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Abstract 

Edge computing has emerged as a critical paradigm for real-time data processing, reducing latency, 

and minimizing bandwidth usage by bringing computation closer to data sources. However, efficiently 

managing and processing data at the edge remains challenging due to resource constraints and the 

complexity of AI-driven workflows. This paper proposes a simplified AI-optimized data 

engineering framework tailored for edge computing applications. The framework integrates 

lightweight machine learning models, optimized data pipelines, and edge-aware resource 

management to enhance efficiency and scalability. We evaluate the proposed framework using real-

world IoT and edge computing scenarios, demonstrating significant improvements in processing 

speed, energy efficiency, and model accuracy compared to traditional cloud-centric approaches. Our 

findings suggest that AI-optimized data engineering can unlock new possibilities for intelligent edge 

applications in smart cities, healthcare, and industrial automation. 

 

Keywords: Edge computing, AI optimization, data engineering, lightweight machine learning, IoT, 

real-time processing, resource efficiency 

 

1. Introduction 

 

The exponential growth of IoT devices and the increasing demand for real-time analytics have 

significantly accelerated the adoption of edge computing, a paradigm where data processing is 

performed closer to the data source rather than relying on centralized cloud servers. This shift is driven 

by the need to reduce latency, minimize bandwidth consumption, and enhance privacy by keeping 

sensitive data localized. However, despite its advantages, edge computing introduces several critical 

challenges, including limited computational resources, stringent energy constraints, and the 

complexity of deploying AI models efficiently in distributed environments. Traditional data 

engineering frameworks, which are often designed for high-performance cloud infrastructures, tend 

to be too resource-intensive for edge devices, leading to inefficiencies in processing speed, power 

consumption, and scalability. To address these challenges, this paper proposes a simplified AI-

optimized data engineering framework specifically tailored for edge computing applications. The 

framework integrates lightweight machine learning techniques, adaptive data pipelines, and edge-

aware optimizations to ensure efficient real-time processing while maintaining low energy 

consumption. One of the key contributions of this research is the development of a modular data 

engineering framework that intelligently balances performance and resource efficiency, allowing 

seamless deployment across heterogeneous edge devices. Additionally, the framework 

incorporates AI-driven optimizations, such as model compression techniques to reduce computational 

overhead, federated learning for decentralized model training, and dynamic workload distribution 

strategies to maximize resource utilization. To validate the effectiveness of the proposed framework, 

real-world experiments were conducted in IoT and industrial edge computing scenarios, 

demonstrating significant improvements in processing speed, energy efficiency, and model accuracy 

compared to conventional cloud-based and edge-native solutions. These findings highlight the 

potential of AI-optimized data engineering in enabling smarter, faster, and more sustainable edge 
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computing applications across various domains, including smart cities, healthcare monitoring, and 

industrial automation. 

The rapid expansion of IoT ecosystems has led to an unprecedented surge in data generation, 

necessitating advanced computing architectures capable of handling real-time analytics with minimal 

delay. Edge computing has emerged as a viable solution by decentralizing data processing and 

bringing it closer to the source, thereby reducing the reliance on distant cloud servers. This approach 

not only enhances response times but also alleviates network congestion and lowers operational costs 

associated with data transmission. However, edge devices typically operate under severe resource 

constraints, including limited processing power, memory, and battery life, making it difficult to 

deploy traditional data engineering frameworks that were originally designed for high-capacity cloud 

environments. These frameworks often involve complex algorithms and large-scale data processing 

pipelines that are impractical for edge deployment due to their excessive computational demands. 

Consequently, there is a pressing need for a simplified yet intelligent approach that can streamline 

data engineering processes while maintaining high efficiency and accuracy. This paper addresses this 

gap by introducing an AI-optimized data engineering framework that leverages cutting-edge 

techniques such as lightweight machine learning models, adaptive data filtering, and edge-specific 

resource management strategies. The framework’s modular architecture ensures flexibility, allowing 

it to be customized for various edge applications without compromising performance. 

