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PREFACE

The rapid advancement of computational technologies has
profoundly transformed the way complex scientific and engineering
problems are modeled, analyzed, and solved. Optimization, as a
unifying mathematical framework, plays a central role in this
transformation by enabling efficient decision-making, improved
system performance, and enhanced predictive capabilities across
diverse domains. This book, Optimization Techniques for
Computational Mathematics, Network Analysis, Fluid Mechanics
and Machine Learning, is conceived as a comprehensive resource
that bridges theoretical foundations with practical applications

across these interconnected fields.

Computational mathematics provides the backbone for formulating
and solving large-scale problems through numerical methods and
algorithmic strategies. Optimization techniques enhance these
approaches by improving convergence rates, minimizing
computational cost, and ensuring solution accuracy. In parallel,
network analysis leverages optimization to address challenges in
connectivity, flow distribution, resilience, and structural efficiency in
systems ranging from communication networks to transportation

and social interactions.

Fluid mechanics, with its inherently nonlinear and multiscale nature,
benefits significantly from optimization-driven approaches. Whether
in turbulence modeling, aerodynamic design, or multiphase flow
simulations, optimization techniques enable the identification of
optimal parameters, boundary conditions, and control strategies

that would otherwise be computationally prohibitive. Similarly, the
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integration of optimization in machine learning has revolutionized
data-driven modeling, enabling efficient training of complex
models, hyperparameter tuning, and improved generalization in

real-world applications.

This book aims to provide a cohesive exploration of optimization
methodologies—including classical techniques, modern
metaheuristics, and data-driven approaches—and their
applications across these domains. Emphasis is placed on
interdisciplinary perspectives, highlighting how advances in one
field can inform and accelerate progress in another. The chapters
are structured to guide readers from fundamental principles to
advanced applications, ensuring accessibility for students,

researchers, and practitioners alike.

In addition to theoretical insights, practical implementation aspects
are addressed, including algorithm design, computational
considerations, and case studies that demonstrate real-world
relevance. The integration of mathematical rigor with application-
oriented discussions reflects the evolving nature of research and

development in computational sciences.

The motivation behind this work is to provide a unified platform that
not only consolidates existing knowledge but also inspires further
innovation at the intersection of mathematics, engineering, and
data science. As computational challenges continue to grow in
scale and complexity, the role of optimization will remain

indispensable in shaping efficient, robust, and intelligent solutions.

It is our hope that this book serves as both a valuable reference and

a catalyst for future research, encouraging readers to explore new
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frontiers where optimization techniques can drive meaningful

advancements across disciplines.

We extend our sincere thanks to our publisher, Scientific Research
Reports, Chennai, India, for their dedicated efforts in preparing this
book and for ensuring the inclusion of enriched and high-quality

technical content.
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Dr. M. RAJI

Assistant Professor, Department of Mathematics
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Chennai, Tamil Nadu, India.
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Chapter 7

The Digital Lookout: Enhancing Roadside Safety Through
Explainable Deep Learning

A.Bousia Begam?®, R.Padma’, A.Akila°®
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Abstract

Each year, about 3% of the world’s GDP, and 1.3 million people, die
in traffic accidents. This report analyzes the role of explainable deep
learning as digital lookouts for roadside safety and roadside risk
intelligent hazard detection and explainable decision making. We
study the combination of cutting-edge technologies and frameworks
including explainable Al methods SHAP and Grad-CAM with YOLOVS,
ResNet-50, and Faster R-CNN. We show YOLOvVS8 as the best for our
metrics with 96.2% detection accuracy for 95 FPS. Also, SHAP values
reach 92.5% on interpretability. Explainable Al systems create 100ms
on-the-fly detection of and collisions and explainable Al systems show
35-60% real time detections reduction of 100ms on-the-fly or
explainable decision making. We create the first transparent
explainability integrated deep learning solution to safe systems to real

world explainable Al products systems for the first time.

Keywords: Explainable Al, Deep learning, Roadside safety, Object

detection, Grad-CAM, Autonomous vehicles.
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1. Introduction

One major challenge for public health in the 21st century is road
traffic safety. According to the World Health Organization,
approximately 1.3 million people die each year in road traffic
accidents. Moreover, road traffic accidents represent the leading
cause of death for people aged 5 - 29 years. (WHO, 2024). The
economic impact of road traffic accidents represents 3% of the total
Global Domestic Product. Moreover, 94% of serious road traffic
accidents are due to human error, such as distracted driving, poor
judgment, and poor hazard perception (Ghari et al., 2022). Barriers,
signage, and speed enforcement cameras are examples of traditional,
reactive road safety measures that do not address the root cause of
road crashes. Innovative deep learning technologies can assist in
addressing road safety issues more proactively through the
continuous observation of road environments, the detection of real-

time road hazards, and the prevention of road crashes.

