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ARTICLE INFO ABSTRACT

Received: 15 Nov 2024 Cerebellar ataxia (CA) is a disability disease that originated in the cerebellum of the human brain

and caused several awkward condition as in-organized body balances, eye movements, inability

to gait, and extremities. Because of these symptoms, early detection of CA is mandatorily targeted

Accepted: 08 Jan 2025 by the researchers using different conventional methods. These existing detection methods faced
various disadvantages, as poor performance effectiveness, complexity problems, increased error
rate, and computational time consumption. To overcome these issues in the existing methods, a
proposed model is designed as Hybrid Distributed Mixed Attention-based Deep Learning
approach enabled Competitive Tuning Optimization (Hybrid DMADL-CTO) model that precisely
detects the abnormalities along with its class labels. The developed model possessed a
distributive learning approach that captures detective outcomes with minimal operational time.
Meanwhile, the model's ability and effectiveness are effectually enhanced by the integration of
Competitive tuning optimization (CTO) and mixed attention mechanisms. The developed
algorithm eliminates the optimization problem and attained better durability, consistency, and
convergence rate significantly. Additionally, the mixed attention mechanism minimized the
complexity problem and achieved effective performance efficacy. Thus, the effectiveness of the
research model is compared with other related techniques based on the performance metrics,
such as accuracy, recall, and precision for which the proposed method acquired 97.67%, 97.99%,
and 95.89% respectively.
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INTRODUCTION

In human anatomy, the cerebellum plays a significant role in the brain's nervous system, which effectively controls
voluntary movement coordination, eye movement, and maintains the balance of muscles. In this context, sudden
damage causes control loss, cerebellar functional damage, and impairments of body parts, which is termed as
cerebellar ataxia. The impairments of body parts include limb in-coordination, speech impairment, eye movement
abnormalities, and gait instability [1] [2] [3] [4][5]. In addition to this, the CA caused abnormalities in precise
movement that ledto disability for doing simple tasks like walking, eating, and dressing. Moreover, the major clinical
abnormalities are dysarthria, ophthalmoparesis, dysphagia, peripheral neuropathy, nystagmus, and hyposmia. At the
initial stage of cerebellar ataxia, it impacts the daily activities of affected patients. Similarly, at the moderate stage
that caused difficulty in walking with the support of some walking aid. Comparably, at the advanced stage that caused
severe impact by carrying the affected patient wheelchair-bound and needing other support to do daily activities [6].
To avoid these obstacles, early recognition is important and provides proper treatment for patients, who suffer from
CA[7].

In general, CA is diagnosed by numerous imaging techniques with the inclusion of infections, neoplastic,
inflammatory, toxic, vascular, paraneoplastic, degenerative etiologies, and hereditary. Furthermore, the traditional
imaging techniques for the detection of these infections might lead to huge challenges in detection management,
increased computational cost, and high time consumption. Therefore, the obtained limitation in the traditional
methods was effectively overcome by machine learning (ML) techniques, which provide a high-order evaluation with
active mining [8]. The most frequent ML approaches used in the detection of CA are Naive Bayes (NB), Logistic
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Regression (LR), Adaptive boosting, Stochastic Gradient Descent (SGD), Random Forest (RF), and Decision Tree
(DT) classifiers [9]. Based on these ML techniques, the model provides better detection accuracy by resolving
prediction problems effectively [10][11]. However, the ML approaches had some interpretability issues during the
detection of cerebellar ataxia, to tackle these challenges, Deep learning (DL) methods were introduced significantly.
Some of the DL-based methods are Bidirectional Long Short-Term Memory (BiLSTM), Convolutional Neural
Network (CNN), Recurrent Neural Network (RNN), Deep Neural Network (DNN), and Extreme gradient boosting
(XGB) [12][13], which were implemented in the detection of Cerebellar ataxia.

Furthermore, the integration of traditional methods required extra manual support to attain better prediction results.
Moreover, the ML-based detection methods also suffered from complexity issues. In NB evaluation, the model faced
irrelevant and imbalanced feature issues that did not generate better detection results [14][15]. Similarly, the
classification approaches of ML-based techniques have the challenges of imbalanced data collection, lack of training,
generalization problems, and decreased accuracy [16] [17][18]. These challenges are overcome by DL-based
approaches. Furthermore, the DL-based techniques also suffered from some disadvantages such as high
computational complexities, increased memory resources, poor prediction results, and imbalance issues. In addition,
the irrelevant feature issues are resolved by advanced strategies as gait analysis, spatiotemporal features, random
sampling, and other methodologies [19]. Because of these integrations, the model provides better improvement in
disease prediction and achievesbetter detection accuracy [20][21]. Therefore, the challenges of existing ML and DL-
based techniques are effectively addressed by the newly developed model that provides better detection results with
increased ataxia severity classification and feature importance score.

The Hybrid DMADL-CTO significantly detects and classifies the abnormalities of CA with the inclusion of a standard
classifier approach along with the advances of developed optimization algorithms and attention mechanisms. In this
context, the detection process is performed under optimal frames, which are selected by an optimized multi-metric
frame selection method. Further, the pre-processing and ROI extraction methods are performed accordingly. Along
with this, the main objective for the research is given as follows.

e OptimizedMulti-metricframe selection: To perform an accurate detection process, optimal key frames
are selected with the integration of the CTO algorithm. In this, the competitive strategy and learning factor
capability are effectively combined to identify the optimal frames. Thus, the obtained keyframes are preceded
into further detection process.

e Mixed attention-based Hybrid Distributed Deep Learning approach enabled Competitive
Tuning Optimization: The insertion of distributed learning in the CNN-LSTM standard classifier enables
accurate abnormalities detection along with its class labels. In this method, the operational time of the model
is reduced effectively, and shows better performance in CA detection. Moreover, the ability and scalability of
the model areimproved by the integration of mixed attention mechanisms that also reduce the overlapping
problems and complexity issues effectually.

The remainder part of the research article is scheduled as follows, Section 2 intercepts the prominent related works
along with the approaches and research scope. Section 3 describes the developed methodology for detecting CA
disorder along with the execution of mathematical modelling. Further, section 4 explores the experimental setup and
performance effectiveness of the proposed model, additionally comparing the achieved results with other existing
methods. Finally, section 5 summarizes the conclusion of the research and presents the future scope directions.

2. LITERATURE REVIEW
The section summarizes some of the prominent existing methods and provides a detailed explanation of their
advances and limitations.

