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ABSTRACT

Background: The convergence of artificial intelligence (AI), cloud computing, and telematics is
reshaping fleet management, route optimization, emissions monitoring, and the broader logistics
ecosystem. Recent market analyses predict rapid expansion in Al adoption for transportation systems,
while applied studies report gains in cost-efficiency, predictive maintenance, and operational resilience
(Mahajan, 2025; Kaluvakuri, 2023). This paper synthesizes multidisciplinary evidence from market
reports, technical blogs, case-based industry sources, and peer-reviewed studies to produce an
integrated, theory-driven account of AI's role in modern transportation and fleet management.

Methods: Using a rigorous, theory-explicit narrative synthesis grounded in the provided references, this
study reconstructs methodological pathways employed across industry and academic contributions,
translating disparate empirical findings into a unified explanatory framework. We employ a conceptual
meta-methodology that traces data pipelines, analytics architectures, and decision-making loops
commonly reported in telemetry-driven fleet systems (Microsoft Azure, 2024; Drozdov, 2024).

Results: Al interventions manifest across six core domains: predictive maintenance, dynamic route
optimization, energy and emissions management, demand-responsive logistics, autonomous vehicle
integration, and strategic financial planning. Evidence indicates that real-time telemetry plus Al yields
measurable reductions in idle time, fuel consumption, and operating costs while increasing fleet uptime
and planning accuracy (Drozdov, 2024; Paul et al., 2025; Patil & Deshpande, 2025). Market projections
suggest significant growth in Al-in-transportation spending through 2032 (Mahajan, 2025).

Conclusions: The Al-enabled transition is both technologically tractable and institutionally complex.
Successful deployment requires interoperable data architectures, clear performance metrics, ethical
governance, and alignment with decarbonization goals. We propose an integrative research agenda to
address measurement standardization, socio-technical risk, and regulatory harmonization, and outline
practical recommendations for fleet operators, policymakers, and researchers.
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INTRODUCTION

The transportation sector sits at an inflection point characterized by accelerating integration of digital
]
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technologies and pressing sustainability obligations. Historically, fleet operations were managed through
hierarchical planning, scheduled maintenance, and manual route allocation. The last decade has seen a profound
shift: fleets now collect continuous telemetry, vehicle health data, and contextual environmental signals that,
when combined with Al methods, enable decision-making at temporal granularities and spatial scales previously
impossible (Microsoft Azure, 2024; RishabhSoft, 2024). Market analysts forecast strong expansion of Al
applications in transportation through the late 2020s and into the 2030s, indicating both investor confidence
and a growing addressable market for Al-enabled services (Mahajan, 2025).

This paper addresses three interrelated problems. First, there is a conceptual fragmentation across literature:
market reports emphasize growth trajectories (Mahajan, 2025), technical blogs detail tactical implementations
(Drozdov, 2024; RishabhSoft, 2024), and academic studies examine discrete outcomes such as emission
reductions or reliability (Ejaz & Naz, 2023; Romero et al,, 2024). We aim to synthesize these perspectives into a
coherent explanatory model that links data, algorithms, and organizational practices in fleet management.
Second, while applications demonstrate operational benefits, there is limited consensus on methods for
evaluating efficacy and scalability of Al interventions across heterogeneous fleets and geographies (Kaluvakuri,
2023; Paul et al, 2025). Third, the transportation sector contributes substantially to global CO2 emissions;
reconciling Al-driven efficiency gains with deep decarbonization targets remains an open challenge (IEA, 2023;
Greene, 2023).

Our contribution is theoretical and practical. Theoretically, we propose an integrative framework—Telemetry-
Inference-Decision (TID)—that makes explicit the data flows, algorithmic inferences, and managerial decision
loops central to Al-enabled fleet operations. Practically, we translate findings from the provided literature into
actionable guidance for fleet operators and policy-makers, outlining performance metrics, system architectures,
and governance arrangements necessary to realize Al's potential while managing risks and unintended
consequences (Microsoft Azure, 2024; Patil & Deshpande, 2025).

METHODOLOGY

This study adopts a theory-driven narrative synthesis constrained strictly to the supplied reference corpus.
Rather than conducting meta-analytic statistics, we reconstruct methodological commonalities and inferential
logics across market analyses, technical expositions, case reports, and peer-reviewed research included in the
provided list. The method entails four steps.

