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ABSTRACT

Dementia is a progressive neurological disorder affecting millions world-
wide. It places a tremendous burden on global healthcare systems and
research. Early detection and accurate diagnosis are essential for effective
disease management. The purpose of this paper is to present an inte-
grated framework using Deep Learning (DL) to help improve dementia di-
agnosis. The framework uses an Adaptive Difference of Gaussian (ADoG)
filter to sharpen important edges on neuroimaging scans while reducing
background noise, producing sharper (more focused) data in neuroimag-
ing scans that contain significant amounts of data. To segment brain tis-
sue into anatomical regions affected by neurodegenerative disorders using
the Hybrid Agglomerative Clustering Refinement (HACR) technique. The
segmented anatomical regions are analyzed using a polar-coordinate-based
Gray-Level Co-Occurrence Matrix (GLCM) to extract rotation-invariant
texture features, ensuring robust and orientation-independent characteriza-
tion of tissue patterns. For a classification stage, proposed frameowrk uti-
lizes a Channel-Attention Inception-ResNet (CA-InceptionResNet) model.
By integrating feature extraction stength of InceptionResNet architecture
with channel-attention mechansim, proposed model effectively captures
discriminative features and improves classification of dimentia sublevels.
For classifier performance optimization, the Horned Lizard Optimization
(HLO) algorithm is employed to optimize the model’s hyperparameters.
The proposed model is implemented in Python and achieved an accuracy
of 98.98%,precision of 99.12%, recall of 98.96%, F-score of 99.04% and
specificity of 99.58%, demonstrating its effectiveness in accurate and reli-
able classification.
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1.

gressively causes cognitive function and memory to
deteriorate and leads to Howan alterations in behav-

ior

INTRODUCTION

to a diminished ability to perform everyday tasks.

Patient experiences progressive cognitive deteriora-

Dementia is a neurodegenerative disease that pro-

. Older people often develop dementia, which leads

tion alongside poor reasoning abilities and problems
with communication throughout the disease progres-
sion [1,2]. Disease progression causes brain atrophy,
resulting in a substantial reduction in gray matter
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volume and damage to neural network connections.
Dementia causes problems beyond cognitive decline
because it affects both people who have the disease
and their family members [3]. The psychological dis-
tress which patients experience leads them to expe-
rience mood swings while developing depression and
becoming more dependent on their caregivers. Fam-
ilies who need long-term care arrangements experi-
ence both economic and emotional burdens from the
disease’s prolonged nature [4]. The progressive de-
struction of neurons causes patients to experience
difficulties with speech, problem-solving and motor
function. The healthcare delivery system faces severe
strain because of rising case numbers and the need to
develop new methods for early detection and treat-
ment. Health disorder creates major societal chal-
lenges, which make it essential to develop effective
diagnostic approaches along with personalized ther-
apy and proper support networks [5].

The collected neuroimages often include noise,
non-uniform illumination, and variations; thus pre-
processing is essential to ensure that the medical
images are optimized for subsequent analysis and
enhancement procedures. The preprocessing ap-
proaches correct image artifacts, improve image qual-
ity, and reduce image representation complexity. His-
togram Equalization (HE) enhances image constrast
and improves the visibility of structures by redis-
tributing pixel intensities to produce a more uniform
histogram. Yet, HE treats all regions equally, which
is not efficient for images with varying illumination
[6]. A Gaussian filter is a non-uniform low pass fil-
ter that posseses a Gaussian function as its impulse
response, minimizing distortion across both low and
high frequency components. However, it is suscep-
tible to salt and pepper noise and requires a longer
computational processing time [7]. Median filtering, a
non-linear technique, is commonly employed to elim-
inate salt-and-pepper noise by ranking the intensity
values of neighboring pixels and selecting the median
as the output. Many users have difficulty separat-
ing fine details from the noise of an image using the
method described above and, therefore, lose impor-
tant information regarding that particular image [8].
The adaptive spatial AdoG-based preprocessing filter
addresses some of these limitations by enabling adap-
tive adjustment of both filtering and contrast sensi-
tivity, resulting in effective noise suppression while
preserving the critical structure of the image.

After enhancement, segments created from the fil-
tered images allow for accurate detection of anoma-
lies in the brain. Edge-based segmentation identifies
and connects edge segments generated by variations
in image characteristics such as gray levels and col-
ors. In most cases, the resulting segmented edges
correspond to object boundaries. The effectiveness
of edge-based segementation techniques is influenced
by the presence of noise and weak edges [9]. Otsu’s

method is one of the most widely applied thresh-
olding techniques for image segmentation because it
determines the threshold value that maximizes the
between-class variance of the object and background
classes. The optimal threshold is obtained iteratively
by maximizing the variance between two or more un-
till best class separation is achieved. Still, it strug-
gles with images of complex intensity distributions
[10]. Region-based segmentation methods rely on the
principle of homogeneity, whereby pixels with similar
characteristics are grouped to form a homogeneous
regions. However, these methods may result in un-
der segmentation or over segmentation of image re-
gions [11]. To address these limitations, the HACR
segmentation approach merges similar clusters while
preserving boundary integrity.

Furthermore, combining segmentation with four
component region reference labels facilitates the ex-
traction of highly discriminative features through lo-
calized feature extraction techniques. SIFT descrip-
tor provides local image feature encoding as a 128-
dimensional vector that is created by getting all of
the gradient magnitudes and orientation of the inter-
est region, then dividing them into a 4x4 spatial grid
and 8 bins of orientations, and using a Gaussian win-
dow to weight the gradients of the pixels away from
the center to emphasize them. However, the perfor-
mance of these methods are influence by variations
in image intensity and contrast levels, making the re-
sults sensitive to image quality [12].

Local Binary Pattern (LBP) is an illumination-
invariant texture descriptor that characterizes each
pixel by comparing its intensity with those of its
neighboring pixels. Binary values of 1 or 0 are as-
signed based on whether the neighboring pixels are
brighter or darker than the center pixel, enabling
robust texture representation under varying lighting
conditions. These pixel-to-pixel comparisons are then
compiled into a histogram of pixel values for the re-
gion being analyzed, which then represents the tex-
ture features of that region. The problem with using
LBP for texture analysis is that the comparisons only
incorporate small-radius neighborhoods, thereby lim-
iting LBP’s ability to capture broader-scale texture
patterns or structures [13]. By combining the po-
lar GLCM method with local GLCM statistics calcu-
lated on a pixel-by-pixel basis, we can improve the
extraction of features from MRI neuroimaging data
because the polar GLCM calculates spatial relation-
ships between pixel intensity values (from the left,
right, above and below the center pixel) like LBP
and provides second order statistical texture analysis
such as contrast, correlation, energy and homogene-
ity. This allows for greater discrimination of struc-
tural changes that have occurred to the brain when
scanning for dementia using neuroimaging.