One of the standout features of the proposed framework is its use of model compression techniques, 

which significantly reduce the size and complexity of AI models without sacrificing accuracy. 

Techniques such as pruning, quantization, and knowledge distillation enable the deployment of 

sophisticated machine learning algorithms on resource-constrained edge devices, making real-time 

AI applications feasible in environments where computational resources are scarce. Furthermore, the 

framework incorporates federated learning, a decentralized machine learning approach that allows 

edge devices to collaboratively train models without sharing raw data. This not only enhances privacy 

and security but also reduces the bandwidth required for data transmission, making it ideal for 

distributed edge networks. Another critical component of the framework is its dynamic workload 

distribution mechanism, which intelligently allocates computational tasks across edge nodes based on 

real-time resource availability. This ensures optimal utilization of available hardware, preventing 

bottlenecks and improving overall system efficiency. To validate the framework’s performance, 

extensive testing was conducted in real-world IoT and industrial automation scenarios, where it 

demonstrated remarkable improvements in processing speed, energy efficiency, and scalability. For 

instance, in a smart traffic management use case, the framework reduced latency by 40% compared 

to traditional cloud-based processing, while in an industrial predictive maintenance application, it 

achieved 92% model accuracy with 30% lower energy consumption than conventional edge AI 

solutions. These results underscore the framework’s potential to revolutionize edge computing by 

enabling faster, more efficient, and sustainable data processing. 

 

2. Literature Survey 

 

The integration of artificial intelligence (AI) with edge computing has emerged as a transformative 

paradigm for enabling real-time, intelligent applications across various domains. This literature 

survey synthesizes key research contributions in AI-optimized data engineering frameworks for edge 

computing, focusing on architectural approaches, optimization techniques, and practical 

implementations. 

 

Foundations of Edge Computing and AI Integration 

The conceptual foundations of edge computing were established by [1], who introduced fog 

computing as an extension of cloud computing to the network edge, particularly for IoT applications. 

This work laid the groundwork for distributed computing architectures that bring computation closer 

to data sources. The survey by [8] provided a comprehensive overview of edge computing 

architectures, highlighting the challenges of resource constraints and latency requirements in edge 
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environments. Building on these foundations, [13] articulated the vision and challenges of edge 

computing, emphasizing its role in enabling real-time IoT applications. 

 

Edge Intelligence Paradigms 

The convergence of AI and edge computing, termed "edge intelligence," has been extensively 

explored in recent literature. [3] examined this confluence, discussing how AI capabilities can be 

effectively deployed at the network edge. This perspective was expanded by [18], who investigated 

the challenges in bringing AI to the "last mile" of edge devices. The comprehensive survey by [15] 

analyzed the convergence of edge computing and deep learning, providing a taxonomy of edge 

intelligence approaches and their applications. 

 

AI Model Optimization for Edge Devices 

A critical challenge in edge AI is deploying sophisticated models on resource-constrained devices. 

[5] pioneered model compression techniques through their work on deep neural network compression 

using pruning, quantization, and Huffman coding. These techniques were further advanced by [6], 

who developed AutoML approaches for automated model compression and acceleration on mobile 

devices. The survey by [17] provided a systematic review of lightweight deep learning methods 

specifically designed for resource-constrained edge environments. 

 

Distributed Learning Paradigms 

Federated learning has emerged as a key approach for distributed model training in edge networks. 

The foundational work by [10] introduced communication-efficient methods for learning from 

decentralized data. This was complemented by [7], who identified key advances and open problems 

in federated learning. [16] further explored the concepts and applications of federated machine 

learning, particularly in edge computing scenarios. 

 

Data-Centric Approaches 

Recent research has emphasized the importance of data engineering in edge AI systems. [4] 

investigated AI-based data governance frameworks for complex edge data ecosystems, while [9] 

explored self-learning data models that continuously adapt to edge environments. [11] contributed to 

this domain by developing intelligent data flow automation techniques for AI systems in edge 

computing scenarios. 

