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ABSTRACT

The brain tumor (BT) is a critical disorder related to neurons characterized through the prolif-
eration growth. The survival rates associated with this disease are steadily declining, primarily
due to insufficient early detection and precise diagnosis of BT. The manual inspection often
suffers from subjectivity, low accuracy, and inefficiency due to complex tumor shapes. To
identify and handle the large sized datasets along with capturing the more subtle tumor fea-
tures, this study proposes a model named socio-swarm intelligence optimizer (SSIO) enabled
dual attention temporal difference learning with distributed convolutional neural network
and bidirectional long short-term memory (SSIO-DATDL-DCNN-BiLSTM) framework for iden-
tification of BT, focusing on the integration of advanced optimization techniques. The dual
attention-AlexNet layer efficient statistical triangular ResNet (DA-ALESTR) provides detailed
localization of relevant features. The LayerCAM (layer-wise class activation map) and AlexNet
features in the model add more deliberation by capturing high-level semantic patterns and
enhancing interpretability. The SSIO optimizer increase the interpretation through adjusting
the factors. The results of the proposed SSIO-DATDL-DCNN-BILSTM demonstrates higher scores
on accuracy, recall, F1-score, and precision with 99.56%, 98.27%, 96.80%, and 99.79% with
training data, and with k-fold 96.95%, 96.96%, 96.77% and 97.15% using BraTS 2018 dataset.

KEYWORDS
brain tumor (BT), socio-swarm intelligence optimization (SSIO), dual attention, AlexNet,
layer-wise class activation map (LayerCAM)

1  INTRODUCTION

Brain tumor (BT) is defined as an abnormal growth within the tissues surround-
ing the human skull, significantly affecting health. They can be classified as malicious
or non-malicious. The main cells originate inside the scalp. Such common types of
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BTs include gliomas and many others. The slow-rate growth develops near the back-
side of the skull and spinal cord [1]. They can produce various complications related
to the specific affected area, which may contain seizures, headaches, vomiting, cog-
nitive changes, and visual disturbances [10]. More specific symptoms can manifest
as difficulties in speech and walking, as well as sensory issues. An early BT diag-
nosis can save lives and reduce the risk of disability. The technique of magnetic
resonance imaging (MRI) is employed for identification because of superior imaging
capabilities [3]. Currently, various modalities, such as scanning and laser treatments,
are utilized for the diagnosis of BTs. Among these modalities, MRI stands out for
its ability to deliver detailed images, offering clear insights into the cerebral struc-
ture and identifying abnormalities within brain tissues [6]. The application of exten-
sive datasets helps in detection that can be enhanced through the implementation of
machine learning and deep learning methods [4]. Various transfer learning models
have demonstrated significant effectiveness in this domain [5].

Analyzing brain MRI images presents challenges such as resolution, contrast, motion
concerns, etc., which complicates tumor segmentation and the classification of normal
versusabnormalimages[7]. Image segmentation entailsisolating specificregions of inter-
est given the vast amount of data present in each image [11]. Medical examiners often
utilize modalities concurrently for the process of segmentation. The earlier approaches
predominantly depend on the manual extraction of a limited number of features, a
process that is labor-intensive, time-consuming, and subjective, thereby hindering
automated analysis [24] [8]. Conventional ML methods rely on handcrafted features,
which restrict the robustness of the results, whereas DL techniques automatically
extract significant features, leading to markedly improved performance. Nevertheless,
the outcomes achieved through deep learning methods are still inadequate, and they do
not consistently yield high classification accuracy [9]. The conventional techniques for
BT classification posed several challenges. Some of them are listed below:

e The SSBTCNet [3] leverages limited label data to effectively train the model. This
leads to poor convergence in deep neural networks with excessive layers, which
can lead the model to get stuck into local minima.

e The deep learning approach [5] effectively detects BT, but with limited availabil-
ity of the large annotated datasets of brain MRI images, it leads to overfitting and
reduced model generalization.

e The multiple divisions of patches in the image produced increased computational
cost making the model difficult to implement and optimize effectively [6].

e The upgraded images may cause improper enhancement which can lead to dis-
torted tumor features when dealing with noisy or inconsistent data from different
sources [7].

e The model [8] demonstrates greater effectiveness in classifying BT. However, it
encountered limitations with certain data types. Additionally, the utilization of
ResNet50 and GAN resulted in significant computational expenses during both
installation and training, rendering the model resource-intensive.