M. Shanmuga Sundari, and Vijaya Chandra Jadala, [22] introduced anensemble ML technique to detect the
abnormalities of CA. In the method, the severity of the disease was effectively classified and attained better
accessibility and efficacy. However, the inherent variants of the ML approaches consumed poor sensitivity and
stability that resulted in minimal detection accuracy. Pavithra DurganivasSeetharama, and Shrishali Math, [3]
implemented anextreme gradient boosting method along with the integration of feature selection and ranking
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approaches (FSR-XGB) for detecting the CA disorder. In this method, the misclassification issues and optimization
error problems were eliminated precisely. However, the performance efficacy and detection accuracy were reduced,
which was caused by the cross-validation feature mechanism.

Massimiliano Pau, et al. [23] developed a quantitative characteristic mechanism fordetecting the disturbances of
severe gait in CA neurological diseases. In this method, the progression and rehabilitation of the disease were
monitored precisely and attained better performance efficacy. However, the quantitative mechanism suffered from
generalizability, scalability, and computational complexity issues. Karan Bania, and Tanmay Tulsidas Verlekar, [4]
presented a Graph Convolutional Network enabled with the utilization of an ataxia dataset. Thus, the developed
model is termed as AtGCN model, which effectually strengthens the detection accuracy and provides better prediction
results accurately. In this evaluation, the model faced high error loss that affected the training capability and
validation time adequately.

Dante Trabassi, et al. [24] employed a conditional tabular Generative Adversarial Network (ctGAN) to capture the
applicability of hereditary CA. The model provided better ability and consistent explainability in disease diagnostic
performance. Meanwhile, the dependability and robustness of the model were decreased during the evaluation of the
detection mechanism. Kyriakos Vattis, et al. [25] established a CNN model to garner the effectiveness of cerebellar
ataxia. The model utilized frequency and time partial derivatives for evaluating the manifestation of ataxias. Based
on these derivative techniques, the model significantly determined the multi-context with dynamic encapsulation.
However, the CNN classifier suffered from scalability, lack of leveraged information, decreased quantitative
assessment, and poor performance ability during early diagnosis.

Jennifer Faber, et al. [26] introduced a fastsurferCNN model combined with a U-Net segmentation network
(CerebNet) for detecting and segmenting the CA. The CerebNet method was very compact and consumed minimal
GPU validation time. Further, the data augmentation technique effectually addressed the replicability challenge in
small-scale datasets. While performing the detection process under the complied cross dataset, the generalizability,
reliability, accuracy, and sensitivity were decreased significantly.Robin Cabeza-Ruiz, et al. [8] developed a CNN
classifier to detect the abnormalities of CA from magnetic resonance images of the brain. Additionally, the CNN
method detected the abnormality classes with high-performance efficacy in a precise manner. During evaluation, the
model affected the estimated volume loss and caused generalizability problems. Due to this, the operational time for
the detection process was increased enormously.

2.1 Challenges
The drawbacks obtained in the related methods are furnished below,

e While detecting the abnormalities of CA, the CerebNet model consumed minimal efficacy of detection
accuracy, operating speed, reliability, and sensitivity. Due to this, the generalizability and interpretability of
the model were also reduced gradually [27].

e During the evaluation of early diagnosis under the utilization of the CNN classifier, thelevered information
of the disease was not acquired effectively. Because of this, the model did not provide precise detection
outcomes and consumed a lot of time for evaluation.

e The CNN model suffered from certain disadvantages, as high-volume loss, decreased performance efficacy,
large time consumption, and complexity issues.

e The major limitation of AtGCN was high error loss, due to this, the ability of the model was reduced
appropriately and caused an impact on interpretability and generalizability.

e The FSR-XGB method obtained high false positive rate with minimal performance efficacy because of the
integration of the cross-validation process.

2.2 Problem statement

CA is a neurological disorder that occurs in the cerebellum of brain activity, which affects the movement of muscles
and other body parts effectively. Mainly, CA causes walking disabilities and getting paralyzed more easily, and these
issues are significantly overcome by early diagnosis methods. Numerous conventional methods were built to detect
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the abnormalities of CA, but these methods faced certain challenges, as lack of training, imbalance data collection,
high-cost consumption, complexity issues, overfitting risk, lower model performance, and generalizability problems
[28]. To address these limitations, a Hybrid DMADL-CTO is designed in this research that provides desired detection
results. Meanwhile, the model is integrated with advanced feature strategies as gait pose kinematic structural
flowmap features, and mixed attention mechanism. According to this context, the developed Hybrid DMADL-CTO
reduced the operational time and training execution by the distributed learning method. Let the input for the research
be garnered from the READISCA dataset [29], which is mathematically notated as,

G= Zr:kb (1)
b1

where, G indicates the video dataset, kb denotes the input video, and I' mentions the total video. From this video

sequence, instructive frames are selected precisely based on the evaluation of Structural Similarity Index Measure
(SSIM), Peak Signal-to-Noise Ratio (PSNR), and Signal-to-Interference-Noise Ratio (SINR) similarity measures.
These similarity measures are integrated with the CTOalgorithm for selecting the frames to perform further
processing. Thus, the selected optimal frames are represented as,

SSIM + PSNR + SINRD
3

D(G)= min[ThreshoId —( (2)
where, D (G) refers the optimal frames from the given input video. In this research, the threshold limit is given as

0.8 for performing the detection process. Therefore, the entire selected frames are illustrated as,

D(k,)={D, ,D,,...D,,....D,} (3)

where, kb denotes the input video, D, represents the i frames, and D, indicates the total frames. Further, the

selected frames tend towards pre-processing and ROI extraction methods to eliminate the redundancy and noise
attributes effectively. Meanwhile, a mixed attention mechanism is combined with a distributive learning approach to
achieve desired detection outcomes with minimal occurrence of overfitting issues and time complexity problems.
Based on these integrated mechanisms, the Hybrid DMADL-CTO effectively detects the behavior as normal or
abnormal. Thus, the performance of the Hybrid DMADL-CTO is strengthened by reducing the categorical cross-
entropy loss function, which is expressed as,

Calos = —Zr:tb log (EU) (4)
b=1

where, 1, defines the true probability distribution, {b represents the predicted probability distribution. By reducing
the attained loss function, the Hybrid DMADL-CTO effectively predicts the class as,

0, fork, isnormal

1, fork, isabnormal with slight cerebellar ataxia

t, = . . . (5)
" |2, fork, isabnormal withmod erate cerebellar ataxia

3, fork, isabnormal with advanced cerebellar ataxia

where, {, mentions the actual class types that range as (O - 4).

3. SYSTEM MODEL FOR CEREBELLAR ATAXIA DETECTION
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Figure 1 illustrates the system model for CA disorder detection, in which the detection process is achieved with the
determination of input stage, frame selectionstage, pre-processing stage, feature extraction stage, model training
stage, and outcome stage. In this context, the optimal frames are selected from the obtained input video sequences
to reduce unnecessary repetition. The selected frames are further furnished into the pre-processing stage to eliminate
the noise distortions, and the instructive features are extracted from the feature extraction stage. After getting the
informative features, which are transferred into the model training phase where effective performance is achieved
and showed precise detection results at the outcome stage.

