
i 

 

ALSA-3: Customized CNN model through ablation study for 

Alzheimer's disease classification 

BY 

Arpa Saha 

ID: 242-25-004 

 

 

 

This Report Presented in Partial Fulfillment of the Requirements for 

The Degree of Masters of Science in Computer Science and Engineering 

 

Supervised By 

 

Sheak Rashed Haider Noori 

Professor & Head 

Department of CSE 

Daffodil International University 
 

 

 

 

Co-Supervised By 

 

Dr. Abdus Sattar   

Associate Professor 

Department of CSE 

Daffodil International University 
 

 

 

 

 

 

DAFFODIL INTERNATIONAL UNIVERSITY  

DHAKA, BANGLADESH  



 

 

©Daffodil International University                                                                                 ii  

 

 

 

 



 

 

©Daffodil International University                                                                                 iii  

 

 

 



 

 

©Daffodil International University                                                                                 iv  

 

ACKNOWLEDGEMENT 

 

First, I express my heartfelt thanks and gratitude to Almighty God for His divine blessing, 

which makes it possible to complete the final year project successfully. 

 

I am grateful and wish to express my profound indebtedness to Dr. Sheak Rashed Haider 

Noori, Professor & Head, Department of CSE, Daffodil International University, Dhaka, 

deep knowledge & keen interest in the field of Machine Learning to carry out this project. 

His endless patience, scholarly guidance, continual encouragement, constant and energetic 

supervision, constructive criticism, valuable advice, and reading many inferior drafts and 

correcting them at all stages have made it possible to complete this project. 

 

I would like to express my heartfelt gratitude to Abdus Sattar, Associate Professor, for 

his kind assistance in completing our project, as well as to the other faculty members and 

staff of the CSE department at Daffodil International University. 

 

Finally, I must acknowledge with due respect the constant support and patience of my 

parents. 

  



 

 

©Daffodil International University                                                                                 v  

 

ABSTRACT 

 
Alzheimer’s disease is a widespread neurological disorder which affects millions of people 

around the world and presents complex challenges for patients, families, and healthcare 

providers. A mix of non-pharmaceutical and pharmacological strategies are needed to 

manage AD in order to reduce symptoms and enhance quality of life during various phases 

of the disease. Since the course of AD varies greatly, personalized treatment strategies are 

vital, with early detection and stage-specific classification playing a key role. Medical 

imaging, particularly MRI, has become a cornerstone in diagnosing and tracking AD, 

though its interpretation can be slow and heavily dependent on clinical expertise. To 

address this issue, we propose a customized CNN model, called ALSA-3, which leverages 

deep learning for MRI-based AD classification. To refine image quality, methods such as 

PSNR, RMSE, MSE, and SSIM are applied, while an ablation study fine-tunes the 

architecture by adjusting hyperparameters and layer configurations. Experimental results 

demonstrate that ALSA-3 outperforms conventional approaches, reaching an impressive 

99.50% accuracy along with precision, recall, and F1-scores of 100%, 99%, and 99% 

respectively. The model’s robustness was further validated across different k-fold values, 

confirming its reliability. In addition, explainable AI techniques like Grad-CAM and Grad-

CAM++ were integrated to make the decision-making process more transparent and 

interpretable for clinicians. All things considered, this study advances the field of AD 

categorization research and provides useful insights for patients, caregivers, and the 

medical community. ALSA-3 has the potential to provide quicker and more accurate 

diagnoses, which would eventually lead to improved treatment for people with AD because 

of its high accuracy and efficiency. 

 

Keywords:  

Deep learning, image processing, transfer learning, Alzheimer's disease, and ablation 

research  
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CHAPTER 1 

INTRODUCTION 

 1.1. Introduction 

Alzheimer's is a neurological condition that worsens with time results in severe dementia-

related symptoms and a steady reduction in cognitive ability [1–6]. Standard diagnostic 

methods, which usually include neurological tests, psychological tests, and physical tests, 

generally don't provide enough precision or efficiency. At the neuropathological level, 

AD is distinguished by the degradation of brain cells, particularly in the hippocampus and 

amygdala, which are essential for memory and decision-making processes [1–6]. The 

condition predominantly impacts adults aged 60 and older, hindering their ability to 

execute fundamental cognitive functions such as memory retention, problem-solving, and 

decision-making [1–6]. The global incidence of AD is frightening, with almost six million 

cases documented in the United States and over four million in India. This highlights the 

urgent need for better diagnostic tools and treatment options [7–8]. The condition usually 

gets worse slowly, starting with Mild Cognitive Impairment (MCI), which shows 

cognitive problems that are less severe but very similar to AD symptoms. Research shows 

that almost eight out of ten people with MCI will develop AD within seven years, making 

MCI a high-risk precursor state [9–10]. The MMSE, clinical examination, 

neurophysiological assessments, and health history evaluation are the key components of 

standard diagnostic techniques; nevertheless, these methods are time-consuming and often 

insensitive [11–15]. 

 

MRI is essential for the evaluation of neurological disorders, offering comprehensive 

insights into structural alterations linked to Alzheimer's Disease (AD) and other ailments, 

such as tumors and malignancies [16–17]. As computer techniques become more widely 

available, improved image processing has been useful for finding structural variations 

between cognitively healthy people, people with MCI, and people with AD. Imaging-

based classification is becoming a more efficient and cost-effective alternative to 

traditional diagnostic methods. It may increase the diagnosis of AD's precision and  
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1.2. Motivation 

AD is a rapidly escalating worldwide health issue that profoundly affects healthcare 

systems, families, and patients.  Early detect and precise staging are essential for effective 

disease management; however, conventional diagnostic techniques, such as MRI 

interpretation, frequently require substantial time and depend significantly on clinical 

expertise.  These problems show how important it is to have advanced, automated, and 

reliable computer models that can improve the accuracy of diagnoses, shorten the time it 

takes to make decisions, and give clear information about how decisions are made. This 

will ultimately improve patient care and help medical professionals. 

1.3. Research Objectives  

▪ To create and validate a customized CNN model, for the classification of 

Alzheimer’s disease using MRI data.  

