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ABSTRACT 

Traffic sign detection systems are vital for improving road safety and supporting autonomous navigation 

in urban environments. This paper presents a fine-tuned traffic sign detection system based on the You 

Only Learn One Representation (YOLOR) architecture. The model was trained and evaluated on a dataset 

comprising 15 traffic sign classes: Green Light, Red Light, Speed Limit 10, Speed Limit 100, Speed Limit 

110, Speed Limit 120, Speed Limit 20, Speed Limit 30, Speed Limit 40, Speed Limit 50, Speed Limit 60, 

Speed Limit 70, Speed Limit 80, Speed Limit 90, and Stop. To enhance detection performance across 

diverse classes, the model was fine-tuned to accurately detect and classify these elements under varying 

conditions. The experimental results demonstrate strong detection capabilities, achieving a precision of 

87.5%, a recall of 87.8%, a mean Average Precision at IoU 0.5 (mAP@0.5) of 88.5%, and a mAP across 

IoU thresholds from 0.5 to 0.95 (mAP@0.5:0.95) of 77.7%. These results highlight the effectiveness of the 

YOLOR-based approach for real-world traffic sign recognition tasks, offering a promising solution for 

intelligent transportation and autonomous driving applications. Furthermore, the model's competitive 

performance compared to recent methods reinforces its relevance in current state-of-the-art benchmarks. 
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I. INTRODUCTION  

The rapid evolution of autonomous systems and intelligent 
transportation has significantly amplified the demand for 
accurate and real-time object detection models, particularly in 
the domain of traffic sign recognition. As traffic signs provide 
essential information for vehicle navigation and decision-
making, their precise detection is critical to ensure safety and 
compliance in autonomous driving systems. Over recent years, 
deep learning-based object detectors have demonstrated 
superior performance in handling complex visual scenes. The 
YOLO (You Only Look Once) family of models, particularly 
YOLO-v5, has become widely adopted due to its balance 
between speed and accuracy [1]. However, while YOLO-v5 
remains effective in general-purpose object detection, emerging 
requirements in safety-critical domains have led to further 
exploration of more adaptive and unified models. 

YOLOR (You Only Learn One Representation) was 
introduced to unify conventional and implicit knowledge in a 
single framework, delivering improved generalization across 
diverse tasks [2]. This approach has gained traction in various 
domains, such as safety on construction sites [3], aerial 
imagery analysis [4], bridge defect inspection [5], and drone 
detection [6]. In particular, the model has also been integrated 
into active federated learning systems to improve safety in 
autonomous vehicles [7], showcasing its flexibility and 
robustness.  

In the context of autonomous vehicles, object detection 
remains a persistent challenge due to dynamic environments, 
occlusions, and the need for real-time performance. Studies 
such as [8, 9] have surveyed the challenges and techniques 
applied in vehicular perception systems. In [10], adaptive 
detection and tracking frameworks were proposed to 
accommodate the variability of road scenes, emphasizing the 
importance of reliable and real-time systems. Several recent 
studies have explored the application of YOLOR specifically in 
transportation and safety-related domains. For instance, in [11], 
YOLOR was applied for real-time ship detection, while in [12], 
SOAda-YOLOR was proposed as an adaptive variant tailored 
for the detection of small objects in road scenarios. Likewise, 
an asynchronous multitask learning framework was introduced 
in [13], using YOLOR to further optimize detection 
performance in multi-label environments. 

Building on this body of work, this study presents a fine-
tuned YOLOR-based model for the detection of traffic signs 
using a 15-class dataset obtained from Kaggle [14], which 
consists of annotated images captured from real-world road 
environments. This dataset features a wide range of traffic sign 
categories, including: Green Light, Red Light, Speed Limit 10, 
Speed Limit 100, Speed Limit 110, Speed Limit 120, Speed 
Limit 20, Speed Limit 30, Speed Limit 40, Speed Limit 50, 
Speed Limit 60, Speed Limit 70, Speed Limit 80, Speed Limit 
90, and Stop. Unlike broader multiclass detection tasks, traffic 
sign recognition poses unique challenges, such as small object 
size, similarity among classes, and strict real-time constraints. 
Utilizing the advanced architecture of YOLOR, this framework 
achieves robust object detection with minimal computational 
overhead, positioning it as an ideal solution for edge-based AI 

applications in intelligent surveillance and real-time traffic 
monitoring systems. The primary contributions of this study are 
summarized as follows: 

 Develops and deploys an efficient detection model for 
traffic signs, leveraging the advanced capabilities of the 
YOLOR architecture. 

 Trains and evaluates the model on the Traffic Signs 
Detection Dataset, showcasing its robustness across 
different traffic sign classes and environmental conditions. 

 Assesses the real-time performance of the model and 
validates its applicability to ITS and autonomous driving 
using both quantitative metrics and qualitative 
visualizations. 

