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Abstract: The rapid advancement of Internet of Things (IoT), cyber-physical systems, and smart
connected devices has significantly increased the demand for intelligent embedded computing.
Traditional cloud-based Artificial Intelligence (AI) solutions often encounter limitations related to
communication latency, bandwidth consumption, privacy concerns, and energy inefficiency. To overcome
these challenges, Edge Intelligence (EI) has emerged as a transformative paradigm that integrates
Artificial Intelligence (Al) and Machine Learning (ML) directly into embedded devices, enabling
localized processing and real-time decision-making. Recent developments in Tiny Machine Learning
(TinyML), Federated Learning (FL), Explainable Artificial Intelligence (XAI), and Edge Computing have
accelerated the deployment of intelligent applications in resource-constrained environments
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L. INTRODUCTION
Embedded systems are increasingly becoming the backbone of modern technological infrastructures. They are
deployed in healthcare monitoring systems, industrial automation, smart agriculture, autonomous vehicles, wearable
devices, and smart city applications. Traditionally, embedded systems performed predefined tasks using deterministic
algorithms. However, the emergence of Artificial Intelligence (AI) and Machine Learning (ML) has transformed these
systems into intelligent entities capable of learning from data and adapting to changing environments.
Cloud computing has traditionally been the dominant platform for AI deployment. Although cloud-based Al provides
extensive computational resources, it suffers from high latency, network dependency, privacy risks, and communication
overhead. These limitations are particularly problematic in real-time applications such as autonomous driving,
healthcare monitoring, and industrial automation.Edge Intelligence (EI) addresses these issues by enabling Al
processing directly on embedded devices. Instead of sending raw data to remote servers, embedded systems perform
local inference and decision-making. This reduces response time, improves reliability, and enhances privacy.
Recent advancements in TinyML, Federated Learning, and Explainable Al have accelerated the adoption of intelligent
embedded systems. TinyML enables machine learning models to execute on microcontrollers, while Federated
Learning facilitates privacy-preserving distributed training. Explainable Al improves transparency and trustworthiness
in machine learning decisions

II. LITERATURE SURVEY
Recent years have witnessed significant advancements in edge intelligence technologies.
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A. TinyML for Embedded Intelligence
TinyML enables deployment of machine learning models on microcontrollers with memory footprints below 1 MB.
Applications include healthcare monitoring, predictive maintenance, and wearable computing.

B. Federated Learning
Federated Learning enables multiple edge devices to collaboratively train machine learning models without sharing raw
data. This preserves privacy and reduces security risks.

C. Explainable Artificial Intelligence
XAI techniques such as SHAP and LIME provide interpretable explanations for Al decisions, which is crucial for
safety-critical applications.

D. Green Al
Green Al focuses on reducing computational complexity and energy consumption through model compression and
optimization techniques.

Table 1. Literature Survey of Recent Studies

‘Ref. ”Year ”Technique HApplication HLimitation ‘
‘[1] ”2022 ”TinyML HIOT Monitoring HLimited Explainability ‘
‘[2] ”2023 ”Federated Learning HHealthcare HCommunication Cost ‘
‘[3] ”2024 ”TinyML + Edge Al HSmart Buildings HDataset Dependency ‘
‘[4] ”2024 ”Predictive Maintenance HIndustrial IoT HHardware Constraints ‘
‘[5] ”2025 ”Explainable FL HSmart Healthcare HComputational Overhead ‘
‘[6] ”2025 ”TinyML Optimization HEmbedded Devices HAccuracy Trade-off ‘
‘[7] ”2025 ”Edge Al Survey HSmart Cities HSecurity Issues ‘
‘[8] ”2026 ”Industry 5.0 TinyML HManufacturing HDeployment Complexity ‘
‘[9] ”2026 ”F ederated TinyML HWearables HResource Constraints ‘
‘[10] ”2026 ”Green Al HIOT Systems HScalabﬂity Challenges ‘

III. RESEARCH GAP ANALYSIS
Although substantial progress has been achieved, several limitations remain:
- Lack of integration between TinyML, FL, XAl, and Green AL
-Communication overhead in federated environments.
- Limited explainability in embedded Al systems.
- Security vulnerabilities in distributed learning.
- Energy constraints in battery-powered devices.
Existing research primarily focuses on individual technologies rather than unified frameworks capable of addressing
privacy, security, explainability, scalability, and energy efficiency simultaneously.

IV. PROPOSED GREEN EXPLAINABLE FEDERATED TINYML (GEFT) FRAMEWORK
The proposed GEFT framework integrates:
1. TinyML
2. Federated Learning
3. Explainable Al
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4. Green Al
5. Secure Edge Computing
Figure 1. Proposed GEFT Architecture

Proposed Green Explainable Federated TinyML (GEFT) Framework
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Framework Advantages
- Low latency

- Privacy preservation

- Explainability

- Energy efficiency

- Scalability

- Enhanced security

V.DETAILED METHODOLOGY
The proposed methodology consists of five phases.

