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Abstract: Traffic sign detection plays a vital role in
intelligent transportation systems and autonomous
vehicles by enabling them to recognize and follow road
regulations automatically. This project focuses on
developing an efficient, real-time system for detecting
and classifying traffic signs using deep learning and
computer vision techniques. A Convolutional Neural
Network (CNN) is trained on a large dataset of traffic
sign images to learn distinctive features such as color,
shape, and symbols. MobileNet is used for traffic sign
classification, while the Single Shot MultiBox Detector
(SSD) is used for traffic sign detection, enabling fast and
accurate real-time performance on embedded platforms.
The proposed system aims to overcome challenges such
as poor lighting, weather conditions, and driver
distraction, which often lead to missed or misinterpreted
signs. By implementing the system on a Raspberry Pi
platform, vehicles can make timely and safe decisions,
thereby improving road safety and reducing the
likelihood of accidents and traffic violations, especially in
low-cost vehicles and developing regions.

Keywords: Image Steganography, Randomized LSB, Al-
Assisted Pixel Selection, Random Forest Regressor,
Hybrid Encryption, AES-256, ChaCha20, Secure
Communication, Web-Based Steganography.

LINTRODUCTION

Road transportation systems increasingly depend on
drivers’ ability to accurately observe, interpret, and
respond to traffic signs for safe navigation and
regulatory compliance. While manual recognition of
road signs has traditionally been sufficient, modern
traffic environments are becoming more complex due
to higher vehicle density, faster speeds, and varying
environmental conditions. Human factors such as
distraction, fatigue, poor visibility, and adverse
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weather can significantly reduce a driver’s ability to
notice or correctly interpret traffic signs. These
limitations increase the likelihood of accidents, rule
violations, and unsafe driving behavior, motivating the
need for automated and intelligent traffic sign
recognition solutions.

Advances in computer vision and deep learning
have enabled machines to analyze visual data with high
accuracy, making them suitable for real-time road
scene understanding. In particular, convolutional
neural networks have demonstrated strong
performance in image classification and object
detection  tasks by  automatically learning
discriminative features such as color, shape, and
symbol patterns. These capabilities make deep learning
an attractive foundation for building automated traffic
sign detection systems that can operate reliably without
manual intervention. However, practical deployment
of such systems in vehicles presents challenges related
to computational efficiency, latency, and hardware
constraints, especially for low-cost embedded
platforms.

Traditional image processing approaches rely on
hand-crafted features and classical classifiers, which
often fail under changing lighting, occlusions, and
complex backgrounds. Conversely, state-of-the-art
deep learning models can be computationally heavy
and unsuitable for real-time execution on lightweight
devices. Therefore, traffic sign recognition systems
must carefully balance detection accuracy with
processing speed and resource usage to ensure
dependable operation in real-world driving conditions
while maintaining affordability and scalability.

Lightweight deep learning architectures provide a
practical pathway to address these limitations. Models
such as MobileNet enable efficient feature extraction
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with reduced computational cost, while object
detection frameworks like Single Shot MultiBox
Detector  support real-time localization and
classification of multiple traffic signs within a single
frame. By combining these approaches and optimizing
inference through TensorFlow Lite, traffic sign
recognion can be deployed effectively on embedded
systems su921°ch as the Raspberry Pi.

This work proposes a deep learning—based traffic
sign recognition framework that performs real-time
detection and classification of road signs using a hybrid
edge-computing design. The system captures live
video input, processes images using computer vision
techniques, and applies a lightweight convolutional
neural network to identify and localize traffic signs
with bounding boxes and labels. By prioritizing
efficiency, scalability, and deployability, the
framework enables practical integration into driver
assistance systems and intelligent transportation
applications. The remainder of this project presents the
system architecture, implementation methodology,
experimental evaluation, and observed limitations of
the proposed approach.
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II. RELATED WORK, MOTIVATION AND
PROBLEM IDENTIFICATION

2.1 Related Work

[1] Multiple View Geometry in Computer Vision — R.
Hartley and A. Zisserman, 2004.

Focus: Establishes foundational computer vision
principles including feature detection, geometric
transformations, and image modeling that support
early traffic sign detection methods.

[2] Computer Vision: Algorithms and Applications —
R. Szeliski, 2010.