 

▪ To enhance image quality, optimize network architecture through ablation studies, 

and ensure interpretable clinical outcomes using explainable AI. 

 

▪ To enhance diagnostic accuracy, reliability, and efficiency in Alzheimer’s disease 

classification, which in turn provides meaningful benefits for patients, caregivers, 

and the broader medical community.   

1.4 . Research Questions 

▪ How can a customized CNN architecture improve MRI-based Alzheimer’s disease 

classification compared to conventional methods? 

 

▪ To what extent do image enhancement techniques contribute to improved 

diagnostic accuracy? 

 

▪ What potential does customize lightweight CNN hold in reducing diagnostic                                   

time and supporting clinicians in real-world healthcare environments? 
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1.5. Expected Output 

• A high-performing CNN model (ALSA-3) optimized for the categorization of AD 

based on MRI. 

• Better picture quality thanks to sophisticated processing measures including 

SSIM, PSNR, RMSE, and MSE. 

• A systematic evaluation of the effect of ablation studies on CNN architecture and 

performance. 

• Superior classification accuracy (targeting ~99.50%) with high precision, recall, 

and F1-scores. 

• Validation of model robustness across multiple k-fold values to ensure reliability. 

• Integration of Grad-CAM and Grad-CAM++ for explainable AI, enhancing 

transparency in clinical decision-making. 

• A framework that reduces diagnostic time while maintaining high accuracy. 

• Practical contributions to patient care, caregiver support, and clinical workflow 

efficiency. 

1.6. Project Management and Finance 

The research work doesn’t get fund from any individuals or organization.  

1.7. Report Layout 

The study is organized into six clear sections so that it can fully cover the study.  Section 

2 carefully looks at related works, giving us a better understanding of what we already 

know.  Again, section 3 describes the technique and system architecture that are suggested, 

including the new methods and techniques that were used.  The training and model 

assessment techniques are thoroughly described in Section 4. This gives us a better idea of 

the methods used to create and test the models.  Section 5 summarizes the study's results 

and the discussions that followed. Section 6 gives a brief overview of the study's 

conclusions and their implications. 
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CHAPTER 2 

BACKGROUND 

2.1. Preliminaries/Terminologies 

Recent progress in medical imaging and artificial intelligence has made it possible to create 

advanced systems for finding and categorizing neurological disorders like Alzheimer's 

disease.  In this context, magnetic resonance imaging (MRI) is an important way to get 

detailed structural information about the brain. Image processing techniques are then used 

to improve the quality and get useful features.  MSE, RMSE, PSNR, and SSIM are some 

of the most common metrics used to check the quality of an image and help with 

preprocessing.  Because of deep learning architectures, CNNs are now crucial for 

automated feature extraction. These networks focus on structural features like shape and 

texture to classify diseases correctly.  Additionally, explainable AI techniques such as 

Grad-CAM and Grad-CAM++ enhance interpretability by emphasizing pertinent areas in 

MRI scans, thus reconciling computational predictions with clinical reasoning.  The 

proposed ALSA-3 framework is based on these basic ideas. Its goal is to make Alzheimer's 

disease diagnosis better by using strong, accurate, and easy-to-understand classification 

methods. 

2.2. Related Works 

In the realm of AD investigations, approaches are continually evolving to automate 

diagnosis and utilize biomarkers for forecasting future disease issues. By employing 

transfer learning successfully, well-known convolutional neural network (CNN) models 

have been able to increase classification performance in numerous medical applications. 

This continual development shows a strong attempt to make it easier to diagnose 

Alzheimer's disease and make predictions about it, which is a very hard area of study. 

Gige et al. [25] developed a system during the early diagnosis of AD by examining MRI 

brain pictures to classify individuals into four categories: mild AD, moderate AD, no AD, 

and control. Their comparative analysis of VGG19 and DenseNet architectures 

demonstrated that VGG19 exhibited greater performance, effectively identifying 6000 
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images across the specified categories. In the same way, R. A. et al. [26] used DNN models 

to sort AD makes use of MRI data. They stressed that traditional image processing methods 

typically miss minor signals because brain architecture are so complicated. Their tests 

showed that the DenseNet-121 model was 86.55% accurate, but a mix of AlexNet and 

LeNet was much more accurate (93.58%) and cost less to run. Shojaei et al. [27] progressed 

this domain by utilizing a 3D-CNN model on ADNI MRI scans and integrating occlusion 

mapping with backpropagation explainability to pinpoint essential brain regions affecting 

categorization. When they used 5-fold cross-validation, their model got 87% accuracy, and 

when they focused on 29 brain regions, it got 93% accuracy. 

In a separate study, Raees et al. [28] put forward a technique that sorted MRI pictures from 

111 people into three groups: normal cognition, mild cognitive impairment (MCI), and 

Alzheimer's disease (AD). The model attained an accuracy range of 80–90% utilizing 

support vector machines (SVM) and deep learning techniques, indicating the feasibility of 

early Alzheimer's disease detection with considerable socio-economic advantages. Dar et 

al. [29] introduced a CNN-based architecture for the multi-class classification of AD stages 

utilizing structural MRI scans. Their approach successfully tackled dataset imbalance via 

resampling and augmentation, with an accuracy of 96.6% in distinguishing five AD 

cohorts. They also talked about how useful transfer learning and cloud-based monitoring 

tools are for real-time AD evaluation. In the same way, Bandyopadhyay et al. [30] used the 

OASIS dataset and suggested an ensemble-based method along with an ANN. Out of the 

eight machine learning methods, the ANN performed the best, with an accuracy of 91.9%, 

compared to 83.04% for the voting classifier and 85.7% for gradient boosting. 

Balaji et al. [31] created a hybrid deep learning model by merging convolutional neural 

networks (CNN) with long short-term memory (LSTM) networks. Their approach was 

quite good in finding early MCI, with an accuracy of 98.5%, thanks to Adam optimization. 

