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Abstract--With the emergence of smart transport and electric
cars (EVs), road safety against poor weather conditions has
become even more critical In this context, the paper suggests
Tratffic Sign Detection and Number Plate Recognition using
deep learning on ¥OLOV9 specifically appropriate to poor
weather conditions like fog. The model is the core component
of Advanced Driver Assistance Systems (ADAS) and offers
accurate and real-time recognition of road signs and car
number plates to support driver perception and decision-
making. Unlike multi-model systems, however, this system
utilizes only ¥OLOV9, the speed-accuracy-optimized variant,
to give effective detection under low-visibility conditions. The
application enhances the safety aspects of intelligent cars
and EVs, conforming to the evolving demands of modern
transport. Kis the focus on real-time processing and
inclement weather tolerance, this work significantly
contributes to the development of resilient and effective
ADAS technologies.
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foggy Weather Detection, Deep Learning, Electric Vehicles
(EVs), Road Safety, Real-Time Object Detection, Smart
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1. INTRODUCTION

The automotive industry, once dominated by mechanics, is
undergoing profound transformation with the addition of
smart technology. Among the most significant aspects of this
transformation is the application of Advanced Driver
Assistance Systems (ADAS), which are geared towards
improving the safety of cars and reducing driver intervention
through automation. ADASs are at the forefront in bridging
the gap between traditional vehicles and self-driven transport,
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especially in the era of Electric Vehicles (EVs) and
smart mobility.

ADAS solutions rely to a significant degree on real-time
data processing to perceive and respond to potential
hazards on the road. Such vital features include Traffic
Sign Detection and Number Plate Recognition, enabling
vehicles to make decisions based on road regulations.
However, one of the challenges persisting for these
systems is to maintain detection accuracy under adverse
weather conditions, such as heavy fog, low light, or
heavy rainfall.

The paper proposes a deep learning-based ADAS model
that utilizes solely YOLOV9, which is a state-of-the-art
object detection model that is remarkable because of its
high speed, high accuracy, and real-time performance.
YOLOVW9 is capable of detecting visual data by making a
single pass forward, thereby making it highly time-
efficient in time-sensitive applications like traffic sign
and license plate recognition even under low visibility
conditions. The model has also been made to be able to
operate in foggy conditions as well, in a way that safety-
critical road information continues to remain visible and
actionable.

The focus on a single, robust model—YOLOv9—
ensures low system complexity and high accuracy. This
is in contrast to hybrid solutions based on multiple
models or image improvement techniques. Since our
system uses only YOLOV9, it has reduced architecture,
increased inference speed, and operational efficiency,
particularly best suited for real-world application in EVs
and smart vehicles.
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With the advancement of technology in cars, attention is
being laid on real-world robustness and resilience in harsh
environments. Our work takes this trend further by building a
robust object detection model that can be resilient during
heavy fog conditions, thus improving overall robustness in
ADAS. This development not only reduces traffic accidents
but also promotes greater trust in semi-autonomous driving
systems, leading the way to safer and smarter transport.

Il. LITERATURE SURVEY

In paper [1] "Traffic Sign Detection and Recognition under Foggy
Conditions" by M. Zhang, C. Li, D. Chen, and H. Zeng (2023), the
authors introduce a foggy scene dataset (Foggy- DFG) and apply
the YOLOX-CBAM model with an attention module for detecting
foggy traffic signs. The YOLOX-CBAM model exhibits better
performance, overcoming the issues caused by bad weather
conditions, i.e., foggy scenes. [2] "Efficient Traffic Sign Detection
and Recognition for Taiwan Road Using YOLO Model with
Hybrid Dataset” by T. Suwattanapunkul and L.-J. Wang (2023)
presents YOLOvbs6 and YOLOv8s models for traffic sign
detection on Taiwan roads. The research targets particular traffic

signs using a hybrid dataset to enhance model performance. [3]
"Researchon Traffic Sign Recognition Algorithm Based on
Improved YOLOV5 Model" by T. Liu, C. Dongye, and X. Jia
(2023) introduces an enhanced YOLOv5s model for traffic sign
recognition, solving the small target detection problem. The
light and efficient model provides a significant improvement
compared to the base algorithm.

