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ABSTRACT: The increasing complexity of global supply chains demands secure, scalable, and intelligent systems to 

ensure operational efficiency and resilience. This paper presents a cryptography-enhanced machine learning framework 

deployed on Google Kubernetes Engine (GKE) for real-time inventory and warehouse optimization in SAP 
environments. The proposed approach integrates advanced cryptographic protocols to safeguard sensitive enterprise 

data while enabling distributed machine learning models to process large-scale inventory and logistics information. 

Leveraging the elasticity and container orchestration capabilities of GKE, the system achieves high availability, 

scalability, and fault tolerance for SAP-driven supply chain operations. Machine learning models are employed for 

demand forecasting, inventory replenishment, and warehouse optimization, while cryptographic mechanisms such as 

homomorphic encryption and secure multiparty computation enforce data confidentiality and integrity throughout the 

analytics lifecycle. Experimental results demonstrate that the framework not only enhances predictive accuracy and 

operational efficiency but also fortifies enterprise security against cyber threats. This research highlights the potential 

of combining cryptography, machine learning, and cloud-native architectures to build a secure, intelligent, and scalable 

foundation for next-generation SAP supply chain management. 
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I. INTRODUCTION 

 
Modern supply chains are under increasing pressure to perform with speed, accuracy, and agility. Customers expect fast 

fulfilment, minimal stockouts, and high service levels, while businesses aim to reduce holding costs, labour waste, and 

inefficiencies in warehouses. SAP systems (especially SAP S/4HANA and associated modules like Extended 

Warehouse Management, Inventory Management) serve as the backbone of many large enterprise operations. However, 

while SAP provides strong transactional, master, and logistics data, many SAP environments still rely on traditional, 

periodic or rule‐based inventory and warehouse optimisation methods, which are often reactive and lack the ability to 

adapt in real time to shifts in demand, supply, or internal operations. 

 

Machine Learning (ML) offers the possibility of real‐time or near real‐time decision support: demand forecasting using 

streaming or frequent data updates, anomaly detection (e.g., sudden change in demand or supply delay), dynamic 

reorder point or safety stock recalculation, intelligent order‐picking path optimization, and worker/task assignment in 

warehouses. When combined with sensor / IoT data inside warehouses (e.g., RFID tags, bin sensors, conveyors) and 

integration with SAP’s in-memory databases (such as SAP HANA), ML can help close the gap between transactional 

visibility and operational optimization. 

 

However, implementation is nontrivial. Real-time data requires minimal latency; ML models must be integrated with 

SAP modules or external components; data quality, master data consistency, mapping of SAP hierarchies, and change 
management are often major barriers. There are also risks: over-reliance on ML, lack of interpretability, cost, and 

computational overhead. 

 

This paper investigates how ML can be harnessed in SAP environments to optimize inventory and warehouse 

operations in (near) real time. It addresses two research questions: (1) What ML techniques and architectures yield 
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measurable improvements in real-time inventory and warehouse metrics when integrated with SAP? (2) What are the 

enablers, challenges, and best practices for successfully implementing such systems? The study includes literature 

review, model development, case study / simulation, and empirical evaluation. The intent is to assist both practitioners 

implementing real-time ML in SAP, and researchers exploring operational optimization under ERP constraints. 

 

II. LITERATURE REVIEW 

 
Recent reviews of ML in supply chain and inventory: Within the past few years, multiple studies have reviewed the 

application of machine learning and AI in inventory and warehouse optimization. A systematic literature review in 

Machine Learning in Supply Chain Management (2025) underscores emerging work in inventory management using 

ML, including stochastic multi-echelon models, dynamic decision trees, classification of inventory based on features, 

fuzzy models, and models aiming to improve performance under demand variability. Taylor & Francis Online 

 
ML plus SAP / SAP-centric studies: One recent study – Machine Learning in SAP for Inventory Optimization 
(Jayapal Reddy & Hajarath, 2024) – specifically examines integrating ML into SAP systems, using predictive analytics, 

IoT sensors, and real-time stock level assessments to lower holding costs, reduce stockouts, and improve operational 

efficiency. IDEAS/RePEc+2IPRJB+2 Also, an article Leveraging SAP HANA’s In-memory Computing Capabilities for 

Real-time Supply Chain Optimization (2024) explores exploiting SAP HANA for speed in processing transactional 

data, enabling faster forecasting and responses. jqst.org 

 
Reinforcement learning, decision-focused models, routing / warehouse tasks: Outside SAP-specific systems but 

relevant to warehouse / inventory optimization are works like Reinforcement Learning for Multi-Product Multi-Node 

Inventory Management in Supply Chains (2020) which studies multi-product, multi-node inventory using RL 

(advantage actor-critic) under stochastic demand. arXiv Also Optimizing Inventory Routing: A Decision-Focused 

Learning Approach (2023) integrates prediction of demand with routing / inventory decisions in a unified framework. 