Input Video

Figure 1: System model for cerebellar ataxia

3.1 Hybrid Distributed Mixed Attention-based Deep Learning approach enabled Competitive
Tuning Optimization for cerebellar ataxia detection

The main objective of the research is to develop a Hybrid DMADL-CTO to identify the abnormalities of
CAneurological disorder. Initially, the input for the research is captured from the READISCA dataset. The obtained
input video sequence is further subjected to an optimized Multi-metricframe selection phase, in which the optimal
frames are selected by the symmetrical measures of SSIM, PSNR, and SINR with the integration of the developed
CTOalgorithm[30]. In this context, the CTO algorithm is derived by the hybridizing character of Imperialist
Competitive Algorithm (ICA) and Teaching Learning Based Optimization (TLO) [31], which effectively degrades the
local optima issues and achievesa better convergence rate while selecting the optimal frames. Further, the selected
frames are allowed into the pre-processing stage, where the quality of the frames is enhanced by reducing the
contrast, noise distortions, redundancy, and inaccurate recordings effectively. Meanwhile, the quality-enhanced
frames are fed into ROI extraction, in which the texture and structure of the particular region get enhanced and
proceed for further processing. Then, the extracted region is transmitted into the feature extraction phase that
performs the extraction process by gait pose kinematic structural flowmap features, which indulges skeleton-based
gait features, pose estimated features, kinematic spatiotemporal features, and deep flowmap-based structural
features. Furthermore, the extracted features are allowed into the Hybrid DMADL-CTO to detect the abnormalities
of CA. Moreover, the performance efficacy of the Hybrid DMADL-CTO is enhanced by tuning thehyperparameters
using the developed CTO algorithm methods. In addition to this, the mixed attention mechanism extracts the spatial
and channel information of the features to minimize the overfitting and computational complexity problems.
Therefore, the overall schematic representation of Hybrid DMADL-CTO is mentioned in Figure 2.

Figure 2: Schematic representation of Hybrid DMADL-CTO model
3.2 Input video dataset

The research garnered the input video from the READISKA dataset [27] respectively, which has 155 video sequences
of 6 seconds time duration with gait performance. By considering these video sequences, the model detects the CA
disorder precisely. Thus, the video sequence input of the Hybrid DMADL-CTO is depicted as,
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G ={K;,Kypoorr Ky, } ©)

The obtained long-range video sequences are segmented into frames for further evaluation, which is mathematically
illustrated as,

D(kb)=_§;Di )

3.3 Optimized multi-metric Frame selection

The input video sequences are allowed into the frame selection stage, in which the optimal frames are selected by
multi-metric parameter evaluation with the integration of optimization. The multi-metric parameter indulges SINR,
SSIM, and PSNR, in this the pixels and distributed features of every frame are compared with other frames.
Conceptually, the CTO algorithm takes the input sequence and assigns the lower bound as 0, the upper bound value
is the mean value that varies based on the evaluation of multi-metric parameters. Thus, the multi-metric parameter
representation is depicted as,

®

Mulmet = [Threshold —(S INR+ SS;M h PSNR]}

In the research, every frame has its own multimetric value ( |\/|U|met ), based on this the CTO algorithm selects the

frame index, which has minimal Mul,, value. From the evaluation of the above equation, the attained value is
minimal to the threshold (0.8) value, then the frames are assigned as optimal frames. Thus, the selected optimal

frames are in the dimensions as (l><1920><1080><3), and the mathematical notation of the selected frames is
expressed in equation (3).
3.3.1 Competitive Tuning Optimization Algorithm for optimal frame selection

The optimal video frames are selected based on the utilization of the Competitive Tuning Optimization (CTO)
Algorithm, which inhibits the characters of both of ICA [32], and TLO [33] methods. In this context, the imperialist
competitive algorithm has strong competitive strategy behavior that provides feasible and ideal results to increase
the power of empires. Based on these strategies, the strong empires captured more power and got stronger enough
whereas, the weak empires reduced their power and the converge rate collapsed accordingly. Moreover, in Teaching
Learning optimization extends the capability to extract the information based on learning factors. Thus, the
competitive strategy behavior and extraction capability capture the information with better convergence speed, high
reliability, and lower computational cost, which also overcomes the disadvantages of poor sensitivity, high complexity
error, and local optima issues effectively.

Inspiration: The CTO algorithm is obtained through the inspiration of imperialistic competition and teaching
learning procedure, which is implemented in the research model to detect the optimal frames for pursuing the
detection process and tunes the hyperparameters of the model for providing effective outcome results. The
competitive strong strategy obtained from the ICA and the learning factor extracting capability character of TLO are
combined effectively to attain relevant results. These merged character algorithms provide better selection results
and effective detection validation precisely. Thus, the CTO algorithm in the research model provides accurate results
during the identification of optimal frames, and the hyperparameters are tuned effectively to achieve better detection
results precisely.

Initialization: In the random solution positions, the initial position of the solution is determined as P under the
utilization of the CTO algorithm, which is mentioned as,

I={3d ey} ©)
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where, J b indicates the competitive group of the solution (video frames)

,and J q denotes the total number of solutions.

Objective function: In Hybrid DMADL-CTO, the CTO algorithm is widely used to select the optimal frames for
making the further detection process simpler with minimum computation cost and speed. While selecting an optimal
frame, the fitness measure of the CTO algorithm attains minimum value for the multi-metric measures, which is
represented as,

L = fit _ Fe,, = (min(multi —metric)) (10)

The efficient frames are selected by the minimization of multi-metric parameters, in which the multi-metric
parameters indulge SINR, SSIM, and PSNR. Based on these parameters, the optimal frames are effectively selected
and proceed for further evaluation.

Solution Update: The solution of the CTO algorithm is updated based on the learning factor of every group. If the
learning factor attains high value then which has the ability to observe the information of real environment
experience. Meanwhile, the learning factor attains minimum value, which inhibits poor learning capacity and also
needs a constant teaching environment. Due to this minimal learning factor, the poor performance solution in the
teaching environment is termed as the worst solution. Conceptually, the CTO algorithm captures the information of
the worst solution for exploring better learning experiences.