[4]\t"Traffic Sign Detection and Recognition Based on An
Improved YOLOV5" by Z. Yang and J. Yu (2023) introduces an
enhanced YOLOVv5s algorithm for precise and real-time traffic
sign recognition. The model integrates K- means, Weighted
Intersection ~ over  Union  (WIoU), and  Contextual
Attention(CA)mechanisms.[5]"YOLOV5-basedTrafficSign
Detection Algorithm™ by R. Li (2023) suggests an enhanced
YOLOv5-based model with increased recognition accuracyand
speed. The model substitutes Shufflenetv2 with a lightweight
network, BiFPN as the feature fusion mechanism, and K-means
for anchor values. [6] "Lightweight Traffic Sign Recognition
Algorithm Based on Improved YOLOvV5 Model" by T. Liu and C.
Dongye (2023) is concerned with building a lightweight
YOLOv5s model to achieve fast and robust traffic sign detection.
The proposed Dense CSP Module for better feature fusion and
enhanced feature pyramid raises detection efficiency.

[7]1 "Improved Traffic Sign Detection Algorithm for YOLOv5s"
by X. Li and S. Geng (2023) proposes an enhanced YOLOv5s
algorithm for better traffic sign detection. The methodology
employs replacement, paste, and traditional data amplification
techniques in the TT100K dataset for low detection precision. [8]
"Traffic Sign Detection Based on Multi-Scale Feature Fusion" by
H. Zou and H. Zhan (2022),improvements to the Single Shot
Multibox Detector algorithm are presented. Enhanced SSD
algorithm is directed at precise traffic sign detection, registering
enhanced training speed and convergence speed. [9] "Traffic Sign
Detection and Recognition based on

Enhanced YOLOV5" by J.Zhou and D. Ge (2022)
presents an enhanced YOLOv5 model for small objects
and occluded traffic signs. Dataset and loss function
optimization improves mAP, precision, and recall for
assisted driving.

[10] "Local Regression Based Real-Time Traffic
Sign Detection using YOLOv6" by R. Kaur and J.
Singh (2022) uses YOLOvV6 and Logistic Regression
for real-time traffic sign detection. The method
enhances speed and accuracy in real-time detection,
which is appropriate for embedded systems. [11]
"YOLOv4-based Traffic Sign Detection Algorithm"
by W. H. D. Fernando and S. Sotheeswaran (2021)
uses the YOLOv4 model for real-time traffic sign
detection and recognition. The YOLOv4 model
achieves high accuracy in detecting a dataset of 43
classes of traffic signs with a focus on real-time
detection for intelligent transportation systems.

[12] "Enhanced Local Features using Ridgelet
Filters for Traffic Sign Detection and Recognition”
by S. M. Tarachandy and A. J (2021) suggests
Ridgelet filters for strong local features in traffic
sign recognition. Ridgelet filters are combined with
YOLOVS5 to solve issues of generic object detectors
in the detection of small objects.

[13] "Real-Time TrafficSign  DetectionUsing a
HybridYOLOv4Model"byA.Anaswara,S.Seema,andK.R.
Shalini(202I)presentahybridY OLOv4modelforreal-
timetrafficsigndetection.. Themodel integrates YOLOv4
with featurepyramid network(FPN) to enhance accuracy
and detection speed, solvingthe issues in real- time traffic
sign recognition. [14] "Deep Learning for Large-

Scale Traffic-
SignDetectionandRecognition"byD.TabernikandD.
Skocaj(2020),emphasisisplacedonlarge-scaletraffic-sign
inventoryautomationthroughMaskR-
CNNfortrafficsigndetection. Themethodisabletoregisterbe
low3%errorrates for 200 traffic-sign  categories,
highlighting the automation in dealing with and
identifying large-scale traffic signs.

[15]"Convolutional Neural Network for Autonomous
Car Navigation" by M. Ikhlayel, A. J. Iswara, A.
Kurniawan, A. Zaini, and E. M. Yuniarno (2020)
presents a detection framework for traffic sign detection
in Autonomous Carshased on YOLO Deep Learning.
The framework is intended for camera sensor data to
use for navigation, which deals with navigation
challenges in autonomous vehicles.

