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(Abstract )
The rapid evolution of intelligent electronic systems has created a demand for energy-efficient and adaptive computational
frameworks capable of supporting real-time decision-making and autonomous operations. This paper presents an energy-aware
cognitive learning framework integrated with bio-inspired optimization techniques for next-generation intelligent electronics. The
proposed architecture combines deep cognitive learning mechanisms with a hybrid optimization strategy to enhance energy
utilization, prediction accuracy, and computational efficiency. Feature extraction and learning are performed through cognitive
neural models, while bio-inspired optimization algorithms are employed to optimize system parameters and reduce energy
consumption. Extensive experiments demonstrate that the proposed model achieves an average classification accuracy of 98.7%,
precision of 98.4%, recall of 98.2%, and F1-score of 98.3%, while reducing energy consumption by approximately 24.8% and
improving processing efficiency by 19.6% compared with conventional intelligent electronic frameworks. The obtained results
indicate that the proposed energy-aware cognitive learning model provides a reliable and scalable solution for future intelligent
electronic applications requiring low-power operation and high computational performance.

Keyword: Intelligent Electronics, Energy-Aware Computing, Cognitive Learning Models, Bio-Inspired Optimization, Deep
Learning, Computational Intelligence, Energy Efficiency, Machine Learning, Smart Electronic Systems, Next-Generation
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1. Introduction

The emergence of next-generation intelligent electronics has accelerated the integration of artificial
intelligence, machine learning, and energy-efficient computing paradigms into modern electronic systems.
Applications such as autonomous devices, wearable electronics, Internet of Things (IoT) networks, and
smart industrial systems demand high computational capability while maintaining low power
consumption and sustainable operation [1]. Consequently, the development of energy-aware learning
frameworks has become a crucial research direction in intelligent electronics.

Recent advancements in cognitive computing have enabled electronic systems to imitate human-like
reasoning and adaptive decision-making processes. Cognitive learning models employ data-driven
mechanisms to analyze complex patterns, enhance predictive capabilities, and support autonomous
responses under dynamic environments [2]. These models have found applications in healthcare
monitoring, smart grids, cyber-physical systems, and intelligent communication networks due to their
capability to process heterogeneous information efficiently [3].

The increasing complexity of electronic devices and embedded systems has introduced significant
challenges related to energy consumption and computational overhead. Conventional machine learning
approaches often require substantial processing resources, leading to excessive power utilization and
reduced system lifetime [4]. Therefore, incorporating energy-aware mechanisms into intelligent learning
frameworks has become essential for achieving sustainable and efficient electronic systems.

Bio-inspired optimization algorithms have emerged as promising techniques for addressing complex
optimization problems encountered in intelligent electronics. Inspired by natural phenomena and

Vol.6, No.9s, 2026 588


http://www.svedbergopen.com/ijaiml
mailto:bijishabu@gmail.com
mailto:cfrdillibabu@gmail.com
mailto:ananthi68@gmail.com
mailto:balakrishnanme@gmail.com
mailto:baskardr@gmail.com
mailto:nesaraniabraham84@kluniversity.in

www.svedbergopen.com/ijaiml International Journal of Artificial Intelligence and Machine Learning

collective behavior of living organisms, algorithms such as Particle Swarm Optimization, Ant Colony
Optimization, Grey Wolf Optimization, and Whale Optimization Algorithm provide effective solutions for
parameter tuning and resource allocation [5]. These algorithms are capable of improving convergence
speed, reducing energy usage, and enhancing the overall learning performance of intelligent systems.

In recent years, the convergence of cognitive learning and bio-inspired optimization has attracted
considerable attention among researchers. Hybrid approaches combining deep learning architectures with
nature-inspired optimization techniques have demonstrated superior performance in terms of accuracy,
robustness, and computational efficiency [6]. Such integrated frameworks are particularly suitable for real-
time intelligent electronics where both performance and energy efficiency are critical requirements.

The evolution of edge intelligence and smart electronic architectures has further emphasized the need for
adaptive and energy-conscious computational models. Edge devices typically operate under limited battery
capacity and constrained processing resources, necessitating efficient algorithms capable of minimizing
power dissipation while maintaining high-quality inference [7]. Energy-aware learning strategies enable
these devices to perform intelligent tasks without compromising operational reliability.

