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Abstract – In today’s world, almost everything we do has been simplified by automated tasks. In 

an attempt to focus on the road while driving, drivers often miss out on signs on the side of the 

road, which could be dangerous for them and for the people around them. This problem can be 

avoided if there were an efficient way to notify the driver without having them shift their focus. 

Traffic Sign Detection and Recognition (TSDR) plays an important role here by detecting and 

recognising a sign, thus notifying the driver of any upcoming signs. This not only ensures road 

safety, but also allows the driver to be a little more at ease while driving on tricky or new roads. 

Another commonly faced problem is not being able to understand the meaning of the sign. With 

the help of this Advanced Driver Assistance Systems (ADAS) application, drivers will no longer 

face the problem of understanding what the sign says. In this paper, we propose a method for 

Traffic Sign Detection and Recognition using image processing for the detection of a sign and an 

ensemble of Convolutional Neural Networks (CNN) for the recognition of the sign. CNNs have a 

high recognition rate, thus making it desirable to use for implementing various computer vision 

tasks. TensorFlow is used for the implementation of the CNN. We have achieved higher than 99% 

recognition accuracies for circular signs on the Belgium and German data sets. 

 
 

I. INTRODUCTION 

Traffic sign detection and recognition have gained importance with advances in image 
processing due to the benefits that such a system may provide. The recent developments and interest in 
self-driving cars have also increased the interest in this field. An automated traffic sign detection and 
recognition system will provide the ability for smart cars and smart driving. Even with a driver behind 
the wheel, the system may provide vital information to the driver, reducing human errors that cause 

accidents. Certainly, with such a system integrated into vehicles, it is expected that the number of car 
accidents will be greatly reduced, saving human lives and the monetary value associated with car 
accidents. Automated systems will be able to control traffic on both open roads and intersections as 
well. 
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The motivation behind developing such a system is clear due to the benefits of such a system 
in saving lives and saving cost. Therefore, the objective of this work is to develop an automatic Arabic 
traffic sign detection and recognition system based on deep learning algorithm. The proposed system 
has the ability to recognize the signs within images captured by cameras and processed by a Deep CNN 
network.  

Figure: 1captured by cameras and processed by a Deep CNN network 

Most car accidents are caused by human error, either by drivers not noticing a certain sign or 
by drivers driving against the direction set by a certain traffic sign (i.e. traffic sign setting speed at 100 
KM and a driver driving at a greater speed). For this reason, this paper carries the major objective of 
developing and improving the efficiency and robustness of the traffic sign detection system for Arabic 
Traffic Signs as well as handling associated issues. A recognition system should also classify traffic 
signs into different classes in a real-time environment and avoid recognition errors. 

Machine learning is divided into supervised learning, unsupervised learning, semi-supervised 
learning, and reinforcement learning. In this paper, the choice of deep learning for an unsupervised 
learning approach is done by design because even though basic traffic signs are limited yet combined 
with road signs, street name signs, etc. the dataset becomes larger with endless possibilities. The 
ultimate goal is to have a system fitted into cars and that can detect and recognize any traffic sign to 
assist the driver or assist in the self-driving process. With deep learning algorithms, unlabeled data can 
be used and the system can extract features automatically without human intervention. The rest of the 
paper is organized as follows: section 2 covers the related literature review. Section 3, details the 

proposed system. Section 4, explains the experimental data used in this paper. Section 5, shows the 
results along with discussion. Section 6, concludes the work and section 7 lists all the references used 
in this work. 
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II. SYSTEM ANALYSIS 

2.1 Materials 

 The following hardware and software components are required to implement the   Traffic Sign 
Detection and Recognition: 
 
1. Hardware Requirements: 

● System     :   Pentium IV 2.4 GHz.  
● Hard Disk   :   40 GB.  
● Floppy Drive  :   1.44 Mb.  
● Monitor  :   15 VGA Colour.  

● Mouse   :   Logitech.  
● Ram      :   512 MB.  

