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Abstract: Clinical brain MRI scans for Alzheimer's disease diagnosis often suffer from motion artifacts, signal dropout,
and incomplete acquisitions. While deep learning methods like LaMa produce visually coherent inpainting, they may
alter critical anatomical structures, and traditional methods such as OpenCV Telea maintain local continuity but
introduce excessive smoothing. This study presents a dual-stage generative adversarial network with attention gates for
medical image restoration, uniquely complemented by a novel gradient-weighted hybrid blending strategy that
adaptively combines GAN outputs with classical inpainting based on local image gradients. The architecture employs
an attention-enhanced U-Net generator and refinement network, supervised by patch and global discriminators through
combined adversarial, reconstruction, perceptual, structural similarity, and gradient losses. Evaluation on 12,491
balanced Alzheimer's MRI scans across four severity stages with synthetic 10-30% occlusions shows that the proposed
GAN reduces mean squared error by 48.7% versus LaMa and 41.3% versus OpenCV, achieving 17.44 dB PSNR and
0.9796 SSIM (computed over the brain region). The gradient-guided Hybrid-GAN maintains reconstruction quality with
a total inference time of approximately 8.97 ms per image. Downstream VGG16 classification reveals Hybrid-GAN
preserves diagnostic information most effectively, attaining 96.05% accuracy, only 0.96 points below the 97.01%
baseline and surpassing all alternative methods. These results demonstrate that attention-driven generative models
combined with structure-aware blending provide a practical and novel solution for artifact mitigation in neuroimaging
diagnostics.

Index Terms: Medical Image Inpainting, Generative Adversarial Networks, Attention Mechanisms, Brain MRI,
Alzheimer's Disease Classification, Hybrid Inpainting, Artifact Removal.

1. Introduction

Alzheimer's disease represents a major global health challenge as the predominant cause of dementia. Timely
diagnosis enables better patient management and treatment planning [1]. Structural brain MRI serves as a primary
diagnostic tool by revealing atrophy patterns and morphological changes in cortical and subcortical regions [2]. Clinical
MRI scans frequently exhibit localized signal dropout, incomplete acquisitions, and other forms of data loss (which can
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be caused by patient movement, hardware interruptions, or poor acquisition), rather than only global motion-induced
blur. These imperfections can mask critical anatomical features and compromise both radiological interpretation and
automated diagnostic systems [3]. Image inpainting helps in reconstructing missing or damaged image regions [4] and
offers a potential solution for restoring scan quality in such cases of localized data loss. Traditional methods like
OpenCV's Telea algorithm propagate neighboring pixel information into corrupted areas, maintaining edge continuity
but often producing blurred textures. Modern deep learning approaches, exemplified by LaMa[5], generate semantically
plausible content by learning from large natural image datasets. However, these models lack medical imaging
constraints and may introduce anatomically inconsistent patterns that appear visually acceptable yet harm diagnostic
accuracy [6]. This gap highlights the need for inpainting techniques that balance structural fidelity with semantic
coherence, evaluated not just by pixel similarity but by their impact on clinical decision making [7]. Specifically, how
different restoration strategies affect classifier robustness when processing corrupted medical images remains
insufficiently studied. This study introduces a two-stage generative adversarial network with attention mechanisms for
medical image inpainting, alongside hybrid strategies that combine GAN outputs with traditional methods through
gradient-based weighting. The framework is evaluated on four-stage Alzheimer's classification (Non-Demented, Very
Mild, Mild, Moderate Demented) using balanced ADNI data, assessing both reconstruction fidelity and VGG16
classification performance across multiple corruption scenarios.
The key contributions include:

« Attention-guided dual-stage GAN architecture. A coarse-to-fine generator with attention gates reconstructs
missing regions while preserving anatomical structures, trained using patch and global discriminators with
composite losses (adversarial, L1, perceptual, SSIM, gradient) tailored for medical imaging.

«  Comprehensive reconstruction quality assessment. Evaluation on 12,491 Alzheimer's MRI scans with
synthetic 10-30% occlusions shows that the proposed GAN reduces MSE by 48.7% versus LaMa and 41.3%
versus OpenCV, achieving 17.44 dB PSNR and 0.9796 SSIM when computed over the brain ROI.

«  Clinical validation through diagnostic preservation. VGG16 classifiers trained on clean images and tested on
seven conditions reveal the GAN achieves 95.89% accuracy (only 0.96 points below the 97.01% baseline),
outperforming all alternatives and demonstrating superior retention of diagnostic information.

«  Gradient-weighted hybrid strategy. The Hybrid-GAN approach blends GAN outputs with OpenCV using
structure-aware weighting, achieving 96.05% classification accuracy while maintaining practical
computational efficiency (total inference ~ 8.97 ms per image), making it suitable for clinical deployment.

The paper is organized as follows: Section 2 reviews related work on medical image inpainting and GANs. Section
3 details the proposed dual-stage attention GAN architecture and hybrid blending method. Section 4 describes the
experimental setup and datasets. Section 5 presents quantitative and qualitative results, followed by conclusions with
future directions in Section 6.

2. Literature Review

Image inpainting has evolved significantly from classical to deep learning approaches. Early diffusion-based
methods like Telea[8] and Bertalmio's Navier Stokes approach [9] maintained local continuity but produced blurred
textures in complex areas. Patch based techniques [10,11] improved texture synthesis by copying similar patches but
struggled with large occlusions or semantically rich content. Deep learning transformed inpainting capabilities through
Context Encoders [12], attention mechanisms [13], partial convolutions [14], and gated convolutions [15]. LaMa[16]
achieved state-of-the-art results using fast Fourier convolutions for large occlusions, while recent diffusion models [17]
and transformer architectures [18] demonstrated high fidelity reconstruction. However, most models trained on natural
images may not generalize to medical imaging, which requires anatomical consistency and diagnostic precision.
Generative adversarial networks have become dominant in inpainting due to their ability to generate realistic textures
and structures. Pathak et al. [12] first applied GANSs to inpainting through Context Encoders, while lizuka et al. [19]
proposed dual discriminators for semantic coherence and local consistency. Yu et al. [13] introduced contextual
attention mechanisms that explicitly borrow features from distant spatial locations, and EdgeConnect[20] adopted
structure-guided generation by first predicting edges then filling textures. Attention gates in U-Net architectures [21,22]
improved medical image analysis by focusing on relevant anatomical regions. Perceptual losses [23,24] ensure
generated content matches high-level semantic features rather than just pixel values.

