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Abstract:

The Smart Mobility Hub is an innovative platform designed to transform the car rental and
fleet management industry. By integrating advanced technologies such as Al-driven
optimization, real-time tracking, and secure data analytics, it provides a seamless and efficient
solution for managing car rentals and fleet operations. The hub supports dynamic pricing,
predictive maintenance, and automated booking systems, ensuring enhanced user experience
and operational efficiency. Advanced algorithms Analyze usage patterns, environmental
conditions, and demand forecasts to deliver intelligent insights. With end-to-end encryption
and role-based access control, the platform prioritizes data security and regulatory compliance.
Extensive testing across various scenarios demonstrated the system’s scalability and
effectiveness. Key features include automated fleet scheduling, real-time vehicle tracking, and
integration with navigation and payment systems. The Smart Mobility Hub bridges the gap
between traditional fleet management practices and cutting-edge technology, empowering
businesses to achieve operational excellence and customer satisfaction.
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1.Introduction

Data-driven infrastructure management using IoT, EV charging, and route planning reduces
energy use, operational costs, and environmental impact. Electric vehicles improve
transportation by saving energy and decreasing pollution. As EVs become more popular
worldwide, governments like the U.S. are scaling their efforts, with millions of EVs currently
in metropolitan transportation networks A large fleet of EVs charging on the power grid
threatens electricity consumption, peak-to-valley load changes, and power distribution network
stability Energy suppliers may watch real-time power usage, estimate peak demands, and adapt
distribution networks to ensure grid stability using IoT data from EVs and charging stations.
Traffic and environmental conditions make EV drivers unpredictable, requiring accurate load
forecasting models. These models are crucial for assessing EV support in distribution networks,
enhancing fleet efficiency, and developing infrastructure Urban transportation and electricity
systems need an accurate spatio-temporal distribution model for EV charging demand. These
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models need constant car behavior, charging station use, and environmental data from the IoT.
Smart city infrastructure and IoT have solved some of these issues. Smart cities use loT-based
utilities and urban infrastructure to collect enormous quantities of data for urban planning and
quality of life. Aggregating and integrating diverse data is difficult. IoT sensors aggregate data
from urban transportation networks in real time to improve EV charging demand models’
projections and decision-making plans for EV charging infrastructure, including large-scale
battery charging stations loT-driven data aggregation optimizes this connection for accurate
predictions and real-time decision-making, enabling efficient and scalable EV fleet operations.
The IoT improves EV fleet efficiency, especially in dynamic route optimization. The IoT and
cyber-physical systems (CPS) have improved logistical efficiency and sustainability The IoT
and cognitive algorithms like Hybrid Firefly-Swarm Hybrid Optimization (HFSHO) allow
efficient logistics route planning, vehicle scheduling, and fleet performance. Similarly, IoT-
enabled route optimization may help EVs locate the most energy-efficient routes and account
for real-time charging requests and grid circumstances. Traditional route optimization and load
predictions fail as EV fleets become more complicated. EV charging load forecasting models
have primarily focused on EV load curves without incorporating spatial-temporal charging
demand fluctuations, which is critical for designing BCCSs and BDSs BCCSs optimize battery
charging power, whereas BDSs enable EV users to switch batteries swiftly without affecting
the grid. These two methods lower grid load, enhance energy management, and increase urban
EV adoption. Optimizing these facilities and guaranteeing efficient energy distribution requires
an accurate spatial-temporal load forecasting model

