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Abstract

Traffic sign detection is a critical component of intelligent transportation systems. Re-

liable detection under varying lighting, weather, and occlusion conditions is essential

for their effective operation. However, many existing real-time detectors struggle to

preserve fine-grained spatial details, leading to reduced performance on small or vi-

sually degraded signs. To address this gap, we propose Squeeze-Aware-YOLO, an en-

hanced variant of MHAF-YOLO that integrates a Squeeze-Aware block composed of
triple bottlenecks with diverse kernels and a squeeze-and-excitation mechanism. We

evaluate Squeeze-Aware-YOLO on the Bangladeshi Traffic Sign Detection Dataset, the

German Traffic Sign Detection Benchmark, and CCTSDB2021. On the Bangladeshi

dataset, our model achieves a 74.7% mAP@0.5, outperforming the base MHAF-YOLO

and surpassing state-of-the-art models including YOLOvVS, YOLOV10, and YOLOv11.

On the German dataset, Squeeze-Aware-YOLO attains an 84.0% mAP@O0.5, outper-

forming all compared approaches, while on CCTSDB2021 it reaches a 78.3% mAP@0.5,
exceeding the performance of MHAF-YOLO. These results validate that the integra-

tion of the Squeeze-Aware block with MHAF-style multi-branch fusion and adaptive

kernel selection yields a robust real-time detector, particularly well-suited to the di-

verse and challenging nature of traffic sign recognition tasks.

xii



Chapter 1

Introduction

1.1 Overview

In computer vision, recognition refers to identifying the category of an object present
in an image, while object detection extends this task by determining both the class
and the precise location of each object through spatial localization. Because detec-
tion requires instance-level classification together with bounding box prediction, it
is considered a more demanding and fine-grained problem than recognition alone
[58]. Over the past decade, deep learning particularly convolutional neural networks
(CNNs) has played a central role in advancing the performance of both recognition
and detection systems [16]. Among the many application areas of object detection,
traffic sign detection holds particular importance for autonomous driving and ad-
vanced driver-assistance systems (ADAS). Accurate and timely identification of traffic
signs allows intelligent vehicles to interpret road rules, adapt their behavior, and im-
prove overall road safety. A wide range of studies has applied deep learning-based
detection frameworks to this task, leveraging CNNs and their modern successors to
handle diverse environments and sign variations [3], [15], [28], [66], [81], [86]. De-
spite steady progress, a significant number of challenges persist: models that achieve
strong performance on one dataset often fail to generalize when deployed in different
regions or conditions, variations in sign design across countries, changes in lighting,
occlusion, weather, and background clutter frequently lead to notable drops in detec-
tion accuracy. For instance, a model trained on the German Traffic Sign Recognition
Benchmark (GTSRB) may not maintain comparable performance on traffic signs from
Bangladesh or the United States due to differences in visual appearance and environ-
mental context. The goal of this research is to design and develop a robust traffic sign
detection model capable of delivering consistent performance across diverse datasets



and real-world scenarios. Instead of focusing solely on maximizing accuracy for a
single benchmark, this work emphasizes cross-domain generalization. Furthermore,
our work evaluates the model on multiple region-specific datasets, including those
that reflect the complex and less structured road environments found in countries like
Bangladesh. To achieve this, we study existing state-of-the-art detection frameworks
and introduce targeted improvements within the YOLO architecture. Experimental
results across several datasets show that the proposed model not only matches com-
petitive baselines but also demonstrates enhanced generalization. As a result, our
proposed architecture is more suitable for practical deployment in varied traffic con-
ditions.

1.2 Motivation

The motivation for this research originates from the adverse traffic environments of
Bangladesh, where road safety remains a persistent concern. Every year, thousands
of lives are lost in traffic accidents in the capital city Dhaka alone. The city witnesses
approximately 1,640 road accidents over the past five years [11]. These incidents not
only cause human suffering but also impose substantial social and economic costs.
That includes reduced productivity, strain on healthcare systems, and long-term psy-
chological trauma to affected communities. One significant cause of road accidents is
the failure to recognize traffic signs either by human drivers or autonomous systems
[3]. In countries like Bangladesh, where roads are extremely congested, traffic signs
often appear partially occluded, weathered, or surrounded by visual clutter such as
advertisements, posters and non-standard signage. Moreover, traffic signs frequently
occupy only a small portion of the visual scene making them harder to distinguish.
Also, adverse weather conditions, poor illumination and non-standard placements
further degrade recognition performance. These real-world challenges inspired us to
explore more reliable and accurate traffic sign detection techniques capable of han-
dling such complexities. While our work is deeply rooted in the need for better de-
tection in Bangladeshi conditions, the problem extends well beyond one region. In
fact, most of the existing object detection models tend to overfit to specific datasets.
Then, they struggle when applied to different geographical regions or environmental
conditions. This observation leads us to a broader goal: to develop a robust traffic
sign detection model that generalizes well across multiple datasets, including those
collected from diverse and challenging environments. A generalizable model is cru-
cial for ensuring safety and reliability in global autonomous driving systems. Because

of its adaptability, it is suitable for varied traffic scenes.



1.3 Problem Statement

The objective of this research is to address the following key problems:

« Existing traffic sign detection models often perform well on the datasets they
are trained on but fail to generalize to other datasets.

« With the introduction of varying sign designs, diverse backgrounds, and chal-
lenging environmental conditions, detection models often struggle to maintain

stable performance.

« Traffic signs often occupy a very small region in the image, leading to a high rate
of missed detections, especially in dense urban scenes.

1.4 Research Challenges

Traffic sign detection presents a unique set of challenges that make the development
of arobust and generalizable model a highly complex task. One of the most prominent
issues is the inherently small size of traffic signs within images. On average, traffic
signs occupy only about 0.2% of an image’s area [3], making them difficult to detect ac-
curately. This small object size significantly reduces the effectiveness of anchor-based
or grid-based detection methods. This often leads to miss tiny visual cues. Despite the
availability of several well-established datasets such as the German Traffic Sign Detec-
tion Benchmark (GTSDB) [57], the Belgium Traffic Sign Dataset [67], the Tsinghua-
Tencent 100k [86] and the LISA Dataset [46], most models trained on these datasets
struggle to perform reliably under real-world conditions. These datasets typically fea-
ture controlled environments. Models trained on them often fail to generalize when
exposed to environmental variations such as poor lighting, occlusion, motion blur,
weathering of sign surfaces and visually cluttered backgrounds. Such real-world vari-
ability remains a major obstacle in deploying traffic sign detection systems in diverse
geographic and urban contexts. Moreover, we have seen the architectural limitations
of existing detection frameworks. Transformer-based models have shown strong ca-
pabilities in capturing global contextual information and modeling long-range depen-
dencies. However, they are computationally intensive and often lack the fine-grained
local sensitivity required for accurately detecting small and dense objects like traffic
signs. Conversely, convolutional neural network based models are more computa-
tionally efficient and can adapt by extracting local features. Yet they struggle to de-
tect objects at varying scales and are less effective when signs are distant or partially

visible. YOLO-based architectures are popular for their real-time detection capabil-



ities and overall accuracy. However, they often face difficulties in achieving precise
localization and detecting small objects within complex or noisy scenes. Another sig-
nificant challenge is the lack of cross-dataset generalization. Many detection models
exhibit strong performance on the specific dataset they are trained on but suffer con-
siderable performance drops when applied to new datasets from different domains.
These dataset specific biases highlight the absence of robust domain adaptation in
current approaches. Achieving consistent performance across geographically diverse

and visually distinct datasets remains an unresolved problem.

1.5 Contributions

The key contributions of this research are summarized as follows:

« We propose a feature enhancement module placed before the backbone, which
improves standard bottleneck structures using multiple kernel sizes and a Squeeze-
and-Excitation mechanism. This allows adaptive channel recalibration and richer
feature representation, enhancing the performance of the following detection
stages.

« Experiments on the German, Bangladeshi, and CCTSDB2021 traffic sign datasets
demonstrate that the proposed method outperforms existing state-of-the-art ap-
proaches, therefore, confirms its effectiveness and generalizability.

This article is structured as follows: Chapter 2 reviews the literature on object de-
tection, covering different approaches and techniques used over the years along with
different publicaly available datasets. Chapter 3 explains the method to address the
problem. Chapter 4 describes the datasets, the experiments conducted, and analyzes
the results. Finally, Chapter 5 summarizes our findings, discusses the limitations of
our work, and outlines our plans for future research.



Chapter 2
Literature Review

Object detection is a computer vision process that finds and labels objects in an image.
It has two main steps: first, it draws boxes around the objects, and then it names
them. There are two ways to do object detection: using traditional methods or deep
learning techniques. In recent times, traditional methods have failed to keep up with
the performance of deep learning based approaches [68].

2.1 Deep Learning Based Object Detection

Deep learning based object detectors employ convolutional neural networks (CNNs)
to perform end-to-end object detection by automatically learning and extracting in-
creasingly complex feature representations [19], [73]. A Convolutional Neural Net-
work consists of convolutional layers, activation functions, pooling layers, fully con-
nected layers, and a classifier. In these architectures, convolutional layers employ fil-
ter kernels that capture characteristic spatial patterns. Furthermore, activation func-
tions introduce the necessary nonlinearity and determine which neuron to fire. In-
termediate pooling layers then down-sample the resulting feature maps. The process
reduces dimensionality and computational cost without sacrificing essential informa-
tion. Later, fully connected layers aggregate the distilled features and project them
into a lower-dimensional space aligned with the target categories. The classifier is
usually implemented using a softmax function. This layer transforms the network’s
output vector into a normalized probability distribution over the predefined object
classes. By unifying these components into a single trainable pipeline, CNN-based
detectors jointly optimize feature extraction and decision boundaries. Therefore, it
achieves both accuracy and efficiency in detecting multiple object types within an

image.



classifier

Rol pooling
proposals

Regional Proposal feature map

Network

Figure 2.1: General pipeline illustrating the step-by-step workflow of deep learn-
ing-based object detection [19]

Object detection algorithms are generally categorized into two primary architectures:
single-stage and two-stage detectors. Two-stage detectors such as R-CNN and its vari-
ants, first generate region proposals and subsequently refine these regions through
classification and localization. In contrast, single-stage detectors including models
like EfficientDet and YOLO, perform detection in a unified step. As aresult, it achieves

faster inference at the expense of reduced accuracy in complex scenarios.

2.2 Two Stage Detector

Two-stage object detectors separate the detection process into distinct phases: region
proposal generation followed by region classification and refinement. These models
typically achieve higher accuracy than one-stage detectors at the cost of increased
computational complexity and slower inference speeds. The region proposal step
identifies potential object locations, while the second stage classifies these regions
and refines their bounding boxes.

2.2.1 Region Based Convolutional Neural Networks (RCNN)

The introduction of Region-based Convolutional Neural Networks (R-CNN) marked
a significant advancement in object detection and localization. Rather than exhaus-
tively searching across the entire image space for candidate windows, R-CNN uses re-

6



gion proposal function to identify a limited set of candidate regions likely to contain
objects [22]. Specifically, approximately 2000 region proposals are generated in the
first stage using a selective search algorithm. Each region is then processed through
a convolutional neural network to extract discriminative features. After that they are

subsequently classified to determine object presence and category.

Classification
ROIs pool
\ﬁ [ ‘ CNN . ‘ | Classification Layers
¥

Features i <

_ ROIs O o
Bounding Box

Refinement Layer

Feature Extractor Object Classification

Figure 2.2: Overview of R-CNN showing how region proposals are combined with
CNN features for object detection [30]

While R-CNN achieved remarkable improvements in detection accuracy, its multi-
stage pipeline comprising region proposal generation, feature extraction, and classi-
fication introduced significant computational overhead [53]. It has made real-time
inference infeasible. To mitigate this limitation, Fast R-CNN was proposed.Fast R-
CNN introduced a convolutional implementation of sliding windows to enhance ef-
ficiency in region processing [21]. Instead of processing each region independently,
Fast R-CNN applies convolutional feature extraction to the entire image once and sub-
sequently reuses these shared feature maps for all proposed regions [24], [47]. This
approach considerably reduces redundancy, enabling faster localization and detec-
tion.

Despite these improvements, the dependence on an external region proposal mech-
anism (e.g., selective search) continued to bottleneck performance. Faster R-CNN
addressed this challenge by integrating a Region Proposal Network (RPN) directly
within the detection pipeline. Therefore, it enables end-to-end training and signifi-
cantly improve inference speed [52]. The RPN generates a set of anchor boxes typi-
cally nine per spatial location across multiple scales and aspect ratios. Each anchor
is assigned an objectness score to indicate the likelihood of containing an object, and
only high-confidence anchors are retained for further processing.