The main motivation behind this work is to design and develop SSIO-enabled
DATDL-DCNN-BIiLSTM model for precise detection and classification of BT. The
SSIO is combined alongside DATDL-DCNN-BIiLSTM for the accurate outcomes.
Additionally, significant and relevant features are derived through the application
of the DA-ALESTR. The extracted information obtained from various methods are
combined to create a map, which enhances better outcomes in classification tasks.
The optimizer improves generalization by reducing the loss. The main contributions
of this study are summarized below:
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e Dual attention-AlexNet layer efficient statistical triangular ResNet
(DA-ALESTR) based feature extraction: The method based on DA-ALESTR for
extracting features integrates various approaches to effectively capture a wide
range of tumor characteristics, facilitating precise detection and classification.
By extracting diverse features, this methodology enhances clinical reliability,
enabling the model to achieve robust, interpretable, and accurate localization of
tumor features that are essential for effective tumor detection.

e Socio-swarm intelligence optimization: The SSIO algorithm combines the
social intelligence behavior of gorillas and the swarm mechanism of spider
monkeys. The SSIO algorithm provides higher reliability and increases interpret-
ability by gaining the better solution.

e Socio-swarm intelligence optimization enabled dual attention temporal
difference learning distributed CNN-BiLSTM (SSIO-DATDL-DCNN-
BiLSTM): The approach effectively generalizes intricate details that is essential
in the classification process. By incorporating the SSIO with the DATDL-DCNN-
BiLSTM framework, the model achieves precise classification of BT based on its
labels, enhancing accuracy, minimizing overfitting, and reducing errors. In sum-
mary, the proposed SSIO-DATDL-DCNN-BiLSTM model significantly improves the
efficiency and accuracy of BT classification.

The subsequent sections of this manuscript are delineated as follows: Section 2
deals with literature survey where the previous research will be discussed and iden-
tifies the gaps. Section 3 offers an in-depth explanation of the proposed methodology.
Section 4 and 5 addresses the results and discussion part respectively. Finally,
Section 6 encapsulates the entirety of the research, highlighting key findings, impli-
cations, and future work.

2 SURVEY OF THE LITERATURE

Rahman, T, and Islam, M.S. [1] approach involved extracting important informa-
tion, in parallel, addressing overfitting concerns. The model’s efficacy was tested on
three distinct BT datasets, yielding accuracy rates of 97.33%, 97.60%, and 98.12% by
capturing relevant features. Ullah, N. et al. [2] created a comprehensive approach
utilizing a advanced strategy, known as TumorDetNet, for the detection and classi-
fication of BT. A SoftMax layer was employed to identify tumors and their respec-
tive grades. It demonstrated a high accuracy rate but struggled with complex tumor
types. The classification performance for BT was evaluated across six MRI datasets,
achieving 99.833% accuracy for distinguishing between dangerous cells and 99.27%
for other tumor classifications. Z. Atha and J. Chaki [3] developed a approach known
as SSBTCNet for detecting BT. It was constructed by combining an encoder and a
classifier framework. The occurences are generated by degrees of truth utilizing
modified copies of data. Although it demonstrated a high rate, it was unable to iden-
tify the tumor’s location. The model was evaluated using various datasets, achieving
an accuracy of 96.5%, surpassing other existing methods.

