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Abstract: Edge-enabled store analytics has emerged as a transformative approach for real-time performance 

monitoring in modern retail environments. This review explores the convergence of edge computing and 

artificial intelligence (AI) in enabling low-latency Key Performance Indicator (KPI) dashboards across large 

retail chains. By processing data locally at the edge, these systems drastically reduce latency, minimize cloud 

dependency, and enhance privacy, making them well-suited for high-frequency retail operations. The paper 

provides a structured overview of recent AI methods deployed at the edge, examines experimental results 

from real-world deployments, and highlights key performance benefits such as latency reduction, increased 

dashboard accuracy, and cost efficiency. It concludes with future directions emphasizing personalized AI at 

the edge, federated learning innovations, standardization efforts, and ethical considerations. This review aims 

to offer valuable insights for researchers and practitioners seeking to develop scalable, intelligent, and 

efficient store analytics frameworks in the digital retail age. 

 

Index Terms - Edge computing, Artificial intelligence, Retail analytics, KPI dashboards, Federated learning, 

Real-time inference, Smart stores, IoT in retail, Latency optimization, Edge AI frameworks. 

 

Introduction 

In the rapidly evolving landscape of retail technology, the integration of artificial intelligence (AI) with edge 

computing has emerged as a transformative force for operational efficiency, customer experience 

enhancement, and real-time data analytics. The contemporary shift from traditional retail models to intelligent, 

data-driven systems is driven by the increasing demand for immediacy, personalization, and agility in retail 

decision-making. One of the key areas undergoing significant innovation is store analytics, particularly 

through the deployment of edge-enabled AI systems for real-time performance monitoring and key 

performance indicator (KPI) dashboards. These systems empower large retail chains to process data closer to 

the source—within stores themselves—thus drastically reducing latency and ensuring immediate insights 

critical for dynamic retail environments [1]. 

The importance of this topic cannot be overstated in today’s highly competitive and customer-centric retail 

market. With the explosion of Internet of Things (IoT) devices and surveillance systems embedded in physical 

stores, retail environments are generating petabytes of data daily. Yet, transmitting all this data to centralized 

cloud platforms for analysis often results in network congestion, high costs, and unacceptable latency levels. 

Edge computing provides a robust solution by shifting analytics capabilities from the cloud to the edge of the 

network, enabling near-instantaneous data processing and response [2]. Combined with AI, edge-enabled 

systems can automatically detect anomalies, monitor customer behavior, predict inventory needs, and 

streamline operations, thus playing a crucial role in optimizing retail performance [3]. 
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In the broader context of AI and digital transformation, edge-enabled store analytics represent a critical 

juncture where AI, IoT, and big data converge to offer real-world, scalable solutions. This is especially 

significant as global retail chains strive to adapt to increasingly omnichannel environments, integrating in-

store operations with e-commerce platforms and digital marketing strategies. The shift towards edge 

computing reflects a larger movement within AI research and deployment—toward distributed, privacy-

preserving, and low-latency systems. These systems are essential in scenarios where real-time decision-

making is critical, such as dynamic pricing, fraud detection, shelf replenishment, and queue management [4]. 

Despite the growing interest and adoption of edge-enabled analytics in retail, several key challenges persist 

in the research and deployment phases. First, there exists a lack of standardized frameworks for integrating 

AI models with edge computing architectures tailored specifically for retail environments. Many existing 

implementations are fragmented, with limited interoperability between hardware and software components. 

Second, concerns around data privacy, model accuracy in noisy in-store environments, and energy efficiency 

continue to pose significant hurdles to widespread adoption [5]. Furthermore, many current AI systems lack 

adaptability to varying store layouts, customer demographics, and seasonal dynamics, making generalization 

a core research issue. Lastly, there is a scarcity of comprehensive evaluations comparing different AI 

techniques deployed at the edge, which limits the community’s ability to assess and benchmark performance 

in realistic settings [6]. 

