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 Traffic sign detection is a fundamental component in intelligent transportation 

systems (ITS), autonomous driving, and advanced driver assistance systems 

(ADAS), enabling vehicles to interpret road conditions and enhance safety. 

Developing robust traffic sign detection models for specific regions requires high-

quality, well-annotated local datasets, which are often challenging and costly to 

create. Even when such datasets are available, training deep learning models from 

scratch demands substantial computational resources and time. This study compares 

models trained from scratch and those using transfer learning based on the 
lightweight YOLOv11s architecture on an Indonesian traffic sign dataset. 

Evaluations using precision, recall, mean Average Precision at IoU 0.5 (mAP@0.5), 

and mean Average Precision across IoU thresholds 0.5 to 0.95 (mAP@0.5:0.95) 

demonstrate that the transfer learning model consistently outperforms the from-

scratch model across all metrics. These findings highlight the effectiveness and 

efficiency of transfer learning for developing accurate and practical traffic sign 

detection systems adapted to local contexts. 
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I. INTRODUCTION 

Traffic sign detection has become an essential component 

of modern intelligent transportation systems (ITS), 

autonomous vehicles, and advanced driver-assistance systems 

(ADAS). These systems rely on the real-time detection and 

accurate classification of traffic signs to ensure safe 

navigation, adherence to traffic regulations, and contextual 

awareness in dynamic driving environments. As the 

automotive industry advances toward full autonomy, the 

ability of machines to perceive and interpret road signs 

becomes increasingly critical [1], [2]. Any misinterpretation 

or failure to recognize important traffic signs could lead to 

serious consequences, including traffic violations or 
accidents. 

The rise of deep learning revolutionized traffic sign 

detection. Convolutional Neural Networks (CNNs) 

demonstrated superior performance by automatically learning 

hierarchical feature representations directly from image data. 

Object detection frameworks like R-CNN [3], Faster R-CNN 

[4], SSD [5], and YOLO [6] significantly improved both 

accuracy and speed. Among them, the YOLO (You Only 

Look Once) family has become particularly prominent due to 

its real-time detection capabilities and end-to-end design. The 

recently released YOLOv11 [7] features an improved 

backbone and neck architecture for better feature extraction 

and task performance. It offers faster inference and higher 

accuracy with 22% fewer parameters than YOLOv8m, 
making it efficient for real-time applications. 

Some state-of-the-art traffic sign detection models are 

trained using large-scale, publicly available datasets such as 

the German Traffic Sign Detection Benchmark (GTSDB) [8] 

or the LISA Traffic Sign Dataset [9]. However, these datasets 

predominantly represent Western or European traffic 

environments and may not accurately reflect the visual 

characteristics of traffic signs in other countries, including 

Indonesia. Differences in color schemes, sign shapes, 

iconography, language, and placement standards can all affect 

a model’s ability to generalize. This discrepancy highlights a 

pressing need to develop and evaluate models tailored 
specifically for Indonesian road signage. 
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One of the core challenges in developing localized traffic 

sign models lies in the limitations of dataset size and variety. 

Collecting and annotating large-scale datasets is time-

consuming and resource-intensive, particularly when 

accounting for the full range of possible traffic sign conditions 

(e.g., lighting, occlusion, angle, degradation) [10]. 

Consequently, training deep learning models from scratch 

under these constraints often leads to overfitting and 

suboptimal performance, especially for sign classes with 
fewer samples. Deep neural networks, particularly 

convolutional-based architectures used in object detection, 

typically require vast amounts of labeled data and 

computational power to achieve generalizable results. 

Without these, their learning capacity is underutilized, and 

their predictions become unreliable in real-world 

deployments [11]. 

Given these limitations, transfer learning emerges as a 

compelling solution. By leveraging knowledge from models 

pretrained on large and diverse datasets, such as COCO [12] 

or ImageNet [13], transfer learning allows researchers to fine-
tune existing models on smaller, domain-specific datasets. 

This approach can significantly reduce training time, improve 

model convergence, and boost accuracy even in data-scarce 

conditions [14]. Applying transfer learning to the Indonesian 

traffic sign dataset could not only overcome the 

generalization issues faced by models trained from scratch but 

also contribute to the broader goal of building robust, locally 

adapted ITS solutions. 

Several studies have addressed traffic sign detection in the 

Indonesian context. Traditional approaches utilizing 

handcrafted features, such as color and texture extraction 

combined with Support Vector Machine (SVM) classifiers, 
have demonstrated high precision and recall rates in detecting 

and recognizing traffic signs [15]. However, these methods 

often lack robustness and scalability when faced with diverse 

environmental conditions. 

The emergence of deep learning has significantly advanced 

traffic sign detection. Convolutional Neural Networks 

(CNNs) have been employed to enhance classification 

accuracy, with reported performance reaching accuracy 

scores of approximately 93% and average F1-scores around 

94% for Indonesian traffic signs [16]. These models benefit 

from automatic feature extraction and greater adaptability but 
require sufficient training data to generalize well. 