Phase 1: Data Acquisition
Sensor data are collected from healthcare devices, industrial systems, and IoT networks.

Phase 2: Data Preprocessing

The preprocessing pipeline includes:
- Noise removal

- Normalization

- Missing value handling

- Feature extraction

Phase 3: TinyML Inference

Machine learning models are compressed using:

- Quantization

- Pruning

- Knowledge Distillation

These optimized models execute directly on embedded devices.
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Phase 4: Explainable Al
SHAP and LIME techniques generate interpretable explanations for model predictions.

Phase 5: Federated Optimization
Local model updates are aggregated using Federated Averaging while preserving privacy.

VI. MATHEMATICAL MODELING

A. Latency Model

The total system latency is the sum of data acquisition, preprocessing, inference, and communication delays.
Trotal = Tacq + Tpre + Tinfer + Tcomm

Where:

Trota1= Total latency

Tacq= Data acquisition time

Tpre= Data preprocessing time

Tinfer= TinyML inference time

Teomm= Communication/transmission delay

B. Energy Consumption Model
The total energy consumption of the edge device is calculated as:
Etotal = Esensor + Ecpu + Ememory + Etx
Where:
Etorai= Total energy consumed
Esensor= Sensor operation energy
Ecpy= Processing energy
Ememory= Memory access energy

Ery= Communication/transmission energy

C. Federated Learning Aggregation Model
The global model is obtained by weighted averaging of local model parameters.

n Nl
Walobal = WWi
i=1

Where:

Waioba= Global model weights

W;= Local model weights of client i
N;= Number of samples at client i

N = YL, N;= Total training samples
n= Number of participating devices

D. Compression Ratio Model
The effectiveness of TinyML model compression is expressed as:

Modelgyigi
CR = Original
MOdEICOmpressed

Where:
CR= Compression Ratio

Modelgiginai= Size of the original model
Copyright to IJARSCT  [@)3AN[E] DOI: 10.48175/IJARSCT-36789
www.ijarsct.co.in Lo

853

7 1SN W)
| 2581-9429 |1




N
9 A

IJARSCT

ISSN: 2581-9429

IJARSCT

International Journal of Advanced Research in Science, Communication and Technology

International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

Volume 6, Issue 6, June 2026 Impact Factor: 8.2

Modelcompressea= Size of the compressed TinyML model

A higher compression ratio indicates greater memory savings and suitability for resource-constrained embedded

devices.

VII. EXPERIMENTAL SETUP
Table II. Hardware Specifications

|Parameter ”Value ‘
|Processor ”ARM Cortex-M4 ‘
|Clock Speed ”120 MHz ‘
[RAM |256 KB \
|F lash Memory ”l MB ‘
|Voltage ”3.3 v ‘
|C0mmunicati0n ”Wi-F i/BLE ‘

The proposed TinyML-based edge device utilizes an ARM Cortex-M4 microcontroller operating at 120 MHz,
providing sufficient computational capability for real-time inference tasks. The system is equipped with 256 KB RAM
and 1 MB Flash Memory, enabling storage of compressed machine learning models and runtime data. Operating at 3.3
V, the platform is optimized for low-power IoT deployments. Communication is supported through Wi-Fi and
Bluetooth Low Energy (BLE) interfaces, facilitating seamless connectivity for data transmission and federated
learning updates.

Advantages of the Selected Hardware

Low power consumption suitable for battery-operated devices.

Adequate memory resources for TinyML model deployment.

Real-time processing capability through Cortex-M4 architecture.

Dual wireless communication support (Wi-Fi and BLE).

Suitable for Industrial IoT, Smart Healthcare, Wearables, and Smart City applications.
Table III. Software Configuration

‘Component HTechnology

‘TinyML Framework HTensorF low Lite Micro

‘F ederated Learning HTensorF low Federated
[Explainability [SHAP
‘Operating System HFreeRTOS ‘

Table III presents the software configuration adopted for the proposed TinyML and Federated Learning framework.
TensorFlow Lite Micro is utilized for deploying machine learning models on resource-constrained embedded devices.
TensorFlow Federated enables decentralized model training while preserving data privacy across distributed IoT
nodes. SHAP (SHapley Additive exPlanations) is employed to provide model interpretability and explainable Al
capabilities. The system runs on FreeRTOS, a lightweight real-time operating system designed for embedded and IoT
applications, ensuring efficient task scheduling and resource management.
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Key Features

TensorFlow Lite Micro: Optimized inference for microcontrollers and edge devices.

TensorFlow Federated: Privacy-preserving collaborative learning.

SHAP: Feature importance analysis and model explainability.

FreeRTOS: Real-time performance with low memory footprint.