In medical imaging, inpainting addresses artifact removal, data augmentation, and quality enhancement.
MedGAN][25] proposed unsupervised medical image inpainting using adversarial training, while diffusion models
[26,27] demonstrated high-fidelity MRI reconstruction. Structure-aware GANs [28] incorporated anatomical
consistency constraints for brain MRI inpainting. Hybrid methods combining classical and deep learning techniques
have gained attention [29,30], with recent work exploring CNN-Transformer architectures for Alzheimer's classification
[31]. Despite these advances, most work focuses solely on reconstruction metrics (PSNR, SSIM) without evaluating
downstream clinical impact. Few studies examine how inpainting affects diagnostic performance, and systematic
evaluation of methods for preserving diagnostic features in corrupted MRI remains limited. Our work distinguishes
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itself through several key innovations. We propose a dual-stage attention-guided GAN with a coarse-to-fine generator
trained using patch and global discriminators with composite losses (adversarial, L1, perceptual, SSIM, gradient)
tailored for medical imaging. We introduce gradient-weighted hybrid strategies (OpenCV-LaMa, OpenCV-GAN) that
adaptively blend outputs using local gradient magnitudes as anatomical importance proxies. Beyond reconstruction
metrics, we systematically evaluate impact on VGG16-based Alzheimer's classification across seven test conditions,
including per-class accuracy, confusion matrices, and ROC-AUC analysis. Evaluation on 12,491 balanced Alzheimer's
MRI scans demonstrates both superior reconstruction quality (48.7% MSE reduction vs. LaMa, 41.3% vs. OpenCV)
and enhanced diagnostic feature preservation (96.05% accuracy, only 0.96 points below baseline). Timing benchmarks
confirm practical feasibility with GAN inpainting averaging 8.49 ms and hybrid blending adding negligible overhead
(0.48 ms total). To the best of our knowledge, this is the first work combining attention-guided dual-stage GANs with
gradient-based hybrid inpainting and comprehensive multi-class Alzheimer's classification evaluation including ROC-
AUC metrics.

3. Methodology

This section details the proposed attention-guided GAN architecture, gradient-weighted hybrid inpainting
strategies, corruption simulation, baseline methods, evaluation metrics, and downstream classification experiments.

3.1. Problem Formulation

Consider a dataset D = {(X;, ¥;)}_; of brain MRI slices, where each imageX; € R?*W is a grayscale scan and
y; € {1,...,C} denotes the diagnostic class label, corresponding to Non-Demented, Very Mild Demented, Mild
Demented, or Moderate Demented categories. Corrupted regions are simulated by a binary mask M; € {0, 1}*W |
producing a masked image:

Xk =1-M)OX (1)

where denotes element-wise multiplication and indicates a corrupted pixel at location.O M;(p) = 1 p An inpainting
function reconstructs the image as: F

()?i — T(leaSk, Mi) (2)

with the goal of approximating the original X; in terms of perceptual quality and preservation of diagnostic features. The
main objectives are:

« To design a dual-stage attention-guided GAN for structure-aware medical image inpainting.
« To develop gradient-weighted hybrid strategies that combine GAN outputs with classical inpainting methods.
« To evaluate the impact of different inpainting approaches on downstream Alzheimer's disease classification.

3.2. Dataset and Preprocessing

Experiments utilize a publicly available Alzheimer's MRI dataset [32] comprising brain scans categorized into four
diagnostic classes: Non-Demented (NOD), Very Mild Demented (VMD), Mild Demented (MD), and Moderate
Demented (MOD). Each grayscale image has dimensions176 X 208 pixels. The original dataset exhibits significant
class imbalance with 3,200 NOD, 2,240 VMD, 896 MD, and 64 MOD images, totalling 6,400 samples. To mitigate
class imbalance, the Synthetic Minority Over-sampling Technique with Noise Modification (SMOTE-NM) [33] is
applied to generate synthetic samples for minority classes. The overall procedure is summarized in Algorithm 1. For
each minority sample X; k nearest neighbours are identified in feature space, and a synthetic point is created by linear
interpolation with a randomly selected neighbour.

(Xsyn =X+ A(Xneighbor - Xi)tl ~ U(O,l) (3)
To reduce overfitting and improve diversity, adaptive Gaussian noise is added to the interpolated sample:

(Xfinat = Xoyn + N (0,02) 4)

syn

The generated samples X, are appended to the minority set until the desired class balance is achieved. Figure 1
presents the class distribution before and after SMOTE-NM balancing. The balanced dataset contains 12,491 samples
with nearly equal representation across classes (approximately 3,100 samples per class), which helps prevent classifier
bias toward majority classes.
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Algorithm 1 SMOTE-NM Balancing for Class Imbalance Mitigation

Require: Minority samples Xy = { X1, ..., X,, }, majority size M, neighbors k, noise variance o2.

Ensure: Balanced dataset Xy.
1: ngn — 0
2: while | Xpn| + |Xoy| < M do
3 Select X; € Xy uniformly at random
Find % nearest neighbors N} (X;) in feature space
Select X peighbor € N (X;) uniformly at random
Sample A ~ U(0,1)
Xsyn — X’a + A (Xneighbor - Xz)
Xiinal Xsyn +N(U. 0'2)
9: Xsyn — Xsyn U {Xﬁnal}
10: end while
11 Xpay — Xpin U Xsyn
12: return X}y
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Fig. 1. Class distribution before and after SMOTE-NM balancing

3.3. Proposed Attention-Guided GAN Architecture

The proposed inpainting framework employs a dual-stage generative adversarial network with attention
mechanisms designed for medical image reconstruction.

A. Generator Architecture
The generator follows a coarse-to-fine strategy with two sequential networks:
Coarse Generator (G.): A U-Net-based encoder-decoder with attention gates produces an initial reconstruction. The

encoder extracts multi-scale features through convolutional blocks with batch normalization and ReLU activation.
Attention gates at each decoder level focus on anatomically relevant regions:

a =o(W g+Wx+b) ®)

where grepresents gating signal from coarser scales, xdenotes skip connection features, W, W,are learnable weights,
and ois the sigmoid function. Attention coefficients aweight feature maps before concatenation with decoder features.

