
ISSN (O) 2321-2004, ISSN (P) 2321-5526 

 
IJIREEICE 

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering 

Impact Factor 8.414Peer-reviewed & Refereed journalVol. 13, Issue 12, December 2025 

DOI:  10.17148/IJIREEICE.2025.131228 

© IJIREEICE            This work is licensed under a Creative Commons Attribution 4.0 International License               228 

Data Engineering with AI for Smart Retail 

Inventory Optimization 

 

Vikram Boga 

Independent Researcher 

 

Abstract: Smart retail—having in-store and online components—permits companies to provide support services that 

complement (but do not duplicate) customer value and convenience. It is thus feasible to address inventory optimization 

as an AI problem, taking into consideration customer needs for timely product availability without long delivery lead 

times. Data engineering principles reformulate inventory optimization as a recommendation engine, predicting future 

warehouse, store, and web inventory levels in the short and medium term for long-lead-time products to assist decisions 

on how much to order. A concept for a fully receptive data architecture is introduced, capable of supplying the large 

amount of quality-cleaned data required to train the AI models and to implement AI-based data pipelines that spatially 

distribute Web inventory recommendation across the supply chain. These pipelines, optimized for fast local machine 

learning (ML) workloads, reduce the volume of data sent to the core DB and the number of jobs initiated there, thus 

accelerating inventory-level refresh by making large amounts of inventory-ready data locally available. 

The data architecture, supporting the full data lifecycle in accordance with the smart retail concept, consists of data-ops 

pipelines designed for fully receptive external and internal data flows and data-engineering lines for preparatory and 

loading jobs dedicated to core BI information. An additional component dedicated to the implementation of AI-based 

data pipelines is sized to cope with the spatiotemporal distribution throughout the modelled area of slow-loading-tagged 

external data. Inventory-level refresh is accelerated by minimizing the volume of data sent to the core DB and the number 

of jobs initiated there, thus enabling core data availability that supports fast local ML workloads and local supply-demand 

analysis. 
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1. INTRODUCTION 

 

Artificial Intelligence (AI) has become an established enabler of innovation across diverse sectors. Recently, AI 

technologies and science-based techniques have been increasingly used to enhance data engineering activities supporting 

predictive analytics. Inventory optimization in retailing is one such direction of interest. Retailers apply sophisticated 

models for optimizing inventory decisions, and AI is seen as a useful tool for improving demand forecasting accuracy. 

However, less attention has been paid to the underlying data engineering activities preparing the requisite data for AI 

workloads. Such activities can benefit from harnessing the power of AI, and data architecture able to enable such 

cooperation is required. Retail inventory optimization is particularly suitable for investigating these issues as it is 

established and has been scoped for smart retail environments. 

Smart retailing combines both demand side and supply side innovation to deliver customer centric propositions through 

hyper-targeting. Demand optimization in the smart retailing context is of growing interest and improved demand 

forecasting is seen as the key driver. Demand forecasting is essential for optimizing inventory decisions including 

replenishment strategy, size, type, timing and location – core decisions governing operating efficiency and having major 

implications for service and business profitability. AI models are enabling deeper, faster and more accurate forecasts. 

High-quality forecast depends on historical data that is accurate, sufficiently detailed inclusive of any external variables 
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influencing demand. Data engineering activities create the data to feed such models while enabling deep tailoring to 

customer segments. Nevertheless low quality data impairs accuracy thus a key area of interest is optimizing data 

engineering processes supporting demand forecasting for retail inventory optimization and this area of interest is 

addressed by developing suitable data pipelines. 

 

1.1. Background and Significance of Smart Retail Inventory Optimization 

The retail sector, which both employs and serves millions of people, offers substantial opportunities for green sourcing, 

AI-driven innovations, and insights into behavioral economics. One major problem area is the adoption of smart retail 

practices able to integrate data from connected objects such as sensors and smart cameras, which can be fed directly into 

AI algorithms. Smart retail practices have the potential to optimize inventory management and customer experience while 

also contributing to green sourcing and sustainability. 