Focus: Presents classical image processing algorithms
such as segmentation, filtering, and object recognition
widely used in traditional traffic sign systems.

[3] Histograms of Oriented Gradients for Human
Detection — N. Dalal and B. Triggs, Proc. CVPR, 2005.
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Focus: Introduces HOG descriptors for feature
extraction; these handcrafted features were applied in
early traffic sign classification approaches.

[4] Traffic Sign Recognition with Multi-Scale
Convolutional Networks — P. Sermanet and Y. LeCun,
Proc. IJICNN, 2011.

Focus: One of the first CNN-based traffic sign
recognition methods, achieving higher accuracy than
traditional feature-based techniques.

[5] Lecture Notes in Computer Science — J. Stallkamp
et al., “The German Traffic Sign Recognition
Benchmark (GTSRB),” 2012.

Focus: Provides a large-scale standardized dataset for
evaluating traffic sign classifiers, enabling fair
comparison of deep learning models.

[6] You Only Look Once: Unified, Real-Time Object
Detection — J. Redmon et al., 2016.

Focus: Proposes a single-stage detection framework
(YOLO) enabling fast real-time object detection
suitable for road environments.

[7] SSD: Single Shot MultiBox Detector — W. Liu et
al., Proc. ECCV, 2016.

Focus: Introduces SSD for high-speed and accurate
object detection, widely adopted for embedded real-
time traffic sign detection.

[8] MobileNets: Efficient Convolutional Neural
Networks for Mobile Vision Applications — A. Howard
etal., 2017.

Focus: Presents a lightweight CNN architecture
optimized for mobile and edge devices with reduced
computational cost.

[9] MobileNetV2: Inverted Residuals and Linear
Bottlenecks — M. Sandler et al., 2018.

Focus: Improves MobileNet efficiency and accuracy,
making it suitable for real-time embedded vision tasks
like traffic sign recognition.

[10] Feature Pyramid Networks for Object Detection —
T.-Y. Lin et al., 2017.

Focus: Introduces multi-scale feature extraction for
detecting small objects, useful for recognizing distant
or small traffic signs.

[11] TensorFlow — Google, Machine Learning
Framework.

Focus: Provides tools for building, training, and
deploying deep learning models for traffic sign
classification and detection.

[12] OpenCV — Open Source Computer Vision Library.
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Focus:  Supplies real-time image  capture,
preprocessing, contour detection, and visualization
used in the traffic sign recognition pipeline.

[13] Raspberry Pi Foundation — Raspberry Pi
Embedded Platform.

Focus: Enables low-cost deployment of real-time
computer vision applications for intelligent
transportation systems.

[14] Keras — High-Level Neural Network API.

Focus: Simplifies CNN model development and rapid
experimentation for traffic sign classification tasks.
[15] German Traffic Sign Detection Benchmark —
GTSDB Dataset.

Focus: Provides annotated images for traffic sign
detection, supporting evaluation of detection
algorithms such as SSD and YOLO.

2.2 Motivation

Road safety remains a critical concern in modern
transportation systems, particularly in densely
populated urban environments and developing regions
where traffic violations and accidents are frequent.
Drivers are required to continuously observe and
interpret traffic signs that convey regulatory, warning,
and informational instructions. However, human
limitations such as fatigue, distraction, poor visibility,
and adverse weather conditions often lead to missed or
misinterpreted signs, increasing the likelihood of
accidents and unsafe driving behavior.

Traditional driving relies heavily on manual
observation, which becomes unreliable under dynamic
road scenarios involving high vehicle speeds and
complex traffic conditions. Although advanced driver
assistance systems (ADAS) have been introduced in
high-end vehicles to automate perception tasks, such
solutions are often expensive and inaccessible to a
large portion of the population. This creates a need for
affordable and efficient intelligent systems that can
assist drivers in real time without requiring specialized
or costly hardware.

Recent advances in computer vision and deep learning
provide new opportunities to address these challenges.
Convolutional Neural Networks (CNNs) have
demonstrated strong capability in automatically
learning discriminative features such as color, shape,
and symbol patterns, enabling accurate recognition of
traffic signs. Lightweight detection and classification
models further allow deployment on embedded
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platforms, making real-time inference feasible on low-
power devices.