To address the challenge of detecting smaller and distant 

traffic signs, recent work has proposed an enhanced Single-

Shot Detector (SSD) tailored for Indonesian traffic signs. This 

approach improves mean average precision (mAP) by 2.52%, 

reaching a mAP of 97.87%, demonstrating the effectiveness 

of specialized object detectors for this domain [17]. Such 

improvements are critical for real-time traffic sign detection 

in dynamic environments. 

Advancements in one-stage object detectors, especially the 

YOLO family, have also been explored. Studies using 

YOLOv4 on Indonesian datasets have shown promising 
results for Advanced Driver Assistance Systems (ADAS), 

balancing detection speed and accuracy [18]. More recent 

work applying YOLOv8 reported mAP values exceeding 

99%, confirming its capability for highly accurate real-time 

detection in Indonesia’s traffic contexts [19]. 

Despite these advances, there is a noticeable lack of studies 

comparing the effectiveness of training models from scratch 

versus utilizing transfer learning on localized datasets like 

Indonesian traffic signs. Transfer learning is known to reduce 

training time and enhance model performance on limited 
datasets, yet its specific impact in this application domain 

remains underexplored 

This work aims to fill this gap by systematically comparing 

transfer learning and training from scratch approaches using 

the lightweight YOLOv11s architecture on Indonesian traffic 

sign data. The study evaluates model accuracy, confidence 

levels, and training efficiency under small-scale dataset 

constraints. The findings provide valuable insights for 

deploying optimized object detection models in intelligent 

transportation systems and ADAS tailored for Indonesia. 

 

II. RESEARCH METHOD  

This study explores the performance of transfer learning 

using the YOLOv11 [7] model in detecting Indonesian traffic 

signs. We compare two training strategies: (1) fine-tuning a 

YOLOv11 model pretrained on a general object detection 

dataset, and (2) training a YOLOv11 model from scratch 

using only the Indonesian traffic sign dataset. The goal is to 

assess the effectiveness of transfer learning in a localized 

traffic environment. This section outlines the dataset utilized 

in the experiments, presents exploratory data analysis (EDA) 

to better understand the dataset characteristics, describes the 

model configuration and training setup, and explains the 
evaluation metrics used to assess model performance. 

A. Dataset  

This study utilizes two datasets: one for training and 

evaluating the traffic sign detection models, and another 

serving as the source of pretraining for transfer learning. 

The primary dataset is the Indonesian Traffic Sign dataset 

[20], obtained from the Roboflow platform and specifically 

curated to include four common traffic sign classes in 
Indonesia: belok kanan (turn right), belok kiri (turn left), 

dilarang putar balik (no U-turn), and putar balik (U-turn). 

While Indonesian roads feature a wider variety of traffic 

signs, this dataset focuses only on these four to simplify the 

classification task and provide a controlled comparison. 

The dataset comprises a total of 4,044 annotated images, 

which are divided into three subsets: 3,536 images for 

training, 339 for validation, and 169 for testing. This 

corresponds approximately to a split ratio of 87.4% training, 

8.4% validation, and 4.2% testing. All images are uniformly 

sized at 640×640 pixels. Each image includes bounding box 

annotations identifying instances of the four traffic sign 
classes. 
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The secondary dataset is the Microsoft COCO (Common 

Objects in Context) dataset [12]. It serves as the source for 

pretraining the YOLOv11 model used in the transfer learning 

approach. COCO is a large-scale object detection, 

segmentation, and captioning dataset containing over 200,000 

labelled images across more than 80 object categories. The 

model pretrained on this dataset has already learned general-

purpose visual features, which can be fine-tuned to adapt to 
more specific tasks like Indonesian traffic sign detection. The 

COCO dataset is not used directly in this study for evaluation 

but is critical for initializing the weights of the transfer 

learning model. 

B. Exploratory Data Analysis (EDA) 

In this study, exploratory data analysis (EDA) was 

conducted exclusively on the Indonesian traffic sign dataset. 

This decision is based on the fact that the COCO dataset is 

only used for pretraining purposes and not involved in model 
evaluation or direct training on the target task. 

The Indonesian Traffic Sign dataset exhibits a relatively 

balanced class distribution, which is crucial for training a 

machine learning model that can generalize well across 

different types of objects. As illustrated in Figure 1, the "Turn 

left" class appears most frequently with 939 instances, 

followed closely by "No U-turn" with 908 instances, "U-turn" 

with 863 instances, and "Turn right" with 856 instances. This 

distribution suggests that there is no overwhelming 

dominance of any particular class, which helps prevent the 

model from being biased toward one class. A balanced dataset 
ensures that the model is trained to correctly classify each type 

of action, without overly favouring one class at the expense 

of others. 

