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Abstract. Traffic signs are a crucial part of maintaining driver and pedestrian
safety on the road since they are being designed to provide essential information
and alerts of potential hazards. With the rapid development of Advanced Driver
Assistance Systems (ADAS), traffic sign recognition is also becoming much of
a concern. However, due to real-world variations such as lighting conditions,
occlusion, weather factors, motion blur and colour fading, there are still some
failures in traffic sign recognition that cannot be perfectly resolved. Therefore, we
implement image enhancement techniques and a pre-trained convolutional neural
network for traffic sign recognition in this paper. Our proposed model uses the
pre-trained VGG19 model as the baseline model and changes the fully connected
layer and classifier of the VGG19 model. The experimental results demonstrate
the effectiveness of applying image enhancement. Our proposed model was able
to outperform the traditional machine learning method but did not surpass other
deep learning methods.
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1 Introduction

Traffic signs are crucial for every road user as they can be used to warn and guide road
users. Moreover, traffic signs can help minimize road accidents and provide a safe traffic
environment for road users. Traffic signs are usually designed to be easily noticeable
which have a brighter colour and simple shapes. The first Traffic Sign Recognition
System (TSRS) can be traced back to 1987, during that time, Akatsuka and Imai made
an early TSRS [1]. As the development and interest in Advanced Driver Assistance
Systems (ADAS) increased, the interest in traffic sign recognition also increased. Traffic
sign recognition has been used in a variety of real-world applications, including traffic
monitoring, transport system management, driver assistance, and traffic scene analysis.
Even though traffic sign recognition has been used in many real-world applications,
the development of powerful real-time TSRS still faces many challenges because of
the real-world variability, including lighting conditions, scale variants, bad viewpoints,
weather factors, motion-blur, and faded colour. Traffic sign recognition, in general, has
included detection and recognition, but in this paper, we will only focus on traffic sign
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classification. Detection is the process of extracting targets, whereas recognition is the
process of classifying and identifying targets.

Recently, most of the image recognition research work has been done by using deep
learning methods such as convolutional neural networks (CNN). The huge progress
made in image classification over the past decade has inspired us to take a deeper look
at the performance of CNN’s pre-trained model for traffic sign recognition.

Classifying traffic signs accurately is important in Advanced Driver Assistance Sys-
tems (ADAS) because it helps to provide essential information, for instance, the route
direction, traffic rules and the road condition. Therefore, we implemented the image
processing and a CNN'’s pre-trained model to classify the German Traffic Sign Recog-
nition Benchmark (GTSRB) dataset. In addition, we assessed the model’s performance
in traffic sign classification.

Next section will review the traffic sign dataset, existing traffic sign recognition
techniques and transfer learning techniques. Section 3 will discuss our proposed method.
Section 4 is our experimental results. Last section will conclude our work.

2 Literature Review

As the first suggestion for traffic sign recognition has passed more than 20 years, tremen-
dous progress has been made in the traffic sign recognition field. It is difficult to evaluate
different classification models because many researchers used different datasets and
methods to recognise traffic signs. The detection and classification of traffic signs are
the two main components of traffic sign recognition. Some of the researchers have
combined detection and classification in their research, while others have only done
classification. A real-world TSRS typically requires both detection and classification
functions to recognise traffic signs, however, for this project, we will only be concerned
with classifying the traffic sign images.

2.1 Traffic Sign Dataset

According to [2], although many studies on traffic sign recognition have been published,
all of them are based on private data that is not available to the public. As a result, the
author has introduced an open-source dataset, the GTSRB dataset, to address the lack
of large and publicly available datasets that can be used for traffic sign recognition.
After the presence of the GTSRB dataset, an increasing number of publicly available
datasets which could be used for traffic sign recognition have been created. As shown in
Fig. 1, in addition to the GTSRB dataset, there are some other publicly available traffic
sign datasets, such as STS, KUL, RUG, Stereopolis, and LISA, which are all collected
from different countries. Among all of these datasets, the GTSRB dataset is the most
well-known because it was used for competition at IICNN 2011, and it is the largest
dataset available. The STS and KUL datasets are also commonly used for traffic sign
recognition, as they both contain full images that can be used for detection. Apart from
this, only the KUL and LISA datasets have included videos in their dataset.
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Fig. 1. Traffic sign dataset that is available to the public [3]

2.2 Traffic Sign Recognition

Previous research has proposed various classifiers and algorithms to recognise traffic
signs. The classifier is further categorized into two types which are traditional machine
learning methods and deep learning methods. Traditional recognition methods include
(but not limited to) support vector machines (SVM) [4, 5], random forest [5] and KD-tree
[5] whereas deep learning methods include CNN [6-10, 16, 17], Capsule Network [11]
and Extreme Learning Machine (ELM) [12].