Numerous classification algorithms has been re-
ported in the literature for the diagnosis and clas-
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Table 1: Review of DL Approaches.
DL based
Ref. | Classification Application Operations Limitations
Model
e The model integrates reinforcement Despite improved
D Early diagnosis learning with deep neural networks metrics, the system
Re?pf ¢ and stage-wise to handle class imbalance. remains sensitive
[16] Le.m (?rcemDeﬁL classification of o It generates high-resolution to dataset imbalance
bedl‘(fillflilg ( 1 ) dementia using MRI dementia probability maps across and requires extensive
Naste keum data from the OASIS four stages, improving trial computational
etwor database accuracy (6%), precision (9%), resources
recall (13%), and F-score (9-10%). for training.
e Model employs.transfer learning- Although
based convolutional neural
DenseNet 169
. . networks (DenseNet 169 and . .
Automated diagnosis . offers higher
. . ResNet 50) trained on MRI datasets
[17] | CNN architectures | and stage-wise . . accuracy and
. . e DenseNet 169 achieved superior .. -
classification of AD .. . training stability,
training/testing accuracy it demands ereater
(0.977/0.8382) compared to emor usagc
ResNet 50 (0.8870/0.8192). ¥ usage.
e It applies CNN architectures with
Multi-class transfer learning and activation It exhibits
Transfer Learning classification of functions (ReLU,Leaky ReLU) to lower prediction
(18] CNN Models havge vascular dementia counter vanishing gradient issues. stability and
’ using resting-state e DenseNet 121 achieved the highest higher model
fMRI scans classification accuracy (84.67%) complexity
through balanced data.
Dementia
recognition using e The model extracts 62speech DL
Parallel Recurrent | standalone speech features per frame and employs performance
onvolutiona eatures (M s s { or classification. 0) 1s slight
[19] C lutional f MFCC,GTCC PRCNN for classificati 85%) is slightly
Neural Network formants,fundamental e The model achieved 85.0% lower and requires
(PRCNN) frequency, log energy) accuracy and85.1% precision, larger datasets for
from the Pitt corpus highlighting effectiveness of DL stability.
techniques for dementia detection.
Automated
identification and Moderate
stage-wise e The model employs a pretrained accuracy
. | classification of CNN fine-tuned for dementia (84.12%)
. ementia (Non classification. indicates room for
20 Siljn:fllth Transfer q o (N lassificati indi f
& Demented, Very Mild, e It learns hierarchical features from improvement with
Mild,Moderate) MRI scans and achieves larger, more
using MRI brain 84.12%accuracy. diverse datasets.
images

sification of various clinical types of dementia. SVM
(Support Vector Machines) has been studied for a
couple of years for dementia diagnosis and provides
high classification accuracy with the ability to model
complex datasets. It operates by creating a hyper-
plane decision boundary that can either be linear or
non-linear in shape, based on how the data is struc-
tured. However, there are times when SVM may not
generalize well across all populations [14]. Classifica-
tion of features into malignant or benign from MRI
neuroimaging also be performed using a Back Prop-
agation Neural Network (BPNN). However, these
approaches are limited by factors such as training
times, susceptibility to local optima, and limited in-
terpretability. These factors impact the accuracy and
reliability of diagnostic outcomes [15].

Dementia classification model performance is im-
proved by using optimization algorithms to enhance

network parameters and improve diagnostic accuracy.
Particle swarm optimization (PSO) is a metaheuris-
tic algorithm inspired by the group behavioural pat-
terns of birds searching for food. It is characterized
by fast convergence, minimal parameter requirements
and easy for use in finding optimal solutions. A lack
of performance in high-dimensional datasets is a com-
mon limitation when using of PSO, as it often con-
verges prematurely and becomes trapped in local op-
tima. Ant Colony Optimization (ACO) is a meta-
heuristic algorithm based on behavioral patterns of
ants when foraging for food. ACO utilizes artificial
agents to traverse a graphical search space and leave
pheromones behind for future travelers following the
same path [21]. The implementation of the ACO al-
gorithm shows significant promise in enhancing the
performance of classification model’s for dementia de-
tection tasks. However, it often suffers from early
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convergence, which limits its effectiveness. Model in-
terpretability is constrained by both teh structural
complexity of the algorithm and the characteristics
of the tested dataset. Performance is further limited
when faced with highly imbalanced test datasets or
restricted feature diversity.

1.1 Related Works

In recent years, researchers have developed a wide
range of ML and DL algorithms for the diagnosis of
dementia and its subtypes, primarily utilizing brain
imaging data. Charlotte James et al. (2021)
[22] have presented an Extreme Gradient Boosting
(XGB)-based ML approach for predicting dementia
progression, demonstrating its potential in handling
complex clinical datasets with improved predictive
accuracy. XGB adds regularization to avoid overfit-
ting and is useful in dealing with unbalanced clinical
data due to its fast learning ability and strong gen-
eralizability. XGB still overfits when dealing with
small or imbalanced datasets. Subrato Bharati et
al. (2022) [23] introduced a Random Forest (RF)
based ML approach for dementia classification. Nev-
ertheless, the interpretability of the model remains
limited due to its ensemble nature and its perfor-
mance tends to degrade when confronted with highly
imbalanced datasets or insufficient feature diversity.
Suriya Murugan et al. (2021) [24] implemented
a DL solution that utilizes a Convolutional Neural
Network (CNN) to facillitate the early detection of
dementia. CNNs are trained using individual pho-
tographs with no accommodation for the temporal
progression of disease. However, CNNs process im-
ages independently and lack mechanisms to capture
temporal progression of disease, which is crucial in de-
mentia diagnosis. Fatma M. Talaat et al. (2024)
[25]have developed an approach for diagnosing de-
mentia called Grey Wolf Optimization (GWO). GWO
has been widely applied to solving complex optimiza-
tion problems due to its balance between exploration
and exploitation. It consists of initializing feature
sets, forming grouping models, evaluating Fitness,
and using wolf-inspired heuristics to solve problems.
Although GWO is computationally efficient, it can
be expensive for real-time use or in resource-limited
environments. Govada Anuradha et al. (2024)
[26] have proposed using a Decision Tree (DT) based
on Genetic Algorithm (GA) for detecting dementia.
DTs are highly sensitive to hyperparameter settings,
which directly influence both the structure of the tree
and the accuracy of its prediction.

1.2 Problem Statement

In the midst of highly published literature that
underlines the importance of brain imaging for the
staging of dementia and for aiding in clinical deci-
sions, appropriate and early diagnosis of the disease

remains a daunting challenge. Conventional clini-
cal workflows for dementia diagnosis are primarily on
MRI scanning, symptomatic assessment, and the sub-
jective knowledge of clinicians. Such dependence in-
jects heterogeneity and doubt, frequently making the
diagnostic process more challenging and even causing
delays in timely interventions. The fundamental re-
search issue explored in this research is the challenge
of accurately detecting dementia with existing clini-
cal and imaging devices. Diagnosis tends to rely on
physician’s interpretation, leading to variable results
and greater potential for patient harm. To overcome
these limitations, a robust DL-based diagnostic sys-
tem is proposed, designed to enhance accuracy and
reliablity in dementia detection.
The contributions of the proposed dementia diag-
nosis classification model are listed below:
> The quality and accuracy of input neuroimag-
ing data are enhnaced by the integration of
spatial ADOG, which improves the visibility
of neuroanatomical boundaries and reduces
noise.
> The anatomically important areas are clus-
tered, and neurodegenerative regions are local-
ized through HACR, achieving advanced tissue
segmentation essential for staging dementia.
> The textural features from segmented brain
structures are extracted by the polar GLCM,
allowing robust characterization of structural
patterns irrespective of orientation or scale.
> Salient features are accurately selected by
combining multi-scale spatial feature learning
with channel attention mechanisms, providing
high-accuracy dementia stage classification.
> The efficiency of the proposed DL is enhanced
through bio-inspired HLO mechanisms, which
tunes hyperparameters to achieve faster con-
vergence and higher diagnostic accuracy across
evaluation measures.