 

Domain-Specific Applications 

Several studies have examined practical implementations of edge AI. [12-14] developed specialized 

classifiers and IoT-based safety systems optimized for edge deployment. [19] Demonstrated 

performance improvements in web applications through edge server architectures, while [2] 

specifically examined the intersection of machine learning and edge computing in practical 

applications. 

 

Emerging Directions 

Cutting-edge research in neural architecture search, as demonstrated by [20], points to future 

directions for automated model design in edge computing environments. These approaches promise 

to further optimize AI deployment at the edge through automated neural network architecture 

discovery. 

 

3. Research Objectives 

 

The primary aim of this research is to develop and evaluate an efficient, AI-optimized data 

engineering framework tailored specifically for edge computing environments. In support of this 

overarching goal, the research is guided by the following specific objectives: 
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1. To design a lightweight, AI-optimized data engineering framework for edge computing: 

This involves architecting a modular framework that integrates key components such as compact AI 

models, edge-adaptive data pipelines, and intelligent resource scheduling mechanisms. The goal is to 

ensure the framework can operate efficiently within the constrained computational and energy budgets 

typical of edge devices. 

 

2. To enhance real-time data processing with minimal latency and energy consumption: 

By incorporating techniques such as model compression (e.g., pruning and quantization), stream 

processing, adaptive sampling, and reinforcement learning-based scheduling, the research seeks to 

reduce data transmission overhead and improve inference speed. These enhancements are critical to 

enabling responsive and energy-efficient AI-driven services at the edge. 

 

 

3. To evaluate the framework’s performance in IoT, smart city, and industrial automation use 

cases: 

The framework will be deployed and tested in representative scenarios, including smart traffic 

management systems and predictive maintenance in Industry 4.0. These use cases are selected to 

demonstrate the framework’s applicability across diverse edge environments and to assess its 

scalability, robustness, and practical utility. 

 

4. To compare the proposed approach with traditional cloud-based and edge-native solutions: 

A comprehensive performance comparison will be conducted using key metrics such as latency, 

model accuracy, energy efficiency, and bandwidth utilization. This comparative analysis aims to 

highlight the advantages of the proposed approach over existing methods and to validate its 

effectiveness in real-world edge computing scenarios. 

 

4. Proposed Methodology 

 

Our AI-optimized edge computing framework is structured around three core components that 

collectively enhance operational efficiency, minimize latency, and optimize resource utilization 

across distributed edge environments. The architectural flow of the proposed methodology is 

illustrated in Fig. 1. 

 
Fig 1: Flow chat for Proposed Methodology 
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1. Lightweight AI Model Deployment 

To overcome the computational limitations inherent to edge devices, we employ neural network 

pruning and quantization techniques. Pruning eliminates redundant neurons, reducing the model's 

complexity, while quantization compresses high-precision weights into lower-bit representations, 

making the models more suitable for edge-level hardware with limited processing capacity. These 

optimizations substantially decrease model size and inference latency while preserving accuracy. 

In addition, we incorporate federated learning, which facilitates collaborative model training across 

distributed edge nodes without necessitating centralized data aggregation. This approach preserves 

data privacy by keeping raw data local and ensures continuous global model refinement through 

periodic weight synchronization among edge nodes. 

 

2. Optimized Edge Data Pipelines 

To enable real-time data processing, the framework utilizes stream processing platforms such as 

Apache Kafka Edge. These systems handle high-velocity IoT data efficiently. Our pipeline further 

integrates adaptive sampling and filtering mechanisms, which intelligently regulate the data stream 

based on contextual relevance and network load. By dynamically adjusting sampling rates and 

discarding low-value or redundant data, we reduce unnecessary transmissions and processing 

overhead. 

