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Abstract. Alzheimer’s Disease (AD) is a degenerative neurological disorder 

causing progressive memory loss and cognitive decline. This research focuses 

on improving AD diagnosis using deep transfer learning with pre-trained CNN 

models like MobileNet, ResNet, and VGG. By applying MRI image prepro-

cessing, data augmentation, and ADASYN sampling, the study enhances detec-

tion accuracy while addressing dataset imbalance. MobileNet is selected for its 

low computational demand and suitability for mobile deployment, making this 

model clinically accessible and scalable. Results suggest the proposed approach 

significantly improves early AD detection, ensuring better intervention and pa-

tient care. 

Keywords: Alzheimer’s disease, MRI, Deep Transfer Learning, MobileNet, 

CNN, ADASYN, Dementia Diagnosis. 

1 Introduction 

Alzheimer’s Disease (AD) is a chronic neurodegenerative condition primarily affect-

ing individuals over the age of 60. Characterized by memory loss, language problems, 

and behavioral changes, AD progresses through Mild Cognitive Impairment (MCI), 

Mild AD, Moderate AD, and Severe AD. 

Medical imaging, particularly Magnetic Resonance Imaging (MRI), provides critical 

insight into brain structure abnormalities that are useful for early AD detection. How-

ever, existing diagnostic methods face challenges in accuracy, computational com-

plexity, and interpretability. This study leverages deep transfer learning to overcome 

such limitations and improve diagnostic outcomes. 

1.1 Research Objectives 

The objective of this work is to build a robust and efficient system for early-stage AD 

detection using lightweight deep learning models. 

Main Research Goals: 
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RO1: Analyze limitations of existing models and evaluate MRI-based deep learning 

performance. 

RO2: Investigate the effectiveness of MobileNet and other CNN architectures in AD 

classification. 

RO3: Improve diagnostic accuracy using data preprocessing and augmentation. 

RO4: Apply ADASYN to handle dataset imbalance across disease stages. 

RO5: Develop a scalable prediction engine suitable for mobile/embedded environ-

ments with hospital recommendations and user-based tracking features.  

2  Review Methodology 

This research adopts a structured literature review and experimental validation ap-

proach. Over 100 articles were screened from IEEE, Elsevier, Springer, and medical 

AI journals using keywords such as “Alzheimer’s MRI”, “Deep Learning”, and “De-

mentia Diagnosis”. 

Findings from previous work show the strengths and limitations of models like Res-

Net and VGG. The study evaluates their performance compared to MobileNet, focus-

ing on metrics like accuracy, recall, and F1-score, and applies ADASYN to ad-

dress data imbalance. 

3 Sustainability in Deep Learning and Medical Imaging 

Sustainable AI in healthcare emphasizes reducing the computational cost of deep 

learning models while maintaining diagnostic precision. Traditional deep neural net-

works like ResNet and Inception demand high GPU usage, leading to excessive ener-

gy consumption. This not only impacts the environment but also limits deployment in 

rural or resource-scarce settings. 

Adopting lightweight models like MobileNet significantly reduces energy usage and 

computational load. Preprocessing steps such as resizing, normalization, and data 

augmentation further optimize the training process. Efficient model design ensures 

minimal training epochs, lower memory consumption, and faster predictions, thereby 

promoting sustainable AI practices in clinical applications. 

4 Deep Learning and its Significant Medical Impact 

Deep learning (DL), specifically convolutional neural networks (CNNs), enables au-

tomated analysis of MRI brain scans to detect Alzheimer’s Disease at various stages. 
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CNN architectures learn from spatial hierarchies within image data, offering superior 

performance compared to conventional statistical approaches. 

MRI-based diagnostics using CNNs minimize manual interpretation errors, enable 

early detection of neurodegeneration, and reduce diagnostic turnaround time. The use 

of pre-trained models fine-tuned on medical datasets boosts performance while reduc-

ing the need for massive training data. 