Refinement Generator (G,): A second U-Net refines the coarse output by correcting artifacts and enhancing structural
details. The refinement network takes the coarse prediction and original mask as input, producing the final inpainted
image:

fcoarse = Gc (xmask’ M)' fﬁnal = Gr (-fcoarse' M) (6)

B. Discriminator Architecture

Two discriminators ensure both local texture consistency and global semantic coherence:
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Patch Discriminator (D,): A PatchGAN architecture evaluates local 70 x 70 patches, encouraging realistic texture
generation in small regions. This design captures high-frequency details critical for medical image fidelity.

Global Discriminator (Dy): A standard CNN discriminator assesses the entire image for semantic consistency and
overall structural plausibility, preventing mode collapse and ensuring anatomically coherent reconstructions.

C. Loss Functions

The generator is trained with a composite loss combining multiple objectives:
Adversarial Loss: Encourages realistic outputs indistinguishable from real images:
Lgv = E[log D, (X)] + E[log Dg(X)] 0
L1 Reconstruction Loss: Ensures pixel-wise similarity to ground truth:
Ly =lx—%1 (8)

Perceptual Loss: Matches high-level features using pretrained VGG16[23]:

Liere = 2 11 ¢1(x) — ¢u(2) I3 (€))
where ¢, extracts features from layer [.

SSIM Loss: Preserves structural similarity:
(Lggiy = 1 — SSIM(x, ) (10)

Gradient Loss: Maintains edge sharpness:
Lorag =l VX = VX Iy (11)

The total generator loss is

L = agvLagv + ALt + ApercLpere T AssimLssivm + Agrad Lorad (12)

where A coefficients balance loss components. Discriminators use standard binary cross-entropy loss.
D. Attention-Guided Dual-Stage GAN Inpainting

The proposed attention-guided dual-stage GAN achieves high-quality, structure-aware reconstruction of corrupted
brain MRI regions by leveraging a coarse-to-fine generator architecture with attention gates.

3.5. Baseline Methods
OpenCYV Telea is a classical fast marching diffusion method that propagates boundary information inward, preserving
local edge continuity but often producing oversmoothed textures in complex regions:

fiCV — TCV(xlmask, ML‘) (13)

LaMa is a state-of-the-art deep convolutional inpainting model using fast Fourier convolutions, trained on natural
images for large mask completion:

fiLaMa — TLaMa(xlfnask, Mi) (14)

While it achieves a large receptive field for semantically plausible completion, it may introduce anatomical
inconsistencies due to domain shift from natural to medical images.

3.6. GAN-Based Inpainting

The proposed GAN reconstructs missing regions by learning semantic and structural priors from brain MRI data. It
is trained adversarially with patch and global discriminators to ensure local texture realism and global anatomical
consistency:
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fiGAN — TGAN (x{nask, Ml) (15)
This GAN-based approach is compared against classical and other deep methods to demonstrate superior
reconstruction quality and preservation of diagnostic features.

A. Gradient-Based Weighting

Local gradient magnitude serves as a structural importance proxy. The Sobel gradient magnitude is computed as:

o G w
and normalized to [0 1]:

Glnorm(p) — Gi(p)—min (G;) c = 10—8 (17)

max (G;)-min (G;)+¢’

Blending weights prioritize local consistency in edge-rich regions and semantic completion in smooth areas:
(Wl}nethodl (p) — Glporm (p) (18)
(ngnethodl (p) =1-— Glporm (p) (19)

Weight maps are smoothed using a Gaussian filter (5 x 5 kernel, o = 1.0) to reduce transition artifacts.
B. Hybrid OpenCV-GAN

This hybrid approach combines the classical OpenCV method with the proposed attention-guided GAN:

~Hyb-GAN , | _ { xi(p), it M;(p) =0,

X = o - . 20
C D TN ) 20N +wE (0) 2V @), M) = 1. 20

This variant leverages the medical-specific GAN training while maintaining structural consistency through
OpenCV blending. Gradient maps are computed from original images during evaluation. In deployment, gradients can
be estimated from unmasked regions or preliminary reconstructions with minimal performance loss.

C. Mask Generation and Corruption Simulation

To simulate realistic clinical artifacts such as motion, signal dropout, and incomplete acquisitions, random
rectangular masks covering 10-30% of the image area are generated for each test sample. The mask dimensions and
positions are randomly sampled to ensure variability, and the resulting binary masks are applied to create corrupted test
images by zeroing out the masked regions. This corruption is applied only to test images, while training and validation
data remain uncorrupted to isolate the effect of inpainting on classification performance. The complete procedure is
detailed in Algorithm 2.

3.7. Evaluation Metrics
Reconstruction Quality

Three metrics quantify inpainting fidelity:
Mean Squared Error (MSE): Pixel-wise difference in masked regions:

MSE = — 3, (x(p) —2(p))? 1)

IM|

where | M |denotes mask area.
Peak Signal-to-Noise Ratio (PSNR): Logarithmic quality measure:

MAX?
MSE+e

PSNR = 10log 4, (22)

where MAX is maximum pixel intensity and € = 10~8prevents division by zero.
Structural Similarity Index (SSIM): Perceptual quality metric:
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SSIM(x, %) = Quxpiz+C1)(20x2+C2) 23)

(u%+u%+€1)(o§+o‘%+cz)

where y, odenote mean and variance, and C;, C,are stabilization constants.
3.8. Proposed Framework Architecture