II. PROPOSED FINE-TUNED YOLOV11 FOR ROAD 
SIGN DETECTION 

This study presents a comprehensive method for traffic sign 
detection based on a fine-tuned YOLOR model. The overall 
workflow, illustrated in Figure 1, begins with the collection of 
a diverse traffic sign dataset sourced from Kaggle, covering 15 
distinct classes, including speed limit indicators, stop signs, and 
traffic lights. This dataset is employed to fine-tune the YOLOR 
model, integrating multi-scale feature alignment, attention 
mechanisms, and prediction refinement strategies to enhance 
detection accuracy and robustness. The fine-tuned model is 
subsequently validated in real-world autonomous driving 
scenarios, demonstrating its ability to detect and classify traffic 
signs accurately under a wide range of environmental 
conditions, including varying lighting, occlusions, and partial 
visibility. 

YOLOR is a unified object detection architecture that 
seamlessly combines implicit and explicit knowledge 
representations within a single framework. Traditional 
detectors often separate the processes of feature extraction and 
task-specific optimization, potentially limiting performance. In 
contrast, YOLOR introduces a multitask learning paradigm, 
simultaneously optimizing shared features for primary 
detection tasks and auxiliary tasks, thus facilitating better 
generalization. Specifically, YOLOR leverages both 
conventional convolutional features (explicit representations) 
and intermediate representations learned through unsupervised 
tasks (implicit representations). It utilizes implicit knowledge, 
information that is not directly interpretable but valuable for 
the task, by embedding intermediate supervision during 
training. This approach enables the model to capture fine-
grained, context-aware features that are critical for tasks such 
as traffic sign recognition, where subtle visual differences are 
essential. Moreover, YOLOR enhances feature aggregation 
through multiscale feature fusion modules and improves 
bounding-box prediction using refined anchor box mechanisms 
and adaptive loss functions. Despite its increased complexity, 
the hybrid design of YOLOR maintains real-time inference 
speed, achieving a balance between detection accuracy and 
computational efficiency. These characteristics make YOLOR 
an ideal choice for embedded systems and autonomous driving 
applications, where both speed and precision are paramount 
[2]. 
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Fig. 1.  Overview of the proposed fine-tuned YOLOR-based traffic sign detection pipeline. 

III. EXPERIMENTAL RESULTS 

A. Dataset Description 

The Traffic Signs Detection Dataset [14] comprises 
annotated images containing 15 classes of traffic signs. As 
shown in Figure 2, the class distribution is notably imbalanced. 
Classes such as Speed Limit 20, Speed Limit 30, and Stop are 
more frequently represented, each with close to or above 250 
instances, while other classes, such as Speed Limit 10 and 
Speed Limit 120, are underrepresented. The spatial distribution 
of the bounding boxes (top-right plot in Figure 2) reveals that 
most annotated traffic signs tend to appear near the horizontal 
center of the images, with a slight bias toward the lower half of 
the frame. The width-height scatter plot (bottom-left) confirms 
a strong linear relationship, indicating consistency in object 
proportions and aspect ratios. Most annotations fall within the 
lower range of width and height values, suggesting that the 
dataset contains predominantly small-sized traffic signs, a 
common challenge in real-world detection tasks. 

 

 
Fig. 2.  Dataset labels. 

Supporting this, the correlogram in Figure 3 highlights the 
relationships among bounding box features (x, y, width, 
height). A strong correlation is observed between width and 
height, while x and y are less correlated with size attributes, 
indicating independent positioning from object scale. The 
distribution plots reveal skewness toward lower values, 
especially in width and height dimensions. 

 

 
Fig. 3.  Dataset correlogram. 

This comprehensive dataset analysis emphasizes both the 
richness and the challenges of the dataset. It is well-suited for 
training deep object detectors for intelligent transportation 
systems, especially in scenarios requiring high precision for 
small object recognition, while also necessitating strategies to 
mitigate class imbalance and handle scale variability. 

B. Training Platform and Implementation Details  

A PC with Ubuntu 24.04 OS with 11th Gen Intel(R) 
Core(TM) i7-11800H @ 2.30 GHz CPU, 16 GB of RAM, and 
an NVIDIA GeForce RTX 3050 GPU was used to train the 
model. The code implementation of the algorithms was 
developed in Python, with the Python code for the YOLOR 
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obtained from the official repositories. This ensured the 
accuracy and practical relevance of the results. The training 
process was configured with a batch size of 64. Training was 
carried out over 500 epochs, completed in 7.805 hours. 

C. Training Results of YOLOR 

Figures 4 and 5 illustrate the training performance of the 
fine-tuned YOLOR model on the traffic signs detection dataset. 
As shown in Figure 4, the training and validation losses for 
bounding box regression (Box), objectness confidence, and 
classification consistently decreased throughout training 

epochs, indicating stable convergence. The validation losses 
remained slightly higher than their training counterparts, 
suggesting a balanced generalization capability without signs 
of overfitting. The precision and recall metrics steadily 
increase, ultimately reaching values above 0.85, which reflects 
strong detection reliability. Furthermore, mAP@0.5 peaked at 
approximately 0.885, while the mAP@0.5:0.95 also 
demonstrated progressive improvement, confirming that the 
model retains performance even under stricter localization 
criteria. 