2. PROPOSED SYSTEM DESCRIPTION

The proposed framework for enhanced dementia
diagnosis integrates advanced classification techngqi-
ues with an optimization model, as illustrated in fig-
ure.l. Neuroimages are provided as input, enabling
high-accuracy classification of dementia stages.

The attained neuroimages comprise of noise arti-
facts and impurities, which hinder diagnostice quality
and reduce the reliability of subsequent analysis. The
spatially ADOG filter is applied to enhnace edge fea-
tures while suppressing background noises, thereby
improving the visibility of structural abnormalities
associated with neurodegeneration. The refined im-
ages are segmented using the HACR approach, which
groups pixels of similar intensities into coherent clus-
ters, essential for isolating relevant brain regions.
The segmented regions are transformed into polar
space by polar-coordinate GLCM, extracting textu-
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Fig.1: Proposed dementia diagnosing framework.

ral features that remain consistent throughout rota-
tions and translations. The extracted features are
fed into the classification block, which utilizes CA-
InceptionResNet architecture. The InceptionResNet
backbone combines inception modules capable of cap-
turing multi-scale spatial features with residual con-
nections that facilitate gradient flow and prevent van-
ishing gradients in deep network. The channel atten-
tion module calculates attention weights for every fea-
ture channel by aggregating global context through
average and max pooling operations. These weights
are subsequently utilized to recalibrate the feature
maps, enabling the network to focus on diagnostically
informative patterns such as cortical thinning, white
matter lesions, and hippocampal atrophy. The clas-
sification accuracy is further improved by optimiz-
ing the hyperparameters of the CA-InceptionResNet
model with the HLO algorithm. This dynamic search
method allows the HLO to effectively search the hy-
perparameter space and converge the best configura-
tions that achieve maximum diagnostic performance.

3. PROPOSED SYSTEM MODELLING
3.1 Adaptive Difference of Gaussian filter

he proposed method reduces visual interpretability
of background regions that do not add relevant infor-
mation while increasing the visual interpretability of
structural edges, especially along the anatomical con-
tours. For the adaptive Difference of Gaussian (DoG)
processing step in the proposed procedure, two stan-
dard deviations denoted by ¢y and o9 are computed
for each row of the input image. The value o7 is
computed from a small local window, whereas o9 is
computed from a larger window that includes multi-
ple rows centered on the current row.

When o7 is less than oy, the DoG filter is applied
to that row; otherwise, the row is left unchanged.

This is effective because each row corresponds to the
reflections that reach the eye from each object in the
scene at different time intervals (due to sound waves
taking longer to reach the ear). Thus, this row-wise
method allows DoG filter to be designed to target
reflections at different time intervals. ADOG output,
obtained by subtracting the original image X with
dimensions of M x N. ADOG process outlined in
Table 2.

Table 2: Adaptive Difference of Gaussians.

FORmMm =3: M-2
(i) o, = STD2{X(m — 2:m + 2,:)}
(i) o, = STD2{X(m — 1:m + 1,:)}
(i) IF 07 < 0y
H=vy(0y,0,5K)

G=X(m,:)*H
Y(m,:) =G(K/2+1,K/2+1:K/2 + N)
ELSE
Y(m,:) =X(m,:)
ENDIF
ENDFOR

In this context, STD2 refers to the standard devi-
ation of a two-dimensional sub-image, and notation
(m—2:m+2,:) indicates a block of rows from (m—2)
to (m + 2). It creates a K x K matrix based on the
difference between two 2-dimensional Gaussian func-
tions with 0 mean and standard deviations of o1 and
g9.

12442
P(o1, 09, K) = 3= {%GXP <— 5

p
207

2 2
(_f,1+r,2

)] O

A 2D convolution operation occurs with the condi-
tion of (01 < 02), providing the Laplacian filter’s ap-
proximate function. To preserve important anatom-
ical boundaries while removing non-informative re-
gions, ADOG filter suppresses cases where (o1 > 03)

)= Lexp
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and retains image information at m = 50. However,
at m = 110 (o1 < o01), the DoG will be applied to
reduce noise from the background. The output from
ADOG enhances diagnostic quality by eliminating re-
dundant structures and highlighting the critical struc-
tural features of brain tissue.

After enhancement, the next step is accurate tissue
segmentation using the HACR method, which groupd
pixels of similar intensities to ensure that brain re-
gions associated with neurodegenerative changes are
precisely isolated.

To quantitatively assess enhancement perfor-
mance, an energy-based metric is computed across
image columns using:

M) =31 Xmn), n=1..N (2

The spatial intensity distribution, where Higher
Energy (H.E.) This metric represents values that cor-
respond to more prominently visible features, thereby
quantifying the strength of diagnostically relevant
patterns. After critical structural details have been
enhanced using the spatially adaptive DoG filter, the
next step is tissue segmentation. This is accomplished
through the HACR method, which accurately iso-
lates brain regions associated with Neurodegenerative
change.

3.2 Hybrid Agglomerative Clustering Refine-
ment

HACR method creates accurate final segmentation
results of affected regions in scans of the affected
individuals’ brains. HACR method comprises the
strengths of agglomerative clustering and adaptive re-
finement strategies, creating a robust framework for
accurate tissue segmentation. In standard agglomer-
ative clustering, each superpixel is considered its own
cluster. Subsequently, clusters are iteratively merged
based on a similarity metric, typically intensity simi-
larity or spatial proximity. Gaussian Blur is employed
within HACR framework, where the degree of blur
is controlled by predetermined standard deviations.
This adds aspect of spatially adaptive, improving the
clarity of neuroanatomical boundaries while reducing
irrelevant background noises.

Gaussian Blurring whereby each standard de-
viation of Gaussian kernels varies based on local
structural characteristics. The dynamic adjustment
of blurring techniques allows for more aggressive
smoothing within homogeneous or noisy regions while
retaining fine structures within high-contrast areas.
HACR process is mathematically defined as having
two stages:

Agglomerative Clustering Stage

The image is represented by a set of superpixels
X ={xy,z9,...c...... ,Zn}, where each z; € R? en-
codes intensity and spatial location.

Initialization:
Each superpixel (,z — 4.) is assigned to its own
cluster,

Ci = {z:} (3)

Iteration:
At each step, merge the pair of clusters (C;, C})
that minimizes the distance function:

D(Ci, C5) = [|nCi — pGj]| (4)

Where, C; and uC; denote the mean feature vectors
of clusters C; and C}, respectively.
Hybrid Refinement Stage

After achieving the clustering threshold, the refin-
ing function R is applied to the clusters, using their
predominant characteristics to imrpove segmentation
accuracy. Hence, the refined cluster is expressed as
follows:

Crefined = R(07 Fa P) (5)

Here, C' denotes existing cluster set, F' represents
extracted features set, P corresponds to previous
knowledge.

Following the successful segmentation of brain tis-
sues using HACR analysis, extraction of textural
characteristics from the regions assists in establish-
ing a definitive diagnosis. To accomplish rotation-
invariant analysis of tissue patterns, the polar GLCM
is applied, yielding a GLCM reference plane based on
polar co-ordinates.

3.3 Polar Co-ordinate Gray-Level Co-Occur-
rence Matrix

Traditional GLCMs produce appropriate texture
data extraction within the Cartesian co-ordinate sys-
tem, but GLCM not produce appropriate information
for the analysis of textural characteristics of polar co-
ordinate information that require rotation-invariant
texture analysis as the anatomical structures being
analyzed have differing orientations in neuroimaging
from one image scan to another. Thus, polar coordi-
nate GLCM model is introduced to resolve this issue
and expand field of conventional GLCM regarding
polar domains and thereby enhance clinical viabil-
ity through improving convergence and robustness of
clinical texture analysis.