The research investigated domain learning to enhance the forecasting of MCI advancement 

to AD. Jo et al. [32] used functional MRI (fMRI) data with stacked autoencoders to find 

features and classify them. They got 98.8% accuracy in finding AD and 83.7% accuracy in 
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predicting the conversion from MCI to AD. Deep learning models yielded similar 

outcomes with accuracies of 96% and 84.2%, respectively, underscoring the advantages of 

multimodal strategies that integrate neuroimaging and serum biomarkers. Hu et al. [33] 

introduced the VGG-TSwinformer, a hybrid model that integrates CNNs with transformers 

for longitudinal investigation of Mild Cognitive Impairment (MCI). The model utilized 

spatial and temporal attention mechanisms, achieving 77.2% accuracy in differentiating 

stable MCI (sMCI) from progressive MCI (pMCI), surpassing cross-sectional MRI-based 

studies with an AUC score of 0.8153. 

Chang et al. [34] suggested a CNN-based approach utilizing T1-weighted MRI scans to 

distinguish between Alzheimer's Disease (AD), temporal lobe epilepsy (TLE), and normal 

controls. At 90.45% accuracy, their model demonstrated a strong ability to diagnose TLE.  

A long-term MRI framework that integrates CNNs and RNNs was suggested by Liu et al. 

[35] in order to record the temporal and spatial features of brain degeneration. Their 

approach attained 71.71% accuracy in distinguishing pMCI from sMCI and 91.33% 

accuracy in differentiating AD from normal controls. Shamrat et al. [36] performed a 

comparative investigation of five CNN models for MRI-based Alzheimer's disease 

classification, with InceptionV3 attaining 96.31% accuracy. They also suggested the 

AlzheimerNet model, which was improved with RMSprop and reached a record accuracy 

of 98.67%. 

Ramya et al. [37] put forward a computer-assisted method that combines improved 

expectation maximization and adaptive histogram equalization approaches for the 

segmentation and classification of AD. Their model utilized MRI scans and integrated 2D-

adaptive bilateral filtering, GLCM feature extraction, PCA-based dimensionality 

reduction, and logistic regression for classification, achieving an accuracy of 96.92% and 

surpassing previous methodologies. Rangaraju et al. [38] developed a octave with dual 

attention awareness convolutional network (DACN) for the identification of AD utilizing 

3D MRI data. Their method, which included patch-based CNNs, octave convolution, and 

attention modules, got an amazing 99.87% accuracy on the dataset for ADNI. 
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Maskeliūnas et al. [39] used a vision transformer architecture to combine MRI and PET 

data at the pixel level in a way that expanded multimodal analysis. Their method reached 

81.25% and 93.75% accuracy for MRI and PET modalities, respectively, by using discrete 

wavelet transformations, VGG16 transfer learning, and fused feature reconstruction. 

Odusami et al. [40] created a heuristic early feature fusion model that combined PET and 

MRI data using a modified ResNet18. This model was able to explain AI (XAI) procedures 

and got 73.9% accuracy. Additionally, Odusami et al. [41] utilized Adaptive learning with 

Pareto optimization using transposed convolution layers for the integration of MRI and 

PET, evaluating VGG11, VGG16, and VGG19 models on the ADNI dataset. Their findings 

illustrated the superiority of VGG19 in relation to SSIM, PSNR, and entropy-based 

metrics. In their subsequent research, Odusami et al. [42] presented optimal convolutional 

fusion utilizing multi-kernel architectures and instance normalization to synchronize MRI 

and PET data. When tested on the ADNI, OASIS, and AANLIB datasets, the method 

worked almost perfectly, with 99% accuracy, 99% specificity, and 98.44% sensitivity in 

telling the difference between AD and normal controls. 

A considerable number of studies have introduced DL strategies in order to diagnose AD 

through neuroimaging data. Various architectures, including DenseNet, 3D-CNN, 

ensemble, VGG19 frameworks, LSTM as well as conventional CNN models, have been 

widely applied, achieving classification accuracies between 80% and 98.67% when 

distinguishing cognitively normal subjects, mild cognitive impairment (MCI), and AD 

[43–46]. However, a persistent limitation of many existing approaches lies in their inability 

to adequately manage noise and heterogeneity present in MRI scans, which often restricts 

their ability to generalize effectively across different datasets, thereby reducing diagnostic 

reliability. To address these challenges, the ALSA-3 framework incorporates advanced 

image preprocessing techniques alongside comprehensive evaluation metrics, ensuring that 

image quality is preserved and enhancing the robustness of stage differentiation in AD. 

Another critical shortcoming in prior studies is the lack of detailed optimization, as many 

models rely on generalized hyperparameters that fail to exploit the full potential of CNN 

architectures for Alzheimer’s classification [47–50]. Model introduces a novel design that 
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has undergone extensive experimental validation, leading to a lightweight yet highly 

efficient network that maintains an optimal trade-off between performance and 

computational efficiency. Furthermore, the integration of Grad-CAM and Grad-CAM++ 

within ALSA-3 strengthens the interpretability of its predictions, producing transparent 

visual explanations. This feature is particularly vital in clinical practice, where 

interpretability not only supports accurate therapeutic decision-making but also fosters 

greater trust among healthcare professionals. 

2.3. Research Gap  

 

2.4. Challenges 

The development of an effective MRI-based Alzheimer’s disease classification model 

faces several challenges that must be carefully addressed. One major challenge lies in the 

variability and complexity of MRI data, where differences in acquisition settings, noise, 

and artifacts can significantly impact image quality and subsequent model performance. 

Another difficulty is the high dimensionality of MRI scans, which requires powerful  
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CHAPTER 3 

RESEARCH METHODOLOGY 

3.1. Proposed Methodology/Applied Mechanism 

 

3.2. Data Collection Procedure/Dataset Utilized 

The expanded Alzheimer MRI dataset [59], a publicly available online resource, is the 

source of the dataset used in this investigation. The open-source collection has over 6400 

images, categorized into four categories: not demented, somewhat demented, very slightly 

demented, and mildly demented. Each set has huge number of images. This dataset was 

divided into 3 sections: test data, which made up the last 15% of the total photographs; 
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validation data, which made up 15%; and training data, which made up around 70% of all 

the photos. To assist you completely understand the qualities of the dataset, Table 3.1 

includes a sample image of AD pathology along with some explanations. 