[16]"SMS: Signs MAY SAVE — Traffic Sign
Recognition and Detection using CNN" by P.
Tumuluru, L. R. Burra, N. Sunanda, S. S. Hussain,
D. Madhu, and H. V. Varma (2020) uses
Convolutional Neural Networks for precise
classification of traffic signs. The method enhances
accuracy by incorporating additional layers in CNN,
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solving issues in image classification. [17] "Detection of
Malaysian Traffic Signs via Modified YOLOv3 Algorithm"

by W.-N. Mohd-Isa, M.-S.Abdullah,M.Sarzil,
J.Abdullah,A.Ali,and N.Hashim (2020) uses YOLOv3 with
spatial pyramid pooling for Malaysian trafficsign detection.
Thepaper solves problems of detecting small traffic signs
in real-world settings, with 90% accuracy and 82.5% mean
average precision. [18] "loT-based Traffic Sign Detection
and Violation Control* by T. Baratsanjeevi, S.
Deepakkrishna, M. P. Harrine, S. Sharan,andE.Prabhu
(2020)appliesCNN-based trafficsign detection and loT for
violation control. The prototype refuses user control in case
of violating traffic rules, with a focus on real- time
detection and violation control through IoT technologies.

[19] "Automated Road Traffic Sign Detection and
Recognition UsingYOLOv3" byT.S. Siva BalaSubramanian,
P.A.Divya, M. Dhanalakshmi, and R. Pradeepa (2020) is
concerned with the detection and recognition of road traffic
signs using YOLOV3. The research introduces a new dataset,
RTSD, for training the model and assessing the performance
based on accuracy and processing speed. [20] "Automatic
Traffic Sign Detection and Recognition Using SegU-Net and
a Modified TverskyLoss Function With LI-Constraint”
byU.Kamal,T.I.Tonmoy,S.Das,andM.K.Hasan(2020)appliess
egU-Net for traffic sign detection and the use of a modified
Tversky loss function. The study maintains high precision
and recall with an emphasis on image segmentation for
precise traffic sign detection and recognition.

.  SYSTEM ARCHITECTURE

ArchitectureDetails:
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Architectureof YOLO V9

The proposed architecture for detecting traffic signs and
number plates is aimed to function optimally under low-
visibility situations such as fog and mist. The framework
relies solely on YOLOV9, which is one of the cutting-edge
object detection models with great speed, precision, and
light-footprint deployment. The detection pipeline as a
whole is described in Fig. 1.

A. Acquisition and Preprocessing of Dataset
There are two significant datasets:

e Traffic Sign Dataset: Like benchmarks like
GTSRB, consisting of vast diversity of traffic
signs — warning, regulatory, as well as
information signs.

* Number Plate Dataset: Organization of license
plate images captured from different classes and
conditions of vehicles.

B. YOLOV9 Detection Architecture

YOLOvV9 features various enhancements from
previous versions like YOLOv7 and is better
applicable for challenging scenarios like foggy road
conditions. Its structure encompasses:

1) Input Layer

Performs train-time augmentations such as mosaic, flip,
and affine transformations to increase data robustness and
diversity.

2) Backbone — RT-DETR Enhanced Hybrid Backbone

e YOLOV9 uses a hybrid backbone with EfficientViT
blended with CSPDarkNet that was optimized by
RepOptimizer.

» Obtains more accurate and deeper spatial features
from input images.
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« Keeps high sensitivity toward small and indistinct objects

such as signs on the street or faded-out number

+ plates — a clear winner over the YOLOV7 variant, which

uses CSPDarknet in the absence of vision transformers.

3) Neck — Highly Advanced Multi-Scale Feature Fusion

* Uses a highly advanced Feature Pyramid Network along

with cross-scale attention mechanisms.

+ Enables fine-grained detection by fusion of features

between levels.

4) Detection Head — Anchor-Free Dual Head
»  Consists of a decoupled head architecture:
« Classification Head for predicting object classes.
« Regression Head for locating bounding boxes.

« Leverages anchor-free detection to handle small,
overlapping, or unusual objects better.

« Delivers improved inference speed and bounding
box estimation accuracy than YOLOv7, which
works with anchor-based methods.

5) Loss Functions

« Full lIoU (CloU) Loss: Maximizes bounding box accuracy.

« Binary Cross Entropy (BCE): Used to predict class
confidence.

* Objectness Loss: Individual object and background
regions.

C. Training and Optimization

« It is trained on the traffic sign and number plate
combined dataset with the following configuration:

*  Pre-trained YOLOV9 weights are utilized for transfer
learning with a massive reduction in training time and
improved starting performance. It is fine-tuned for
task-specific detection.

D. Real-Time Deployment and Performance

After training, the YOLOV9 model is integrated into an
Advanced Driver Assistance System (ADAS) module with
low-latency real-time detection. It excels especially in low-
light and foggy conditions.