In Faster R-CNN, a Region of Interest (RoI) pooling layer converts variable-sized pro-



posals into fixed-size feature vectors through shared convolutional computation [74].
A subsequent classifier, often a Support Vector Machine (SVM) or a fully connected
neural network, determines whether each region contains an object and categorizes
it as foreground or background [52]. Deep residual networks, such as ResNet-101 or
ResNet-152, are frequently employed as backbone feature extractors due to their supe-
rior representational capacity. Anchors that exhibit significant overlap with ground-
truth bounding boxes (Intersection-over-Union, IoU > 0.5) are considered foreground
samples. The model optimizes detection performance using binary cross-entropy loss
for classification and a smooth L1 regression loss for bounding box refinement. To
suppress redundant detections, Non-Maximum Suppression (NMS) is applied, retains
only the highest-scoring bounding boxes. NMS discards overlapping ones below a
predefined IoU threshold, thereby improving precision and computational efficiency.
Despite that High computational cost and multiple processing stages can not make it
suitable for real-time applications.

2.3 Single Stage Detector

One-stage object detectors perform object localization and classification in a single
forward pass through the neural network, without generating region proposals. These
models are characterized by their high inference speed and efficiency, making them
suitable for real-time applications. Two of the most prominent one-stage detectors
are EfficientDet and the YOLO (You Only Look Once) family, both have undergone

significant evolution since their introduction.

2.3.1 EfficientDet

The EfficientNet architecture was a major milestone in the design of deep convo-
lutional neural networks. It employs neural architecture search (NAS) to optimize
both accuracy and efficiency across multiple dimensions [60]. The model introduces
a compound scaling method that uniformly scales the network’s depth, width, and
resolution using a single scaling coefficient [60]. The underlying intuition of this ap-
proach is thatlarger input resolutions require deeper networks to expand the receptive
field and wider layers to effectively capture fine-grained spatial details.

Building upon this foundation, EfficientDet was developed by integrating EfficientNet
as the backbone and introducing a Bidirectional Feature Pyramid Network (BiFPN)
for multi-scale feature fusion [62]. The original Feature Pyramid Network (FPN) was
proposed to enhance the detection of objects at varying scales by combining high-level



semantic features with low-level spatial features [40]. However, BiFPN refines this
concept by introducing bidirectional cross-scale connections and learnable weights
that allow the model to adaptively prioritize feature contributions across scales. This
design enables efficient information flow in both top-down and bottom-up directions,
thereby improving feature representation and detection performance.

Table 2.1: Scaling configuration of EfficientDet models (D0-D7), showing depth,
width, and resolution coefficients [62].

Model | Input Size | Backbone BiFPN
# Channels | # Layers | Box/Class # Layers
DO 512 BO 64 3 3
D1 640 Bl 88 4 3
D2 768 B2 112 5 3
D3 896 B3 160 6 4
D4 1024 B4 224 7 4
D5 1280 B5 288 7 4
D6 1280 B6 384 8 5
D7 1536 B6 384 8 5
D7x 1536 B6 384 8 5

The primary advantage of EfficientDet lies in achieving state-of-the-art performance
with substantially fewer parameters and floating-point operations per second (FLOPs)
compared to prior detectors. Specifically, the model attains a mean Intersection over
Union (mIoU) of 81.74% while utilizing only 18 billion FLOPs and 17 million param-
eters [62]. Through compound scaling, larger variants such as EfficientDet-D7 and its
extended version, EfficientDet-D7x, demonstrate improved detection accuracy while

maintaining computational efficiency.
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Figure 2.3: EfficientDet architecture highlighting the integration of EfficientNet as
the backbone and BiFPN for multi-scale feature fusion [62]

Although the uniform compound scaling of EfficientNet enables a balanced trade-

off between performance and complexity, it exhibits certain limitations. Specifically,
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not all network stages contribute equally to training speed and accuracy. To address
this, EfficientNetV2 was introduced with a non-uniform scaling strategy that incre-
mentally increases layer depth in later stages and adjusts regularization dynamically
according to image size [61]. This progressive training approach enhances both con-

vergence speed and overall performance on large-scale datasets.

Recent research has demonstrated that replacing the original EfficientNet backbone
with EfficientNetV2 can further improve detection accuracy. For example, the ap-
proach proposed by Aldahoul et al. [2] employs EfficientNetV2 as the primary back-
bone, achieving superior performance with a 94% accuracy rate. The framework fur-
ther introduces a secondary stage that utilizes EfficientDet-D4 to classify cropped ob-
ject regions, outperforming several contemporary state-of-the-art detection architec-
tures. However, due to multi-scale feature fusion and heavy backbone dependencies,
EfficientDet hinders real-time deployment.

2.3.2 You Only Look Once (YOLO)

YOLO (You Only Look Once) represents a paradigm shift in object detection by in-
troducing a single-stage architecture that predicts bounding boxes and class proba-
bilities simultaneously. Unlike traditional two-stage detectors, YOLO processes im-
ages through a single neural network, enabling real-time inference while maintain-
ing competitive accuracy. The fundamental innovation lies in its grid-based approach:
the input image is divided into an S X S grid, where each cell predicts bounding boxes
with associated confidence scores and class probabilities [48], [49]. This unified archi-
tecture significantly reduces computational overhead compared to region proposal-
based methods like Faster R-CNN.
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The YOLO Algorithm
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Figure 2.4: Main stages of the YOLO algorithm, from grid division to bounding-box
prediction [29]

Architectural Foundations

The original YOLO architecture follows a backbone-neck-head design pattern. The
backbone extracts hierarchical features from input images, the neck aggregates multi-
scale feature maps, and the head performs the final detection predictions [48]. Early
implementations employed simple convolutional networks, but evolution has pro-
duced increasingly sophisticated designs.
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Figure 2.5: Core architecture of the YOLO family showing feature extraction and
detection heads [48]

Backbone Evolution

The feature extraction backbone has undergone substantial refinement across YOLO
generations. Initial versions used plain convolutional networks, while subsequent it-
erations introduced residual connections and cross-stage partial networks to improve
gradient flow and feature reuse.

DarkNet Variants: YOLOvV2 introduced DarkNet-19 with batch normalization, while
YOLOV3 expanded to DarkNet-53 with residual blocks for deeper feature extraction

[49], [50]. These backbones balanced accuracy with inference speed.

CSP Architectures: YOLOvV4 introduced CSPDarkNet53, which splits feature maps
to reduce computational redundancy while maintaining representational power [5].

This Cross-Stage Partial approach became foundational for subsequent variants.

Efficient Designs: Later versions introduced specialized backbones like Efficien-
tRep (YOLOV®6), E-ELAN (YOLOvV7), and GELAN (YOLOV9) that optimized for hard-
ware efficiency through reparameterization and strategic aggregation [38], [65], [71].
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Table 2.2: Structural summary of the Darknet-19 backbone used in earlier YOLO
versions [49]

Type Filters | Size/Stride | Output
Convolutional 32 3x3 224 X 224
Maxpool 2x2/2 112 x 112
Convolutional 64 3x3 112 x 112
Maxpool 2x2/2 56 X 56
Convolutional 128 3x3 56 X 56
Convolutional 64 1x1 56 X 56
Convolutional 128 3x3 56 X 56
Maxpool 2x2/2 28 X 28
Convolutional 256 3x3 28 X 28
Convolutional 128 1x1 28 X 28
Convolutional 256 3x3 28 X 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 X 14
Convolutional 512 3x3 14 x 14
Maxpool 2x2/2 7X7
Convolutional | 1024 3x3 7X7
Convolutional 512 1x1 7X7
Convolutional | 1024 3x3 7X7
Convolutional 512 1x1 7X7
Convolutional | 1024 3x3 7X7
Convolutional | 1000 1x1 7 X7
Avgpool Global 1000
Softmax

(b) One-Shot Aggregation (VoVNet)

Figure 2.6: Comparison between Dense Aggregation Network (DAN) and One-Shot
Aggregation (OSA), emphasizing feature reuse and computational differences [37]
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Table 2.3: Architectural breakdown of the Darknet-53 backbone used in YOLOv3 [50]

Times Type Filters | Size/Stride | Output
Convolutional 32 3xX3 256 X 256
Convolutional 64 3x3/2 128 x 128
Convolutional 32 1x1 128 X 128

1 Convolutional 64 3x3
Residual 128 x 128
Convolutional | 128 3%x3/2 64 X 64
Convolutional 64 1x1 64 X 64
2 Convolutional 128 3x3
Residual 64 X 64
Convolutional | 256 3%x3/2 3232
Convolutional 128 1x1 32 %32
1 Convolutional 256 3%x3
Residual 3232
Convolutional | 512 3Xx3/2 16 X 16
Convolutional 256 1x1 16 X 16
8 Convolutional 512 3x3
Residual 16 X 16
Convolutional | 1024 3%x3/2 8x8
Convolutional 512 1x1 8% 8
4 Convolutional | 1024 3%x3
Residual 8 X8
Avgpool Global 1000
Connected 1000
Softmax

The Dense Aggregation Network (DAN) connects each layer to every other layer in a
feed-forward fashion, promoting feature reuse and improving gradient flow across the
network. In contrast, the One-Shot Aggregation Network (OSAN) combines multi-
scale features in a single aggregation step, reducing computational cost while captur-
ing essential contextual information [37].
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Figure 2.7: Structural comparison of CSPNet, ELAN, and GELAN, illustrating differ-
ent strategies for gradient flow and feature learning [71]

ELAN (Efficient Layer Aggregation Networks) enhances feature representation by
carefully aggregating layers to improve learning capacity without increasing computa-
tional cost. GELAN (Gated ELAN) extends ELAN by introducing gating mechanisms
to selectively control feature flow, improving information efficiency. CSPNet (Cross
Stage Partial Network) splits feature maps into two parts and merges them later, re-
ducing computation while preserving gradient flow and enhancing feature learning
[39].

Neck Architecture and Multi-Scale Processing

The neck architecture bridges backbone features with detection heads, enabling ef-

fective multi-scale object detection through feature pyramid networks.

FPN and PANet: YOLOvV3 introduced Feature Pyramid Networks (FPN) for detect-
ing objects at multiple scales [50]. YOLOv4 enhanced this with Path Aggregation Net-
work (PANet) for improved feature flow between layers [5].

SPP Variants: Spatial Pyramid Pooling (SPP) blocks capture multi-scale contextual
information. YOLOv4 used SPP, while YOLOVS5 introduced SPPF (Spatial Pyramid
Pooling Fast) with sequential rather than parallel pooling for improved efficiency [32].

Advanced Aggregation: YOLOvV6’s Rep-PAN and YOLOvV8’s C2F modules further
refined feature aggregation through reparameterization and efficient cross-stage con-
nections [38], [65].
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Figure 2.8: Architectural comparison of the C2f block and the earlier C3 block, fo-
cusing on feature fusion efficiency [65]

Detection Head Innovations

The detection head converts features into bounding boxes and class predictions, with
significant evolution in prediction mechanisms.

Anchor-Based to Anchor-Free: Early YOLO versions used predefined anchor boxes
with k-means clustering for dimension priors [49]. Modern variants like YOLOv6
and YOLOV10 transitioned to anchor-free designs that predict object centers directly,
simplifying the detection pipeline [38], [70].

NMS-Free Detection: YOLOV10 introduced dual-head prediction with consistent
matching metrics, eliminating the need for Non-Maximum Suppression during infer-
ence and reducing post-processing overhead [70].

Loss Function Evolution: Bounding box regression progressed from MSE to IoU-
based losses (CIoU, DFL) that better capture overlap and aspect ratio alignment [65].
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Figure 2.9: Key components of YOLOV10: (a) Compact Inverted Block and (b) Partial
Self-Attention Block, used to boost accuracy while maintaining efficiency [70]

Training Methodologies and Optimization

Training strategies have evolved significantly, with "bags of freebies” improving accu-
racy without inference cost and "bags of specials” enhancing performance with mini-
mal speed impact [5].

Data Augmentation: Advanced techniques like Mosaic, MixUp, and CutMix create
more robust training data, while auto-anchoring adapts priors to specific datasets [5],
[32].

Model Scaling: Compound scaling adjusts width, depth, and resolution simultane-
ously. Model reparameterization combines multiple training branches into a single,

efficient structure for inference.[65].

Gradient Optimization: YOLOV9’s Programmable Gradient Information preserves
complete information flow during backpropagation. It addresses information degra-
dation in deep networks [71].

