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Abstract:

Traffic sign recognition (TSR) considered as a challenging subject in image processing for many years.
Nowadays, after achievements in processing power of processors and easily accessible datasets, many
researches has been done by using convolutional neural networks (CNN) In many applications
including TSR. CNN is a popular deep learning method that has a reasonable functionality in image
classification and pattern recognition. Important factors in performance of a CNN can be written as
follows: accuracy, efficiency and the precision. Therefore, in this paper we try to achieve better results
in these important factors. In this particular usage, we must consider complexity and processing time
of whole procedure to be in an acceptable range. As will be shown in the following sections, because
of wavelet characteristics, we will use wavelet in CNN to improve performance of it in two parts of its
structure: In first step, we use wavelet convolutional neural network (WCNN) instead of CNN.
Therefore, wavelet transform function is replaced in the convolutional layers of CNN. In next step,
wavelet convolutional wavelet neural network (WCwNN) is suggested, so that fully connected neural
network (FCNN) of wCNN and CNN is changed by wavelet neural network (WNN). So, we can
compare results of these methods (WCNN and wCwNN) with CNN. We can obviously see that,
accuracy results is about 4 percent better than CNN and the mean square error and the rate of error are
decreased. These results achieved by increasing the calculations of the CNN algorithm.

Keywords: Wavelet convolutional neural network, traffic sign recognition, wavelet neural network,
smart cars, deep learning.

1. Introduction

Traffic sign recognition (TSR) is a subset of advanced driver assistant systems (ADAS). In
recent years, it has become more important for smart car systems and can help drivers for
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safer and simpler driving. It has engaged many researchers for years by using different methods
from simple machine learning technics [1] to deep learning ones. Because of recent
developments and achievements in processing power of processing unit hardware and easily
accessible datasets, deep learning methods are more practically usable and riches better results
in accuracy and processing time. Then, these methods are widely used in many usages like
TSRs. Also, CNN is a common model of deep learning methods which is based on
convolutional features of image [2]. It is highly used in detection and classification [3]. CNN
can solve difficult issues which are hard for other machine learning algorithms. Especially in
the classification and object recognition, CNN is doing separation of labels very powerful with
very low error rate. The neuron weights [4] of CNN are modified and adjusted step by step in
forward propagation and error back propagation [5]. Nowadays, the performance of CNNs
becomes better and better because of new processors and computing technologies like cloud
computing and distributed computing resulting that computing power has been greatly
improved. In addition to pattern recognition and image processing [6], CNN are also applied
in the other fields [7] such as text classifications [8], control systems [9] and object tracking
[10].

Indeed, CNN in image classification can work as a non-linear transform of an image. Usually,
capability of getting more input data can be good for better adaptation of CNN and offering
better quality results by using more spatial data. In general, input data length can be expanded
by increasing network layers or filter size or pooling algorithm. Because of computational cost
of working on increasing filter size or network layers, pooling can large input data and lead to
better results and efficiency by increasing spatial resolution of feature map. Also, it can result
in losing some parts of data. At recent researches, dilated filtering [11] by using zero holes in
convolutional filtering can balance efficiency and input data size. Also, dilated filtering has
their own disadvantages and restrictions. Recently, a better CNN based algorithm proposed
[12] as multi-level wavelet CNN (MWCNN) by using discrete wavelet transform (DWT)
instead of common pooling. Because of benefits of DWT, image data and intermediate features
are preserved by the presented method. In addition, frequency and location data of feature maps
are considered by DWT [13], [14], that is useful for keeping detailed texture when using multi-
frequency features. In other ways, The Multi-Path Learnable Wavelet Neural Network for
Image Classification was proposed by De Silva et al [15]. This schema proposes a multi-path
algorithm with multi levels of wavelet decompositions. In the part of prediction, a
convolutional LSTM network using the wavelet decomposition has been introduced in 2018
[16]. It consider the wavelet decomposition as the procedure of feature extraction instead of
common feature extraction methods, which has been also proposed by Kiskin et al. in 2017
[17].
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Using wavelet analysis has some benefits for us and has been extensively used in signal and
image processing and analysis. Wavelet analysis solution preserved as a strong tool for looking
on details of sound, image, etc. Also, wavelet transformation has some complications [18]. In
addition, the handy detail extraction capability of wavelet transformation is effective and
significant to solve some issues of CNN [19]. In these paper, the purpose of investigations is
to answer the CNN’s shortcomings by using the benefits of the WT. Therefore, the significance
of the investigations is that the enhancements of CNN neurons are considered. Other than the
capability of network with deeper layers, it is expected that the enhancement in operation of
each neuron of CNN can lead to better features extraction and feature identification that lead
to increase learning power of the CNN. In this paper we implement wavelet analysis to improve
the CNN network results for traffic sign recognition.

