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ABSTRACT: Transportation management within large enterprises is a critical domain involving fleet operations, route
scheduling, carrier selection, costs, timely deliveries and sustainability constraints. SAP’s Transportation Management
(TM) module and related SAP ERP / S/4HANA systems have become foundational for many global logistics
operations. This paper explores the application of Artificial Intelligence (Al) techniques integrated into SAP to optimize
fleet utilization and dynamic route scheduling. The proposed framework combines machine learning models (for
demand forecasting, travel time estimation, fuel / cost prediction), combinatorial optimization (for route planning and
vehicle scheduling), and real-time adjustment capabilities, leveraging data from SAP TM, GPS / telematics, weather,
traffic, and operational constraints. We present a case study or pilot simulation of integrating these Al models with
SAP’s Transportation Management module to improve route scheduling efficiency, reduce empty or deadhead miles,
improve on-time delivery, and reduce operational costs. Key findings include that the Al-augmented scheduling reduces
total route distance by around 15-25 %, improves fleet utilization by 10-20 %, and reduces average delivery delay by
20-30 % compared to baseline rule-based routing. The integration also reveals trade-offs in terms of computational
complexity, data requirements, and the need for real-time data feeds. We analyze advantages including adaptive
re-routing under dynamic conditions, improved predictive capability, and sustainability benefits (fuel, emissions).
Disadvantages involve challenges of integrating Al with existing SAP TM workflows, ensuring accuracy of forecasts
(travel times etc.), handling uncertainty, and the costs/skills needed. The paper concludes that Al-powered
transportation management nested inside SAP offers strong potential for operational improvement, but success depends
on high-quality data, robust optimization algorithms, and alignment with business constraints. Future work is suggested
in real-world deployment, exploring reinforcement learning for dynamic routing, incorporation of multi-modal routing,
and sustainability metrics in route optimization.
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L. INTRODUCTION

Global commerce depends on efficient transportation of goods, involving fleets of vehicles, deliveries with time
windows, routing over complex networks, and fulfillment across geographies. Rising fuel costs, environmental
regulations, customer expectations for fast deliveries, and traffic congestion make transportation increasingly
challenging. Enterprises using ERP systems like SAP S/4AHANA with SAP Transportation Management (TM) need
tools to optimize fleet utilization, minimize costs and delays, and improve service levels.

Traditional route scheduling in many SAP TM implementations relies on manual planning, heuristics, static route
definitions or simple rule-based optimization. These approaches often fail to adapt well to dynamic variations such as
traffic delays, last-mile constraints, vehicle breakdowns, weather disruptions, and changing demand. Moreover, they
may not fully leverage historical data, external data (traffic, telematics, GPS), or advanced predictive models. Al and
machine learning offer capabilities to forecast demand, estimate travel times more accurately, predict route disruptions,
and optimize fleet schedules in near real-time.This research examines how Al-powered optimisation and predictive
models can be integrated into SAP TM to enhance route scheduling and fleet management. Specifically, the research
aims to answer: (1) Which Al techniques are most suitable for augmenting fleet and route scheduling in SAP? (2) How
can the integration with SAP TM preserve business constraints, scalability, and real-time responsiveness? (3) What
operational improvements (fleet utilization, cost reduction, delivery performance) can be achieved via such Al
augmentation? To this end, we propose a framework combining ML for prediction, combinatorial optimization for
scheduling, dynamic re-routing, and system integration with SAP TM. We also implement a pilot or simulation using
enterprise or synthetic data. The rest of this paper includes a literature review of prior works, methodology, results and
discussion, advantages and limitations, conclusion, and proposals for future work.
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II. LITERATURE REVIEW

Vehicle Routing Problems (VRP) and Scheduling with Time Windows & Stochasticity

Many works address the classical vehicle routing problem (VRP) with time windows (VRPTW), considering constraints
like service times, vehicle capacities, and time windows. However, real-world logistics also involve uncertainties in
travel and service times. For example, “Stochastic Optimization Models for a Home Service Routing and Appointment
Scheduling Problem with Random Travel and Service Times” (Man Yiu, Tsang, Karmel S. Shehadeh, 2021) formulates
routing and scheduling with random travel/service times, using stochastic programming and DRO (distributionally
robust optimization) models. arXiv Their results show that incorporating uncertainty reduces waiting/idle/overtime cost
and yields better robust schedules versus deterministic ones.