By enabling remote diagnostics, AI-powered tools reduce the frequency of hospital 

visits, thereby lowering patient burden and healthcare costs. Ultimately, DL trans-

forms Alzheimer’s diagnosis from a manual, time-consuming process into a scalable, 

automated solution with clinical relevance. 

5 AI Model Development Toward Clinical and Sustainable 

Diagnosis  

The implementation of AI models like MobileNet for Alzheimer’s detection repre-

sents a leap toward accessible and scalable healthcare solutions. These models support 

the integration of multiple data sources such as MRI scans, clinical history, and cogni-

tive test results to enhance predictive accuracy. 

By embedding ADASYN techniques during model training, class imbalances in 

datasets are effectively addressed, improving sensitivity for rare AD stages like Mod-

erate or Very Mild Dementia. Moreover, models are optimized for mobile devices and 

web platforms, ensuring access even in underdeveloped regions. 

Continuous fine-tuning and model validation using public datasets ensure reliabil-

ity, while modular design allows for integration with hospital systems. Future en-

hancements include geolocation-based hospital recommendations and personalized 

monitoring dashboards, further contributing to sustainable, tech-driven medi-

cal diagnosis. 

5.1 Deep Learning for Minimizing Resource Demands  

The implementation of lightweight CNNs, such as MobileNet, minimizes the need for 

high-end hardware during both training and inference. These models operate efficient-

ly on devices with limited memory and compute power. 

Additionally, data preprocessing and augmentation streamline the model pipeline and 

reduce redundant computations. This approach supports deployment in under-

resourced medical facilities while reducing overall system energy consumption. 

5.2 Reducing Computational and Infrastructural Costs  

Transfer learning with pre-trained models drastically reduces training time and data 

needs. By reusing pre-learned visual features from large datasets, model training be-

comes efficient and effective. In the Alzheimer’s context, lightweight architectures 
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minimize GPU hours, decrease model size, and facilitate faster diagnostics. Hospitals 

benefit from reduced infrastructure costs and can integrate AI support without over-

hauling existing IT frameworks. 

5.3 Reducing Diagnostic Inaccuracy and Wasted Computation  

Traditional diagnostic methods rely heavily on manual image review, which is time-

consuming and error-prone. Deep learning automates diagnosis, reducing human error 

and improving consistency. Additionally, augmentation techniques and class balanc-

ing with ADASYN ensure equitable model learning, reducing the likelihood of mis-

classification and wasted training efforts. This enhances model generalizability and 

early-stage detection capability. 

5.4 Minimizing False Positives through Optimized Pipelines  

False positives in Alzheimer’s diagnosis can cause unnecessary stress and medical 

procedures. Optimized deep learning pipelines using regularization, dropout layers, 

and batch normalization help maintain high precision and recall. Class imbalance 

correction via ADASYN ensures that underrepresented stages like Mild Dementia are 

accurately classified, improving trust in model predictions and reducing diagnostic 

noise. 

5.5 Reusing Pre-trained Models and Supporting Data Efficiency  

Pre-trained CNNs (e.g., ResNet50, VGG16) are fine-tuned for Alzheimer’s detection 

using limited medical imaging data. This reuse strategy avoids retraining from scratch 

and conserves computational resources. These models provide robust performance 

even with relatively small datasets by leveraging learned visual features, supporting 

data-efficient learning. Additionally, integration with online datasets (e.g., Kaggle) 

further promotes research accessibility and cost-effective training pipelines. 

5.6 The Beneficial Effect of Deep Learning in Alzheimer’s 

Diagnosis  

Deep learning techniques in medical imaging significantly improve the accuracy and 

early detection of Alzheimer's Disease (AD) compared to traditional diagnostic ap-

proaches. These methods offer a non-invasive, efficient, and automated solution for 

analyzing MRI scans, minimizing human error and diagnostic delays. The integration 

of convolutional neural networks (CNNs) allows for the identification of intricate 

patterns in brain structure that are often missed by conventional visual analysis. 