The key functionalities are:

« Real-Time Traffic Sign Recognition in fog and
low-contrast conditions

» Accurate Number Plate Detection across a
broad range of vehicle types

+ Collision Avoidance Support through early
object detection

» Navigation Assistance for autonomous and
electric vehicles (EVSs)

V. IMPLEMENTATION
1. Dataset

+ Traffic Sign Dataset:

In traffic sign detection, for training, the GTSRB (German
Traffic Sign Recognition Benchmark) dataset was used. It
includes over 1500 images under realistic conditions. Signs
of different sizes, lighting conditions, and levels of
background complexity make the dataset appropriate for
learning robust object detection models. Every image in the
dataset is labeled with the class of the traffic sign and its
bounding box coordinates, which are critical for object
detection applications with YOLO.

Traffic Sign Types Examples
Ex le2 | Example 3

.

Prohibitory signs
(Red signs)

@

Prohibitory signs
{(Blue signs)

General warning signs
{Yellow signs) '

Warning signs
at construction arcas
{Amber signs)

Fig.3.Traffic Sign Data set

* Number Plate Dataset:

Number plate detection was conducted based on a
combination of OpenALPR benchmark sets and manually
selected vehicle images collected from open sources. They are
vehicles captured from front and rear perspectives with varied
plate styles, fonts, and orientations. Number plates are
annotated by using software like Labellmg to outline the
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bounding boxes surrounding plates and convert them into YOLO-
compatible format for training.

KL 4817987
KL 1817887
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ig.4.Number Plate Data set

2. Preprocessing

Before training the YOLOV9 model, the datasets underwent required
preprocessing. The images of all sizes were resized to a standard size
(for example, 6407640) in order to meet YOLO model input
requirements. The annotations were also converted into YOLO
format (class x_center y_center width height) using Labellmg or
Roboflow tools. Data augmentation techniques like rotation, flipping,
brightness, and scaling were applied to improve generalization and
performance on unseen images. Datasets were split into training,
validation, and test sets for structured model evaluation.

—

Fig.5.Preprocessing

3. YOLOV9 Model Working

YOLOVY is a sophisticated, real-time object detection model capable
of detecting many objects in one forward pass through the network.

It divides the image into grids and predicts bounding boxes and class
probabilities outright for every grid cell. YOLOV9 introduces updates
in speed as well as in accuracy and makes use of better transformer
backbones and attention mechanisms for better feature extraction.
During training, the model learns to predict the object location (bounding
box) and class (e.g., Stop Sign, Speed Limit, Number Plate)

by minimizing a loss function balancing objectness score,
classification accuracy, and bounding box coordinates. The
trained model can then process images or video and provide real-
time detections at high speed.

4. Output

The trained YOLOV9 model was evaluated on test images
and real-time video streams.

The output is bounding boxes on traffic signs and number
plates that are detected, with labels and confidence levels. In
real-time detection mode, the model processes video frames at
about 30 frames per second (FPS) on a GPU. The results were
that the model could correctly recognize various traffic signs
like "Stop", "Yield", "Speed Limit", etc., and number plates
localize properly even in challenging circumstances like low
lighting or cluttered backgrounds. The results verify the
effectiveness and viability of the model for deployment on
real-world scenarios of intelligent transport systems.

Pin Bend 0.95

Fig.6.0utput 1

V. RESULTS

After further fine tuning,and increasing the epochs, the
proposed results for Traffic Sign Detection and Number
Plate Detection using YOLOvV9 demonstrated promising
performance with various test configurations. With
precision value of 0.72 and Fl score value of 0.78,and recall
value of 0.92, the model indicates balanced trade-off
between detecting true positives and no false alarms.
Although the precision indicates that false positives can
occur, detection performance as a whole still holds strong
since there is considerable recall rate. This is done to
guarantee that the majority of objects of interest—such as
stop signs, speed limit signs, and vehicle number plates—
are properly identified in images and video streams despite
varying lighting and environmental conditions.
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Precision-Confidence Curve

1.0

= all classes 0.72 at 1.000

The system was shown to withstand strong performance during j /
traffic sign detection and number plate detection in both static ‘ ' |
images as well as live video frames. YOLOV9 processed the L ’
frames at approximately 30 FPS on GPU and thus was applicable
in real-time applications such as autonomous traffic monitoring
and surveillance. Although moderate accuracy, detection was
consistent and bounding box placements were accurate, so
additional usages of the systems like OCR-based number plate
recognition or auto-driver routing became possible. Overall, the
model is performing satisfactorily and can be used to make inputs i
to smart transport solutions in actual implementations. 021/}