First, reference decomposition: each source was parsed for explicit statements about data inputs (e.g., GPS, CAN-
bus, fuel consumption), analytics architectures (edge vs. cloud processing), algorithm types (predictive models,
reinforcement learning, optimization heuristics), operational outcomes (e.g., reduced fuel consumption, lower
downtime), and contextual constraints (regulation, infrastructure). This decomposition yields a taxonomy of
elements that recur across sources (Mahajan, 2025; Microsoft Azure, 2024; Drozdov, 2024).

Second, pattern extraction: recurring practices and reported effects were abstracted into domain-level patterns
such as “predictive maintenance via time-series anomaly detection” or “dynamic re-routing using real-time
traffic feeds and stochastic optimization.” Pattern extraction identifies the mechanisms by which Al
interventions produce operational outcomes (RishabhSoft, 2024; Wang et al.,, 2023).

Third, conceptual integration: patterns were organized within the Telemetry-Inference-Decision (TID)
architecture. Telemetry denotes data collection and pre-processing steps; Inference denotes the analytics and
Al models that transform data into prognostic or prescriptive signals; Decision denotes the human-machine or
fully automated actions taken (Drozdov, 2024; Microsoft Azure, 2024).

Global Multidisciplinary Journal 61

https://www.grpublishing.org/journals/index.php/gmj



Global Multidisciplinary Journal
eISSN: 2791-173X pISSN: 2791-2760

VOLUMEO04 ISSUE11
Published 30-11-2025 Page No. 60-68

Fourth, theoretical elaboration and critical interrogation: for each pattern, we provide detailed theoretical
implications, boundary conditions, and potential counterfactuals. This includes evaluating how models
generalize across fleet sizes, vehicle types, and geographic contexts, and assessing risks such as model drift, data
quality issues, and operational brittleness (Kaluvakuri, 2023; Patil & Deshpande, 2025).

Throughout, every empirical claim is anchored to the supplied sources and contextualized with reasoned
argument leveraging the literature’s technical and market-oriented contributions. The approach enables an
integrated, richly elaborated narrative without adding external evidence beyond the provided references.

RESULTS

The results section synthesizes the central findings across the provided literature, organized by core functional
domains where Al is applied in transportation: predictive maintenance, route optimization, emissions and
energy management, demand-responsive logistics, autonomous and semi-autonomous vehicle support, and
strategic financial planning.

Predictive Maintenance and Vehicle Health Management

A dominant application of Al in fleet operations is predictive maintenance, wherein continuous telemetry
(engine diagnostics, vibration, temperature, mileage) feeds prognostic models that estimate failure probabilities
and remaining useful life (RUL) (Patil & Deshpande, 2025). Industry technical accounts and applied research
converge on the view that predictive models reduce unplanned downtime and shift maintenance from scheduled
to condition-based regimes (RishabhSoft, 2024; Patil & Deshpande, 2025). The mechanism is straightforward:
supervised learning models trained on historical failure and sensor data identify precursors to component
degradation; alerts trigger targeted inspections and parts replacement, minimizing unnecessary maintenance
while preventing catastrophic failures (Patil & Deshpande, 2025).

However, the literature emphasizes critical boundary conditions. Models trained in one fleet or vehicle class
may not generalize due to heterogeneous operating environments, sensor calibrations, and maintenance
cultures (Kaluvakuri, 2023). The Microsoft Azure architecture guidelines underscore the importance of
standardizing telemetry schemas and leveraging cloud-scale analytics while keeping latency-sensitive tasks at
the edge to preserve real-time responsiveness (Microsoft Azure, 2024). Research papers also highlight
algorithmic challenges: label scarcity for rare failures, covariate shift in sensor distributions, and the need for
explainable diagnostics to support technician trust (Patil & Deshpande, 2025; Chukwunweike & Salaudeen,
2025).

Dynamic Route Optimization and Real-Time Re-Routing

Another well-documented domain is route optimization under uncertainty. Real-time route optimization
combines historical travel times, live traffic feeds, delivery time windows, and vehicle constraints to compute
efficient routing plans (Drozdov, 2024; Paul et al, 2025). Providers and researchers report substantial
reductions in distance traveled, fuel consumption, and delivery delays when dynamic optimization is applied—
particularly for last-mile logistics where traffic variability is high (Drozdov, 2024; Paul et al,, 2025).