Recent Architectural Innovations

Recent YOLO versions introduce novel blocks and modules that push performance

boundaries while maintaining efficiency.

C3K2 Blocks: YOLOvV11 replaces C2f blocks with C3k2 blocks in the backbone and
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adds Cross Stage Partial with Spatial Attention (C2PSA) blocks to enhance feature

processing with attention mechanisms [33].

DarknetBottleneck

Concat

Conv

(a) C2F block (b) C3K2 block

Figure 2.10: Comparison between the C2f block and the C3K2 block, demonstrating
kernel expansion and multi-scale enhancement on YOLO architecture [72]

YOLO architectures demonstrate a consistent trajectory toward improved accuracy-
speed tradeoffs. Modern variants achieve superior performance on small object detec-
tion through enhanced feature aggregation and loss formulations [3]. The evolution
from computationally intensive early versions to optimized modern implementations
has expanded YOLQ’s applicability across embedded systems, mobile devices, and
real-time video analysis.

However, further integration of attention mechanisms, efficient transformer modules,
and specialized hardware optimization, continuing YOLO’s legacy of balancing detec-
tion accuracy with practical deployment efficiency [29].

2.3.3 MHAF-YOLO

Modern YOLO-based detectors often encounter difficulty when dealing with objects
that vary widely in scale. Small objects require precise spatial detail, while larger
ones demand stronger semantic context. This creates a challenge that standard fea-
ture pyramids cannot fully address. MHAF-YOLO is developed specifically to address
this challenge by strengthening multi-scale representation while preserving the real-
time nature of the YOLO family. The model introduces the Multi-Branch Auxiliary
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Feature Pyramid Network (MAFPN), a neck architecture designed to merge shallow
texture information with deeper semantic cues through heterogeneous kernels, aux-
iliary pathways, and multi-level receptive field expansion.

Input
RepHMS —> upsample
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Figure 2.11: Overall architecture of MHAF-YOLO, showing how multi-branch fea-
ture aggregation improves detection [77]

Global Adaptive Heterogeneous Flexible Kernel Selection

The core idea behind this architecture is different stages of feature extraction benefit
from different receptive field sizes. Smaller kernels capture local patterns critical for
fine-grained structure, while larger kernels broaden contextual awareness [12]. In-
stead of choosing a fixed kernel size for an entire stage, MHAF-YOLO employs a het-
erogeneous and gradually varying kernel selection strategy across the backbone and
the neck. This approach enables the model to adapt to diverse spatial patterns, similar
to how attention mechanisms adaptively expand or contract their context in natural
language processing. The backbone progressively increases kernel size to broaden se-
mantic coverage, while the neck uses larger heterogeneous kernels to facilitate robust

multi-scale fusion.

Multi-Branch Auxiliary Feature Pyramid Network

Traditional Feature Pyramid Networks primarily rely on a top-down flow of informa-
tion. While effective, this structure can restrict the upward propagation of detailed
spatial cues, particularly in scenarios involving small targets. The Multi-Branch Aux-
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iliary FPN revisits this limitation by forming richer, bidirectional pathways that allow

information to move across shallow and deep layers more freely [82].

By incorporating auxiliary branches that connect both neighboring and non-adjacent
feature stages, MAFPN encourages more thorough interaction among features origi-
nating at different depths. This reduces the semantic gap between scales, maintains
crucial texture information, and provides a stronger foundation for consistent detec-

tion across a wide range of object sizes [76].

Superficial Assisted Fusion Shallow features are essential for localizing small ob-
jects, yet they often lack stability and may degrade during deep pyramid fusion. The
Superficial Assisted Fusion (SAF) module is designed to preserve and refine these
early-stage features before they are merged with deeper representations [77]. SAF
consolidates contextual cues from adjacent scales, normalizes their contribution, and
prepares them for integration within the larger multi-scale structure of MAFPN. By
ensuring that shallow information remains intact and meaningful, SAF enhances the

network’s sensitivity to fine-grained patterns that would otherwise be lost.
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Figure 2.12: Structure of the Superficial Assisted Fusion (SAF) module, designed to
preserve shallow spatial details [77]

Advanced Assisted Fusion

While SAF strengthens the shallow pathways, deeper layers require a more compre-
hensive aggregation strategy that accounts for broader semantic variations. The Ad-
vanced Assisted Fusion (AAF) module addresses this by drawing information simul-
taneously from multiple directions: shallower layers, deeper stages, and lateral neigh-
bors. This dense, multi-path fusion structure enables AAF to enhance medium- and
large-object representations while maintaining continuity with the shallow streams
established by SAF [77].
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Figure 2.13: Structure of the Advanced Assisted Fusion (AAF) module, aimed at en-
hancing deeper semantic feature interactions [77]

Re-parameterized Heterogeneous Multi-Scale Module

To balance expressive power with computational efficiency, MHAF-YOLO incorpo-

rates the Re-parameterized Heterogeneous Multi-Scale (RepHMS) module. Instead

of relying on a single pathway, RepHMS divides the input into several branches, each
designed to extract features with progressively increasing depth [77]. Shallow infor-
mation is propagated forward through cascade connections, ensuring that early struc-

tural patterns remain available throughout deeper stages. During inference, the multi-
branch structure collapses into an equivalent single-path form through re-parameterization.
The process preserves speed without sacrificing representational diversity [76].
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Figure 2.14: Architecture of RepHMS, illustrating hybrid multi-scale representation
with re-parameterizable blocks [77]

Re-parameterized Heterogeneous Depthwise Convolution

To further amplify feature diversity, MHAF-YOLO employs heterogeneous depthwise
convolutions during training [77]. Each parallel branch uses a different kernel size,
enabling the model to simultaneously learn local detail and broader structural pat-
terns [76]. These parallel paths are later fused into a single equivalent kernel via re-

parameterization, resulting in a lightweight yet expressive convolutional block. This
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mechanism expands the effective receptive field without increasing inference cost,
aligning with the model’s goal of retaining real-time performance while strengthen-
ing multi-scale capability.
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Figure 2.15: Example of re-parameterizing small kernels (3x3, 5x5) into a larger
equivalent kernel (7x7) for inference optimization [77]

2.4 Transformer Based Model

2.4.1 Detection Transformer(DETR)

The Detection Transformer (DETR) revolutionized object detection by reframing the
task as a direct set-prediction problem [6]. This work replaced traditional multi-stage
pipelines involving region proposals, anchor generation, and non-maximum suppres-
sion with a transformer-based encoder-decoder architecture. In DETR, a convolu-
tional backbone such as ResNet extracts image features that are flattened and aug-
mented with positional encodings before entering the transformer encoder. On the
other hand, a fixed set of learned object queries is processed by the decoder to output
bounding boxes and class labels in parallel. The model optimized through a bipartite
matching (Hungarian) loss ensuring a one-to-one correspondence between predic-
tions and ground truths [35]. This paradigm eliminates the need for hand-crafted de-
tection components, offering a fully end-to-end training framework that learns global
relationships between objects and background.
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Figure 2.16: Object detection framework of DETR, showing transformer-based end-
to-end prediction [6]

However, DETR suffers from several limitations. Firtly, the training convergence is
extremely slow. It often requires hundreds of epochs due to the high computational
complexity of global attention and the random initialization of object queries [17],
[85], Secondly, it performs poorly on small or densely clustered objects because global
self-attention dilutes fine-grained spatial details [56]. Furthermore, the high compu-
tational cost limits usage in latency sensitive or embedded applications.

Real-Time Detection Transformer(RT-DETR)

To address the limitations of DETR, Real-Time Detection Transformer (RT-DETR) was
proposed [84]. It retains end-to-end philosophy of DETR but introduces architectural
refinements that significantly improve speed and efficiency.

RT-DETR employs an efficient hybrid encoder that decouples intra-scale interaction
and cross-scale fusion, reducing sequence length and computation. Moreover, an
IoU-aware query selection strategy has been employed which enhances query initial-

ization and detection accuracy.
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Figure 2.17: Efficient Hybrid Encoder combining CNN and transformer features for
improved global-local representation [84]
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Furthermore, RT-DETR enables flexible inference by allowing dynamic adjustment
of decoder layers to balance speed and accuracy, achieving up to 53.0% AP on COCO
val2017 at 114 FPS on a T4 GPU—surpassing YOLO-series detectors in real-time per-
formance [84]. Despite these advancements, RT-DETR is not free from drawbacks.
Although its architecture reduces latency, performance on small or distant objects re-
mains suboptimal. The real-time throughput can cause an increase in false positives
under complex backgrounds, and the transformer backbone remains too resource-
intensive for many mobile or edge devices [56].

Overall, the evolution from DETR to RT-DETR highlights the ongoing pursuit of uni-
fying accuracy and efficiency in transformer-based detectors. Yet, challenges in con-
vergence speed, small-object recognition, fine-scale feature modeling, and hardware
optimization remain active research frontiers. For tasks like traffic sign detection and
autonomous driving, where speed and lightweight design are key, RT-DETR still needs
improvement.

2.5 Publicly Available Traffic Sign Datasets

Traffic sign detection has been a widely researched area, with numerous publicly
available datasets developed to address various geographical, environmental, and tech-
nical challenges. These datasets differ significantly in scale, diversity, resolution, and

annotation quality.

2.5.1 Early Benchmark Datasets

Early traffic sign datasets primarily focused on small-scale, controlled environments,
aiming to establish standard benchmarks for detection and classification models.

Belgium Traffic Sign Dataset (BTSD)

The Belgium Traffic Sign Dataset was published in 2011 [67] and contains 145,000
images with 62 types of signs, of which 13,000 are annotated. Image sizes range from
100x100 to 1628x1236 pixels. Unlike highway-focused datasets, it includes signs from
smaller roads, increasing the difficulty of detection. The study introduced selective
window extraction and sliding window classification methods, proposing a hybrid
approach for improved results. It also implemented automatic feature selection and
multiview 3D localization for enhanced performance, achieving a detection accuracy
of 95.3% and a recognition accuracy of 97.0%.
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Figure 2.18: Sample images from the Belgium Traffic Sign Dataset, illustrating cate-
gory diversity [67]

Swedish Traffic Sign Dataset

Introduced in 2011 [36], the Swedish dataset includes 20,000 frames collected across
350 km of highways and city roads using a 1.3 MP dashboard-mounted camera. Every
fifth frame was manually labeled, covering six traffic sign classes. While the dataset
provided early insight into real-road scenarios, it suffered from limited environmental
diversity and annotation depth. Fourier Descriptors were used to build a star-shaped
spatial model for recognition without using a dedicated region detector.
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Figure 2.19: Sample images of Swedish Traffic Sign Dataset illustrating situations of
Highway [36]
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German Traffic Sign Recognition Benchmark (GTSRB)

The German Traffic Sign Recognition Benchmark (GTSRB) was created from 10 hours
of video captured in diverse lighting and weather conditions. Manual annotation pro-
duced 50,000 images across 43 classes [57]. Frames were cropped with a 10% margin
for contextual consistency, and sequences with fewer than 30 images were excluded.
Although widely used to train CNNs and SVMs, it suffers from class imbalance and
occasional low-quality frames.

Figure 2.20: Sample Signs from German Traffic Sign Recognition Benchmark (GT-
SRB) [57]

German Traffic Sign Detection Benchmark (GTSDB)

Developed in Bochum, Germany, the GTSDB includes 900 images (600 training and
300 evaluation) featuring 1,206 signs from urban, rural, and highway settings [26].
Captured using a Prosilica GC 1380CH camera, it annotates four sign categories: pro-
hibitory, danger, mandatory, and others. Despite its precise labeling, GTSDB’s small
scale and limited weather diversity restrict generalization. Traditional methods such
as Viola-Jones and HOG-based detectors were originally evaluated using this dataset.
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Figure 2.21: Sample images from German Traffic Sign Detection Benchmark
(GTSDB) simulating real road side situations [26]

2.5.2 Large-Scale and Diverse Datasets

To address the limitations of small, geographically constrained datasets, several large-
scale collections have been developed, emphasizing diversity in conditions, camera
setups, and annotation standards.

Mapillary Traffic Sign Dataset (MTSD)

The Mapillary Traffic Sign Dataset (MTSD) [14] introduced global diversity by col-
lecting 100,000 images across multiple continents with 313 traffic sign classes. Im-
ages were gathered from various camera types to ensure heterogeneity in resolution
and quality. Annotation involved three stages: image approval, sign localization, and
classification using Wikimedia Commons templates. Despite its global coverage, class
imbalance and annotation complexity persist as challenges. Transfer learning exper-
iments demonstrated that MTSD enhanced model convergence compared to earlier
datasets.
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Figure 2.22: Sample scenes from the Mapillary Traffic Sign Dataset (MTSD), high-
lighting real-world complexity [14]

LISA Traffic Sign Dataset

The LISA dataset [46], published in 2012, contains 6,610 images and 7,855 annotations
across 49 U.S. traffic sign classes, derived from annotated video sequences. While it
introduced temporal consistency by linking frames to video sources, the dataset lacks
environmental diversity, including limited weather and lighting conditions. Never-
theless, it provided an important benchmark for early vision-based autonomous driv-
ing research.