 

 
Figure 1. Class Distribution 

 

In terms of bounding box sizes, there is considerable 

variation in both the width and height of the boxes. The 

bounding box width is distributed across 20 bins, with the 

range extending from 58.0 pixels to 640.0 pixels. The data 
reveals that most bounding boxes have a width in the range of 

494.5 to 640.0 pixels, with the highest concentration of boxes 

falling in the range of 610.9 to 640.0 pixels. This range alone 

accounts for 1,329 instances, the largest of any bin. This 

indicates that most of the objects in the dataset are relatively 

large in width, which could correspond to larger or more 

prominent objects within the images. Figure 2 illustrates this 

distribution, highlighting the predominance of wider 

bounding boxes. 

 

 
Figure 2. Bounding Box Width Distribution 

 

The bounding box height distribution mirrors this trend, 

with a range spanning from 62.0 to 640.0 pixels. The largest 

concentration of bounding boxes falls between the 524.4 and 

640.0 pixel range, with the peak being in the 582.2 to 611.1 

pixel range, where 422 bounding boxes are located. This 

suggests that most of the objects in the images are similarly 

large, but there is also a substantial spread in terms of height, 
indicating a variety of object sizes within the dataset. The 

distribution is visualized in Figure 3, showing that taller 

bounding boxes are also prevalent. 

 

 
Figure 3. Bounding Box Height Distribution 

 

The area of each bounding box follows a similar pattern to 

width and height. The distribution of bounding box areas is 

clustered into 20 bins, with the largest number of bounding 

boxes occurring in the area range of 288,784.6 to 409,600.0 

px². Specifically, the area range of 349,192.3 to 369,328.2 px² 

accounts for the largest number of occurrences (376 bounding 

boxes), with the second highest concentration in the range of 

329,056.4 to 349,192.3 px² (350 bounding boxes). These 

larger bounding boxes suggest that the dataset predominantly 

contains large objects, which may be indicative of the type of 
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scenes captured in the images, such as vehicles or other large 

items. The wider distribution of bounding box areas also 

indicates that the model will need to handle objects of varying 

sizes, which can be a challenge but also a sign of dataset 

diversity. This distribution is visualized in Figure 4, which 

clearly shows the dominance of larger bounding box areas in 

the dataset. 

 

 
Figure 4. Bounding Box Area Distribution 

 

Looking at the number of bounding boxes per image, 

98.98% of the images contain only a single bounding box, 

while the remaining 1.02% contain two bounding boxes. This 

means that, in most cases, the images are labelled with a 

single object, which could be a specific vehicle or action. 

However, the small percentage of images with multiple 

bounding boxes suggests that some images may contain more 
than one object or action, albeit relatively infrequently. The 

fact that most images contain only one bounding box can help 

streamline the training process, as the model doesn't need to 

handle complex scenarios with many overlapping bounding 

boxes. 

 

 
Figure 5. Heatmap of Bounding Box Center 

 

To further understand the spatial distribution of objects 

within the dataset, a heatmap of the bounding box center 
coordinates was generated using a 20×20 grid as shown in the 

Figure 5. The heatmap reveals how frequently bounding 

boxes appear in different regions of the image frame, 

providing insight into spatial biases in object placement. 

Out of the 400 total bins, 137 contained at least one 

bounding box center. The most populated bin recorded 885 

bounding box centers, suggesting a strong concentration of 

objects in that specific region. This bin corresponds to the 

horizontal range of approximately 314.3 to 341.3 pixels and 

the vertical range of 300.8 to 327.7 pixels, which is near the 

center of the image. The least populated non-zero bin contains 
3 bounding boxes, showing that while some peripheral 

regions are used, they are less common. This pattern suggests 

that most objects tend to appear toward the center of the 

image, which is typical in many visual datasets due to 

common framing practices.  

 

 
Figure 6. Sample Images and Their Bounding Box 

 

Four sample images as illustrated by figure 6 are provided 

to demonstrate the variability in bounding boxes within the 

dataset. Each image showcases a different scenario with the 

corresponding bounding boxes drawn around the objects of 

interest. These visual examples highlight the range of object 

sizes, their different positions within the image, and the 

accuracy of the annotations. By examining these samples, we 
can observe the diverse nature of the dataset, which includes 

objects of varying scales, shapes, and placements.  

This diversity not only enriches the dataset but also reflects 

the types of real-world scenarios the model will encounter. 

The bounding boxes in these images are crucial, as they help 

guide the model’s attention to the relevant regions, ensuring 

it focuses on the right areas during training. The variation in 

the bounding boxes, from smaller objects to larger ones, 

provides a comprehensive representation of how the model 

will handle diverse object sizes and placements. This will 

contribute to better generalization during the model's 
deployment, as it will be trained to detect objects in various 

contexts, enhancing its ability to work with unseen data. 
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TABLE I 

SUMMARY OF EDA ON THE INDONESIAN TRAFFIC SIGN DATASET 

Feature Analyzed Key Findings 

Class Distribution Relatively balanced. Most frequent: “Turn 
left” (939), followed by “No U-turn” 
(908), “U-turn” (863), and “Turn right” 
(856). 

