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Abstract: Accurate detection and decoding of Road signs play vital roles for autonomous vehicle systems,
affecting both Road safety and regulatory compliance. The work proposes a very robust Road sign
recognition system based on a Convolutional Neural Network (CNN). It has been trained on a dataset that
contains 43 distinct classes of Road signs. Self-driving applications would use this system for reliable sign
classification with higher accuracy. CNN uses the layer structure which is sequential and is formed by
overlapping two 5x5 convolution layers with a 3x3 convolution layer, with MaxPooling and Dropout layers
for reducing overfitting. An elegantly designed graphical user interface allows the user to upload pictures
of Road signs for real- time classification. The system includes multilingual translation for signs detected
in 11 Indian languages with audio description in real-time. The data augmentation techniques employed
include rotation, scaling and flipping-the perfect definition of robustness in-a model, which will fit
seamlessly into an autonomous vehicle.

Index Terms— Convolutional Neural Network (CNN), Road Sign Recognition, Autonomous Vehicles,
Multi-language Translation, Image Classification, Deep Learning, Computer Vision , Audio Description
System

I. INTRODUCTION

Road sign recognition has become one of the most crucial advancements in the development of autonomous
cars and Advanced Driver Assistance Systems (ADAS) by guaranteeing Road safety and appropriate
navigation. With the rise in automation of the vehicles, the real-time detection and recognition of Road signs
have posed a great challenge. The task is especially tricky since it is governed by varying environmental
conditions, including lighting variations, occlusions, adverse weather effects, and aging of signs. Although
many studies have dealt with Road sign recognition, most of the existing systems have been constrained,
either geographically or by specific sign categories. To grapple with these challenges, we present a
comprehensive Road sign recognition system which utilizes deep learning methods, namely Convolutional
Neural Networks (CNNs) for robust classification across 43 categories of Road signs. Unique in this
implementation is the way in which accessibility considerations were included i.e.; adding multi-language
support across 11 Indian languages with real-time audio description thus, helpful for various user groups,
such as visually impaired users and non-native speakers.
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The actual structure of CNN is crisp with sequential dropout layers augmented by data augmentation
techniques to make it resilient against common problems like changing light conditions and perspectives.
With the merging of enhanced image processing capabilities and intuitive user interfaces, our solution closes
the gap between sophisticated machine learning algorithms and practical, everyday use in autonomous
driving systems. This paper contributes further to computer vision growing in autonomous navigation and
addresses accessibility issues in Road sign recognition. This, together with the provision of multi-modal
outputs via visual, textual, and audio channels, makes this implementation unique compared to conventional
approaches, enabling its wide usability and applicability for real-life scenarios.

II. LITERATURE REVIEW

1.Robust Perception and Visual Understanding of Road Signs in the Wild (Rodolfo Valiente, Darren
Chan, Alan Perry, Joshua Lampkins, Sasha Strelnikoff, Jiejun Xu, and Alireza Esna Ashari)

This paper centers on challenges related to road sign detection under real-world conditions, where weather,
light, and occlusions can affect performance. The authors propose a deep learning-based method that
enhances perception through:

Multi-scale feature extraction for signs of different sizes.

Context-aware reasoning to distinguish road signs from the background.

The model generalizes very well to unseen conditions; hence this paper is also applicable to an autonomous
driving scenario. Major highlights of the paper include the improved accuracy and robustness in road-sign
detection against environmental difficulties.

2.Road Sign Classification and Detection of Indian Traffic Signs using Deep Learning (Manjiri
Bichkar, Suyasha Bobhate, Prof.Sonal Chaudhari)

This paper elaborates on the detection and classification of Indian road signs using convolutional neural
networks (CNNs). Due to their variations in shape, colour schemes, and script used for the multilingual text,
the Indian road signs pose unusual challenges. The authors organize an extensive dataset of Indian traffic
signs and train their model to improve on accuracy. Their CNN-based approach improves real-time detection
in traffic conditions that include challenges such as faded signs and low-light scenarios. Accuracy and
efficiency testing positions the model well for practical deployment in smart transportation systems.