Learning Factor Evaluation

The learning factor rate is measured for every ( solution, and is computed as,

L(97)+L(377)

5 (11)

where, M denotes the current iteration, J pm indicates the current competitive group solution at the current iteration,

J g‘ ! defines the current competitive group solution at the previous iteration. Based on these learning factors, the

obtained learning and teaching phase solutions are updated until maximum iteration.
Phase 1: Exploitation phase- [L < 1]

If the attained fitness measure is greater than or equal to 1, then it handles the exploitation phase. In this research,
the exploitation phases include the Global learner, weaker learner, and personal learner phases. Due to these phases,
the learner improves the knowledge about the interactions

a) Global Learner Phase [ F (J pm+1) > Fyo < Fthresj|

This phase is attained when the learning factor of the updated current competitive group solution F (J 21 +1) , is

greater than the global learning factor F, , and less than the threshold learning factor F,, . In this phase, the

glo’
learner attained better learning performance with the inclusion of a linear learning experience that enhances the
detection accuracy of the model. Thus, the mathematical representation of the updated Global learner phase is given
as,

ngl=J§+gl(J;“—Jg‘)+gz(Jg;0—J;‘)+gs(Jb”gst—J;")+g4(J;”—J;“)+rnd[1+ran(o,1)]+Ex95 (12)
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where, J;n indicates the previous competitive group solution at the current iteration, Jg,‘o represents the global

competitive group solution at the current iteration, J g;st mentions the best competitive group solution at the current

iteration, E defines the interactive experience, ran refers the random variable that ranges from o to 1, and
0:,9,, 95, 9, denotes the random values, which are mathematically illustrated as,
Mo ><(Imax - Imin )

gl = Imax - m (13)

max

g,= Imax +(Imax - Imin )X(M] (14)

mmax—l

where, |, denotes the maximum inertia factors, |, refers the minimum inertia factors, M, defines the maximum

2 “max

iteration. Similarly, the random value of {,, J,is expressed as,

9, =2 M (37 )x[Jns =37 (5)
g
g, =2 Q7)< |35 -3 (16)
g
where, M (J pm) mentions the global factor of p"‘ learner, and Q(J ;1 ) expresses the local factor pth learner, which
is illustrated by,
M (J m) 0, H‘Jg;st -J ;r)nH < Fthres 17)
’ 1, otherwise
Q(3p)=1" =37 < o (8)
0, otherwise
In equation (12), the term {;represents the interactive degree, which is depicted as,
05 = dy —(d —d,y, ).cO8(exp?* ' ~1) (19)

where, d,indicates the initial learning factor value, d . defines the minimum value of learning factor, and

COos (EXpH —1) represents the self-learning nature of learners.

b) Personal Learner Phase [ F (J ;Hl) 2 Fglo 2 Fpres ]

This phase begins when the learning factor of updated competitive group solution F (J g“l) , is greater than the

global learner factor F , and also greater than the threshold learning factor F., . In this phase, the obtained group

glo>
learning and group performance information from the global learner phase is shared with every individual solution
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to achieve better individual supporting knowledge, which also enhances the overall competitive group performance.
Based on this condition, the updated personal learner phase is given by,

It =37 +05 (I =35, )+ 9, (I -37) (20)

where, J ;11+1 defines the updated solution of the global learner phase, and (g, J; illustrates the random value that

ranges from 0 to 1. The threshold value for the learner phase is mentioned as,

F(IM)+F(I™)+F(I™2)+..+F (I
S G G o WS o

max

T

where, F(Jm)indicates the learning factor of the competitive group solution at the current iteration,
F(Jm_l), F(Jm_z)denotes the learning factor of the competitive group solution of previous iterations, and

F (J Mhoex ) defines the learning factor of the competitive group solution of maximum iterations. By considering the
group and individual learning performance ability under successive iterations, the random factor is determined as,
m m
F(Ip)+F(Ip)

ran,, = > (22)

where, F(J! )indicates the global learning phase with current iteration, and F (J, ) represents the personal
pl p2

learning phase with current iteration.

¢) Weak Learner Phase [ F (J o +1) < Fyo ]

This phase activates when the learning factor updated competitive group solution F (J ;1 +1) ,is greater than the global

learner factor F_,_, which also observes the knowledge of the worst solution. In this phase, the worst solutions are

glo?
taken into account to provide a better learner value score, which enhances the overall mean of the solution group.
Thus, the updated weak learner solution is illustrated as,

m+1 m m+1 m m+1 m
‘]p3 :‘]p +98(‘]best_AX‘]mean)+g9(‘Jp2 _‘]weak)+glo<‘]p1 _‘]p) (23)
where, ‘J\;vneak denotes the weak learner solution at the current iteration, J rr:ean represents the average mean knowledge,

J et indicates the best solution, A indicates the teaching factor, Uy, 0y, J;, mentions the random value, which is

mathematically depicted as,

Js = My 1- (24)
max (F (Jpey )
m m+1
o |1 max(F (35, ), F(35")) .
- _ 25
9 max
max(F (37:")
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max(F (35%),F (37))

G10 = Mpax 1- N (26)
max( F (J o ))
From the above equation, the average mean knowledge value is illustrated as,
‘J ml+1 + ‘] m2+ ' +1 +1 +1

‘]mean: % _gll(‘]pml _thst)_glz(J:anl _‘meZ ) (27)

where, §;,,J,, denotes the random values, which is mathematically depicted as,
Oy =0y —(d — 0, )-COS (EXP* 1) (28)
h (hmax_hmin)x<F(‘]best)_F(‘]weak))
912 = hax — (29)

F (Jbest)_ F (‘]weak)

where, 0, mentions the maximum value of the learning factor, N, , N, indicates the maximum and minimum

weight value.
Phase 2: Exploration Phase- [L > 1]

If the attained fitness measure is greater than 1, then it remains in the exploration phase. In this research, the
exploration phase inhibits the Adaptive learning phase and the Random Learning phase. Because of these phases,
the prolonged and observational experience makes the model detection accuracy precise.

a) Adaptive Learning Phase [ F (J ?H) > ran,, ]

When the updated learning factor of the current competitive group F (J g”l) ,is greater than or equal to the random

factor rang,, then the adaptive learning phase occurs significantly. In this phase, the prolonged experience of the

solution is observed by scheduled learning. Thus, the mathematical representation for adaptive learning is given by,

35 =30+ 0.5 (Ax 3P + AT +3] + (@ +a(L-a) 37 +a(2-a)(1-a)3)7) )| (30)

ran

where, J roaurf defines the solution of the random learner in the outside search boundary, J?r,n ,J ;n denotes the solution

experiment at current iteration, & indicates the adaptive fusion degree, which is depicted as,

a:mmaxx(l—mm jx(\];o) (31)

max

b) Random Learning Phase [ F (J o +1) <rang, ]

When the updated learning factor of the current competitive group F (J g“l) , is less than the random factor ran,,,
then a random learning phase has occurred respectively. In this phase, the position of the solution is explored
randomly to attain acquired knowledge with a teaching mechanism. Thus, the updated random learning phase is
determined as,
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Jpt =37 +ranx(J,,,—J7) (32)

where, Jran indicates the random learner solution, and ran indicates the random numerical. Thus, the CTO

algorithm effectually selects the optimal frames and the hyperparameters of the Hybrid DMADL are tuned
significantly to detect the abnormalities of cerebellar ataxia.