2. Software Requirements: 
 
 Operating system  :   Windows 7 Professional.  
 Coding Language :  Python 

2.2 Methods 

2.2.1 Experimental Data 

     In this research, a new dataset for Arabic Traffic Signs is developed. As part of this research, 

24 most common Arabic traffic signs are selected. The dataset consists of 2,728 images captured for 24 
traffic signs. The images are captured from three connected cities (Khobar, Dammam and Dhahran) in 
the Eastern Province of Saudi Arabia. For each traffic sign, sign boards ranging 20 to 30 location were 
found and for each location, 5 photos were captured with different angles and distances. Table 1 
describes the list all the selected traffic signs visual shape, their names in English and Arabic and the 
total number of images captured for each sign as part of the new database. 

2.2.2 Preprocessing 

The images were RGB images with different dimensions which led to the need of pre-
processing the images before inputting them to the CNN network. The images are transformed into 
Greyscale images and the dimension is also reduced to 30x30 pixels. Moreover, the total number of 
output classes is 24 classes each represents an Arabic traffic sign so all the images are carefully labeled 
and placed in their corresponding folders. 

 The number of images per class differs from one class to another as shown in Table 1. Fig. 2 
shows a sample of each Traffic Sign after the preprocessing.he newly developed dataset consisting of 

2728 images was randomly partitioned into 80% percent training set (2183 images) and 20% percent 
testing set (545) images. The training set was further partitioned; so 20% percent of the images (436 
images) were used for validation. 

2.3 Deep CNN Architecture: 

The proper choice of different design hyper-parameters, such as non-linearity and pooling 

variants, directly affects the performance of the network. Since there is no clear guidance on how to 
choose the CNN hyper-parameters, many researchers tend to use trial and error experimentation in order 
to discover good settings [15]. We analyzed previous research studies that have been carried in the area 
of deep learning generally in order to choose the hyper-parameters setting that is more likely suitable 
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for this research. So by analyzing the work done in [16-18], the hyper-parameters setting in this work 
is as follows. 

Pooling Layer: It helps in reducing the amount of computations needed in the training process by 
reducing the dimension of the image, and therefore the overfitting problem is reduced. The max-pooling 
technique was used since the convergence rate is faster as compared to other subsampling techniques, 
and thus has a better generalization performance. The maximum pixel value in a non-overlapping 
region, equals to the window of the pooling, is the output of this layer; this is beneficial in creating 
position invariance. 

 

 
 

Figure: 2 Deep CNN Architecture 
Non-Linearity: Since the relation between the images and their classes is not linear, introducing non-
linearity in the CNN is needed. This is achieved by using non-linear activation so that the construction 
of the non-linear relation between the images and their classes is possible by the CNN. The Rectified 
Linear Unit (ReLU) is a widely used activation function in CNN. ReLU has the advantage that the CNN 

trains faster as compared to other functions. One of the ReLU variants was used which is the leaky 
ReLU since it overcomes the problem of dead neurons that is faced if the original ReLU is used. 
Basically, leaky ReLU does not output zero when the input values are less than zero, instead it outputs 
negative value. So after each convolution layer, and before the pooling layer, we added a leaky ReLU 
activation function 
Dense Layer Activation Function and Loss Function: As mentioned above, we used the leaky ReLU 
activation function multiple times in the proposed network. However, the output of the fully connected 

layer, which is one dimensional vector, is passed to a softmax activation function to predict the label of 
that particular input. The input vector is transformed to a vector of the same size but the values range 
from zero to one only and the summation is always equals to 1. Softmax function outputs a probability 
distribution that is then converted to one-hot encoding vector. So the element that has the largest portion 
of probability distribution will have the value one in the one-hot vector and all other elements will have 
the value zero. To estimate the loss of softmax, the categorical cross-entropy function is used. Basically, 
categorical cross-entropy is used to measure the difference between the output of the softmax function 
and the one-hot encoding of the actual class. It is used as a part of gradient descent to evaluate CNN 

performance as an error measure between the true distribution and the predicted one. Softmax function 
and categorical cross-entropy are widely used in computer vision tasks when multiple classes are 
involved. 
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                                                             Figure: 3 
 