Main parts of this paper are in two step: (1) An existing reasonable CNN method for TSR is
described (2) The wavelet Convolutional Neural Network (WCNN) used, where the wavelet
transformation is used as the activation function in Convolutional layers of CNN. (3) In
addition of wCNN, the wavelet Convolutional wavelet Neural Network (WCwNN) is used,
where the FCNN part of WCNN is changed by wavelet Neural Network (wNN). (4) Comparing
examinations among CNN, wCNN and wCwNN that executed on GTSRB [20] dataset.

2. Objectives

Most of usual image processing and machine learning methods are very sensitive toward
weather and light conditions of input image and even angle of the camera, causing difficulties
in detection process and limit any specific pattern at real outdoor conditions [21]. Moreover,
most of the latest methods rely of intrinsic defaults about the traffic signs like their color, shape
or texture [22].

In [1] researchers have assumed that all important traffic signs are in a red color and used
enhanced color filtering to detect and locate any possible region of interest (ROI) in the image
but clearly this won't work on all signs and not for textures in signs.

Researchers at [23] have recommended a more general method and proposed to define some
templates for the spatial pattern of traffic signs, moving it over the image to find the parts with
highest similarities. This methodology is really slow and requires some very complex hardware
to run. The same idea of color segmentation with the LAB and HIS color space is practiced in
[1] and [24] with similar results and disadvantages like in [21]. Many other algorithms and
methods have been used like K-Nearest Neighbor (KNN) [25], Support Vector Machine (SVM)
[1] and neural network [26] for traffic signs recognition.

At present, Convolutional networks are gently replaced traditional and older computer vision
methods for various usages such as object detection and classification, image processing and
pattern recognition. It is implemented for processing, recognizing and the learning of de
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description of the traffic signs. This method solves the problem of descriptors extraction which
has very dependencies to different aspects. This network receipts 2D image and apply
convolution operations to it. It has the capability to learn a representative schema of image.

2.1. Convolutional neural network

The schematic of a sample CNN for TSR is showed in Fig. 1. It contains two major sections:
the first section is CPNN, and the next section is FCNN. In CPNN, we start with an input layer,
and the next layers are some convolutional and pooling layers and dropout layers. In next part
where we have FCNN, we have an input flatten layer, and the next layer of FCNN is an output
dense layer. The relations and details of CPNN and FCNN parts are as follows:

(1) The first layer of CPNN is the first layer of CNN.
(2) The final layer of CPNN is the first layer of FCNN.
(3) The output layer of FCNN is the output layer of CNN.

(4) The activation of the convolutional layer in CPNN is ReLU and the output layer in FCNN
IS using softmax.

(5) There are not any activation functions in the pooling layer of CPNN and the input layer of
FCNN

Conv2D Conv2D Conv2D
_) k(5x5x3x32) k(5x5x32x32) k(3x3x32x64)
bias (32) bias (32) bias (64)

30x30x3

MaxPooling2D

Dense

k{256x43)
bias (43)

Dense

k(576x256)
bias (256)

Conv2D

k{3x3x64x64)
bias (64)

MaxPooling2D

Fig. 1. Schematic of a sample CNN for TSR.

2.1.1. Structure of CNN
Main parts of CNN can be explained as:
(1) Adjusting weights and bias in neurons of layers.

(2) Using forward propagation method.
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(3) According to the loss function, determining the mean square error (MSE).