Termination condition: When M <M__  the global position of the competitive group solution is evaluated by the

max
learning factor under the exploitation and exploration phase. In these phases, the learning factor of the solution
isanalyzed by global, personal, and weak learners, additionally in adaptive and random learning phases, which
effectually reduces the imbalance issue and complexity problems. Therefore, the CTO algorithm execution in the
frame selection phase effectually selects the optimal frames for pursuing further evaluation. The entire flow map
representation for the CTO algorithm is illustrated in Figure 3.

Explorsticn Pnass
Adaptivelesming Dnass

Fandom lesminzPhass
Tt = rane (o — T

Figure 3: Flow map for CTO algorithm
3.4 Pre-processing and ROI extraction of Selected Video Frames:

The selected optimal frames are subjected to the pre-processing stage to enhance the quality of every frame by
reducing the undesired phenomena, noise distortions, redundant data, and contrast influences. When eliminating
these distortions, the quality of the frames is strenthened, and the weighted method enhances the contrast and
brightness of the frame and proceeds for further evaluation. The obtained dimensions of the pre-processed frames

are (1>< 1920x1080 x 3) , and that is expressed as,

D'(k,)={D,",D,",...D/".....D,} (33)
Thus, the quality-enhanced frames are fed into ROI extraction, here the structure and texture of the image region are
effectually extracted. Conceptually, the exact regions of images are extracted using morphological operations, which
analyse the gradient and contour texture of the region. From this perspective, the shape and similar front objects
with identical intensity and colour are effectively discovered in a particular curve, which connects all the continuous
points in the boundary significantly. This contour analysis is widely used in image acquisition and region extraction.

Further, the size of the image is rescaled as (n x 224 x 224 x 3) the attained ROI extracted image is depicted as H ,

and is given as,

H =Rol (D" (k,)) (34)
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3.5 Feature extraction using gait pose kinematic structural flowmap features

The extracted ROI image is further allowed into the feature extraction stage, where instructive features are extracted
significantly. In the research, the gait pose kinematic structural flowmap features are utilized to extract the
informative features of the Rol image. The developed feature extraction techniques indulge Skeleton-based gait
features, pose estimation, Kinematic Spatiotemporal features, and deep flow map-based structural features, which
are briefly elaborated as follows,

The skeleton-based gait features extract the walking pattern of humanswith the utilization of skeletal mechanisms.
In this, the extraction process is done based on the integration of a deep learning neural network with an open pose
system, which effectually estimates the pose of the human body. Additionally, the orientation and position of limbs
and joints are determined precisely with the representation of skeletal structure. Moreover, the neural network
indulges convolutional and pooling layers, which extract high-level feature information and emphasize better real-
time performance, accuracy scrutiny, and improved robustness conditions [34]. Thus, the outcome of skeleton-based

gait features is depicted as B, which is mathematically denoted as follows, and the achieved dimension is

(1>< 224 % 224) .

B=HQ®T +e (35)

where, T defines the convolution filter, €indicates the learnable parameter, and ® denotes the 2- dimensional
convolutional operation.

The pose estimation feature method extracts the gait features of humans, along with the specifications of the human
face, legs, body, and hand joints effectually. Conceptually, the model tracks the human body movements for managing
diverse capabilities, colour space conversion, frame resizing, and video stream manipulation in real-time scenarios.
In this research, the estimation analysis is done by a bottom-up technique that assesses the actual pose of the person
based on the linkable pairs of the body parts [35]. Thus, the obtained dimension of pose estimation is

(1>< 224 x 224 x 3) , and the outcome is expressed as N .

The Kinematic spatiotemporal feature extraction process extracts the informative features based on the technique of
Multi-Layer Perceptron. In this, the spatial and temporal features are applied in the axes to perform the image
classificationwith minimal processing time. Conceptually, the model contains multiple blocksthat are widely used to

extract the spatiotemporal features at united insertion length [36] with dimensions (1>< 224 x 224) , and the outcome

is defined as,

C=H+ f,n(fnorm(H)) (36)
S =C+ f,n( f;norm(C)) (37)

where, C represents the insertion data length, f,, f,, f;, f, denotes the MLP parameter, 7 refers the activation

function, S indicates the outcome of kinematic spatiotemporal features, and NOrm indicates the normalization
function.

The pre-trained residual network is influenced by the architecture of the VGG-19 model possessesa deep network
structure with numerous convolutional layers of 33 filters. Conceptually, the output feature map contains the same
number of filters, which are then allowed into the Local Ternary pattern for extracting the structural flow-map
features. The process effectively evaluates the correlation of pixel intensity along with the neighborhood image. Based
on this correlation information, the pixel representation is converted into ternary code to capture the local texture
accurately [37]. Thus, the obtained deep flow map-based structural features are mathematically mentioned as,
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K=Y R(0y —O4,)-3 (38)
c=0
1, O=>thr
R=:0, O=thr (39)
-1, O<thr

where, R represents the gradient size, O, indicates the neighbor pixel intensity, O_,,denotes the current pixel

intensity, and thr refers the threshold value. Thus, the achieved dimensions of Deep flowmap-based structural

features are (1>< 224 x 224) .

Therefore, the extracted features under gait pose kinematic structural flowmap features are expressed as W , which
is obtained by the concatenation of Skeleton-based gait features, pose estimation, Kinematic Spatio temporal
features, and deep flow map-based structural features. Thus, the entire concatenate feature is represented in the form

of a vector with dimensions (1>< 224 x 224 x 6) , and the achieved feature vector is represented as,
W={B||N||S||K} (40)

where, B denotes the outcome of skeleton-based gait features, N represents the outcome of pose estimation, S

represents the outcome of kinematic spatio temporal features, and K mentions the outcome of deep flow map-
based structural features.