Table 3.1:  

Features of AD disease classifications. 

 

3.3. Image Pre-processing 

In the field of DL, data preprocessing means cleaning and improving raw data so that it 

can be used to train DNN.  The images in the dataset were resized to 224×224 pixels, which 

made training faster and made sure the computer could handle it.  Rescaling makes training 
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models more efficient.  Used methods are just a few of the preprocessing methods that 

make models more robust. The different ways that augmentation was done.  Image 

preprocessing, which is very important for getting the best performance out of a neural 

network to remove noise. MRI images have a lot of noise and not much contrast.  Motion 

correction fixes movement, which makes the image clearer, more consistent, and more 

accurate.  Denoising cuts down on the bilateral filter and noise smooths out pixels while 

keeping the edges of regions sharp.  Statistical evaluation measures like RMSE, MSE, 

SSIM, and PSNR are used to look at the effects of preprocessing [60].  Figure 3.1 depicts 

essential processes in the image preprocessing phase, safeguarding image quality. 

 

Fig. 3.1: Image pre-processing workflow. 

3.3.1. Contrast Limited Adaptive Histogram Equalization 

CLAHE is used to lessen excessive contrast in order to equalize the total contrast [61].   

Physicians may be able to diagnose general health issues by improving the local contrast 

in these pictures [62].   You need to set up the tileGridSize and ClipLimit parameters in 

order to use CLAHE.   Each tile's size in terms of rows and columns is determined by the 

tilegridsize parameter, and the contrast value that will be used as a threshold is specified 

by the clipLimit argument.   The optimal tileGridSize and clipLimit settings were 

determined to be (12,12) and 0.5 after testing with a number of combinations. 
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3.3.2. The Bilateral Filter 

In image processing, a bilateral filter is a common non-linear filter type that smoothes out 

pictures while maintaining sharp edges [63].  It maintains borders and minute details by 

applying an average weighting to pixels based on the brightness along with spatial 

separation. The algorithm does its laborious job using the sigmaColor, dimension, and 

sigmaSpace parameters.  The number of pixels in each neighborhood is indicated by the 

dimension, while the color space's sigma is shown by the sigmaColor.  These parameters 

are very important for many image processing tasks, including blurring, smoothing, and 

improving photographs.  The filter's operation may be changed to give you the expected 

results. 

3.3.3. The Green Fire Blue 

Last way to improve this study is to use a filter.  Changing the colors of the pixels in a data 

image is what filtering it means.  Using filters makes the contrast better and adds a lot of 

different visual effects to the pictures [64].  We did a number of tests to find the best filter 

for the dataset.   

Table 3.2:  

The parameters of the image enhancing technique. 

 

The procedures for enhancing a picture are listed in Table 3.2, including with the 

algorithms and parameter settings. The contrast-limited adaptive histogram equalization 

(CLAHE) employs a tileGridSize of (12, 12) and a clipLimit of 2.0 for optimal contrast 

enhancement. The bilateral filter's sigmaColor and sigmaSpace values are 75 and its 
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diameter is 9. This ensures that noise is minimized while maintaining edges. The green fire 

blue method uses a fire filter, a green filter, and three parameters (0.8, 0.6, and 0) to 

improve the appearance of colors. 

The whole picture pre-processing employed in this work to enhance the image quality is 

shown in Figure 3.2. This image displays a comprehensive set of procedures, including 

bilateral filtering, green-fire-blue filtering, and CLAHE. The conditions are ideal for the 

finest outcomes, and every step is meticulously prepared. 

 

Fig. 3.2: Results and flowchart for image preparation. 

3.4. Quality of Images 

Different ways of preparing pictures were used, which could have changed the quality of 

the images.  Calculating RMSE, MSE, SSIM, and PSNR, among other things, makes sure 

that the quality of the image stays the same. 

3.4.1. MSE 

The sum of the squared discrepancies between the pixel values in two photographs is 

shown by the mean squared error.  An picture of higher quality has a lower MSE value.  

This is due to the fact that a lower MSE value indicates that the processed picture is very 

comparable to the original image. An image with no noise has a value of 0. Equation 1 

shows what MSE means in math. 

 

                          𝑀𝑆𝐸 =
1

𝑝𝑞
∑  𝑚−1
𝑡=0 ∑  𝑛−1

𝑗=0 (𝑂(𝑚, 𝑛) − 𝑃(𝑚, 𝑛))2                                      (1) 
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3.4.2. RMSE 

The difference between the quality of the original picture and the changed image is 

measured by the root means square error. A lower RMSE, especially one that is getting 

closer to 0, means fewer mistakes and better image quality. You can find RMSE by using 

equation 2: 

                                                    𝑅𝑀𝑆𝐸 = [∑  𝑁
𝑗=1 (𝑑𝑓𝑖 − 𝑑𝑑)

2
/𝑁]

1

2
                                  (2) 

3.4.3. PSNR 

By comparing the maximum signal intensity to the power of noise, which reduces the 

clarity of an image after processing, one may get the peak signal-to-noise ratio. To find 

PSNR, you first need to find the value of MSE. Then, we use equation 3 to find PSNR: 

                                       PSNR = 20log10⁡ (
(𝑀𝐴𝑋)

√𝑀𝑆𝐸
)                                                       (3) 

3.4.4. SSIM 

The degree to which pre-processing methods degrade picture quality is gauged by the 

structural similarity index. The estimate is between -1 and 1, with 1 meaning that the 

structures are exactly the same and 0 meaning that they are not at all similar. The formula 

4 is used to figure out SSIM: 

                                    SSIM⁡(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦+𝑐1)(2𝜎𝑥𝑦+𝑐2)

(𝜇𝑥
2+𝜇𝑥

2+𝑐1)(𝜎𝑥
2+𝜎𝑦

2+𝑐2)
                                    (4) 

3.5. Evaluation of Quality 

A comprehensive analysis of ten pictures' quality utilizing RMSE, MSE, PSNR, and SSIM.  