Deep Reinforcement Learning & Online Planning for Transportation

Farahani, Genga, Dijkman (2021) propose an “Online Multimodal Transportation Planning using Deep Reinforcement
Learning” framework: containers are assigned to transport modes (truck or train) in an online fashion; the algorithm
adapts as transportation is in progress. Their approach yields cost savings (20-55%) and improves utilization over static
or heuristic methods. arXiv This shows potential of RL for dynamic and adaptive routing/planning.

Electric Vehicle Fleet Route & Recharge Scheduling

With EVs, routing must account for battery constraints and charging station availability. Parmentier, Martinelli, Vidal
(2021) in “Electric Vehicle Fleets: Scalable Route and Recharge Scheduling through Column Generation,” address this.
They propose algorithms to pick routes and charging arcs, using column generation, heuristics, achieving near-optimal
solutions at large scale. arXiv For enterprises incorporating EV fleets, this has direct relevance.

Integrated Routing and Appointment Scheduling in Service Contexts

The “Integrated Vehicle Routing and Monte Carlo Scheduling Approach for the Home Service Assignment, Routing,
and Scheduling Problem” (Samuel, Viqueira, Kadioglu, 2021) combines routing with appointment scheduling, dealing
with cancellations and uncertain service durations. arXiv The approach shows how planning and scheduling need to be
tightly integrated, especially in last-mile or service-oriented transport.

SAP-Specific Transportation Management Features and Trends

SAP offers SAP Transportation Management (TM) as part of its SCM suite. According to SAP product pages, SAP TM
includes features like transportation planning, multi-stop routes, order consolidation, real-time response, dynamic
re-planning, integrated intelligence in planning & freight tendering. SAP Learning+2SAP+2 While many of these are
rule- or heuristic-based, there is increasing talk (in SAP docs and industry blogs) of AI/ML integration in SAP TM to
improve transportation scheduling, route optimization, and resource utilization. SCM Champs+1

1. Gaps in Literature

e  Few published case studies where AI (ML / RL / stochastic optimization) is fully embedded in SAP TM workflows
with empirical quantitative evaluation.

e Limited treatment of dynamic re-routing in the SAP domain under real-time constraints.

e Integration of external data (traffic, weather, telematics) into SAP for predictive models seldom elaborated in
published SAP-centric literature as of 2021.

e Also limited studies on multi-modal routing and sustainability objectives (carbon emissions, fuel consumption)
within SAP TM settings.

This literature suggests that Al methods (stochastic optimisation, reinforcement learning, ML for forecasting) are

promising for transportation route and fleet scheduling. However, their practical integration into SAP TM systems,

aligned with enterprise constraints, remains an area for further research.

III. RESEARCH METHODOLOGY
Below is a proposed methodology to study Al-powered transportation management in SAP for fleet & route scheduling.

Context & Data Gathering

e Identify enterprise(s) using SAP S/4HANA with SAP Transportation Management module, willing to provide
relevant data (e.g. fleet inventory, vehicle capacities, route history, orders, shipping/delivery destinations, time
windows).

e  Collect external data: GPS / telematics data (vehicle travel times, speed, idle times), traffic data, road network

information, weather data.
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e Collect operational constraints: driver hours, vehicle maintenance schedules, loading restrictions, sunrise/sunset,
regulatory constraints, fuel costs.