Romdhane et al. [4] and Zaklouta and Stanciulescu [5], both used traditional method
to perform traffic sign recognition and achieve high accuracy rate. Although traditional
machine learning methods also can perform well in traffic sign recognition, as stated in
the Qian et al. [14] manually engineered features take a long time and it is an error-prone
process. In contrast, deep learning methods can learn features automatically from data,
making a notable contrast to hand-crafted features. Thus, a variety of studies for traffic
sign recognition and classification have been carried out by using deep learning.

Ciresan et al. [6] has proposed a committee of CNN and MLP methods to recognise
GTSRB dataset and the accuracy score can be achieved to 99.15%. Besides that, Zeng
et al. [7] has proposed the combined method to classify the traffic signs. In this paper,
CNN was used to perform feature learning, and the Extreme Learning Machine (ELM)
was used as a classifier. The result of the proposed method shows that it can correctly
classify the GTSRB dataset with an accuracy of 99.4%. Aziz et al. [12] proposed a feature
set combination method with an ELM classifier to recognise traffic sign images.The
proposed method can provide 99.10% of recognition rate on the GTSRB dataset, while
on the Belgium Traffic Sign Classification (BTSC) dataset it achieves a recognition rate
of 98.33%.

In the paper of Kumar [11], the author proposes a capsule network to recognize
the GTSRB dataset. The author claimed that CNN failed to obtain the position, orien-
tation, and perspective of the images due to the limitations of the max-pooling layer.
Therefore, they decided to use a capsule network to recognize images. The result of
Caps Net shows that it can classify the traffic sign with a 97.62% accuracy rate. In
addition, in Cao et al. [8], the traffic signs are recognised using an improved LeNet-5
model. The improved LeNet-5 model can achieve 99.75% accuracy in classifying the
GTSRB dataset. Xu and Srivastava [9] have implemented a Histogram Equalization
(HE) method to reprocess the traffic sign images, which can improve the information
and brightness of the images. The convolutional neural network (CNN) was then used to
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automatically detect the traffic sign, and the complex structural information contained
in the traffic sign image was obtained by using the hierarchical significance detection
approach. Contrast limited adaptive histogram equalization (CLAHE) [15] is commonly
used in image enhancement. It can prevent the over-amplification of the contrast that
occurs in adaptive histogram equalization (AHE). In CLAHE, it takes the small area of
the image to operate the contrast amplification, rather than using the whole image. After
each title has done contrast amplification, they will be blended with the neighbourhood
using bilinear interpolation so that the arbitrary boundaries can be removed. CLAHE
image enhancement technique is employed in this paper to enhance the images quality.

2.3 Transfer Learning

Transfer learning can be referred to as a method of reusing previously trained models
for a new but related task. The transfer learning method is extremely useful to solve
real-world problems because real-world data usually does not have enough labelled data
to train complex models. Besides that, transfer learning is also useful to speed up the
training time because it will use the knowledge gained from a previous task to train the
model. Some research works have proven that applying transfer learning to the CNN
model can achieve high accuracy.

Zhou et al. [10] have developed an Improved VGG (IVGG) model to recognize
traffic sign images. The main dataset taken for this research is the GTSRB dataset.
Transfer learning and data augmentation have been applied by the authors to optimize
the recognition rate of traffic sign images. The accuracy rate for the IVGG model is 99%.
Even though the recognition rate for the IVGG model is up to 99%, but the authors have
stated the inadequacy of the IVGG model. The IVGG model cannot perform well with
the traffic sign images that are under darkness and motion blur background. This paper
helps us understand the problem of overfitting as well as how to overcome it by using
transfer learning and data augmentation.

Moreover, transfer learning method can also be seen in [13]. The transfer learning of
the CNN models has been proposed to diagnose COVID-19 from Chest X-ray datasets.
As stated by the author, the most difficult challenge is the classification of medical
images because it is limited by the availability of annotated medical images. However, the
transfer learning method can be used to solve this problem. In this paper, the classification
work done by using the DeTrac and the VGG19 model can achieve the highest accuracy
rate. We learned from this paper that even if we have a limited dataset, we can train
and test our model using a deep learning-based transfer learning approach to get a good
result.

In conclusion, the analysis of these previous works shows that the pre-trained con-
volutional neural network model can give reliable performance in both the medical and
traffic sign recognition fields. Therefore, the CNN pre-trained model is implemented in
our project.
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Fig. 2. VGG19 model and our proposed model.

3 Method

3.1 Model Structure

In this project, we implement transfer learning and modify the VGG19 model’s architec-
ture. There are 16 convolution layers, 5 max pooling layers, 3 fully connected layers, and
1 softmax classifier in the VGG19 model. However, instead of using two fully connected
layers, in this project, we only use one fully connected layer and one softmax classifier
in our output layer. Therefore, our proposed model in this project has 16 convolution
layers, 5 max pooling layers, 1 fully connected layer, and 1 softmax classifier. The pur-
pose of changing the fully connected layer is that we want the model to be lighter than
its original so that it has faster convergence and reduced overfitting issue. The kernel
size and activation function that is used in our proposed model are the same as those
used in the VGG19 model, which is a 3 x 3 kernel size and ReL.U activation function.
Besides that, we will not make any changes to the convolution layer because this will
result in the loss of the pre-trained weights learned in ImageNet. Figure 2 shows the
VGG19 model and our proposed model.