Anantharajan, S. et al. [4] modeled a framework for earlier detection of tumors. In
this approach, an adaptive-based contrast enhancement algorithm (ACEA) and seg-
mentation through a fuzzy c-means model. This method encountered issues related
to time complexity. The authors proposed a classifier called ensemble deep neural
support vector machine (EDN-SVM) to differentiate between abnormal and normal
tissues, resulting in notable improvements in accuracy, sensitivity, and specificity,
with values 0f 97.93%, 92%, and 98%, respectively. Mathivanan, S.K. et al. [5] explored
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several networks along with transfer methodologies for diagnosis. It gained precise
diagnostic accuracy with limited medical imaging data but resulted in overfitting due
to small sample sizes. The study utilized the Kaggle database for evaluating brain
tumors and showed a superior performance of 99.755% in accuracy. Muezzinoglu, T.
et al. [6] introduced an approach (PatchResNet) for classifying brain tumors by divid-
ing MRI images into patch divisions and a ResNet50 for training. Additionally, the
framework is self-organized, and capable of selecting optimal predictions but strug-
gles with computational requirements and complexity issues. The experiment
employed a public BT image dataset and reported a classification accuracy of 98.10%.
Asiri, AA. et al. [7] designed a model aimed at enhancing the accuracy of BT classifi-
cation. The image enhancement technique and support vector machines are used to
normalize images and validate the performance of tumor classification. However, the
high-quality MRI images and the multiple models resulted in computational overhead.
The results demonstrate that the approach showed improvements by superior per-
formance. Nag, A. et al. [8] introduced a unique approach (TumorGANet) that uses
transfer learning and generative adversarial networks (GANs) for BT classification.
The integration of both techniques leads to improved performance in distinguishing
tumors, mitigating the issues related to limited MRIs. The experiment is carried out by
analyzing 7023 MRI images, and the TumorGANet achieved superior performance by
acquiring values such as 99.533%, 100%, 99%, and 0.2% on the evaluation metrics.

From the overall survey, the existing methods were facing the below problems, such
as SSBTCNet [3] leveraging limited label data to effectively train the model. This leads to
poor convergence in deep neural networks with excessive layers, which can lead the
model to get stuck in local minima. The deep learning approach [5] effectively detects
BT, but with limited availability of the large annotated datasets of brain MRI images, it
leads to overfitting and reduced model generalization. The multiple divisions of patches
in the image produced increased computational cost, making the model difficult to
implement and optimize effectively [6]. The upgraded images may cause improper
enhancement, which can lead to distorted tumor features when dealing with noisy or
inconsistent data from different sources [7]. The model [8] demonstrates greater effec-
tiveness in classifying BT. However, it encountered limitations with certain data types.
Additionally, the utilization of ResNet50 and GAN resulted in significant computational
expenses during both installation and training, rendering the model resource-intensive.

To overcome the above-mentioned limitations, an SSIO-enabled DATDL-DCNN-
BiLLSTM model is proposed to perform the accurate BT detection and classification.
To accurately classify the BT, the SSIO is integrated with DATDL-DCNN-BiLSTM
to achieve an efficient result. Furthermore, the important and suitable features
are being extracted by applying DA-ALESTR model. The features extracted through
individual feature extraction mechanism are concatenated to generate a feature
map that helps to obtain better performance in image classification. Fine-tuning the
model provides better generalizability by minimizing the accuracy loss.

3  PROPOSED METHODOLOGY

The primary objective considered for the study is to detect BT utilizing an SSIO-
DATDL-DCNN-BIiLSTM model. The process begins with a Gaussian model-based
preprocessing stage, to enhance the quality of the brain images. Subsequently,
the outcome images are transformed to the DA-based VNet segmentation model.
Following segmentation, the images are then fed into DA-ALESTR to identify the
significant information that contains relevant features, minimizing any potential
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loss in accuracy. These features are subsequently allowed in the SSIO-DATDL-DCNN-
BiLSTM model, which effectively addresses long-range dependency challenges to
classify and grade the BT accurately. The final classification categorizes the output
into four categories: no tumor, non-enhancing tumor, enhancing tumor, and peritu-
moral edema. A brief visualization is illustrated in Figure 1.

Input image Pre-processed
Gaussian Dual attention -
filter based V-net
segmentation

Pre-processing

i. DA-EfficientNetV2
ii. DA-Resnet-based structural feature map
iii. Local triangular pattern
iv. Statistical features

v. Layer-Cam features

vi. Alex-Net features

DA-ALESTR based
feature extraction

DA-Segmented
image

No tumor /
; Socio-Swarm
Enhancing tumor < Intelligence
| = ) - - Output | Proposed \ Optimization
| e i (075 | DATDL-DCNN- ,
_ Peritumoral edema BilSTM Model

Tumor classification

Fig. 1. Diagrammatic illustration of SSIO-DATDL-DCNN-BILSTM framework

3.1 Preprocess utilizing Gauss model

The MRI images contain different types of distorted noises that affect the image
quality. To avoid this distortion, a Gaussian filter is used that reduces the noise
and elevates the quality. The resultant enhanced image can be represented in
the equation (1) as follows:-

B; = G(Bp) (1)

Here, B; denotes the Gaussian-based preprocessed image and G denotes the
Gaussian filter.