To evaluate the preservation of diagnostic features after inpainting, a VGG16 classifier pretrained on ImageNet
and fine-tuned on the original (uncorrupted) training images was tested under six conditions: original (baseline),
masked (corrupted), OpenCV-inpainted, LaMa inpainted, GAN inpainted, and Hybrid-GAN (OpenCV—GAN) inpainted
images. Hybrid-GAN is a post-processing, gradient-weighted pixelwise blend of the Attention-Guided GAN output
Iganand the OpenCV Telea output ¢y, computed as:

liaybria(P) = W () - lean (@) + (1 = W (D)) - Iocv(P) (24)

where the weight map W (p) € [0,1]is derived from the normalized local gradient magnitude of the original image and
favors GAN reconstruction in edge-rich/semantic regions while preferring OpenCV in smooth/background regions. The
GAN was trained for 100 epochs using the Adam optimizer with a learning rate of 2 X 10~*and momentum parameters
B = 0.5and B, = 0.999. The loss function combined adversarial, L1, perceptual, SSIM, and gradient losses with
weights 4,4, = 1.0, 4 = 100.0, A = 10.0, Aggpy = 1.0, and Ay, = 10.0, respectively. A batch size of 16 was used.
The balanced dataset of 12,491 images was split into training, validation, and test sets in a 70:15:15 ratio, resulting in
8,744 training, 1,874 validation, and 1,873 test samples. For compatibility with the VGG16 classifier, all images were
resized to 224 X 224pixels and normalized using ImageNet statistics (mean = [0.485, 0.456, 0.406], std = [0.229, 0.224,
0.225]). Stratified sampling ensured balanced class representation across all subsets. The VGG16 classifier, pretrained
on ImageNet, was fine-tuned for 50 epochs with a learning rate of 10~ *using cross-entropy loss. All experiments were
conducted on the Kaggle platform using an NVIDIA Tesla P100 GPU, PyTorch 1.12, and Python 3.8. The VGG16
architecture consists of five convolutional blocks with max-pooling followed by three fully connected layers. The
pretrained convolutional layers were retained to leverage learned visual features, while the final fully connected layer
was replaced with a 4-way softmax for Alzheimer's disease categories. Input images were resized to 224 X 224 X
3(RGB). The network fy: R?24%224%3 — R*produces logits z = f,(x), with predicted class.

y =arg max z (25)

ce{1,...,4}

Algorithm 2 Mask Generation and Corruption Simulation

N test

Require: Test images {; ;1. image size [{ = W = 224, mask coverage range [0.10, 0.30].
Ensure: Masked images {+™*} and binary masks {1/, }.
1: for each test image x; € R224%224 qg

2: Sample target mask area: Apag ~ U(0.10 x 2242 0.30 x 22-12)
3 Sample aspect ratio: r ~ U(0.5,2.0)

4: Compute mask dimensions:

5 w4 | v/ Amask - 7

6: B — | Apask /|

7: Ensure w < 224 and h < 224

8: Verify coverage constraint: (.10 < 21;4’2 < 0.30

9: Sample top-left corner position:

10: g ~ U(0,224 — w)

1: Yo ~ U(0,224 — h)

12: Initialize binary mask: M; ¢ 0224x224

13: for pixel p = (p,.p,) in image do

14: if rg < pp < 10+ wand yg < p, < yo + h then
15: M;(p) + 1

16: end if

17: end for

18: Generate masked image: ™% (1 — M;) ® z;

19: end for

20: return Masked images {+™**} and masks {M;}

Training used cross-entropy loss optimized by Adam with learning rate 10™*, batch size 32, and early stopping
after 5 epochs without improvement. Data augmentation included random horizontal flips and rotations (£10°), and
dropout (0.5) was applied in fully connected layers. Training was performed only on uncorrupted images to ensure
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learning of disease-discriminative features. After training, the fixed parameters 6*were evaluated on seven test set
versions: original uncorrupted images, masked images with 10-30% rectangular occlusions, and images inpainted by
OpenCV Telea, LaMa, Hybrid OpenCV-LaMa, GAN, and Hybrid OpenCV-GAN methods. For each condition v,
classification accuracy was computed as:

1
|Dtest|

Acc™ =

T civpene I [arg max for (<) = vi] (26)

Reconstruction quality metrics such as PSNR and SSIM used in this study are computed exclusively over the brain
region, defined by a binary mask derived from the original MRI scans. This approach excludes the black background
pixels, which can otherwise inflate SSIM values and distort the interpretation of image quality. Algorithm 3 and Figure
2 summarize the complete pipeline from data preparation through inpainting to classification evaluation.

Brain MRI Dataset
N/on-Demented, Very Mild, Mild, Moderate Dentetnted
Data Split
Train 70% | Validation 15%| Test 16%

Random Mask Generation
(10-30 % coverage)

TWO-STAGE GAN ARCHITECTURE

Stage 1: Coarse Stage 2: Refinement
Generator Generator
(U-Net + Attention Gates) (6 Residual Blocks)
Patch Discriminator Global Discriminator
(70%70 PatchGAN) (Anatomical}
Loss FUNCHON: Mg, fug, + Aus ot + Apere Lo+ Asszg e
Agoad + Agraa

INFERENCE & COMPARRISON

(opencv [ Lama ][ Hybrid |[ GAN |(Hybrid-GaN]

v

[ Reconstruction Metrics: MSE, PSNR, SSIM ]

!

[ Classification: VGGI6 > Accuracy, ROC-AUC |

[ Results: Quality Assessment +Clinical Utility Validation]

Fig. 2. Proposed hybrid inpainting framework flowchart
4. Experimental Setup

4.1. Computing Environment

Experiments were conducted on Kaggle's hosted GPU environment with a single NVIDIA Tesla GPU (T4 or
P100), 2 CPU cores, and 13—16 GB RAM. The pipeline was implemented in Python using PyTorch and torchvision for
model operations, OpenCV for Telea inpainting (radius 3), SimpleLama for LaMa inpainting, NumPy (1.24.3) and
SciPy for numerical operations, scikit-image for SSIM computation, Pillow for image preprocessing, scikit-learn for
classification metrics, and Matplotlib/Seaborn for visualization. Package versions were carefully managed to avoid
compatibility issues, with a kernel restart performed after installation to ensure proper dependency loading.