Given these challenges and the fast-paced innovation in both AI and edge computing, this review aims to 

consolidate and critically examine the current landscape of edge-enabled store analytics. Specifically, it will 

focus on the deployment of AI-driven KPI dashboards in large retail chains, exploring both foundational 

technologies and recent advances in model design, hardware integration, and application use-cases. The goal 

is to provide researchers and practitioners with a structured understanding of the state-of-the-art, identify key 

research gaps, and suggest future directions for development. Readers can expect the subsequent sections to 

delve into (i) a taxonomy of AI methods used in edge-based retail analytics, (ii) architectural considerations 

for edge deployment, (iii) performance metrics and real-world case studies, and (iv) emerging trends and open 

research questions in this domain. 

Table 1: Summary of Key Research on Edge-Enabled Store Analytics 

 

 

Year Title Focus Findings (Key 

Results and 

Conclusions) 

2016 Fog Computing and 

Its Role in the Internet 

of Things 

Introduced fog 

computing as an 

enabler for IoT-based 

analytics 

Demonstrated that fog 

(edge) computing 

reduces latency and 

supports real-time 

analytics in smart 

environments [7]. 
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2017 Edge Analytics in 

Retail: A Use Case on 

Shelf Monitoring 

Shelf analytics using 

edge-based computer 

vision 

Edge-based vision 

systems significantly 

reduced data 

transmission costs and 

improved shelf stock 

accuracy [8]. 

2018 AI-Powered Retail 

Analytics: Challenges 

and Future Directions 

Overview of AI 

applications in 

physical retail stores 

Highlighted real-time 

personalization and 

low-latency analytics 

as key AI benefits in 

retail settings [9]. 

2019 Real-Time Edge 

Computing for Retail 

Video Analytics 

Deployment of AI at 

edge nodes for camera 

data analysis 

Proved that on-device 

analytics maintained 

performance while 

cutting cloud 

dependency and 

preserving privacy 

[10]. 

2020 Edge AI: 

Opportunities and 

Challenges in Retail 

Comparative study of 

edge AI frameworks 

in retail 

Identified trade-offs 

between latency, 

energy, and model 

accuracy; suggested 

modular frameworks 

[11]. 

2021 An End-to-End Edge 

Intelligence System 

for Real-Time KPI 

Monitoring in Smart 

Stores 

End-to-end 

architecture for edge 

KPI dashboards 

Achieved 30–50% 

improvement in 

dashboard refresh 

times compared to 

cloud systems [12]. 

2021 Low-Power AI 

Models for Edge-

Based Customer 

Behavior Analysis 

Optimization of deep 

learning for low-

power edge devices 

Found MobileNet and 

SqueezeNet models 

effective for real-time 

behavior tracking 

without major 

accuracy loss [13]. 
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2022 Secure and Efficient 

Retail Monitoring 

Using Federated 

Learning on Edge 

Devices 

Federated learning in 

store-level monitoring 

Improved model 

generalizability while 

preserving customer 

data privacy [14]. 

2023 Deployment of Edge 

AI for Inventory 

Forecasting in Large-

Scale Retail Chains 

Forecasting inventory 

via edge-based time 

series models 

Edge-LSTM models 

reduced forecasting 

latency by 70% 

compared to cloud 

LSTMs, while 

retaining accuracy 

[15]. 

2024 Benchmarking Edge 

AI Frameworks for 

In-Store Real-Time 

Decision Making 

Benchmarking of 

edge platforms 

(NVIDIA Jetson, 

Google Coral, etc.) 

Concluded Jetson 

Xavier NX offered the 

best performance-per-

watt ratio for KPI 

dashboards in real 

store tests [16]. 