3.Road Sign Detection under Adverse Environmental Conditions Based on CNN (Qiang Gao, Huiping
Hu, Wei Liu)

This paper introduces the use of convolutional neural networks to detect Road signs. Under conditions of
harsh environment, such as fog, rain, and night driving, the authors propose modifications to enable their
CNN architecture to improve performance with additional image preprocessing. Their model is shown to
robustly allow recognition of Road signs despite the adverse weather and lighting conditions, thereby
making it more applicable to an autonomous driving system in real-time performance.

4.Classification of Road Signs-The European Dataset (Yas- sine Ruichek, Citlalli G’am ez Serna, Le2i
FRE2005, CNRS, Arts et M etiers, University Bourgogne Franche-Comt’e, University of Technology
of Belfort-Montb~ eliard):

This paper introduces the European Road Sign Classification Dataset, which evaluates the detection models
used for benchmarking road signs. The dataset also appraises several machine- and deep-learning algorithms
used for classification concerning accuracy and speed of processing.

The study shows how different models perform in recognizing European road signs to build reliable
autonomous driving systems. The dataset is commonly used for training and testing Al-based road signs for
smart transportation applications.

ITI. DATASET

Images from the 43 classes that constitute GTSRB structure of Road signs that their data set is directly based
on and in which we create. project. Some more advanced forms of pre training Data augmentation on the
images i.e. such as rotation, f lipping etc. The dataset was then divided between training, validation and test
sets to evaluate model performance. This innovation, a high-quality project part of the mini-revolution an
original basis for a Road sign detection and classification system.
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3.1 Dataset Overview
A balance between quality and diversity of dataset is hereby served, and hence fit for Road sign recognition
science. This dataset contains over 50000 labeled images collected during real driving conditions in
Germany that are highly diverse with respect to viewpoint, weather and illumination conditions used to
compare the robustness of the models set against near realistic challenging conditions.

The images may be taken from extreme distances, near and far and occlusion is in view or blurred out, some
environmental aspects and so on. Such a variety in reality of experiencing road signs gives a fine testing
ground for the training in development deep learning models based autonomous vehicles to read Road signs
for safe road driving.Figurel represents the sample images from the GTSRB Dataset.
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fig. 1. Sample Images from the GTSRB Dataset

3.2 Classes and Categories
In GTSRB, there are 43 classes as enumerated above, which include the totally different types of road signs
that are visible on the road. The classes are standardized to include signs those urban and highway settings
would necessitate and would contain three generalized categories. These category classes include:

» Regulatory signs: Regulatory signs impart specific rules or regulation enforcement to the drivers’
information. Speed Limit signs, stop signs, Yield, and No Entry signs come under these. Their usage has an
important role to play in driving safety and legality.

» Warning Signs: The road warning signs warn drivers that sometimes the danger is well established or that
the expected change in road conditions could create a danger. Curves, pedestrian crossings, slippery roads,
etc., are some indicators that provide the driver with an opportunity to exercise caution while driving
through.

* Informational Signs: Finally, we’ll discuss informational signs that give drivers more-or-less
supplementary information such as direction, parking places, and other things by which drivers could be
guided. They put the drivers in the context. As if the machine-learning model training and testing were not
abundantly supplied with data, they abundantly supplied training and testing with a variety of images of
different dimensions, orientations, and lighting conditions.

The multi-class nature of the task essentially reinforces that any model developed has been trained in
recognizing and distinguishing the Road sign continuum for its performance. Thus, the ground that calls for
such real-time applications should be sufficient, considering the real multiplicity of situations that may arise
in an autonomous driving system. Since the dataset is known to have included the various types of Road
sign, this database stands to open a corridor for innumerable applications, from simple recognition tasks to
quite complex ones, like multi-sign identification in difficult environment.
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IV. PROPOSED SYSTEM

The proposed Road sign recognition and classification system is based on the CNN architecture for better
detection and response capability. Such integration is closely aligned with the goal of enhancing Road safety
through these automated driving systems. It includes classification, detection, translation, and audio
descriptions. The specific intention of its structure is to classify Road signs on the basis of the inputted
information gathered through computer vision employing CNN.