3.2 Dual attention-based VNet segmentation

The pre-processed output B; is utilized, that has the DA-VNet to produce seg-

mented results. The DA-VNet is developed by integrating VNet [28] with a dual
attention mechanism (DA), which incorporates both the attentions such as split and
double. The split attention functions as a computational unit that consists of split
attention operations and grouped feature maps. Conversely, the double attention
mechanism evaluates features that are under pool, effectively capturing compli-
cated visuals by improving the correlation of features with specific locations. The
VNet receives B’ as input, that is employed in the subsequent layers of convolutions,
ultimately producing a value using the last layer. The outcome produced by DA-VNet
will have [N x 224 x 224] dimension.
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The two attention models divide the input dimension [N x 224 x 224] into distinct
segments. These models are designed to extract boundary information effectively.
The architecture of the split attention model comprises various layers, including
reshape layer, pooling, dense layer, and finally the softmax layer. Conversely, the
double attention model features a same set of layers, employing additional layers
along with matrix multiplication. The layer of convolution executes the operation,
while the reshape layer facilitates the reduction of feature map dimensions. The
outputs from these two distinct layers are combined through matrix multiplication,
resulting in a specific dimension [N x 224 x 224].

3.3 Dual attention-based AlexNet layer efficient statistical triangular
ResNet (DA-ALESTR) feature extraction

Here a feature extraction method known as DA-ALESTR has been developed,
which integrates various feature extraction models, including features from
AlexNET, layer CAM, dual attention-based EfficientNet V2, dual attention-based
ResNet structural maps, local triangular pattern (LTP), and statistical features. The
brief explanation of these is provided below:

Dual attention-based EfficientNet V2 features. The DA employed feature
is developed by integrating attention based components into the conventional
EfficientNetV2 framework. The EfficientNetV2 [19] model significantly enhances its
ability to inherent relevant parts such as tumor regions and so on. It consists of various
layers, each serving a distinct purpose. At first, the M with dimension [N x 224 x 224]
is directed to the first layer along with defined stride, and outcome is processed
through the next layer, that mitigates overfitting through separable convolution. The
DA layer incorporated is subsequently routed to the next layer of convolution with
a defined stamp. Ultimately, other sub-ordinate layers are employed to produce the
first feature L, of [1 x 112 x 112 x 32] that is re-shaped to [1 x 32 x 32].

Dual attention-based ResNet structural map features. This architecture com-
prises various layers, including convolution, batch normalization, max pooling, flat-
tening, a fully connected layer, and the local ternary pattern (LcTP). The LcTP [20] is
utilized for texture analysis of grayscale images. It functions by designating a value
of gray E;fora specific pixel and the gray values of neighboring pixels E, (i=0, 1, ..., 7).
It examines the relationship between E; and Ej values; if the condition E, < Ej is met,
the value is O, otherwise, it is assigned as 1. Through this method, an 8-bit number
made up of Os and 1s is produced, with the corresponding decimal value represent-
ing the values as single digits is considered for LcTP as,

/ , 1;a>0
L = E-E)2L y(@=<" . 2
2 ;75( i~ Ep2s 2@ {O;Otherwzse @)

Here, L, structural map features. y distribution function that shows the relation-
ship between E; and E. In general, the DA layer is integrated into the ResNet-50
model, and LcTP, that generate L,, and has dimension [1 x 32 x 32].

Local triangular pattern-based features. Local triangular pattern is a texture
descriptor that compares pixel intensities in a local neighborhood to capture fine
textures and edges. LTP [21] works by comparing the initial pixel and its neighbors
using a threshold. It encodes textual information by transforming pixel differences
into ternary values as 1,0 or -1, depending on whether the value is large, or less than
neighboring pixels. The extracted LTP histogram L, provides texture features that
can be useful for distinguishing different tissues or abnormalities.
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1 ;lfI(X)y) —I(X,’y,

Ly=1-L L, =1

3

]>T
T (3)

by <
X,y
0 ;otherwise

Here, T indicates the threshold value, I, " denotes the intensity of pixels whereas,

Loy denotes the intensity of the neighboring pixel. L, denotes the LTP features and

a dimension of [1 x 32 x 32].