Yet key challenges remain in the operationalization of connected retail supports by means of data engineering. Although 

it is now technically feasible to collect and structure sufficient volume and diversity of data, developments in data 

engineering are needed to establish data systems capable of servicing the needs of new AI workloads. Considerable 

volumes of data from diverse sources need to be ingested, prepared, and structured for ready consumption by AI 

algorithms. But, in addition to the resulting processing burdens and costs associated with traditional data engineering 

approaches, the required AI-enabled workloads demand vast resources that frequently exceed the limits of enterprise data 

architectures. 

 
Fig 1: Scaling the Smart Retail Ecosystem: Addressing Data Engineering Bottlenecks for Sustainable, AI-Driven IoT 

Integration 

 

2. FOUNDATIONS OF SMART RETAIL INVENTORY OPTIMIZATION 

 

Recent advances in artificial intelligence (AI) have opened up new possibilities for retail inventory optimization. 

Consequently, the focus has shifted from simple control algorithms that manage stock levels without explicit forecasting, 

to demand-forecasting-driven approaches that are closer to predictive maintenance techniques used in manufacturing. 

With the incorporation of AI-based forecasting into inventory optimization, the two tasks are now more closely linked 

than in the past. Nevertheless, the essential characteristics of the underlying system have remained constant; they can be 

simplified as follows: a number of identical stock-keeping units (SKUs) are stored in a warehouse connected to the 

customers by a single transport mean . For small warehouses located geographically close to the customers, the demand 
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can be considered as a Poisson process. The demand for the SKUs can be assumed to be independent and stationary. The 

lead time associated with the replenishment of the stocks is known. 

A recent proposal for TH Dynamic programming for joint demand forecasting and stock policy optimization for multiple 

products in community logistics scenarios considers periodic forecast updating, which can be desirable when 

implementing the method in a real-life setting. Moreover, the demand of the SKUs is predicted by means of a trained ML 

model for a forecasting horizon of length L, whose accuracy is evaluated for each period, and can be therefore updated 

accordingly. A data-driven Metric Temporal Logic (MTL) specification covering demand fluctuations for non-identical 

SKUs is also suggested, supporting the application of control methods and algorithms that combine reactive 

replenishment with online demand forecasting and stock-level control for adaptive Smart retail systems. 

 

Equation 1) Demand as a Poisson process → lead-time demand distribution 

Assumption (formalized): For small, local warehouses, demand can be treated as a Poisson process; SKUs’ demands 

are independent & stationary; replenishment lead time is known. 

Step 1: Daily demand model 

Let 𝑁(𝑡) be the number of demand arrivals in time interval length 𝑡 (days). 

Poisson process with rate 𝜆 (units/day) means: 

ℙ[𝑁(𝑡) = 𝑘] =
(𝜆𝑡)𝑘𝑒−𝜆𝑡

𝑘!
, 𝑘 = 0,1,2, … 

Hence for one day (𝑡 = 1) demand 𝐷 ∼ Poisson(𝜆). 

Step 2: Demand during lead time 𝑳 

If lead time is 𝐿 days (known), then demand during lead time is the total arrivals in 𝐿 days: 

𝐷𝐿 = 𝑁(𝐿) 

Using the Poisson process property (independent increments + stationarity): 

𝐷𝐿 ∼ Poisson(𝜆𝐿) 

So: 

ℙ[𝐷𝐿 = 𝑘] =
(𝜆𝐿)𝑘𝑒−𝜆𝐿

𝑘!
 

Step 3: Mean and variance (useful for safety stock) 

For Poisson: 

𝔼[𝐷𝐿] = 𝜆𝐿,  Var(𝐷𝐿) = 𝜆𝐿 

 

2.1. Inventory management principles 

Achieving a successful inventory operation combines the fundamentals of demand forecasting and inventory 

management in retail. Demand forecasting deals with estimating future sales, while inventory management constitutes 

the set of analytical methods for translating sales forecasts into a recommended daily inventory replenishment plan across 

multiple product categories. Nonetheless, depending on the property of the distribution of product sales, inventory 

management can track either very short or longer-term dynamics of stock levels, determining whether restocking 

decisions take place on a daily or weekly basis. 

The speed of the stock management relay operated by the retailer is determined by the ability to replenish the shelves. 