These developments motivate the proposed system,
which integrates camera-based vision, efficient deep
learning algorithms, and embedded hardware to create
a practical and low-cost traffic sign recognition
solution. By combining real-time detection with on-
device processing, the framework aims to enhance
driving awareness, support safer decision-making, and
improve road safety outcomes without dependence on
high-end automotive infrastructure.

2.3 Problem Identification

Despite  substantial ~ progress in intelligent
transportation technologies, several technical and
practical challenges remain unresolved.

First, traditional computer vision methods based on
handcrafted features and color segmentation often fail
under varying illumination conditions, shadows, rain,
fog, or partial occlusions. These environmental factors
reduce detection accuracy and limit system reliability
in real-world scenarios.

Second, deep learning models that provide high
recognition accuracy typically require significant
computational resources. Deploying such models
directly on embedded platforms introduces constraints
related to limited processing power, memory capacity,
and energy consumption. Achieving a balance between
model complexity and real-time performance remains
a key challenge.

Third, many existing traffic sign recognition systems
prioritize either detection accuracy or speed, but not
both simultaneously. Systems with high precision may
suffer from latency, while faster methods may produce
false detections or missed signs. This trade-off affects
the effectiveness of real-time driver assistance
applications.

Fourth, the cost and deployment complexity of
advanced hardware-based solutions restrict their
accessibility, especially in low-cost vehicles and
developing regions. There is a lack of scalable and
economical implementations that can be easily
integrated into everyday transportation systems.
These challenges highlight the need for a robust,
efficient, and deployable traffic sign recognition
framework that ensures accurate detection under
diverse environmental conditions, operates in real time
on low-power embedded hardware, and remains
affordable for widespread adoption. The proposed
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system addresses these requirements through
optimized computer vision techniques, lightweight
neural network models, and embedded
implementation.

1II. THEORETICAL FRAMEWORK
3.1 Overview
The theoretical framework of the proposed system is
grounded in the principles of computer vision—based
perception, deep learning—based object classification,
and embedded edge computing. Instead of relying
solely on manual observation by drivers, the
framework treats visual perception as an automated
computational task in which traffic signs are detected,
interpreted, and classified in real time. This approach
aligns with existing research that emphasizes replacing
handcrafted feature engineering with data-driven
learning models to achieve robust recognition under
diverse environmental conditions.
At the core of the framework is the separation of
responsibilities between detection, classification, and
system output. The detection stage identifies potential
traffic sign regions within each video frame using
image processing and object localization techniques.
The classification stage then analyzes these detected
regions using trained neural network models to
determine the specific sign category. Finally, the output
layer communicates results to the user through visual
or textual alerts. This separation reduces computational
overhead, improves modularity, and enables
independent optimization of each stage.
The framework adopts lightweight computer vision
operations for preprocessing, including color space
transformation, noise filtering, and contour extraction.
These steps enhance image quality and isolate
candidate regions before deep learning inference. By
limiting neural network execution to relevant regions
rather than the entire frame, the system improves
efficiency and supports real-time performance on
resource-constrained hardware.
Embedded edge computing plays a central role in
enabling this framework. Instead of transmitting video
data to remote servers, all processing occurs locally on
a compact device supported by the Raspberry Pi
Foundation platform. This design reduces latency,
avoids network dependency, and ensures continuous
operation even in offline environments. Local
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processing also improves privacy since captured
images are not externally transmitted.

The framework further incorporates an event-driven
interaction model, where recognized traffic signs
trigger immediate system responses such as display
notifications or warnings on an OLED module. This
real-time feedback mechanism allows drivers to
receive timely assistance without distraction. Overall,
the theoretical framework establishes a scalable and
deployable perception system that prioritizes speed,
reliability, and affordability over computational
complexity.

3.2 System Architecture

Figure 1 illustrates the high-level architecture of the
proposed traffic sign recognition framework, which is
composed of four primary components:

e Image Acquisition Layer

e Preprocessing and Feature Extraction Layer

e Detection and Classification Layer

e Output and Alert Layer

The communication process begins at the image
acquisition layer, where a camera continuously
captures live road scenes. These frames are passed to
the preprocessing module, where noise reduction,
resizing, and color conversion operations are applied.
The processed frames are then analyzed by the
detection layer, which identifies regions containing
traffic signs. Detected regions are forwarded to the
classification module, where trained neural networks
determine the sign category. The predicted result is
subsequently displayed to the user through a compact
OLED interface and system alerts.