By reducing the dependency on invasive testing and manual interpretation, deep 

learning models optimize resource use and contribute to a more sustainable healthcare 

framework. The ability to detect AD at earlier stages promotes timely medical inter-
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vention, improving patient outcomes and reducing long-term care costs. Additionally, 

these AI-based systems can be deployed remotely, enabling widespread screening, 

especially in under-resourced regions. The overall impact includes reduced burden on 

healthcare infrastructure, improved diagnosis accuracy, and lower environmental and 

economic costs associated with repeated diagnostic procedures. 

6 Establishing A Sustainable Diagnostic  Ecosystem:Key 

Components  

To establish a sustainable diagnostic ecosystem for Alzheimer’s Disease (AD), espe-

cially through the use of deep learning and MRI, a multi-disciplinary approach is 

essential. Key components include data acquisition, model training, clinical valida-

tion, and ethical governance. Integrating AI with standardized healthcare systems 

ensures that diagnostic tools are reliable, explainable, and scalable. 

A sustainable AI-based diagnostic system must consider multiple aspects—accuracy, 

accessibility, affordability, and accountability. Technological frameworks must ensure 

data privacy and compliance with healthcare regulations. Furthermore, integrating 

federated learning and privacy-preserving models addresses key concerns around data 

sharing in medical domains. 

Healthcare sustainability in Alzheimer’s diagnosis also relies on reducing redundant 

testing and facilitating early intervention. Early diagnosis significantly lowers the 

overall treatment burden on patients and healthcare providers. Ethical AI development 

ensures unbiased predictions and inclusivity across diverse populations, thus reinforc-

ing societal trust and acceptance. 

 
Fig. 1. The ecosystem of sustainabale Alzheimer’s Diagnosis 

Critical considerations for sustainability in AI-based diagnosis include: 

 Minimizing model complexity for deployment on low-resource hardware, 

 Addressing class imbalance in datasets (using ADASYN), 
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 

7. Enhancing Sustainability Through Transfer Learning 

andPreprocessing 

The process of implementing a sustainable culture within the existing additive manu-

facturing (AM) framework involves several key steps. It begins with an assessment 

phase that includes life cycle assessments, focusing on sustainability-related charac-

teristics. Following this, attention shifts to material considerations and their overall 

environmental impacts, aiming to achieve targeted sustainability within the AM sector 

[7,8]Next, post-assessment steps are undertaken, which are further improved by en-

hancing the overall additive manufacturing processes. By doing so, AM can lower 

energy and resource costs essential for scaling production, all without significant al-

terations. This enables industries to enhance the speed and profitability of their busi-

ness models. Additionally, the technology contributes to reducing time-to-market and 

localizing production [8,9].Such advancements positively influence the environment 

by addressing the challenges associated with long-distance transportation. Increased 

automation levels foster this transition, improving productivity and enhancing worker 

safety. This shift not only saves lives but also boosts the profitability of mining opera-

tions. Furthermore, this transformative phase opens up new market opportunities and 

prompts a reevaluation of corporate practices, maximizing the use of emerging inno-

vations. Ultimately, this could lead to significant reductions in pollution, with AM 

playing a crucial role in enhancing the sustainability of our economies and communi-

ties. 

8. Environmental & Computational Sustainability in Medical AI 

The adoption of MobileNet architecture serves dual purposes: 

 Clinical Accessibility – Enables deployment in clinics without high-end GPUs. 
 Environmental Consideration – Reduces power consumption duringinference 

and training due to efficient architecture. 

 This methodology integrates medical data interpretation with AI, reducing the 

need for manual assessment, which is both time- and resource-intensive. Light-

weight AI models offer green computing advantages by minimizing carbon 

footprint, supporting sustainable digital healthcare systems. 
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Table 1: Diagnostic optimization focus 

S. 

No. 

Diagnostic Optimiza-

tion Focus 

Description 

1 Lightweight Design MobileNet ensures efficient processing without 

sacrificing accuracy. 