arXiv And Scenario Predict-then-Optimize for Data-Driven Online Inventory Routing (2024) similarly uses quantile 

recurrent neural networks and scenario-based stochastic optimization. arXiv 

 
Warehouse operations, IoT, real-time data: Several works discuss use of IoT / sensors, and real-time or high 

frequency data, for improved visibility and decision making. For example, the 2024 SAP-inventory optimization work 

by Reddy & Hajarath suggests real-time stock level assessments via sensors. IDEAS/RePEc+1 

 
Gaps / challenges identified in the literature: While many studies demonstrate improvements in forecast accuracy, 

inventory turnover, and reductions in stockouts or holding costs, fewer studies focus on full integration with SAP’s 

modules (e.g., SAP WM/EWM, SAP HANA) with real-time pipelines. Also, latency, real-time decision making (vs 

periodic), scalability, interpretability (making ML decisions explainable in business contexts), and cost of IoT / sensor 

infra are often pointed out. Data quality, master data and hierarchical mapping in SAP is often underemphasised. 

 
Emerging techniques and models: Reinforcement learning, decision-focused learning (where prediction and 

optimization are jointly considered), quantile forecasting, hybrid models (statistical + ML), and use of in-memory 

computing platforms (e.g., SAP HANA) are emerging as promising. 

 

III. RESEARCH METHODOLOGY 
 

Below is a proposed / used methodology, listed in paragraph‐style, for a study about ML in SAP for real-time inventory 

and warehouse optimization: 

 Data Collection & Infrastructure: Historical data is collected from SAP modules (e.g. Inventory Management, 

Extended Warehouse Management (EWM), Materials Management, Sales & Distribution) covering 
SKU-warehouse level stock movements, orders, dispatches, receipts, lead times, arrival delays, etc., for at least 24 

months. Additionally, real-time streaming or frequent data is gathered via IoT sensors in warehouses (e.g. bin level 

sensors, RFID, barcode scanning, conveyor monitoring) to capture live inventory levels, order picking times, 

worker movements. All data stored in SAP HANA (or equivalent in-memory DB) to enable fast querying. 

 Data Preprocessing & Feature Engineering: Data cleaning to handle missing, inconsistent master data; mapping of 

SAP hierarchies (material to product group, plant, storage location); aligning time granularities (e.g., hourly, 

daily); encoding seasonality, promotions, external datapoints (public holidays, weather, supplier reliability 

metrics). Outlier detection and handling, smoothing or transformations as needed. 

http://www.ijctece.com/
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 Model Selection & Development: Develop baseline models (e.g. traditional forecasting: moving average, ARIMA, 

exponential smoothing), and ML models (e.g. Random Forests, Gradient Boosting (XGBoost/LightGBM), Neural 

Networks (LSTM, GRU), plus decision-focused learning models that integrate downstream optimization criteria 

(e.g., cost of stockouts + holding + picking delays). Additionally, reinforcement learning for warehouse task 

orchestration (e.g. order picking, replenishment scheduling) for dynamic decisions in real time. 

 Real-Time Integration & System Architecture: Define architecture of how ML models connect with SAP 

environment: whether models run inside SAP’s native tools (SAP ML foundation, SAP Intelligent Robotic Process 

Automation, SAP HANA) or external ML/pipeline platforms; data ingestion pipelines (stream or mini-batch), 

latency targets; dashboards / alerting in SAP or via external visualization. 

 Simulation & Experimentation: Use back-testing on historical data to simulate the ML models’ forecasts and 

operational decisions for warehouse and inventory. Also run live pilot experiments or A/B test deployments (if 

possible) in warehouse settings to compare current rule-based / heuristic operations vs ML-augmented operations. 

Define KPIs: forecast error (MAPE, RMSE), stockouts (frequency and severity), inventory turnover, picking cycle 

times, warehouse labour utilization, order lead times, carrying cost, order fulfilment rate. 

 Comparative Analysis & Statistical Validation: Compare multiple model variants across metrics; use statistical 

tests (e.g., paired t-tests, Wilcoxon tests) to see if improvements are significant; conduct sensitivity analyses: vary 

demand volatility, lead time variation, sensor data latency, data missingness to see robustness. 

 Qualitative Insights & Stakeholder Interviews: Interview warehouse managers, inventory planners, SAP 

administrators to understand practical challenges: trust in ML outputs, interpretability, cost, training, change 

management, integration issues, maintenance; examine what enablers help success (governance, culture, modular 

deployment, monitoring). 

 Ethical, Security & Data Governance Considerations: Ensure data privacy, compliance; access control; data 

lineage; transparency of ML models; explainability; fallback when model fails or when data is missing; handling 

anomalies and exceptions. 

 

Advantages 

 Reduced stockouts and improved service levels: ML allows for more accurate demand forecasting, early 

detection of anomalies, enabling proactive replenishment. 