This pipeline ensures that detection, recognition, and
feedback occur sequentially and efficiently, enabling
real-time operation on embedded hardware.

3.3 Computer Vision and Deep Learning Foundations
Computer vision systems are fundamentally designed
to interpret visual information by extracting
meaningful features from images. Early traffic sign
recognition methods relied on handcrafted descriptors
such as edges, contours, color histograms, and shape-
based templates. While computationally simple, these
approaches were sensitive to lighting variations,
occlusions, and background clutter, reducing their
effectiveness in real-world driving scenarios.
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Modern systems employ machine learning and deep
learning techniques to overcome these limitations.
Convolutional Neural Networks (CNNs) automatically
learn hierarchical features from raw image data,
capturing low-level patterns such as edges and textures
as well as high-level semantic structures such as
symbols and shapes. This capability enables improved
robustness and generalization across varying
environmental conditions.

Object  detection algorithms  further  extend
classification by simultaneously localizing and
identifying objects within images. Single-shot
detectors such as SSD enable rapid inference by
predicting bounding boxes and class labels in one pass,
making them suitable for real-time applications.
Lightweight architectures such as MobileNet reduce
computational  complexity through depthwise
separable convolutions, allowing deployment on low-
power embedded devices without substantial accuracy
loss.

From a theoretical standpoint, these models shift the
role of image processing from manual feature
engineering to automated feature learning. This shift is
particularly relevant for traffic sign recognition, where
visual diversity and environmental variability demand
adaptable representations. Prior research highlights
that such learning-based approaches are essential for
building scalable and reliable perception systems.

In the proposed framework, efficient vision processing
is implemented using OpenCV for image acquisition
and preprocessing, while deep learning inference is
supported by TensorFlow-based models deployed on
embedded hardware. By combining classical image
processing with lightweight neural networks, the
system achieves a practical balance between accuracy,
speed, and hardware efficiency.

This theoretical foundation justifies the use of real-
time computer vision, deep learning classification, and
embedded execution as an effective and scalable
solution for traffic sign recognition in intelligent
transportation systems.
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IV. SYSTEM DESIGN AND ARCHITECTURE
4.1 Architectural Overview

The proposed traffic sign recognition system adopts a
layered edge-computing architecture designed to
balance real-time performance, portability, and low
hardware cost. Instead of relying on cloud-based
processing, the architecture performs all detection and
classification operations locally on an embedded
device. This design eliminates network latency,
improves responsiveness, and ensures reliable
operation even in environments with limited
connectivity.

The system is deployed on a Raspberry Pi Foundation
Raspberry Pi single-board computer and integrates a
camera module for image acquisition, computer vision
algorithms for processing, and an SSD1306 OLED
display for user feedback. Each layer of the
architecture is assigned a distinct responsibility: image
capture, preprocessing, recognition, and output
display.

At the top layer, the camera continuously captures
frames from the road environment. The processing
layer performs filtering and feature extraction,
followed by classification of detected traffic signs. The
output layer communicates recognition results to the
driver through a compact OLED display. This layered
separation improves modularity, maintainability, and
scalability of the system.

4.2 Hardware and Software Component Design

The system combines both hardware and software
modules to achieve real-time recognition.

Hardware Components

e Raspberry Pi (main controller)
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e PiCamera/USB Camera

e SSD1306 OLED display

e Power supply

Software Components

e Python for system implementation

e  OpenCV for image processing

e  NumPy for matrix operations

e OLED driver libraries for I*C communication

The Raspberry Pi handles computation and device
control.  OpenCV  performs frame capture,
preprocessing, and sign detection. The OLED driver
communicates through the I2C interface to display
recognition results.

4.3 Vision Processing Pipeline

The operational workflow of the system follows a
sequential real-time processing pipeline.

First, the camera captures video frames continuously.
Each frame is resized and converted into an appropriate
color space to improve detection accuracy. Noise
reduction and thresholding techniques are applied to
isolate potential traffic sign regions.