Using a joint cost function, iteration k£ generates
a covariance value (Z;) for the co-occurrence matrix,
based on covariance and directional parameter values.
Rule for determining covariance is provided.

1
i1 = SUP{Z|Zk = fgi]glp§(r,9;p,<ﬁ)}, 0<r<

rhaes SQSHE,O

—~~
D
=
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Fig.2: Polar co-ordinate system.

At iteration k, the optimal matrix value is defined
by Z,. The GLCM process is applied at the polar
coordinate pair (r,0) and respective offsets (p, ) to
PL(r,0;p,¢)-

The supremum identifies the optimal solution from
all iterations. The amplitude threshold is defined as
rp. Angular domain is defined by s (the angle’s lower
bound) and e (the angle’s upper bound). The global
polar coordinate pair (r,6) provides a reference lo-
cation for a pixel on the polar-transformed image,
whereas the relative polar coordinate pair (p, ) is
defined with relative to this reference.

The gray-level range at any (r,0) is (0 to N — 1),
forming an N x N square matrix for the complete
GLCM at that pixel location. Unlike traditional
Cartesian GLCM, which evaluates pixel relationships
in fixed directions, the polar GLCM calculates co-
occurrence probabilities based on angular and radial
offsets. For a given position (r, §), the matrix element
is computed by counting pixel pairs that satisfy the
relative offset condition.

P(r,0; p, )
(DN, 5) =m—1)
card fli+pcosp,j+ psing =n—1),
(i,5) € P, (i+ pcosp,j+ psinp) € P

) /Q(p, ) Q

Here, card(-) denotes cardinality function (the
number of valid pixel pairs), while Q(p, ) represents
normalization factor that ensures ensuring statistical
consistency.

The weighted co-occurrence matrix is then defined
as:

Qp, )
card{(i,§)|(i.§) € P, (i + pcos g, j + psing) € P}

(8)

Where @(r, 0) is a spatial weighting function given
by:

@(r,0) = 14 exp (=d[(r,0)[(r0, 00])) (9)

Here, d[(r,0)|(r0,00] measures the distance be-
tween the current co-ordinate and a reference ori-
entation point. To determine the optimal texture
direction, the matrix is integrated over the angular
domain:

Z'(p) = / Z(p, p)di (10)

In discrete form, this becomes:

2 =3 Y S aln0) x Pl 6ip,e)
(11)

The best orientation ,,;,, is identified by minimiz-
ing the integrated texture function:

min =g (minZ'(¢) ) (12)

@

This formulation enables the polar coordinate-
GLCM to adaptively capture rotation-invariant tex-
ture features, which are critical for accurately identi-
fying neuroanatomical changes in dementia diagnosis.
As a result, the emphasis shifts to precisely catego-
rizing these features in order to differentiate between
healthy brain regions and those affected by neurode-
generation. This is accomplished by introducing a
CA-InceptionResNet model as the fundamental clas-
sification framework.

3.4 CA-InceptionResNet architecture with
Horned Lizard Optimization (HLO)

In the CA-InceptionResNet architecture, Figure.3
residual connections are a key component in reduc-
ing the vanishing gradient problem that is typically
found in deep networks. The residual connections are
integrated nicely into every Inception module to cre-
ate composite Inception-ResNet blocks. The feature
representation is improved in every block by combin-
ing multi-scale convolutional branch outputs with the
original input through a skip connection.

!
HFE (%, 32)

INCEPTION RESNET H

/
CA BLOCK ]’
5

! y

HFE (x, 64) U
l .

CA BLOCK U

30014 VO

2 !

| GLOBAL AVERAGE POOLING 2D
!

| FULLY CONNECTED 128

T
L

[ MULTI-SCALE ATTENTION MODEL

Fig.3: CA-Inception ResNet block.
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If X represents input to an Inception-ResNet
block, the output is written as,

FInceptionfResNet(X> = F(X, {Wl}) + X> (13)
where F (X, {W,}) is the operation carried out by the
parallel convolutional filters, and (W;) are the corre-
sponding learnable parameters. The skip connection
allows continuous gradient flow through the network
to ensure stable and efficient training. By stacking
several Inception-ResNet blocks, the design builds a
deep hierarchical model that can extract progressively
abstract features. This type of design benefits par-
ticularly well in medical imaging tasks, as captur-
ing slight structural differences is important for accu-
rate diagnosis. By combining residual learning with
inception modules, classification accuracy is signifi-
cantly increased while maintaining computationally
efficiency.

Channel Attention Module (CAM) enhnaces the
model’s ability to identify diagnostically significant
arease in brain images. This capability is essential
in diagnostic imaging, particularly when distinguish-
ing between subtle features that are often very small.
Taking an input feature map X € RT*WxC where
H, W, and C represent spatial dimensions and num-
ber of channels, CA module follows a three-step op-
eration, ensuring both accuracy and interpretabil-
ity in feature refinement. First, spatial information
is reduced by determining a channel-wise descriptor
through Global Average Pooling (GAP). For every
channel ¢, the descriptor z. is determined as:

1 H w L
= T 2t 2y X050

This process maps the feature map X into a dense
vector z € R¢, summarizing the global spatial infor-
mation. To capture inter-channel dependencies in an
efficient way, a 1D convolution is then applied to z,
allowing the mechanism to learn cross-channel inter-
actions without paying a heavy computational price.

(14)

(15)

Here, (Wip) are the learnable weights of the 1D
convolutional layer, (*)is the convolution operation,
and (o) is the sigmoid function to normalize the out-
put s € R These attention weights indicate the
relative importance of each channel.

The original feature map X is recalibrated by ap-
plying the attention weights to every corresponding
channel to obtain the refined feature map X

s=oc(Wip * 2)

X(i,j,C)ZSC'X(i,j,C) (16)

Channel-wise multiplication amplifies the presence
of useful features and reduces the effect of less useful
features, hence enhancing model’s capacity to high-
light important patterns in an image.

The working process of the CA mechanism is de-
scribed in Table 3, which summarizes its simple yet
efficient architecture:

Table 3: Channel Attention Mechanism.
RAXWXC

1: Input: Feature map X €
2: Channel Descriptor Generation: Calculate z € R€ by
taking spatial dimensions' average:

) H W
Z; =HxWZZX(L,],c)

i=1 j=1
3: Cross-Channel Interaction Modeling: Use 1D
convolution with kernel size k, then sigmoid activation
to get attention weights s € R®:
s =oWp *z)
4: Feature Recalibration: Scale each channel of the input
feature map by its corresponding attention weight:
X(i,j,¢) =s.-X(i,j,c)
5: Output: Calibrated feature map X, highlighting
informative channels.

By applying both fully connected layers and 1D
convolution, the CA mechanism achieves computa-
tional efficiency while effectively modeling channel-
wise dependencies. The reduced architecture im-
poses minimal overhead and thus is exceptionally
well-suited for deep learning in medical imaging. The
recalibration process ensures that the network re-
mains focussed on diagnostically important features,
thereby maximizing classification accuracy without
comprimising performance. As shown in Table.4,
with a learning rate of 0.00015, batch size of 35, 10
epochs, the Adam optimizer and a dropout rate of
0.23, the proposed configuration improves classifica-
tion accuracy while reducing overfitting.

Table 4: Training Hyperparameters.

