Fusion: Practice and Applications (FPA) ol 11, No. 01. PP. 100-113, 2023

ASPG

American Scientific Publishing Group

Multilevel Features Fusion of Intelligent Techniques for Brain
Imaging Analysis

Talib A. Al-Sharify!, Mohammed Hussein Ali 2, Ageel Hussen®, Zaid Saad Madhi*

1 Computer Communication Department, Al Rafidain University College, Baghdad, Iraq
2 Department of computer engineering techniques, Mazaya University college, Thi Qar, Iraq
3 Department oof medical instrument engineering techniques, Alfarahidi University, Baghdad, Iraq
4 Radiological Techniques Department, Al- Mustagbal University College, 51001 Hilla, Iraq
Emails: Talib.abdzaid.elc@ruc.edu.iq ; Mohammed.hussein@mpu.edu.iq; Ageel.hussen@alfarahidiuc.edu.iq ;
zaid.saad@uomus.edu.ig,

Abstract

With the use of multi-level features fusion, this work provides a new method for recognizing cognitive brain
activity, which we term the Improved Multi-modal cognitive brain-imaging method (IMCBI). Identifying brain
areas and basing judgments on insights into intelligent cognitive behavior for babies and adolescents presents a
number of methodological issues that the suggested approach seeks to address. In order to understand how the
brain functions during various motor, perceptual, and cognitive tasks, IMCBI employs smart methods for fusing
data at several levels. This technique employs functional magnetic resonance imaging (fMRI) data to assess
human behavioral activity in the brain while engaging in a variety of activities. It does so by combining an inter-
subject retrieval strategy with deep neural networks (DNN). The research shows that the suggested method,
which uses multi-level fusion of features, greatly raises the accuracy ratio to 95.63 percent, the sensitivity to
95.42 percent, and the specificity to 94.3 three point three percent. The findings demonstrate the method's
efficacy in recognizing brain activity based on high-level cognitive ability, making it a useful tool for predicting
clinical and behavioral responses.

Keywords: Cognitive intelligence; Multilevel Fusion brain imaging; Neuroimaging model; function MRI; brain
activity recognition.

1. Introduction

The development of the brain undertakes functional and structural transformation throughout its lifetime[1]. The
advancement, cognitive change of mind, and the correlation among neurocognitive improvement are less
established throughout children and teens[2]. Experiments that explain how the training and learning map of
structural, connective, and physiological changes in the cerebrum through children and adolescents are
focused[3]. Modern non - destructive brain imaging techniques have allowed researchers to observe the brain's
cognitive development and functions securely[4]. The cognitive neuroscience approaches have been developed
by explaining morphological and chemical structure improvements in brain development. Such tests include an
approximate assessment of brain structure and function[5]. Collaboratively, the knowledge of average brain
growth and neurobiology strengthens the understanding of adverse psychological mechanisms through
sophisticated MRI technologies such as diffusion-weighted pictures and fMRI[6]. Combined with data from the
electroencephalogram (EEG), these interventions include a profound summary of the functional and
psychological variations of autism spectrum disorder (ASD) and communication representation problems[7].
Cross-section scans with brain science techniques reveal, in particular, that the neural fundamentals of
developmental symptoms do not include knowledge sharing through dispersed brain regions; they have
important properties in the central cerebellum.