3.6 Distributed Learning based Convolutional Neural Network- Long short Term Memory Model
Jor detecting cerebellar Ataxia

In this neurological disorder research, the extracted features are fed into Hybrid DMADL-CTO to detect the
abnormalities of cerebellar ataxia. In this context, the Hybrid DMADL-CTO is obtained by the combination of LSTM,
CNN, and distributive learning techniques. In general, the LSTM classifier effectually performs complex structure
evaluation and retains long data dependencies with high robustness but, it suffers from computational cost,
interpretability challenges, and complexity issues. To overcome these issues, a Hybrid DMADL-CTO model is
designed in this research, which evaluates the detection operation by distributed learning method. Because of this,
the computation cost is decreased gradually and attains better performance efficacy with high detection accuracy.
Meanwhile, the contextual information of long-range dependencies and model ability is enhanced by the integration
of a mixed attention mechanism. Additionally, the convergence rate of the model is improved through the usage
ofCTO algorithm. By considering these combinations, the Hybrid DMADL-CTO achieved better interpretability and
flexibility measures with effective performance memory. The schematic representation of the Hybrid DMADL-CTO
architecture is mentioned in Figure 4
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— c:E-}@»'ZT-;j/;—c;})\*%b ’
2 B
=)

T

Figure 4: Schematic representation of Hybrid DMADL-CTO Architecture
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The above figure 4 represents the architecture of the Hybrid DMADL-CTO, in which the input is garnered from the
extracted features with dimensions (n, 224,224, 6) , which is fed into the convolutional layer that ispositioned in a

distributed form. These distributed evaluations reduced the time consumption and provided better performance
results. In this context, the convolutional layer captures the temporal and spatial dependencies during the training

process and the acquired dimension is (n, 222, 222,16). The attained dimension is then allowed into the max
pooling layer, which selects the maximum value by reducing the dimensions as (n, 111,111, 16) . These convolutional

and max-pooling evaluations are performed in an iterative manner with attained dimension (n, 54,54, 32) . Further,

the achieved dimension is subjected to the mixed attention layer that enhances the efficiency of complex data
structure and achieves better interpretability, flexibility and decreases the gradient vanishing issue. Conceptually, the
mixed attention mechanism effectually extracts the contextual information of long-range dependencies with the
integration of global averagepooling at the output layer that minimizes the overfitting issues and computation

complexity [35]. The obtained dimension for the mixed attention mechanism is(n, 54,54, 32). Furthermore, the

outcome of the mixed attention module is subjected to the time-distributed layer or flattened layer that switches the
dimensions by converting the sequential input into the historical period of time sequence data with more long-range

features. Thus, the achieved dimension of the flattening layer is (n, 54,1728) . Moreover, the flattened outcome is

allowed into the LSTM network layer, where the gradient explodes and vanishing problems are reduced gradually.
On this the updated memory information is stored in three diverse gates they are input, forget, and output. In this,
the input cell contains the information of the memory cell, whereas the forget gate clears and handles the cell memory,
and the output gate manages the exposed memory content. Additionally, the LSTM constraints contain hyperbolic
tangent and sigmoid activation functions to perform element-wise multiplication, which effectively overcomes the

long dependency issues [36]. Thus, the outcome of the memory constraints is denoted as V with dimension (n, 20)

, which is mathematically illustrated as,

V= a(meCe ®tanh (sXy +N; | )) (41)

where, ME,, represents the memory cell, ® mentions the element-wise multiplication, tanh indicates the hyperbolic

tangent activation function, o refers the sigmoid activation function, S,Ndefines the parameters of memory

constraints, X, represents the input sequence, and jy_lmentions the previous hidden state sequence. Thus, the

attained outcome from the distributed LSTM constraints is concatenated (n, 40), which is further fed into a dense

layer, where, the actual prediction results are obtained based on the previously extracted feature information, and
the dimension is attained as (n, 4) class labels of normal, abnormal with slight ataxia, abnormal with moderate
ataxia, and abnormal with advanced ataxia. Further, the performance efficacy and ability of the modelare improved
by the integration of the CTO algorithm, which is implemented in the layer of the model that reduced the vanishing
explode and local optimization problems by tuning the weights and bias of Hybrid DMADL-CTO significantly, which
is briefly explained in section 3.3. During training, the ability of the model is enhanced by CTO algorithm with an
maximal fitness measure of accuracy, and is mathematically depicted as,

L' = fit _mo, =(max(Accuracy)) (42)

Based on this fitness measure, the CTO algorithm effectively tunes the bias and weights of Hybrid DMADL to achieve

accurate detection of CA along the class labels. Thus, the predicted outcome of the model is represented as fb .
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3.6.1 Mixed Attention Mechanism

In the research, the mixed attention comprises both spatial and self-attention modules to enhance the efficacy and
performance of the Hybrid DMADL-CTO, which is implemented in the layer of the model to evaluate the detection
tasks. Conceptually, the mixed attention captures the correlation of inter-spatial features with the insertion of both
max pooling and average pooling layers. These pooling operations are done in the channel axis that highlights the
instructive regions and concatenates the attained features to generate an effectual feature descriptor. Further, the
feature descriptor is allowed into a convolutional layer to provide an attention map of spatial representatives [37].
The computed spatial attention map with the insertion of the sigmoid activation function is described as,

Yoa = ( 0™ ( AvgPool,,,; max poolspa)) (43)

where, 0" represents the convolution operation with filter size 7x7, Yspa mentions the spatial attention map,

and o indicates the sigmoid activation function. Moreover, the computational complexities and memory resource
consumption are effectively reduced by the utilization of mixed attention modules, which garnered the semantic
information of long-range dependencies accurately. In this context, the input feature vector is mapped by sequence-
to-sequence transformation for capturing the contextual information. Additionally, the sum weights are computed
by the matrix multiplication method, in which the input feature vectors are further classified into small-size vectors
in the role of query, key, and value inthe parallel form [38]. From this perspective, the overall average weights of the
vectors are determined, and the information of diverse vector representations is effectual. Thus, the computed
weighted average is given as,

=> we, ®(qukeva) (44)

where, We,, indicates the weighted parameter, (Urefers the parameter of the query vector, Kerepresents the

parameter of the key vector, and Va mentions the parameter of the value vector. Therefore, the overall architecture
of the mixed attention module is expressed in Figure 5.

@

m e
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Figure 5: Architecture of Mixed attention mechanism

4. RESULTS
The CA detection performed usingHybrid DMADL-CTO provides effectual results with the utilization of numerous
evaluation measures of Accuracy, Recall, and precision. The Hybrid DMADL-CTO is significantly analyzed by the
READISCA dataset, thus the achieved performance effectiveness is briefly determined in the section.

4.1 System Implementation

The Hybrid DMADL-CTO research of CA is executed under the software of Pycharm of version 2024.2.1 in the
application of Python version 3.7 in the operating system of Windows 11 configuration, which has the memory of 128
GB and 16 GB of ROM and RAM respectively. Furthermore, the operating system has a clock speed that ranges from

3GHz.[38[39][40]
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4.2 Dataset Specification

Research Article

The input for the CA research is captured from the READISCA dataset, the detailed explanation of this dataset is

given as follows,

READISCA dataset [41] contains 155 long video sequences with the inclusion of gait performance, in which the video
subject is 6 seconds long and that is in an anonymized version. From this perspective, the dataset has four class labels
normal, abnormal with slight CA, abnormal with moderate CA, and abnormal with advanced CA. These ataxia
disorder classes are effectively detected by the Hybrid DMADL-CTO model.