Statistical features. Statistical features capture the distribution and variability
of pixel intensities, which is essential for distinguishing between normal and abnor-
mal regions of tumors. The statistical feature used for the process are mean, median,
variance, standard deviation, harmonic mean, geometric mean, and entropy etc.
The features of statistics derived from the image that undergone segmented out-
comes are articulated as

L,={N,.,N} )

The statistical characteristics are illustrated with L, the specified size [1 x 7], and
the size is adjusted to [1 x 32 x 32] for facilitating the precise training of the data.

AlexNet-based features. This uses large kernel sizes in initial layers to capture
the aforementioned features. The model uses ReL.U for non-linear activation
to accelerate the training. The local response normalization (LRN) and dropout
regularization are the two key concepts used in AlexNet [22]. The LRN enhances
the feature response along with the generalization by creating competition between
relevant regions. The dropout regularization controls the challenge of overfitting
by randomly assigning activation to zero during training. The max-pool deduces
inherent and texture-based length, and finally, the fully connected (FC) layers
perform final integration and classification employing a softmax activation.

L, =soft max(g- M +Db) (5)

where, g indicates the weights of the network, b indicates the bias L, indicates the
Alexnet-based feature with the dimension of [1 x 32 x 32].

LayerCAM features. LayerCAM is an advanced visualization technique designed
to enhance the interpretability of CNNs by generating class activation maps (CAMs)
at various hierarchical layers. This approach helps to visualize which area of the
image leads to the decision process. LayerCAM generates activation maps across
multiple layers of the CNN. This multi-layer approach captures both coarse and fine-
grained features. LayerCAM [23] utilizes target class gradient concerning feature
maps to determine the importance of each feature map. By combining activation
maps from different layers, LayerCAM produces high-quality CAMs that accurately
localize object regions, enhancing the performance of prediction tasks. The process
of CAM generation is performed by weighting the feature maps along with their
importance weight value to generate the layercam feature L.

e
t

where, ois ReLu activation function, w* importance weight, S' Feature map for
spatial values u, v. ' '

The final feature map produced by DA-ALESTR after extracting the specific
features that are essential for the detection and classification is denoted mathe-
matically as,
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L={L Lz ) @

Here, the feature map of DA-ALESTR is denoted by L and its size is [1 x 32 x 32 x 4],
respectively.

3.4 Socio-swarm intelligence optimization

This algorithm leverages the unique characteristics of artificial gorilla troops
[14] as well as spider monkeys [16] to enhance BT detection and classification. The
new swarm intelligence technique of gorillas and the social foraging behavior of
grouped monkeys make the SSIO algorithm more feasible and optimal. The stra-
tegic behavior of searching for food in gorilla troops excels in global exploration
by diverting complicated positions without the fall of trap. In contrast, the social
organization behavior of distributing food by group communication and foraging
characteristics in spider monkeys specializes in local exploitation, ensuring precise
fine-tuning of solutions. By combining these strengths, the SSIO achieves an optimal
balance between exploration and exploitation, crucial for processing complex and
high-dimensional data in medical imaging. This synergy improves feature selection
and classification accuracy by mitigating the issues of computational complexity and
falling to local optima. Such an integrated approach, SSIO, offers significant poten-
tial for advanced medical diagnostics and addressing the critical challenges in BT
analysis. The various phases involved in this are represented in Figure 2.

A) Initialization: Let us assume the position is demonstrated using the matrix
of population z,. The population can also be represented mathematically in a
matrix as,

z,:z, =eb +r(0,1)-(fb-eb) (8)

LA A A

)

z=| 2z Z ez

u, 12 Tuw u,l

VA

| Zoyoe B oo By

dmxt

where, z_ is the initial vector of the u™ solution, [, m indicates the solutions
and the search spaces whereas, fb and eb, indicates the primary and secondary
bounds and u, v indicates the dimensions.
B) Evaluation of fitness function: The measure of the solutions is calculated for
the best fitness is assigned with the metric of accuracy and can be shown as,

r] | F(z)

F= }::'u — ‘F(Zu) (10)
E, F(Zm)
L dmx1 L Jnxt
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0

where F denotes value of the fitness and the maximum value of the fitness
determines the better solution to be selected.