When restocking frequency is less than that of sales, the product is likely to be out of stock at some moments. Out-of-
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stock situations lead to loss of sales and loss of customers who might consider switching to a competitor if these stockouts 

happen frequently. Conversely, when restocking frequency is more than that of sales, the product restocking level is 

usually temporarily closed for sale. Excess stock requires financing capital and, at some point, additional stock clearance 

actions. Demand forecasting and inventory management methods aim at minimizing, relatively, these two sources of loss 

when daily replenishment orders are assessed and, potentially, closed. 

 
 

3. DATA ARCHITECTURE FOR AI-DRIVEN INVENTORY OPTIMIZATION 

 

In AI and machine learning, a data architecture supplies the necessary raw data for workloads, just as for data analytics. 

Machine-learning algorithms require not only raw data elements but also labels. Accordingly, a data architecture for data 

engineering workloads that support healthy and fresh inventory monitoring should ingest, transform, and store all data 

elements required by all machine learning modeling algorithms and a baseline statistical modeling approach. A 

supervised- or semi-supervised-learning approach forms the basis of most of the dedicated algorithms. Consequently, the 

architecture supports the creation of labels for supervised algorithms and training instances for semi-supervised 

approaches, such as the one-class SVM anomaly detection algorithm. 

Supporting a complete set of predictive inventory models—with one prediction per prediction interval and product (item-

store combination)—further enhances the architecture. A well-specified data architecture with sound data engineering 

pipelines also facilitates the accuracy of other modeling approaches or algorithms not addressed by the architecture. 

These approaches are typically less data-hungry and can therefore consume a smaller subset of the available data from 

the ingest layer of the architecture. The different modeling approaches are organized into super-vectors according to their 

prognostic time horizons: short term (1- to 14-day), medium term (15- to 42-day), and long term (43- to 92-day) 

predictions. Data stockpiled and managed in the data lake below the data architecture's device layer enable algorithm 

training at whichever frequency or time unit is preferred without the need for additional data transfers. Original or 

modified versions of the modeling approaches, new approaches introduced to replace poorly performing existing 

approaches, and hybrid ensemble methods are consequently retrained whenever needed. This approach not only 

reinforces the data-lake concept but also strengthens a full-fledged healthy-and-fresh inventory-monitoring framework. 

 

3.1. Data sources and ingestion pipelines 

Smart retail inventory optimization combines business analytics, marketing, finance, and logistics into a unified, powerful 

data engineering service offered to industries. Retailers like Walmart and Target possess a wealth of internal transactional 

and operational data. In smart retail contexts, data from sensors, cameras, cell phones, and RFID tags updating inventory 

levels can also be added. Outside-event data—such as weather predictions, holiday seasons, and the occurrence of local 

sporting events—can further enhance inventory optimization accuracy. As Internet traffic and user behavior patterns 

become important contributors to future sales, user-added, up-to-date external data become cornerstones for precise and 

proactive inventory optimizations. In such dynamic retail environments, shoppers expect to receive information through 

multiple channels—at a physical store, online, via cell phone, or via other devices used for shopping. 

Ingestion pipelines should extract data from these various structured, semi-structured, and unstructured sources. The 

pipelines should deliver the cleansed and transformed data to distribution centers (or a cloud) for advanced analytics and 
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data science workloads on demand, where signal-processing and prediction models analyze them and produce insights. 

These insights are pushed to the edge layer, then presented to brick-and-mortar stores as supermarket-optimized shelf 

labels, mobile push notifications, or product-specific apps. Information is directed to online stores via product pages, 

recommended-triggered pop-ups, and search-engine displays. 

 
Fig 2: Fig Synergistic Data Engineering for Proactive Inventory Optimization in Omnichannel Retail Ecosystems 

 

3.2. Data storage and governance 

Data management strategies determine how data is stored in databases, in data lakes, and data warehouses, and how 

governance and security policies are enforced. The volume of data is growing quickly, and data architects craft solutions 

to make data easily available and agency-long-lived so it can be mined to answer unanticipated questions. Many 

organizations also monitor the nature of the AI workloads processed over data and implement pipelines that are optimized 

for such workloads, with support for bulk loading, compressing data with read but not write performance, and removing 

data from hot storage as it ages. Data engineering activities thus include crafting both the storage structure and data 

processing pipelines. 