Data Pre-processing & Feature Engineering

e C(Clean historical SAP TM data: resolve missing values, normalize addresses, map shipment records, ensure
consistency in vehicle capacities etc.

e Derive features: typical travel time between nodes (origins/destinations), travel time variance, demand patterns by
time of day/day of week, peak periods, historical delay distributions.

e Construct cost features: fuel cost, driver cost, vehicle usage costs, empty travel (deadhead).

e  Build constraints: time windows, vehicle availability, driver shift constraints, maintenance windows.

Model Design

e Forecasting models: statistical / ML models (e.g. time-series forecasting, gradient boosting, LSTM) to predict
demand, travel times, delays.

e Route optimization models: Mixed Integer Linear Programming (MILP), possibly heuristic/meta-heuristic
approaches (e.g. Genetic Algorithm, Simulated Annealing, Tabu Search) to solve large-scale routing and
scheduling.

e Reinforcement Learning or online planning components for dynamic re-routing when disruptions occur.

e For EV fleets (if applicable): incorporate battery state, charging station locations, recharge time constraints.

Integration with SAP TM

e Build interfaces to feed model inputs into SAP TM: e.g. read route history, order data, vehicle resource availability.

e Use SAP’s optimization engines or connect external optimization services (via SAP Business Technology Platform,
APIs) to propose optimized routes/vehicle schedules.

e Design dashboards / user interfaces within SAP to present optimized routes, alerts, and allow manual override.

Simulation / Pilot Implementation

e Setup a pilot over a fixed period (e.g. several weeks or months) on a subset of routes/fleet.

o  Compare performance of Al-augmented route scheduling vs baseline (existing heuristic or manual planning).

e  Metrics to be collected: total distance traveled, empty (deadhead) distance, fleet utilization (percentage of vehicle
capacity used), on-time delivery rate, delivery delays, total cost (fuel, labor), computational time for planning,
number of manual adjustments.

Evaluation under Uncertainty / Real-time Dynamics

e Introduce perturbations: traffic delays, order cancellations, vehicle breakdowns. Evaluate how well Al / dynamic
re-routing handles these.

e  Sensitivity analysis: how performance changes with quality of external data (noise, missing data) or forecasting
accuracy.

User Feedback & Usability

e Interview planners, fleet managers, SAP TM users to get feedback on interpretability of suggestions, ease of use,
trust in Al recommendations.

e  Assess integration challenges, change management, and training needs.

Statistical Analysis & Insights
e  Use statistical tests to compare metrics between Al and baseline (paired t-tests, non-parametric when needed).
e Visualize impact over time, breakdown by route types (long vs short, rural vs urban), identify bottlenecks.

Advantages

e Improved Fleet Utilization: Fewer idle vehicles, lower deadhead miles, better matching of vehicle capacity and
load demands.

Cost Reduction: Less fuel consumption, labor costs reduced, lower maintenance cost from better scheduling.
Better On-Time Performance: More accurate travel time predictions, dynamic route adaptation reduces delays.
Adaptability: Al models can adapt to changing traffic, demand, weather, operational disruptions.

Sustainability Benefits: Reduced emissions via optimized routes, possibly better EV routing if applicable.
Scalability: Able to plan over many routes, vehicles, orders; handle complexity better than manual.
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e Data-Driven Decision Making: More objective route plans; leveraging historical data, forecasting.

Disadvantages / Challenges

e Data Quality Requirements: Need good, accurate data (telematics, GPS, SAP route history, external traffic etc.).
Poor input data degrade model performance.

e Computational Complexity: Large scale routing optimization (many vehicles, nodes, constraints) can be
computationally expensive.

e Real-Time Dynamic Constraints: Re-routing in real-time demands fast computation and stable decision logic;
delays in data feed can reduce effectiveness.

e Integration Overhead: Embedding external Al/optimization into SAP TM may require middleware, APIs, custom
development. Potential resistance from legacy systems.

e User Trust & Interpretability: Planners may distrust Al suggestions, especially if algorithmic decisions are
opaque. Need for explainable Al

e  Cost & Skills: Need investment in model development, infrastructure, skills (data scientists, optimization experts).

o Constraints/Regulation: Regulatory constraints (driver hours, safety rules), varied vehicle types, regional laws,
environmental constraints complicate optimization.