Another significant challenge in intelligent electronics is the optimization of multiple conflicting objectives,
including accuracy, latency, throughput, and energy consumption. Traditional optimization methods often
fail to achieve a satisfactory balance among these performance metrics. Bio-inspired optimization
approaches provide a flexible mechanism for exploring the search space and identifying near-optimal
solutions with reduced computational complexity [8]. Their ability to adapt dynamically makes them highly
suitable for future electronic ecosystems.

Advances in deep neural networks and cognitive computing have also facilitated the development of
autonomous systems capable of self-learning and continuous adaptation. These systems leverage cognitive
mechanisms to extract meaningful features from complex datasets and employ optimization strategies to
fine-tune network parameters [9]. Such capabilities contribute to improved reliability and reduced energy
expenditure in intelligent electronic applications.

Despite the remarkable progress achieved in intelligent learning frameworks, existing approaches still
suffer from issues related to excessive energy consumption, parameter sensitivity, and scalability
limitations. Addressing these challenges requires the development of integrated architectures that
simultaneously consider learning efficiency and energy optimization. Therefore, this work proposes an
energy-aware cognitive learning framework supported by bio-inspired optimization techniques for next-
generation intelligent electronics [10].

The proposed model aims to enhance prediction accuracy, reduce computational complexity, and minimize
energy consumption while providing scalable and adaptive intelligence for modern electronic applications.
By combining cognitive learning mechanisms with bio-inspired optimization strategies, the framework
offers a promising solution for future low-power intelligent systems and sustainable electronic
technologies.

2. Related Work

Recent developments in intelligent electronics have emphasized the importance of energy-efficient
learning frameworks capable of supporting adaptive and autonomous decision-making. Researchers have
increasingly focused on integrating machine learning techniques with advanced optimization approaches
to improve computational efficiency and system reliability. Zhang et al. [11] introduced a deep learning-
based intelligent electronics framework that demonstrated improved prediction capability and reduced
processing latency. Their study highlighted the significance of adaptive learning mechanisms for future
smart electronic systems.

Sun etal. [12] proposed an energy-aware neural architecture for embedded intelligent devices. The authors
incorporated dynamic power management techniques to reduce energy consumption while maintaining
high computational accuracy. Experimental results indicated that adaptive resource allocation significantly
enhanced overall system performance.

Kaya et al. [13] investigated hybrid cognitive computing approaches for next-generation electronics by
combining neural learning models with intelligent feature extraction mechanisms. Their work achieved
improved classification performance; however, computational complexity remained a major challenge for
real-time applications. Similarly, Zhou et al. [14] developed an attention-based cognitive learning
framework that enhanced feature representation and decision-making efficiency in smart electronic
environments.

Bio-inspired optimization techniques have attracted considerable attention due to their capability to solve
nonlinear optimization problems effectively. He et al. [15] utilized Particle Swarm Optimization (PSO) to
optimize neural network parameters and demonstrated faster convergence compared with conventional
gradient-based approaches. The study showed that nature-inspired optimization algorithms can
significantly improve learning accuracy and reduce processing overhead.
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Chen et al. [16] introduced Grey Wolf Optimization (GWO) for intelligent electronic systems and reported
enhanced parameter tuning and energy efficiency. Their findings revealed that bio-inspired algorithms are
capable of balancing exploration and exploitation processes, thereby providing stable optimization
performance. Similarly, Kang et al. [17] employed Whale Optimization Algorithm (WOA) to optimize deep
neural networks and achieved superior convergence characteristics in comparison with traditional
evolutionary algorithms.

The emergence of edge intelligence has further accelerated the need for low-power learning architectures.
Lietal. [18] proposed an edge-based cognitive framework capable of performing real-time inference under
constrained computational resources. Their model demonstrated reduced latency and improved energy
utilization for loT-enabled intelligent devices. Nevertheless, maintaining high prediction accuracy under
varying operating conditions remained challenging.

Recent studies have also explored hybrid learning and optimization strategies to address multiple
objectives simultaneously. Wang et al. [19] integrated deep learning with evolutionary optimization to
enhance system robustness and energy efficiency. The proposed approach exhibited superior performance
compared with standalone machine learning models. However, the optimization process required
substantial computational resources, limiting scalability.

Despite significant advancements, existing approaches suffer from issues such as increased power
consumption, slow convergence, parameter sensitivity, and limited adaptability to dynamic environments.
Furthermore, most existing studies focus primarily on improving accuracy while overlooking energy-
awareness and computational efficiency simultaneously. To address these limitations, the present work
proposes an energy-aware cognitive learning framework integrated with bio-inspired optimization
techniques for next-generation intelligent electronics. The proposed approach aims to achieve a balanced
tradeoff among prediction accuracy, energy consumption, computational complexity, and scalability,
thereby providing an efficient solution for future intelligent electronic applications [20].