Good data provenance enables organizations to ensure compliance with relevant data regulations. Data governance 

policies also define who is allowed to read which data, who can modify or delete data, and who is required to monitor 

data quality. It is crucial that data engineers, when performing their activities, consistently apply proper data provenance 

considerations and data governance and security policies. In many organizations, both decisions are handled by dedicated 

teams of data stewards, data governance boards, or data custodian offices. 

 

 
 

4. MODELING APPROACHES AND ALGORITHMS 

 

Four classes of AI workloads can assist with the inventory optimization issue. Demand forecasting generates forecasts 

for base demand and the underlying factors affecting sales. These factors include special promotional adjustments, 

seasonality, calendar-based events, and random error. The optional price effect forecast quantifies price elasticity, while 

ancillary effect forecasts quantify inflows and outflows from outside the store. Together, these forecasts provide the input 

required for inventory simulation models. 

Inventory optimization within the simulation workload chooses the optimal inventory policy for each stock-keeping unit 

over a defined horizon. The policy can be either fixed, variable, or adaptive for different stock-keeping units and is 
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applied throughout the planning horizon. The simulation models the flow of products based on base demand and the 

demand factors just described to identify stock-outs, thereby minimizing lost sales. The inventory policy is evaluated 

based on the resulting inventory management cost, which encompasses stock-holding cost, lost-sales cost, and associated 

replenishment cost. Supply-chain coordination ensures that replenishment orders are met on-time and in-full. 

Finally, inventory policy tuning allows the inventory policies for stock-keeping units with low sales to be tuned with the 

help of an analyst’s business judgement. The tuning uses historical demand data to evaluate the cost structure associated 

with stock-holding, lost-sales, and order fulfillment in order to revise inventory policies. 

 

Equation 2) Reorder point (ROP) and safety stock from a target service level 

The emphasizes avoiding stockouts vs excess stock and evaluating policies by holding + lost-sales + replenishment costs. 

Step 1: Cycle service level definition 

A common “no-stockout during lead time” target is the cycle service level: 

CSL = ℙ(𝐷𝐿 ≤ 𝑅) 

where 𝑅 is the reorder point. 

Step 2: Solve for 𝑹 using the Poisson CDF 

Choose a target 𝛼 (e.g., 0.95). Then: 

𝑅 = min{𝑟 ∈ ℤ≥0:ℙ(𝐷𝐿 ≤ 𝑟) ≥ 𝛼} 

For Poisson: 

ℙ(𝐷𝐿 ≤ 𝑟) =∑
(𝜆𝐿)𝑘𝑒−𝜆𝐿

𝑘!

𝑟

𝑘=0

 

Step 3: Safety stock decomposition 

Define “expected lead-time demand” as 𝜇𝐿 = 𝜆𝐿. Then: 

𝑅 = 𝜇𝐿 + 𝑆𝑆 

where 𝑆𝑆 is safety stock (extra buffer). Under a Normal approximation (often used when 𝜆𝐿 is large): 

𝐷𝐿 ≈ 𝒩(𝜇𝐿, 𝜎𝐿
2),   𝜎𝐿 = √𝜆𝐿 

Then: 

𝑅 ≈ 𝜇𝐿 + 𝑧𝛼𝜎𝐿 

where 𝑧𝛼 is the 𝛼-quantile of the standard normal. 

 

4.1. Demand forecasting models 

Demand forecasting models characterize the decision-making challenges of placing orders and product levels at the first 

stage of a multi-stage supply chain. The direct parameters of such models are the forecasted demand over a certain time 

horizon; the cost of production and other supply-side factors are indirect parameters. The procedure consists of building 

a demand forecasting model based on past sales data and additional potential forecasting variables, evaluating it with 

historical data, and finally producing the forecasts for the desired future horizon. 

When setting the demand forecasting model, trained professionals with a solid understanding both of the forecasting 

model site-of-use and of the underlying data are essential. The final choice, nevertheless, usually reduces to which past 
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demand series produces the lowest prediction error for each particular product over a specific time horizon. Demand 

forecasting models are therefore more data-driven than decision-specific inventory level modeling approaches because 

they rely more heavily on attainable prediction success than on an appraisal of whether the results will support the 

decisions in a coherent manner. Supply-side factors must still be taken into consideration, typically by means of a pattern-

imposing transformation process, but the final demand tendency is a more direct expression of the choice of models, 

invariably limited to those available for estimation. 