Proposed Theoretical Model and System Architecture 

1. Overview 

The design of an edge-enabled analytics system for real-time KPI dashboards in large retail chains necessitates 

a multi-layered architecture. This architecture integrates AI capabilities directly into edge nodes, minimizing 

latency, maximizing responsiveness, and enhancing the overall operational agility of retail systems. The 

system can be modeled in five major functional layers: Data Acquisition, Edge Processing, AI-Based 

Inference, KPI Aggregation, and Dashboard Visualization. Each of these layers is interconnected and 

responsible for specific analytics tasks. 
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2. Block Diagram of the Proposed System 

 
Figure 1: Block Diagram of Edge-Enabled Store Analytics for Real-Time KPI Dashboard 
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Figure 1 Description: 

● Data Acquisition Layer: Utilizes in-store IoT sensors, surveillance cameras, RFID tags, and POS 

(Point-of-Sale) terminals to gather real-time data on customer movement, product stock levels, 

transaction logs, and environmental conditions (e.g., temperature or lighting). 

● Edge Processing Layer: Local edge servers (e.g., NVIDIA Jetson, Google Coral) perform primary 

data pre-processing such as filtering, normalization, noise removal, and data compression [17]. 

● AI-Based Inference Layer: Runs lightweight and optimized AI models for use cases like customer 

detection, product misplacement alerts, sentiment analysis, and purchase forecasting using CNNs, 

RNNs, and federated learning frameworks [18]. 

● KPI Aggregation Layer: Aggregates outputs from multiple inference modules to generate KPI 

metrics such as foot traffic, conversion rates, stock turnover, and average dwell time [19]. 

● Dashboard Visualization Layer: Sends aggregated KPIs to in-store managers or central headquarters 

via secure connections, supporting real-time dashboard updates and automated decision-making 

triggers [20]. 

3. Theoretical Model 

We propose a hybrid federated-edge theoretical model for store analytics that prioritizes real-time 

inference, data minimization, and privacy preservation. 

Model Components: 

1. Edge Nodes (Ei): 

Each retail outlet Ri is equipped with localized edge servers Ei that handle localized analytics tasks, 

such as: 

KPIi(t)=f(Di(t),Mi) 

where Di(t) is the data input from sensors at time t, and Mi is the AI model trained for store i. 

2. Federated Learning Framework: 

Local models Mi are periodically updated and then aggregated into a global model MG without 

transmitting raw data: 

MG(t+1)=∑i=1Nwi⋅Mi(t) 

where wi is a weight assigned based on store size or data quality, and N is the total number of edge 

nodes [21]. 

3. KPI Derivation Function: 

AI models compute KPIs using real-time pattern recognition: 

KPI=g(InferenceAI,Time,Store_Context) 

For example, the KPI "Average Dwell Time" might be calculated as: 

Avg_Dwell=Total_Time_SpentTotal_Customers 

4. Discussion 

Edge-Centric Intelligence 

The use of edge computing allows systems to execute inference tasks directly at the data source. This 

significantly reduces the need for cloud roundtrips and allows latency-sensitive tasks like queue monitoring 

or theft detection to be executed almost instantly [17]. Studies show that compared to cloud-only systems, 

edge-enhanced systems reduce average response time by 40–70% in real-world scenarios [18]. 
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AI Models Optimized for the Edge 

Running AI at the edge necessitates lightweight models. Frameworks such as MobileNet, EfficientNet, and 

YOLOv5-Nano have been tailored for embedded processors, achieving near-real-time performance with low 

power consumption [19]. Furthermore, techniques like model pruning, quantization, and knowledge 

distillation enhance the feasibility of these deployments [20]. 

KPI Optimization via Federated Intelligence 

Federated learning enables collaborative training without violating customer privacy. This decentralized 

approach is particularly useful in retail, where customer behaviors may differ across stores. Federated models 

aggregate learning from multiple outlets, allowing generalization while respecting privacy constraints and 

minimizing network load [21]. 

Real-Time Dashboard Updates 

The system's output layer integrates with business intelligence tools (e.g., Power BI, Grafana, Tableau), 

offering visual dashboards that update in real-time based on edge-derived analytics. These dashboards enable 

in-store staff and regional managers to make instant data-driven decisions—like opening new checkout lanes, 

restocking shelves, or launching personalized promotions [22]. 

Security and Privacy Layer 

Security is ensured via edge-based data anonymization, TLS encryption, and device-level firewalls. AI 

models also avoid storing raw images or customer data on persistent storage, meeting GDPR and CCPA 

compliance standards [23]. 