Recent empirical MRI findings have presented the most convincing evidence of behavior change during early
adolescence with growth. [8] Firstly, the main essential areas, for example, motor and cognitive systems, are
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advanced early with time and cerebellum organizations linked with language components and messages
reaching maturity in spaces. [9] These data are compatible with autopsy studies on non-human and human
primates that demonstrate that the cortex develops in ultimate capacity at rates more extended than the brain's
cortex. [10] A cross-sectional brain secretion study among infants and teenagers showed similar trends that
throughout the time, white matter absence represents a sculpture in the correct working adult of the developing
brain. [11] Therefore, it is recommended to model the path of behavior continuing socially destructive neural
activities like replanting and link loss. Nowadays, few studies link brain connectivity to a cognitive evolution,
while implicit brain structure measurements indicate economic development and probably the functioning of the
frontal lobe. [12] In the growth and development of more extraordinary cognitive ability, the growth of the
frontal lobe should be seen as a significant factor. [13] The capacity to scan and remove useless information and
behavior for the appropriate ones describes knowledgeable cognitive abilities. [14] In image studies, several
anatomical and physiological variations exist among children and young adults. [15] Such variations include
height, breath, heart rate, blood pressure, and neural capacity. [16] Indeed, personality disparities should be
considered by comparing age classes. For example, kids could have more uncertainty in the experiment than
adolescents, affecting their desire and ability to interpret and meet the study's objectives. [17] These variations
between teenagers and adults are usually larger and can vary based on gender and maturity. [18] The activity
can be more challenging for kids or an interdisciplinary option to achieve these objectives. FMRI offers a
convenient, safe way to explore brain formations, which are very important for cognitive skills required for
mental data collection and review. A complicated process that occurs over childhood, adolescence, and early
adulthood is a good health life cycle in the human nervous system. Brain growth includes complex socialist and
regressive procedures that take place in such processes continuously. An application area system can form the
human brain, which precisely arranges millions of neurons into modules or operational departments. Recently,
brain imaging has developed significant advancements to characterize brain development. Although many
behavioral programs are mainly not observed by human beings, they are aware of revealing the basic features of
biological brain structure and enhancing understanding of the metabolic operations of the brain as well as the
functioning of the brain system. This progress further helped to clarify the dynamic processes of maturation,
which led to the emergence of complex cognitive intelligent skills in both atypical and typical aspects.

This work proposes a method to identify brain activity originating from multiple motor, perceptual, and
cognitive tasks: the improved multi-modal cognitive brain-imaging approach (IMCBI). The main goal of the
proposed strategy is to predict a clinical or behavioral response using brain imaging data. The key contributions
are:

e The Improved Multi-modal cognitive brain-imaging technique (IMCBI) proposes a new method for
detecting cognitive brain activity by multi-level features fusion

e Intelligent cognitive behavior in newborns and adolescents: overcoming methodological hurdles in
region identification and decision making.

e Cognitive, motor, and perceptual processes may all be fused into a single picture using multi-level data
fusion approaches.

e Using functional magnetic resonance imaging (fMRI) data, deep neural networks (DNN) are combined
with an inter-subject retrieval technique to assess human brain activity while the subject is engaged in a
variety of activities.

e It is shown that the suggested method, which uses multi-level features fusion, greatly improves the
accuracy ratio, reaching 95.63 percent, the sensitivity, 95.42 percent, and the specificity, 94.33
percent.The Improved Multi-modal cognitive brain-imaging technique (IMCBI) proposes a new
strategy for detecting cognitive brain activity by fusing information from many sources.

o Intelligent cognitive behavior in newborns and adolescents: overcoming methodological hurdles in
region identification and decision making. Cognitive, motor, and perceptual processes may all be fused
into a single picture using multi-level data fusion approaches.

e Using functional magnetic resonance imaging (fMRI) data, deep neural networks (DNN) are combined
with an inter-subject retrieval technique to assess human brain activity while the subject is engaged in a
variety of activities.

e It is shown that the suggested method, which uses multi-level features fusion, greatly improves the
accuracy ratio, reaching 95.63 percent, the sensitivity, 95.42 percent, and the specificity, 94.33 percent.

2. Related Works
Qi Zhu et al. [19] developed Multi-Region Correlation Based Functional Brain Network (MC-FBN). MC-FBN
is a method of constructing an efficient distance-based directed brain network. The significant distance can
precisely detect the secret distribution of pertinence between all the brain structures to provide a spatial
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operating system that continuously represents the knowledge-dispersed paths between active brain regions. The
structural information is defined by calculating the two areas' directional possibility and communication
intensity. The proposed methods of functional brain systems are more versatile than traditional unguided
networks in identifying the operational processes of the brain.