4.3 Experimental Outcomes

In this section, the outcome of every individual stage of the model under the detection of CA is illustrated in Figure

6.
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Figure 6: Experimental outcomes of Hybrid DMADL-CTO

4.4 Performance Metrics

To evaluate the effectiveness of the Hybrid DMADL-CTO, numerous evaluation measures are utilized in the research
as accuracy, recall, and precision under training Percentage (TP), and K-Fold validation (KF), which are briefly

described in table 1.
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Table 1: Explanation of Performance metrics

Performance Metrics Expression Explanation
Tr +Tr Measures the corrected classified predicted
u W .
Accuracy value to the overall number of predicted
Tr +Tr,+Fa, +Fa, instances.
Tru Computes the proportion of overall positive
Recall e values obtained from the actual predicted
Tru + Faw value.
Tru Determines the measure of positive
Precision — instances from the overall actual positive
Tru + Fau predicted value.

where, Tr, mentions the true positive value, Fa, represents the false positive value, T, indicates the true negative

values, and Fa,, refers the false negative value respectively.

4.4.1 Performance Assessment of READISCA dataset under Training Percentage

The performance assessment of the model under the READISCA dataset for numerous evaluation metrics at a
maximum TP of 80% with various epochs of 20, 40, 60, 80, and 100. The accuracy obtained by the proposed Hybrid
DMADL-CTO under epoch 20 is 91.82%, further for epoch 40, the value is increased to 92.62%, for epoch 60 the
value is 95.16%, for epoch 80 the value is 96.60%, and for epoch 100 the attained accuracy value is 97.52%, which
shows an increased value while compared with other epochs. Further, the recall measured at 80% TP for epoch 20 is
92.08%, for epoch 40 is 93.32%, for epoch 60 is 95.63%, for epoch 80 is 96.98%, and for epoch 100, the achieved
recall value is 98.59%. Similarly, for precision metric under epoch 20, the attained value is 89.89%, for epoch 40 is
91.96%, for epoch 60 is 93.85%, for epoch 80 is 95.47%, and for epoch 100 is 96.00% under 80% TP. By considering
this effectiveness, the Hybrid DMADL-CTO increased the ability of detection framework under CA. Figure 7 shows
the performance analysis based on TP.
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Figure 7: Performance Assessment of READISCA dataset under Training Percentage
4.4.2 Performance Assessment of READISCA dataset under K-Fold validation

Figure 8, illustrates the performance efficacy of the model under the KF analysis of the READISCA dataset. In this,
the performance assessment of the model is analyzed for a maximum KF of 10 under various epochs of 20, 40, 60,
80, and 100. The accuracy obtained by the proposed Hybrid DMADL-CTO under epoch 20 is 88.59%, further the
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value attained for epoch 40, is 90.08%, the value achieved for epoch 60 is 91.89%, the value attained for epoch 80 is
95.37%, and the accuracy value attained for epoch 100 is 97.66%, which shows an increased value. Further, the value
for recall metric under epoch 20 is 89.52%, the value attained for epoch 40 is 91.24%, the value achieved for epoch
60 is 93.38%, the value obtained for epoch 80 is 96.35%, and the recall metric value for epoch 100 is 97.99%.
Similarly, the value for precision metric under epoch 20is 87.53%, the value for epoch 40 is 88.84%, the value
attained for epoch 60 is 90.55%, the value achieved for epoch 80 is 94.54%, and the value for precision metric at
epoch 100 is 95.88% under maximum KF of 10.
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Figure 8: Performance Assessment of READISCA dataset under K-Fold validation
4.5 Comparative methods

The performance effectiveness of the Hybrid DMADL-CTO is compared with other related approaches as FWO-XGB
[42], ODLCNN [43], DL-MCD-DT [44], AtGCN [45], ctGAN [46], FSR-XGB [47], Hybrid DRL [48], ICA-hybrid DRL
[49], TLO-hybrid DRL [50], Hybrid DMADL [51], and Hybrid DRL-CTO techniques.

4.5.1 Comparative Assessment with Training Percentage

The comparative assessment of Hybrid DMADL-CTO under the READISCA dataset obtained effective results, which
are illustrated in Figure 9. For 80% of TP, the accuracy value for Hybrid DMADL-CTO is 97.52%, which shows an
enhancement of 16.60% for FWO-XGB, 12.61% for ODLCNN, 19.17% for DL-MCD-DT, 11.78% for AtGCN, 17.22% for
ctGAN, 15.27% for FSR-XGB, 8.29% for Hybrid DRL, 5.63% for ICA-Hybrid DRL, 4.43% for TLO-hybrid DRL, 0.84%
for hybrid DMADL, 2.63% for hybrid DRL-CTO. For recall metric, the value obtained byHybrid DMADL-CTO is
98.59%, which is 18.03% higher than FWO-XGB, 13.05% greater than ODLCNN, 20.02% enhanced than DL-MSC-
DT, 12.80% developed than AtGCN, 18.19% improved than ctGAN, 16.36% greater than FSR-XGB, 9.24% developed
than Hybrid DRL, 6.10% enhanced than ICA-hybrid DRL, 4.50% increased than TLO-hybrid DRL, 0.88% improved
than hybrid DMADL, and 2.69% higher than Hybrid DRL-CTO. Similarly, for precision metric, the value obtained by
Hybrid DMADL-CTO is 96.00%, which shows an enhancement of 14.98%, 11.78%, 19.14%, 11.12%, 16.44%, 13.73%,
8.52%, 5.81%, 3.94%, 0.94%, and 2.445% over FWO-XGB, ODLCNN, DL-MCD-DT, AtGCN, ctGAN, FSR-XGB,
Hybrid DRL, ICA-hybrid DRL, TLO-hybrid DRL, Hybrid DMADL, and Hybrid DRL-CTO method appropriately.
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Figure 9: Comparative Assessment of READISCA dataset under Training Percentage
4.5.2 Comparative assessment with K-fold validation