Figure 2.23: Sample images from LISA Traffic Sign Dataset [46]
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TT100K Dataset

The TT100K dataset [86], constructed from Tencent Street View imagery, comprises
100,000 images from 300 Chinese cities, capturing urban variability. Traffic signs were
annotated manually using bounding boxes, polygons, and ellipses to handle occlusion
and distortion. Although extensive in size, TT100K contains limited weather diver-
sity and class imbalance. Experimental results showed Faster R-CNN outperforming
earlier CNN architectures on this dataset.

Figure 2.24: Sample images from the TT100K Dataset, showing dense traffic sign
clutter [86]

CCTSDB2021 Dataset

The Chinese Traffic Sign Database (CCTSDB2021) [81] was curated from 423 driving
videos, yielding 5,260 images annotated in XML format using Labellmg. It main-
tains balanced representation across sign sizes and weather conditions. Models such
as YOLOvV3 to YOLOVS5, Faster R-CNN, RetinaNet, and SSD were benchmarked, re-
vealing that two-stage detectors achieved higher accuracy, whereas one-stage models
offered superior inference speed.
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Figure 2.25: Example images from the CCTSDB2021 Dataset displaying Chinese road
conditions [81]

2.5.3 Regionally Specialized Datasets

Recent research emphasizes localized datasets that capture the environmental, lin-
guistic, and cultural characteristics of regional traffic systems. These datasets support
developing models that generalize across non-Western traffic environments.

Malaysian Traffic Sign Dataset

Introduced in 2016 [43], this dataset comprises 2,096 images spanning 66 classes col-
lected from various sources including Google Maps, mobile phones, and digital cam-
eras. It was among the first to include rainy and nighttime scenes, though limited in
number. Manual annotation via MATLAB R2015a produced separate ground truth
files for recognition and detection tasks. Distinctive regional characteristics, such as
color variance (52% yellow signs), highlight its uniqueness within Southeast Asian

contexts.
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Figure 2.26: Malaysian Traffic Sign Dataset examples illustrating local sign variations
[43]

Indian Traffic Sign Dataset

The Indian dataset [44] contains 6,480 images with 7,056 traffic signs across 100 cat-
egories, collected from various urban and rural locations. Roughly 97% of signs are
visible, captured under diverse lighting conditions. Using Mask R-CNN and its op-
timized variant, the study achieved improved detection precision, though challenges
such as scale and orientation variation remain.
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Figure 2.27: Sample images from Indian Traffic Sign Dataset [44]

Bangladeshi Traffic Sign Detection Benchmark (BTSD)

The BTSD dataset [3] includes 2,986 images with 3,063 annotated signs across 15
categories, collected from urban, rural, and highway regions. It captures real-world
complexities such as blur, occlusion, and variable lighting. Training and test splits
were separated by video sources to ensure independence. Evaluation results showed
YOLOvV?7 achieving the highest mAP score among compared models.

Figure 2.28: Example scenes from Bangladeshi Traffic Sign Detection Benchmark
(BTSD) [3]
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BanTrafficNet Dataset

BanTrafficNet [69] consists of 6,400 images across 48 Bangladeshi traffic sign classes,
totaling 24,000 samples after augmentation. Although it lacks challenging environ-
mental conditions, artificial augmentations such as blur, grayscale, and brightness
variation simulate real-world noise. A lightweight CNN with only 4.6 million param-
eters achieved an ROC-AUC of 99.97%, outperforming larger architectures such as
ResNet50 and InceptionV3.

Figure 2.29: Sample images from BanTrafficNet showing lack of real driving circum-
stances [69]

2.5.4 Summary and Observations

Overall, the evolution of traffic sign datasets reflects a progression from small, region-
specific collections to large-scale, multi-environment repositories. While early datasets
like GTSRB and BTSD established foundational benchmarks, more recent datasets
such as MTSD and CCTSDB2021 emphasize environmental diversity and global rep-
resentation. Nevertheless, challenges such as class imbalance, limited weather varia-
tion, and dataset bias persist. It motivates the creation of regionally adaptive datasets
like BanTrafficNet and BTSD for improving real-world detection robustness.

33



2.6 Existing Techniques for Traffic Sign Detection

In recent years, notable progress has been made in the development of the Traffic Sign
Dataset and different frameworks have been proposed on top of that for more robust
detection. However, several limitations persist in the publicly available traffic sign
datasets. These include significant class imbalance, a scarcity of nighttime images,
and the presence of samples that do not accurately reflect real-world conditions [63].
The GLARE dataset presents the first traffic sign dataset featuring realistic sun glare
conditions with 2,157 annotated images across 41 classes, supporting both detection
and recognition tasks [23]. Models trained on this dataset, particularly Faster R-CNN
with SwinT backbone, achieved higher mAP scores compared to those trained on the
LISA or combined datasets [23]. When examining newly proposed datasets on traffic
signs alongside their corresponding models, it becomes evident that they often suf-
fer from limited robustness and reduced accuracy, particularly in detecting small or
underrepresented traffic signs.

The study conducted by Mogelmose et.al. proposed a three-step framework for traffic
sign detection, comprising segmentation, feature extraction and modeling, and detec-
tion [46]. Unlike traditional methods that rely solely on color or shape cues, their ap-
proach integrated multiple features to enhance detection accuracy. Despite that the
proposed approach exhibited several limitations, including inconsistent evaluation
metrics, insufficient contextual modeling, and limited robustness under challenging
conditions such as varying illumination, occlusion, and adverse weather. Rehman
et. al. employed Aggregated Channel Features (ACF) and Discriminative Patches
(D-patches) to enhance traffic sign detection under occlusion [51] . However, the ap-
proach was computationally expensive and showed reduced effectiveness for signs
undergoing significant deformation. Xu et. al. proposed MSER (Maximally Sta-
ble Extremal Regions) and Adaptive Color Threshold Segmentation with Red-Blue
color normalization to enhance traffic sign detection through symmetry analysis [75]

Still, the method was computationally intensive, relied solely on the controlled
GTSDB dataset, and showed reduced robustness under color inconsistencies, occlu-
sion, and irregular sign shapes. During this time, we have seen many machine learn-
ing based frameworks being proposed for Traffic Sign Detection tasks. Chen et. al.
employed a combination of Discriminative Adaboost and Support Vector Regression
(SVR) for traffic sign detection, integrating visual saliency and spatial cues for im-
proved precision [8]. However, the method struggled with lighting variations, motion
blur, and perspective distortions, while dataset imbalance and redundancy limited its
generalization in real-world scenarios. Temel et. al. utilized real-world images from
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the BelgiumTS dataset and synthesized sequences from Unreal Engine 4 to bench-
mark traffic sign detection under challenging environmental conditions [63]. How-
ever, existing algorithms struggled with adverse conditions, and many prior datasets
lacked comprehensive evaluation against weather, lighting, and occlusion variations.
Changzhen et al. employed Faster R-CNN with pre-trained CNN models (VGG16,
VGG_CNN_M_1024, ZF) on an augmented Chinese traffic sign dataset including mo-
tion blur and brightness variations [7]. Despite achieving high accuracy, the dataset
was geographically limited to Beijing, lacked full diversity, and generalization to other
real-world conditions remained uncertain.

Furthermore, Serna et. al. leveraged the European Traffic Sign Dataset (ETSD), com-
bining multiple public datasets and newly captured images, and trained five CNN
architectures for classification [54] . Nonetheless, the dataset was unbalanced, lacked
extreme environmental conditions such as nighttime or severe weather, and some
classes were underrepresented. Therefore, it has limited robustness and generalizabil-
ity. The CTSD dataset [83] introduces 2,205 real-world images containing 3,755 traffic
signs captured from online videos, driving recorders, and volunteer recordings, anno-
tated with 153 subclasses and rich metadata including weather, lighting, occlusion,
distance, color fading, and viewpoint. Baseline methods, including Haar+AdaBoost,
HOG+SVM, and deep-learning approaches such as OverFeat, Faster R-CNN, YOLOv2,
and SSD, were evaluated to benchmark performance under complex scenarios. How-
ever, the study did not include the advance neural network based models. Another
large-scale study conducted by Tabernik et. al. [59] employed an improved Mask R-
CNN with Online Hard Example Mining (OHEM), sample weighting, and adjusted
region pass-through to detect traffic signs. Geometric and appearance-based data aug-
mentations were applied to simulate real-world variations and address intra-category
variability. Still, the dataset excludes small objects, lacks nighttime images, and con-
tains mostly easily detectable signs. As a result performance on challenging scenarios
had not been evaluated. Furthe, Temel et. al. [64] analyzed 896,000 frames from the
BelgiumTS dataset, annotated with sign types, bounding boxes, and 12 challenging
conditions, and evaluated deep-learning models including U-Net, ResNet, VGG, and
GoogleNet to quantify the impact of environmental factors. While this study provides
valuable insights into robustness under varying conditions and employs spectral anal-
ysis to assess effects, the automated replication of challenges is not fully accurate, and
some scenarios such as snow are poorly represented, reflecting the inherent limita-
tions of the underlying dataset. Liu et al. [42] proposed a Deconvolution Region-based
Convolutional Neural Network (DR-CNN) that leverages a multi-scale fused feature
map and a two-stage adaptive classification loss to enhance the detection of small traf-
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fic signs in high-resolution images from the Tsinghua-Tencent 100K dataset. While
the model demonstrates improved performance in controlled settings, its reliance on
very high-resolution images (2048%x2048) and lack of evaluation in real-time scenarios
limit its practical applicability and generalization to more diverse, real-world condi-
tions. European urban traffic sign study [55] extended the GTSDB and ETSD urban
subsets to enable improved detection and classification of both symbol and text-based
signs using a Mask R-CNN framework. Despite these enhancements, the study is
limited by insufficient representation of text-based signs, constrained intra-class vari-
ability, geographic specificity, and the disjoint treatment of detection and classifica-
tion tasks, which may restrict the generalizability and robustness of the proposed ap-
proach. Ayachi et. al. [4] collected images from Chinese roads with 73 classes and
used MobileNet for real-time detection. But mobileNet has difficulty detecting small
signs in cluttered scenes. Mijic et. al.[45] used video frames from Osijek, Croatia, an-
notated with OpenLabeling, and trained YOLOv3. However, it had limited geographic
scope, class imbalance, and small number of sign classes. Therefore, it is not suitable
for real world application. Kilic et. al. [34] used images from moving vehicles and
used Faster R-CNN Inception V2 for detection. However, limitations were missing
sign types, insufficient training samples, and long training time due to large image
sizes. Hybrid ANN recognition study [31] combined GTSRB and TSRD datasets and
used nine individual ANNs with RGB, HOG, and LBP features, although uneven class
distributions in the source datasets could bias the model despite augmentation efforts.
The study [18] proposes an improved Faster R-CNN-based traffic sign detection algo-
rithm aimed at enhancing detection performance for small traffic signs, images cap-
tured under low-light conditions, and those affected by adverse weather. The model
was trained and evaluated on the TT100K dataset, which contains 100,000 images
spanning 221 traffic sign classes, with annotations manually created using Labellmg
and stored in XML format. While the improved Faster R-CNN demonstrates notable
gains in precision and robustness for small and low-visibility signs, it still exhibits
limitations in challenging conditions such as rain and low sunlight, and it struggles
to accurately differentiate between visually similar traffic signs, highlighting areas for
further refinement in real-world deployments.

In a performance evaluation of the dataset, Alamgir et al. demonstrated that YOLOv5x
achieved superior results compared to other YOLO variants available at the time [1].
Nevertheless, their findings also revealed that none of the models surpassed a mean
Average Precision (mAP) score of 0.3 [1]. In the last few years, many variants of YOLO
algorithms have been applied to detect traffic signs.

In [78], Yang et al. improved YOLOV3 by incorporating the inception architecture in
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the backbone. Although YOLOv3 works well with larger targets due to its deeper
structure, it fails to perform well for smaller targets. Therefore, Yang et al. proposed an
inception architecture and color enhancements to YOLOV3 to enrich features to incor-
porate the shallow network, which showed significant improvement on the TT100K
dataset over the base YOLOv3 model. Although the proposed architecture has im-
proved the results of YOLOV3, later models outperform it as well. Also, Dewi et al.
consolidated the SPP Layer within YOLOV4 tiny and showed around 99% accuracy on
the Taiwan Dataset [10]. Despite outperforming YOLOV4, the results were limited by
the dataset, which lacked sufficient complexity to truly challenge the model.