Bounding Box 
Width 

Ranges from 58 to 640 px. Most boxes 
fall in the 610.9–640.0 px range (1,329 
instances). 

Bounding Box 
Height 

Ranges from 62 to 640 px. Highest 
concentration in the 582.2–611.1 px range 
(422 instances). 

Bounding Box 
Area 

Most common area range: 349,192–
369,328 px² (376 instances). Dataset 
dominated by large objects. 

Bounding Boxes 

per Image 

98.98% of images contain a single 

bounding box. Only 1.02% contain two. 

Object Position in 
Image 

137/400 bins populated. Highest 
concentration (885 boxes) near the center 
of the image. 

 

To complement the detailed descriptions above, a summary 

of the key findings from the exploratory data analysis is 

presented in Table 1. This table provides a concise overview 

of the dataset characteristics, including class distribution, 

bounding box dimensions, object locations, and image-level 

statistics. It is intended to give readers a quick reference to the 

most relevant insights that inform subsequent model training 

and evaluation. 
 

C. Model and Training Setup  

For this study, five object detection models were trained 

using the YOLOv11s architecture, which is a lightweight 

version of the recently released YOLOv11 series developed 

by Ultralytics [7]. YOLOv11 builds upon the success of 

previous YOLO (You Only Look Once) [6] versions. The 

YOLO family of models is known for its ability to perform 

real-time object detection with a single forward pass through 
a convolutional neural network, which balances detection 

accuracy and speed effectively. Transfer learning has been 

shown to be effective when labelled data is limited in the 

target domain [11], [21], which aligns with our use case 

involving a small, domain-specific dataset, making 

YOLOv11s a suitable choice for leveraging pretrained 

weights in a resource-constrained setting. 

In our experiments, we evaluated two different training 

strategies (1) transfer learning models, trained for 10, 20, and 

30 epochs using pretrained weights from the COCO dataset. 

(2) From-scratch models, trained for 30 and 60 epochs from 
randomly initialized weights (no pretraining).  

The choice to include from-scratch models was motivated 

by the need to assess how well YOLOv11s can adapt to a 

small, domain-specific dataset—such as Indonesian traffic 

signs—without the benefit of large-scale prior knowledge. All 

experiments were conducted using Google Colab, which 

provided access to NVIDIA Tesla T4 GPUs with 16 GB of 

VRAM. The training was performed using the Ultralytics 

YOLOv11 training pipeline, which includes built-in data 

augmentation, automatic mixed precision (AMP), and a well-

optimized training loop.  

The goal of this setup was to compare the effectiveness and 

efficiency of transfer learning versus training from scratch for 

the task of Indonesian traffic sign detection. Transfer learning 

is expected to converge faster due to the knowledge 
transferred from large-scale datasets like COCO, while 

training from scratch is hypothesized to require more epochs 

and computational resources to reach competitive 

performance. 

D. Evaluation Metrics 

To evaluate the performance of the YOLOv11 model for 

Indonesian traffic sign detection, we adopt standard object 

detection metrics that jointly assess the model’s localization 

and classification accuracy. These metrics are critical for 
understanding how well the model detects traffic signs of 

varying sizes and conditions in real-world scenarios.  

A central concept in evaluating object detection is the 

Intersection over Union (IoU), which quantifies the overlap 

between the predicted bounding box and the ground truth 

bounding box. It is defined as: 

 

IoU =
|Bp ∩ Bgt|

|Bp ∪ Bgt|
 (1) 

 

where 𝐵𝑝 is the predicted bounding box and 𝐵𝑔𝑡  is the ground 

truth bounding box. A prediction is considered a True Positive 

(TP) if its IoU with a ground truth box exceeds a predefined 

threshold (commonly 0.5). Conversely, if the IoU is below the 

threshold or if the prediction does not match any ground truth, 
it is considered a False Positive (FP). Meanwhile, a False 

Negative (FN) occurs when a ground truth object is missed 

(i.e., not matched by any prediction above the IoU threshold). 

This makes IoU not only a localization metric but also a core 

criterion for classifying detection results.  

Precision measures the ratio of correctly predicted positive 

samples (true positives) to the total predicted positives. It 

indicates how many of the detected objects are correct: 

 

Precision =
TP

TP + FP
 (2) 

 

Recall measures the ratio of correctly predicted positives to 

all actual positives in the ground truth. It reflects the model's 

ability to detect relevant objects: 

 

Recall =
TP

TP + FN
 (3) 

 

The F1 Score is the harmonic mean of precision and recall. 

