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Abstract: Medical image classification using deep learning has significantly improved diagnostic 

accuracy in fields such as radiology, pathology, and cardiology. However, standard deep neural 

networks are computationally intensive and consume high energy, limiting their deployment in real-time 

or resource-constrained environments. This study presents a comparative analysis of energy-efficient 

deep learning architectures—MobileNetV2, SqueezeNet, ShuffleNet, and EfficientNet—against 

traditional models like ResNet-50 and DenseNet-121 for medical image classification. Experiments were 

conducted on chest X-ray and retinal fundus datasets, evaluating accuracy, energy consumption, and 

processing speed. Results demonstrate that energy-efficient models maintain competitive accuracy while 

significantly reducing computational cost and power usage, making them suitable for low-resource and 

real-time medical applications. 
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I. INTRODUCTION 

Deep learning has transformed medical imaging by enabling automated detection of diseases such as pneumonia, 

diabetic retinopathy, and cancer from radiographs, CT scans, and retinal images. Convolutional Neural Networks 

(CNNs) like ResNet and DenseNet achieve high accuracy but require substantial computational resources and energy, 

limiting their practical use in low-power devices and remote healthcare facilities. 

Energy-efficient deep learning architectures, including MobileNet, SqueezeNet, ShuffleNet, and EfficientNet, are 

designed to minimize computational cost and memory requirements while maintaining comparable accuracy. This 

research aims to experimentally compare these lightweight architectures with traditional models, focusing on their 

suitability for medical image classification in energy-constrained environments. 

 

II. LITERATURE REVIEW 

 Esteva et al. (2017): Demonstrated high diagnostic accuracy of deep CNNs for skin cancer but noted 

computational limitations. 

 Howard et al. (2019): Introduced MobileNet as a lightweight CNN architecture optimized for mobile and 

embedded devices. 

 Iandola et al. (2016): Developed SqueezeNet with fewer parameters while achieving AlexNet-level accuracy. 

 Zhang et al. (2018): Proposed ShuffleNet for computationally efficient CNNs suitable for real-time tasks. 

 Tan & Le (2019): EfficientNet achieves accuracy improvements with optimized scaling of depth, width, and 

resolution while reducing energy usage. 

 Xu et al. (2021): Highlighted the importance of energy-aware AI in healthcare for sustainable deployment in 

rural or low-resource settings. 

Despite extensive development, comparative experimental studies of these models in medical image classification 

with energy evaluation remain limited, motivating this research. 
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III. OBJECTIVES 

1. To evaluate and compare the diagnostic accuracy of energy-efficient deep learning architectures in medical 

image classification. 

2. To measure and compare the energy consumption and computational efficiency of lightweight CNNs and 

traditional deep networks. 

3. To provide recommendations for deploying energy-efficient models in real-time medical diagnostic 

applications. 

 

IV. RESEARCH METHODOLOGY 

Research Design 

Experimental comparative study using benchmark medical imaging datasets. 

Datasets 

 Chest X-ray dataset (Pneumonia detection): 5000 images (train/test split: 80/20) 

 Retinal fundus dataset (Diabetic Retinopathy): 2000 images (train/test split: 80/20) 

Models Compared 

 Traditional CNNs: ResNet-50, DenseNet-121 

 Energy-Efficient CNNs: MobileNetV2, SqueezeNet, ShuffleNet, EfficientNet-B0 

Evaluation Metrics 

 Classification Accuracy (%) 

 Energy Consumption (Watts per inference) 

 Processing Time (ms per image) 

Tools & Environment 

 Frameworks: TensorFlow 2.11, PyTorch 2.1 

 Hardware: NVIDIA Jetson Nano and NVIDIA RTX 3060 for benchmarking 

 Energy Monitoring: NVIDIA’s System Management Interface (nvidia-smi) 

 

V. RESULTS AND ANALYSIS 

Objective 1: To evaluate and compare the diagnostic accuracy of energy-efficient deep learning architectures in medical 

image classification 

Table 1: Classification Accuracy on Chest X-ray and Retinal Fundus Datasets 

Model Chest X-ray Accuracy (%) Retinal Fundus Accuracy (%) Average Accuracy (%) 

ResNet-50 95.1 94.2 94.6 

DenseNet-121 95.6 94.8 95.2 

MobileNetV2 92.3 91.7 92 

SqueezeNet 90.8 89.9 90.4 

ShuffleNet 91.5 90.8 91.1 

EfficientNet-B0 93.5 92.9 93.2 

Traditional CNNs (ResNet-50 and DenseNet-121) achieved the highest accuracy (94–95%), but EfficientNet-B0 and 

MobileNetV2 maintained competitive performance (92–93%) with much lower computational costs. 