In [25], Han et al. replaced the original convolution block of YOLOv5s with Space
to Depth Convolution (SPD Convolution) and changed the head with a decoupled
head. They also integrated CAM (Context Augmentation Module) into the architec-
ture. The idea of a decoupled head was introduced first in YOLOX, where one head
is responsible for the classification task and the other is responsible for the regression
task [20]. Han et al. showed significant improvements over YOLOV5 on small ob-
ject detection. The Space-to-Depth (SPD) module increases the number of channels,
which can lead to extra computation without adding much useful information. At the
same time, it rearranges spatial features, which can cause the model to lose important
details about where things are in the image. Also, Chu et al. used a similar decoupled
head but added self-attention in the backbone of YOLOvS5, which allows the model
to detect small objects by focusing on global context information [9]. It increased the
mAP score of YOLOVS by 6.8% on the TT100K dataset. However, self-attention may
overlook regional context by giving more priority to global context.

In [41], Liu et al. proposed ETSR-YOLO, which includes Coordinate Attention in the
backbone, embedding both coordinate information and generating coordinate atten-
tion. The purpose of this attention block is to suppress noise interference and improve
learning. Moreover, they added a ConvNeXt block next, which uses depthwise sep-
arable convolution. ETSR-YOLO showed 6.6% improvement over the base YOLOv5s
model on the TT100K dataset and 1.2% improvement on the CCTSDB2021 dataset
[41]. Unfortunately, the model failed to detect small objects properly because it does
not allow multiscale targets to reach a balanced state. Also, pixel features of small

targets are very weak and can interfere with other objects.

We have seen improvements in the later YOLO models for Traffic Sign Detection. In
[13], Du et al. added an SPD module to integrate spatial information into the depth
channel in the YOLOvVS model. They further added Select Kernel Attention (SK At-

tention) in the neck architecture and the WIoUv3 loss function to optimize. They
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showed 3.2% improvement in the CCTSDB dataset and 5.1% improvement over the
base YOLOvS8 model. Yang et al. proposed the MHAF-YOLO model, which replaced
FPN with the Multi-branch Auxiliary Feature Pyramid Network, and also integrated a
Reparameterized Heterogeneous Multiscale Module and Global Heterogeneous Flex-
ible Kernel Selection to enhance feature fusion [77]. Their model showed 48.9% AP
on COCO with just 7.1M parameters, which is a reduction of 24.4% compared to
YOLOvV11. However, most of these improvements were demonstrated on datasets that
differ significantly from Bangladeshi conditions. Traffic signs in Bangladesh present
unique challenges in terms of design, placement, and visibility, which are not well
represented in widely used datasets like TT100K or CCTSDB.

Substantial advancements have been made in traffic sign detection through the de-
velopment of diverse datasets and increasingly sophisticated models. Still, significant
challenges remain which require more robust approach. Existing datasets often lack
comprehensive environmental diversity, such as varying weather, illumination, and
geographic conditions, which limits the generalization of trained models to real-world
scenarios. Similarly, despite architectural innovations, from region-based frameworks
like Faster R-CNN to attention-augmented and decoupled-head variants of YOLO,
most models continue to struggle with small, occluded, and underrepresented traf-
fic signs. Moreover, many studies rely on datasets that do not reflect the complex
visual and structural variations found in developing regions where differences in sign
design, color fading, and placement introduce additional detection difficulties. There-
fore, there is a clear need for region-specific, diverse, and contextually rich datasets,
along with lightweight yet robust detection models capable of maintaining accuracy

across diverse environmental and geographic conditions.
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Chapter 3

Proposed Methodology

3.1 Overview of Proposed Architecture

One stage objet detectors like YOLO (You Only Look Once) comprised of 3 main com-
ponents: backbone, neck, and head. In Mhaf-YOLO [77], a new variant of neck is
introduced due to the architectural weakness of Path Aggregation Feature Pyramid
Network which stuggles in spatial variations. In our proposed architecture, input im-
ages pass through a Squeeze and Excitation Block (SE) which amplifies the important
channels and suppress the unimportant ones. Therefore, placing an SE block before
the backbone helps to get better channel discriminability, reduced redundancy, and
improved SNR (Signal to Noise Ratio). This allows the backbone layers to operate
more efficiently and focus their representational power on informative, task-relevant

features.

After passing through the SE block, the feature representations are forwarded into
the backbone, which consists of four hierarchical stages: P2, P3, P4, and P5. Since
the conventional PAFPN is limited in its ability to transfer rich semantic information
from deeper layers to the spatially detailed shallow layers, the Multi-Branch Auxiliary
FPN (MAFPN) is integrated into the neck to address this issue.

In the initial bottom-up pathway, the SAF module gathers multi-scale features from
the backbone and performs an early stage of assisted fusion within the shallow portion
of the neck. In parallel, the AAF module establishes a secondary top-down pathway
with dense interconnections, enabling it to collect gradient information from deeper
layers and guide the detection head toward producing more diverse outputs across
three resolutions.
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Both SAF and AAF employ the RepHMS module for feature extraction. Through
its integrated GHFKS mechanism, RepHMS adaptively adjusts convolutional kernel
sizes, allowing the receptive field to flexibly expand or contract depending on the com-
plexity of the features. Functionally, the SAF block operates between the backbone
and the shallower neck layers, while the AAF block continues the refinement process

from the shallow neck to its deeper stages.

Finally, the detection heads utilize the fused feature maps at multiple scales to pre-
dict object bounding boxes and their corresponding categories. After that, loss is com-

puted from these predictions and used for backpropagation.

3.2 Multi-Branch Auxiliary FPN

The Multi-Branch Auxiliary Feature Pyramid Network (MAFPN) enhances traditional
FPNs by introducing bidirectional and multi-path interactions that jointly preserve
fine-grained spatial cues and high-level semantics [76]. MAFPN operates through
two key modules.

Superficial Assisted Fusion (SAF): SAF enriches shallow spatial features using
complementary deep semantics, improving localization of small objects [76].

Let P,_;,P,,P,., € RIXWXC denote feature maps at adjacent resolutions. The SAF

output is

P, = concat(§(GAP(P,_,)), P,, 6(Conv(U(P,,,))), U(P.))), (3.1)

n+1

where U(+) is upsampling, GAP is global average pooling, and & is the SiLU activation.
Channel alignment is regulated through 1 X 1 convolutions for stable fusion.

Advanced Assisted Fusion (AAF): AAF strengthens cross-scale communication
by combining features from shallow high-resolution, shallow low-resolution, sibling,
and preceding layers. Its output is defined as

P = concat(§(Down(P!_,)), (GAP(P"_)), P;, §(Conv(U(P’! ), (3.2)

n+1

yielding a more comprehensive multi-scale representation for robust detection [76].
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3.3 Re-parameterized Heterogeneous Multi-Scale Mod-

ule

The Re-parameterized Heterogeneous Multi-Scale (RepHMS) module is designed to
enhance feature diversity while maintaining computational efficiency, particularly in
dense detection scenarios where objects vary widely in scale and appearance. Tradi-
tional multi-branch designs often limit representational capacity due to homogeneous
branch structures or expensive parallel convolutions [76]. RepHMS addresses these
limitations through a heterogeneous, cascade-aware architecture that progressively
enriches the representation space [77].

The module begins with a 1X1 convolution that compresses and reorganizes the input
features, ensuring that subsequent operations remain lightweight. The transformed
feature map is then partitioned into N parallel branches. The first branch serves as
an identity-preserving pathway, allowing the network to retain the original low-level
information crucial for stable gradient propagation. The remaining (N — 1) branches
each contain a sequence of M heterogeneous blocks designed to extract progressively
deeper and more discriminative features [76], [77].

Within each branch, the blocks are connected in a cascaded manner, enabling the out-
put of one block to act as the input for the next. This progressive design allows early-
stage features to be reused and refined in later stages instead of being overridden,
which aligns with the philosophy of ELAN-style feature preservation. Importantly,
the output of every block in the cascade is retained rather than discarded. This en-
sures that the final feature set captures a rich spectrum of information, ranging from
shallow details to highly abstract patterns [76], [77].

After the cascaded processing, the outputs from all blocks across all branches are con-
catenated along the channel dimension. This aggregated representation integrates
heterogeneous features extracted at different depths and receptive fields, significantly
boosting multi-scale expressiveness. A concluding 1 X 1 convolution then fuses and
projects the concatenated tensor back into a compact form suitable for downstream
detection heads.

The parameters N and M govern the diversity and depth of feature extraction, mak-
ing the module highly flexible. Larger values encourage richer hierarchical learning,
while smaller values preserve efficiency for real-time applications. Through this re-
parameterized and heterogeneous design, the RepHMS module achieves a balanced
trade-off between accuracy and computational cost, offering substantial improvements
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in multi-scale representation without introducing unnecessary overhead [76], [77].

3.4 Re-parameterized Heterogeneous Depthwise Con-

volution

The Re-parameterized Heterogeneous Depthwise Convolution (RepHDWConv) is de-
signed to simultaneously increase the effective receptive field and improve representa-
tional capacity without introducing additional inference cost. Traditional depthwise
convolutions with a single kernel size often limit the network’s ability to capture fea-
tures at multiple spatial scales [76], [77]. RepHDWConv addresses this by employing
multiple depthwise convolution kernels of varying sizes during training, allowing the

model to learn rich, multi-scale feature representations.

During the training phase, each depthwise convolution kernel is independently fol-
lowed by a Batch Normalization (BN) layer with learnable parameters u, g, y, 8. The
BN layers stabilize training by normalizing the feature distribution and introducing
scale and shift transformations [76], [77].

To enable efficient inference, the kernels and BN parameters are fused into an equiv-
alent single kernel and bias as follows:

4 r(=m)
Whusea = ———— - RepHDW, Biysed = ————=+ 8, (3.3)

o2+¢ VoZ+e
where € is a small constant for numerical stability. This fusion ensures that the influ-

ence of BN is directly integrated into the convolutional weights, eliminating the need
for separate normalization during inference [76], [77].

After training, smaller kernels are padded to match the spatial size of the largest ker-
nel. This allows all heterogeneous kernels to be re-parameterized into a single equiv-
alent depthwise convolution, thereby enabling efficient inference without sacrificing
the multi-scale benefits learned during training.

The resulting output can be expressed as:
m
O0=I1®K;,-1 +By1 + Z (I ® Kyn_(it1) + Ban—gaisny) » (3.4)
i=1

where n > 3, m is the largest integer satisfying 2n — (2m + 1) > 3, I denotes the input
feature map, and ® represents depthwise convolution. This formulation ensures that
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the output incorporates information from all kernel sizes, effectively capturing both
local fine-grained features and broader contextual patterns [76], [77].

The primary advantage of RepHDWConv lies in its heterogeneous design: by lever-
aging multiple kernel sizes during training, the network gains the capacity to model
complex spatial relationships without increasing the runtime complexity during in-
ference. This approach combines the representational richness of multi-scale con-
volutions with the efficiency of a single depthwise kernel at deployment, making it
particularly suitable for real-time applications and lightweight architectures.

3.5 Squeeze-and-Excitation (SE) Module

Convolutional Neural Networks (CNNs) have achieved outstanding success in com-
puter vision tasks due to their ability to capture local spatial features through convolu-
tional filters. However, conventional convolutions treat all feature channels equally,
ignoring the fact that different channels carry different levels of semantic importance.
To address this limitation, Hu et. al. [27] introduced the Squeeze-and-Excitation (SE)
block, a lightweight yet powerful attention mechanism that explicitly models channel

interdependencies and adaptively recalibrates channel-wise feature responses.

Feql-) 1X1XC 1X1XC

F,

scale( -, )

N N > H

Figure 3.2: llustration of the Squeeze-and-Excitation (SE) process used for channel-
wise feature recalibration

The SE block is mathematically defined as follows. Consider an intermediate feature
tensor
X e RBXCXHXW (35)

where B denotes the batch size, C the number of channels, and H x W the spatial
resolution. The SE operation consists of three sequential steps: squeeze, excitation,

and recalibration.
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In the squeeze operation, a global average pooling (GAP) is applied to aggregate spatial

information of each channel into a scalar descriptor:

1 H W
_ ;o c
Ze =T ZEXC(I,]), z € R". (3.6)

i=1 j=1

In the excitation step, the vector z passes through two fully connected layers that form
a bottleneck structure:
s =0(W,d8(W,2)), (3.7)

C C
where W, € R+ reduces the channel dimensionality, W, € R restores it, 8(-) is
anonlinear activation function (e.g., ReLU or SiLU), and o(-) is the sigmoid activation
ensuring s € (0,1).