 
 

4.2. Optimization and decision models 

An optimization model is formulated for each of the core operational aspects driving inventory complexity and cost: (1) 

the allocation of inventory space to items; (2) selection of safety stock levels to manage uncertainty in supply and demand; 

(3) determining how much to order and when to order during the regular season; (4) selecting how much product should 

be made available for resale during promotions and markdowns; and (5) the timing and depth of clearance markdowns. 

In the area of order quantity considerations, a decision heuristic for the promotion allocation problem (how much of each 

item should be made available for promotion during a promotion season) is coupled with a newsvendor-style order 

quantity allocation model that captures the order quantity decision-making process for the regular seasons, and a length 

of sale-modeling framework is used to confirm how much product should be available for sale during clearance. 

Incorporating the complexity reduction ideas proposed above, and addressing one other key aspect of managing 

inventory, an overarching optimization framework is developed for inventory optimization that links the aforementioned 

focus areas under a single framework. This integration allows for the simultaneous evaluation of the major drivers of 

inventory costs: safety stock levels, space allocation, product order quantities in the regular seasons, promotional 

allocations, and markdown strategy. 

 

5. DATA ENGINEERING PIPELINES FOR AI WORKLOADS 

 

Building a data engineering pipeline for an AI use case poses specific challenges in comparison with traditional data-

flow-oriented, business-intelligence-focused pipelines. Typically, there are requirements for advanced ingestion using 

distributed data persistence, optimized for efficient performance on iteratively worked constructs such as large AI data 

models. The operationalization requirements are also different as AI requires orchestrating model/experiment training 

and deployment of (or reuse of prebuilt) prediction models as Ai inference functions. Finally, as AI workloads run on 

advanced mathematical constructs, challenges of scaling these workloads are high due to increased dimensionality in 

data complexity and workload nature like sampling ratio and time-distributed predictions. Hence in a three-tier 

architecture, the interpretation and preparation layers of the model require careful implementation and more attention in 

design and operations. 

The elements making up the design and architecture of the data engineering pipeline are listed first, followed by a brief 

description of other aspects of the pipeline. The pipeline is built on a general-purpose Data Engineering Platform (DEP) 

oriented towards providing a Unified Analytics capabilities to the enterprise or smart cities. At the third tier, a separate, 

advanced layer for model preparation also typically called a Machine Learning Operations Platform (MLOps) is often 

integrated to provide for enterprise-wide model orchestration and monitoring. 
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Order quantity Q Expected cost 

105 86.72 

110 77.61 

115 72.17 

120 70.05 

125 70.83 

130 74.03 

135 79.17 

 

5.1. ETL/ELT strategies for inventory data 

Modern retail decision-making requires fast and effective ETL/ELT pipelines. Online ETL/ELT solutions, via API calls, 

are usually limited in their execution time and capabilities, and therefore best suited to smaller, less-complex problems. 

Batch ETL tools, such as Apache NiFi, Airflow and Apache Beam, can deploy work flows across an organization's cloud 

resources. As inventory systems generate large volumes of data, processing can usually be performed in batch mode. 

Retailers must, however, consider latency constraints in building out these data engineering pipes. 

Optimizing inventory is sometimes considered an ideal batch problem with daily or weekly updates. However, larger 

geographic scopes drive increased complexity for all data engineering methods, requiring a trade off between latency, 

flexibility and freshness of data shares. In environments with very small retailers generating or consuming inventory 

forecasts, familiar online ETL/ELT solutions like API calls must therefore be used. Conversely, an optimal regional or 

national inventory forecast may only be manually refreshed once a week, when every retailer's Data Lake Inventory DB 

is updated. 