 

 
Fig. 4.  Training results of YOLOR. 

 
Fig. 5.  Precision-Recall (P-R) curve of YOLOR. 

Figure 5 presents the Precision-Recall (P-R) curve for the 
trained model across all 15 classes. The dominant blue curve, 
representing the aggregated performance across all classes, 
confirms a high degree of precision even at varying levels of 
recall, which is characteristic of a well-generalized detector. 
The mean value of 0.885 mAP@0.5 is consistent with the 
training metrics observed earlier and indicates a high likelihood 
of correct predictions in most test instances. The individual 
class curves, shown in gray, reveal some class-wise variance, 

implying the need for potential improvements in 
underrepresented or visually complex categories. Overall, these 
results highlight YOLOR's strong capacity for accurate and 
robust multiclass traffic sign detection, even in the presence of 
small object sizes and class imbalance. 

D. Comparative Study 

Table I presents the comparative analysis of various object 
detection models for traffic sign recognition tasks using 
different datasets. The proposed model achieved strong 
performance with 87.5% precision, 87.8% recall, 88.5% 
mAP@0.5, and 77.7% mAP@0.5:0.95, outperforming most of 
the existing methods. TRD-YOLO [15], evaluated on the 
TT100K dataset, shows slightly lower results with 86.3% 
precision, 82.1% recall, 86.5% mAP@0.5, and 65.6% 
mAP@0.5:0.95. YOLO-CCA [16], using the CCTSDB2021 
dataset, has the highest precision (92%) but a lower 
mAP@0.5:0.95 (59.3%), indicating a steeper drop in 
performance across IoU thresholds. SegU-Net [17], tested on 
the GTSDB dataset, yields very high precision (94.6%) but 
lacks mAP values, limiting full comparison. YOLO-BS [18] 
achieves the highest mAP@0.5 (90.1%) but has slightly lower 
recall (80.5%) than the proposed model. Additionally, YOLO-
v8s [19] offers good precision (91.7%) on the CCTSDB dataset 
but lacks data for mAP@0.5:0.95, making it less informative 
for comprehensive evaluation.  
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TABLE I.  EVALUATION RESULTS OF YOLOR 

Study Model Dataset Precision (%) Recall (%) mAP@0.5 (%) mAP@0.5:0.95 (%) 

Our work YOLOR Traffic signs detection 87.5 87.8 88.5 77.7 
[15] TRD-YOLO TT100K 86.3 82.1 86.5 65.6 
[16] YOLO-CCA CCTSDB2021  92 80.2 86.9 59.3 
[17] SegU-Net GTSDB 94.6 80.21 - - 
[18] YOLO-BS TT100K 87.9 80.5 90.1 70.3 
[19] YOLO-v8s CCTSDB  91.7 76.2 84.9 - 
[20] YOLO-LLTS CNTSSS, TT100K-night, CCTSDB2021 88.3 74.9 81.2 60.1 

 
Lastly, YOLO-LLTS [20], designed for low-light 

conditions and evaluated on the CNTSSS, TT100K-night, 
CCTSDB2021 datasets, reports a precision of 88.3%, a recall 
of 74.9%, an mAP@0.5 of 91.2%, and an mAP@0.5:0.95 of 
74.6%, showing superior single-threshold accuracy but lower 
recall and slightly lower consistency across IoU thresholds 
compared to the proposed model. Overall, the proposed model 
demonstrates a strong balance across all metrics, particularly 
excelling in consistent detection performance across IoU 
thresholds. 

IV. CONCLUSION 

The results of this study demonstrate that the proposed 
YOLOR-based model offers a highly effective solution for 
real-time traffic sign detection. By achieving a strong balance 
between precision, recall, and mAP scores, particularly a high 
mAP@0.5:0.95 of 77.7%, the model outperforms or matches 
several state-of-the-art approaches across key detection 
metrics. Its performance affirms YOLOR's capability to 
integrate implicit and explicit knowledge for enhanced object 
representation, making it well-suited for complex road 
environments. Compared to existing methods such as TRD-
YOLO, YOLO-CCA, and YOLO-BS, the proposed approach 
shows improved generalization and robustness, especially in 
maintaining accuracy across varying IoU thresholds. These 
findings suggest that YOLOR is a reliable and scalable option 
for deployment in intelligent transportation systems, where 
both accuracy and computational efficiency are essential. 
Future work may focus on addressing class imbalance and 
improving the detection of underrepresented signs to further 
strengthen the reliability of the system. Additionally, exploring 
lightweight model variants for edge deployment, incorporating 
temporal consistency through video-based detection, and 
extending the model to support multimodal inputs (e.g., 
LiDAR, GPS) could enhance adaptability and performance in 
diverse and dynamic traffic scenarios. 
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