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Abstract— Brain tumor (BT) has generate a significant health
challenge by putting pressure on healthy brain parts or spreading
into other areas as well as blocking the flow of fluid around the brain.
BT diagnosis is an extensive and time consumption process that
depends primarily on radiologists experience and interpretive
capabilities. For the area of medical automatic
segmentation of images by means of Deep Learning (DL) approaches.
The DL approaches assist in transforming the sector, resulted in
improving precision and effectiveness of investigations. However,
there are various feature extraction mechanisms available. Therefore,
the Recurrent Neural Network (RNN) is utilized for feature
extraction and image classification. In model execution, the data have
trained in transforming the test image as well as data features for

imaging,

minimizing the domain shift is calculated through the Convolutional
Autoencoder (CAE) for reconstruction loss. This research has
concentrated in building a model with VGG16 as a single test that
subjected at inference and existing method is adopted as neural
networks for AE as Transfer Learning (TL) that performs an image
analysis task such as segmentation and even set as an adopter for pre
training the model. The AE used to train from the source dataset and
perform as the adaptors in optimizing during testing using a test
subject for effective computation. Moreover, the Long Short Term
Memory (LSTM) is utilized as RNN model with CAE for providing
improved detection of BT in healthcare industries. Hence, the
proposed CAE with LSTM is compared with AE with Convolutional
Neural Network (CNN) for evaluating BT detection using MRI
dataset with various BT type classifications.

Keywords:Transfer Learning, Convolutional Autoencoder, Brain

tumor, Long Short Term Memory, Deep Learning.

I.  INTRODUCTION
Brain and spinal cord is utilized for composing human central
nervous system in the human body [1]. Analysis, integration,
organisation, decision-making, and sending commands to the body
are among the biological functions that are primarily controlled
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through brain whereas human brain's anatomical complexity is
incredible [2]. It can be challenging to identify, evaluate, and treat
some CNC issues, such as infection, BT, headaches and stroke [3].
The brain is surrounded by hard skull contains aberrant cell
growths called BTs [4]. Complications may arise from growth in
even small space of the brain. Any tumour in the skull has the
potential to harm the brain, extremely
dangerous.In general, mortality rate is ranked as tenth for BT and
abnormal growth of nerve cells has resulted in an accumulation is
the BT characteristic [5]. The brain and central nervous system
can produce over 130 distinct types of tumours, from benign to
malignant as well as from exceedingly complexity to prevalent

which makes it

[6]. These cancers can develop in the brain as primary BT or
spread to other parts of the body is said to be metastatic BT. The
term primary BT describes tumours that start inside the brain.
These tumours might be enclosed in the nerve cells which
surround the brain or they can be produced from brain cells. There
are several types of primary BT, including benign and malignant
ones. The most prevalent kind of malignant BT are secondary BT,
sometimes referred to as metastatic BT. Notably, secondary BTare
always malignant and represents a major risk to health, whereas
benign tumours usually do not move from one part of the body to
another [7]. Nearly, 700,000 of individual with primary BTin
United States and almost 85,000 new instances of BTwere
identified in the US alone during 2021. When a BTis present, a
number of factors influence the prognosis and survival rates,
including the patient's age. According to the study, one year
survival rate for patients between the ages of 55 and 64 is 46.1%
and in the case of patients between the ages of 65 and 74 is 28.3%
[8]. Early tumour diagnosis is crucial for improving the chance of
survival [9].
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FIGURE 1 TYPES OF TUMOR WITH MRI IMAGES FROM THE BT DATASET

Gliomas, pituitary tumours, and meningiomas are the most
common primary BT observed in clinical practice, as illustrated in
Figure 1 [10]. Nearby meningeal tissues on the spinal cords
periphery or brain, meningiomas often develop. The membranes
assist in protecting the spinal cord and brain are where this benign
tumour develops. However, the glial cells that support and
envelop the neurones give rise to gliomas, the BT with the greatest
mortality rate. Gliomas make up for one-third of all BT cases. The
pituitary gland is the site of benign pituitary tumour development
[11]. A proper diagnosis determines the lifespan and available
treatments for BT.