(4) Determining the errors of back propagating for each layer, which are the results of
derivation by the chain rule.

(5) Adjust the weights and bias according to the back-propagated errors by applying gradient.
(6) Doing the step (2) to step (5) until the MSE become smaller than defined value.

(7) Evaluating the precision, accuracy and efficiency.

2.2.  Wavelet transform

Wavelet transform (WT) known as a powerful method to obtain features of signals and images.
WT presents a Time-Frequency sight which can offer higher and lower resolutions of details
of signals and images. The imperfection of Fourier Transform (FT) [27] is that the window size
cannot be changed when the frequency is changed. This problem can be solved by WT. The
y(x, y) is called wavelet generating function, which can be expressed as y(x, y) =1/\x | (-
[f(t)*((t-y)/x)] , wherey and x are the scale parameters which control the translation
and extension of function.

¥ (x, y) is designed according to the following conditions:

Just in a very small part, the value of function is not 0, and in the other parts are 0. It
can be said that, considering the signal in timeline is equal to adding a window on the original
signal.

The integral value of function in the horizontal axis must be 0.
The procedure must be reversible.

In Fig. 2 from [28] we can see a sample of wavelet transform and how it working. The error is
the amount of difference between the primary signal and the signal of wavelet inverse
transformation. The parameter of wavelet function that controls the implementation of wavelet
function is named scale. With different scale parameters we can change the wavelet transform’s
ability of data extraction to primary signal.

In brief, by changing the value of scale and translation, wavelet transform can learn the
different features. So, stronger features can be used by implementing the wavelet
transformation in CNN.
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Fig. 2. Various effects of WT: a. scale= 20, error=2.0 b. scale=100, error=0.04 c. scale=200,
error=0.0005

2.3.  Wavelet convolutional neural network

In this novel method, the activation of the convolutional layer in CNN was F that is changed
by the ¥. The F in CNN was ReLU function, and the ¥ () of wCNN is wavelet scale
transformation function.

In the first section of suggested WCNN method we offer Wavelet Convolutional Pooling Neural
Network (WCPNN), and in the last section we implement FCNN. The schematic of WCNN is
presented in Fig. 3.

e e e e e e o wCNN B e
' CPN N - FCNN - ]

Dense

Kk(256x43)
bias (43)

Dense

k(576x256)
bias (256)

Conv2D Conv2D

k{3x3x32x64) k(3x3x64x64)

bias (64) bias (64)
Coni) + W() Conv() + ()

Conv2D Conv2D

k(5x5x32x32)
bias (32)

Convl) + W()

(inpat)

30x30x3

k(65x5x3x32)
bias (32)
w()

MaxPooling2D
MaxPooling2D

Conwv() +

Fig. 3. Schematic of a sample WCNN for TSR.
3. Methods

Considering the limitations and vulnerabilities of the previous trials, here at the current work,
according to wWCNN, in the last section of it, the activation function of FCNN is changed by a
WNN. The wCwNN consists of wavelet Convolutional Pooling Neural Network (WCPNN) and
WNN. We test all condition for activation functions and compare results in every situation.
After that, and with various number of epochs in learning procedure, the benefits of using
wavelet functions were clearly seen. Then, we propose that all activation functions of
convolutional layers of wCPNN and the hidden layer of the wNN, must be ¥ to achieve better
accuracy and lower loss. The schematic of WCwNN is showed as Fig. 4.
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Fig. 4. Schematic of a sample wCwNN for TSR

The initial section of WCwNN is wWCPNN that is similar to WCNN. The next section of WCWNN
is WNN, which is different from wCNN that was FCNN. In wNN, we can use sigmoid function
instead of ReLU in activation function of FCNN layer or we can use H hidden layer wavelet
function. Therefore, implementation of wNN, in the following details are showed:

(1) The output layer of wNN is defined as 1 = —1. Then, number of neurons in this output
layer=size — 1.