Robert G. Shulman et al. [20] developed A Non-cognitive Behavioral Model (NBM). It directly links reported
people's activity to quantified cognitive ability without suggesting intervention in cognitive skills. NBM is based
on behavioral science, which expands to provide brain function and actions. The role of neural plasticity in
improving the brain's mechanism for cognitive behavior, rather than inherent cognitive abilities, is further
strengthened. The new framework is discussed by which the Standard Cognitive Model links cognitive functions
to FMR images and compares them with the NBM. Non-Invasive Imaging Modalities were developed by
Ramesh Naidu Annavarapu et al. [21] to investigate illnesses of the aging brain (NIM-DB). With a focus on the
core physical ideas of various techniques for non-invasive neuroimaging, the offered methods highlight existing
approaches to the visualization of the old mind, which is crucial for neurological study. The invasive
neuroimaging techniques employed by cognitive neuroscientists, such as transcranial magnetic stimulation, are
described in the first portion of the suggested procedure (TMS). The second section gives a thorough rundown
of numerous image technology computational models for various neurological investigations in the aging brain.
According to Zhe Wang et al. [22], Cognitive Impairment and Normal Control Subjects Using fMRI-Based
Network Connectivity Analysis. (CIN-NCA). With confined fMRI-sized data, the proposed methodology uses
functional brain analysis methodologies to identify mild cognitive impairment (MCI), Alzheimer's disease (AD),
and Alzheimer's disease (AD). To compare all relevant ROI pairs with function vector, the first section selects
an area of interest (ROI) within the traditional wired networks. Second, we provide a regularised Linear
Discriminant Analysis (LDA) method to reduce noise and limited sample sizes.

Wei Chun Ung et al. [23] introduced the Novel visual Working memory (VSWM) method. The effects of rising
workloads were explored by functional near-infrared spectroscopy (fNIRS) cortical correction via a creative
visual working memory (VSWM) form. Due to its importance in VSWM and neural regulation, the bilateral
prefrontal cortex (PFC) was investigated. There were 31 healthy controls (HCs), 12 Mild Cognitive Impairment
patients, and 18 mild Alzheimers patients (mADs). The results supported the relationship between neural
compensation and cognitive load theory. The study results showed that neural compensation could have been
inducted with the proposed VSWM task Correct mental quantity.

Antonio R. Porras et al. (LAD-SR) use locally affine diffeomorphic surface registration. A suitable procedure
plan is created for each patient using a locally affine diffeomorphic surface registration technique. The
suggested methodologies estimate the optimal processing schedule by decreasing anomaly in the vertebral type,
measured using quantifiable measurements using a standard vertebral model built from a total of 198 safe
examples. The sum of each bone component and the translation, rotation, and bending positions are swiftly and
efficiently arranged using front-orbital osteotomy models. Wenxing Hu et al. [25] proposed deep collaborative
learning (DCL). First, deep collaborative learning uses an in-depth system to reflect and identify similarities
between the source information and phenotypic knowledge. To detect the variation of Functional Connectivity
observed between different ages, and used Functional Connectivity as fingerprints. The proposed method has
shown tremendous success with the DCL in categorizing communities of varying ages and significantly
compared with other traditional designs. The results showed that DCL is comparable to standard data fusion. A
better brain relationship highlights the importance of the brain development phase in adolescence.

As observed from the literature study, The human brain experiences imperative changes in its structural and
functional architecture across its lifespan. Recently, brain imaging has developed significant advancements to
characterize brain development. Hence, this paper proposes the Improved Multi-modal cognitive brain-imaging
method (IMCBI) to perceive brain activities from different motor, perceptual, and cognitive tasks.

3. Improved Multi-modal cognitive brain-imaging method (IMCBI)
An improved Multi-modal cognitive brain-imaging method (IMCBI) has been proposed to perceive brain
activities from different motor, perceptual, and cognitive tasks. The use of mental success-dependent
information for actual observations strengthens the Multi-modal cognitive (MC) method training. The inter-
subject retrieval method uses deep learning algorithms to interpret behavioral activities in the human brain
performing various tasks collected from functional magnetic resonance imaging (fMRI) data. The overall
architecture of the Improved Multi-modal cognitive brain-imaging method is shown in figurel.
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Figure 1: The overall construction of the Improved Multi-modal cognitive brain-imaging method

Improved Multi-modal cognitive brain-imaging method has a training and testing phase. [29]The stages of the
brain imaging method involve pre-processing, segmentation, feature extraction, and classification.