Researcher majorly focuses on three different tumours namely
pituitary, meningioma, and gliomas [12] [13]. A promising and
quickly expanding area is Artificial Intelligence (Al). Giving the
machine the capacity to think like a human is the goal. In the data-
driven discipline of Machine Learning(ML), machines are given
the capacity to learn without explicit programming. This field is
being widely applied in medicine, particularly in medical
imaging [14]. DL is the area of ML that performs the best when
compared to supervised learning. The usage of Artificial Neural
Networks (ANN) as an algorithm, which simulates the functioning
of the human brain, is the domain's advantage. The majority of
this work involve image processing using computer vision field,
where images are the ML foundation. Breast cancer is classified as
either benign or malignant with respect to characteristics of a
Modified Recurrent Neural Network (MRNN). The outcome of
proposed model determines that existing models already in use
have yield with 86% accuracy in detection of breast cancer. Thus,
the proposed DL method involves a huge number of parameters,
which complicates computation [15]. The BT detection and
classification of BT types are potentially be aided by a method
developed from the performances of DL. Creating the sequential
method canable to identify discriminate among brains with and
without tumours but the different among types of tumours will be
a challenge. Hence, the proposed DL model with TL is used to
identify the BT detection precise than existing methods.
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II. LITERATURE REVIEW

Nazir et al., have provided a thorough analysis of the current
research and findings, in order to more accurately identify and
classify brain cancers using MRI images. This study will be
particularly helpful for DL experts who wish to utilise their
knowledge to classify and identify BT [16]. Satpute et al.,
have executed an analysis with CNN-based technique for BT
using MRI data segmentation. There are currently several
categorisation and prediction techniques for diagnosing BT. An
in-depth analysis is provided on the advantages and disadvantages
of current brain tumor diagnostic methods. To overcome these
limitations, a classifier based on Convolutional Neural Networks
(CNNs) is suggested. When a CNN-based classifier is used to
compare the training and testing data, the best outcome is
achieved [17]. Using a dataset created from 3D BRATS pictures,
Kabir et al., have presented a technique for brain cancer detection
and classification that can reliably identify if a tumour is present
or not in the MRI image using 217 BRATS dataset and justify the
BT whether it is benign or malignant. The recommended method
includes 1image pre-processing and segmentation with
enhancement of multi-valued threshold as well as feature
extraction and selection for generating classification process using
various models. The proposed method has been tested for both the
original BRATS dataset as well as improved edition of the same
dataset [18].

Hameed et al., have used a lot of data to train DL models in order
to automatically classify complicated photos of cancer cells. The
CNN and RNN merits are combined [19]. Yan et al.,
have employed a neural network to analyse photos of breast
cancer histology. A CNN was used to obtain higher hierarchical
information from case images, and an RNN was used to fuse
plaque characteristics to determine the final image classification.
However, a lot of redundant features must be processed by the
majority of feature extraction methods [20]. Feng et al., have
introduced an autoencoder designed to preserve the manifold
structure. This method first extracts discriminate features from
unlabeled data. It then refines the NN by using labelled data,
ensuring the input dataset's structure remains intact from a
classical learning standpoint. Additionally, it focuses on
minimizing reconstruction errors across extensive unlabelled data,
which facilitates the extraction of discriminative features within
the DL framework. Graph representations may be challenging to
discern due to the intricacy of label connections in pictures [21].
Nguyen et al., have introduced the Modular Graph Transformer
Network (MGTN) has separates a computation graph into various
subgraphs with modular-based through preprocessing approach,
allowing distinct subgraphs to transmit information more
effectively [22]. Wang et al., have developed a method for BC
classification using histopathological images by integrating a
transformer model with contrastive learning. This approach
employs two-channel structure to extract both
convolutional and capsule features simultaneously. By merging
the advantages of CNN and capsule networks, it enhances feature
fusion and augmented routing [23]. Tilagaraj et al., have a Deep

a novel
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[24]. Hong et al., have proposed the spectral former, which
overcomes the limitations of traditional CNN by utilizing the
inherent network backbone of transformers. This approach
addresses the challenges typically associated with the order of
transformers [25]. Liu et al., have introduced a Bayesian neural
network-based hierarchical learning approach. It constructs a label
tree representing visual confusion from the convolutional neural
network’s results, and then organizes the categories of an image
dataset into a hierarchical framework. This method also
automatically determines the appropriate tasks for hierarchical
learning [26].