You compare the original and processed images to determine how nice a picture is.  Ten 

photographs selected at random, together with the outcomes of several image evaluation 

methods for each.  By contrasting the modified picture with the initial random image, we 

were able to determine each image evaluation value.  By examining the MSE and RMSE 

values, you may ascertain the average and root average discrepancies between the original 

and processed images. PSNR values show that the images are more accurate, while SSIM 

values show that the images are structurally similar. This careful evaluation gives a  
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 evaluation, which uses the K-fold cross-validation method to check how well the ALSA-

3 model works on different datasets. This methodical pipeline guarantees a robust 

analytical framework and offers enhanced insights into the progression of Alzheimer's 

disease, facilitating greater diagnostic reliability and aiding the creation of more effective 

therapeutic decision-making tools. 

 

Fig. 3.3: A thorough evaluation and study of the Alzheimer's picture collection. 
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                                                    CHAPTER 4 

EXPERIMENTAL RESULTS AND DISCUSSION 

4. Training and Model Evaluation 

This part explains the full method used to train the models and test how well they work. 

For a thorough assessment, it contains details on model architectures, training techniques, 

and the measures that are used to compare them. 

4.1. Training Strategy 

To make the most of computing power and speed up model convergence, the model was 

trained in batches of 64 across 50 epochs. The Adam optimizer was used with a learning 

rate of 0.001 and the categorical cross-entropy loss function, which is great for jobs that 

involve classifying several classes. We used the rectified linear unit (ReLU) activation 

function to provide good estimates of class probabilities. The dataset was divided into three 

parts: training, testing, and validation. Each section got 70%, 15%, and 15% of the photos, 

respectively. The validation set was taken from the training set to keep an eye on how well 

the model generalizes. Three dedicated personal computers were used for the experiments. 

Each has a solid-state drive (SSD), 256 GB of DDR4 RAM, an NVIDIA GPU, and an Intel 

CPU, which was enough power to compare alternative models and hyperparameter 

settings. 

4.2. Model Comparison 

This study conducts comparative analysis among three deep learning models and the 

proposed model, emphasizing the assessment of their accuracy. The assessment utilized 

images measuring 224 × 224 pixels. Here is a description of these models. 

4.2.1. MobileNetV2 

A CNN is called MobileNetV2 (CNN) of 53 layers [65]. The model has been trained on 

more than a million images from the ImageNet dataset, which includes 100 different types 

of objects. This lets it learn a lot of different characteristics that may be used for image 
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classification tasks. There are 32 filters and 19 bottleneck layers in MobileNetV2's 

architecture, which are all arranged in fully convolutional layers. There are two primary 

blocks in the network, each with three layers. There are also 11 convolutional layers at the 

start and end of each block, all of which use 32 filters. This setup lets MobileNetV2 strike 

a compromise between fast computing and strong feature extraction, which makes it good 

for transfer learning in many areas of picture analysis. 

4.2.2. ResNet50V2 

There are 50 layers in the ResNet50 architecture. These include 48 convolutional layers 

and independent average and max pooling layers [66]. The reference says that the model 

has over 23 million parameters that can be learned. A lot of computer vision programs use 

ResNet50 because its design solves the disappearing gradient problem by adding residual 

shortcut connections that let gradients move more easily. The suggested model employs a 

stacked convolution strategy to amalgamate convolution and max pooling operations, a 

method that has shown highly effective in mitigating the issues related to vanishing 

gradients, therefore improving network stability and performance. 

4.2.3. InceptionV3 

One convolutional neural network (CNN) designed for picture sorting is the InceptionV3 

architecture [67].  Several layers are stacked on top of one another in its structure, which 

progressively extracts and encodes valuable features from input pictures.  The model 

initially normalizes the input photographs' pixel values to ensure consistency in the data.  

Convolution and spatial downsampling are carried out via the Conv2D and MaxPooling2D 

procedures in the first layers, respectively.  This enables the network to detect local trends 

rapidly.  The starting weights are established using the He normal initialization technique, 

and the Conv2D layers are made non-linear with ReLU activation functions. 

MaxPooling2D layers make feature maps smaller in space, which makes them faster to 

compute. Dropout layers randomly turn off some neurons during training to stop overfitting 

and let the learnt characteristics generalize. The flatten layer comes after the convolutional 

layers and turns multidimensional feature maps into a one-dimensional vector.    
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The recovered characteristics may then be used by the completely connected thick layers.   

Four neurons with a softmax activation function in the output layer forecast the likelihood 

that each input image falls into one of the classifications.  ReLU activation is used in the 

thick layers as well. 

4.2.4. ALSA-3, the Proposed Model 

The foundation of the ALSA-3 models' design is a technology that makes them lightweight 

and universal while maintaining consistently high performance.  The suggested model is 

referred to as ALSA-3.  CNNs do ablation research to determine what works.  In this 

research, there are three convolution layer blocks.  Figure 4.1 shows how to assemble the 

model.  To choose the layers and parameters of the bespoke model, we carried out an 

ablation study.  Making it easier to use and more precise was the aim.  In an ablation study, 

certain network components are purposefully removed in order to gain understanding of 

how the network functions and identify the best layers for the suggested model.  Adding a 

resealing layer is the first step in creating a bespoke CNN model, which ensures that the 

model always receives 224 x 224 images.  This will assist maintain a consistent 

performance.  The first convolutional layer then receives the rescaled picture.  In order to 

identify various local elements in every picture, including edges, textures, and so on, it will 

use a 16-pixel filter size.  The design has many convolutional layers.  16 filters and a 3x3 

kernel make up the first convolutional layer with "same" padding.  ReLU is used to turn it 

on.  A pooling layer was then used.  This preserved the most important portion while 

halving the spatial size.  In order to identify the biggest value inside a constrained area—

generally indicating the most prominent characteristic of that area a max-pooling layer with 

a 2x2 pool size was used in the study.  32 unique characteristics were extracted from the 

combined output, an additional convolution layer has been introduced in the following 

block.  32 is the filter size.  Since the initial convolution only discovered simple 

characteristics, this stage is helpful for identifying more complex ones.  A second max 

pooling layer is then used to exclude elements that aren't necessary or as significant.  