2.Literature Review

H. J. Vishnukumar et al. [1] noted that traditional development methods like Waterfall and
Agile fall short when testing intricate autonomous vehicles and proposed a novel Al-powered
methodology for both lab and real-world testing and validation (T&V) of ADAS and
autonomous systems. Leveraging machine learning and deep neural networks, the Al core
learns from existing test scenarios, generates new efficient cases, and controls diverse
simulated environments for exhaustive testing. Critical tests then translate to real-world
validation with automated vehicles in controlled settings. Constant learning from each test
iteration refines future testing, ultimately saving precious development time and boosting the
efficiency and quality of autonomous systems. The proposed methodology lays the groundwork
for Al to eventually handle most T&V tasks, paving the way for safer and more reliable
autonomous vehicles. Bachute, Mrinal R et al. [2] described the algorithms crucial for various
tasks in autonomous driving, recognizing the multifaceted nature of the system. It discerns
specific algorithmic preferences for tasks, such as employing Reinforcement Learning (RL)
models for effective velocity control in car-following scenarios and utilizing the “Locally
Decorrelated Channel Features (LDCF)” algorithm for superior pedestrian detection. The study
emphasizes the significance of algorithmic choices in motion planning, fault diagnosis with
data imbalance, vehicle platoon scenarios, and more. Notably, it advocates the continuous
optimization and expansion of algorithms to address the evolving challenges in autonomous
driving. This serves as an insightful foundation, prompting future research endeavors to
broaden the scope of tasks, explore a diverse array of algorithms, and fine-tune their application
in specific areas of interest within the autonomous driving system. Y. Ma et al. [3] explained
the pivotal role of artificial intelligence (Al) in propelling the development and deployment of
autonomous vehicles (AVs) within the transportation sector. Fueled by extensive data from
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diverse sensors and robust computing resources, Al has become integral for AVs to perceive
their environment and make informed decisions while in motion, while existing research has
explored various facets of Al application in AV development. This paper addresses a gap in the
literature by presenting a comprehensive survey of key studies in this domain. The primary
focus is on analyzing how Al is employed in supporting crucial applications in AVs: (1)
perception, (2) localization and mapping, and (3) decision-making. The paper scrutinizes
current practices to elucidate the utilization of Al, delineating associated challenges and issues.
Furthermore, it offers insights into potential opportunities by examining the integration of Al
with emerging technologies such as high-definition maps, big data, high-performance
computing, augmented reality (AR), and virtual reality (VR) for enhanced simulation
platforms, and 5G communication for connected AVs. In essence, this research serves as a
valuable reference for researchers seeking a deeper understanding of AI’s role in AV research,
providing a comprehensive overview of current practices and paving the way for future
opportunities and advancements. G. Bendiab et al. [4] mention that the introduction of
autonomous vehicles (AVs) presents numerous advantages such as enhanced safety and
reduced environmental impact, yet security and privacy vulnerabilities pose significant risks.
Integrating blockchain and Al offers a promising solution to address these concerns by
leveraging their respective strengths to fortify AV systems against malicious attacks. While
existing research explores this intersection, further investigation is needed to fully realize the
potential of this amalgamation in securing AVs, as outlined in the paper through a systematic
review of security threats, the recent literature, and future research directions. M. Chu et al. [5]
explains that the emergence of autonomous vehicles (AVs) has led to the creation of a new job
role called “safety drivers”, tasked with supervising and operating AVs during various driving
missions. Despite being crucial for road testing tasks, safety drivers’ experiences are largely
unexplored in the Human—Computer Interaction (HCI) community. Through interviews with
26 safety drivers, it was found that they coped with defective algorithms, adapted their
perceptions while working with AV, and faced challenges such as assuming risks from the AV
industry upstream and limited opportunities for personal growth, highlighting the need for
further research in human—AlI interaction and the lived experiences of safety drivers. M. H.
Hwang et al. [6] introduced a Comfort Regenerative Braking System (CRBS) utilizing neural
networks to enhance driving comfort in autonomous vehicles. By predicting acceleration and
deceleration limits based on passenger comfort criteria, the CRBS adjusts vehicle control
strategies, reducing discomfort during braking. Numerical analysis and back propagation
techniques ensure efficient regenerative braking within comfort limits. The proposed CRBS,
validated through simulations, offered effective regenerative braking while maintaining
passenger comfort, making it a promising solution for autonomous electric vehicles.