In the recalibration step, the learned channel weights modulate the original feature

maps by channel-wise multiplication:

X.=s,-X,, Veefl,..,C} (3.8)

producing a recalibrated feature tensor X € REXCXHXW

This entire procedure can be summarized as:

1 H W
Ze =W DXL ), (3.9)
i=1 j=1
s=o0(W,é(W,z2)), (3.10)
X.=5.-X.. (3.11)

The computational cost introduced by the SE block is O (E), which is negligible
for typical reduction ratios such as r = 8 or r = 16, especially when compared to
convolutional operations. Despite its simplicity, the SE block significantly enhances

feature representation by modeling global channel dependencies.
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3.6 SE-Enhanced Bottleneck Layer

Bottleneck
Type-1

l

Bottleneck
Type-2

l

Bottleneck
Type-1

~—— Concat —J

l

Conv
K=1, S=1

Figure 3.3: High-level overview of the proposed block architecture

The standard initial convolutional stage of MHAF-YOLO was a simple convolutional
block with 3x3 kernel [77]. In order to improve low-level feature encoding and in-
troduce adaptive channel recalibration at the entry stage, it is replaced with the SE-
enhanced Bottleneck Instead of a single fixed kernel size bottleneck, we have incor-
porated three bottlenecks of two types in a sequence.
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BOTTLENECK TYPE-2 BOTTLENECK TYPE-1
Input Input

Conv Conv
K=1, S=1 K=1, S=1
Conv Conv
K=5, S=1 K=3, S=1
AAP AAP
FC FC
+ +
Output Output

Figure 3.4: Comparison of different bottleneck types and their feature transformation
patterns

1. Bottleneck Typel: This bottleneck incorporates a 3x3 convolution followed
by a depthwise convolution. After the channel manipulation from depthwise
convolution, 3x3 Convolution captures local features with short-range spatial
dependencies. Finally, Adaptive Average Pooling(AAP) ensures scale and in-
put size variance. Finally Fully Connected Layer compact descriptors for final

boundary.

2. Bottleneck Type2: Bottlenect type 2 replaces 3x3 convolution with 5x5 con-
volution. It allows capture larger pattern, helps to model middle to large size

features for the signs.

If we look at the whole picture, there is a sequence of operations. It starts with of a
1x1 convolution followed by a 3X3 convolution, Adaptive Average Pooling, and a fully
connected layer augmented with the input from the 1x1 convolution. Then a second
block starts with a 1x1 convolution followed by a 5x5 convolution, Adaptive Average
Pooling, and a fully connected layer augmented with the input from the second 1x1
convolution, and finally a third block with a 1x1 convolution followed by a 3x3 con-
volution, Adaptive Average Pooling, and a fully connected layer augmented with the
input from the third 1x1 convolution. This structure enables a balanced multi-scale
feature extraction process where local and global contextual information are captured
and refined across stages. The first block emphasizes fine-grained spatial details while
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retaining low-level channel-projected features through the skip connection, the sec-
ond block expands the receptive field to incorporate broader context while still pre-
serving detail from its 1X1 projection, and the third block returns focus to local re-
finement built on top of the earlier global representation. This layered design ensures
that local patterns, global context, and residual connections work together, producing
richer and more discriminative feature representations for downstream tasks.

This early placement allows early recalibration of feature channels before deeper lay-
ers perform hierarchical abstraction. The structure combines variable kernel bottle-
necks with channel attention, ensuring that low-level features such as edges, con-
tours, and texture gradients are emphasized during the first pass of feature extraction.
The block employs a dual-path structure with stride-two convolution, formulated as

f1(x) = Convyy p(X),  fr(x) = Convyyg op(x),

where f,(x) is further processed through a series of n bottlenecks with alternating
kernel sizes k € {3, 5},

b(z) = Convy,y(z) — Convi,(2),
and the sequence is expressed as
Y1 = bpob,_y0 -+ ob(f1(x)).

where [o] denotes channel concatenation.

The second path y, = f,(x) serves as a compressed bypass, allowing gradient stabil-
ity and direct information flow. The two paths are concatenated channel-wise and
projected through a 1 X 1 convolution,

y = COHlel([)’la Y2]),

The subsequent layer receives feature maps that are both compact and discriminative,
which strengthens the stability of optimization and improves the reliability of small-
object encoding.
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Chapter 4
Results and Discussion

This chapter presents a comprehensive evaluation of the proposed traffic sign detec-
tion methodology. We begin by describing the datasets used for training and test-
ing, including the Bangladeshi Traffic Sign Dataset, the German Traffic Sign Dataset
(GTSDB), and CCTSDB2021. Next, the experimental setup including training pro-
tocols and implementation details is discussed. It is followed by a description of the
evaluation metrics to assess detection performance. Subsequently, the results are ana-
lyzed in detail. We have compared the proposed approach with state-of-the-art models
across different datasets to demonstrate improvements in accuracy, robustness, and
generalization. Finally, we perform a thorough error analysis to identify common
failure modes and provide insights for potential future enhancements. This chapter
aims to illustrate not only the quantitative performance gains of our method but also
its practical effectiveness in real-world traffic sign detection scenarios.

4.1 Dataset

4.1.1 Bangladeshi Traffic Sign Dataset

This dataset introduced by Ashik et al [3]. The dataset was specifically curated to ad-
dress the unique challenges of traffic sign recognition in Bangladesh. Its unique geo-
social and environmental factors often complicates detection. It comprises 2,986 im-
ages with a total of 3,063 annotated traffic signs distributed across 15 distinct classes.
The images were extracted from videos recorded in diverse conditions—including ur-
ban streets, rural roads, and highways.The footage captured a wide range of challenges
such as occlusion, blurriness, low lighting, and varying object sizes. This diversity re-

flects the complexity of real-world driving scenarios in Bangladesh.
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The dataset is structured such that the training set consists of 2,324 images, while
the test set contains 662 images. Within the training set, a subset of 2,096 images
is designated for actual model training, while the remaining images are reserved for
validation. This helps in model tuning and early stopping to prevent overfitting.

Table 4.1: Number of images available for each traffic sign category in Bangladeshi
dataset.

Class Name Images
Pedestrian Crossing 593
No Overtaking 329
Speed Limit 40 km/h 309
School 262
Road Hump 195
Side Road Left 195
Side Road Right 193
Sharp Bend To The Left 174
Crossroads 142
Speed Limit 80 km/h 138
U Turn 116

Sharp Bend to the Right 115
Speed Limit 60 km/h 115

No Use of Horn 109
Narrow Bridge 78
Total 3063

4.1.2 GTSDB

The German Traffic Sign Detection Benchmark (GTSDB) consists of 900 road im-
ages captured under real-world driving conditions, containing a total of approximately
1,200 annotated traffic signs. Out of these, 788 images are used for training, 218 im-
ages for validation, and the test set contains 190 traffic sign instances. Traffic signs in
the dataset are categorized into three main classes: prohibitory signs, danger signs,

and mandatory signs, covering a variety of shapes, sizes, and appearances.
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Table 4.2: Distribution of objects across different traffic sign categories in the German

dataset.
Category Number of Objects
Prohibitory 396
Danger 156
Mandatory 114
Other 186
Total Images 900

Originally, GTSDB dataset has 900 images, 296 new images added in the later version.
We have used the later version to train our model and performance evaluation.

4.1.3 CCTSDB2021

The CCTSDB2021 dataset comprises a total of 17,856 images, which are divided into a
training set and a positive-sample test set. All traffic signs within these images are an-
notated and categorized into three semantic groups based on their meanings: manda-

tory signs, prohibitory signs, and warning signs.

The training set contains 16,356 images, sequentially numbered from 00000 to 18991.
These images are primarily intended for model training and encompass a wide variety
of traffic sign instances across different environments and conditions. We have ran-
domly chosen certain train samples and put it into valid set We have separated 3271
images randomly to add into valid set and this images are not visible during training
[91, [79], [80], [81].

4.2 Experiment Setup

All experiments were conducted on an NVIDIA GeForce RTX 3060 GPU equipped
with 12 GB of VRAM in a local environment. The YOLO-based detection models were
trained for up to 700 epochs with a batch size of 8, using an input image resolution
of 640x640 pixels. To prevent overfitting and ensure optimal generalization, early
stopping was employed with a patience value of 70 epochs, monitoring the valida-
tion loss and mAP metrics to terminate training once convergence was reached. This
strategy not only reduced unnecessary computation but also helped stabilize model
performance across different datasets.
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The implementation was based on the Ultralytics YOLO framework, which provides
a robust and modular foundation for developing object detection architectures. The
proposed Squeeze-and-Excitation (SE) enhanced bottleneck module was integrated
into the network using PyTorch. The integration leveraged the mhaf-yolo® reposi-
tory as a reference base for structural modifications. Training was carried out using
the default hyperparameter configurations of the Ultralytics framework, including the
SGD optimizer with momentum, cosine learning rate scheduling, and weight decay
regularization. It ensures both reproducibility and comparability with existing bench-
marks.

These experiments were conducted using Google Colab’s free-tier cloud environment,
which provides an NVIDIA T4 GPU with 16 GB of VRAM. Due to the increased mem-
ory capacity, a larger batch size of 16 was employed to expedite training while main-
taining stable gradient updates. The Colab environment facilitated rapid prototyping
and reproducible experimentation with minimal configuration overhead, further vali-

dating the scalability of the proposed model under different computational resources.

Evaluation was performed on the designated test sets of each dataset. Model perfor-
mance was assessed using standard detection metrics, including mean Average Pre-
cision (mAP) at Intersection-over-Union (IoU) thresholds of 0.5 (mAP@0.5) and the
averaged range of 0.5:0.95 (mAP@[0.5:0.95]), along with precision, recall, and infer-
ence latency. All inference-time measurements were recorded on the same respective
GPU environments to ensure fairness and consistency across experiments.

4.3 Evaluation Metrics

In this study, several widely-used metrics are employed to evaluate the performance
of the proposed model. These metrics provide complementary insights into different
aspects of model performance, such as detection accuracy, completeness, and balance

between precision and recall.

1. Precision: Precision measures the proportion of correctly predicted positive
samples among all samples predicted as positive by the model. High precision
indicates that the model produces few false positives, reflecting the reliability of
its positive predictions. Precision is formally defined as:

. . True Positive
Precision = — — (4.1)
True Positive + False Positive

https://github.com/yang-0201/MHAF-YOLO
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2. Recall: Recall, also known as sensitivity or true positive rate, evaluates the abil-
ity of the model to correctly identify all actual positive samples. A high recall
score implies that the model misses very few positive instances. It is calculated
as:

True Positive

Recall = — - 4.2)
True Positive + False Negative

3. Average Precision (AP): Average Precision summarizes the precision-recall
trade-off for a single class by computing the area under the precision-recall
curve. The AP score accounts for both the correctness and completeness of
predictions and ranges from 0 to 1. It provides a more robust measure than
precision or recall alone, especially for imbalanced datasets:

1
AP = / Precision(Recall) d(Recall) (4.3)
0

4. Mean Average Precision (mAP): Mean Average Precision extends AP to multi-
class detection by averaging the AP values over all classes. It is widely used in
object detection benchmarks to evaluate overall model performance across di-
verse categories. mAP is defined as:

N
1
AP = — > AP, 4.4
m N P L ( )

where N is the total number of classes, and AP; denotes the Average Precision
for the i-th class.

5. F1-Score: The F1-Score combines precision and recall into a single metric by
computing their harmonic mean. It provides a balanced measure of a model’s
accuracy, especially when precision and recall are in conflict. The F1-Score is

given by:
2 X (Precision x Recall)

F1-Score = —
Precision + Recall

(4.5)

4.4 Performance Comparison with State of the Art
Models

For the performance comparison in the experimental phase, four representative mod-
els were selected to ensure diversity and relevance in evaluating detection effective-
ness. These include three state-of-the-art YOLO variants: YOLOvS, YOLOv10, and

54



YOLOvV11, along with the base architecture of our proposed model MHAF-YOLO,
and the final Squeeze-Aware-YOLO. This combination allows us to compare general-
purpose YOLO detectors with our specialized models designed specifically for traffic
sign detection.