Hyperparameter Optimized Value
Learning Rate 0.00015
Batch Size 35

Epochs 10
Optimizer Adam
Dropout Rate 0.23

The horned lizard optimization algorithm im-
proves the efficiency of the Channel-Attentive In-
ceptionResNet classifier by adaptively tuning its ar-
chitectural weights and hyperparameters using bio-
logically rooted defense techniques. HLOA borrows
from the survival mechanisms of the horned lizard
crypsis, thermoregulatory modulation of skin, blood-
squirting, and evasive movement to convert them into
mathematically regulated search operators that strike
a balance between exploration and exploitation in so-
lution space.

Crypsis-tuned feature selection

The crypsis-motivated process from horned lizard

camouflage is theoretically formulated to inform
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adaptive feature selection and spatial attention.
Crypsis is the ability of an organism to blend visu-
ally with its surroundings by aping ambient proper-
ties like color, texture, and translucency thus making
itself less detectable to predators or prey.

To simulate this biologically adaptive characteris-
tic, HLO takes advantage of the principles of color
science, namely the CIE-defined Lxax*xband L+xCxh
color spaces. These models measure color perception
relative to standardized light emission in the visible
spectrum (400-700 nm), facilitating accurate chro-
matic modeling.

« __ +a, indicates Red (17)
@ T _aindicates Green
b — +b, indicates Yellow (18)

—b indicates Blue

In the L *a x bspace, L * is used to encode bright-
ness, with a % and b * representing chromaticity along
red—green and yellow—blue axes, respectively.

In L « C % h space, Lx is lightness, C' x describes
chroma (color saturation), and h % determines the
hue angle, which ranges from 0° to 360° around a
circular color wheel from red via yellow, green, blue,
and return to red.

By converting Cartesian chromatic co-ordinates to
polar co-ordinates, HLO automatically adjusts search
agent locations to mimic environmental blending.

c* =+va*? 4+ b2 (19)
b*

h = arcTg (*> (20)
a

The values ¢* and h stand for chroma (or satu-
ration) and hue, respectively. The value of the hue
h is an angular value measured in degrees between
0° and 360° and specifies the position of the color
in the circular hue space. In order to convert po-
lar co-ordinates into Cartesian, the following inverse
relations are employed:

a* = c* cos(h)

(21)

b* = ¢* sin(h) (22)

Given two different color vectors in form of ordered
pairs (ay,by) and (ay,b;) where p # q # r # s, new
combined color variations named as colorVar; and
colorVary, are created by performing the following

arithmetic computations:

g% * * *
colorVary = b, —a, — a; + b

7% * * *
colorVary = by — a, + a; — b

These color combinations are encapsulated in the
equation provided below.

colorVar = b, — a; + [a; — bg] (25)

Equation (25) is rewritten in polar form to rep-
resent chromatic variation by using hue angles and
chroma values. This gives rise to the following repre-
sentation:

colorVar = ¢y sin(hy,) — ¢1 cos(hg) £ [ca — sin(hy)—
cg cos(hs)]
(26)
The equation (27) is the inverse polar form of color
variation

colorVar = ¢y sin(hy) — cos(hq) £ [c2 — sin(h,)—
cos(hs)]
(27)
Here, hp, hq, by, hs represent different hue angles
(hp # hq # hy # hg), while (¢1 # c2) denotes chroma
values chosen from the normalized color palette.
These parameters guarantee direction diversity and
intensity modulation in search dynamics. To reduce
computation, the chroma terms are factorized:

Tt +1) = Fpom(t) + (a - sztt) [cl (sin s (6)—

cos (Zy, (1) )> —(—=1)%¢, (cos (Zrs (1) — cos(, (ﬂ)))]
(28)

At iteration t + 1, the position of the i*" search
agent’s (xz(-tH)) is updated relative to the best agent
at iteration ¢, ZTpest(t). Rrandomly chosen agents
(t, Ty, Ty, Try, T, ) are selected such that rq # ro #
r3 # ry. The maximum number of iterations is de-
noted as Maz;se,, while ¢; and ¢y are chroma values
taken from normalised palette.
Thermoregulatory Skin Modulation

Horned lizards have a biologically mediated capac-
ity to change the pigmentation of their skin in relation
to the ambient temperature, lightening their skin to
reflect solar radiation or darkening their skin to in-
crease heat absorption. This thermoregulatory adap-
tation is controlled by the same physical laws that
control light energy, with light skin reducing thermal
gain and dark skin increasing it. Within the HLO
framework, this adaptive process is modeled math-
ematically in order to direct search agent updates.
Two separate strategies are utilized: one mimick-
ing skin lightening and one modeling skin darkening.
They are defined as follows:
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Lightening Strategy:

. - 1 . -
Zworst(t) =Tpest (t) + iLZghtl sin (2, (t) — Ty (t)) —

1
(—1)”§Lz'ght2 sin (&4 (t) — @, ()
(29)
Darkening Strategy:

1
Zworst(t) =Tpest (t) + §Dark1 sin (&, (t) — Ty (t)) —

(=1)° %Darkg sin (Z, (£) — F, (1)
(30)

Where, Tpest(t) and Zyorst(t) are best- and worst-
performing agents at iteration (t),Z,, Ty, Trys Tr,
are randomly chosen agents, with ry # ro # r3 #
r4,0 is a binary switch controlled by Algorithm 1,
Light; and Lighty are sampled from the normal-
ized interval [0,0.4046661], describing reflective tones,
Dark; and Darky are sampled from [0.5440510, 1],
describing absorptive tones. This strategy replaces
the performing agent with the lowest performance
with a new agent that approximates the horned
lizard’s temperature-induced pigmentation change.
In this way, HLO adaptively balances exploration and
exploitation, improving the CA-InceptionResNet’s
capacity to converge on optimal feature representa-
tions under diverse data conditions.
Projectile-Based Blood-Squirting Mechanism

One of the horned lizard’s most unique defense
mechanisms is forcibly expelling a stream of blood
from its eyes to discourage predators. This violent
strategy is replicated in HLOA as a projectile motion,
preserving both the direction dynamics and accelera-
tion profile of the stream of blood. The simulation is
broken down into two orthogonal components: hori-
zontal (X-axis) and vertical (Y-axis), to deduce the
motion equations.
Horizontal Component: Uniform Linear Mo-
tion

Horizontally, the blood stream travels along a con-
stant velocity path. The displacement as a function
of time (¢) is represented by:

t
o=do+ [ git=7o+ g (31)
0

Vertical Component:
Motion

Vertically, the motion is subject to gravitational
acceleration, so the path is parabolic. Displacement
is given by:

Uniformly Accelerated

t

L . L 1,

r:r0+/ (v0+gt)dt:rg+v0t+§gr2 (32)
0

7o=0 (33)
The entire motion is represented through vector
equations for position and velocity:

(34)

. 1 .
Ug = vg cos(a)tj + ((vo sin(a)t) — 2gt2) k

- —

U =7 =wgcos(a)j + ((UO sin(a)t) — ;gﬁ) k (35)

The final trajectory equation is therefore repre-
sented as,

Zi(t+1) = [vo cos (a > + a} Tpest (£)+

Max;ier

vp sin oz—ait —g+e| Zi(t)
0 Maxiter g ‘
(36)

Rapid FEvasion through Local-Global Move-
ment

Horned lizard employs rapid, erratic movement
when trying to escape predators, modeled mathe-
matically through a hybrid local/global search pro-
cess. The proposed methodology incorporates an up-
date function that combines a random walk around
the current position with a directional preference to-
ward the best-established region, thereby enhancing
convergence and solution stability. The combined
methodologies improve exploratory search processes
and allow for more efficient discovery of solutions to
avoid local minima.