3.Methodology

EVs have created new challenges for transportation systems and energy grids, notably in
charging infrastructure management and fleet route optimization. To solve these problems, two
main study topics have emerged: EV charging load forecasting, which estimates charging
station demand and balances grid load, and optimum pathfinding, which identifies the most
effective routes for EV fleets while accounting for charging demands and real-time power grid
stability, and charging infrastructure efficiency rely on EV charging demand projections. EV
charging times and locations must be accurately estimated to reduce peak demand and
effectively place charging stations. EV fleets must select the best route to conserve energy and
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time and reach charging stations. Route optimization must account for real-time charging
availability and grid conditions, while load forecasting must reflect EV fleet behavior.

The AI-Powered Development Life Cycle in Autonomous Vehicles

This section describes the key aspects involved in the Al-powered development life cycles
within autonomous vehicles, and these could be applicable to other fields as well in general.

3.1. Model Training and Deployment

Al model training and deployment in autonomous vehicles involves a systematic process and
typically includes several stages:

Data Collection and Pre-processing:

Real-world EV charging trends from Texas, especially the Dallas metro area, informed this
study. The dataset utilized in this work is publicly accessible on Kaggle The 26 dataset elements
provide complete knowledge of EV charging load and route optimization affecting energy
distribution and fleet management. A fleet analysis is possible with an electric vehicle ID, and
we know the EV model energy profiles in battery capacity and state-of-charge data to
understand the charging behavior. EV efficiency and urban and suburban travel patterns are
estimated using energy consumption rate and distance to destination. Current and destination
latitude and longitude help contextualize charging patterns. Road conditions and traffic data
affect the environmental impact of charging requirements. The assessment of charging
infrastructure performance and availability requires operational variables in the dataset, such
as charging rate, queue time, and station capacity. Electric fleets operate under changing
weather. Temperature, wind speed, and precipitation are monitored. Energy distribution and
fleet management decisions depend on the predicted target label for the charging load (kW)

Model Training: Refers to the pattern extraction models, that is, employing learning models
such as neural networks, deep learning and natural language processing (NLP) to understand
patterns and structures based on the data. Training the models to a desired level of accuracy
based on each scenario or in generic abstract cases like being able to extract the patterns during
the live operation of the vehicles.

Model Generation: Refers to the decision-making models. Trained models are used to
perform a certain decision-making task, function, or modules based on learned patterns. These
models can use various architectures, such as decision trees, random forests, regression trees,
deep layers, ensemble learning, etc.

Code Refinement and Optimization: Refine the generated code to improve its quality,
readability, and functionality. Post-generation processing ensures the code adheres to coding
standards, conventions, and requirements.

Quality Assessment: Evaluate the generated code for correctness, efficiency, and adherence to
the intended functionalities. This involves testing, debugging, and validation procedures.

Integration and Deployment: Integrate the model into a broader system under development
for autonomy implementation. Deploy and test the software application incorporating the new
model using multiple methods like software-in-the-loop, hardware-in-the-loop, human-in-the-
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loop etc., using simulation, closed course, and limited public road environments. Some models
are trained to improve their learning even after deployment.

Ensuring Software Quality and Security

In autonomous vehicles, the integration of Al in various aspects of software development and
maintenance plays a crucial role in ensuring the robustness and security of the overall system.
Automated testing, powered by Al-based tools, emerges as a key component in the testing
process. These tools efficiently identify bugs and vulnerabilities, and they ensure that the
software functions as intended, contributing to the reliability of autonomous vehicle software.
Additionally, Al extends its capabilities to code analysis and review, providing a thorough
examination of the code base for quality and highlighting potential issues or vulnerabilities.
Predictive maintenance, facilitated by Al, becomes essential for anticipating and addressing
potential software failures, ultimately reducing downtime and enhancing the overall
operational efficiency of autonomous vehicles. Moreover, Al-driven anomaly detection and
security monitoring contribute significantly to the safety of autonomous vehicles. By
continuously monitoring the software environment, Al systems can identify abnormal patterns
or behaviors, promptly responding to potential security threats in real time. Vulnerability
assessment, another application of Al tools, is the conducting of in-depth evaluations to
pinpoint weaknesses in software systems, providing valuable insights to mitigate risks
effectively. Behavioral analysis powered by Al proves instrumental in understanding user
interactions within the software. This capability aids in detecting and preventing suspicious or
malicious activities, fostering a secure and reliable autonomous vehicle ecosystem. Finally,
Al’s role in fraud detection within software applications adds an extra layer of security,
ensuring the integrity of autonomous vehicle’s systems and safeguarding against potential
security breaches. In summary, the integration of Al in these diverse areas significantly
enhances the overall safety, security, and efficiency of autonomous vehicles.