Next, the system performs feature extraction and
classification using trained recognition logic. Once a
traffic sign is identified, the corresponding label (e.g.,
STOP, SPEED LIMIT, NO ENTRY) is generated.
Finally, the detected label is transmitted to the OLED
display, where the information is presented to the
driver. This pipeline ensures minimal delay between
detection and feedback.

4.4 Event-Driven Recognition Flow

The system follows an event-driven model to ensure
efficient and responsive operation.

The process begins when the camera captures a frame.
The detection algorithm analyzes the frame for
potential traffic signs. If a valid sign is recognized, an
event is triggered that updates the OLED display with
the detected sign information. If no sign is detected, the
system continues monitoring subsequent frames.

This event-driven approach reduces unnecessary
processing and ensures that the display updates only
when meaningful changes occur. As a result,
computational resources are conserved, and real-time
responsiveness is maintained.
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4.5 Display Interface Design

The OLED display serves as the human-machine
interface of the system. It provides immediate visual
alerts to the driver without requiring external monitors
or terminals.

The display communicates with the Raspberry Pi
through the I?*C bus and is initialized using the
SSD1306 driver library. Recognition results are
rendered as text or symbols and refreshed dynamically.
The compact size and low power consumption of the
OLED make it suitable for embedded automotive
applications.

By integrating a dedicated display module, the system
operates as a fully standalone device, improving
portability and field usability.

4.6 Design Rationale and Trade-Offs

The system design prioritizes local processing and low
latency over cloud-based scalability. While cloud
processing could provide higher computational
capacity, it would introduce network delays and
dependency on connectivity. Performing all
computations on the Raspberry Pi ensures consistent
real-time performance.

Similarly, the use of an OLED display instead of a
larger LCD reduces power consumption and physical
size, though it limits screen resolution. This trade-off
is acceptable because only textual alerts are required.

The layered architecture also enhances modularity.
Individual components such as the camera, recognition
algorithm, or display can be upgraded independently
without affecting the overall system.
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V. IMPLEMENTATION AND METHODOLOGY
5.1 Implementation Environment

The proposed traffic sign recognition system is
implemented as an embedded edge-computing
application deployed on a Raspberry Pi Foundation
Raspberry Pi single-board computer. The system
integrates a camera module for real-time image
acquisition, local processing software for computer
vision tasks, and an SSD1306 OLED display for output
visualization.

The software stack is developed using Python, selected
for its simplicity and extensive hardware support.
Image processing and object detection functionalities
are implemented using OpenCV, while numerical
operations are handled through NumPy. OLED
communication is performed using 12C-based driver
libraries.

All computation occurs locally on the Raspberry Pi
without reliance on cloud infrastructure. This
standalone deployment ensures low latency, reduced
network dependency, and real-time responsiveness,
which are critical for safety-related transportation
applications.

OLED Display
(55D1306)

5V Power Raspberry Pi

5.2 Methodology Overview

The system follows a stepwise operational
methodology that separates image acquisition,
preprocessing, detection, classification, and user
notification. Rather than processing data remotely, all
recognition tasks are executed on-device to minimize
delay and improve reliability.

The methodology consists of five primary phases:
e Frame capture

e Image preprocessing

e  Traffic sign detection

e Classification and recognition

e  Output display and alert generation
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This phased design ensures modularity and enables
each component to be optimized independently.

5.3 Image Capture and Preparation

In the first phase, the camera module continuously
captures live video frames from the road environment.
Each frame is transferred to the Raspberry Pi for
processing.

Before detection, the captured frame undergoes
preparation steps to improve recognition accuracy.
These include resizing to reduce computational load,
color-space  conversion, and noise reduction.
Converting images into grayscale or HSV space
enhances feature separation and simplifies contour
extraction.

Preprocessing ensures consistent lighting
normalization and reduces false detections caused by
shadows or environmental variations.

5.4 Traffic Sign Detection and Classification

After preprocessing, the system performs sign
detection using computer vision techniques provided
by OpenCV. Candidate regions are identified using
contour detection, edge detection, or color-based
segmentation.

Detected regions are then analyzed for shape and
feature characteristics. The system compares extracted
features against predefined templates or trained
recognition models to classify the traffic sign.

Each recognized sign is mapped to a semantic label
such as:

e STOP
e SPEED LIMIT
e NO ENTRY

e TURN LEFT/RIGHT

By performing all classification locally, the system
avoids transmission delays and achieves near real-time
detection performance.