Fi(t+ 1) = Tpest(t) + walk (; - e) 7))  (37)

Where #;(t + 1) is the new position of the i** search
agent, Tpest(t) is the currently best-performing agent
at iteration (t), walk is a random scalar sampled uni-
formly in [-1,1], (3 —¢) &i(t) introduces localised
perturbation, and a Cauchy-distributed random vari-
able (mean = 0, scale = 1) modulates the step size.
This definition allows agents to execute evasive ma-
neuvers while preserving convergence pressure to-
wards promising areas of the search space.
Adaptive Skin Coloration through o-MSH
Rate

Horned lizards have thermoregulatory skin col-
oration mediated by a-melanophore stimulating hor-
mone (a-MSH), permitting them to adjust solar heat
absorption. This biological phenomenon is gener-
alized to the optimization framework as a fitness-
dependent adaptation rate, controlling selective agent
replacement.
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. Fitnessmas — Fitness(i)
lanph = 38
mesanp ore(z) Fitnessaz — Fitnesspin ( )

Where Fitness(i) is the fitness of the i'" agent,
Fitness, g and Fitness,,;, are the worst and best
fitness values in generation (¢) and melanphore(i) is
the normalized adaptation rate

Agents with low a-MSH rates (i.e., melanphore(i)
< 0.3) are replaced using a recombination strategy
based on differential evolution:

" " | "
Ti(t) = Tpest(t) + B [@r, (t) — (—1)7 20, (1)] (39)

Here, &, (t),Z,,(t) represent randomly chosen
agents with indices 1 and r5. This update encour-
ages diversity and introduces exploratory behavior
into stagnation areas..

Table 5: Hornerd Lizard Optimization.

Parameter Value
Population Size 20
Maximum Iterations 40
Exploration Factor 0.7
Exploitation Factor 0.3
Random Perturbation [0, 1] uniform
Step Size 0.05

The control parameters utilized in HLOA for adap-
tive tuning of the Channel-Attentive InceptionRes-
Net classifier are summarized in Table.5. While the
exploration and exploitation factors regulate the bal-
ance of global and local search, the algorithm’s pop-
ulation size and iteration count determine the search
depth and convergence stability. A step size of 0.05
ensures smooth convergence toward ideal hyperpa-
rameter values, whereas random perturbation within
a uniform [0, 1] range introduces stochastic diversity.
When combined, these parameters improve training
stability and avoid early convergence during opti-
mization.

As shown in Figure 4, the proposed HLO Igo-
rithm further boosts performance by adaptively tun-
ing model parameters through biologically inspired
search strategies. This ensures robust and efficient
learning for nuanced diagnostic tasks.

4. RESULT AND DISCUSSION

This section presents a detailed description of the
proposed approach, with the aid of descriptive text as
well as visual images. The primary outcomes are pre-
sented through graphical results plotted in the form of
Python-generated plots that provide easy insight into
the functioning of the system. Furthermore, compar-
ative analyses are conducted across multiple datasets

(START )

CA-INCEPTIONRESNET WEIGHTS &

INITIALIZE PARAMETERS: POPULATION SIZE, iter,,,,, ‘
HYPERPARAMETERS

| GENERATE INITIAL POPULATION OF SEARCH AGENTS |
, )
[ ITERATION ¢ = 1 |

—_— EVALUATE FITNESS OF AGENTS USING ‘
CA-INCEPTIONRESNET + CA MODULE

CRYPSIS-TUNED FEATURE SELECTION

» CHROMATIC BLENDING USING L*a*b, L*C*h MODELS
» POLAR COORDINATE UPDATE (EQ. 19-28)

PROJECTILE-BASED BLOOD-SQUIRTING MECHANISM
» TRAJECTORY-BASED UPDATE

1)
RAPID EVASION THROUGH LOCAL-GLOBAL MOVEMENT
HYBRID LOCAL RANDOM WALK + GLOBAL CONVERGENCE|
i
THERMOREGULATORY SKIN MODULATION ‘

» APPLY SKIN LIGHTENING OR DARKENING
TO REPLACE WORST-PERFORMING AGENTS
)
ADAPTIVE SKIN COLORATION VIA a-MSH RATE ‘

» COMPUTE MELANOPHORE
» IF LESS THAN 0.3 — APPLY RECOMBINATION

)

SELECT BEST-PERFORMING SEARCH AGENT ‘

I3

CHECK
STOPPING CRITERIA:
» MAX ITERATIONS REACHED?
~~z CONVERGENCE ACHIEVED? _—
Ty Es
OUTPUT BEST CA-INCEPTIONRESNET MODELWITH HL-OPTIMIZED
WEIGHTS & HYPERPARAMETERS

[

(_END

Fig.4: Flowchart
InceptionResNet.

of HLO-based CA-

using classifier systems demonstrate enhanced effi-
ciency compared to existing methods that rely on
state-of-the-art algorithms.

Experimental Setup:

Proposed model is created using an Intel Core i7
CPU with 16 GB of RAM and 512 GB of Solid-State
Drive (SSD) storage. The model’s software configu-
ration runs on the Windows 10 operating system with
Python 3.10 as primary programming language. The
model is built, trained, and displayed using Jupyter
Notebook. Therefore, Jupyter Notebook provided an
interactive coding platform for executing code, mon-
itoring results, and displaying graphics.

DATASET INSIGHT

Moderate_D: d Non_D: d

Mild_Demented Very_Mild_Demented

2560 images 2560 images

2560 images

2560 images

Fig.5: Dataset insight.

Figure 5 presents representative input samples
from which to classify an individual as having demen-
tia. Datasetl, used in this model, is the Alzheimer’s
Disease Multi-class Dataset which containes approxi-
mately [10, 240]. This dataset provides axial brain
(MRI) scans categorized into 4 diagnostic classes:
non-demented, very mild demented, mild demented
and moderate demented. Each classification contains
2, 560 images. The dataset distribution is therefore,
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Mild_Demented

Moderate_Demented

Very_Mild_Demented

0

Fig.6: Input image a) Mild Dementia b) Moderate Dementia ¢) Non-Dementia d) Very — Mild Dementia.

balanced across all classes, allowing for efficient train-
ing and validation of the model developed from the
provided data.

As shown in Figure 6, brain scans are categorized
according to dementia severity, allowing for visualiza-
tion of subtle anatomical differences in individuals’
brains becoming worse based on increasing levels of
cognitive decline/severity. Differences in image con-
trast facillitate more precise extraction of ROI, ex-
traction based on varying levels of cognitive decline
and disease severity. It provides reliability and ro-
bustness of the filter when comparing against respec-
tive noise levels.

SPATIALLY ADAPTIVE DOG FILTER

Input Image DoG Filtered Noise (Difference)

Fig.7: Spatially Adaptive DOG Filter Images.

Figure 7 represents the application of the spatially
adaptive difference of Gaussian filter to brain scan
images. There are three columns in each of the four
types: input image is the original MRI scan, or base-
line anatomical structure. The filtered output from
applying the adaptive DoG filter, which sharpens
fine structural detail but eliminates background noise.
The residual image emphasising filtered noise, created
by subtracting output of the DoG filter from the orig-
inal scan.This residual highlights the filter’s capacity
to preserve and enhance fine anatomical and textu-
ral details such as cortical thinning and hippocam-
pal shrinkage that are essential for distinguishing be-
tween dementia stages.