Solution updation phase: The solutions have been revised to incorporate the
characteristics of both specimens. The phases developed with these traits improve
the SSIO-DATDL-DCNN-BILSTM model’s capacity for effective training.

If the current iteration i.e q is lessthan the max iteration qmax then the pahse (i)
of the artificial gorilla troops [15] gets executed which has three sub-phases and
are described below,

Sub phase (i) Evacuation phase: if r, < h, the position update equation
according to the random search space can be determined as follows,

ZZH = (ebu_ fbu)*Wl +fbu (11)

where, w, is the random variable € (0, 1) zg*l is the randomly chosen solution
from the ut" dimension.

Sub phase (ii) Co-ordinating movement phase: if r > 0.5, then the position
can be updated as

ZZH:(WZ_])*zinBxD (12)

where, w, is the random variable that belongs to [0, 1] and z? represents a
randomly selected solution and J, B and D implies its transition factors.

Sub phase (iii) Un-familiar territory phase: if r < 0.5, Then the equation
for updating the position as

ZZ+1:Z;Z_B><|:Bx(zl(lq)_Zi\?))+W2X(Z£q)_ZlEg)):| (13)

where, w2 is a random variable € (0, 1). It uses the current position and random
position to explore the global search for a new area. This leads to a maximum
chance of finding a global solution.

Phase 2: Congregate phase: After performing the movement phase, the con-
gregate phase gets executed.

If = P, the position update equation

24+ = BxU x (Zl(ff) - Z@ ) +29 (14)

where, P is the parameter and is set to P = 0.8. Usually, during the congregate
phase, the solution refers to the global best solution, but here additional infor-
mation based on the history is incorporated that yields the maximum chance of
finding a global better solution.

Competitive phase: if | < P then, 29 = 7 — (2, x t - 2!x1) - f (15)
t=2xr,—-1 (16)
f=ax$ (17)

where, t is a factor based on the random value r, € (0, 1) and fis the coefficient
vector, e¢and S are the scaling factors. S shows the boundaries affecting under the
threshold of 0.5.

D) Termination: If the current iteration exceeds the maximum limit g, the SSIO

algorithm concludes and identifies the overall best solution. Consequently, the SSIO
algorithm enhances the performance of DATDL-DCNN-BIiLSTM through parameter
optimization. Figure 2 illustrates the flowchart representation of the SSIO algorithm.
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EvacuationPhase v !
Yes Unfamiliar territory Phase J '
v
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>
%

| Retum BestSolution |
!

Fig. 2. Flowchart of the SSIO algorithm

3.5 DATDL-DCNN-BiLSTM-based classification framework

This framework incorporates dual attention models, such as split and double tech-
niques, alongside temporal difference learning (TDL) [13] with CNN-BIiLSTM [12],
utilizing distributed training methodologies. The TDL is a reinforcement learn-
ing approach that updates values based on the difference between consecutive
predictions. Combining such techniques with DCNN and BiLSTM leads to performing
precise detection tasks along with greater efficiency. Figure 3 represents a architec-
tural illustration of the DATDL-DCNN-BILSTM.The classification method comprises
diverse layers, including layer of convolution, max pooling, layer of time distribu-
tion, bi-directional, and dense layers. The input receives data from the first layer with
specified dimensions [N x 32 x 32 x 4] and forwards it to the next layer. The convo-
lutional layer employs the ReL.U activation function, to transform all negative values
into zero. The model employs two convolution layers (conv2d) followed by pooled
layer of max to deduce dimensionality. The pool technique serves as a sub-ordinate
model for sampling to reduce the dimension of the matrix while simultaneously
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enhancing the robustness of the framework. Following the operations conducted
by the max pooling layer, the DA layer is implemented, which produces features
with a specified dimension [N x 2 x 2 x 32]. Subsequently, a flattened way of layer
is employed for normalizing their original size from [N x 2 x 2 x 32] to a new one
[N x 2 x 64], while the layers in the BILSTM further compresses the dimension to
[N x 20]. The outputs obtained from the BiLSTM layers are combined by multiplying
them and fixing it to [N x 20]. Consequently, precise classification can be achieved
by reducing the factor of loss.Thus, the approach produces outputs corresponding
to four distinct categories: normal case, non-enhancing tumor, peritumoral edema,
and enhancing tumor.