3.1. Multi-modal cognitive (MC) method

The multi-modal cognitive (MC) method is based on findings that the function of human participants is close to
optimum pattern recognition in many detection techniques. The human vision's neurocognitive feature and the
MC's discriminating feature (evaluating the length of a template to the dividing border) indicate that such two
parameters match well. The finding suggests a clear correlation between appropriate trend classifiers and human
interactions. In the Multi-modal cognitive (MC) method, individual participants are first prepared to complete a
visual classification task among two groups of stimuli before achieving steady efficiency. Based on the
preparation, the observations conducted a detection system throughout fMRI screening. To everyone's
understanding, the Multi-modal cognitive (MC) method requires human spectator intervention to enhance the
object training phase. Stimulation is split into two sections in the building phase. The main objective is to
construct a model to determine the labeling of stimulus-dependent on the brain cell actions they induce. In the
analysis, two types of data sources are collected. The first data is the brain cell operation, which is recalled by
triggers, and it is denoted as a, for r = 1,2 ..... X and where X is the maximum series of experiments for the
known class labeling, which is expressed by b, =1 or — 1. The individual observatories' neurocognitive
ability, which is defined as x(t,) for each t; it has a value for s =1.....Y. Concerning the categorization task,
there is an option to select S = 6, six different enhance situations, and interference is applied to create multiple
iterations with the same improved conditions. Every other stimulation is applied to a single brain cell structure.
With each simulation circumstance, the neurocognitive method tests the classification errors of the individual
observatory. In general, a similar trend to the dividing line, the better the likelihood of mistaken identification of
human searching. The neurocognitive feature could provide important information about some system's possible
range from the border. The understandings and experiences are the quantitative feature in the field to the limit,
and it is explained in equation (1)

b, = 12x(t;) — 1l fora, et; 0 < x(t;) < 1 1
brz1forar6tsx(ts)=1orx(ts)=0} (1)
As obtained from Equation (1), the first data is the brain cell operation, which is recalled by triggers, and it is
denoted as a,, b, is the known class labeling, individual observatories neurocognitive ability is denoted as
x(ts). In this case, the situation a, € t; means that the a, does stimulation produce the sequence t,. For
instance, training a,, for r = 1,2 ..... X are separated into two ranges. The quantity of essential instances is
denoted as X;. The other form is practical training with a longer distance than the limited one. These are the
same conditions that human observers do not have a failure in identification, meaning they are very far from the
boundary. The matching is done for all instances, and the first value X; is enabled for empirical validation. The
objective function is symmetric and has an optimal solution, which does not affect learning efficiency. In the
detection stage, there is the use of spatial information. The multi-modal cognitive method's discriminatory
feature is described as shown in equation (2)

g@) =v.A+d=+*a. x x(t;) + b, * x(ts) 2
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As obtained from Equation (2) v represents the spatial information, g(a) represents a discriminatory feature,
x(ts) represents the individual observatories' neurocognitive ability. The corresponding cost function d is
reduced by optimizing its variables, and it is explained in equations (3) and (4)

. 1 2 B R 2 R
1}217_?5 E vl + Ezri1 Ty + Zr=R1+1 Er (3)

b,(v.a,+d)=c¢, —m, forl1<rX,
b(v.a, +d)=1—¢, forX; <r <X (4)
&=20forX; <r<X

As inferred from Equation (3), the cost function d is reduced by optimizing its variables, v, d, «, € represents the
optimizing variables, b, as class labeling. The first data is the brain cell operation, which is recalled by triggers,
and it is denoted as a,..

The quantity of essential instances is denoted as X; , here the multi-modal cognitive (MC) method has additional
equivalent limitations 1 < r X; for crucial instances and compared to standard ones. The functionality rate is

represented as ng;l 7 + Y g, +1&- T Which is the optimization variable that is not needed because

interaction occurs by raising or reducing the gap is an equal chance. The Lagrangian component is achieved as
described by following the correct variational procedure as shown in equation (5)

1 B
L(v,d,&,y,p) = 5”17"2 + EZfil 7-[1% +D Z¥=X1+1 & — Zfil Yelbr(v.a, + d).c, + m,] (5)

As obtained from Equation (5), L(v,d, ¢, v, p) represents the Lagrangian component, the functionality rate is
defined as gz‘,fil 2. The correct variational procedure is represented by b,.(v.a, + d).c,. The variations are

between the limitations for y™ as objective function. Consequently, Multi-modal cognitive prediction is written
as shown in equation (6)

g(a) = ZyeTU arbr- b+d+ ngi1 7-[7% (6)