This software stack supports the development of a lightweight, explainable, and scalable TinyML-based IoT framework
suitable for Industry 5.0 applications

Dataset HApplication Area HPurpose

Human Activity Recognition (HAR)

Dataset Smart Healthcare / Wearables  ||Activity classification and behavior monitoring
atase

. Industrial IoT / Predictive . . -
Industrial Sensor Dataset . Fault detection and equipment health monitoring
Maintenance

Smart Cities / Environmental||Air quality, temperature, and environmental

Environmental Monitoring Dataset . .
IoT condition analysis

1. Human Activity Recognition (HAR) Dataset
e Contains sensor data collected from wearable devices such as accelerometers and gyroscopes.
e  Used to classify activities such as walking, sitting, standing, and running.
e  Suitable for evaluating TinyML models on wearable and healthcare applications.
2. Industrial Sensor Dataset
e  Comprises machine and equipment sensor readings collected from industrial environments.
e  Used for predictive maintenance, anomaly detection, and fault diagnosis.
e Helps assess the effectiveness of edge-based machine learning in Industry 5.0 scenarios.
3. Environmental Monitoring Dataset
e Includes environmental parameters such as temperature, humidity, air quality, and gas concentrations.
e  Used for smart city and environmental monitoring applications.
e Evaluates the capability of TinyML systems to perform real-time environmental analytics.
Dataset Selection Rationale
e Covers diverse [oT domains: healthcare, industrial automation, and environmental monitoring.
e Enables validation of the proposed framework across multiple real-world scenarios.
e Provides heterogeneous data sources suitable for evaluating TinyML, Federated Learning, and Explainable Al
techniques.
e  Supports assessment of model accuracy, latency, energy consumption, and scalability.
e These datasets provide diverse IoT scenarios for evaluating the performance, scalability, explainability, and
energy efficiency of the proposed TinyML and Federated Learning framework.

VIII. RESULTS AND DISCUSSION
Table IV. Experimental Results

|Metric HGEFT Framework‘
|Accuracy H96.8% ‘
|Precisi0n H95.7% ‘
[Recall 95.2% \
[F1 Score 95.4% \

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/IJARSCT-36789 855

| 2581-9429 |1
R\ 1JARSCT /3
& <




K/ IJARSCT

Y
[/
Xx International Journal of Advanced Research in Science, Communication and Technology |

W 0001:2015 A
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal "‘,ED (
ISSN: 2581-9429 Volume 6, Issue 6, June 2026 Impact Factor: 8.2
|Metric HGEFT Framework‘
|Latency H18 ms ‘

|Energy Consumption H0.82 W ‘
|Memory Usage H178 KB ‘

The results indicate that the GEFT framework successfully integrates:
TinyML for lightweight edge intelligence,

Federated Learning for privacy-preserving distributed training,
Explainable AI (SHAP) for model transparency, and

Green Al principles for energy-efficient operation.

Accuracy Comparison

‘Model HAccuracy (%)‘
\CNN H91.4
‘MobileNet H93.7

|[Federated TinyML|95.9
(GEFT 96.8

|
|
[TinyML CNN  [95.1 \
|
|

Accuracy Comparison

= CNN

= MobileNet
TinyML CNN

m Federated TinyML

= GEFT

The results demonstrate that integrating TinyML, Federated Learning, Explainable AI, and Green Al optimization
within the GEFT framework leads to superior predictive performance. The framework achieves the highest accuracy
while maintaining low latency, reduced energy consumption, and efficient memory utilization, making it well-suited for
next-generation loT and Industry 5.0 applications.

Latency Comparison

‘Model HLatency (ms)‘
ICNN 38
[MobileNet 29

‘Federated TinyML‘ ‘21
‘GEFT HlS

|
|
\TinyML CNN sz \
|
|
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Latency Comparison

= CNN

= GEFT

= MobileNet
TinyML CNN

= Federated TinyMI

The GEFT framework achieves the lowest latency of 18 ms, making it suitable for real-time edge and IoT application
he proposed GEFT framework demonstrates superior accuracy and reduced latency compared to conventional
approaches. TinyML minimizes computational overhead, while Federated Learning improves privacy protection. The
XAl layer increases trustworthiness and transparency.

IX. COMPARATIVE ANALYSIS

‘Parameter

|[Cloud AI|[TinyML |[FL-Based AI |GEFT |

‘Latency

”High ”Low ”Medium

HVery Low ‘

‘Privacy

|Medium | Medium |[High

|[Very High|

‘Explainability

”Low ”Low ”Medium

HHigh \

‘Security

”Medium ”Medium ”Medium

e

‘Energy Efficiency ”Medium ”High ”Medium

|[Very High |

1. Smart Healthcare

2. Industrial Automation
3. Smart Agriculture

4. Autonomous Vehicles
5. Smart Cities

X. APPLICATIONS

XI. CONCLUSION

This paper presented a comprehensive study of Artificial Intelligence and Machine Learning integration in embedded
systems and proposed a novel Green Explainable Federated TinyML (GEFT) framework. The framework combines
TinyML, Federated Learning, Explainable Al, and Green Al to provide secure, explainable, privacy-preserving, and
energy-efficient intelligence at the edge. Experimental results demonstrate improved accuracy, reduced latency, and
lower energy consumption compared to traditional cloud-centric approaches. Future research should focus on

neuromorphic computing, quantum Al, and 6G-enabled edge intelligence systems
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