Figure 8 demonstrates the use of the HACR
method to divide dementia-impacted brain areas. It

HACR SEGMENTATION FOR DIFFERENT CLUSTERS

Cluster = 3 Cluster = 4 Cluster =5

Cluster = 2

Fig.8: Dementia region segmented using HACR.

is divided into four columns, each of which corre-
sponds to a unique level of clustering: Cluster = 2,
Cluster = 3, Cluster = 4, and Cluster = 5. Each
columns contains segmented MRI scans that differ
in the level of detail, with anatomical regions of the
brain identified at varying cluster levels. The more
clusters, the more detailed the segmentation, and
thus structures and their borders become increas-
ingly specified. Progressive segmentation illustrates
HACR’s the ability to provide a balanced represen-
tation of structural readability along with compu-
tational optimality. Therefore, ability to establish
structural readability while providing computational
optimality makes HACR an essential component of
medical imaging & diagnosis.

Table 6. illustrates the extracted GLCM features
derived in polar co-ordinates from MRI brain images.
The four digital images contain four different images
of a subject at four different angular degrees (0°, 45°,
90°, and 135°) taken at various stages of their devel-
opment. Contrast provides insight into the degree
of local variance in brightness; higher values indicate
greater observable structural variance. Dissimilarity
measures how differnt nearby pixel pairs are from
each another. This metric helps identify unwanted
textures or external factors, that interfere with diag-
nostic accuracy. Homogeneity represents uniformity;
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Table 6: Gray-Level Co-occurrence Matriz in Polar Co-ordinates.

Image Contrast | Dissimilarity | Homogeneity | Energy | Correlation
Angle 0° 1.2331 0.4898 0.8294 0.5881 0.5563
1 Angle 45° 1.4032 0.5768 0.7942 0.5661 0.4972
Angle 90° 1.1437 0.4595 0.8387 0.5925 0.5885
Angle 135° 1.4445 0.5828 0.7948 0.5667 0.4824
Angle 0° 0.9188 0.4038 0.8496 0.4998 0.7077
9 Angle 45° 1.0689 0.4869 0.8147 0.4799 0.6604
Angle 90° 0.8484 0.3773 0.8585 0.5053 0.7301
Angle 135° 1.0259 0.4680 0.8218 0.4833 0.6741
Angle 0° 0.6871 0.3655 0.8494 0.5325 0.5990
3 Angle 45° 0.9393 0.4829 0.8042 0.5081 0.4555
Angle 90° 0.7172 0.3775 0.8452 0.5311 0.5815
Angle 135° 0.9399 0.4816 0.8050 0.5085 0.4551
Angle 0° 0.6029 0.3349 0.8594 0.5712 0.6272
4 Angle 45° 0.8669 0.4597 0.8109 0.5426 0.4678
Angle 90° 0.6228 0.3408 0.8578 0.5710 0.6149
Angle 135° 0.8273 0.4397 0.8189 0.5474 0.4920

greater values indicate smoother areas. Energy mea-
sures textural uniformity and repetition; greater en-
ergy signifies more regular textures. Correlation mea-
sures linear dependency among pixel pairs, suitable
for identifying directional texture directions.

Figure 9 presents two major performance measures
accuracy and loss plotted over 10 training epochs for
the proposed model. Model accuracy graph displays
training accuracy and validation accuracy increasing
steadily with epochs. As early as the 10th epoch,
training accuracy is close to 1.0, while validation ac-

curacy is at around 0.9, showing excellent generaliza-
tion and successful learning. The smooth rising trend
with little divergence between the two lines testifies
to a well-regularized model with minimal overfitting.
The model’s loss graph demonstrates a steady de-
crease in both training loss and validation loss over-
time, proving stable convergence and effective opti-
mization. Both loss have a monotonically decreasing
trend, meeting close to 0.1 in the last epoch. The
simultaneous decrease of both loss indicates steady
optimization and strong convergence. It affirms that
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the proposed CA-InceptionResNet with HLO model
achieves high accuracy at low error rates and proves
robust stability and reliability throughout training.

Figure 10 displays two confusion matrices: one
showing percentage accuracy and the other present-
ing raw predictions counts for the model classify-
ing four dementia stages. For instance, the Moder-
ate Demented category is predicted with 100% accu-
racy, the Non-Demented category achieves 99.8% ac-
curacy. There are also high correct prediction rates
of 97.8% and 98.2% for mild demented and very mild
demented, respectively. Misclassifications are min-
imal and primarily localised between the Mild and
Very Mild Demented categories, reflecting the clini-
cal challenge of distinguishing between close reated
stages. These matrices emphasize the proposed CA-
InceptionResNet with HLO model’s high classifica-
tion accuracy, assessing diagnostic reliability and
leading to future model sensitivity and specificity en-
hancements.
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Fig.11: ROC Curve.

Figure 11 displays the Receiver Operating Char-
acteristic (ROC) curves of a multi-class classification
model differentiating between four stages of demen-
tia. Each curve indicates True Positive Rate (Sen-
sitivity) against the False Positive Rate as a mea-
sure of the model’s discriminatory power to differ-
entiate each class from the rest at different decision
thresholds. The proposed model demonstrates en-
hanced discriminative performance, achieving near-
perfect classifications across dementia phasese: Mod-
erate Demented (AUC = 1.000000, ideal classifica-
tion), Non-Demented (AUC = 0.999326), very mild
demented (AUC = 0.998345), Mild Demented (AUC

= 0.997831), reflecting enhanced discriminative per-
formance, the proposed model’s ability to differenti-
ate even minute differences in dementia phases.

HIGH-PRECISION CLASSIFICATION PERFORMANCE ANALYSIS

[ PRECISION
1 RECALL
[ F1-SCORE
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PERFORMANCE SCORE

Moderate Non
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Fig.12: Class-Wise model performance metrics.

Figure 12 visualizes the class-wise performance
metrics for dementia classification. The moderate
Demented Class achieves ideal precision, recall, and
Fl-score metrics of 1.00, reflecting ideal identifica-
tion of this category. Mild demented scores 0.98 for
all performance metrics, indicating robust and well-
balanced performance in both identifying and accu-
rately predicting this phase. Non-demented class has
0.99, indicating high consistency and few false posi-
tives or false negatives. Very Mild demented precision
is marginally higher (0.99) than Recall and F1-Score
(0.98), indicating model’s class-wise accuracy, espe-
cially in its capacity to differentiate between subtle
phases such as Very Mild and Mild Dementia, and
validates it for real-world diagnostic implementation.

The benchmarking outcomes of different DL ar-
chitectures that were trained and assessed using
the Alzheimer’s Disease Multi-class Dataset are pre-
sented in table.7. In comparison to traditional
CNN, VGG19, DenseNet121, and InceptionV3 ar-
chitectures, the proposed Channel-Attentive Incep-
tionResNet classifier optimized using HLOA demon-
strated superior generalization and diagnostic relia-
bility, achieving the highest accuracy (98.98%), pre-
cision (99.12%), Recall (98.96%), F1-score (99.04%),
specificity (99.60%), sensitivity (98.96%) and co-
hen’s Kappa (9832%), thus improving overall stabil-
ity among all evaluated models.

Table 7: Comparative Performance of DL Models on AD Multi-class Dataset.

