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Abstract— This study outlines the identification and categorization of traffic signs using a deep learning system. The
Traffic Sign Recognition by "YOLO v3' method is used to identify and detect traffic signs. For a human to be as safe as
possible in a driverless automobile, the architecture needs to be strong and error-free. Thus, it is crucial for.any automated
system to have the ability to accurately recognise traffic signs. We have presented a reliable method to identify and
categorise traffic signs for self driving autonomous cars in order to address this issue. The Canny edge detector is used
to construct shape based boundaries around traffic signs and identify the borders of localised traffic laws. The state-of-
the-art detection technique employed in this instance is YOLOv3, which is used for real-time object detection. The
classifier design is created using Convolutional Neural Networks (CNN) , and 86,989 photos with a size of 32x32 and
three colour channels each were used to train the network.
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INTRODUCTION

Although the prevalence of vehicles has brought about noticeable luxury and comfort for people, it is also a major
contributor to concerns with traffic safety, such as congestion and regularly occurring accidents. Traffic safety concerns
are mostly brought on by variables connected to driving, such as improper driving technique and disregard for traffic
laws, and smart vehicles have become efficient such that these human elements may be removed[1].

Autonomous driving technology will aid and perform all aspects of driving, which is essential to free up the physical
environment and dramatically reduce the frequency of accidents [2]. The development of smart cars, which will lead to
substantial changes in driving behaviour, depends on the ability to recognise traffic signs. For a safe driving experience,
intelligent automobiles or vehicles employ a camera to offer real-time traffic information and synthesise regulate
movements.

The ADAS (Advanced Driver Assistance System) reliably recognises traffic signs. With the abundance of traffic signs,
it is challenging to identify and categorise them with the same precision as a driver-assisted vehicle. Fortunately, there
are several traffic sign recognition designs that address the various issues.

The CNN aggregate network is only utilised in the referred research with a small amount of data, and the model is only
able to recognise circular and triangular traffic signals. Another article uses Support Vector Machine (SVM) for
detection and CNN for classification, classifying the traffic signs into five categories but not doing individual
classification. Just Sixteen traffic signs are classified using the CNN architecture, which is employed for detection tasks.
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German traffic sign database is utilised without any preprocessing since the model is trained using classes that are
imbalanced in the dataset.

A deep convolution neural network traffic sign identification and categorization is the goal of the work. One of the deep
CNN models for detecting traffic signs with great prediction accuracy is "YOLO v3'. Training layers make up a deep
convolution neural network. The construction of a deep CNN model includes ten convolutional layers, Four layers of
maximum pooling, and 1 fully linked layer for prediction and classification. It has an input layer, convolution layers, and
regression layers. completely linked layers educate the input of an image's characteristics

LITERATURE SURVEY

The Deep CNN Algorithm is used here for the spatial pyramid pooling layer for traffic sign identification in Paper [3].
Advantage is that it can detect traffic signs; disadvantage is that the algorithm is less accurate than yolo.

The implementation of a driver less automobile with traffic signs is described in paper[4]. advantages are Its
shortcomings include less accurate traffic sign recognition. The algorithm's predictive range is limited since it can only
learn from a small number of picture data sets.

The Python API module and the CARLA simulator are utilised as simulators in this investigation in article [5].
Advantages include the ability to enable a driverless car module for traffic sign detection, but a disadvantage is that it is
less accurate than the Yolo V3 model.

Recurrent neural network-based approach for traffic signs is implemented in paper[6]. The R CNN module has an
advantage over CNN in that it supports higher prediction rates. On the other hand, Yolo3's algorithm runs slowly and
has less storage capacity.

Existing System

A deep convolution neural network-based technique is used to recognise and classify traffic signs. focused on building
sophisticated convolutional neural networks (CNN) to boost accuracy. A quicker R-CNN-based-algorithm is used to
learn the characteristics of photos of traffic signs. SVM, KNN, and the Random Bayesian base machine algorithm have
been included into the current system. Reduced accuracy, the possibility of collisions, and a low precision rate are the
system's downsides.

I. PROPOSED SYSTEM

The implementation of a deep convolution neural network-based method for traffic sign categorization and detection.
A less computationally demanding classification for traffic sign recognition and fine-grained characterisation of the traffic
flow. The precision and sensitivity of the suggested algorithm will increase the system's accuracy. To train the
characteristics of traffic sign image identification and classification, the Yolo v3 model has been employed.

Yolo v3 model

Many cutting-edge detection methods are readily available. They are trained on very big datasets and can recognise
and categorise a wide range of items. Real-time and quick detection, however, is crucial for handling responsibilities
linked to driverless autos. Yolov3 contains a total of 106 layers. Traffic signs, which take up very little area in each frame
in our example, are examples of low level properties that it can recognise and keep in little objects. We selected a 416 x
416 model from the darknet, while there are many more sorts of Yolo topologies available.
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Figure 1: Traffic sign image

n=the number of images, After each convolution layer, we need to recalculate the number of filters. Filters are
calculated using the formula filters = (3*(5+4))=27.