Table 4.3: List of evaluated models along with their total parameter counts

Name Parameters
YOLOV8 2M
YOLOvV10 22M
YOLOv11 2.6 M
MHAF-YOLO 22M

Squeeze-Aware-YOLO (Ours) 22M

All models train for 700 epochs with SGD (momentum 0.9, initial LR 0.01, decayed by
0.1 at epochs 50/75), batch size 8. A patience value of 70 assigned to stop the model
early. We report mean Average Precision (mAP@IoU=0.5) both overall and per class

Bangladeshi Traffic Sign Dataset

Bangldeshi Traffic Sign Dataset has 15 classes encompassing around 3096 images. We
can see the performance in the dataset in table 4.4 .

Table 4.4: Performance comparison of all models on the Bangladeshi Traffic Sign
Dataset

Models mAP
YOLO-v8 0.663
YOLO-v10 0.679
YOLO-v11 0.668
MHAF-YOLO 0.685
Squeeze-Aware-YOLO

0.747

(Ours)

The comparative results across different models (Tables 4.5) provide several critical in-
sights. At the overall level, Squeeze-Aware-YOLO achieves the highest mAP of 0.747,
surpassing YOLOVS (0.663), YOLOvV10 (0.679), YOLOv11 (0.668), and MHAF-YOLO
(0.685). This indicates that the proposed modifications contribute significantly to im-
proving detection accuracy in challenging traffic sign recognition tasks. A more gran-
ular, per-class breakdown (Table 4.5) reveals where each model excels or struggles.
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Squeeze-Aware-YOLO attains the top score in classes 6, 10, 12, 13, and 15, indicating

its particular strength in those object categories.

A deeper per-class breakdown highlights the nuanced performance patterns of the
models 4.5. YOLOvS8 performs exceptionally well in highly distinctive categories such
as “No Overtaking” (0.964) and “U-Turn” (0.938), suggesting that it is well-tuned for
prohibitory signs with clear visual boundaries. Similarly, YOLOv10 and YOLOv11
show competitive results in categories like “Speed Limit 80 km/h” and “Sharp Bend to
the Left,” where structural features are moderately consistent. MHAF-YOLO, despite
showing stability in some classes (e.g., “Side Road Left” with 0.980), underperforms
in others, indicating limitations in handling intra-class variations.
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Table 4.5: Class-wise performance metrics for various YOLO models in Bangladeshi

Dataset
Squeeze-
MHAF- Aware-
Class / Model | YOLOVS YOLOvV10 YOLOv11
YOLO YOLO
(Ours)
Pedestrian
. 0.760 0.735 0.425 0.675 0.730
Crossing
Speed Limit 40
0.845 0.775 0.722 0.759 0.850
km/h
Speed Limit 80
0.563 0.729 0.725 0.709 0.705
km/h
Speed Limit 60
0.622 0.671 0.737 0.894 0.950
km/h
No Overtaking 0.964 0.915 0.947 0.906 0.958
Sharp Bend
. 0.794 0.821 0.793 0.687 0.894
Right
Sharp Bend Left 0.865 0.915 0.858 0.185 0.320
Side Road Right 0.180 0.302 0.379 0.736 0.627
Narrow Bridge 0.568 0.740 0.544 0.558 0.638
No Horn 0.331 0.536 0.428 0.840 0.952
Road Hump 0.887 0.644 0.902 0.513 0.687
School 0.432 0.385 0.404 0.911 0.883
Side Road Left 0.421 0.399 0.509 0.758 0.831
U-Turn 0.938 0.933 0.916 0.529 0.514
Crossroads 0.770 0.645 0.728 0.622 0.660

In contrast, Squeeze-Aware-YOLO demonstrates superior adaptability, particularly in

complex or visually ambiguous categories. It secures the best scores in “Sharp Bend
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to the Right” (0.894), “No Use of Horn” (0.952), “School” (0.883), “Side Road Left”
(0.831), and “Side Road Right” (0.627). These categories typically involve finer struc-
tural cues and background clutter which challenge traditional YOLO variants. The
model’s ability to excel in such cases highlights its strength in feature recalibration

and attention driven learning which enables more discriminative representations.

German Traffic Sign Dataset

The evaluation on the German Traffic Sign Detection Benchmark (GTSDB) demon-
strates competitive performance across different models, with overall mean Average
Precision (mAP) results presented in Table 4.7. Among the baselines, YOLOv11 achieves
a strong score of 0.836, while YOLOvV10 (0.826) and MHAF-YOLO (0.816) remain
close in performance. YOLOVS performs slightly lower at 0.809, yet still shows strong
consistency across classes. The proposed Squeeze-Aware-YOLO achieves the high-
est mAP of 0.84, surpassing all counterparts and highlighting the effectiveness of its

design in improving detection accuracy for complex traffic sign recognition tasks.

Table 4.6: mAP scores of different models on the German Traffic Sign Dataset
(GTSDB)

Models mAP
YOLO-v8 0.809
YOLO-v10 0.826
YOLO-v11 0.836
MHAF-YOLO 0.816
Squeeze-Aware-YOLO

0.84

(Ours)

A class-wise analysis reveals further insights into model behavior. YOLOv8 delivers
outstanding performance on the “Danger” class (0.949), reflecting its strength in de-
tecting highly distinctive triangular signs. YOLOvV10, however, achieves the highest
score in “Prohibitory” (0.919), showing its ability to handle circular regulatory signs
that often vary in scale and positioning. YOLOv11 performs competitively across mul-
tiple categories, securing the best results for the “Others” class (0.825), which includes
less frequent and irregular signs. MHAF-YOLO shows balanced but slightly lower
performance, with consistent results in “Mandatory” (0.730) and “Danger” (0.866),

though it does not dominate in any category.
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Table 4.7: mAP performance for individual traffic sign classes in the GTSDB dataset

Class Prohibitory | Mandatory | Danger | Others
YOLOVS 0.799 0.711 0.949 0.636
YOLOv10 0.919 0.726 0.906 0.755
YOLOv11 0.907 0.733 0.878 0.825
Mhaf-YOLO 0.9 0.73 0.866 0.767
Squeeze-Aware-YOLO (Ours) 0.91 0.76 0.865 0.825

In contrast, Squeeze-Aware-YOLO attains the leading score in the “Mandatory” cate-
gory (0.760) and ties YOLOv11 in “Others” (0.825). These results suggest that the pro-
posed model demonstrates particular robustness in categories with higher intra-class

variation and more ambiguous visual patterns, where traditional YOLO architectures

face limitations. While it does not always secure the top value in every class, its stable

performance across categories contributes to the highest overall mAP, reflecting an

effective trade-off between specialization and generalization.

CCTSDB2021

The results on the CCTSDB2021 dataset highlight the competitiveness of modern ob-

ject detection models under challenging conditions. As shown in the overall evalua-

tion, YOLOV10 achieves the highest mean Average Precision (mAP) of 0.792, marginally
outperforming Squeeze-Aware-YOLO at 0.783, while MHAF-YOLO lags slightly be-
hind at 0.769. Although the proposed Squeeze-Aware-YOLO does not surpass YOLOv10
in the global metric, it demonstrates improved robustness in specific categories, re-

flecting its adaptability in complex visual environments.

Table 4.8: Overall mAP scores of evaluated models on the CCTSDB dataset

(Ours)

Models mAP
YOLO-v10 0.792
MHAF-YOLO 0.769

Squeeze-Aware-YOLO
0.783

A closer examination of class-wise performance reveals important distinctions. YOLOv10

excels in “Mandatory” (0.728) and “Warning” (0.855) categories, where signs often

include strong geometric cues and distinct color boundaries, suggesting its effective
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feature extraction in well-structured contexts. MHAF-YOLO shows balanced perfor-
mance across all categories but does not lead in any, indicating moderate general-
ization ability without specialization. In contrast, Squeeze-Aware-YOLO secures the
highest performance in the “Prohibitory” class (0.807), where signs are visually di-
verse and frequently subject to occlusion and scale variations. This suggests that its
feature recalibration mechanism enhances recognition of circular regulatory signs,
which are typically more prone to background clutter.

Table 4.9: Class-specific mAP values for the CCTSDB2021 traffic sign dataset

Class Prohibitory | Mandatory | Warning
YOLOvV10 0.794 0.728 0.855
Mhaf-YOLO 0.782 0.687 0.838
Squeeze-Aware-YOLO (Ours) 0.807 0.694 0.849

The marginal differences in mAP between Squeeze-Aware-YOLO and YOLOV10 sug-
gest a trade-off between overall stability and class-specific strength. While YOLOv10
maintains an edge in aggregate accuracy, Squeeze-Aware-YOLO provides superior de-
tection in more visually complex or ambiguous categories.

Therefore, the result indicates its potential advantage in real-world deployments where

prohibitory signs are crucial for safety-critical decision-making.

4.5 Performance on Bangladeshi Traffic Sign Dataset

The results from the Bangladeshi Traffic Sign Dataset (Table 4.5) demonstrate that
Squeeze-Aware-YOLO achieves the highest overall mean Average Precision (mAP =
0.747), outperforming MHAF-YOLO (0.685) and the YOLO variants (0.663-0.679) by
a clear margin, indicating its effectiveness in learning discriminative, context-aware
features. A closer look at the class-wise performance reveals that our model domi-
nates in seven out of fifteen categories, particularly excelling in classes such as Speed
Limit 60 km/h (0.950) and No Use of Horn (0.952), where background clutter and
subtle discriminative cues often challenge conventional detectors.

Following the f-1 curve which signifies model performance across confidence thresh-

olds, revealing optimal balance between precision and recall for each traffic sign class.
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Figure 4.1: Fl-score curve comparison across different models in Bangladeshi
Dataset

However, the model struggles in specific cases, most notably Sharp Bend to the Left
(0.320 vs. 0.929 for MHAF) and U-Turn (0.514 vs. 0.980 for MHAF), highlighting po-
tential issues with orientation sensitivity, class imbalance, or overemphasis on certain
feature patterns. While YOLOvVS8, YOLOvV10, and YOLOv11 demonstrate competitive-
ness in isolated classes, their overall results remain weaker compared to the proposed
approach. These discrepancies underline the strengths of Squeeze-Aware-YOLO in
handling complex and noisy categories, but also point to failure modes in orientation-
sensitive signs and underrepresented classes. Such findings suggest the need for tar-
geted strategies like orientation-preserving data augmentation, class-balanced train-

ing, or auxiliary orientation heads to complement the improvements already achieved.
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Following is a PR Curve which illustrates the trade-off between precision and recall
across thresholds, highlighting model reliability, class-specific detection performance,
and threshold selection, especially useful for imbalanced or safety-critical traffic sign
datasets.

Precision-Recall Curve
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Figure 4.2: Precision-Recall (PR) curve comparison across models on Bangladeshi
Dataset

Overall, the analysis confirms that Squeeze-Aware-YOLO provides robust and mean-
ingful improvements across diverse Bangladeshi traffic sign categories, while still leav-
ing space for further refinements to ensure balanced performance across all safety-
critical classes. Performance comparison in two different images is shown in the 4.3

and 4.4, where in one image, a traffic sign is far away, and another is occluded with
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leaves of a tree.

(c) yolo V11

(e) Our Model

Figure 4.3: Sample images illustrating the superior performance of the model on the
Bangladeshi Traffic Sign Dataset.

In the 4.3 image, none of the base YOLO models (YOLOv8, YOLOv10, YOLOv11) were
able to detect the traffic sign. Among the advanced models, Squeeze-Aware-YOLO
achieved a higher confidence score than the base MHAF-YOLO, while MHAF-YOLO
itself produced the lowest confidence among the models that made detections. Our
proposed model, however, demonstrated the highest confidence, accurately identify-
ing the sign.
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(e) Our Model

Figure 4.4: Sample instances illustrating the superior performance of the model on
the Bangladeshi Traffic Sign Dataset

In another instance on the 4.4 image, most models failed to detect the sign correctly,
whereas our model accurately identified it. Notably, YOLOv11 made a detection but
misclassified the sign: the correct class is ’Side Road Right, but YOLOv11 incorrectly
labeled it as 'No Overtaking.’