 

 
Fig 3: Balancing Latency and Scale in Retail Data Pipelines: A Comparative Analysis of Online and Batch ETL/ELT 

Architectures for Inventory Forecasting 

 

5.2. Data quality assurance and monitoring 

Data volume metrics can mislead assessment of data quality because more records do not guarantee that more information 

is stored or that it is more useful than a smaller set with fewer corrupted data points. Changing input sources changes the 

input data model, potentially causing model degradation. Models can perform surprisingly well with low-quality data 

(e.g., corpus-based linguistic language models trained on meaningless text). However, there must be realistic data quality 

metrics to indicate when data become unfit. Various rules have been proposed in the literature, including: 
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1. History-based and pattern-checking models enable discovery of time-dependent patterns in point, categorical, or 

multivariate wholes and can be used to estimate confidence intervals for the future. 

2. Comparative models can use a second data source (e.g., other weather stations in a region) to identify invalid data, 

similar to web search engines querying from multiple pages. 

3. User-feedback-based models enlist users to provide true range and value changes in historical records. 

4. Machine-learning models verify current data against historical and time-dependent patterns. Samples with large errors 

can be flagged for manual inspection. 

Category, pattern, and user-feedback checking degrade quickly when data reach very large volumes and affect quality. 

Even with advanced automated techniques, when very large data-collections are operated in semi-online or blackboard 

fashion, manual supervision remains necessary. In addition, the further information-theoretic, cost-and-risk-based 

directions for future research offer potential avenues for future work. 

 

 
 

6. OPERATIONALIZATION IN SMART RETAIL ENVIRONMENTS 

 

Reinforcement learning can bridge the demand-forecasting and inventory-managing subsystems, with direct stock-level 

adjustment. Simulation studies with proper empirical environment definition can provide further insights into a 

practically adaptable solution. The developed data architecture, alongside the entire pilot contribution, may assist data-

engineering specialists and industrial decision makers in smart retail Store Inventory Optimization. In particular, the 

proposed data engineering-specific architecture supports various AI modelling approaches while enabling easy 

deployment of data manipulation workloads required to leverage AI models for data in production. 

Typical operation processes for Supply Chain Management (SCM) and Retail Inventory Management (RIM), including 

the interaction and workflow requirements for data engineering and inventory optimizing tasks, are emphasized by the 

centralization of these processes. Such a process-centric approach enables the creation of data-driven Control Function 

Applications (Control Function Apps) that centralize common operational tasks and operationalize Control Function 

processes from a smart retail data-sensing environment. Data-driven Control Function Apps can be applied to D2C (Data 

to Consumer) enabling relevant data-sensing functions deployment at each operation step final Consumer side. 

 

Equation 3) Forecasting horizon 𝑳 → predictive inventory as “one prediction per horizon per SKU” 

The explicitly mentions a forecasting horizon of length 𝐿 with periodic updating. It also frames inventory optimization 

as a policy evaluated over a horizon with simulated flows and costs. 

Let: 

• 𝑑𝑡 = realized demand at time 𝑡 

• 𝑑̂𝑡+ℎ|𝑡 = forecast made at time 𝑡 for time 𝑡 + ℎ, ℎ = 1, … , 𝐿 

A generic supervised learning setup for demand forecasting: 
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Step 1: Feature–label formulation 

Create features 𝑥𝑡 (sales history, price, promotions, weather, events, web traffic, etc.) and label 𝑦𝑡 = 𝑑𝑡. The model 

learns: 

𝑑̂𝑡+1|𝑡 = 𝑓𝜃(𝑥𝑡) 

Step 2: Multi-horizon prediction (direct or recursive) 

Direct multi-output: 

(𝑑̂𝑡+1|𝑡, … , 𝑑̂𝑡+𝐿|𝑡) = 𝐹𝜃(𝑥𝑡) 

Step 3: Forecast accuracy for updating 

For horizon ℎ, define error: 

𝑒𝑡,ℎ = 𝑑𝑡+ℎ − 𝑑̂𝑡+ℎ|𝑡 

Typical loss used for training/evaluation: 

MAEℎ =
1

𝑇
∑|𝑒𝑡,ℎ|

𝑇

𝑡=1

, RMSEℎ = √
1

𝑇
∑𝑒𝑡,ℎ

2

𝑇

𝑡=1

 

 

6.1. Inventory visibility and synchronization 

Inventory visibility, sometimes referred to as inventory transparency, focuses on tracking retail inventory at all locations 

across the retail supply chain, that is, across wholesale warehouses, retail stores, online distribution fulfilment centres, 

parcel sortation centres and so on. Supply-chain-facing systems collect numerous status updates about inventory 

movements from third-party logistics providers, production lines, and so on. Store-facing systems track inventory 

turnover in real-time and trigger notifications about re-stocking or re-buffering needs. 