Technical descriptions emphasize algorithmic hybridity: deterministic solvers handle large-scale vehicle
routing problems, while machine learning components forecast short-term travel time distributions and detect
anomalous traffic events to inform contingency routing. Dynamic adaptive re-routing strategies leverage
continuous feedback loops between vehicles, the cloud, and dispatchers to balance service level targets with
cost minimization (Wangetal.,, 2023; Drozdov, 2024). The literature outlines performance trade-offs: aggressive

rerouting saves time but increases driver cognitive load and can reduce predictability for time-sensitive
C_______________________________________________________________________________|
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deliveries; conversely, conservative policies favor stability at the expense of immediate efficiency gains
(Drozdov, 2024; Paul et al., 2025).

Energy and Emissions Management

The transportation sector’s contribution to CO2 emissions remains significant, and Al is positioned as a lever for
efficiency improvements that contribute to emissions reduction (IEA, 2023; Romero et al.,, 2024). Al improves
fuel economy through optimized routing, predictive maintenance that maintains engines at higher efficiency,
and driver-assist systems that moderate acceleration and idling behavior (Romero et al., 2024; Brand et al,,
2024). Market and technical reports indicate measurable reductions in fuel use and associated emissions when
Al systems are implemented alongside telematics and driver coaching programs (Mahajan, 2025; Romero et al.,
2024).

The literature also flags systemic issues: fleet-level emissions depend not only on per-vehicle efficiency but also
on modal choices, logistics configurations, and demand patterns. Deep decarbonization thus requires coupling
Al-driven operational efficiency with structural measures such as electrification, modal shift, and urban freight
consolidation (IEA, 2023; Brand et al., 2024). Al can help plan electrified fleet transitions by optimizing charging
schedules, identifying candidate vehicles for replacement, and predicting battery degradation patterns (Patil &
Deshpande, 2025).

Demand-Responsive Logistics and Service Design

Al enables demand-responsive logistics, where supply chains adapt dynamically to fluctuating demand,
leveraging predictive analytics for demand forecasting and prescriptive analytics for capacity allocation
(Kaluvakuri, 2023; Raj & Thandayudhapani, 2024). Applied studies show that integrating sales data, seasonal
demand signals, and traffic forecasts yields better alignment between capacity and demand, reducing both
stockouts and over-delivery (Raj & Thandayudhapani, 2024).

Automated matching of shipments to available vehicles, combined with dynamic pricing and scheduling, creates
more efficient utilization of fleet assets. However, these systems require robust interoperability across
enterprise resource planning (ERP), warehouse management, and dispatch systems—an integration challenge
highlighted in industry descriptions (RishabhSoft, 2024). The literature cautions against over-reliance on black-
box demand models without human-in-the-loop oversight, particularly in contexts with supply vulnerabilities
or sudden demand shocks (Kaluvakuri, 2023).

Autonomous and Semi-Autonomous Vehicle Integration

Al's role extends to enabling semi-autonomous features and preparing fleets for higher levels of autonomy.
Research and industry commentary describe incremental transitions: advanced driver assistance systems
(ADAS) improve safety and efficiency today, while full autonomy requires integration of perception stacks,
vehicle control, and fleet orchestration (Adeoye et al., 2025; Patil & Deshpande, 2025). Test-fleet analytics
platforms support data collection for autonomous development, enabling the large-scale telemetry capture
required for perception model training and validation (Microsoft Azure, 2024).

The evidence suggests two simultaneous pathways: (1) retrofitting fleets with Al-enabled driver aids to harvest
immediate safety and efficiency benefits, and (2) investing in long-term autonomous development with pilot
deployments in constrained environments. Both require significant R&D investment and careful simulation-
based validation to mitigate safety risks (Adeoye et al., 2025; Patil & Deshpande, 2025).

Strategic Financial Planning and Business Models
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Al reshapes financial planning through improved forecasting accuracy for maintenance costs, fuel budgets, and
capital replacement cycles (Kaluvakuri, 2023; Mahajan, 2025). Cloud-based analytics platforms provide
executives with near-real-time visibility into cost drivers and operational KPIs, enabling scenario planning and
optimized capital allocation (Microsoft Azure, 2024; Kaluvakuri, 2023). Market analyses reveal growing
investment in software-as-a-service (SaaS) platforms that commoditize analytics capabilities for small-to-
medium fleet operators, lowering barriers to adoption (Mahajan, 2025).

However, economic returns vary by context. Smaller fleets may struggle with data sparsity and integration costs,
while large fleets capture economies of scale in model training and operations. Business model innovations
include outcome-based contracting where vendors are paid based on uptime improvements or fuel savings,
aligning incentives between technology providers and fleet operators (Mahajan, 2025).