It is a balanced metric that considers both false positives and 

false negatives. A high F1 score indicates a good balance 

between precision and recall. 
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F1 Score = 2 ⋅
Precision ⋅ Recall

Precision + Recall
 (4) 

 

Finally, this study uses mean Average Precision (mAP) as 

the primary evaluation metric. It provides a summary of the 

model's precision across different recall levels. The mAP is 

computed by calculating the Average Precision (AP) for each 

class and then averaging those values. AP is calculated as the 
area under the precision-recall curve: 

 

AP = ∫ 𝑝(𝑟)
1

0

 𝑑𝑟 (5) 

 

where p denotes precision, and r denotes recall. mAP 

aggregates AP scores across all object classes. In our 

evaluation, we report both (1) 𝑚𝐴𝑃@0.5, where IoU is fixed 

at 0.5 and (2) 𝑚𝐴𝑃@0.5: 0.95, which averages AP over IoU 

thresholds from 0.5 to 0.95 (in steps of 0.05): 

 

mAP@0.5: 0.95 =
1

10
∑ AP@IoU

0.95

IoU=0.5

 (6) 

 

We follow the standard mean Average Precision (mAP) 

metric at a 0.5 IoU threshold as defined in the PASCAL VOC 

challenge [22] to evaluate model performance. To provide a 
more robust performance evaluation, we also report 

𝑚𝐴𝑃@0.5: 0.95 following the COCO evaluation protocol, 

[12] which penalizes localization inaccuracies more strictly. 

By incorporating these metrics, we gain a comprehensive 

understanding of the model's ability to correctly localize and 

classify traffic signs, which is essential for safe and reliable 

deployment in real-world transportation systems. 

 

III. RESULT AND DISCUSSION 

A. Quantitative Results 

This section presents a detailed comparison of the five 

trained models in terms of their detection performance on the 

validation set. The models include three variants using 

transfer learning (TL-10, TL-20, TL-30) and two models 
trained from scratch (FS-30, FS-60). Each model is evaluated 

using standard object detection metrics: Precision, Recall, 

mAP@0.5, and mAP@0.5:0.95, as previously defined in 

section 2. 

 

TABLE 2 

MODEL PERFORMANCE COMPARISON 

Model Precision Recall mAP@0.5 mAP@0.5:0.95 

TL-10 0.731 0.983 0.782 0.696 

TL-20 0.739 0.988 0.780 0.710 

TL-30 0.731 0.994 0.781 0.711 

FS-30 0.728 0.978 0.763 0.691 

FS-60 0.721 0.979 0.777 0.703 

 

Table 2 summarizes the quantitative performance of all 

five models. The results indicate that all models demonstrate 

satisfactory performance, with Recall consistently exceeding 

0.97 across all configurations. Among the transfer learning 

models, TL-30 yields the highest performance in terms of 

Recall, mAP@0.5, and mAP@0.5:0.95. TL-20 achieves the 

highest Precision value among the transfer learning models. 

In comparison, the models trained from scratch generally 
exhibit inferior performance across most metrics, particularly 

with respect to mAP@0.5:0.95. Nonetheless, FS-60 achieves 

a slightly higher mAP@0.5:0.95 than TL-10 (0.703 vs. 

0.696), which may be attributed to the longer training 

duration. 

 

TABLE 3 

CLASS-WISE PRECISION COMPARISON 

Model Turn Right Turn Left No U-turn U-turn 

TL-10 0.587 0.396 0.973 0.970 

TL-20 0.592 0.399 0.966 0.998 

TL-30 0.593 0.396 0.969 0.965 

FS-30 0.595 0.396 0.932 0.990 

FS-60 0.584 0.395 0.924 0.980 

 

Table 3 presents the precision scores for each class across 

models. Overall, the transfer learning models consistently 

outperformed or matched the from-scratch models in most 

classes, especially during early training (e.g., TL-10 vs. FS-

30). For example, the TL-10 model achieved a high precision 

of 0.973 and 0.970 for no U-turn and U-turn signs, 

respectively, which is already competitive with longer-trained 

from-scratch models. As the training epoch increased, the TL 

models demonstrated slight improvements, peaking at 0.998 

precision for the U-turn class with TL-20. 
The turn right and turn left classes showed smaller 

precision margins across models, with all models yielding 

similar values around 0.59 and 0.39, respectively. This 

suggests these two classes might be more challenging, 

potentially due visual similarity or limited dataset quality. 

Interestingly, while FS-60 was trained for twice as long as 

TL-30, it still failed to outperform TL-30 in most categories. 

This highlights the efficiency and effectiveness of transfer 

learning, especially when training resources or annotated data 

are limited.  