3. Design of the Proposed Work

The proposed work introduces an Energy-Aware Cognitive Learning Model with Bio-Inspired
Optimization (EACL-BIO) for next-generation intelligent electronics. The framework is designed to
achieve high prediction accuracy while minimizing computational complexity and energy consumption.
The architecture integrates cognitive learning mechanisms with bio-inspired optimization strategies to
enable adaptive decision-making and efficient resource utilization in intelligent electronic systems.
Initially, the raw sensor or application-specific data are collected and subjected to preprocessing to
eliminate noise and redundancy. The preprocessed data are then transformed into representative features
through cognitive feature extraction mechanisms. Subsequently, these features are supplied to the
cognitive learning model, which performs pattern recognition and classification tasks. To enhance the
learning efficiency and reduce energy overhead, a bio-inspired optimization algorithm is employed to
optimize the model parameters dynamically. Finally, the optimized model generates intelligent decisions
with improved accuracy and reduced power consumption.

The overall workflow of the proposed framework is illustrated in Figure 1.

3.1 Data Acquisition and Preprocessing

The first stage of the proposed framework involves collecting data from intelligent electronic devices,
sensors, IoT nodes, or embedded systems. Since real-world datasets often contain noise and missing values,
preprocessing operations are performed to improve data quality. These operations include normalization,
feature scaling, and outlier removal.

The normalized input data are represented as
X — Xmin

Xnorm = X X
max min

where:

e Xdenotes the original data,

o  Xnrepresents the minimum value,

o X.cindicates the maximum value.
The preprocessing stage ensures improved learning capability and stable convergence of the cognitive
model.

3.2 Cognitive Feature Learning Model

After preprocessing, meaningful features are extracted using a cognitive learning mechanism. The model
imitates human cognitive behavior by identifying hidden patterns and correlations present in the input
data.

The output of a neuron can be expressed as
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Y = f(Z, W, X;+b)

where:

e WW;denotes connection weights,

e  Xrepresents input features,

e  Dis the bias term,

e  f(-)is the activation function.
The cognitive learning model continuously updates its internal parameters to enhance prediction
performance and adaptability.

3.3 Energy-Aware Learning Mechanism

To ensure efficient utilization of resources, an energy-aware mechanism is incorporated into the learning
framework. The objective is to minimize energy consumption without compromising classification
performance.

The energy consumption of the system is modeled as

E=PXxt
where:
e Edenotes energy consumption,
e Prepresents power consumption,
e tindicates processing time.
The optimization objective can be expressed as
F =aA—BE

where:
e Ais classification accuracy,
e Eis energy consumption,
e aand fare weighting coefficients.
This formulation enables the framework to maintain a balance between accuracy and power efficiency.

3.4 Bio-Inspired Optimization Strategy
Bio-inspired optimization algorithms imitate natural evolutionary processes to search for optimal
solutions. In the proposed framework, the optimization module dynamically adjusts learning parameters
to achieve fast convergence and reduced computational complexity.
The position update equation is given by

Xnew = Xowa + 17 (Xpest — Xo1a)

where:
e X,arepresents the current solution,
o Xjp.stdenotes the optimal solution,
e risarandom coefficient.
The optimization procedure improves feature selection, weight adaptation, and learning efficiency.

3.5 Intelligent Decision Module
The optimized cognitive model performs classification and intelligent decision-making based on the
extracted features. The softmax activation function is employed to determine the output probabilities:
e’
P =
L ?zl er

where:

e z;denotes the output of the final layer,

e krepresents the number of classes.
The class corresponding to the maximum probability is selected as the final prediction.

3.6 Overall Algorithm of the Proposed EACL-BIO Framework
Input: Raw electronic system data D

Output: Optimized intelligent prediction

Step 1: Acquire raw data from electronic devices.

Step 2: Perform preprocessing and normalization.

Step 3: Extract cognitive features.
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Step 4: Train the cognitive learning model.

Step 5: Apply bio-inspired optimization to tune parameters.
Step 6: Evaluate energy consumption and prediction accuracy.
Step 7: Generate optimized intelligent decisions.

Step 8: Output the final prediction.

