the BDD100K dataset, this study showed that the YOLOv8 model outperformed other models in 

recognizing and classifying items in the "vehicle" category. YOLOv8 achieved high precision, recall, 

and mAP values, significantly outperforming its predecessor. Advanced detection modality such as an 

anchor-free detection head, an optimized backbone network, and effective post-processing techniques 

such as NMS and confidence thresholding, increased detection capacity. These findings demonstrate 

YOLOv8's robustness, efficiency, and flexibility to complicated object detection tasks in real-world 

settings. The findings indicate that YOLOv8 is a promising option for applications such as autonomous 

driving, traffic monitoring, and smart city systems. Future study should concentrate on improving its 

generalization skills and overcoming obstacles in detecting small and obstructed targets. 
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