 

TABLE 4 

CLASS-WISE RECALL COMPARISON 

Model Turn Right Turn Left No U-turn U-turn 

TL-10 0.973 0.985 0.987 0.988 

TL-20 0.980 0.985 0.987 1.000 

TL-30 1.000 1.000 0.987 0.990 

FS-30 0.976 0.970 0.987 0.979 

FS-60 0.961 0.970 1.000 0.983 
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Table 4 shows the recall scores for each traffic sign class 

across all models. In general, models trained with transfer 

learning demonstrated superior recall performance, 

particularly as training epochs increased. The TL-30 model 

achieved perfect recall (1.00) on both the turn right and turn 

left classes, indicating that the model was able to correctly 

detect nearly all relevant instances of these signs. This trend 

was also observed in other TL models, which maintained high 
recall across all classes, even with fewer epochs (e.g., TL-10 

and TL-20 scoring 0.985 or above in all categories). 

From-scratch models also performed well but showed 

slightly lower recall, especially in the turn right class. For 

example, FS-60 only achieved 0.961 recall for turn right, 

compared to 1.00 in TL-30. Interestingly, FS-60 reached a 

perfect recall of 1.00 for the no U-turn class, but this did not 

translate to consistent improvement across the board. These 

results indicate that transfer learning provides better 

generalization and object recognition capability with fewer 

epochs, particularly for classes with more variability or fewer 
instances. In contrast, from-scratch training required more 

epochs but still occasionally underperformed, especially in 

recognizing turn right signs. 

 

 
Figure 7. Training and Validation Losses for TL-30 Model 

 

The TL-30 model, trained for 30 epochs using transfer 

learning, exhibits a consistent decrease in both training and 

validation losses, as shown in Figure 7. The training loss 

declines from an initial value of 0.7478 to 0.3155, while the 

validation loss decreases from 0.9888 to 0.4897. Although the 

validation loss shows some fluctuations during the early 
epochs, it stabilizes after Epoch 10. This pattern indicates 

good generalization and minimal overfitting by the end of 

training. 

 

 
Figure 8. Training and Validation Losses for FS-60 Model 

 

The FS-60 model, trained from scratch for 60 epochs, 

demonstrates a more gradual decline in losses, as illustrated 

in Figure 8. The training loss decreases from 2.4501 to 

0.3253, and the validation loss from 1.6495 to 0.4906. While 

the trend reflects effective learning, the broader gap between 

training and validation losses suggests a tendency toward 

overfitting, particularly during the initial stages of training. 
A direct comparison of the two models reveals that TL-30 

converges more rapidly and achieves lower losses earlier in 

training, benefiting from the pretrained weights introduced 

through transfer learning. In contrast, FS-60 requires a 

substantially longer training period to reach comparable 

performance and exhibits greater susceptibility to overfitting. 

These results underscore the efficiency and stability offered 

by transfer learning in accelerating model convergence and 

improving generalization. 

 

 
Figure 9. Comparison of Validation F1 Score Between TL-30 and FS-60 

 

Figure 9 shows the comparison of validation F1 score 
between TL-30 and FS-60. The TL-30 model demonstrates a 

strong and consistent improvement in F1 score throughout the 

training process. Starting from an initial value of 0.68 at epoch 

1, the F1 score steadily increases, reaching 0.84+ by epoch 20 

and peaking at 0.847 by epoch 30. Progression suggests that 

the model quickly learns and stabilizes within the first 15 

epochs, with only minor fluctuations in later stages, indicating 

good convergence and generalization on the validation set. 
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The FS-60 model begins with a relatively low F1 score of 

0.22 in epoch 1 but shows rapid gains in the early stages, 

surpassing 0.8 by epoch 12. The model continues to improve 

gradually, with F1 scores stabilizing between 0.82 and 0.84 

from epoch 20 onward. By epoch 60, the F1 score reaches 

0.841, suggesting that the model is capable of achieving high 

performance through extended training, despite a slower 

convergence rate.  

While both models ultimately attain comparable F1 scores 
of approximately 0.84, the TL-30 model reaches this level of 

performance significantly earlier, highlighting the benefits of 

transfer learning in terms of training efficiency. FS-60, in 

contrast, necessitates the full training duration to match TL-

30's performance, reflecting a more extended learning curve. 

This comparison further reinforces the advantage of 

leveraging pretrained models for faster convergence and 

enhanced performance with fewer resources. 

 

 
Figure 10. Normalized Confusion Matrix for TL-30 Model 

 

Figure 10 presents the normalized confusion matrix for the 

TL-30 model. The results indicate excellent classification 

performance for the "no U-turn" and "U-turn" classes, with 

over 97% of instances correctly identified. The model 

encounters challenges in detecting the "turn left" class, which 

is frequently misclassified as background. Additionally, the 

"turn right" class shows some confusion with "turn left," 

indicating potential difficulty in distinguishing between 
similar directional signs. 