5. Advantages of the Proposed Model 

● Low Latency: Rapid decision-making enabled through on-site inference. 

● Privacy-Preserving: Raw data stays within the store; only insights are shared centrally. 

● Scalable: Easily deployable in geographically distributed retail chains. 

● Resilient: Maintains core functionalities even with intermittent internet connectivity. 

● Real-Time KPI Delivery: Enables dynamic decision-making at store and headquarters levels. 

Experimental Results and Performance Evaluation 

1. Experimental Setup 

The experimental evaluation is based on data collected from four simulated retail store environments 

equipped with IoT sensors, AI-enabled cameras, and edge computing devices (NVIDIA Jetson Xavier NX 

and Google Coral Dev Board). Each setup includes real-time processing for: 

● Customer foot traffic detection 

● Product shelf tracking 

● Queue monitoring 

● KPI dashboard updates 
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The following AI models were used: 

● MobileNetV3 for image classification tasks 

● YOLOv5-Nano for object detection 

● LSTM for inventory forecasting 

● Federated Learning (FedAvg) for model aggregation across stores 

The systems were tested under both cloud-only and edge-enhanced configurations to compare latency, 

model accuracy, and bandwidth consumption. 

2. Results: Latency Comparison 

Task Cloud-Based System 

(ms) 

Edge-Based System 

(ms) 

Latency Reduction 

(%) 

Shelf Stock Detection 920 210 77.2% 

Queue Length 

Estimation 

650 170 73.8% 

Customer Dwell Time 

Logging 

880 260 70.4% 

Inventory Refill 

Alerts 

700 190 72.9% 

Table 2: Latency comparison between cloud and edge-based deployments (data averaged over 5,000 

inferences) 

As shown in Table 2, edge-based systems demonstrated latency reductions between 70–77% across various 

store-level inference tasks. This improvement is critical in scenarios requiring real-time responsiveness [24]. 
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Results: Model Accuracy on Edge Devices 

AI Model Accuracy on 

Cloud (%) 

Accuracy on 

Edge (%) 

Accuracy Loss 

(%) 

Inference Time 

(ms) 

MobileNetV3 91.2 90.5 0.7 45 

YOLOv5-Nano 88.0 87.2 0.8 58 

LSTM Inventory 

Model 

86.5 86.1 0.4 70 

Table 3: Comparison of model accuracy and inference time (edge vs cloud) 

Key Observations: 

● The edge deployment of AI models yielded only 0.4–0.8% accuracy degradation, which is 

acceptable for real-time retail analytics. 

● Inference time remained well under 100ms, enabling smooth KPI monitoring [26]. 

Results: Bandwidth and Network Traffic Savings 

 

Configuration Average Daily Data Sent to 

Cloud (GB) 

Network Cost per 

Store/Month (USD) 

Cloud-Only 72.5 135.00 

Edge + Federated 11.2 20.80 

Edge + Periodic Sync 25.3 48.60 

Table 4: Bandwidth usage and cost savings for edge-based architectures 

By conducting most processing at the edge, data transfers were reduced by 65–85%, with corresponding 

reductions in operational costs [27]. 

 

http://www.ijcrt.org/


www.ijcrt.org                                                      © 2025 IJCRT | Volume 13, Issue 8 August 2025 | ISSN: 2320-2882 

IJCRT2508897 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org h687 
 

Case Study: Federated Learning Performance 

To test federated AI in a real-time retail setting, a federated LSTM model was trained across four simulated 

retail stores to forecast hourly inventory levels. 

Method MAE (Mean 

Absolute Error) 

Training Time (hrs) Data Privacy 

Centralized LSTM 8.4 2.3 Low (data 

centralized) 

Federated LSTM 

(FedAvg) 

8.9 2.9 High (no raw data 

shared) 

Local-only LSTM 11.2 1.2 High 

Table 5: Inventory Forecasting Accuracy Using Federated LSTM 

Insights: 

● Federated learning provided near-parity in accuracy (within 6% of centralized models) while 

maintaining data privacy. 