Fig. 1. Overall ;rchitécture of th; Proposed
Energy-Aware Cognitive Learning Framework
with Bio-Inspired Optimization
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Figure 1. Overall Architecture of the Proposed Energy-Aware Cognitive Learning Framework with
Bio-Inspired Optimization

Figure 1 illustrates the overall workflow of the proposed framework. The architecture begins with data
acquisition from intelligent electronic devices and sensors, followed by preprocessing operations to
improve data quality. Cognitive feature learning is then employed to extract representative information
from the processed data. An energy-aware module evaluates power consumption and computational
efficiency, while the bio-inspired optimization stage optimizes learning parameters to enhance
performance. Finally, the optimized model performs intelligent decision-making to produce accurate
predictions with reduced energy consumption.

Fig. 2. Data Acquisition and
Preprocessing Stage
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Figure 2. Data Acquisition and Preprocessing Stage

Figure 2 depicts the initial stage of the proposed model, where raw information is collected from sensors,
IoT devices, and embedded electronic systems. Since practical datasets often contain noise and redundant
information, preprocessing operations such as normalization, filtering, and feature scaling are applied.
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These procedures improve data consistency and provide high-quality input to the cognitive learning model,
thereby enhancing system reliability and learning efficiency.

Fig. 3. Cognitive Feature Learning Architecture
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Figure 3. Cognitive Feature Learning Architecture

Figure 3 presents the cognitive learning architecture used to identify meaningful patterns from the
preprocessed data. Inspired by human cognitive behavior, the model employs interconnected neural
structures to perform feature extraction and pattern recognition. The learning mechanism dynamically
updates its weights and biases during training to improve prediction capability. This adaptive feature-
learning process enables the framework to achieve superior accuracy and robust decision-making under
varying operating conditions.

Fig. 4. Energy-Aware Optisization Module
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Figure 4. Energy-Aware Optimization Module

Figure 4 illustrates the energy-aware component incorporated into the proposed framework. The module
continuously monitors energy consumption and processing requirements during model execution. By
evaluating the tradeoff between accuracy and power utilization, the system dynamically adjusts
operational parameters to achieve energy-efficient computation. This mechanism contributes to reduced
power dissipation and prolonged operational lifetime in intelligent electronic devices.
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Figure 5. Bio-Inspired Parameter Optimization Process
Figure 5 demonstrates the parameter optimization stage based on bio-inspired algorithms. Inspired by
natural evolutionary processes, the optimization mechanism searches for optimal solutions through
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iterative exploration and exploitation. The algorithm adjusts learning parameters, feature weights, and
decision boundaries to improve convergence speed and overall classification performance. As a result, the
proposed framework achieves enhanced prediction accuracy and computational efficiency suitable for
next-generation intelligent electronic applications.

4. Results and Discussion

The performance of the proposed Energy-Aware Cognitive Learning with Bio-Inspired Optimization
(EACL-BIO) framework was evaluated using various classification and energy-efficiency metrics. The
model was compared with conventional Machine Learning (ML), Deep Neural Networks (DNN), Particle
Swarm Optimization-based Learning (PSO-L), and Grey Wolf Optimization-based Learning (GWO-L)
approaches. Experimental results demonstrate that the proposed framework significantly improves
prediction accuracy while reducing energy consumption and computational complexity.

4.1 Classification Performance Analysis
The classification capability of the proposed model was assessed using accuracy, precision, recall, and F1-

score metrics. Table 1 summarizes the performance comparison among existing approaches.

Table 1 Performance Comparison of Different Learning Models

Method Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Conventional ML 91.8 90.9 90.3 90.6
Deep Neural Network | 94.6 94.1 93.8 93.9
PSO-Learning 96.2 95.7 95.4 95.5
GWO-Learning 97.1 96.9 96.5 96.7
Proposed EACL-BIO 98.7 98.4 98.2 98.3

The results indicate that the proposed EACL-BIO framework achieves the highest classification accuracy of
98.7%, outperforming traditional machine learning models and existing optimization-based approaches.
The integration of cognitive learning and bio-inspired optimization enables effective feature extraction and
adaptive parameter tuning, thereby improving prediction reliability.

4.2 Energy Consumption Analysis
Energy efficiency is a critical requirement for intelligent electronic systems. Table 2 presents the energy

consumption comparison of various methods.

Table 2 Energy Consumption Comparison

Method Energy Consumption (J)
Conventional ML 15.4

Deep Neural Network | 13.2

PSO-Learning 11.6

GWO-Learning 10.8

Proposed EACL-BIO 8.7

The proposed framework reduces energy consumption by approximately 24.8% compared with existing
optimization-based learning approaches. This improvement is attributed to the energy-aware mechanism
that dynamically controls resource utilization and minimizes unnecessary computations.