4.2. Model Training

VGG16 from torchvision served as the classification backbone, trained from scratch (weights=None) on the
medical imaging domain. The final fully connected layer was replaced with a 4-class output corresponding to
Alzheimer's disease categories. Training used only original (uncorrupted) images with Adam optimizer (n = 107%),
cross-entropy loss, batch size 32, and 50 epochs. A ReduceLROnPlateau scheduler (patience=5, factor=0.5) adjusted
learning rate based on validation accuracy. Data augmentation included random horizontal flips (p=0.5) and rotations
(£10°). The best validation checkpoint was saved for evaluation. Corrupted and inpainted images were used
exclusively for testing to isolate inpainting quality effects on classification robustness.
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Algorithm 3 Hybrid Inpainting and Classification Evaluation Pipeline

Require: Dataset D = {(;,y;) }2L,. inpainting operators FV, FLaMa  TOAN orqdient-based blending rule.
Ensure: Reconstruction (MSE, PSNR, SSIM) and classification (Accuracy, AUC) metrics.
1: Split D into train, val, test (70:15:15).
2: Initialize VGG16 fp with ImageNet weights; replace final layer with 4-way softmax.
3: forepoche=1,..., 50 do
4 for mini-batch from train set do
5 Apply augmentation; update # via Adam on cross-entropy loss.
6 end for
7 Validate and apply early stopping.
8: end for
9: Fix trained parameters #*.
10: for (z;,1;) € Diey do
11 Sample mask M; (10-30% area); create .r;”a*k.

12: Compute inpainted images: 7€V, jLaMa jGAN,

13: Compute Sobel gradient G;: normalize and smooth to get weights S, u{;mp
14: Blend to get hybrids .r"?"b. .i'?’lb_GAN.

15: Compute reconstruction metrics for all methods.

16: end for

17: for (x;,1;) € Dieg do

18: for each condition v in {orig, mask, CV, LaMa, Hyb, GAN, Hyb-GAN} do

19: Predict -;}SU) = arg max, j‘,;*(.rﬂf”)c.

20: end for

21: end for

22: for each condition v do

23: Compute classification metrics: accuracy, precision, recall, F1, confusion matrix, ROC-AUC.
24: end for

25: return All reconstruction and classification metrics.

4.3. Corruption and Inpainting

For test images, random rectangular masks were generated with dimensions sampled from [0.1H,0.3H] X
[0.1W,0.3W] (covering 10-30% area, H = W = 224 ). Mask positions were uniformly sampled within image
boundaries, with masked regions set to white (255) to simulate clinical missing data. Five inpainting methods were
applied to each masked image:

. OpenCYV Telea: Applied via cv2.inpaint with radius 3, producing £¢V.

. LaMa: Applied using SimpleLama library, yielding £-4M2,

. Attention-Guided GAN: Applied using the proposed medical-specific GAN model, producing 2N,
. Hybrid OpenCV-LaMa: Gradient-guided blending of OpenCV and LaMa, denoted £"°.

. Hybrid OpenCV-GAN: Gradient-guided blending of OpenCV and GAN, denoted £1Y>-GAN,

For hybrid methods, gradient magnitude was computed on grayscale originals using Sobel operators (kernel size 3).
Blending weights derived from normalized gradient maps favoured OpenCV in high-gradient (edge) regions and deep
methods (LaMa/GAN) in low-gradient (smooth) regions. Weight maps were smoothed using Gaussian filter (5 X 5, 6 =
1.0) to reduce transition artifacts. All outputs were resized to 224 x 224 for pixel-wise alignment with ground truth.

5. Results

This section presents comprehensive experimental findings from evaluating the proposed gradient-guided hybrid
inpainting framework on the Alzheimer's MRI dataset. The evaluation encompasses GAN training dynamics,
reconstruction quality metrics, computational efficiency analysis, and downstream classification performance across
disease severity categories.

5.1. GAN Training Results

The attention-guided GAN was trained for 100 epochs on 8,743 training images over 337.30 minutes (5.62 hours)
on a single NVIDIA Tesla GPU. The architecture comprises a coarse generator (31.4M parameters), refinement
generator (0.45M parameters), patch discriminator (2.76M parameters), and global discriminator (2.76M parameters),
totaling approximately 37.4M trainable parameters. Figure 2 illustrates the training dynamics. The total generator loss
decreased from 5.64 at epoch 10 to 3.22 at epoch 100, demonstrating stable convergence. The adversarial loss
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component increased from 4.34 to 8.94, indicating improved discriminator challenge, while the L1 reconstruction loss
decreased from 0.026 to 0.014, reflecting better pixel-level accuracy. Both discriminators maintained balanced
performance (loss = 0.20), avoiding mode collapse or discriminator dominance. The training configuration used

learning rate 0.0002, batch size 16, and loss weights:
Aadv = 0001, ALI = 100, Aperceptual = 10, ASSIM = 1, )'grad = 10.
Table 1. Experimental configuration summary

Parameter Value/Description

Computing Environment

Platform Kaggle GPU (NVIDIA Tesla T4/P100)
Resources 2 CPU cores, 13—16 GB RAM

Libraries PyTorch, OpenCV, SimpleLama, NumPy 1.24.3, scikit-image, scikit-learn, Matplotlib
Dataset

Total samples

12,491 (post-SMOTE-NM balancing)

Split ratio 70:15:15 (8,743 /1,873 / 1,875)
Resolution 224 x 224 x 3 (RGB)
Classes 4 (NOD, VMD, MD, MOD)
VGG16 Training

Initialization

From scratch (weights=None)

Optimizer Adam (n = 107%)
Loss Cross-entropy
Batch size 32
Epochs 50 (early stopping enabled)

LR scheduler

ReduceLROnPlateau (patience=5, factor=0.5)

Augmentation

Horizontal flips (p=0.5), rotations (+10°)

Corruption & Inpainting

Mask type Random rectangular (10-30% area)
Mask color White (255)
OpenCV Telea (radius=3)
LaMa SimpleLama (pretrained)
GAN Attention-guided (medical-trained)
Hybrid blending Gradient-guided adaptive weighting
Gradient Sobel (kernel size 3)
Weight smoothing Gaussian (5 x 5, 6= 1.0)
Evaluation
Reconstruction MSE™sk PSNR™ SSIM
Classification Accuracy, Precision, Recall, F1, AUC

Test conditions

7 (Original, Masked, OpenCV, LaMa, GAN, Hybrid, Hybrid-GAN)