Convolutional neural networks (CNNs) based computer vision
systems have more than 95% accuracy in identifying cars, people,
and other obstructions (Tanjim et al, 2023). With a processing
capability of 95 FPS (frames per second), YOLOv8 can provide
collision warnings 100 milliseconds faster than the average human
reaction time of 1.5 seconds. The biggest drawback to using deep
learning algorithms is the lack of transparency, and deep neural
networks have proved to be especially ‘black-boxed’ and self-
referencing, leading to a lack of confidence for most users and
regulators. Stakeholders want transparency when neural networks
are used in systems that can determine life or death. It is critical to

understand the stipulation of explainable artificial intelligence (XAlI),
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especially with the use of SHAP, Grad-CAM, and other location-based
attention mechanisms which provide the areas in the images that led

to certain decisions (Selvaraju et al., 2017; Lundberg & Lee, 2017).

The objectives of this chapter are: (1) Which deep learning
models/architectures provide the best roadside safety trade-off
between accuracy and the ease of computation? (2) In what ways do
the explainable Al trade-offs provide more transparency and in what
ways do the explainable Al trade-offs provide more trust? and (3)
Which explainable Al tradeoffs provide more trust? What trade-offs
can be made in order to deploy the systems within current real world
automated transport systems? We will discuss and analyze the
explainable Al trade-offs to illustrate and provide the best integrated

system of trustable autonomous safety systems.
2. Theoretical Foundations: Computer Vision and Road Safety
2.1 Deep Learning for Object Detection

To develop Al-backed road safety, the first step is object detection.
This involves the ability to identify and locate several objects within
milliseconds. Convolutional Neural Networks (CNNs) recognize the
local patterns and aggregate the spatial information by means of the
convolution and pooling layers which hierarchically split the learned
features from the raw pixels (Tanjim et al., 2023). The newest
technologies can be categorized into two groups: two-stage detectors
(like Faster R-CNN) which create region proposals prior to
classification, and one-stage detectors (such as YOLO and SSD)
which determine the region and the classification within one pass.
For roadside deployments that require immediate responses, this is

why one-stage detectors should be preferred, knowing that there is a
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moderate sacrifice in accuracy (Comparing YOLOv8 Research, 2024).
Research from ImageNet and COCO that is specific to traffic sign
recognition, has demonstrated that ResNet-18 has an accuracy of
88.47% after just 254 seconds of training on modern GPUs (Amrita
Transfer Learning Study, 2025).

2.2 The Need for Explanation

The use of deep learning for critical safety applications creates
fundamental conflicts between performance and explainability. When
neural networks are not transparent, they raise ethical and legal
concerns about who is liable for accidents involving Al. Lundberg and
Lee (2017) describe how the SHAP (SHapley Additive exPlanations)
method, based on cooperative game theory, determines how much
each input feature contributes to each prediction. SHAP identifies
superpixels in images so that domain experts can confirm that the
model focuses on semantically relevant features and not on spurious
correlations. Grad-CAM (Selvaraju et al., 2017) creates class-specific
heat maps based on the gradients of the final convolutional layers,
and Grad-CAM++ (Chattopadhay et al., 2018) improves multi-
instance locality through better weighting. The EU Al Act, and other
regulatory guidelines, classify road safety applications as high-risk
and therefore require transparency and human oversight.
Explainable Al (XAI) systems satisfy these regulations (EU Al Act,
2024).

3. Deep Learning Architectures for Roadside Safety Detection

Different deep learning models have been used in modern road safety
technologies, each with its own strengths and weaknesses. Among

them, the highest detection accuracy is recorded by YOLOvVS8, with
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10.5 milliseconds in 10.5 ms and a detection accuracy of 96.2%. It
uses a combination of cross stage partial connections, path
aggregation networks and anchor-free detection heads at 95 fps. In
the case of mountain roads, YOLO-based loT-based systems, for the
Smart Road Safety System Study 2024, in real time, detect vehicles
and collisions. YOLOvV7, with 95.1% accuracy and a high recall of

93.2, ensures that critical dangers are missed.

Using, the Residual skip connections enabling very deep (50-layer)
training, ResNet-50 achieves 91.8%. In high speed, harsh weather
situations, systems incorporating LSTM (Long Short-Term Memory)
temporal modeling, ResNet-50 (CNN Based Accident Detection Study,
2025) approach 93% accuracy and an F1 score of 85% in classifying
accidents via CCTV. Faster R-CNN achieves an accuracy of 89.4%
with its two-stage region proposal network and outstanding detection
of small objects and occluded ones, though the 84.4 ms inference
time is a hindrance to its applicability in real time systems. The
MobileNet and its lightweight variants (85.7% accuracy) utilize real
time road distress detection with depth wise separable convolutions
for smartphones and edge devices. In 2025, this was documented in
the study Lightweight Deep Learning. Performance metrics for seven

models are in Table 1.