As inferred from Equation (6), b, and d are the implement variables, and those have not vanished that a, for R
> X,. Measurement d is dissimilar from many limitations of equal opportunities for the Multi-modal cognitive
(MC) method. The important notice is that the mentioned strategy would work quite well if the number of
essential illustrations is large enough, as shown in equation (7)

d= %12521(” a, — b,.C;) (7

As obtained from equation (7), here, d is dissimilar from many limitations of equal opportunities for the Multi-
modal cognitive (MC) method. The correct variational procedure is denoted as C,, b, as class labeling. The first
data is the brain cell operation, which is recalled by triggers, and it is denoted as a,.. The labeling of data in the
brain image is shown in figure2.

Labeling of data
in brain image

1<
d= XTZ("- a, - b,.C,)
r=1

a. Figure 2: The labeling of data in the brain image
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3.2. The inter-subject retrieval method
The inter-subject retrieval (ISR) method makes use of the Deep Neural Network (DNN) to interpret behavioral
activities in the human brain performing various tasks that are collected from the functional magnetic resonance
imaging (fMRI) data.

a. Data acquisition and pre-processing
The photos from global processing images with different brightness, picture quality, and intensity are found in
the Kaggle datasets [26]. Standardization of these characteristics is completed at this stage, which helps to
promote the ISR technique by resulting in a higher sensitivity rate[27-29]. As previously noted, pre-processing
is done, and the input photos have been modified to a particular direction of the maximum area scale. The image
becomes closer once the radius is set to a specific size in the first phase. Equation illustrates a system for
lighting equalization and brightness optimization that is utilized to achieve a higher sensitivity rate (8)

X,(a,b;m) = y(R(a, b) — g(a,b; ) * R(a, b)) +6 (8)

As inferred from the above equation, g(a, b; ) is the kernel Gaussian for the blending of the image with
standard deviation R(a, b). Constraint & shows a dissimilarity, and y preserves the majority of the frequencies
of the vectors in the range of [a,b]. Every color image stream R is processed separately in equation (1). By
removing spherical boundary shells and covering the sections inside the outside surface of the given area, the
X1 ultimately involves the removal of colorful boundaries. Unwanted picture contrast may be the result of the
longitudinal and transverse balance being uneven. Figure 3 depicts the image's pre-processing stage.

X(abim) | B v

Figure 3: The pre-processing phase of the proposed method

b. Segmentation stage
The receptive space of the linear combination can be modified, and various enlarged proportions are used.
Equation (9) states that when the increased ratio is X, the size of the linear interpolation filter is b, and an is a
single observation layer with extended matrices.

X, =(@—1)x(b—-1)+p=*R(a,b) 9

As obtained from Equation (9), for example, using a spatial dimension of 2 x 2, an enlarged ratio x is assigned
to 3, and the precise, reactive measurement is set to 8. Assembling some observation levels frequently permits a
broader field to be obtained accurately.

The diluted activation function is possible to obtain a broader application in the field in comparison with the
conventional converting device with no increment shown in equation (10)

blr] =Y%_ia[x+ b x1] X v[r] (10)

As inferred from Equation (10), a[r] input image, b[r] output image, v[r] specific filter of r'" factor, r is the
length of the filter. The above equation reduces the normalized observation layer to b=1 to increase the
specificity rate.

1. Encoding stage
The design of the encoder and other segmentation stage elements determines whether an activity or an
abnormal brain image may be detected. The fast route technique makes the network model substantially more
responsive to weight shift, enabling faster mass adjustments of the convolution layer.

2. Decoding of images
In sensory computation, brain activity was measured and used to analyze things and brain functions in
stimulation or cognitive functions. Sensory information is the most remarkable effort in mental images,
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including sequencing, sensory perceptions, visual data decryption, and restoration of the visual stimulus.
Besides, some investigators used fMRI to decode the psychological state of visual activities like listening,
speaking, and working. But few findings in a large area may decipher various cognitive or behavioral duties.
One other drawback of mental decoding is that even the decoder learns the mind asserts from the cognitive
function of each person. It was rarely recorded if various subjects were used as a similar converter. As for the
approaches used in decoder construction, the inter-subject retrieval (ISR) method is the critical data-driven
methodology for recognizing distinct brain patterns of behavior using fMRI datasets as machines for training.
The inter-subject retrieval (ISR) method learns, however, primarily deep characteristics from fMRI data as it
needs the necessary feature space to pick individually as sources.