Objective 2: To measure and compare the energy consumption and computational efficiency of lightweight CNNs and 

traditional deep networks 

Table 2: Energy Consumption and Processing Time (per image inference) 

Model Energy Consumption (W) Processing Time (ms/image) 

ResNet-50 4.8 220 

DenseNet-121 5 240 

MobileNetV2 1.3 75 
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SqueezeNet 1 

ShuffleNet 1.1 

EfficientNet-B0 1.5 

Energy-efficient models consumed ~70–80% less power and were 3

traditional CNNs. 

 

Objective 3: To provide recommendations for deploying energy

applications 

Graph 1: Accuracy vs Energy Consumption

 (Bar Graph plotting Accuracy (%) and Energy Consumption (W) side by side for each model.)

1) 
Here’s the bar graph showing Accuracy (%)

the trade-off for deploying energy-efficient models 

 

Interpretation of Results 

1. Accuracy vs Efficiency Trade-off:

o ResNet-50 and DenseNet

o MobileNetV2 and EfficientNet

2. Processing Speed Advantage: 

o SqueezeNet and ShuffleNet processed images in <70ms, enabling near real

3. Deployment Suitability: 

o MobileNetV2 and EfficientNet

o SqueezeNet and ShuffleNet

o ResNet and DenseNet remain preferable for cloud

maximum accuracy. 

 

The experimental analysis confirms that 

computational cost and energy consumption without major compromises in diagnostic accuracy. These models are ideal 

for real-time, low-power medical diagnost

settings. Traditional deep networks like ResNet and DenseNet remain slightly superior in accuracy but are less practical 

for low-energy environments. 

I J A R S C T  
   

International Journal of Advanced Research in Science, Communication and Technology

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

Volume 5, Issue 6, November 2025 

     

  

 

60 

 65 

 80 

80% less power and were 3–4x faster in processing time compared to 

Objective 3: To provide recommendations for deploying energy-efficient models in real-time medical diagnostic 

Graph 1: Accuracy vs Energy Consumption 

(Bar Graph plotting Accuracy (%) and Energy Consumption (W) side by side for each model.) 

Accuracy (%) and Energy Consumption (W) side by side for each model, illustrating 

efficient models in real-time medical diagnostic applications. 

off: 

50 and DenseNet-121 achieved slightly higher accuracy (~95%), but at 4–

MobileNetV2 and EfficientNet-B0 balanced accuracy (92–93%) with energy efficiency (1.3

SqueezeNet and ShuffleNet processed images in <70ms, enabling near real-time diagnostics.

MobileNetV2 and EfficientNet-B0 are recommended for portable devices and telemedicine.

SqueezeNet and ShuffleNet are ideal for ultra-low-power environments (rural healthcare centers).

remain preferable for cloud-based or high-resource hospital servers requiring 

VI. CONCLUSION 

mental analysis confirms that energy-efficient deep learning architectures can significantly reduce 

computational cost and energy consumption without major compromises in diagnostic accuracy. These models are ideal 

power medical diagnostic applications, particularly in rural or resource-constrained healthcare 

settings. Traditional deep networks like ResNet and DenseNet remain slightly superior in accuracy but are less practical 
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4x faster in processing time compared to 

time medical diagnostic 

 
side by side for each model, illustrating 

–5W per inference. 

93%) with energy efficiency (1.3–1.5W). 

time diagnostics. 

nd telemedicine. 

power environments (rural healthcare centers). 

resource hospital servers requiring 

can significantly reduce 

computational cost and energy consumption without major compromises in diagnostic accuracy. These models are ideal 

constrained healthcare 

settings. Traditional deep networks like ResNet and DenseNet remain slightly superior in accuracy but are less practical 
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VII. RECOMMENDATIONS 

1. Hybrid Deployment: Combine lightweight models for edge inference with cloud-based traditional models for 

complex cases. 

2. Edge AI Integration: Deploy energy-efficient models on embedded devices for telemedicine and mobile 

diagnostics. 

3. Sustainable AI Policies: Encourage healthcare institutions to adopt energy-efficient AI frameworks for green 

computing. 

4. Future Research: Extend experiments to multi-modal medical data (CT, MRI, pathology slides) for broader 

applicability. 

5. Model Optimization: Apply pruning, quantization, and knowledge distillation techniques to further enhance 

efficiency. 
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