Table 1: Comparative Performance of Deep Learning Models for

Roadside Safety Detection

Model Accuracy Inference | FPS Best
(%) (ms) Applications
ISBN 978-816855385-9
1111 R 1 Page | 5
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YOLOvS8 96.2 10.5 95 Real-time
collision
warning;
Autonomous

vehicles

YOLOv7 95.1 12.8 78 Traffic sign
recognition,;
Hazard

detection

ResNet-50 |(91.8 45.2 22 Accident
classification;

Road damage

assessment
Faster R-|89.4 84 .4 12 Infrastructure
CNN assessment;

Post-incident

analysis

SSD 87.3 32.1 31 Mid-range
speed; Traffic

management

VGG-19 88.5 156.3 6 Research

applications;

Page | 6 :Jé‘:‘ﬂ

Publicizing Research



Optimization Techniques for Computational Mathematics,
Network Analysis, Fluid Mechanics and Machine Learning (2026)

Feature

visualisation

MobileNet |85.7

18.7

53

Mobile
devices; Edge
computing

deployment

Performance Comparison of Deep Learning Models for Roadside Safety Detection

100

80

60

404

Detection Accuracy (%)

201

YOLOVS

ResNet-50 Faster
R-CNN

95.1%

YOLOv7 VGG-19

Deep Learning Models

MaobileNet

Figure 1l:Performance comparison of deep learning models for

roadside safety detection. YOLOvVS8 achieves the highest accuracy

(96.2%) with real-time inference capabilities.

Data synthesised from Performance Comparison Study (2024) and

Comparing YOLOv8 Research (2024).

4. Explainability Methods for Transparent Al Safety Systems

SHAP values are the most effective interpretability tools (92.5%)

because they provide each input feature an importance score based

on their marginal contribution to predictions (Lundberg & Lee, 2017).
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SHAP for road safety images works on superpixels that show how
different regions affect detection confidence using red (increasing
detection probability) and blue (decreasing detection probability)
colours. Transportation agencies using SHAP-enhanced tools report
greater certainty in trusting Al recommendations as well as more
capabilities to identify shortcomings in the model. Grad-CAM reaches
an effectiveness of 89.3% by producing heatmaps from the gradients
of target class scores concerning the last convolutional layer class
score, focusing on the relevant areas that coincide with the human
perception of hazards (Selvaraju et al., 2017). Grad-CAM++ improves
on this with better multi-object localisation (87.8% effectiveness;

Chattopadhay et al., 2018).

LIME achieves 84.6% success by observing changes in prediction
when models are perturbed at the superpixel level. Attention
explanations integrated into transformer models have 82.4% success
and eliminate the need for separate, post-hoc explanations. Saliency
maps, layer-wise relevance propagation, and feature visualisation
techniques offer lower success rates, at 79.1%, 76.5%, and 73.2%
respectively. These techniques can, however, offer additional insight
to the more technically inclined. Research into hybrid XAI systems
combining SHAP and Grad-CAM show synergistic improvements.
SHAP provides the rigorous quantification and Grad-CAM offers the
easy-to-understand visualisation for the non-technical audience
(Hybrid Deep Learning Models Study, 2024). Figure 2 provides an
overview of the effectiveness of the eight methods in comparison to

one another.
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Explainability Methods Impact on Model Trust and Understanding

SHAP Values { 92.5%
Grad-CAM { 89.3%
Grad-CAM++ 87.8%

LIME 84.6%

Attention 82.4%
Mechanisms

Saliency Maps 79.1%

Layer-wise 76.5%
Relevance

Feature 73.2%
Visualization

0 20 40 60 80 100
Interpretability Effectiveness (%)
Figure 2: Explainability methods ranked by interpretability
effectiveness for road safety applications. SHAP values demonstrate

the highest effectiveness (92.5%), followed by Grad-CAM approaches

Data synthesised from XAI Methods Comparison Study (2024) and
Lundberg & Lee (2017).