4.1 Classification

1. Data Preprocessing: Images are resized to 30x30, whereas conversion into NumPy arrays allows these
images to be easily processed.

2. CNN Architecture : The CNN comprises a few layers, Convolutional layers are characterized by their
extraction of pertinent visual features like edges, textures, shapes, to assist in Road sign identification.

- Max pooling layers downscale input data with the consolation of inherent core features to turn into
processable and computationally cheaper.

- Dropout layers select some proportion of units at random not to participate in a training run. It reduces
overfitting and aid in ensuring good model generalization for subsequent data.

- Fully connected layers take over the job of classifying the extracted features into predetermined classes.
-The output layer picks the class that has the highest probability value as the predicted Road sign.

Extracting Features Classification
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Fig. 2. CNN Model Architecture for Road Sign Classification.

Figure 2 represents the CNN Model Architecture developed for Road Sign Classification. The model trains
on GTSRB, which has 43 classes of Road signs. It takes real-time images, normalizes them, and provides
the most appropriate classification by recognizing similar patterns.

4.2 Detection
Road Sign Detection is performed before classifying Road signs. The detected process involves locating
Ruby areas in the image, believed to potentially harbor Road signs that are crucial for any real-time
application. Some of the crucial elements of the detection include:

Preprocessing: The images are resized to 30x30 pixels to ensure a standard input size for the model. This
will help in ensuring that the model can handle each image indifferently of the original image size.

Data Augmentation: Usage of ImageDataGenerator in the augmentation of training data by implementing a
number of common data augmentation techniques like:

Rotation: Random rotations to simulate different orientations of Road signs. Width and Height Shifts:
Horizontally and vertically to account for where signs could be placed in each image. Zoom and Shear
Transformations to simulate the difference in sizes of signs and perspective of viewing those signs.

Horizontal Flipping: To observe the signs from different angles. All such actions increase the robustness
of the system generalizing better to unseen images.
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Sign Detection: Although it is not put explicitly in the code, Sign detection could work by applying a sliding
window or region proposal network to locate areas of interest in the image that could then be passed to the
classifier for identification. The below figure represents the activity diagram for the proposed system.

Fig. 3. GUI of the proposed system.

4.3 Multi-Language Translation

The translated Road signs in multiple languages are one of the major features of the proposed system. After
classification of the sign, the system retrieves the description of the sign and translates it to the user’s
individual choice of language. The different classes of Road signs with the corresponding textual
descriptions are stored. There are 43 classes, and in this case, only one corresponds to a Road sign with a
description in a base language The display system will then retrieve the description after recognizing and
classifying it. As shown in Figure 4 the languages will be displayed in order to allow user to select the
preferred language.

Fig. 4. GUI Interaction for Multi-Language Road Sign Translation

4.4 Audio Description

In order to enhance accessibility, the system additionally offers audio descriptions for the detected Road
signs. After classification of the sign and retrieval of its description, the system would convert the text to
speech in real-time, providing an auditory feedback mechanism to the user.

An AP, like Google Translate or a local translation library, will undertake the translation of the description
of the recognized road sign into different languages. Regarding Indian languages, the system may support
Hindi, Bengali, Tamil, and Telugu to suit local traditional needs.

Text-to-Speech Engine: A text-to-speech engine (gTTS, Google Text-to-Speech, for instance, or pyttsx3)
would convert the description of the Road sign into audible Speech. That should ensure that whatever the
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Road signs might detect will be audibly described to the users, who could be anyone with visual impairment
or autonomous driving.

Real-Time Communication : This includes continuous output of any annotation from the detection of Road
signs during this process, and instant audio description output so the user can understand gestures without
any visual interaction. Contextual Awareness: Can serve in the broader context of an entire autonomous
vehicle system, where such audio description of Road signs would alert the driver or the system in real-time
of important Road signs such as speed limits, stop signs, or warnings, etc.

V.METHODOLOGY

In this document, we present a detailed methodology that outlines the key steps involved in building and
operating an Intelligent Road Sign Recognition System.

Step 1. Image Upload by User
The process begins with the image upload by the user of the road sign. Many formats of images are accepted
by the system (JPEG, PNG, etc.), and the image is sent for further processing.