Three layers (stages) of detection are used in Yolo: 82, 94, and 106. Images are down sampled by 32 at each step. Each
stage is in charge of drawing three bounding boxes around the item. The right bounding box is predicted using non-
maximum suppression and the Intersection over union (IOU). The architecture of "YOLO v3' is seen in figure. 2.
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These neural networks carry out a number of important activities in order to categorise the input picture into the 43
categories. The YOLO network, which is the outcome of the detection phase, is first preprocessed into a 32 x 32 input
picture before being sent as a source to our classifications neural network. Convolution Layers preserve the
characteristics of the input picture. The input for the sequence of two convolutional layers was (32 x 32 x 3) and the
output was (32 x 32 x 32). As we employed a Max-Pooling layer to compress the picture in this instance, 2D Convolution
was not used to reduce the image's size.

Maximum Pooling Layer reduces the size of two input axes in this network by 50% while maintaining the main
characteristics.

A Dropout layer is added after this to prevent overfitting. After adding another dense layer, the resulting form is (43).
These fourty three Outputs represent the probabilities of the fourty three classes, and the picture is classified using the
class with the highest probability. The Activation Function for the o/p Layers has a SoftMax activation function since the
Output layers are Categorical classes. Using a dataset that is provided later in this study, we train this neural network.

The following variables affect how long it takes to train the network and how accurate the model is:
1. Use of an optimizer

2. The quantity of epochs.

3. Use a proper loss function
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Figure 2: YOLO v3 Architecture
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Software and hardware Requirements
The programming language used is embedded C.

Arduino IDE
The compiler is Arduino Ide 1.8.3 is shown in Fig 4.
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Figure 4: IDLE of Arduino

The cross platform Arduino IDE (integrated development environment), which is accessible on Windows, macOS, and
Linux, was developed using Java. It is used to write and upload programmes to an Arduino board.

Arduino is an open-source electronics platform with straightforward hardware and software. An Arduino board may
be used to take inputs like light on a sensor, a finger on a button, or a tweet, and then be used to start a motor, switch on
an LED, or post anything online. You can control your board's operations by giving its microcontroller a set of instructions.

Proteus

Simulation tool used is Proteus before being implemented into a real-time application.
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Figure 5: Proteus Application

Labcenter Electronics produced Proteus, a simulation and design tool for electrical and electronic circuit design. The
Proteus simulation feature. Several components of Proteus can be realistically replicated. Two techniques exist for
simulating: Run the simulator or examine each frame one by one. The circuit is simulated at ordinary speed using the "Run
simulator"” option . The "Advance frame by frame" option waits until you click this button once more before moving on
to the next frame. This is useful for debugging digital circuits. Figure 5 depicts the proteus at rest.

Arduino Uno

A platform for hardware and software prototyping, Arduino is free and open-source. An Arduino board may be used to
take inputs like light on a sensor, a finger on a button, or a tweet, and then be used to start a motor, switch on an LED,
or post anything online. Your board will be given instructions on what to perform by sending a set of commands to its
microcontroller. You do this by utilising the Processing-based Arduino Software (IDE) and the Wiring-based Arduino
Programming Language.

[JCRT2304240 \ International Journal of Creative Research Thoughts (IJCRT) | c56



www.ijcrt.org © 2023 IJCRT | Volume 11, Issue 4 April 2023 | ISSN: 2320-2882

nADE IN @ ®

ITALY oy
i @

Figure 6: Arduino UNO board
LCD Display

There are several applications for LCD (Liquid Crystal Display) screens, which are electrical display modules. A
relatively basic component that is widely used in many different devices and circuits is a 16x2 LCD display. Compared
to multi-segment LEDs with seven segments and more, these modules are preferred. The reasons given include LCDs'
low cost, ease of programming, and lack of limitations when it comes to displaying unique and even customised characters,
animations, and other information.

Figure 7: 16X2 LCD display

System Requirements

* H/W System Configuration:-
*  Processor - Pentium -1V
* RAM -4 GB (min)
* Hard Disk - 20 GB
* S/W System Configuration:-
*  Operating System : Windows 10
Tools: python, Jupiter notebook, anaconda tool

CONCLUSION

The basic suggested network and the many enhancement initiatives enabled us to identify the components and
processes that influence the system dependability. By adding more layers to the convolution stage of the network to extract
more features, it is possible that we will get better results. Classification of 10T traffic.

We have presented a composite learning architecture with two steps to address this issue. The network traces are sent
to stage O after basic data preparation, when a feature selection mechanism and a Logistic Regression classifier are
employed. This suggested method offers highly accurate forecasts for the traffic flow rate control strategy.
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