● Though slightly slower in training, it avoided the need for transmitting sensitive customer behavior or 

stock data [28]. 

KPI Tracking Improvements 

A field deployment study by Hossain et al. [29] revealed that integrating edge-AI systems increased the 

accuracy of KPI dashboard metrics in four key areas: 

 

KPI Accuracy Before Edge (%) Accuracy After Edge (%) 

Foot Traffic Count 81.2 95.6 

Product Misplacement Alerts 73.0 92.1 

Queue Waiting Time 77.5 93.7 
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Restocking Timeliness 70.1 89.9 

Table 6: KPI Accuracy Before and After Edge-AI Deployment 

 

Graph 1: Comparison of KPI Accuracy Before and After Edge-AI Deployment 

These results reinforce the conclusion that edge AI contributes significantly to real-time, actionable insights 

for retail decision-makers [30]. 

Future Directions 

As edge-enabled analytics continues to mature in the retail domain, several promising future directions emerge 

that could further amplify the performance, intelligence, and ethical application of these systems. 

1. Personalized Edge Intelligence 

The next frontier in store analytics will likely be hyper-personalization, where AI models at the edge can 

tailor product recommendations, in-store promotions, and layout adaptations in real time based on individual 

customer behavior. By integrating customer loyalty profiles with in-store behavior recognition systems, edge 

AI can create dynamic, personalized experiences while ensuring data remains local to the device. 

2. Context-Aware Federated Learning 

Traditional federated learning assumes homogeneous data across clients. Future research should focus on 

context-aware federated learning that adapts to the unique characteristics of each store—such as customer 

demographics, store layout, or regional preferences. This could enable better generalization and localized 

intelligence without sacrificing model accuracy. 
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3. Standardization and Interoperability 

Currently, many edge deployments in retail are highly vendor-specific, with limited interoperability. There is 

an urgent need for standardized protocols, APIs, and open-source edge frameworks that can ensure 

seamless integration between AI models, sensors, and retail infrastructure. Initiatives like Open Retail 

Initiative (ORI) and EdgeX Foundry could play a vital role in fostering this ecosystem. 

4. Integration with Blockchain for Auditability 

For enhanced trust and transparency, future systems may incorporate blockchain-based audit trails that log 

all AI-based decisions, especially those related to pricing, staff allocation, and customer service actions. This 

can ensure greater accountability in automated retail decision-making systems. 

5. Green AI and Sustainable Edge Systems 

Given the proliferation of edge devices, there’s a growing demand for energy-efficient AI models. Research 

must explore Green AI practices, such as using energy-aware model pruning, renewable-powered edge nodes, 

and AI workload scheduling based on energy consumption patterns. 

6. Ethical and Regulatory Frameworks 

As edge analytics increasingly influences customer behavior and staff management, there is a critical need for 

ethical guidelines and regulatory oversight. Areas such as biometric surveillance, emotion detection, and 

automated staff scheduling raise complex ethical questions around bias, consent, and surveillance culture in 

retail environments [36]. 

Conclusion 

This review has examined the transformative impact of edge-enabled analytics on store operations, 

particularly in powering low-latency KPI dashboards across large-scale retail chains. By processing data 

locally, edge systems reduce latency, enhance data privacy, and support real-time responsiveness—essential 

capabilities for today’s dynamic retail environments. We explored a multi-layered theoretical model, 

presented empirical evidence of latency and bandwidth improvements, and showcased how edge-AI 

deployment can maintain high accuracy while minimizing operational costs. 

The integration of AI and edge computing is not merely a technological upgrade; it signifies a paradigm shift 

in how physical retail spaces are monitored, managed, and optimized. As the retail sector continues to 

digitalize, the adoption of intelligent edge systems will become increasingly central to maintaining 

competitiveness and meeting customer expectations. Future innovations in personalized edge AI, federated 

learning, and ethical deployment practices will further enhance the potential of this transformative technology. 

It is imperative that both researchers and practitioners work toward creating intelligent retail ecosystems that 

are not only efficient but also ethical, inclusive, and sustainable. 
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