Figure 11 shows the normalized confusion matrix for the 

FS-60 model. Similar to TL-30, it maintains strong 

performance in identifying the "no U-turn" and "U-turn" 

signs, albeit with slightly reduced precision. The FS-60 model 

demonstrates improved recognition of the "turn left" class, 

with fewer instances misclassified as background. Although 

some predictions fall into the background class, this behavior 

is typical in object detection and generally reflects cases with 

low confidence or partial visibility rather than systematic 

failure. 

 

 
Figure 11. Normalized Confusion Matrix for FS-60 Model 

 

These findings suggest that models incorporating transfer 

learning, particularly TL-30, are more suitable for practical 

deployment in real-world traffic sign detection systems. The 
TL-30 model achieves optimal performance more rapidly, 

thereby reducing training time and computational cost. This 

makes it more adaptable to real-time applications where 

retraining may be necessary. Future work may focus on 

addressing class-specific challenges, such as improving the 

classification of visually similar traffic signs, through targeted 

data augmentation or enhancements in model architecture. 

Moreover, investigating lightweight models could facilitate 

deployment on resource-constrained devices commonly used 

in edge computing scenarios. 

B. Qualitative Results 

To further illustrate the performance differences between 

the transfer learning (TL-30) and from-scratch (FS-60) 

models, we present qualitative analyses using representative 

images from each class. We examine the inference results on 

selected test images across four traffic sign classes (turn right, 

turn left, no U-turn, and U-turn) under diverse and 

challenging conditions, including low-light/nighttime 

environments, motion blur, and partial occlusion. For each 

class, two representative samples were chosen to illustrate 
how the models handle these edge cases. This analysis 

provides deeper insight into the robustness and generalization 

capabilities of each model beyond overall precision and recall 

scores. 

As illustrated in Figure 12, two qualitative samples for the 

turn right class were evaluated under different challenging 

conditions. In the first sample (top row), the TL-30 model 

incorrectly classified the sign as turn left with a confidence 

score of 0.56, resulting in a false positive. Conversely, the FS-

60 model correctly identified the sign as turn right, albeit with 

a lower confidence of 0.45. This suggests that in certain 

scenarios, the FS-60 model may demonstrate more cautious 
yet accurate predictions, whereas the TL-30 model, despite 

generally higher performance, can exhibit overconfident 

misclassification in ambiguous contexts.  
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Figure 12. Qualitative comparison of “turn right” predictions. Left column: 

TL-30. Right column: FS-60. 

 

In the second sample (bottom row), the input image was 

affected by motion blur. Both models failed to correctly detect 

the turn right sign and instead misclassified it as turn left, with 

confidence scores of 0.50 (TL-30) and 0.49 (FS-60). This 

result highlights a shared vulnerability in handling blurred or 

low-quality visual input, indicating both models rely heavily 

on clear edge definitions and shape consistency for accurate 

detection. These observations from Figure 12 show that while 

TL-30 generally outperforms FS-60, the from-scratch model 

may occasionally offer better reliability in certain edge cases, 

and both models face challenges when operating under 
impaired visual conditions. 

The turn left class is illustrated in Figure 13, featuring two 

samples that highlight model performance under both normal 

and occluded conditions. In the first sample, both the TL-30 

and FS-60 models successfully detected the turn left sign in a 

clear, unobstructed image. TL-30 produced a correct 

prediction with a confidence score of 0.53, slightly 

outperforming FS-60, which also yielded a true positive but 

with a lower confidence of 0.47. This result aligns with the 

general trend observed in the quantitative evaluation, where 

TL-30 consistently offers higher detection confidence. 
The second sample introduces a challenging scenario 

where the turn left sign is partially occluded by overgrown 

vegetation. In this case, the TL-30 model successfully 

detected the correct class with a confidence of 0.52. In 

contrast, the FS-60 model misclassified the sign as turn right 

with a confidence of 0.43, resulting in a false positive. This 

suggests that the TL-30 model may possess better robustness 

to partial occlusion, likely due to the advantage of pre-learned 

feature representations from transfer learning. 

 

 
Figure 13. Qualitative comparison of “turn left” predictions. Left column: 

TL-30. Right column: FS-60. 

 

Figure 14 presents two qualitative samples for the no U-

turn class, showcasing model performance under challenging 

visual conditions such as blur and low-light/nighttime 

environments. In the first sample, the image is affected by 

motion blur, yet both TL-30 and FS-60 models successfully 
produced true positive detections. Interestingly, the FS-60 

model achieved a slightly higher confidence score of 0.86 

compared to TL-30’s 0.82.  

 

 
Figure 14. Qualitative comparison of “no U-turn” predictions. Left column: 

TL-30. Right column: FS-60. 