Transfer learning has been applied by loading the pre- trained weight from ImageNet
on the proposed model. Instead of training the whole model, transfer learning allows us
to reuse the features that have been learned from the ImageNet. Therefore, we will only
train the top layer of the model which includes the output layer and top two blocks of
the convolution layers. The training process is shown in Fig. 3.
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Fig. 3. The training process of the proposed model.

3.2 Loss Function

Since our task in this project is a multi-class classification task, multi-class entropy loss
was selected as the loss function in this project. The equation of multi-class cross-entropy
is shown as below:

1 n
Multi — Class Entropy Loss = — Zyk log i @)
oy

in which n is the number of classes, ¥ is the predicted value and y is the actual value.

4 Experimental Result

4.1 Dataset

The dataset that used in this project was the GTSRB dataset. The GTSRB dataset was
created by Stallkamp et al. [2] and it is publicly available. Hence, we downloaded the
GTSRB dataset from Kaggle. GTSRB dataset contains over 50 thousand images with 43
classes. The 43 classes can be divided into six subsets which are speed limit, prohibitory,
derestriction, mandatory, danger, and unique.

4.2 Image Pre-processing and Enhancement

As the size of the traffic sign images in the GTSRB dataset varies, we resized all of them
into 64 x 64 pixels. After resizing all the images into the same size, we implemented
the image enhancement techniques, CLAHE to the GTSRB dataset with a clip limit of
0.1.
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Table 1. Model accuracy on testing data

Model | Use Enhanced Images | Test Accuracy | Test Loss | Number of Error Predictions
1 No 0.973 0.253 345
2 Yes 0.975 0.126 319

4.3 Implementation Details

All of the models were trained on Adam optimizer and the batch size was 48. The models
presented in this paper were implemented using Keras and ran on Jupyter Notebook.

4.4 Result of Testing

To observe the difference between the dataset that applied CLAHE and without CLAHE,
we have trained two models which use different datasets. Model 1 was trained with the
original images from the GTSRB dataset that did not apply CLAHE, whereas Model
2 was still trained with the GTSRB dataset but with the enhanced images that apply
CLAHE. Table 1 shows the model accuracy on testing data. Based on Table 1, we can
see that the test accuracy in Model 2 was slightly higher than in Model 1. Furthermore,
the test loss and the number of false predictions of Model 2 were both significantly lower
than in Model 1. It means that Model 2 can perform better than Model 1. Hence, we can
conclude that using the enhanced images to train the model can improve the accuracy
of the model on unseen data.

4.5 Evaluation Result

We compared our proposed model with other existing methods. There were eight existing
methods, which we divided into three categories: traditional methods, deep learning
methods, and transfer learning methods. The quantitative results of our proposed method
and other existing methods were shown in Table 2. From Table 2, we can notice that
our proposed model outperformed all traditional methods. However, when compared to
other deep learning and transfer learning methods, our proposed model did not perform
very well despite the difference in accuracy being small.

4.6 Result of Hyperparameter Tuning

To see if there was any hyperparameter that can improve the model accuracy, we per-
formed hyperparameter tuning. The configuration and the results of hyperparameter
tuning were shown in Table 3. The result of hyperparameter tuning from Table 3 had
shown that the model accuracy did not increase when we tuned the hyperparameter.
Therefore, we choose Model 2 as our final model.
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Table 2. Quantitative comparison on GTSRB dataset

Method Accuracy
Traditional Method

KD-tree [5] 88.73%
Support Vector Machine 95.04%
(SVM) [5]

Random Forest [5] 97.2%
Deep Learning Method

CNN-MLP [6] 99.15%
CNN-ELM [7] 99.4%
Capsule Network [11] 99.1%
Improved LeNet-5 model [8] 99.75 %
Transfer Learning Method

Improved VGG (IVGG) model [10] 99%
Our proposed model 97.5%

Table 3. Hyperparameter tuning configuration

Run | Use Enhanced Images | Dropout Rate | Learning Rate | Epoch | Test Accuracy
1 Yes 0.3 1 x 10° 30 0.970
2 Yes 0.3 1 x 10° 40 0.964
3 Yes 0.3 5 x 108 30 0.956
4 Yes 0.3 5x 108 40 0.961
5 Yes 0.5 1 x 10° 30 0.966
6 Yes 0.5 1 x 10° 40 0.967
7 Yes 0.5 5 x 108 30 0.955
8 Yes 0.5 5x 108 40 0.962

5 Conclusion

In conclusion, we applied image enhancement techniques to the GTSRB dataset as well
as transfer learning theory to our proposed model. Experimental result shows that our
proposed model outperformed the traditional method such as Support Vector Machine,
Random Forest and KD-tree but did not surpass other deep learning methods.
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