4.Results

The suggested GNN-ViGNet model is compared against CNN, ResNet, DenseNet, SVM,
KNN, Logistic Regression, and EffiResNet in Table The table includes performance
measurements such as R?, RMSE, DLD, MAPE, Accuracy, PVI, MSE, and MAE. With 98.9%
accuracy and the lowest MSE (0.0023), MAE (0.0012), and RMSE (0.0480) errors, the
GNNViGNet model shone in most criteria. The model performed well in temporal fluctuations
and forecast consistency across contexts in novel measurements like Dynamic Load Deviation
(DLD) and Predictive Variability Index (PVI). The reduced DLD and PVI values for GNN-
ViGNet demonstrated its robustness in handling fluctuating EV charging demands. EffiResNet
ranked second with 90.00% accuracy, though it exhibited higher MSE (0.0078) and RMSE
(0.0883) errors. ResNet and DenseNet worked well but had lower accuracy and error metrics
than the proposed method.
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Table: Performance evaluation of GNN-ViGNet and existing methods

Method R RMSE DLD MAPE(%) Accuracy (%) PVI ~ MSE MAE
CNN 0.652 01175 0.0634 6.25 83.00 0.0412  0.0138 0.0058
GNN-ViGNet (proposed) 0.982 0.0480 0.0121 1.10 98.90 0.0089  0.0023 0.0012
KNN 0735 01220 0.0508 6.55 81.25 0.0328 0.0149  0.0061
ResNet 0.865 0.0959 0.0256 3.95 88.75 0.0153  0.0092  0.0041
DenseNet 0.871 00944 0.0241 3.78 88.95 0.0149  0.0089  0.0039
Logistic Regression 0.685 0.1319 0.0575 7.45 77.35 0.0385 0.0174  0.0072
SVM 0715 01253  0.0523 6.80 79.60 0.0341  0.0157  0.0065
EffiResNet 0915 00883 0.0194 3.20 90.00 0.0127  0.0078  0.0034

This study employed hybrid Coati—Northern Goshawk Optimization (Coati-NGO) to find the
best path between many locations. Coati-NGO 1is a potent global and local search approach
that combines COA exploration with NGO fine-tuning and exploitation in high-dimensional
situations. The Coati-NGO hybrid algorithm was compared against GA, PSO, ACO, and other
cutting-edge optimization methods. All approaches were compared using convergence speed,
route length, and computation efficiency. The factorial expansion of alternative pathways
makes computing accurate solutions for large-scale optimization problems, such as those in
this work, computationally impractical.
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Figure: Comparison of optimized routes calculated by PSO and the Firefly Algorithm. (a)
Optimized route calculated by existing method (PSO). (b) Optimized route calculated by the
Firefly Algorithm.
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Conclusion

The car rental and fleet management industry are ripe for transformation. By integrating
emerging technologies like Al 10T, blockchain, and real-time data analytics, we can shift from
outdated, manual processes to smart, scalable, and customer-centric solutions. This revolution
isn't just about better cars or faster bookings it's about creating an ecosystem where efficiency,
transparency, sustainability, and user experience come together. Whether it's optimizing fleet
usage, enabling seamless rentals through mobile apps, or reducing downtime with predictive
maintenance, the opportunities are endless. Those who embrace innovation now will define the
future of mobility delivering smarter operations, happier customers, and a competitive edge in
a rapidly evolving market.
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