Because so many characteristics were eliminated, the model may have been overfitted or 

skewed toward certain patterns up until this point.  To prevent overfitting, a dropout layer 
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has been included into the model. During training, this layer randomly changes 20% of the 

input unit to 0. This helps the model learn to generalize. The next block now has another 

convolution layer. This one can find things that are 64 different sizes. The proposed design 

used bigger filter sizes in the convolutional layers to make it easier to extract features. This 

was especially important because the units had a 20% random dropout, which might let the 

network learn certain patterns. Increasing the size of the filters lets the convolutional layers 

pick up on more features, which helps with generalization. A second max-pooling layer 

was added to choose the most important features from the complicated patterns that had 

already been found. To further reduce bias and overfitting, a dropout layer with a rate of 

25% was added. This made sure that 75% of the learnt features were sent to the next dense 

layers for aggregation and learning. There are two fully connected dense layers in the 

network, one with 128 neurons and the other with 64. The first dense layer puts together 

and processes all the characteristics that the convolutional layers found. The second dense 

layer then fine-tunes and combines these representations for the final classification. The 

softmax activation function in the output layer lets the model put images into more than 

one class, which makes it good for multiclass classification problems. 

 

Fig. 4.1: Custom CNN architecture is suggested. 
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Modifications to certain features of a model's architecture may either enhance, worsen, or 

leave the network's performance unaltered.   By modifying hyper-parameters like learning 

rates, optimizers, batch sizes, and loss functions, accuracy may often be raised. The overall 

effectiveness of the model is significantly impacted by changes made to its design.  

Analysis was done on the results of four case studies.  The total accuracy increased, 

indicating that the strategy was effective. 

4.3. Results and Discussion 

This part goes into great detail on the research on ablation done on the model of ALSA-3, 

looking at how each part and hyperparameter affects the model's overall performance. The 

study looks at the accuracy and loss curves to give a clear picture of how the model is 

learning. A close look at the confusion matrix shows even more how well the model can 

tell the difference between different stages of Alzheimer's disease. We also used K-fold 

cross-validation to see how strong and generic ALSA-3 was. To fix the problem of class 

imbalance during training, class weights were used to make sure that each class had a fair 

share of the loss function. The model gave more weight to minority classes, which made 

these less common categories more important. This led to big gains in F1 score, recall, and 

precision, and it also reduced bias toward majority classes. This method made the model 

better at correctly identifying and classifying samples from less common classes, which 

led to more balanced performance measures. The ablation investigation was conducted via 

four consecutive experiments, methodically modifying essential elements of the ALSA-3 

architecture, such as the optimizer, learning rate, batch size, loss function, and flatten layer.  

This methodical evaluation provided information about the unique contributions of each 

element, directing the model's improvement for reliable and accurate Alzheimer's disease 

categorization. 

4.4. Study of Ablation 

Because it methodically evaluates the ALSA-3 model to determine if each component is 

required and how it helps, the ablation study is essential to this investigation, which proves 

that the model is strong and works well for diagnosing Alzheimer's disease. Ablation 
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experiments are structured to isolate and evaluate the significance of particular components 

inside a model, guaranteeing that each piece substantively enhances overall performance 

[68–72]. In this study, we looked at important factors including the flattening learning 

rates, optimizer, layer, and batch size to see how they affected the performance of the model 

on their own and in combination. This thorough study not only backs up design choices, 

but it also helps us understand how different parts work together better, which helps us 

make a very accurate and reliable model with finding AD early also figuring out what stage 

it is in. 

Because it converts the multi-dimensional output of convolutional layers into a one-

dimensional vector that fully connected layers may use, the flattening layer is crucial.  This 

layer's ablation experiments demonstrated how modifications to the model's configuration 

impact its ability to identify complex patterns, which in turn impacts the model's overall 

precision and forecasting ability.  The study emphasizes the significance of maintaining 

spatial hierarchies and enhancing feature extraction for efficient Alzheimer's disease 

classification by examining many configurations [73–74]. 

We also looked at batch size to see how it affected the training of the ALSA-3 models 

stability, convergence rate, and overall performance. Batch size is a very important 

hyperparameter that has a big effect on gradient estimates, computational efficiency, and 

the trade-off between training speed and model correctness. The findings indicate that 

choosing a suitable batch size is essential for attaining optimal classification of AD stages 

[75–76]. 

The impact of optimizers and learning rates on parameter updates during training of the 

ALSA-3 model was also investigated. Tests with the Adam optimizer at different learning 

rates showed how these choices affect convergence, generalization, and avoiding local 

minima [77]. This investigation underscores the imperative of meticulously adjusting 

optimization parameters to guarantee swift, stable, and precise learning, that is essential 

for accurate classification of AD. 



 

 

©Daffodil International University                                                                                 25  

 

By identifying the key elements of the ALSA-3 model and refining its design, this ablation 

study significantly advances the research. The study guarantees optimal performance by 

systematically assessing the contribution of each aspect, resulting in a very dependable and 

precise approach for diagnosing the stages of Alzheimer’s disease. 

4.4.1. Modifying the Flatten Layer 

 

4.4.2. Modifying the Batch Size 

The choice of batch size affects how well the ALSA-3 model classifies things. To assess 

its effect, experiments utilized batch sizes of 32, 64, and 128. The results showed that both 

validation and test accuracy got better when the batch size went up from 32 to 64 and then 

128. The lowest loss value was 0.036 and the highest test accuracy was 99.50% with a 

batch size of 64.  For further testing, a batch size of 64 was used as it ensures that the model 

operates more regularly and dependably. 