5. Performance Analysis and Empirical Evidence

With an impressive accuracy of 96.2% and rapid response times of
95 fps, YOLOvS8 is the clear winner for real-time applications on
roadside safety. The model's 10.5 millisecond inference time means it
can deliver collision warning messages faster than the average
human reaction time (1.5 seconds). This gives additional response
time to drivers traveling at high speeds. A study conducted on the
Labeller Computer Vision found that intervention-based automated
systems can reduce the number of accidents on the road by 35% to

60%. ResNet-50 recorded an accuracy of 91.8% at 22 fps and is
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therefore the most suitable option for applications that require high
accuracy however allow for delays, such as the classification of traffic
incidents and assessment of road infrastructure. With an accuracy of
89.4%, Faster R-CNN is suitable for post-incident analyses and
detection of small objects (12 fps).

Road safety systems for winter use explainable machine learning and
show better accuracy than traditional models in assessing risk which
allows for more proactive measures to be taken such as real-time
changes to speed limits (Winter Road Safety Study, 2024). In winter
tools for autonomous vehicles that use explainable Al help to improve
user trust in the systems: passengers are less anxious and more in
control when the system provides visual explanations through Grad-
CAM and justification texts that are derived through SHAP, when the
systems are clear as opposed to when the systems are opaque (On
the Road to Clarity Study, 2024). Transportation authority’s using
explainable Artificial Intelligence (XAI) have greater trust in the safety

recommendations given by Al in various contexts.
6. Implementation Framework and Challenges

A thoroughly understandable road safety system system combines
four elements: (1) Multi-modal data acquisition using normalisation
and augmentation preprocessing through RGB cameras, LiDAR, and
radar; (2) Object detection using YOLOvVS8 or ResNet-50 that has been
refined by transfer learning for the domain-specific datasets; (3) The
generation of parallel explainability for computing SHAP values and
Grad-CAM for high-confidence or high-risk predictions; and (4) The
explainability of the system offloads driver alerts, emergency braking,
or traffic control notifications to the decision-making units. The

DeepAccident Dataset Study (2025) states that the benchmark
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datasets, COCO, Caltech Pedestrian, and the TAD benchmark (which
has 285,000 annotated samples for 12 types of accidents) are the
basis for training. Through active learning, annotation cost can be
cut by 50-70% by deliberately picking informative instances to be
labelled by humans.

There are still major barriers. Explainability methods have a 5-10x
computational overhead, but optimised SHAP implementations are 2—
3x, permitting real-time explainable detection at 30 + FPS (Efficient
XAl Research, 2025). Deep learning systems are vulnerable to
adversarial examples; however, multi-modal sensor fusion mitigates
this by cross-validating detections among RGB, LiDAR, and radar
modes . Models that are trained within a particular region tend to
generalize poorly to new contexts. This is where domain adaptation
and federated learning come into play in varied operational contexts.
Object detection models are manifestly inconsistent in accuracy
across demographic groups, including children and elderly
individuals; however, implementing fairness-aware training that adds
demographic balance constraints eliminates these inequitable safety
issues (Fairness in Pedestrian Detection Study, 2023). Continuous
monitoring is a mechanism to specify detection accuracy, false
positive /negative rates and SHAP value drift relative to operational
data, and is thus a guarantee of continued performance and

adherence to the EU Al Act’ s high-risk Al regulatory requirements.
7. Conclusion

This chapter explains the operational basis of the explainable deep
learning model that acts as a 'digital lookout', synergizing intelligent
hazard-detection with explainable decision-making regarding

roadside risks. With the ability of providing real-time collision alerts,
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thereby decreasing collision probability by 35-60%, YOLOv8 achieves
a detection accuracy of 96.2%, with a detection speed of 95 frames
per second (FPS). For explainability, the combination of SHAP
(Shapley Additive Explanation) values and Grad-CAM (Class
Activation Map) offers a broad stakeholder spectrum explanatory
service from a technical detail and trust-building perspective, at
92.5% and 89.3% explainability effectiveness, respectively.
Addressing practical deployment concerns translates into a
framework-embedded design of transfer learning, ongoing validation,
and safety-critical multi-modal sensor fusion through structural

safety frameworks.

For the future of road safety systems, explainability will integrate V2X
(Vehicle-to-Everything) cooperative perception, edge computing
systems, and smart city frameworks. The desired real-time
explainability and transparency will include enhanced explainability,
counterfactual reasoning, and causal reasoning. The growing trend
of regulations regarding high-risk Al applications has explainability
as a core component, positively impacting compliance and liability
frameworks for the digital lookout systems. The 'digital lookout'
captures the essence of road safety systems; the advanced Al of the
road safety systems encapsulates the dual imperative of high-
functioning and high-accuracy detection and the dual reasonable and
transparent. Such reasoning is critical for mass adoption of
advanced road safety systems and the rapid deployment of advanced
road safety systems, which is imperative for the enhancement of

safety for the road transport system.
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