2 Class Balance ADASYN improves detection of minority classes 
(e.g., Mild AD). 

3 Hardware Flexibility Suitable for edge devices, making diagnosis scal-

able in rural regions. 

4 Clinical Usability Enhanced model interpretability with attention 

layers supports clinicians. 

9. Key Discoveries and Discussions 

 Transfer learning significantly improves diagnostic accuracy with minimal data 

requirements. 

 ADASYN-based augmentation successfully mitigates dataset imbalance. 

 The developed model outperforms conventional architectures like ResNet in 

terms of deployment speed, memory consumption, and accuracy. 

rediction Engine enables real-time detection with added features like:  P

 Result-based hospital recommendations, 

 User profiles for test tracking, 

 Automated model training and email-based reporting.These features create a 

more holistic, sustainable AI-powered healthcare tool. 

10. Future Scope 

The proposed deep learning-based diagnostic system for Alzheimer’s Disease offers 

sspromising potential for further development and real-world application. future itera-

tions, the integration of multimodal data sources—such as genetic profiles, clinical 

records, and behavioral assessments—could enhance diagnostic accuracy and person-
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alize treatment strategies.Incorporating Explainable AI (XAI) techniques will im-

prove transparency, helping clinicians understand and trust the model’s predictions. 

Additionally, adopting federated learning can address privacy concerns by enabling-

decentralized training across hospitals without sharing sensitive data.To improve ac-

cessibility, especially in rural or resource-limited regions, the model can be optimized 
for edge devices like mobile phones or low-power embedded systems. Furthermore, 

expanding the system to detect other neurological disorders such as Parkinson’s or 

Frontotemporal Dementia would make it a more versatile diagnostic platform.Lastly, 

integrating the model with cloud-based platforms and telemedicine tools could fa-

cilitate remote diagnosis, while ongoing clinical validation and regulatory compliance 

will be essential for eventual deployment in healthcare settings. further reduces inven-

tory waste. By redesigning products and processes to suit AM, manufacturers can 

optimize performance throughout both development and use. 

Industrial sustainability has been a key focus for many years, with manufacturers 

increasingly exploring ways to produce goods more efficiently and sustainably. Sus-

tainable development in manufacturing aims to minimize environmental impact, 

which benefits public health. The food industry is another sector actively seeking to 

enhance its environmental performance through AM, leading to innovative manufac-

turing and packaging solutions. Looking ahead, it is likely that many major industries 

will embrace a greener approach to development through the implementation of addi-

tive manufacturing. 

11. Conclusion 

This study presents a comprehensive approach to Alzheimer’s Disease (AD) diagnosis 

using optimized deep learning techniques, particularly focusing on transfer learning 

with MobileNet architecture. By leveraging lightweight convolutional neural net-

works and extensive data augmentation strategies such as ADASYN, the proposed 

methodology effectively addresses critical challenges in medical imaging: limited 

data availability, class imbalance, and computational inefficiency. 

Our system demonstrates strong diagnostic performance across multiple stages of 

AD—ranging from non-demented to moderate cognitive impairment—and shows 

substantial improvement in accuracy, precision, and recall over traditional models like 

ResNet. Moreover, the deployment-ready nature of MobileNet makes it suitable for 

use on resource-constrained devices, ensuring broader accessibility, especially in 

remote or under-resourced clinical settings.The integration of a Prediction En-

gine further enhances the utility of the system by allowing real-time classification, 
user-specific tracking, report generation, and location-based healthcare recommenda-

tions. This transforms the model from a pure diagnostic tool into a patient-centric 

support system, reinforcing its clinical relevance. 

Ultimately, this research highlights the transformative potential of combining AI, 

medical imaging, and deep transfer learning to enable early, accurate, and scalable 
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diagnosis of Alzheimer’s Disease. It not only offers a pathway toward improving 

patient outcomes but also lays a robust foundation for future research in neurological 

disease detection, AI ethics in healthcare, and sustainable medical technology de-

ployment. 
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