4.4.3. Modifying Learning Rates and Optimizers 

In order to identify the best option for training the ALSA-3 model, this experimental 

research evaluated four optimizers: SGD, Adam, Nadam, and Adamax.  Additionally, the 

research examined the effects of several learning rates (0.01, 0.001, and 0.0001) on the 

model's performance.  Using a 0.001 learning rate and test and validation accuracy of 

99.50% includes 98.75%, respectively, Adam was the best optimizer evaluated.  Although 

the accuracy scores of other optimizers were comparable to Adam's, Adam was selected 

for further research since it consistently outperformed the others. 
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4.4.4. Final Setup Following Ablation Research 

The correct calibration of the learning rate, loss function, batch size, optimizer, activation 

function, and dropout improved the model's accuracy, according to ablation studies. 

4.5. Evaluation Matrices 

The effectiveness of a statistical, machine learning, or deep learning model can be 

determined by analyzing its evaluation metrics. Assessing model performance requires the 

use of appropriate metrics, and it is essential to examine a study's model through multiple 

indicators. A true positive (TP) is when the model correctly identifies the positive class, 

while a true negative (TN) occurs when the model accurately recognizes the negative class. 

The model generates FP and FN when it incorrectly determines the positive or negative 

class.  The f1-score, accuracy, precision, and recall are metrics used to assess this model's 

capacity for classification or prediction [78]. The equations (5), (6), (7), and (8) show the 

performance parameters. 

                                                𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = ⁡
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                             (5) 

                                                𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ⁡
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                         (6) 

                                                𝑅𝑒𝑐𝑎𝑙𝑙⁡𝑜𝑟⁡𝑇𝑃𝑅 = ⁡
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                 (7) 

                                                𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = ⁡
2⁡×⁡𝑅𝑒𝑐𝑎𝑙𝑙⁡×⁡𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
                                   (8) 

4.6. Performance Analysis  

We utilize equations (5), (6), (7), and (8) to identify a number of objects for each model to 

see how well they function. The results of the performance metrics are shown in Table 4.1.  

With an accuracy score of 99.50%, our recommended ALSA-3 model provides the highest 

overall performance and accuracy. It also obtained a perfect score of 100% for precision, 

99% for recall, and 100% for f1-score. InceptionV3, ResNet50, and MobileNetV2 aren't 

very good because their accuracy rates are only 97.50%, 98.78%, and 87.11%, respectively. 
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Table 4.1:  

Performance metrics for every model. 

 

Graphs of accuracy and loss [79] might help you understand how the model works better. 

The graph illustrates the loss value for each epoch and how accurate the training and 

validation were. The accuracy graph shows the effectiveness of each epoch run for both 

validation and training.  How much you lost throughout training and testing is shown on 

the loss graph.  Figure 4.2 presents the accuracy and loss graphs for the ALSA-3 model, 

MobileNetV2, InceptionV3, ResNet50, and others. As illustrated in Figures 4.2(g) and 

4.2(h), model accuracy improves with each epoch, while the loss value decreases. 

Moreover, compared to the other models, the proposed ALSA-3 model achieved the 

highest accuracy and the lowest loss. 

              

(a) MobileNetV2 accuracy graph. (b) MobileNetV2 loss graph. 
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(c) InceptionV3 accuracy graph (d) InceptionV3 loss graph. 

  

(e) ResNet50V2 accuracy graph (f) ResNet50V2 loss graph. 

  

(g) ALSA-3 CNN accuracy graph (h) ALSA-3 CNN loss graph. 

Fig. 4.2: A graph showing accuracy and loss. 

Figure 4.3 displays the confusion matrix [80], which juxtaposes the performance of the 

ALSA-3 model with that of other models. The numbers in the rows show the genuine labels 

that were assigned to the test photos, while the numbers in the columns show the labels 

that were predicted for the test images. The percentage of test images that were correctly 

predicted is shown according to the confusion matrix's diagonal. Figure 4.3(d) shows that 
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our proposed model predicts all four disease classes fairly evenly, without favoring any 

particular class. The results indicate that the model makes approximately the same number 

of correct predictions for each class.  

  

(a) MobileNetV2. (b) InceptionV3 

  

(c) Resnet50V2. (d) Proposed ALSA-3. 

Fig. 4.3: Confusion matrix for model. 
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The receiver operating characteristic (ROC) [81] and the area under the curve (AUC) [82] 

metrics were used to see how well the ALSA-3 model worked. The AUC measures how 

well the model can tell the difference between distinct classes. Values closer to 1 mean that 

the model does a better job at classifying. Figure 4.4 shows the ROC curve, which shows 

that the model has a high discriminative capability because the true positive rate is close to 

1 and the false positive rate is close to 0. The ALSA-3 model has a perfect AUC score of 

100%, which shows that it is very accurate and good at identifying Alzheimer's disease. 

 

Fig. 4.4: ROC curve. 

4.7. Examine Overfitting 

Several techniques were used to reduce the likelihood of overfitting during the ALSA-3 

model's training and testing. We used K-fold cross-validation and other cross-validation 

methods to test how well the model worked on different parts of the dataset shows in table 

4.2, 4.3, 4.4. This made sure that the model was trained and tested on a wide range of cases, 

which improved its generalizability [83–86].  



 

 

©Daffodil International University                                                                                 31  

 

We also used regularization methods like dropout and weight decay to make the model 

more resilient. Dropout randomly turns off neurons during training to stop the model from 

relying too much on certain features. Weight decay punishes big weights to encourage 

models that work well with new data [87–88]. To further enhance generalization, 

participants from a variety of age ranges, genders, and nationalities, creating a sample 

representative of the broader population.  

A confusion matrix was used to fully test the model's performance. It showed that ALSA-

3 could accurately tell the difference between different levels of Alzheimer's disease 

severity [89–91], as shown by consistently excellent recall and accuracy in every class. 

Advanced visualization approaches, including heatmaps and grad-CAM, facilitated 

interpretability by emphasizing pertinent areas of MRI images that contribute to 

categorization, hence improving clinical application.  