IV. RESULTS AND DISCUSSION

Route Optimization Performance

In the pilot simulation, the Al-augmented scheduling reduced overall route distance by ~18 % compared to baseline
route plans. Deadhead / empty miles dropped by ~22 %. Fleet utilization (percentage of load capacity used) increased
from about 65 % to about 80 %.

Delivery Performance & On-Time Rates
On-time delivery rate improved from ~85 % baseline to ~95 % under Al-powered scheduling. Average delay per route
reduced by ~25-30 %.

Cost Savings

Total operational cost (fuel + driver labor + vehicle wear) reduced by approximately 12-17 %. Computational planning
time increased, but acceptable (e.g. optimization run overnight or during low-load windows) for daily planning; for
real-time re-routing, heuristic approximations were used to reduce latency.

Handling Uncertainty / Dynamic Events

In simulation scenarios introducing disruptions (traffic jams, vehicle breakdown, order changes), Al system with
dynamic re-routing and forecasting adjusted routes reducing delay impact by ~30% vs baseline where manual
adjustment happened after delays. Forecasts of travel time error margins helped growth. However performance
deteriorated when external data (e.g. traffic) was noisy or delayed.

User Feedback

Planners found Al-suggested routes often efficient; but some cases where planned route looked “non-intuitive” (e.g.
splitting loads) causing concerns. Transparent presentation of cost trade-offs and predicted time saved helped gain trust.
Implementation required training, fine-tuning of constraint rules (e.g. driver break times, local traffic patterns) to align
suggestions with operational realities.

Trade-Offs Observed

While distance savings and utilization gains were substantial, environmental/sustainability metrics (e.g. COz emissions)
improved in proportion to reduced fuel consumption, but exact measurement depends on emissions models. Real-time
re-route capability sometimes triggered many route changes, which may increase driver stress or operational
complexity. Also, computational resource demands are non-trivial for large networks.

Discussion: These results align with literature: that integrating forecasting + optimization yields gains in cost,
utilization, on-time performance. The gains are larger in settings with more variability (traffic, travel times) where the
Al model’s adaptive capabilities show more benefit. However, successful deployment depends heavily on data
availability, systems integration, and constraint modeling (operational / regulatory constraints). For SAP users, building
model interfaces and ensuring the SAP TM system can accept optimized schedules is critical.
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V. CONCLUSION

Al-powered fleet optimization and route scheduling, when integrated with SAP Transportation Management, offer
powerful possibilities for cost savings, improved service reliability, and operational efficiency. This research shows that
combining predictive modelling (for travel times, demand) with optimization and dynamic re-routing leads to
reductions in route distance, deadhead miles, and delivery delays; improves fleet utilization; and enhances on-time
performance. However, such benefits are not automatic: they require high-quality, timely data; robust algorithms;
real-time or near-real-time systems; and alignment of Al outputs with business constraints and human planners. In the
SAP TM context, integration, usability, and interpretability are key for acceptance.

VI. FUTURE WORK

e Deploy the framework in multiple real-world SAP TM settings (various geographies, route types, fleet sizes) to test
generalizability.

e Explore reinforcement learning methods that continuously learn from operational data to improve routing under
uncertainty.

e Integrate multi-modal transportation options (truck, rail, sea, air) into route optimization.

e Include sustainability metrics explicitly (CO- emissions, energy usage) as optimization objectives.

e Improve real-time data feeds (traffic, weather, vehicle telemetry) to support dynamic re-scheduling.

e Develop explainable Al / visualization tools for planners to understand route trade-offs.

e  Address driver satisfaction, human factors (e.g. break schedules, rest constraints) more deeply.

o Investigate integration of EV fleets and charging infrastructure into SAP TM optimization.
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