4.6 Performance on German Traffic Sign Dataset

The German Traffic Sign Dataset evaluation reveals nuanced insights into model be-
havior across different traffic sign categories. While Squeeze-Aware-YOLO achieves
the highest overall mAP (0.84), the per-class breakdown shows that no single model
dominates all categories which reflects the inherent complexity of this dataset. F-1
Curve for German dataset indicates the confidence threshold.
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Figure 4.5: F1-score curves of models evaluated on German Dataset

Danger signs, often large and visually prominent, are detected extremely well by YOLOv8
(0.949), whereas subtler signs in the Mandatory and Others categories benefit from
Squeeze-Aware-YOLO’s feature refinement and contextual awareness. This indicates
that the architecture of Squeeze-Aware-YOLO effectively balances learning generaliz-
able features for less salient or occluded signs while maintaining strong detection for
common, well-defined categories. The variation in performance across classes high-
lights challenges such as intra-class similarity, occlusion, and varying sign sizes, sug-
gesting that even state-of-the-art detectors can be sensitive to visual and contextual

nuances. The P-R curve shows performance on imbalanced classes.
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Figure 4.6: PR curve of the models evaluated on German Dataset

Overall, Squeeze-Aware-YOLO demonstrates robust generalization, offering more con-
sistent detection across all classes, a critical attribute for real-world deployment in het-
erogeneous traffic environments, while also pointing to potential areas for improve-
ment in detecting highly distinctive or rare classes.

The performance comparison on a slightly rotated image from the German Traffic
Sign Dataset is illustrated in 4.7 and 4.8 images.
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Figure 4.7: Sample images demonstrating the improved detection performance and
higher confidence scores achieved by the proposed model on the GTSDB dataset

In the 4.7 image, no detections were observed in the base models, while Squeeze-
Aware-YOLO achieved a higher confidence score than the other models that made
detections. The base models YOLOv8 and YOLOv10 failed to detect the sign, and
MHAF-YOLO produced the lowest confidence among the models that detected it. In
contrast, our proposed model achieved the highest confidence.
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Figure 4.8: Sample images demonstrating higher confidence scores achieved by the
proposed model on the GTSDB dataset

In the 4.8 image, all models successfully detected the sign; however, only Squeeze-
Aware-YOLO exhibited the highest confidence.

4.7 Performance on CCTSDB2021 Dataset

The F1-score curves for the three evaluated models provide deeper insights into their
threshold-dependent performance. While YOLOv10 consistently maintains the high-
est peak F1 across most thresholds, both MHAF-YOLO and the proposed Squeeze-
Aware-YOLO demonstrate relatively stable curves, indicating balanced precision-recall
trade-offs over a wide range of operating points. The superior stability of Squeeze-
Aware-YOLO, particularly at lower thresholds, highlights its robustness in scenarios
where recall is prioritized, such as detecting partially occluded or small-scale traf-
fic signs. This suggests that even though YOLOvV10 achieves a higher global mAP,
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the proposed model ensures more reliable detection consistency under varying confi-

dence levels.
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Figure 4.9: F1 curve comparison of the models in CCTSDB

The Precision—Recall (PR) curves further emphasize these distinctions by illustrating
the comparative trade-offs between precision and recall. YOLOvV10 achieves the best
area under the PR curve, reaffirming its dominance in aggregate performance. How-
ever, Squeeze-Aware-YOLO maintains higher precision in the prohibitory category
across most recall levels, aligning with the class-wise mAP analysis. This behavior
suggests that its recalibration mechanism is particularly effective at filtering back-
ground noise while preserving sensitivity to critical regulatory signs. MHAF-YOLO,
although trailing slightly, delivers more uniform PR curves across categories, reflect-
ing its generalization capacity without clear specialization. Together, these curves un-
derscore the nuanced strengths of each model beyond summary metrics, highlighting
that practical deployment may depend on whether stability, precision or recall is pri-

oritized.
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Figure 4.10: PR curve comparison of the models in CCTSDB

In CCTSDB dataset, most of the images have a consistent size, shape, and signs cover
almost same amount of pixels. While using base models like YOLOV10, it does not
have variable kernels like Mhaf-yolo. It performs better capturing the signs more accu-
rately. However, we have improved the mhaf-yolo model with our block significantly.
Our proposed model shows a 2% improvement.

4.8 Error Analysis

On CCTSDB (4-way, normalized), the model is strongest on warning signs, while
mandatory suffers the most misses, with many samples collapsing into background.
There is also a smaller but consistent prohibitory mandatory swap—expected given
their shared circular shapes and low-resolution glyphs. Likely drivers are small ob-
jects, motion blur, and class imbalance. However, higher effective input resolution,
class-balanced sampling or focal loss, and hard-negative mining should help.
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Figure 4.11: Confusion matrix of the Squeeze-Aware-YOLO model on the CCTSDB
dataset, illustrating its class-wise detection performance

We can not strongly claim the performance improvement as significant while com-
paring Squeeze-Aware-YOLO with MHAF-YOLO. Instances like 4.12 and 4.13 show

that both models show exact same confidence score and correct detection.

380
MY

(a) mhaf yolo

Figure 4.12: Examples of CCTSDB cases where no improvement is observed

Therefore, it undermines the effectiveness of Squeeze-Aware block.
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Figure 4.13: Additional CCTSDB samples showing no significant model improve-
ment

On the Bangladeshi fine-grained matrix, errors cluster among look-alike subclasses:
speed-limit digits (40/60/80) confuse each other, left/right variants (Side Road, Sharp
Bend) flip under orientation changes, and pairs like U-Turn / No U-Turn or Pedestrian
Crossing / School occasionally interchange. Busy urban scenes create both false pos-
itives and false negatives. As observed in Table 4.5, although Squeeze-Aware-YOLO
achieves the highest overall mean average precision, its performance across individ-
ual classes reveals several notable deficiencies. The model demonstrates severe weak-
nesses in Sharp Bend to the Left, where its score of 0.320 is dramatically lower than
the 0.915 obtained by YOLOV10, and in U-turn, where its 0.514 is far below the 0.938
achieved by YOLOvS8. Such large gaps indicate that the proposed modifications are
not uniformly effective and struggle to generalize to certain critical traffic sign cate-
gories. Furthermore, Squeeze-Aware-YOLO is outperformed by MHAF-YOLO in Side
Road Right, 0.736 vs. 0.627, School, 0.911 vs. 0.883, and U-turn, 0.529 vs. 0.514,
suggesting that Squeeze-Aware Block actually decreased the model capacity to detect
certain categories. These shortcomings highlight that while Squeeze-Aware-YOLO in-
troduces improvements at an aggregate level, its inconsistent per-class performance
undermines its reliability for comprehensive traffic sign detection tasks.
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Figure 4.14: Confusion matrix of the Squeeze-Aware-YOLO model on the
Bangladeshi dataset, highlighting class-wise misdetections and overall recognition
performance

At the macro-family level on the German set (normalized), prohibitory and danger
retain high true-positive rates, whereas mandatory and “other” leak into background
most often, echoing the CCTSDB trend. A modest mandatory prohibitory confusion
persists across families.

73



Confusion Matrix Normalized

0.8

danger

0.7

0.6

mandatory

Predicted
other

-04

-03

prohibitory

=02

=01

background

i il ' ' ' -0.0
danger mandatory other prohibitory background
True

Figure 4.15: Confusion matrix of the Squeeze-Aware-YOLO model on the German
dataset, highlighting class-wise misdetections and overall recognition performance

However, Squeeze-Aware-YOLO demonstrates competitive performance across most
categories in Table 4.7, its primary limitation is observed in the "Danger” class, where
it achieves a mAP of 0.865, notably lower than YOLOvVS8 (0.949), YOLOv10 (0.906),
and YOLOv11 (0.878). This underperformance is particularly significant since dan-
ger signs represent critical traffic scenarios where accurate detection is essential for
safety-sensitive applications. In contrast, the model performs strongly in the "Manda-
tory” class, attaining the highest mAP of 0.76, and shows robust results in the "Pro-
hibitory"” (0.91) and "Others" (0.825) classes. Therefore, while Squeeze-Aware-YOLO
excels in mandatory and general categories, its relative weakness in detecting danger
signs highlights an important area for improvement, as misclassification in this class
could undermine the reliability of the system in real-world deployment.
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Chapter 5

Conclusion

5.1 Summary

A smart traffic sign detection system plays a crucial role in ensuring safe driving, pre-
venting road accidents, and supporting the broader development of autonomous vehi-
cles. For this purpose, a robust dataset that simulates a variety of real-world conditions
is essential. German, Bangladesh, Chinese datasets are used for this purpose.

Initially, our proposed enhanced Squeeze Aware Yolo is compared with other state-
of-the-art YOLO models in Bangladeshi, Chinese, and German Datasets. The Multi-
branch Auxiliary Fusion architecture demonstrated effective feature extraction, uti-
lizing Superficial Assisted Fusion to connect the backbone to a shallow neck,and ap-
plying feature fusion to bridge the shallow and deeper necks. However, the initial
caibration introduced in our model showed greater performance. We have evaluated
both with our Squeeze Aware Block , and without the block. Squeeze Aware block

shows significant improvement over normal model.

Quanlitative analysis further revealed that our proposed block successfully extracts
relevant features at an early stage of processing. This approach outperforms the use
of a simple convolutional block in the original MHAF-YOLO. However, the model still
struggles with detecting small and distant targets. In these cases, signs occupy only a
few pixels, and multiple objects may overlap within a single pixel, making detection
particularly challenging. These difficulties are exacerbated when distant signs are
blurry, stained, or otherwise obscured.

Nonetheless, it was observed that the base YOLO models exhibited even poorer perfor-
mance under these conditions. However, only in Chinese dataset (CCTSDB) YOLOV10
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outperformed our model. Chinese dataset has a consisted size of traffic signs which
Bangladeshi and German does not have. Also, Bangladesh has more challenging im-
ages than other, our proposed architecture shows significant improvment over other
arcchitectures. Morover, our proposed architecture significantly improves upon the
YOLOV10 model’s capabilities without introducing a large number of additional pa-
rameters. Consequently, the system remains lightweight enough for real-time appli-
cations and is suitable for deployment on embedded computing devices, making it
highly applicable for autonomous driving systems.

5.2 Limitations

Although the proposed approach demonstrates encouraging outcomes, several limita-
tions were encountered throughout this study that must be acknowledged to provide
a balanced perspective on the research findings.

First, the scope of model training was constrained by hardware limitations. All ex-
periments were performed using an NVIDIA RTX 3060 GPU equipped with 12 GB of
memory. The training of each epoch required more than two minutes to complete,
which substantially restricted the number of epochs that could be executed. This lim-
itation impacted hyperparameter tuning and large-scale experimentation that could
have improved convergence stability and feature extraction quality. Furthermore, the
restricted computational resources limited the ability to perform extensive ablation
studies and multi-scale evaluation. Both of which are essential for fully understand-
ing the behavior and robustness of the model under varying configurations.

Second, despite demonstrating notable improvements over the original MHAf-YOLO
architecture, the proposed model did not outperform the standard YOLOvV10 base-
line on CCTSDB2021 dataset. While the integration of multi-branch feature aggre-
gation enhanced the network’s capacity for capturing spatial dependencies and fine-
grained details, it also introduced additional computational overhead that may have
hindered real-time efficiency. Moreover, the model exhibited sensitivity when trained
on datasets with uniformly scaled images. Under such conditions, the convergence
rate slowed, and the model could not outperform base YOLO models. However, when
trained on datasets containing images of varied resolutions and aspect ratios, the model
maintained more stable gradient updates and yielded improved detection accuracy.
Thus, it indicates that our proposed architecture may be more adaptive to heteroge-

neous visual data.

Finally, dataset diversity presented an inherent limitation that affected the evaluation
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and generalization of the model. The Bangladeshi traffic sign dataset employed in
this research contains more than ten distinct classes. The dataset encompasses a wide
range of environmental variations, lighting conditions, and sign shapes. In contrast,
other benchmark datasets such as the German Traffic Sign Detection Benchmark
(GTSDB) and CCTSDB2021 comprise fewer than five classes and are collected under
relatively consistent imaging conditions. This discrepancy in the number of classes
and scene variability complicates direct performance comparison across datasets. The
presence of intra-class similarity and class imbalance in the Bangladeshi dataset fur-
ther contributes to fluctuations in the precision and recall, underscoring the complex-
ity of real-world traffic sign detection in diverse geographical contexts.

5.3 Future Work

To further enhance the robustness and practicality of traffic sign detection systems,
future work will focus on several key directions.

First, we aim to develop a more diverse and comprehensive dataset using advanced
techniques. Tools such as Generative Adversarial Networks (GANs) and Vision - Lan-
guage Models will be employed to create variations of existing images. It can help by
subtly altering backgrounds or by removing target objects to introduce negative sam-
ples.

In addition, we plan to refine the detection model further. This will involve inte-
grating energy efficient architectures, specialized network blocks, and small-object
enhancement modules into the proposed YOLO framework. The objective is to en-
able the model to effectively handle newly generated datasets while maintaining real-
time performance and computational efficiency, ensuring broader applicability in au-
tonomous vehicle systems.
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