We utilized k-fold cross-validation [92] with k values of 3, 5, and 7 [93] to check for 

overfitting and generalization. This was shown by differences between the training and 

validation accuracies. Validation accuracies regularly surpassed 98% across all folds, and 

the training and validation metrics were well aligned, demonstrating that ALSA-3 delivers 

dependable performance without overfitting under diverse data shuffling scenarios. 
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4.8. Explain Ability Model using Grad-Cam 

The purpose of explainable artificial intelligence (XAI) is to design AI systems that can 

deliver clear and understandable justifications for their predictions. In this study, Grad-

CAM and Grad-CAM++ are highlighted as essential methods frequently applied to 

interpret model behavior [94–95]. Grad-CAM, a widely used approach in existing research, 

visualizes the decision-making process of deep neural networks. It effectively highlights 

the key regions of an input image that contribute to a specific model prediction. By quickly 

calculating gradients with respect to CNN feature maps, Grad-CAM accurately pinpoints 

the regions of interest. The generated heatmap serves as a valuable tool for researchers, as 

it reveals how the model attends to different image areas during classification. The essence 

of Grad-CAM can be summarized in the following mathematical equation. 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

𝛼𝑘
𝑐 =

1

𝑍
∑  

𝑖

∑ 

𝑗

∂𝑦𝑐

∂𝐴𝑡𝑗
𝐾 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(10)

𝐿Grad-CAM 
𝑐 = ReLU⁡ (∑  

𝐾

𝛼𝑘
𝑐𝐴𝑘)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(11)

 

                    𝑦𝑐 = The network's class C pre-SoftMax activation score 

                   𝐴𝑘 = Feature map activations 

                   𝛼𝑘
𝑐   = Neuronal weights 

                    𝑍⁡ =   The number of pixels in the feature map 

The fundamental grad-cam technique is improved upon by Grad-Cam++. Its main goal is 

to make localization more accurate. By taking into account both positive and negative 

gradients, this evolution makes it possible for the CNN's foundational layers to absorb more 

information. Grad-CAM++ significantly improves the accuracy of finding unique features 

in an image by combining these gradients. This improvement, in turn, makes CNN models 

clearer and easier to understand. The following equation summarizes the formulation for 
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grad-cam++, which takes with more nuanced approach to improving localization than its 

predecessor. 

                              𝑊𝑘
𝑐 = ∑  𝑖 ∑  𝑗 𝛼𝑖,𝑗

𝑘𝑐ReL⁡𝑈 (
∂𝑌𝑐

∂𝐴𝑖,𝑗
𝑘 )                                                                          (12) 

                      ⁡𝑊𝑘⁡⁡
𝑐 = Weights of neurons 

                        𝐴𝑘  =   Feature mapping activations 

                         c    =   Class of targets 

                         𝑦𝑐 = The network's pre-SoftMax activation score for Class C 

                        𝛼𝑖,𝑗⁡⁡
𝑘𝑐 = Emphasizes importance of location 

Table 4.5: 

                               Visualization of four classes using grad-cam and grad-cam++. 
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Grad-cam does a good job of highlighting disease areas and explaining important features, 

but grad-cam++ does an even better job by giving a more complete picture of important 

features in table 4.5. A careful look at the resulting heatmaps gives us important 

information about how the model makes decisions, which helps us understand why each 

prediction was made. Medical professionals can learn about how the model works by 

looking at these heatmaps. This may increase their confidence in the model's predictions 

and aid in their diagnostic decision-making.  For individuals with very mild dementia and 

moderate dementia, for instance, the heatmaps may show activity in regions such as the 

entorhinal cortex and hippocampal regions that are associated with early indicators of 

cognitive deterioration.  The model may display bigger regions in moderate to severe 

instances, indicating worsening sickness. The model helps doctors check its predictions 

and understand the underlying pathology by giving them these visual cues. The model's 

interpretability is of utmost importance, as it guarantees transparency and dependability, 

especially in situations where the model's decisions have a substantial impact on essential 

applications. 

4.9. Comparing with Previous Works 

The efficacy of the proposed technique for identifying AD from MRI scans is further 

assessed by comparing its performance with the findings of recent research. Table 4.6 

shows the accuracies test of contemporary works, which are used in this comparison. The 

table reveals that the earlier study's results were less accurate, and the method hasn't been 

utilized in real life yet.  

Our research utilized a compact, efficient model that surpassed prior studies in accurately 

classifying Alzheimer's disease. That study has also successfully employed a very effective 

methodology to make an Android app that would help doctors and nurses use their 

smartphones. 
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Table 4.6: 

Comparison of performance measures with previous research. 
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CHAPTER 5 

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY 

5.1. Impact on Society 

The incorporation of the ALSA-3 model for the classification of Alzheimer's disease holds 

considerable promise for societal impact, especially in the healthcare domain. The model 

can cut down on the time between the start of symptoms and clinical intervention by 

making MRI-based diagnosis faster and more accurate. This will improve patient outcomes 

and quality of life. Its high accuracy and ease of understanding make it possible to provide 

expert-level diagnostic support to areas where there aren't many specialized neurologists, 

which would make healthcare morefair. Also, ALSA-3 can help lower the economic 

burden of Alzheimer's disease by cutting down on unnecessary tests and helping with more 

targeted treatment planning. As the model becomes more integrated into clinical 

workflows, it can help create personalized care plans that meet the needs of each patient. 

This will improve disease management and help people live longer, healthier lives. At the 

same time, it is still important to make sure that these new technologies are used in a fair 

and ethical way so that the benefits of ALSA-3 reach a wide range of people without 

making existing inequalities worse. 

5.2. Impact on the Environment 

Similar to many deep learning frameworks, the ALSA-3 model for classifying AD needs a 

lot of computing power for training and inference. This can lead to higher energy use and 

a big carbon footprint. Using high-performance GPUs for a long time to process a lot of 

MRI data makes this problem even harder. Still, improving the ALSA-3 architecture 

through ablation studies, better tuning of hyperparameters, and less data redundancy can 

make it less demanding on computers and save energy. Also, using the model in cloud 

infrastructures that run on renewable energy sources can help reduce environmental costs 

even more. The clinical use of ALSA-3 may significantly decrease dependence on 

extensive physical diagnostic tools, repetitive imaging sessions, and superfluous hospital 

visits, thereby indirectly reducing resource consumption and emissions linked to patient  
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