This session illustrates and summarise the CNN based techniques
for BC and BT detection as well as find out the less precision in
BT detection is identified as the limitation for diagnosing diseases
from medical imaging. Moreover, the benefits of RNN and AE are
discussed for better detection of medical imaging with better
diagnosis of diseases. Thus, the RNN with AE is considered as
proposed model in this research.

III. RESEARCH METHODOLOGY

This research focus on improving the classification accuracy for
better detection of BT that can be done through the feature
extraction method named CAE which is implemented with RNN
model as LSTM. The image dataset is fed into the CAE and the
pretrained CAE output has been utilized as the input to LSTM for
fine-tuning the model. Moreover, CAE assist in considering the
significant features from the available images as an input and the
classification accuracy get accomplished. Figure 2 illustrate the
overall architecture of predicting BT using CAE with LSTM
model.

Input dataset as Brain MRI images

i

Generate images from original image path for TL
using CAE

l

capturing local spatial patterns and get
compressed as the input

Original images path with its original dimensions

l Reconstructed Path

De-noised images as pre-trained images are

Original image path Fy = f(x) reconstructed

TL using CAE as Fg = f(XRecons)

Integrating original image pass and pre-irained
CAE method

l

Fine tuning of pre-trained CAE with LSTM as
classification layers

l

High accuracy in training as well as testing is
determined to predict Brain Tumor disease using MRI
images

FIGURE 2 ARCHITECTURE OF PREDICTING BTUSING CAE WiTH LSTM
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image from the original image to implement with TL using CAE
technique. There are two different path as original image path and
image path whereas the auxiliary image is extracted with VGG16
layer as Relu layer and 2D conv layer for capturing the local
spatial pattern and compressed as an input as reconstructed path.
Moreover, the de-noised images are pre-trained images that get
reconstructed using CAE concept and made integerated as
mapping with original images. Finally, the pre-trained CAE
method images are fine tuned with LSTM classification layers for
better feature extraction for generating high accuracy in predicting
BT class classification in diagnosis.

IV. DATA COLLECTION AND DATA PREPROCESSING

Most of the primary CNS tumor is considered to be BT and it is
diagnosed from 11,700 individuals from every year. The survival
rate of 5-years with CNS tumors or cancerous brain for men and
women are 34% and 36% respectively. According to the dataset
collected for types of BT with Magnetic Resonance Imaging
(MRI) images have classified as Benign, Malignant and pituitary.
The total image files collected from four categories namely
no_tumor, glioma_tumor, pituitary tumor and meningioma_tumor
consists of 3264 files. The image size is 495x619 and data with
huge amount have been generated via scanned data and radiologist
have assisted to examine the generated images. Error prone may
occur in manual examination because of level complexities in
identifying the BT and its properties. In this research, the MRI
image files for four different categories of tumor is segregated
with training and testing as 88% and 12% of image files. The
improved accuracy of diagnosing the BT type can be done through
by understanding the MRI images clearly. The best techniques for
detecting BT using automate classification technique using Deep
Learning (DL) for proper treatment for enhancing the patient’s life
expectancy.

Working of CAE

The suggested CAE structure of architecture is shown in Figure 3,
which represents the output image as compressed as CAE image
datasets as reconstructed images. Moreover, the proposed CAE
have utilized Rectified Linear Unit (ReLU) function as an
is done once four batches of both 2D
convolutional as well as deconvolutional layers at the symmetric
architecture. The process that reverses the convolutional layer's
function is called deconvolution, or transposed convolution. The
input is specifically mapped from the space of low-dimensional to
high-dimensional images.

activation function
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FIGURE 3 TOPOLOGY OF CAE

To be more precise, the first layer (2D Conv1-ReLU1) receives
the original input images as dimensions (H x W x 3). The process
generates 32 down sampling by spatial feature map’s using 32
filters as well as dimensions with H/2 X W/2 and this process is
said to be CAE Encoder's. Subsequently, the next layer is 2D
Conv2-ReL U2 that assists in receiving this output from the
encoder and utilizes 2 x 2 kernel size along with 3 different filters
to produce a compressed picture representation with dimensions of
H/4 x W/4 x 3. It makes sense to use a kernel with a lesser size in
the second layer as the output feature maps of the first layer have
smaller dimensional sizes than the input image. Likewise, the
opposite operation of the encoder is carried out symmetrically by
the third as well as fourth layers is 2D Deconv3-ReLU3 and 2D
Deconv4-ReLU4 corresponding for the components of CAE's
decoder.