Cross-Cutting Findings and Market Trajectories

Collectively, the literature indicates the following cross-cutting conclusions. First, Al adoption produces
measurable operational benefits across several domains—maintenance, routing, fuel economy, and service
reliability—when implemented with proper data infrastructure and governance (Drozdov, 2024; Patil &
Deshpande, 2025). Second, cloud and edge computing architectures are complementary: edge handles latency-
sensitive processing while cloud supports model training, fleet-wide analytics, and integration with enterprise
systems (Microsoft Azure, 2024). Third, there is robust market momentum and capital inflow into Al
transportation solutions through the late 2020s and early 2030s (Mahajan, 2025). Finally, Al alone is not
sufficient for deep decarbonization; it must be integrated with electrification, policy incentives, and urban
planning reforms (IEA, 2023; Brand et al.,, 2024).

DISCUSSION

This section interprets the results, explores theoretical implications, examines methodological limitations of the
existing literature, and outlines avenues for future work. The discussion is organized around the TID framework
introduced in the Methodology: Telemetry, Inference, and Decision. For each layer we analyze strengths, risks,
and governance needs, and propose targeted research questions.

Telemetry: Data Foundations and Quality Constraints

Telemetry is the substrate of all Al applications in fleet management. High-quality, standardized telemetry
enables robust model training and cross-fleet transfer learning (Microsoft Azure, 2024). Yet data heterogeneity
is a chronic challenge: different vehicle manufacturers provide varied telemetry schemas; small operators lack
instrumentation; and environmental data (weather, road conditions) are unevenly available (RishabhSoft,
2024). These constraints produce two implications.

First, the need for interoperable data standards: Without common schemas for telemetry, scaling Al solutions
across fleets is costly and error-prone. Microsoft Azure’s practice recommends canonical telemetry ontologies
and cloud ingestion pipelines that normalize feeds (Microsoft Azure, 2024). Standardization efforts should
balance prescriptiveness with extensibility to accommodate new sensor modalities.

Second, data governance and privacy: many fleets operate in regulated domains where driver privacy and
location data protections must be respected. The literature highlights the necessity of privacy-preserving
analytics—e.g., aggregated dashboards, on-device preprocessing, and differential privacy techniques when
sharing telemetry for cross-fleet benchmarking (Kaluvakuri, 2023). Researchers must develop methodologies
that ensure utility while protecting personal data.
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Inference: Model Design, Robustness, and Transfer

The inference layer translates telemetry into actionable predictions and prescriptions. Supervised learning is
widely used for predictive maintenance; probabilistic forecasting and reinforcement learning inform routing
strategies (Patil & Deshpande, 2025; Drozdov, 2024). Two critical considerations emerge: robustness and
transferability.

Robustness encompasses model performance under distributional shifts, adversarial inputs, and sensor failures.
Fleet environments are non-stationary—seasonal patterns, novel traffic regimes, and infrastructure changes all
create covariate shift. Robust model design requires continuous monitoring and retraining pipelines; Microsoft
Azure prescribes MLOps practices for model lifecycle management to mitigate drift (Microsoft Azure, 2024).

Transferability addresses whether models trained on one fleet can be applied to another. The literature indicates
limited out-of-the-box transfer due to contextual differences (Patil & Deshpande, 2025; Kaluvakuri, 2023).
Transfer learning, domain adaptation, and physics-informed modeling are promising approaches: hybrid
models that combine first-principles vehicle dynamics with data-driven residual models can generalize better
across fleets (Chukwunweike & Salaudeen, 2025).

Decision: Human-Machine Interaction and Organizational Change

The decision layer operationalizes inferences via automated actions or human recommendations. Two tensions
arise: automation vs. human oversight, and short-term optimization vs. strategic resilience.

Automation vs. Oversight: Fully automated re-routing or maintenance scheduling can improve responsiveness
but may erode operator situational awareness and accountability. The literature advocates for human-in-the-
loop designs where actionable recommendations are transparent, explainable, and adjustable by dispatchers or
technicians (RishabhSoft, 2024; Patil & Deshpande, 2025).

Optimization vs. Resilience: Real-time optimization tends to prioritize immediate efficiency metrics. However,
fleet managers must also safeguard against rare but costly disruptions (e.g., supply chain shocks or extreme
weather events). System designs should incorporate robustness criteria—such as reserve capacity or diversified
routing—to avoid myopic policies that maximize short-term gains at the expense of long-term resilience
(Kaluvakuri, 2023; Wang et al.,, 2023).