Precision
14
o

o
FS

Detected: No-Uturn 0.90 IR —

Fig.9.Precision

V. Conclusion:

YOLOV9 was used here in the task of detecting number
plates and traffic signs under conditions of foggy
weather. Excellent object detection under low-visibility
conditions was recorded by the model, which only goes
to testify to its effectiveness and strength. While
inference time was slightly larger, YOLOV9 offered
improved performance and thus a suitable choice in
real-time detection under poor weather conditions.

Fig.7.Output 2 This performance is attributed to YOLOV9's enhanced
architecture, which includes more effective attention
mechanisms and deeper feature extraction. These
enhancements enable the model to retain crucial visual
cues even when the clarity of images is lost due to fog.
The system was also tested on synthetic and real-world
foggy datasets, where it surpassed previous versions of

Tl s YOLO in detection accuracy and stability. Besides, the

— il lasses 0.90 2t 0.000 model exhibited resilience for varying fog intensities to

ensure uniform performance in real-time applications
such as autonomous driving and intelligent
surveillance. This showcases YOLOV9's adaptability
and places it at a good position to be implemented in
real intelligent transportation systems.

Recall

VILI. FUTURE ENHANCEMENTS:

1.Multi-Language Number Plate Recognition

0.2

In most nations, especially linguistically and culturally
diverse ones (e.g., India, UAE, Switzerland, etc.),

0.0

. o s T e " vehicles typically bear number plates in a variety of
languages and scripts. For example:India carries Hindi
Fig.8.Recall (Devanagari script) as well as English.Middle Eastern

countries might carry Arabic.A couple of European
countries use Cyrillic, Greek, or special characters.If a
number plate recognition system is only trained for
English alphanumeric characters, it will fail or produce
incorrect results when it encounters unknown scripts.
This limits the applicability of the system for different
regions and situations in real-world applications.
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2.Extended Dataset to include Animals

In the majority of regions, especially suburban, rural,
or wood-edge suburbs, animals traverse roads
frequently, leading to:Accidents and fatalities
(human and animal both),Traffic jam,Increased
damage to cars and insurance claims.Having animal
detection on our YOLOV9 system enhances road
safety by providing real-time alerts for approaching
wild animals or stray animals. Images of animals that
individuals frequently encounter on roads: cows,
dogs, deer, monkeys, elephants, etc. are added

3.CLAHE

(Contrast Limited Adaptive Histogram Equalization)
is a pre-processing technique which increases
contrast locally, unlike globally (to avoid noise
increase).lt also enhances dark or foggy image details
to make them more visible, thus improving the
precision of object detection.lt works by
compartmentalizing the image into small tiles,
equalizing the histogram for each, and limiting
contrast increase so that it will not exaggerate noise.

4. Voice Alert System

In actual road conditions, especially under critical
driving conditions like adverse weather, poor visibility,
or high-speed, visual warnings alone may not be
enough. On-screen messages and bounding boxes may
be ignored by drivers. Through the integration of a
voice alert system, your YOLOV9 model can
proactively warn detections through voice, such that the
driver receives timely and clear warnings without
needing to remove their eyes from the road.

5.Emergency Vehicle Detection

In heavy traffic conditions, emergency vehicles like
ambulances, fire engines, and police cars need to arrive
at their destinations as soon as possible. But when they
encounter congested roads and careless drivers, they
are slowed down, risking lives and property. With our
incorporation of emergency vehicle detection into our
YOLOV9 framework, traffic infrastructure may
prioritize such emergency vehicles, alert other drivers
near them, or cause intelligent traffic lights to clear the
road— something that will be crucial to smart cities
and intelligent transport systems

6.Vehicle Size Classification

The inclusion of vehicle size classification in our
YOLOvV9 framework allows the detection model to
distinguish between different types of vehicles such as

two-wheelers, cars, buses, and trucks based on their
sizes. This is helpful in traffic analysis, lane discipline
enforcement, toll calculation, and road usage
maximization. By estimating the bounding box size of
cars detected and against calibration data (e.g., known
object size or camera configuration), the system can
estimate each car's actual size category. This makes
traffic systems more intelligent in general, with the
capacity to employ wiser urban planning and dynamic
traffic control methods.
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