(2) Hidden layers of wNN is defined as | = —2. Then, number of neurons in hidden layers=size-
2.

(3) The third to last layer (input layer) of wNN is defined as I = — 3. Then, neurons in this input
layer=size—3.

(4) Last layer of wCPNN (the previous layer of the input layer of wNN) is expressed as | = —
4. Then, neurons in the output layer of WCPNN= (size—4) X (size—4).

4. Results
Dataset

Numerous freely accessible traffic sign datasets have been collected all around the word such
as Belgium (Timofte et al., 2011), China (Zhu et al., 2016), Germany (Stallkamp et al., 2011)
and Sweden (Larsson & Felsberg, 2011).In this paper we choose German traffic sign
recognition benchmark (GTSRB) dataset. In fig.5, some sample images of GTSRB is
displayed. There are many causes for selecting this dataset, such as it is extremely used in
papers and is implemented for comparison to other method of traffic sign recognition results.
Currently, a GTSRB website is continued and registering results are accepted, handled and
shown. Such ranking aids to realize the better methods are employed for the traffic sign
classification. GTSRB dataset contains different resolution traffic sign examples that produced
from one second video sample. These images belongs to one of the 43 classes of these data
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Its ground truth information is trustworthy because of its semi-automatic annotation, the
training set has 39,209 images, and the validation set contains 12,630 images, which are used
to determine the performance of the methods. These images are RGB with pixel sizes from 15
x 15 up to 250 x 250. Through a simple initialization procedure, all the input images pixel sizes
become 30 x 30 pixels.

Fig. 5. Some sample images of GTSRB datasets
4.2.  Training and testing

We use Keras and Tensorflow on Python 3.8 by working on GTSRB dataset in a core i5 CPU
with 8GB of ram and Geforcemx110 GPU. Source codes are available at [29]. Used a simple
CNN model and after 21 epochs we have 95.81% accuracy as showed in fig. 6 with relevant
training and validation losses. Then, we test sigmoid activation function instead of ReLU in
different possible positions separately and together. Simulations shows that for state one that
we change first convolution layer activation function to sigmoid we can reach to accuracy
95.88% in 15 epochs. In state two, when we change activation functions of first two
convolution layer by sigmoid we reach to accuracy of 96.96% after 18 epoch. Next, we
implement sigmoid function in activation functions of three first convolution layer sets and
reach to accuracy of 96.8% after 29 epochs. Then, we use it for four layer sets and we reach to
accuracy 97.6% after 34 epochs. Result of accuracy showed in table 1. In second part of system,
when we use sigmoid activation function we reach to 98.67% accuracy after 32 epochs. Final
results showed in fig. 6.

TABLE 1. Loss and accuracy of simulations

Model Epochs Accuracy

CNN 21 94.82%

WCNN 15 95.88%
(1+4)
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WCNN 18 96.96%
(2+3)
WCNN 29 96.80%
(3+2)
WCNN 34 97.60%
(4+1)
WCWNN 32 98.67%
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Fig. 6. Loss and Accuracy of CNN model for TSR
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Fig. 7. Loss and Accuracy of WCwWNN model for TSR

Also, compared to latest articles [30] [31] [32], better results have been obtained, which is
shown in Table 2 comparing the latest results obtained on GTSRB.

TABLE 2. Comparison with the latest accuracy results

Model Epochs Accuracy (%0)
CNN 50 98.44
Multi-Scale CNN 98.31
YOLOvV5 200 97.7

WCWNN 32 98.67
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5. Discussion

As we seen before, in different states of using sigmoid function in activation part of convolution
layers instead of ReLU we reached different quality accuracy and loss. Best condition is using
sigmoid activation function in four first convolution layers and one convolution layer of second
section instead of ReLU. In generals, it was predictable that using wavelet and sigmoid
activation function in CNN will have better results because of benefits of using better resolution
by wavelet. Furthermore, by using wavelet we can separate useful and useless data in a more
accurate manner. Finally, by using wavelet in these model we reach to about 4 percent better
accuracy than primary ones by continuing learning procedure for 11 additional epochs.
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