Moreover, existing approaches often struggle with feature vector selection differences, which limits their use in
the decoder via the topics. DNN is used to know more conceptual brain processing functions. The segment of
the input image is shown in figure4.

Encoding
Decoding

Input Preprocessed

Figure 4: Segmentation stage of the input image

c. Feature extraction

Attributes of a stimulus that can distinguish between the various feelings are analyzed in the feature extraction
stage. The EEG data is analyzed by utilizing higher-order wavelengths that are higher-order spatial
interpretations or wave cumulative. It is understood that EEG signals are developed by the brain, which would
be a device with strongly non-linear parameters, and there is no proof representing the stimulation of the brain.
Further, the data is assumed on the EEG signals, such as complex and non-Gaussian data, which should be used.
An essential aspect of ISR lies in its ability to detect variational contacts among stages in the higher-order
spectral range, and this is referred to as quadratic image acquisition. Features of the higher-order of signal,
including the bispectrum, are examined in the proposed method. Bicoherence analyses investigate the
connection between two central wavelengths of curved substances gl and g2, and the wavelength gi+ g2
propagation element. Specific frequency sections of this category are referred to as three g1, g2, and g1+ g2
used to determine the cognitive behavior of infants and adolescents. The bicoherence is the transition from the
special relativity of the frequency's higher-order generation system, and it is explained in equation (11)

bicoherence(g,,9,) = F[Y(91).Y(92).Y" (g1 + g2)] (11)

As inferred from the above equation, Y* Represents characteristic impedance, F[ ], is the assumption task. Very
few element waves are connected to or linked if a waveform bicoherence is a nil. If the bicoherence of a real
signal is not aliased, it is explicitly represented in the triangular form g, > 0,9, > g,,(91 + g2) <m. As a
linear function of distinct bicoherence, it consists of particular areas with similarities (g,, g,) level for the
working mechanism. Most of these areas are evident, as shown in equation (12)

bicoherence(g,, g,) = bicoherence(g,, g,) = bicoherence(—g, — g2, 92)
= bicoherence(—g, — g, g1) = bicoherence(g,,—g, — 9g-) (12)
= bicoherence(g, — g, —9g1)

As obtained from equation (12), two central wavelengths of curved substances are denoted as g1 and g2, and the
level of the working mechanism of the brain is explained in a detailed manner. The standardized bicoherence is
established and defined in equation (13)

bicoherence(g1,92) (13)

bicoherence(gy, g2) = VQ(91)-0(92)-0(g1+92)
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As inferred from equation (13), Q(g) is the power range. Standardized bicoherence techniques extract many
features from the brain image, is illustrated in figure5

A
0.5 —
S
I > » bicoherence(gy, g,)
1
0.5
91

Figure 5: Standardized bicoherence techniques extract many features from the brain image

d. Classification of the image
Data discovery by constructing a vector for identifying the main component is the first step after
standardization. Further, if the error of minimum grouping is different, this vector is replaced with input data. If

aq,0y . ....ag€ TR and by, b, ... ... bge TR are the information trained for various stages, ay is the information
from the s-th stage, b is the information trained from (s+1). The current vector used to locate the linear
combination which describes R. R =a U b, R is denoted as R = (a;,d; ... ....ag, by, by ... .... bg)eTR. The
Linear combination of a vector can be represented as R(Dg) and it is explained in equation (14)
1
Dp = R4S (Z§=1 asag + Zi:l bsb;/) (14)

As inferred from the above equation (14) R and S are the linear combinational parameters, Dy is the linear
combination vector V is the eigenvector. ay is the information from the s-th stage, bs is the information trained
from (s+1). The next phase is the optimal solution matrix V and the source vector. Let r be the primary input, u,
is the nearest comparison matrix that has the very same course to r, and let u, is the nearest comparison matrix
of category r. The representation for Minimum classification error gives a higher accuracy rate, and it is defined
in equation (15)

B(r) = Lu)-lp(up) (15)

Iy (ug)+lz(uz)

As obtained from equation (15), l;, [, is the gap between Y to uq,u,. If B(r)e (—1,+1), and if B(r) image
classified properly, else if B(r) classified wrongly. B(r) decreased for all input data to increase the error rate.
The accuracy rate is obtained from the positive values and negative values.