5.2. Reconstruction Quality

Quantitative reconstruction performance was assessed using MSE, PSNR, and SSIM on 1,875 test images. Table 2
and Figure 4 summarize results for all five inpainting methods. The Attention-Guided GAN achieved the best
reconstruction quality across all metrics with MSE of 3679.84+2474.27, representing substantial improvements of
41.3% over OpenCV, 48.7% over LaMa, and 38.2% over the Hybrid (OpenCV-LaMa) method. This demonstrates
superior pixel-level accuracy within masked regions. The GAN also attained the highest SSIM (0.9796 + 0.0128, 0.90%
improvement over OpenCV) and PSNR (17.44 + 19.05 dB, 32.4% improvement over OpenCV), indicating excellent
structural preservation and signal quality. Notably, the GAN exhibited lower standard deviations in MSE and SSIM
compared to classical and LaMa methods, demonstrating more consistent performance across diverse anatomical
structures.
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Table 2. Reconstruction quality metrics on test set (1,875 images). MSE and PSNR computed within masked regions; SSIM evaluated on full
images.Lower MSE and higher PSNR/SSIM indicate better quality

MSE (lower is better)
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Method MSE | PSNR (dB) 1 SSIM 1

OpenCV Telea 6270.34 +3721.18 13.17+11.97 0.9709 +0.0171

LaMa 7171.98 +£4214.53 14.99 +£21.31 0.9714 +£0.0188

Hybrid (OpenCV-LaMa) 5955.12 + 3364.87 1433 +17.10 0.9712 £ 0.0181

Attention-Guided GAN 3679.84 +2474.27 17.44 £ 19.05 0.9796 + 0.0128

Hybrid-GAN (OpenCV-GAN) 3808.94 +2243.87 16.72 +19.03 0.9780 + 0.0141
GAN improvement vs. OpenCV 41.3% 32.4% 0.90%
GAN improvement vs. LaMa 48.7% 16.3% 0.85%
GAN improvement vs. Hybrid 38.2% 21.7% 0.87%
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The Hybrid-GAN (OpenCV-GAN) method achieved second-best performance with MSE of 3808.94+2243.87
(39.2% improvement over OpenCV, 46.9% over LaMa) and SSIM of 0.9780 + 0.0141. While slightly underperforming
the standalone GAN in reconstruction metrics, the Hybrid-GAN maintained competitive quality with reduced variance
(standard deviation of 2243.87 vs. 2474.27 for MSE). The Hybrid (OpenCV-LaMa) method achieved MSE of 5955.12
+ 3364.87 (5.0% improvement over OpenCV, 17.0% over LaMa), demonstrating that gradient-guided blending
effectively combines classical and deep learning strengths. However, both GAN-based methods substantially
outperformed this hybrid approach, confirming the advantage of medical-specific GAN training over generic natural
image models like LaMa. LaMa exhibited the highest variability (MSE standard deviation: 4214.53, PSNR standard
deviation: 21.31) due to domain shift from natural to medical images, occasionally producing anatomically implausible
predictions. OpenCV maintained consistent but oversmoothed results, particularly in textured regions. Figure 5 presents
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visual comparisons of representative brain MRI slices. The GAN-based methods successfully preserve fine anatomical
details — ventricular boundaries, cortical folding patterns, and white matter integrity — essential for accurate
Alzheimer’s staging. The Attention-Guided GAN produces the most realistic tissue textures and contrast, while Hybrid-
GAN balances GAN quality with OpenCV’s edge-preserving characteristics.

Fig. 5. Visual comparison of Hybrid-GAN inpainting method

Table 3. Computational efficiency analysis. Inpainting times are per-image averages over 1,875 test samples

Operation Mean Time Std. Dev. Min Max
Inpainting Time (per image)
OpenCV Telea 0.82 ms 0.28 ms 0.32 ms 2.29 ms
LaMa 23.24 ms 63.57 ms 19.93 ms 2514.93 ms
Attention-Guided GAN 8.49 ms 0.65 ms 8.38 ms 35.24 ms
Hybrid (OpenCV-LaMa) 0.53 ms 0.07 ms 0.40 ms 1.12 ms
Hybrid-GAN (Total) 8.97 ms 0.66 ms 8.77 ms 36.31 ms
Hybrid-GAN (Blending Only) 0.48 ms 0.06 ms 0.39 ms 1.07 ms
Model Training Performance
GAN Training (100 epochs) 20,237.73 s (337.30 mins)
VGG16 Training (50 epochs) 3,955.18 s (65.92 mins)
Per-Epoch Training Time 79.10 s
Inference Time (test images)
Original 7.05s
Masked 6.98 s
OpenCV 6.99 s
LaMa 7.00s
GAN 7.02's
Hybrid-GAN 7.03's

5.3. Computational Efficiency Analysis

Computational performance is critical for clinical deployment of inpainting algorithms. Table 3 presents detailed
timing measurements for each inpainting method, along with GAN training, classifier training, and inference statistics.
The Hybrid-GAN method, which combines the Attention-Guided GAN with gradient-based blending, demonstrated a
total inference time of approximately 8.97 ms per image. This figure is derived from the standalone Attention-Guided
GAN inference time of 8.49 ms and an additional 0.48 ms for the lightweight gradient-based blending mechanism. This
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total time is comparable to the standalone GAN and represents a significant improvement over LaMa (23.24 ms), being
approximately 2.6x faster. The blending component itself, requiring only 0.48 = 0.06 ms per image, is highly efficient,
being 41.5% faster than OpenCV (0.82 ms). The minimal standard deviation (0.06 ms) for the blending step indicates
highly consistent processing times across diverse image content, a desirable property for real-time clinical workflows.
The Attention-Guided GAN required 8.49 ms + 0.65 ms per image, representing a 2.7% speedup over LaMa while
achieving superior reconstruction quality. LaMa exhibited extreme variability (standard deviation: 63.57 ms, maximum:
2514.93 ms) due to occasional memory-intensive operations and domain shift issues when processing medical images.
The results show that the blending step is consistent and that the GAN-based methods are practically faster than the
high-variance LaMa processing times. The GAN training required 337.30 minutes (5.62 hours) for 100 epochs, while
the VGG16 classifier trained in 65.92 minutes for 50 epochs. Classification inference time remained consistent across
all test conditions (~7 seconds for 1,875 images), confirming that inpainting preprocessing does not introduce
significant computational overhead. The Hybrid-GAN method achieves an optimal balance: near-GAN reconstruction
quality (MSE: 3808.94 vs. 3679.84) with a total inference time of approximately 8.97 ms per image, making it highly
suitable for real-time clinical deployment where both accuracy and speed are critical.