Socio-Technical and Policy Dimensions

Al deployment in fleets raises socio-technical questions: workforce displacement, skills reconfiguration, and
new governance needs. Drivers and maintenance technicians will need new skill sets to interact with Al systems;
training and change management are therefore integral to implementation (RishabhSoft, 2024). On the policy
front, regulators must balance innovation with safety and emissions targets. The IEA and climate studies
emphasize that efficiency gains from Al must be coupled with structural decarbonization policies to meet
emissions reduction goals (IEA, 2023; Brand et al., 2024).

Limitations of Existing Evidence

While the collected literature provides rich descriptive and technical accounts, several limitations constrain

inference. First, many industry sources are vendor-oriented and may report optimistic performance figures

without standardized evaluation metrics (Mahajan, 2025; Drozdov, 2024). Second, peer-reviewed empirical

studies on large-scale deployments are limited; much evidence derives from pilot projects or simulations (Patil

& Deshpande, 2025; Paul et al., 2025). Third, cross-context generalizability is underexplored—most studies

focus on specific geographies or fleet types. These gaps point to an urgent need for standardized empirical
C_______________________________________________________________________________|
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protocols and open benchmarking datasets.
Future Research Agenda
We propose five priority research streams:

1. Standardized Evaluation Frameworks: Develop common metrics and benchmarking tasks for Al in fleet
management—e.g., standardized measures for downtime reduction, fuel savings per kilometer, and service
reliability—to enable transparent cross-study comparisons (Kaluvakuri, 2023).

2. Robust and Transferable Models: Invest in domain-adaptive algorithms that combine physics-based
modeling with data-driven components to enhance transferability across fleets and environments
(Chukwunweike & Salaudeen, 2025).

3. Privacy-Preserving Telemetry Sharing: Create privacy-enhancing protocols for cross-operator
benchmarking and shared learning without exposing sensitive location or driver data (Microsoft Azure, 2024).

4. Socio-Technical Studies: Conduct longitudinal ethnographies of fleet transitions to understand human
factors, training needs, and organizational change processes accompanying Al adoption (RishabhSoft, 2024).

5. Integration with Decarbonization Pathways: Research how Al-enabled operational efficiency can be
integrated with electrification strategies, modal shifts, and urban consolidation policies to deliver robust
emissions reductions (IEA, 2023; Brand et al.,, 2024).

CONCLUSION

Artificial intelligence represents a powerful toolkit for enhancing fleet management across predictive
maintenance, route optimization, emissions reduction, and financial planning. The provided literature
collectively demonstrates that when telemetry, inference, and decision layers are coherently integrated via
robust architectures and governance, significant efficiency gains can be realized (Drozdov, 2024; Mahajan, 2025;
Patil & Deshpande, 2025).

However, realizing Al's full potential requires confronting technical challenges—data heterogeneity, model
robustness, and transferability—and socio-institutional constraints—skills, privacy, and policy alignment.
Importantly, Al-driven improvements should be nested within broader sustainability strategies: electrification,
modal optimization, and regulatory incentives are necessary complements to operational efficiency if the sector
is to meet ambitious decarbonization goals (IEA, 2023; Brand et al., 2024).

This article proposes the Telemetry-Inference-Decision (TID) framework as an organizing logic for both
research and practice. The TID model clarifies where investments are needed (data standards, MLOps, human-
in-the-loop systems) and highlights where policy interventions can have outsized effects (data governance,
incentives for electrification). Future work should emphasize standardized evaluation, cross-operator learning
via privacy-preserving methods, and socio-technical studies that center the workforce and regulatory
ecosystem.

In closing, Al in transportation is not a silver bullet, but it is a strategic enabler. To translate technological
promise into sustainable, equitable, and resilient mobility systems will require interdisciplinary research, multi-
stakeholder governance, and careful attention to the mundane yet decisive details of data quality, model lifecycle
management, and human-machine collaboration.

REFERENCES

1. Gautam Mahajan. "Artificial Intelligence in Transportation Market Size and Share Analysis - Growth Trends
C_______________________________________________________________________________|

Global Multidisciplinary Journal 66

https://www.grpublishing.org/journals/index.php/gmj



Global Multidisciplinary Journal
eISSN: 2791-173X pISSN: 2791-2760

VOLUMEO04 ISSUE11
Published 30-11-2025 Page No. 60-68

and Forecasts (2025-2032)," 2025. Available: https://www.coherentmarketinsights.com/industry-
reports/artificial-intelligence-in-transportationmarket