We also deploy edge caching strategies to store frequently accessed or mission-critical data locally. 

This reduces response time and bandwidth consumption, ensuring that only high-value, actionable 

data is transmitted and processed, thereby optimizing overall system throughput and performance. 

 

3. Edge-Aware Resource Management 

To effectively manage computational resources, we introduce a reinforcement learning (RL)-based 

scheduling mechanism that dynamically allocates processing tasks across edge nodes. The RL agent 

learns optimal task distribution policies by evaluating real-time workload, energy budgets, and system 

performance, aiming to balance latency and energy consumption. 

Furthermore, we implement predictive workload offloading based on historical usage trends and real-

time telemetry. This enables intelligent decisions on whether to execute tasks locally or offload them 

to neighboring edge devices or cloud infrastructure. The result is a flexible, adaptive system that 

maintains low-latency response while minimizing energy expenditure. 

 

5. Results and Analysis 

 

We tested the proposed AI-optimized edge computing framework in two real-world scenarios to 

evaluate its effectiveness across multiple performance metrics. 

In the first scenario, Smart Traffic Management, the framework demonstrated a significant 

reduction in processing latency. Compared to conventional cloud-based solutions, our approach 

reduced latency by 40%, enabling faster response times and improved traffic signal control in high-

density urban environments. This performance gain is attributed to the lightweight AI models 

deployed at the edge, combined with efficient data pipelines and edge-aware scheduling strategies. 

The comparative analysis is illustrated in Fig. 2: Latency Comparison - Smart Traffic 

Management, and further detailed through a breakdown of latency across cloud, edge-native, and 

proposed frameworks in Fig. 5: Latency Breakdown by Processing Approach. 

In the second scenario, Predictive Maintenance in Industry 4.0, our system achieved 92% model 

accuracy, outperforming traditional edge AI models. Furthermore, the proposed framework 

consumed 30% less energy, thanks to optimized resource allocation and workload offloading 

techniques. These results validate the framework’s suitability for energy-constrained industrial 

settings while maintaining high predictive accuracy. These findings are visually represented in Fig. 

3: Model Accuracy - Predictive Maintenance and Fig. 4: Energy Consumption Comparison. 

Finally, to provide a comprehensive assessment of the framework’s overall capabilities, we evaluated 

four key performance indicators: latency, energy efficiency, accuracy, and bandwidth usage. The 
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radar chart in Fig. 6: Overall Performance Comparison clearly shows the superiority of the 

proposed method across all metrics when benchmarked against traditional edge AI solutions. 

These results collectively highlight the framework’s potential to deliver scalable, energy-efficient, 

and high-performing AI solutions for next-generation edge computing environments. 

 

 
Fig 2: Latency Comparison - Smart Traffic Management 

 

 
Fig 3: Model Accuracy - Predictive Maintenance 
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Fig 4: Energy Consumption Comparison 

 

 
Fig 5: Latency Breakdown by Processing Approach 
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Fig 6: Overall Performance Comparison 

 

6. Conclusion 

 

This paper concludes by presenting a comprehensive AI-optimized data engineering framework for 

edge computing, aimed at overcoming key challenges in real-time analytics, resource efficiency, and 

system scalability. The proposed architecture integrates lightweight AI model deployment, optimized 

edge data pipelines, and intelligent, context-aware resource management strategies. Through 

experimental validation in smart traffic management and industrial predictive maintenance scenarios, 

the framework demonstrated notable improvements—achieving up to 40% latency reduction, 92% 

model accuracy, and 30% lower energy consumption compared to traditional approaches. 

These results affirm the potential of the framework to serve as a scalable and energy-efficient solution 

for a broad range of edge computing applications. Future work will focus on evolving the framework 

into a fully autonomous system by incorporating self-optimizing AI pipelines and decentralized 

learning mechanisms, paving the way for intelligent and adaptive edge infrastructures across diverse 

industrial domains. 
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