| Input Layer(N x 32 x 32 x 4) i

Convolutional 2D Layer
(Mx30x30x8)

v

I
MaEoallacee Lu
| (Nx15x15x8)
v

I Convolutional 2D Layer \I
(Nx13x13x16)

v
[ Ve |||
(.\'-5-6-‘16)

‘ Convolutional 2D Layer 1
(N x4x4x32)

Dual attention II Dual attention
(NMx2x2x3 (NMx2x
[ Concatenation Layer (Vx2x2x32) |
v

(N % 2x 64N
'y
/__ BiLSTMLayer (N x20 /

Dense Layer(Nx4)

v v v v
No Non enhancing Peri I Enhancingfumar
fmox fumox edema

Fig. 3. Architecture of SSIO-DADTDL-DCNN-BIiLSTM classification mode

4  EXPERIMENTAL RESULTS
4.1 Experimental setup

The SSIO-DADTL-DCNN-BiLSTM model was implemented using the PYTHON pro-
gramming environment on a Windows 10 equipped with an IntelCore processor
and 16 GBRAM.

4.2 Dataset description

The experiments were conducted through the datasets namely the BraTS 2018
[17] and the BraTS 2019 [18] dataset. Each dataset features four MRI modalities
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for each case: native (T1), post-contrast T1-weighted (T1Gd), T2-weighted (T2), and
T2 fluid attenuated inversion recovery (T2-FLAIR). Expert neuroradiologists have
manually segmented these images to delineate tumor sub-regions, including four
categorization.

4.3 Sample image results

The Figures 4 and 5 represents the obtained image results based on BraTs 2018
[17] and BraTS2019 [18] dataset corresponding to various phase. Each class has four
classes along with its associated imaging modalities, which are captured under dif-
ferent areas.

Input image

Image after
preprocessing

Image under
segmentation

DA based
EfficientNetV2
feature

DA based
ResNet
structural map
feature

LTP feature

AlexNet based
features

LayerCAM
features

Classification

Fig. 4. Sample results of images based on the BraT$ 2018 dataset
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Fig. 5. Sample image results based on the 2019 dataset of BraT$S

4.4 Comparative analysis

The SSIO-DATDL-DCNN-BIiL.STM model is estimated and compared with exist-
ing techniques such as PDCNN, EDN-SVM, TumorDetNet, SSBTCNet, DCNN-BiLSTM,
HATDL-DCNN-BIiLSTM, AGTO-DATDL-DCNN-BILSTM, SMO-DATDL-DCNN-BIiLSTM,
and to evaluate the effectiveness of the proposed model, we adjusted the train per-
cent and the k-fold. The proposed model with the BraTS2018 dataset achieved accu-
racy, F1-score, precision, and recall values of 99.56%, 98.27%, 96.80%, and 99.79%,
respectively, with varying training percentages, and with a k-fold of 10, the model
yielded accuracy, F1-score, precision, and recall of 96.95%, 96.96%, 96.77%, and
97.15%, represented in Table 1. The graphical illustration can be seen in Figures 6
and 7. The model with the BraTS2019 dataset, achieve accuracy, F1-score, precision,
and recall values of 98.17%, 98.10%, 97.27%, and 97.22%, respectively, with varying
training percentages, and with a k-fold of 10, the model yielded accuracy, F1-score,
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precision, and recall value of 97.22%, 97.36%, 96.47%, and 98.25%, as presented in
Table 2. The same is illustaterd graphically in Figures 8 and 9.

Table 1. Comparison of SSIO-DATDL-DCNN-BiLSTM with the BraTS 2018 dataset

Accuracy
(%)
F1-Score 86.42
(%)
Precision  87.05
(%)
Recall (%) 85.79
Accuracy  89.29
(%)
F1-Score  89.28
(%)
Precision  89.16
(%)

81.31 87.72 85.21
82.52 88.05 86.05
80.13 87.40 84.38
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Fig. 6. Comparative analysis of proposed model with training percentage using 2018 dataset of BraT$S
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Fig. 7. Comparative analysis of proposed model k-fold using 2018 dataset of BraT$S

Table 2. Comparison of SSIO-DATDL-DCNN-BiLSTM with the BraTS 2019 dataset

TumorD SSBTC  DCNN-  HATDL-  AGTO- SMO-
etNet Net BiLSTM DCNN- DATDL- DATDL-
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BiLSTM  BiLSTM
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Fig. 9. Comparative analysis of proposed model with k-fold using the BraTS 2019 dataset
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5  DISCUSSION