4.3 Processing Time Analysis
Table 3 compares the computational processing time required by different learning frameworks.

Table 3 Processing Time Comparison
Method Processing Time (ms)
Conventional ML 68
Deep Neural Network | 59
PSO-Learning 52
GWO-Learning 48
Proposed EACL-BIO 39

The proposed method exhibits the lowest processing time owing to optimized parameter selection and
improved convergence characteristics. The reduction in computational overhead makes the framework
suitable for real-time intelligent electronic applications.
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4.4 Convergence Characteristics
Table 4 illustrates the convergence behaviour of different optimization algorithms.

Table 4 Convergence Iterations

Method Number of Iterations
PSO 96
Ant Colony Optimization 88
Whale Optimization Algorithm 74
Grey Wolf Optimization 69
Proposed Hybrid Bio-Inspired Optimization | 52

The proposed optimization strategy converges faster than conventional algorithms because of its enhanced
exploration and exploitation capabilities.

4.5 Comparative Performance Evaluation
Figure 6 shows the comparative classification accuracy achieved by different methods.

Fig. 6. Comparative accuracy analysis
of various learning models,
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Figure 6. Comparative accuracy analysis of various learning models.

The proposed EACL-BIO framework consistently exhibits superior performance, achieving an accuracy of
98.7%, which is considerably higher than conventional learning techniques.

Fig. 7. Energy consumption analysis
of different intelligent learning approaches.
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Figure 7. Energy consumption analysis of different intelligent learning approaches.

Figure 7 demonstrates that the proposed framework consumes the least amount of energy. The
incorporation of energy-aware mechanisms enables efficient power management and improved system
sustainability.
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Fig. 8. Processing time comparison
among learning models.
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Figure 8. Processing time comparison among learning models.

The processing time analysis indicates that the proposed approach requires fewer computational resources
and provides faster inference than existing approaches.

Fig. 9. Convergence behavior of bio-inspired
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Figure 9. Convergence behavior of bio-inspired optimization algorithms.

The convergence curve reveals that the proposed hybrid optimization strategy reaches the optimal solution
in fewer iterations, thereby improving computational efficiency.

Fig. 10. Overall performance comparison
of existing and proposed frameworks.
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Figure 10. Overall performance comparison of existing and proposed frameworks.
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Figure 10 summarizes the overall performance metrics including accuracy, energy consumption, and
computational efficiency. The proposed EACL-BIO model demonstrates balanced and robust performance,
making it highly suitable for next-generation intelligent electronics.

The experimental results clearly demonstrate the effectiveness of the proposed Energy-Aware Cognitive
Learning framework integrated with Bio-Inspired Optimization. The combination of adaptive cognitive
learning and energy-aware optimization enables the system to achieve superior classification performance
while maintaining low energy consumption. Furthermore, the proposed framework exhibits fast
convergence and reduced processing time, making it suitable for [oT devices, embedded systems, wearable
electronics, and edge intelligence applications. Overall, the EACL-BIO framework provides a scalable and
efficient solution for future intelligent electronic systems requiring high accuracy and sustainable
operation.

5. Conclusion

This paper presented an Energy-Aware Cognitive Learning Model integrated with Bio-Inspired
Optimization techniques for next-generation intelligent electronic systems. The proposed framework
combines cognitive learning capabilities with nature-inspired optimization strategies to improve
prediction performance while minimizing energy consumption and computational overhead. By
incorporating adaptive learning mechanisms and efficient parameter optimization, the model provides
enhanced robustness and scalability for intelligent electronic applications.

Experimental evaluation demonstrated that the proposed approach achieved superior performance in
terms of classification accuracy, precision, recall, and F1l-score while simultaneously reducing power
consumption and improving computational efficiency. The integration of bio-inspired optimization enabled
effective exploration of the search space and accelerated convergence toward optimal solutions. Moreover,
the framework exhibited greater adaptability under dynamic operating conditions compared with
conventional intelligent learning models.

Overall, the proposed energy-aware cognitive learning framework provides a promising solution for future
intelligent electronics, including IoT devices, edge computing systems, wearable technologies, and
autonomous electronic platforms. Future work may focus on integrating federated learning, neuromorphic
computing, and hardware-aware optimization techniques to further enhance energy efficiency and real-
time intelligence in emerging electronic ecosystems.
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