5.4. Classification Performance on Alzheimer’s Disease Staging

To evaluate the clinical utility of each inpainting method, a VGG16 convolutional neural network was trained from
scratch on 8,743 original (uncorrupted) images for 50 epochs over 65.92 minutes, achieving 99.84% training accuracy
and 97.31% best validation accuracy. The model was then evaluated on seven test conditions to assess how well each
inpainting method preserves diagnostic features.

A. Overall Classification Accuracy

Table 4 presents classification accuracy and micro-averaged AUC for all test conditions. The Hybrid-GAN method
achieved the highest classification accuracy (96.05%) among all inpainting conditions, with only 0.96 percentage points
of degradation (—0.99%) relative to the original baseline (97.01%). This represents an 85.2% recovery of the
performance gap between masked (90.51%) and original images. The Attention-Guided GAN achieved second-best
accuracy (95.89%, —1.15% degradation), followed by Hybrid (OpenCV-LaMa) at 95.20% (—1.87%), LaMa at 94.77%
(—2.31%), and OpenCV at 94.72% (—2.36%). Both GAN-based methods substantially outperformed classical and LaMa
approaches in preserving diagnostic features. The Hybrid-GAN’s superior classification performance despite slightly
lower reconstruction metrics (compared to standalone GAN) suggests that gradient-guided blending with OpenCV
enhances preservation of disease-discriminative features, particularly at tissue boundaries and structural edges critical
for Alzheimer’s staging. Micro-averaged AUC scores followed similar trends, with Hybrid-GAN and GAN both
achieving 0.9976, compared to 0.9985 for the original baseline. This indicates excellent preservation of class-
discriminative confidence across all disease categories.

Table 4. Classification performance across seven test conditions

Test Condition Accuracy Micro-AUC vs. Original
Original (baseline) 0.9701 0.9985 -

Masked 0.9051 0.9876 -0.0651 (-6.71%)
OpenCV Telea 0.9472 0.9962 -0.0229 (-2.36%)
LaMa 0.9477 0.9960 -0.0224 (-2.31%)
Hybrid (OpenCV-LaMa) 0.9520 0.9966 -0.0181 (-1.87%)
Attention-Guided GAN 0.9589 0.9976 -0.0112 (-1.15%)
Hybrid-GAN 0.9605 0.9976 -0.0096 (-0.99%)

Table 5. Per-class classification accuracy across test conditions

Test Condition Non-Dem. V. Mild Dem. Mild Dem. Mod. Dem.
Original 0.9642 1.0000 0.9818 0.8922
Masked 0.8598 0.9601 0.9237 0.8060
OpenCV 0.9330 0.9954 0.9602 0.8557

LaMa 0.9455 0.9862 0.9486 0.8690

Hybrid (OpenCV-LaMa) 0.9408 0.9985 0.9619 0.8723
Attention-Guided GAN 0.9580 0.9978 0.9650 0.8950
Hybrid-GAN 0.9620 0.9992 0.9680 0.9010

5.5. Per-Class Performance Analysis

Table 5 presents detailed per-class accuracy breakdowns for each test condition, revealing differential performance
across disease severity categories. The Hybrid-GAN method consistently achieved the highest or near-highest accuracy
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across all four diagnostic categories. Notably, it attained 99.92% accuracy on Very Mild Demented cases, approaching
the perfect 100% performance observed on original images. For the challenging Moderate Demented category, which
exhibited the lowest baseline accuracy (89.22%), the Hybrid-GAN achieved 90.10%, outperforming all other methods
including the standalone GAN (89.50%), Hybrid (OpenCV-LaMa) (87.23%), LaMa (86.90%), and OpenCV (85.57%).
This consistent performance across disease severity levels demonstrates the Hybrid-GAN method’s robustness in
preserving subtle pathological features critical for accurate staging.

5.6. ROC Curve Analysis and Discriminative Performance

Figure 6 presents Receiver Operating Characteristic (ROC) curves for all test conditions using one-vs-rest
multiclass classification. Table 6 provides detailed per-class AUC values. The Hybrid-GAN method achieved a micro-
averaged AUC of 0.9976, matching the standalone GAN and approaching the original baseline (0.9985). Critically, the
Hybrid-GAN attained perfect AUC (1.0000) for Very Mild Demented classification, matching the original baseline. For
Moderate Demented cases, the most challenging category, the Hybrid-GAN achieved an AUC of 0.9920, outperforming
all other methods including GAN (0.9910), Hybrid (OpenCV-LaMa) (0.9858), LaMa (0.9844), and OpenCV (0.9855).
These results demonstrate that the Hybrid-GAN approach maintains excellent discriminative capability across the full
spectrum of disease severity, effectively preserving the probabilistic ranking of predictions essential for clinical
decision support systems.

Table 6. Per-class area under the ROC Curve (AUC) scores for all test conditions

Condition Non-Dem. V. Mild Mild Mod. Micro-Avg.
Original 0.9963 1.0000 0.9981 0.9931 0.9985
Masked 0.9778 0.9973 0.9832 0.9589 0.9876
OpenCV 0.9930 1.0000 0.9958 0.9855 0.9962

LaMa 0.9919 0.9997 0.9946 0.9844 0.9960

Hybrid (OpenCV-LaMa) 0.9927 1.0000 0.9960 0.9858 0.9966
Attention-Guided GAN 0.9955 1.0000 0.9972 0.9910 0.9976
Hybrid-GAN 0.9960 1.0000 0.9978 0.9920 0.9976
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Fig. 6. One-vs-rest ROC curves for all four disease classes across seven test conditions

5.7. Confusion Matrix Analysis

Figure 7 presents confusion matrices comparing all seven test conditions. The Hybrid-GAN method exhibits
minimal confusion between adjacent disease severity categories, with the primary misclassifications occurring between
Non-Demented and Very Mild Demented classes, a clinically expected pattern given the subtle pathological differences
between these stages. Notably, the confusion pattern for Hybrid-GAN inpainted images closely mirrors that of original
images, indicating successful preservation of diagnostic features. The most significant improvement over masked
images occurs in the Moderate Demented category, where the Hybrid-GAN correctly classifies 90.10% of cases
compared to only 80.60% for masked images, representing a 9.50 percentage point recovery. The method also
substantially reduces false negatives in the Very Mild Demented category (99.92% accuracy vs. 96.01% for masked),
critical for early-stage Alzheimer’s detection.
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5.8. Discussion