Synchronization, on the other hand, seeks to reduce the timing lags due to batch processing, mainly by ensuring that each 

trading partner in the process, that is, suppliers, distributors or retailers, has access to the same up-to-date information at 

any point in time about the product inventory status at any designated location. For instance, during crisis periods or even 

for day-to-day operational purposes, grocery retail chains are obliged to reallocate stock from one store to another. By 

providing timely visibility of where stock exists, synchronization facilitates a faster and cheaper execution of check-and-

respond missions. 

 

6.2. Shelf- and store-level optimization 

A set of optimization processes that entails aligning stock levels and minimizing waste over a shorter time horizon, across 

a number of stores and across shelves within those stores, is defined. These processes deal with the day-to-day 

replenishment of products in stock, level replenishment planning, manipulation of promotional decisions, and so on, with 

a time horizon typically varying from one day to one or two weeks, though specific aspects may be addressed in greater 

detail for shorter horizons. 

At a shelf level, the objective is to design promotions (how many stores? Which ones? What price?) that make full use 

of capacity without excess spoilage while taking into account transport and store restocking costs and lead times. Static 

guidelines exist, and optimization is often not required: given a specific product, a retailer seeks to maximize sales, taking 

into account stock availability, pricing, marketing quality, and so on. A more complex and less frequently examined 

question is the cross-impact of price-level decisions on a number of products. The area relies on analytic methods that 

include "expansion matrix" concepts from the econometric toolbox, typically for simplified problems with a limited 

number of stores and/or products. 
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7. CONCLUSION 

 

The scholarly literature on AI and ML applications in the retail sector is extensive. The mathematical modeling techniques 

and algorithms surveyed in Chapter 4 are well-documented and invariably face common data challenges that govern 

predictive performance. Solving these problems—collating, processing, validating and distributing the data for the 

analytical processes—is ordinarily not the focus of reports presenting inventory forecasting solutions. Yet ample evidence 

exists to support the proposition that, in practice, more care and engineering effort is usually invested in the “gathering” 

of detailed multilayer transactional datasets (for tax analysis and auditing) than in the generation of store-level 

aggregation forecasts, despite these tasks effectively being the consumable fare for longer-term optimization of retail 

systems. It is precisely these problems of cost-effective data engineering for AI workloads by the Shiny Data organization 

that have driven a mature practice adept at supporting a diversity of AI applications in other industries, now being adapted 

for the inventory optimization needs of smart retail. 

The learning and operational foundations for the proactive inventory optimization processes of smart retail environments 

have been discussed along with key data needs and sources. An appropriate end-to-end data architecture solution for the 

AI workload remains unresolved, given the recent relatively immature and fragmented engineering approaches typical of 

the many recent data streaming technology advancements in the ML ecosystem. A complete centered AiOps data 

architecture for proactive inventory optimization in retail has yet to be implemented, integrating the deduplicated 

consolidated stores of inventory demand assumptions and external attributes, cost definitions and key distinguishing 

smart retail needs (by classes) in AI pipelines auto-detecting the likely most-cost-effective ai models for predicted outputs 

at predicted known horizons. 

 
Fig 4: Shiny Data Organizational Mandates 

 

7.1. Key Takeaways and Future Directions 

Smart retail inventory optimization for offline and online channels represents a relevant, domain-specific application for 

AI-based models such as reinforcement learning, boosting, or recursive partitioning. Those approaches are well-suited to 

optimize a reasonable business KPI that accurately relates cost (decision variable: inventory level) and revenue (customer 

demand and marketing expense). 

A clear data architecture is required to support end-to-end AI workloads. Data engineering pipelines connect the source 

data layer with the optimized model layer. Incremental extraction and loading from operational data sources, combined 

with efficient abstraction, help to minimize costs in the in-between STM layer. Restructuring the base model in an 

external prediction service enables a fast, well-abstracted destination for the online channel. 
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