Table 1 offers a detailed comparison of the SSIO-DATDL-DCNN-BiLSTM model
alongside other established methods utilizing the 2018 dataset of BraTS for BT clas-
sification. The examined existing techniques reveal that they fall short of optimal
performance, particularly highlighted by their lower accuracy rates. Notably, the
PDCNN method [1] did not utilize a 3D structural model for identifying tumors. In
contrast, the TumorDetNet proposed in [2] achieved a commendable accuracy level, it
struggled with accurately categorizing tumor grades. Similarly, the SSBTCNet method
faced challenges in precisely identifying tumor types [3]. Although the EDN-SVM was
designed for tumor classification and demonstrated better overall performance, it
encountered issues with computational complexity. Addressing these limitations, the
proposed SSIO-DATDL-DCNN-BIiLSTM model integrates a distributed learning mecha-
nism within a deep neural network structure. This innovative approach significantly
reduces overfitting and improves performance across various metrics. Moreover,
the SSIO-DATDL-DCNN-BILSTM framework effectively manages computational chal-
lenges by optimizing feature extraction processes. The model standardizes the diverse
dimensions of features derived from different methods, ensuring uniformity and min-
imizing complexity. To evaluate the effectiveness of the SSIO-DATDL-DCNN-BIiLSTM,
we adjusted the train percent and the k-fold. The model achieved impressive results
on the BraTS2018 dataset, achieving accuracy, F1-score, precision, and recall values of
99.56%, 98.27%, 96.80%, and 99.79%, respectively, with varying training percentages.
Furthermore, when using the BraTS2018 dataset, the SSIO-DATDL-DCNN-BIiLSTM
yielded accuracy, F1-score, precision, and recall of 96.95%, 96.96%, 96.77%, and
97.15%. Table 2 represents the discussion related to the comparison of SSIO-DATDL-
DCNN-BILSTM with the 2019 dataset of BraTS. It compares the proposed method
with the above-mentioned existing approaches. When evaluated using the accuracy,
F1-score, precision, and recall with the training percentage and k-fold, the proposed
SSIO-DATDL-DCNN-BIiLSTM attained values of 98.17%, 98.10%, 97.27%, and 97.22%
on the 80% training percentage, whereas, on the k-fold of 10, the SSIO-DATDL-DCNN-
BiLSTM model attained values of 97.22%, 97.36%, 96.47%, and 98.25%, respectively.

6  CONCLUSION

The proposed SSIO-DATDL-DCNN-BIiLLSTM provides an innovative solution for
BT detection and classification by incorporating sophisticated feature extraction
techniques, temporal-based learning, and advanced optimization. The amalgama-
tion of layer CAM and AlexNet features allows for improved interpretability and
capturing high-level patterns that are crucial for tumor classification. The dual
attention in segmentation and feature extraction leads to better refining of features,
ensuring the model focuses on relevant tumor characteristics. Additionally, the SSTO
utilizes the unique characteristics of individual algorithms to upgrade the capability
and fine-tune complex parameters, resulting in improved convergence and over-
all performance. This model not only addresses the challenge of overfitting issues
but also provides a robust and scalable solution that can significantly support the
decision-making process and early detection. The experiments conducted showed
superior achievements utilizing the metrics, such as accuracy, recall, F1-score, and
precision of 99.56%, 98.27%, 96.80%, and 99.79%, with training data and 96.95%,
96.96%, 96.77%, and 97.15% with k-fold on the BraTS 2018 dataset. The model with
the BraTS2019 dataset, achievies accuracy, F1-score, precision, and recall values of
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98.17%, 98.10%, 97.27%, and 97.22%, respectively, with varying training percent-
ages, and with a k-fold of 10, the model yielded accuracy, F1-score, precision, and
recall values of 97.22%, 97.36%, 96.47%, and 98.25%. The work should focus on
future improvements in considering more precise techniques of optimizers, which
speed up the network’s efficiency, thereby providing accurate BT classification and
prediction. The future enhancements could include integrating 3D convolutional
networks for spatial analysis, improving real-time detection capabilities, and incor-
porating multi-modal imaging data for more accurate tumor classification.
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