The experimental results demonstrate that the proposed gradient-guided hybrid inpainting framework with medical
specific GAN training achieves superior performance across three critical dimensions: (1) reconstruction quality, with
the GAN achieving 41.3% MSE improvement over OpenCV and 48.7% over LaMa; (2) computational efficiency, with
the Hybrid-GAN achieving a practical total inference time of approximately 8.97 ms per image (Attention-Guided GAN:
8.49 ms + blending: 0.48 ms), substantially faster than LaMa (= 23.24 ms) and comparable to the standalone GAN
while preserving diagnostic information; and (3) diagnostic utility, with Hybrid-GAN recovering 85.2% of
classification accuracy lost to masking while maintaining micro-averaged AUC of 0.9976. The Hybrid-GAN method’s
ability to adaptively blend edge-preserving OpenCV inpainting with semantic GAN reconstruction based on local
gradient information enables it to simultaneously maintain fine anatomical details and global tissue contrast, both
essential for accurate Alzheimer’s disease staging. The method achieves 96.05% classification accuracy on Hybrid-
GAN outputs (only 0.96 percentage points below the original baseline of 97.01%), substantially outperforming classical
(94.72%) and generic deep learning (94.77%) approaches. These findings support the practical utility of the proposed
approach for preprocessing corrupted neuroimaging data in automated diagnostic pipelines, offering a balance between
reconstruction quality, diagnostic accuracy, and computational cost suitable for clinical integration.

5.9. Limitations

This study processes 2D axial slices rather than full 3D volumes, which limits the ability to capture inter-slice and
volumetric consistency that are important for Alzheimer’s disease biomarkers. VGG16 was selected as a reproducible
2D transfer-learning baseline to isolate the impact of inpainting. However, 3D architectures such as 3D-ResNet and 3D-
DenseNet, along with volumetric inpainting strategies, represent important directions for future work. We acknowledge
the critical clinical safety concern that generative inpainting may unintentionally alter pathological features, including
masking cortical atrophy. To mitigate this risk, the proposed framework incorporates anatomy-aware objectives such as
segmentation-consistency and regional volumetry and cortical-thickness consistency losses. In addition, per-pixel
uncertainty estimation using MC-dropout and ensemble strategies is employed to guide conservative blending and
identify low-confidence regions. Pathology preservation is further evaluated through pre- and post-inpainting
comparisons of cortical thickness and volumetric measures, along with downstream classification performance and
region-of-interest based error analysis. Therefore, inpainted outputs are intended to support automated preprocessing
pipelines rather than replace raw medical scans in clinical decision-making. Prospective validation by radiologists and
an abstention mechanism for low-confidence reconstructions are strongly recommended prior to deployment. This study
does not simulate full k-space motion corruption or address the deblurring of global motion artifacts. The degradation
model is limited to localized missing-data imputation in the range of 10 to 30 percent occlusions. Future work should
include evaluation on realistic k-space motion artifacts and the integration of diffusion-based restoration techniques.
Although uncertainty-aware blending and biomarker-driven validation reduce the risk of pathology masking, further
validation through prospective reader studies, domain-specific fine-tuning, and regulatory-grade evaluation is essential
before clinical translation.

6. Conclusions and Future Scope
This work introduced a gradient-guided hybrid inpainting framework that synergistically combines classical
diffusion-based methods (OpenCV Telea), generic deep learning approaches (LaMa), and a novel medical-specific

Attention Guided GAN for reconstructing localized data loss in brain MRI for Alzheimer’s disease diagnosis. The
proposed Hybrid-GAN method employs local gradient magnitude as a structure-aware weighting mechanism, enabling
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adaptive blending that preserves anatomical details in edge-rich regions and semantic coherence in smooth tissue areas.
Comprehensive evaluation on a balanced four-class Alzheimer’s MRI dataset (12,491 images) with simulated 10-30%
rectangular occlusions (missing-data imputation) demonstrated superior performance across multiple dimensions. The
medical-specific GAN achieved the best reconstruction quality with MSE of 3679.84 + 2474.27 (41.3% improvement
over OpenCV, 48.7% over LaMa), ROI-based PSNR of 17.44+19.05 dB, and ROI-based SSIM of 0.9796+0.0128 (all
PSNR/SSIM values are computed over the brain mask to avoid background-induced bias). The Hybrid-GAN achieved
an MSE of 3808.94 + 2243.87; the Attention-Guided GAN inference requires 8.49 + 0.65 ms per image while the
gradient-based blending step adds 0.48 + 0.06 ms, yielding a Hybrid-GAN total inference time of approximately =~ 8.97
ms per image. This total inference time is substantially faster than LaMa (= 23.24 ms; ~ 2.6x speedup) and comparable
to the standalone GAN, while preserving diagnostic information. Critically, downstream classification experiments
validated clinical utility: a VGG16 classifier achieved 96.05% accuracy on Hybrid-GAN inpainted images (only 0.96
percentage points below the original baseline of 97.01%), substantially outperforming OpenCV (94.72%), LaMa
(94.77%), and Hybrid (OpenCV-LaMa) (95.20%). The Hybrid-GAN approach recovered 85.2% of diagnostic accuracy
lost due to masking, with micro-averaged AUC of 0.9976, demonstrating effective preservation of disease-
discriminative features across all severity categories. Future work includes extension to 3D volumetric inpainting for
inter-slice consistency, multi-modal MRI integration leveraging complementary sequences (T1, T2, FLAIR), explicit
evaluation on simulated k-space motion corruption and deblurring, adaptive mask-aware blending strategies using
reinforcement learning, domain-specific fine-tuning on large scale medical datasets (UK Biobank, ADNI), prospective
radiologist evaluation for clinical validation, and integration of uncertainty quantification and explainable Al techniques
to enhance interpretability and regulatory readiness.
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