5.5 Event-Driven Recognition and Display

The system adopts an event-driven approach for
efficient operation.

When a valid traffic sign is recognized, a detection
event is triggered. This event updates the output layer
and sends the recognized label to the OLED display. If
no sign is detected, the system continues scanning
subsequent frames without updating the display.

This mechanism reduces unnecessary screen refresh
operations and conserves computational resources
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while ensuring immediate feedback when a relevant
event occurs.

Figure 5 illustrates the event-driven recognition
workflow: the camera captures frames, the processing
module analyzes them, detection events are generated
upon recognition, and results are displayed to the user.

5.6 OLED Output Integration

The OLED module functions as the user interface of
the system. The display is connected to the Raspberry
Pi via the I*C communication bus.

Once a sign is detected, the corresponding message is
rendered as text on the OLED screen. The compact size
and low power consumption of the OLED make it
well-suited for portable embedded systems and
vehicular installations.

Since output is handled locally, the driver receives
immediate visual alerts without requiring external
monitors or additional hardware.

5.7 Algorithmic Workflow

Algorithm: Traffic Sign Capture, Recognition, and
Display

Input: Live camera feed

Comparative Performance of Traffic Sign Detection Models

Proposed Method

"
oo

Output: Recognized traffic sign label displayed on
OLED

1. Initialize camera module
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Initialize OLED display
Load traffic sign database and feature descriptors

Start continuous system operation
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While the system is running, repeat:

a. Capture current frame from camera

b. Resize and preprocess the frame

c. Detect candidate traffic sign regions

d. Extract visual features from detected regions
e. Compare extracted features with stored sign
database

f. Classify the traffic sign label

6. Ifawvalid sign is recognized:
a. Clear previous OLED content
b. Render the recognized label as text
c. Refresh OLED display to show alert

7. Else:
Continue capturing next frame

8. End loop when system stops

5.8 Embedded Edge Processing Strategy

To ensure low latency and reliable operation, the
proposed system adopts an edge-processing strategy in
which all computation occurs directly on the Raspberry
Pi rather than remote servers. This approach eliminates
dependency on internet connectivity and prevents
delays caused by network transmission.

Although  embedded devices offer limited
computational resources compared to cloud platforms,
optimized image resizing and efficient OpenCV
routines enable real-time performance. The trade-off
between computational complexity and responsiveness
is carefully balanced to maintain practical usability.

By combining on-device processing with lightweight
hardware components, the system achieves portability,
energy efficiency, and immediate feedback, making it
suitable for real-world intelligent transportation and
driver-assistance applications.

VI. RESULTS AND DISCUSSION

The proposed traffic sign recognition system was
experimentally evaluated under real-time operating
conditions using a camera module integrated with the
Raspberry Pi Foundation Raspberry Pi. Image
processing and classification were implemented using
Python and the OpenCV framework. Detected traffic
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sign labels were displayed instantly on an SSD1306
OLED display OLED screen, providing immediate
feedback to the user.

The evaluation focused on functional correctness,
recognition reliability, and real-time responsiveness.
Multiple traffic signs were presented to the camera at
different distances, angles, and lighting conditions to
assess  detection  performance. The  system
continuously captured video frames, processed them
locally, and updated the display without noticeable
delay, confirming the effectiveness of the edge-based
architecture.

6.1 Detection of Traffic Signs

The system successfully detected and classified several
common categories of traffic signs, demonstrating its
applicability to real-world driving assistance scenarios.

Training and Test Accuracy
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No U-Turn Sign

The system correctly recognized the No U-Turn sign
from live camera input. This sign prohibits vehicles
from making U-turns at specific locations. The
algorithm extracted the circular boundary and
symbolic pattern, enabling accurate classification.
Once detected, the label was immediately shown on the
OLED display, confirming correct integration between
detection and output modules.

Pedestrian Crossing Ahead

The Pedestrian Crossing Ahead warning sign was
reliably identified. This type of sign alerts drivers to
possible pedestrian movement and encourages caution.
The system detected the triangular warning shape and
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internal pedestrian symbol even with slight variations
in viewing angle. Recognition of such warning signs
demonstrates the system’s usefulness for safety-critical
alerts.