2. Venkata Praveen Kumar Kaluvakuri. "The Impact of Al and Cloud on Fleet Management and Financial
Planning: A Comparative Analysis," 2023. Available:
https://www.researchgate.net/publication/382622809_The_Impact_of Al_and_Cloud_on_Fleet_ Manageme
nt_and_Financial_Planning A_Comparative_Analysis

3. RishabhSoft. "Al and Machine Learning in Fleet Management," 2024. Available:
https://www.rishabhsoft.com/blog/machine-learning-in-fleet-management

4. Alex Drozdov. "Real-Time Route Optimization with Al  Solutions,” 2024. Available:
https://yellow.systems/blog/real-time-route-optimization-with-ai

5. Microsoft Azure. "Data analytics for automotive test fleets,"” 2024. Available:
https://learn.microsoft.com/en-us/azure/architecture/industries/automotive /automotive-telemetry-
analytics

6. Ejaz M, Naz A. "Role of Logistics and Transport Sector in Globalization: Evidence from Developed and
Developing Economies.” Sir Syed University Research Journal of Engineering & Technology, 2023 Jun
28;13(1):48-52. Available from:
https://sirsyeduniversity.edu.pk/ssurj/rj/index.php/ssurj/article /view /534

7. IEA Agency. "CO2 Emissions in 2022." IEA; 2023. Available from: https://www.iea.org/reports/co2-
emissions-in-2022

8. Greene S. "Freight Transportation." MIT  Climate Portal. 2023. Available from:
https://climate.mit.edu/explainers/freighttransportation

9. Raj GD, Thandayudhapani S. "Evolution of E-Commerce Logistics: Global Trends and Implementations."
ComFin Research. 2024;12(2):42-45.

10. Romero CA, Correa P, Ariza Echeverri EA, Vergara D. "Strategies for Reducing Automobile Fuel
Consumption." Applied Sciences. 2024 Jan 1;14(2):910. Available from: https://www.mdpi.com/2076-
3417/14/2/910

11. Brand C, Marsden G, Anable JL, Dixon |, Barrett J. "Achieving deep transport energy demand reductions in
the United Kingdom." Renewable and Sustainable Energy Reviews. 2024 Oct 7;207:114941-1.

12. George A. S. "Al-Enabled Intelligent Manufacturing: A Path to Increased Productivity, Quality, and Insights."
ResearchGate. 2024 Aug 25;02(04):50-63. Available from:
https://www.researchgate.net/publication/383212034_AlEnabled_Intelligent_Manufacturing A_Path_to_I
ncreased_Productivity_Quality_and_Insights

13. Paul ], Alli OD, Adegbola JO. "Al-Powered Route Optimization Reducing Costs and Improving Delivery
Efficiency." ResearchGate. 2025. Available from:
https://www.researchgate.net/publication/389987796_AlPowered_Route_Optimization_Reducing_CostS_
AND_IMPROVING_DELIVERY_EFFICIENCY

14. Wang C, Atkison T, Park H. "Dynamic adaptive vehicle re-routing strategy for traffic congestion mitigation of
grid network." International Journal of Transportation Science and Technology. 2023 Apr 18;14. Available
from: https://www.sciencedirect.com/science/article/pii/S2046043023000321

Global Multidisciplinary Journal 67

https://www.grpublishing.org/journals/index.php/gmj



Global Multidisciplinary Journal
eISSN: 2791-173X pISSN: 2791-2760

VOLUMEO04 ISSUE11
Published 30-11-2025 Page No. 60-68

15. Adeoye Y, Onotole F, Ogunyankinnu T, Aipoh G, Osunkanmibi A. A., Egbemhenghe ]. "Artificial Intelligence in
Logistics and Distribution: The function of Al in dynamic route planning for transportation, including self-

driving trucks and drone delivery systems." World Journal of Advanced Research and Reviews. 2025 Feb
5;25(2):155-67.

16. Patil, A. A, & Deshpande, S. "Al-Enhanced Fleet Management and Predictive Maintenance for Autonomous
Vehicles." International Journal of Data Science and Machine Learning. 2025;5(01):229-249.

17. Chukwunweike Joseph, Salaudeen Habeeb Dolapo. "Advanced Computational Methods for Optimizing
Mechanical Systems in Modern Engineering Management Practices." International Journal of Research
Publication and Reviews. 2025 Mar;6(3):8533-8548. Available from:
https://ijrpr.com/uploads/V6ISSUE3/IJRPR40901.pdf

Global Multidisciplinary Journal 68

https://www.grpublishing.org/journals/index.php/gmj