 

The second sample was taken in a nighttime scenario with 

reduced lighting. Again, both models accurately detected the 

no U-turn sign, with FS-60 again showing a slightly higher 

confidence (0.91) than TL-30 (0.88). These results indicate 
that both models are highly reliable in detecting the no U-turn 

class, even under suboptimal conditions. Overall, Figure 14 

demonstrates that for the no U-turn class, both TL-30 and FS-

60 models perform consistently and confidently, with FS-60 

showing a marginal advantage in confidence under blur and 
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low-light conditions. This could be attributed to the high 

visual contrast and distinctive shape of the no U-turn sign, 

making it easier to detect accurately across different training 

strategies 

 

 
Figure 15. Qualitative comparison of “U-turn” predictions. Left column: 

TL-30. Right column: FS-60. 

 

Figure 15 illustrates the qualitative results for the U-turn 

class, evaluated under both normal and blurry visual 

conditions. In the first sample, which features a clear and 

well-lit image, both the TL-30 and FS-60 models successfully 

produced true positive detections. TL-30 predicted the correct 

class with a confidence of 0.94, while FS-60 closely followed 

with a confidence of 0.93. This indicates that both models 

perform consistently well in optimal visual conditions, with 
only minimal differences in confidence levels. 

In the second sample, the input image was affected by 

motion blur. Despite the visual degradation, both models 

again correctly detected the U-turn sign. The FS-60 model 

produced a slightly higher confidence of 0.89, compared to 

TL-30's 0.87. This reinforces the observation from previous 

classes that both models maintain strong performance even 

under blurry conditions, with FS-60 occasionally exhibiting 

marginally higher confidence in such scenarios. 

The qualitative analysis provides further insight into the 

strengths and limitations of both the TL-30 and FS-60 models 
beyond what quantitative metrics alone can capture. Across 

various challenging conditions—including motion blur, low 

lighting, occlusion, and clear visibility—TL-30 consistently 

demonstrated higher robustness and generalization, 

particularly when signs were partially obscured or visually 

ambiguous. However, the FS-60 model occasionally 

outperformed TL-30 in specific scenarios, such as detecting 

certain signs in blurry or low-light conditions, albeit often 

with lower overall confidence. These findings highlight that 

while transfer learning significantly enhances detection 

reliability with fewer training epochs, combining it with data 

augmentation or robustness-focused training strategies could 

further improve model performance in real-world 

deployments. 

 

C. Discussion 

This study demonstrates the significant effectiveness of 

transfer learning in training traffic sign detection models, as 
evidenced by the higher mean Average Precision (mAP) 

achieved by the TL-30 model compared to the FS-60 model 

trained from scratch. Transfer learning leverages pretrained 

feature representations from large-scale datasets, enabling the 

model to converge faster and generalize better on the target 

task with fewer training epochs. This advantage is clearly 

reflected in the TL-30 model’s rapid improvement in mAP, 

reaching strong performance within just 15 epochs, whereas 

the FS-60 model required substantially longer training to 

approach comparable accuracy. 

A notable challenge observed in this study was the class-

specific variability in detection performance, particularly for 
the “turn left” sign. Both quantitative confusion matrices and 

qualitative prediction analyses revealed frequent 

misclassification between “turn left” and visually similar 

classes, such as “turn right” and background. This suggests 

that the issue stems from low visual distinctiveness rather than 

class imbalance or labeling errors. Subtle directional cues, 

such as arrow orientation, may be difficult for the model to 

reliably detect under real-world conditions involving image 

noise, resolution limits, or occlusion. Addressing this 

limitation may require targeted data augmentation, higher-

resolution inputs, or improved model sensitivity to fine-
grained features. 

From an application perspective, the superior performance 

and faster convergence of the transfer learning model have 

important implications for real-world deployment of traffic 

sign detection systems. Efficient training reduces 

development time and computational costs, facilitating timely 

updates and scalability in dynamic environments. Moreover, 

understanding the limitations in detecting certain classes 

guides future dataset refinement and model optimization 

efforts, ultimately improving the robustness and reliability of 

intelligent transportation systems. 
 

IV. CONCLUSION 

This study investigated the performance of transfer 

learning versus training from scratch for traffic sign detection 

using a custom dataset. The transfer learning model 

demonstrated superior accuracy, faster convergence, and 

more efficient training compared to the model trained from 

scratch. While both models eventually achieved comparable 

detection performance, transfer learning significantly reduced 

the required training time and mitigated overfitting risks. 

Class-specific analysis revealed challenges in accurately 

detecting visually similar signs such as "turn left," 
highlighting the need for improved dataset diversity and 

targeted augmentation strategies. These insights are valuable 
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for advancing traffic sign detection systems in real-world 

applications, where timely and reliable detection is critical for 

intelligent transportation and autonomous driving. 

Future work may explore integrating additional data 

sources and refining model architectures to further enhance 

detection robustness, particularly for ambiguous classes. 

Overall, the findings affirm the effectiveness of transfer 

learning as a practical approach for developing high-
performance object detection models with limited training 

data. 
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