Step 2. Language Selection by User
A user selects the language intended for the output of content translated. In this way, the detected text on
the road sign itself is translated in the language understood by the customer.

Step 3. Preprocessing Image

The uploaded image goes through a few additional preprocessing steps for quality improvement before
classification. Among these are:

Resizing and normalization-Adjustment in dimensions to that of the model input.

Noise Reduction-Applying appropriate filters to remove distortions.

Step 4. Road Sign Classification

Actual classification of the road sign visible in the image is done using self-developed CNN-Convolutional
Neural Networks modeling. Classification includes:

Feature Extraction: Recognition of different shapes, colors, and symbols.

Model Prediction: Matching the extracted features with the categories learned in training.

Confidence Scoring: Assigning probabilities to the predictions.

Step 5. Decision Making for Sign Detection

After the classification stage, the system decides if any road sign may be present:

Where there is a detected or recognized sign, the system will proceed to perform the translation of the
detected text.

And if there is no detected sign, a "no sign detected" message will be displayed with default audio feedback.

Step 6.Text-Translation:
Therefore, the detected text on the signs is translated into the languages selected by the users and using the
Google Translation API. This way, a door is opened, allowing users unfamiliar with the original language
to understand the content.

Step 7.Audio Description Generation:

The Google Text-To-Speech-GTTS-module generates audio descriptions from the translated text. This
module will assist the visually impaired users and serves as navigation for the drivers, who would depend
on voice calling.

Step 8.Displaying the Translated Text:
The interface will display the translated text so users have that as a reference when they are shown
translations for the road signs.
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Step 9. The audio output is played back:
The generated audio description will now be played so that the user again has accessible and clear
information on the above road sign.

?

User uploads image
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User selects language
v
| Preprocess image
v
Classify road sign
v
¢—YE Sign detected? ”°—¢
| Translate text using Google API | Display "No sign detected" |
v v
Generate audio description | Play default audio |
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Display translated text
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Fig. 5. Activity Diagram of the Proposed System

VI. Results and Discussions

In this section, the proposed road sign detection system is evaluated concerning accuracy results, real-time
processing, multilingualism, and audio description. A system performance evaluation will include accuracy,
time taken for processing per frame, and overall performance of the system. A. Classification Accuracy
Offering identification for Road signs using a Convolutional Neural Network is put forth by the proposed
system. The CNN was trained on German Road Sign Recognition Benchmark (GTSRB) dataset, which
contains 43 classes of Road signs. After training the model for 20 epochs, it was then evaluated on a separate
test set.

The model was classified with 98 percent accuracy on the test set, which indicates good real-world
performance in detection and classification of Road signs across various classes. Confusion Matrix: The
findings from the confusion matrix corroborated the statement that the model performed well in
distinguishing most classes of Road signs. Nevertheless, due to some confusion among similar signs, in
general, the system could classify most Road signs accurately.
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fig. 6. Prediction of uploaded Road Sign.

Figure 7 illustrates the training and validation accuracy over 30 epochs. The accuracy increases steadily
during training, with both curves converging towards a high value, indicating effective learning. The
minimal gap between training and validation accuracy suggests that the model generalizes well to unseen
data, reducing the risk of overfitting.
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To plot the loss curves for both training and validation datasets represented with Figure 8. The detection
module was supposed to determine where were Road sign located into images. The system could detect
presence of sign with high performance, for example it worked even good at images where backgrounds
differ from the learning examples significantly and lighting condition. The time of the detection module to
process a single image is 50 ms on average, which suits this system for real-time applications. The detection
module had a very low false positive rate- the system almost never mistook non sign objects for Road signs.
However, signs that were partially occluded or displayed at odd angles sometimes failed to be detected (false
negatives).
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VIII. CONCLUSION

The proposed road sign recognition system achieved promising results having high classification accuracy
and real time processing abilities. Coupled with its capacity to handle multi-language translation and giving
audio descriptions, the system can be considered a robust one for autonomous driving applications. The
results clearly show that not only does the system perform well regarding Road sign detection and
classification but also is accessible and adaptable to diverse regions and driving environments.
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