Figure 10, depicts the comparative assessment of the Hybrid DMADL-CTO under the READISCA dataset of various
related methods with a maximum KF of 10. In this comparative evaluation, the accuracy metric of Hybrid DMADL-
CTO is97.66%, which is 14.86% higher than FWO-XGB, 11.58% greater than ODLCNN, 16.47% enhanced than DL-
MSC-DT, 11.09% developed than AtGCN, 14.75% improved than ctGAN, 13.02% greater than FSR-XGB, 9.15%
developed than Hybrid DRL, 8.21% enhanced than ICA-hybrid DRL, 6.65% increased than TLO-hybrid DRL, 0.87%
improved than hybrid DMADL, and 3.76% higher than Hybrid DRL-CTO. Further, the achieved value for recall metric
under Hybrid DMADL-CTO is 97.99%, which shows an enhancement of 15.07%, 11.15%, 16.52%, 11.04%, 14.60%,
12.68%, 9.41%, 7.86%, 6.01%, 0.90%, and 3.46% over FWO-XGB, ODLCNN, DL-MCD-DT, AtGCN, ctGAN, FSR-
XGB, Hybrid DRL, ICA-hybrid DRL, TLO-hybrid DRL, Hybrid DMADL, and Hybrid DRL-CTO method respectively.
For Precision metric, the obtained value for Hybrid DMADL-CTO is 95.88%, which shows an enhancement of 13.37%
for FWO-XGB, 10.70% for ODLCNN, 15.16% for DL-MCD-DT, 10.20% for AtGCN, 13.62% for ctGAN, 12.08% for
FSR-XGB, 8.32% for Hybrid DRL, 7.20% for ICA-Hybrid DRL, 5.90% for TLO-hybrid DRL, 0.90% for hybrid
DMADL, 3.41% for hybrid DRL-CTO.
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Figure 10: Comparative Assessment of READISCA dataset under K-fold validation
4.6 ROC curve

This section determines the results of the true positive rate (TPR) with respect to the false positive rate (FPR). These
evaluation metrics provide accurate detection of CA with its class label classification. Because of these enhancements,
the entire performance efficacy and ability of the model is improved effectually. The obtained ROC value for the
Hybrid DMADL-CTO is 0.97, which shows an improved value when compared with other related methods as FWO-
XGB, ODLCNN, DL-MCD-DT, AtGCN, ctGAN, FSR-XGB, Hybrid DRL, ICA-hybrid DRL, TLO-hybrid DRL, Hybrid
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DMADL, and Hybrid DRL-CTO. These conventional methods attain the ROC valuesof 0.83, 0.85, 0.86, 0.90, 0.88,
0.89, 0.92, 0.93, 0.95, 0.960, and 0.965. Therefore, the ROC curve for the model is depicted in Figure 11.

ROC Plot

True Positive Rate

o.a 2 FWO-XGB Hybrid DRL
¢ —-- obLEcNM ICA-hybrid DRL
] DL-MCD-DT TLO-hybrid DRL
atGen ~~- Hybrid DMADL
L.——- ctGAN —=- Hybrid DRL-CTO
ool =7 FSR-XGB Hybrid DMADL-CTO

oo o1 oz 7 o8 os 10

03 04 o5 o8 o
False Positive Rate

ROC curve

Figure 11: ROC evaluation of the proposed model
4.7 Confusion matrix

In the research, the Hybrid DMADL-CTO utilized the READISCA dataset, which effectively classifies the class labels
as normal, abnormal slight CA, abnormal moderate CA, and abnormal advanced CA. In this context, the confusion
matrix evaluation determines the predicted label with respect to the true label that provides precise detection with
accurate class classification labels. In this evaluation, 1458 data are precisely classified as normal labels, 346 data
are categorized as abnormal slight CA labels, 587 data are classified as abnormal with moderate CA labels, and 47
data are categorized as abnormal with advanced CA labels. Thus, the Hybrid DMADL-CTO attainsa high detection
rate with [precise classification of class labels when compared to other related methods. The attained confusion
matrix is represented in Figure 12.

Confusion Matrix

Figure 12: Confusion matrix of proposed model
4.8 Comparative Discussion

The Hybrid DMADL-CTO achieved effective detection results when compared with other conventional approaches.
In the FWO-XGB model, the operation time was increased, which caused overlapping and scalability issues .
Similarly, the ODLCNN model requires manual imputation of features to achieve accurate detection results.
Comparatively, the DL-MCD-DT model faced high computation complexity while validating the detection and
classification process. Furthermore, the FSR-XGB model performed a cross-validation feature selection method that
reduced the performance effectiveness of the model . Additionally, the AtGCN model faced high error loss that
affected the validation time and training capability. The ctGAN model suffered from minimal dependability and
robustness issues during the evaluation of the detection process . Moreover, the Hybrid DRL-CTO model consumed
a huge operational time to provide accurate detection results, which caused a minimal decrease in its performance
effectiveness gradually. To overcome these disadvantages, a Hybrid DMADL-CTO provides precise detection results
with minimal time consumption, which are schematically tabulated in Table 2.
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Table 2: Comparative Discussion of the Hybrid DMADL-CTO
READISCA dataset
Methods/Metrics TP (90%) KF (10)
Accuracy (%) Recall (%) Precision (%) Accuracy (%) Recall (%) Precision (%)
FWO-XGB 83.15 83.22 83.06 81.33 80.81 81.62
ODLCNN 86.35 87.06 85.62 85.22 85.73 84.69
DL-MCD-DT 81.58 81.80 81.34 78.83 78.85 77.62
AtGCN 86.83 87.17 86.10 86.03 85.97 85.32
ctGAN 83.26 83.68 82.82 80.73 80.65 80.22
FSR-XGB 84.94 85.56 84.30 82.63 82.45 82.82
Hybrid DRL 88.73 88.77 87.90 89.43 89.48 87.82
ICA-Hybrid DRL 89.65 90.29 88.98 92.03 92.58 90.42
TLO-Hybrid DRL 91.17 92.10 90.22 93.20 94.15 92.22
Hybrid DMADL 96.82 97.10 95.02 96.70 97.72 95.10
Hybrid DRL-CTO 94.00 94.60 92.62 94.95 95.93 93.66
Hybrid DMADL-CTO 97.67 97.99 95.89 97.52 98.59 96.01

5. CONCLUSION

The Hybrid DMADL-CTO is significantly designed for detecting the abnormalities of CA along with its class labels.
In this research, the CTO algorithm and mixed attention module are effectually integrated to elevate the performance
efficacy and convergence rate by reducing the computational cost, complexities, and memory constraints problems.
Additionally, the instructive optimal frames are selected by an optimized multi-metric frame selection method to
perform further detection operations. Furthermore, the increased operational time of the previous model challenge
is effectively addressed by the implementation of a distributed learning approach. Meanwhile,the mixed attention
module boosts the ability and effectiveness precisely. Due to these methods, the Hybrid DMADL-CTO effectually
classified the class labels of CA with enhanced performance efficiency, which is then compared with other related
existing approaches with numerous evaluation measures under maximal TP and KF 3scores. Thus, the higher
performance efficacy of the Hybrid DMADL-CTO is obtained under maximal TP validation of accuracy, recall, and
precision measures that achieve 97.67%, 97.99%, and 95.89% respectively. Furthermore, future research for CA
detection explores diverse learning techniques with the insertion of distinct optimization algorithms to achieve
precise performance with better classification effectiveness.
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