Sharp Left Turn Ahead

The Sharp Left Turn Ahead sign was also successfully
classified. The detection confirms that the model can
interpret directional indicators and geometric shapes
effectively. Early recognition of this sign is important
for driver awareness and safe vehicle control,
highlighting the practical value of the system.

Stop Sign

The system consistently recognized the Stop Sign, one
of the most critical regulatory signs in traffic control.
The distinctive octagonal shape and high contrast
enabled accurate detection across multiple trials.
Immediate display of this sign on the OLED ensures
timely alerts for mandatory stopping conditions.

6.2 Real-Time Performance

The complete capture—process—display pipeline
operated smoothly in real time. Since all processing
occurs locally on the Raspberry Pi, the system does not
rely on cloud connectivity, eliminating network latency
and improving reliability.

Inference Time Comparison
804

— Traini ng Loss

—— Test Loss

50

404

Loss

|
30+

The architecture provides:

e Continuous live frame processing
e  Fast detection response

e Low computational overhead

e Immediate visual output

This edge-computing approach makes the system
suitable for embedded and portable deployments such
as vehicles or roadside monitoring units.
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6.3 Scalability and Practicality

The system design is lightweight and cost-effective,
requiring only a Raspberry Pi, camera module, and
OLED display. This minimal hardware setup allows
easy replication and deployment in multiple locations.
Compared to cloud-based or GPU-dependent
solutions, the proposed framework offers better
portability, lower power consumption, and reduced
operational cost.

6.4 Limitations and Observations

Although the system demonstrates reliable
performance, certain limitations were observed:

e Reduced accuracy in low-light conditions
e  Sensitivity to motion blur at high speeds
e Computational constraints of embedded hardware

e Limited robustness to partial occlusion or
complex backgrounds

These factors suggest that integrating advanced deep
learning models or hardware accelerators could further
enhance performance.

VII. CONCLUSION AND FUTURE WORK
7.1 Conclusion

This work presented a real-time traffic sign detection
and recognition system designed for low-cost
embedded deployment using the Raspberry Pi
Foundation Raspberry Pi platform. The system
integrates computer vision techniques with efficient
feature-based matching to identify traffic signs from
live camera feeds and provide immediate feedback
through an SSD1306 OLED display. Unlike cloud-
dependent or high-performance GPU-based solutions,
the proposed framework performs all image processing
locally using Python and the OpenCV library, ensuring
low latency, reduced power consumption, and
standalone operation.

The system successfully detects and classifies multiple
categories of traffic signs, including regulatory,
warning, and caution signs, under real-time conditions.
By combining camera-based acquisition, feature
extraction, template matching, and embedded
visualization, the architecture achieves a balance
between detection accuracy and computational
efficiency. The use of an edge-computing approach
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eliminates network dependency and makes the solution
suitable for deployment in wvehicles, roadside
monitoring  systems, or portable intelligent
transportation devices.

Experimental evaluation confirms that the framework
operates reliably in continuous video streams,
providing timely alerts and maintaining stable
performance on resource-constrained hardware.
Overall, the proposed system demonstrates that
practical traffic sign recognition can be achieved using
affordable hardware and lightweight computer vision
methods, making it a deployable reference design for
embedded driver-assistance applications.

7.2 Future Work:

While the proposed traffic sign recognition system
built on the Raspberry Pi Foundation Raspberry Pi
achieves reliable real-time detection and display,
several enhancements can further improve its
functionality and practical deployment.

The system can be extended with a GPS module to
enable location-aware detection and contextual alerts.
By combining traffic signs with geographic data, it can
warn drivers about school zones, speed limits, or
accident-prone areas. GPS logs can also support
navigation analysis and travel history tracking. Audio
feedback can complement the OLED display by
providing spoken warnings for detected signs. This
reduces the need for drivers to look at the screen during
driving. Voice alerts improve safety and usability,
especially at high speeds or in low-visibility
conditions. Wireless connectivity can allow detected
traffic data to be uploaded to mobile or cloud
platforms. This enables remote monitoring, data
storage, and performance analysis. A mobile
application can also provide alerts, logs, and system
updates for better interaction. The system can assign
priority levels to different traffic signs based on safety
importance. Critical warnings such as stop or no-entry
signs can override less urgent information. This
ensures drivers focus on the most important alerts first.
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