A picture mark of +1 or -1 is given for each image during preparation; +1 denotes the standard brain image, and
-1 is the brain image with some activity performance. The linear transfer function is given below

R =—(la=1)log(1—D()) + 1(a = —1)logD(r)) (16)

As obtained from equation (16), variable predictor are equivalent to 1, 0 if not. Gradient function by DNN
shown in equation (17)

1

SR __ )1-D(1) if pr) =+1 17
opry | __1 - _
As inferred from equation (17), % denotes the classification accuracy factor. The linear combination vector
Dp. If B(r)e (—1,+1), and if B(r) is correct, else if B(r) is false.
Doi: https://doi.org/10.54216/FPA.110108 107

Received: December 01, 2022 Accepted: March 18, 2023


https://doi.org/10.54216/FPA.110108

Fusion: Practice and Applications (FPA) ol 11, No. 01. PP. 100-113, 2023

B e el Bl B I Normal image (+1)
i | ] | | I_ I] I[ I[ l_ I?—'J > Activity performance (-1)

Classification
Input Preprocessed Segmented Feature

extraction
Figure 6: The final stage of classification

{+1, -1} is provided for each image (+1 is for the standard brain image and -1 is for the brain image cognitive
behavior for infants and adolescents with some activity performance). The final stage of classification is
illustrated in figure6.

In the proposed method, by imperative changes in its structural and functional architecture across its lifespan,
advancements are being developed in brain imaging to characterize brain development. This progress further
helped to clarify the dynamic processes of maturation, which led to the emergence of complex cognitive
intelligent skills in both atypical and typical aspects.

4. Results and discussion

Images from the Kaggle dataset have been used to test the Improved Multi-Modal Cognitive Brain Imaging
(IMCBI) approach that has been proposed[26]. Accuracy, Specificity, Sensitivity, and error rate are used to
assess IMCBI's performance. Equation (18) describes the proposed method's accuracy.

tp+tn

ACCURACY = ————
tp+fp+intfn

(18)

The proposed IMCBI method accuracy is shown in figure7. Dy are represented as the linear combination vector.
If B(r)e (—1,+1),and if B(r) is correct, else if B(r) is false.

120
g 100
3
© 80
3 =4 MC-FBN
(5]
i 60 == IMCBI
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Figure 7: The overall accuracy of the IMCBI method
The sensitivity ratio of IMCBI is defined by Equation (19)
Sensitivity = —2 (19)
Y tp+fn
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Sensitivity is determined by the right positive value and the incorrect negative value, according to equation (19).
Based on the established sensitivity ratio, IMCBI is used to detect brain activity on the pictures of the brain.
Sensitivity is crucial for detecting brain activity at all stages of classification. Figure 8 displays the suggested
IMCBI method's sensitivity rate. IMCBI, or Improved Multi-Modal Cognitive Brain Imaging, is a method for
detecting changes in brain activity resulting from various motor, perceptual, and cognitive tasks. The basic
objective of the IMCBI approach is to predict a clinical or behavioral response using brain imaging data.
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Figure 8: The sensitivity rate of the IMCBI method

Table 1 shows the comparative analysis of the classification accuracy of IMCBI for the training and testing set
with sensitivity and specificity. If B(r)e (—1,+1), and if B(r) is true, else if B(r) is false. B(r) is decreased
for all input data to increase the error rate. During preparation, a picture mark a {+1, -1} is provided for each
image (+1 is for the standard brain image, and -1 is for the brain image to perceive brain activities). Further, the
probability depends on the directional framework of the classification (the size of a category depends on the
same factors and dividing regulations), the most considerable sensitivity and specificity, the smallest deviations,
and the most significant possibility.