Precision Recall F1-Score P eie . Balanced | Cohen’s
Model Accuracy (Macro) | (Macro) | (Macro) Specificity | Sensitivity Accuracy | Kappa
CNN 0.9623 0.9635 0.9618 0.9626 0.9730 0.9618 0.9618 0.9455
VGG19 0.9756 0.9768 0.9745 0.9756 0.9858 0.9745 0.9745 0.9608
DenseNet121 0.9782 0.9790 0.9775 0.9782 0.9885 0.9775 0.9775 0.9652
InceptionV3 0.9821 0.9830 0.9812 0.9821 0.9915 0.9812 0.9812 0.9718
Proposed 0.9898 0.9912 0.9896 0.9904 0.9960 0.9896 0.9896 0.9832
Model
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Fig.13: Model Training Performance.
the course of ten epochs, model accuracy plot demon-
Dataset 2:

The second dataset is the OASIS MRI dataset.
The model is developed and evaluated using the OA-
SIS MRI dataset. Based on Alzheimer’s progression,
it comprises approximately 80,000 brain MRI images.
A total of 461 patient MRI scans were uploaded to
a GitHub repository to ensure accessibility after pre-
processing. The original.img and.hdr files were con-
verted to the NIfTT (.nii) format using FSL soft-
ware, enabling standardized handling and compata-
bility with neuroimaging tools. A balanced dataset is
created for training using 2D slices along the z-axis
(100-160 out of 256 per scan). Metadata and Clini-
cal Dementia Rating (CDR) values to indicate illness
phases are used for classification. For effective pro-
cessing, the.nii files were subsequently converted into
the.jpg format, yielding a 1.3GB dataset appropriate
for DL-based dementia detection.

The training behavior of the proposed dementia
classification model is illustrated in Figure 13. Over

strates a consistent increase in both training and val-
idation accuracy, going from roughly 80% to above
95%, signifying efficient learning and little overfit-
ting. Stable convergence and effective optimization
with the chosen hyperparameters are confirmed by
the model‘s loss plot, which shows a steady decrease
in training and validation loss from 1.2 to less than
0.2, demonstrating reliable learning dynamics.

Trained model’s diagnostic evaluation is displayed
in Figure 14. For all four dementia classes, such as
non-demented (0.9932), very mild demented (0.9921),
mild demented (0.9911), and moderate demented
(0.9952), the ROC curve shows high Area-Under-
Curve (AUC) values, indicating excellent discrimina-
tion capabilities. Strong classification accuracy is fur-
ther confirmed by the confusion matrix, which shows
few misclassifications and the majority of samples ac-
curately recognized in their respective categories.

The evaluation results of several DL architectures
trained on the OASIS MRI dataset are illustrated in
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Table 8: Comparative Performance of DL Models on AD Multi-class Dataset.

Precision Recall F1-Score ce eie . Balanced | Cohen’s

Model Accuracy (Macro) | (Macro) | (Macro) Specificity | Sensitivity Accuracy | Kappa
CNN 0.9562 0.9365 0.9218 0.9291 0.9782 0.9218 0.9500 0.901
VGG19 0.9711 0.9522 0.9435 0.9478 0.9856 0.9435 0.9645 0.929
DenseNet121 0.9824 0.9688 0.9597 0.9642 0.9921 0.9597 0.9759 0.954
InceptionV3 0.9845 0.9715 0.9628 0.9671 0.9934 0.9628 0.9781 0.958
Proposed 0.9901 0.9792 0.9656 0.9723 0.9967 0.9656 0.9812 0.971
Model
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Table 8. Proposed Channel-Attentive InceptionRes-
Net model optimized with horned lizard optimization
achieved 99.01% accuracy, 97.92% precision, 96.56%
recall, 97.23% Fl-score, 99.67% specificity, 96.56%
sensitivity, 98.12% balanced accuracy, and a Cohen’s
Kappa of 0.971. When compared to CNN (95.62%
accuracy), VGG19 (97.11% accuracy), DenseNet121
(98.24% accuracy), and InceptionV3 (98.45% accu-
racy), the proposed method demonstrates superior
diagnostic robustness and dependability, underscor-
ing its efficacy in early Alzheimer’s detection.
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Fig.15: Comparison of accuracy.

Figure 15 shows the classification accuracy of
different existing models with the proposed CA-
InceptionResNet framework for diagnosing dementia.
The models being compared are Parallel Recurrent
Convolutional Neural Network (PRCNN) [27] with
85%, Random Forest (RF) [28] with 88.36%, XG-
Boost (XGB) [29] with 92%, Support Vector Machine
(SVM) [30] with 93.50%, DEMentia NEtwork [25]
with 95.23% and the proposed CA-InceptionResNet
exhibits a maximum accuracy of 98.98%. This per-
formance gain results from the synergy between CA-
InceptionResNet architecture, which excels at iden-
tifying intricate anatomical and textural features of
dementia, and the HLO approach, which optimizes
the model for classification tasks.

Table 9: Comparative Analysis of Performance
Metrics.
Classifiers Precision | Recall | F-Score
(o) (%) (o)
RF [28] 66.01% 57.06% | 61.21%
PRCNN [27] 85.9% 87.2% 86.6%
SVM [30] 80.0% 95.6% 81.9%
Proposed 99.12% 98.96% | 99.04%

Table 9 illustrates the relative performance mea-
sures including precision, recall, and f-score, provid-
ing a holistic assessment of dementia classification
models. Of the classifiers listed, the developed HLO-
based CA-InceptionResNet model exhibits outstand-
ing diagnostic performance, with 99.12% precision,
98.96% recall, and an F-score of 99.04%. Conven-
tional approaches such as RF [28] exhibit poor per-
formance, with a precision of 66.01% and recall of

57.06%, indicating high rates of misclassifications.
Moderate performances are seen with deep learn-
ing algorithms like PRCNN [27] and SVM [30], with
PRCNN demonstrating good precision and recall of
86% and SVM having high recall of 95.6% but less
precise prediction (80%), where the model tends to
over-predict positive cases.
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Fig.16: Comparison of specificity.

Figure 16 reveals the comparative analysis of the
relative specificity attained by each model for de-
mentia stage classification. The proposed approach
achieves a leading specificity of 99.58% outperform-
ing SVM [30] 94.37% and RF [28] 72.80%. This high-
lights the system’s superior discriminative power in
avoiding false positives during dementia diagnosis.

5. CONCLUSION

The proposed deep learning-based hybrid CA-
Inception ResNet model, optimized using the horned
lizard optimization algorithm and integrated with ad-
vanced techniques, significantly enhances dementia
diagnostic precision. The spatially adaptive DoG
filter improves image visibility in axial MRI scans,
while anatomical features are accurately segmented
using the HACR approach. Moreover, by employ-
ing texture analysis using polar coordinate GLCM,
the extracted features become richer in their repre-
sentation. The polar co-ordinate GLCM captures
spatial patterns in a rotationally invariant manner,
enabling improved detection and classification of de-
mentia stages. Channel Attention InceptionResNet
model classifies dementia stages effectively by utiliz-
ing both spatial attention mechanisms and deep hier-
archical features that allow the model to locate areas
of clinical significance within the brain and minute
neuroanatomical differences across MRI scans in an
axial orientation. Based on the performance met-
rics 98.98% accuracy, 99.12% precision, 98.96% re-
call, 99.04% F-score, and 99.58% specificity, model
demonstrates excellent reliability in identifying sub-
tle neuroanatomical changes across different demen-
tia stages. Future research could explore ways of im-
plementing this framework on longitudinal data sets,
fusing multiple types of data and integrating it into
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actual clinical practice to promote more thorough and
proactive management of neurodegenerative diseases.
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