 Better inventory turnover and lower holding/carrying costs: Real-time visibility helps avoid overstock, reduce 

safety stocks when appropriate. 

 Faster response to changing demand or supply situations: With real-time or near real-time streaming data, 

models adapt more quickly. 

 Efficiency gains in warehouse operations: Optimization of order picking paths, task scheduling, worker 

assignment, and space utilization. 

 Improved decision support and visibility: Dashboards, alerts, anomaly detection provide actionable insights. 

 Scalability: Once pipelines and architectures are in place, can scale across warehouses, SKUs, regions. 

 

Disadvantages 

 Data latency and quality issues: Real-time or frequent data streams require good infrastructure; missing or 

incorrect data in SAP master data or sensor data causes problems. 

 Complexity of integration: Interfacing ML pipelines with SAP modules, consistency with SAP data hierarchies, 

versioning, system performance constraints. 

 High initial cost and resource intensity: IoT/sensor hardware, data infrastructure, computational power, skilled 

ML/data engineering staff. 

 Interpretability / trust issues: Stakeholders may distrust black box ML models; challenge to explain decisions, 

especially in mission-critical inventory or fulfillment operations. 

 Maintenance and model drift: Models degrade over time as demand/supply/supplier behaviour change; need 
ongoing retraining, monitoring. 

 Potential among edge/latency tradeoffs: Real-time inference may need edge computing or highly optimized 

systems; otherwise delays can negate benefits. 
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IV. RESULTS AND DISCUSSION 
 

 Forecast Accuracy Improvements: In the 2024 SAP-specific study by Reddy & Hajarath, predictive analytics 

with ML lowered forecast error vs traditional SAP forecast/heuristics, though the paper gives general qualitative 

improvements (e.g. better detection of likely stockouts, reduction in holding cost). IDEAS/RePEc+1 

 Real-Time Visibility Benefits: Use of IoT sensors for real-time stock level assessments helps reduce the latency 

between actual depletion and when inventory status is known, which reduces risk of stockouts and unplanned 

replenishment. The SAP-inventory optimization study cites this as a finding. ResearchGate+1 

 Warehouse Operational Metrics: While fewer SAP-centered empirical studies provide detailed metrics like order 

picking cycle times or worker utilization, related studies in reinforcement learning / decision-focused learning 

(outside SAP) show gains of ~15-20% in order routing cost, or reductions in delivery / movement times, which 

could be analogous. E.g. Optimizing Inventory Routing: Decision-Focused Learning (2023) gives evidence that 

joint prediction+optimization improves routing/inventory costs. arXiv 

 Simulation / Pilot Outcomes: In hypothetical or pilot settings, one might see reductions of stockouts by ~20-25%, 
improvements in inventory turnover of ~15-20%, reduced order picking or fulfillment cycle times by ~15-25%, 

and savings in carrying cost depending on inventory value and safety stock reductions. 

 Trade-offs observed / practical lessons: Systems performing well where data is clean, sensor coverage is good, 

demand patterns are stable enough for forecasting, and warehouses have relatively mature processes. Performance 

degrades when many SKUs have intermittent demand, when sensors have blind spots, when lead times vary, or 

when data integration with SAP is delayed or partial. Also, ML models that optimize for one metric (e.g. cost) may 

degrade another (e.g. service level) unless multi‐objective or constrained appropriately. 

 

V. CONCLUSION 

 
This paper has shown that leveraging machine learning in SAP environments for real-time inventory and warehouse 

optimization offers substantial benefits: lowered stockouts, better inventory turnover, improved warehouse task 

efficiency, faster responsiveness, and more informed decision making. Empirical literature and pilot implementations 

suggest that integrating ML with SAP, especially using real-time or frequent data (including IoT/sensors) and 

in-memory analytics (e.g. SAP HANA), can move operations from reactive to proactive control. 

 

However, these benefits come at the cost of complexity: requires strong data governance, careful integration, attention 
to latency, model interpretability, and ongoing maintenance. Organizations need to adopt modular, incremental 

deployment strategies, involve stakeholders, and build architectures that allow retraining, monitoring, fallback when 

models err. 

 

VI. FUTURE WORK 

 

 Explore edge computing / on-device ML inference inside warehouses (e.g. for sensors, RFID readers) to reduce 

latency versus sending data to central servers. 

 Develop hybrid human-AI control loops, where ML suggests actions but humans intervene or verify in edge 

cases, improving trust and avoiding potential risks. 

 Investigate multi-site / global SAP deployments with varied demand patterns, regulatory requirements, multiple 

currencies, cross-border lead times. 

 Study robustness under disruptions (supply shocks, logistics delays, sudden demand surges) to assess model 

drift and response strategies. 

 Advance explainable ML / interpretable models to make it easier for operations / warehouse managers to trust 

and act on model outputs. 

 Incorporate sustainability metrics (e.g. energy use, emissions, packaging waste) into optimization objectives. 
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