Table 1: Accuracy, Sensitivity, Specificity of IMCBI

Methods Training set Testing set

Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity
CIN-NCA | 85.32 84.23 82.11 84.22 83.11 83.45
NBM 81.23 81.44 80.05 81.67 81.77 81.89
NIM-DB 80.56 80.11 80.27 80.78 80.98 80.34
MC-FBN 79.08 79.89 79.33 79.65 79.55 79.32
IMCBI 95.32 95.11 94.67 95.63 95.42 94.33
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The specificity of the proposed Improved Multi-modal cognitive brain-imaging method (IMCBI) is shown in
equation (20)

P tn
= 2
specificity —vs (20)
The right negative value and incorrect positive value have a significant impact on the specificity rate. The
specificity rate categorizes brain images as either a typical, healthy retinal image or an image of diabetic
retinopathy. Figure 9 displays the specificity rate of the suggested approach. Brain activity was monitored and
employed in sensory computation to assess objects and brain activity during stimulation or cognitive processes.
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Figure 9: The specificity rate of the IMCBI method

Data discovery by constructing a vector for identifying the main component is the first step after
standardization. And if the error of minimum grouping is different, the constructed vector is replaced with input
data. The next phase is the optimal solution matrix V and the source vector. Let r be the primary input, u, is the
nearest comparison matrix that has the very same course as r, and let u, as the nearest comparison matrix that
has a separate category from r. The representation for the Minimum classification error is shown in figure 10.

2.5

m MC-FBN

II H NIM-DB
i mNBM
BUURLLRULLY -
LLLELLEDLE] —

10 30 50 70 90 110 130 150 170 190
Number of Samples

Error Rate (%)

Figure 10: The error rate of the IMCBI method

The precision rate defined by Equation (21)
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Precision rate = —2 (21)

tptip
Both valid and incorrect positive numbers exist for the precision rate. The accuracy rate is just one element that
affects how brain images are classified. Table 2 displays the accuracy and error rates of the IMCBI approach. It

has been suggested to use the Improved Multi-Modal Cognitive Brain-Imaging Method (IMCBI) to detect brain
activity resulting from various motor, perceptual, and cognitive tasks.

Table 2: IMCBI method with precision rate and error rate

Methods Training set Testing set
Precision rate Error rate Precision rate Error rate

CIN-NCA 83.22 1.22 81.25 1.34

NBM 81.56 1.56 81.67 1.45

NIM-DB 82.78 1.89 82.98 1.33

MC-FBN 81.33 1.23 80.99 1.02

IMCBI 88.34 0.49 89.90 0.98

The multi-modal cognitive (MC) method has additional equivalent limitations 1 < r X; for crucial instances and
compared to standard ones. The functionality rate is represented as ngiJf"'Zszlﬂgr- m, The
optimization variable is unnecessary because interaction occurs by raising or reducing the gap is an equal
chance. The correct variational procedure is represented by b, (v.a, + d).c,. The variations are between the

limitations for y™ is the acceptable form of objective function according to the optimization techniques obtained
by functionality rate. The functionality rate of the IMCBI is in figurell.
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Figure 11: The functionality rate of the IMCBI method

Comparing the proposed IMCBI to other existing Multi-Region Correlation Based Functional Brain Network
(MC-FBN), Non-cognitive Behavioral Model (NBM), Non-Invasive Imaging Modalities to Study Diseases of
Aging Brain (NIM-DB), Cognitive Impairment and Network Connectivity Analysis, the proposed IMCBI
attains the maximum classification accuracy, specificity, sensitivity, and precision rate (CIN-NCA).

5. Conclusion

This paper offerings the Improved Multi-modal cognitive brain-imaging method (IMCBI) to perceive brain
activities from different motor, perceptual, and cognitive tasks. The human brain experiences imperative
changes in its structural and functional architecture across its lifespan. However, traditional methods have
several methodological challenges in identifying the brain region and classification based on insights into
intelligent cognitive behavior for infants and adolescents. IMCBI is used for brain-imaging data to forecast a
clinical or behavioral response. The use of mental success-dependent information for actual observations
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strengthens the Multi-modal cognitive (MC) method training. The inter-subject retrieval method uses deep
Neural Networks (DNN) to interpret behavioral activities in the human brain, which are collected from the
functional magnetic resonance imaging (fMRI) data. The experiment's findings demonstrate that the proposed
system is more accurate, sensitive, and specific in perceiving brain activity based on intelligent cognitive
abilities than conventional counterparts, with accuracy ratios of 95.63%, 95.42%, and 94.33% when trained on
images from Kaggle datasets.
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