After setting the needed hyper-parameters, the network was compiled using the Adam optimizer. The 
need of using optimization algorithms is the nature that CNN weights and biases are set automatically 
and they are of great importance in the field of machine learning. They work on optimizing a given 
function; whether maximizing or minimizing it with respect to its parameters. Since the loss function 

in CNN is differentiable with respect to its parameters, gradient descent based algorithms are often 
used; first order partial derivatives are also fast to compute. Adam is an optimization algorithm that is 
used to update network weights. It combines the advantages of other classical stochastic gradient 
descent which are Adaptive Gradient Algorithm (AdaGrad) and Root Mean Square Propagation 
(RMSProp). It is computationally efficient, requires less memory and has straightforward 
implementations. Given different parameters, this algorithm computes each parameter’s adaptive 
learning rate by estimating the gradient’s first and second moments [19]. Table 1 shows the summary 

of the parameters in each layer as well as the total parameters in the proposed network. This CNN 
network will be referred to as Model 1 in the results section 
 

III. RESULTS AND DISCUSSION 
The improved optimized CNN network layers are shown in Table 3. As observed in the optimized CNN 
architecture, the number of layers have been reduced without compromising the accuracy of the 

network. This CNN will be referred to as Model 2. Table 3 shows the experimental results performed 
on the proposed CNN architecture. The experiments were performed on epochs size of 10, 50, 100, and 
150. For each epoch, the batch sizes of 50,100, 200 and 400 are used. The table for the experiment 
shows four columns with Validation Accuracy (Val. Acc), Validation Loss (Val. Loss), Test Accuracy 
(Test Acc) and finally Test Loss (Test Loss). Different design parameters were changed and the effect 
of the changes was tested by evaluating accuracy. A total of 16 different experiments were performed 
on the CNN architecture in order to identify an optimized design. Note that all the preprocessing steps 

remain the same as described above. The proposed CNN models are shown in the Table 1 and Table 3. 
Experimental results show that the number of epochs and number of batch size directly affects the test 
accuracies achieved for the models. The number of epochs is directly proportional with test accuracy; 
increasing epoch size increases the test accuracy. While the opposite is true for batch size as it is 
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observed that increasing batch size decreases test accuracy. Overall, the test accuracy obtained for the 
improved CNN network-model 2 is better than those achieved for the initial CNN-model 1. In fact, 
model 2 results for epoch 150 achieved 100% accuracy for all batch sizes. The result is better than those 
reported in recent literature, however, it is pointed out here that the CNN is applied for Arabic Traffic 
Sign dataset and no recent literature was found targeting Arabic Traffic sign detection and recognition. 

No relationship was found for validation accuracy for both models in relation to epoch size and batch 
size.  

 
IV. CONCLUSION 

Automatic Arabic Traffic Sign (AATS) recognition system was designed using Convolutional Neural 
Networks (CNN). The training and testing dataset consists of more than 2,728 sign samples collected 
for 24 different traffic signs. The dataset went through a preprocessing stage before inputting it to the 

network. It got partitioned into training, testing and validating datasets. The initial design was based on 
similar previous work which was used as a base for the subsequent improved design. The final Deep 
CNN architecture proposed in this work consists of two convolutional layers, two maxpooling layers 
one dropout layer and 3 dense layers. 100% accuracy was obtained for epoch 150 for all batch sizes. 
We demonstrated the usefulness of the designed CNN architecture by implementing a practical system 
that can take real time Traffic Sign via camera attached to vehicle, classifies them to the corresponding 
sign, and then give voice notification to driver or take automatic decision for autonomous cars. Future 
work will include increasing the size of the dataset and publishing it so that it can be used by other 

researchers for benchmarking purposed. Work will also continue on developing more robust and 
computationally low-cost recognition systems. 
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