Algorithm for CAE

Input:Generation amount (Gn), Mutation probability (m),
Children size (p), Training set (T;), Validation set(V;)

Output: CAE architecture to find best parent
Step 1- Initialize the parent with number of generation as Gn.

Step 2- Training the model with T; and assigning the model fitness
as Fp using the set V;.

Step 3- When generation < Gn then do
Step 4- fori=1 to A do childreni «— Mutation(parent, m)
modeli «— Train(childreni, T;)

fitnessi «— Evaluate(modeli, V;)

end for

Step 5- Calculating the fitness of p to find the best parents with
generation Gn

best «— argmaxi=1,2,...,u {fitnessi}

979-8-3315-2266-7/25/$31.00 ©2025 IEEE

parent «— childrenbest Fp «fitnessbest
else
parent <« Modify(parent, m)
end if
Gn=Gn+1
Step 6- Repeat step 4 and step 5 until the step 3 meets
Step 7- Return
LSTM working principle

LSTMs are members of the RNN family, which are NNs designed
to handle sequential data by sharing internal weights throughout
the sequence. LSTM overcomes the decreasing error gradient
challenge and preserves long-term dependencies by maintaining
the error gradient through its gates.

e — 5 Y
l Cutput
gate
Forget Input Input @ o
gate | gate node T T
Eloftlo] & [em] [o]
Hidden state } J )‘ j
- \. r J
Input X,

FIGURE 4 ARCHITECTURE OF LSTM MODEL COMPUTATIONS

Where,

- Activation function with FC layers

O

LSTM method calculation is expressed mathematically has shown

- Element-wise operators

in equation 1.

ht:f(Wh*Xt+Uh*ht—l+bh) (1)

Where,

Xi - Current feature embedding

Vh and U P feature weight matrix
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f () = Non-linear function

Generally, the model consider tanh and ht as the basic hidden state
whereas the input gate, forgot gate and output gate is shown in
equation 2 to equation 6.

f.= G(Vf*xﬁU ,-*h,_1+b,~) @)
i=olV*x+U*h.+b) 3)
0=, *x+U,*h.*b,) (4)
¢.= f co+i el *x,+Uc*ho+b) ©

h,= o, * tanh(c,) (©)

Where,

ht = Input gate

f = Forget gate
t

C, - Memory cell
O = sigmoid function
0, - Hadamard product

The forget gate randomly chooses which past information ought to
be forgotten, whereas the input gate regulates what newly acquired
data is required to remain in the memory cell. Finally, the output
gate determines how much data from an internal memory cell will
be exposed. These gate units aid an LSTM model in remembering
essential data across time steps as
segmentations.

The pattern of mutated generation is considered to be the childbest
as fitnessbest with reconstruction path of CAE output as TL for
the BC class detection dataset. The obtained CAE output is
considered to be input for RNN based LSTM method to fine tune
the dataset with better feature extraction of Relu as activation
function. The sigmoid functions with FC layers are assisting in
identifying the precise feature to identify the class precisely.

numerous automatic

V. RESULT AND DISCUSSION
In this research, the experiment with high performance server
have considered due to image processing whereas 16GB RAM
is used with CPU as Core i7 DMI2, storage with 256 GB ROM.
The operating system utilized in this experimental research is
Ubuntu 18.4.3 LST for image dataset training process. The loss
function and optimizer has been employed as proiyosed model

is binary cross entropy and adam. The CAE mo genera
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imported from the Kkeras
application module. The constructor of the nueral network with
conventional VGG16 layer involves three major arguments
namelyinclude top, input shape and weight. This network can
generate input sizes with weight constructor that mentioned the
threshold weight obtain from proposed model such as
include topis involved a classifier with dense connections at
the network top as well asinput shape perform an image
tensor shape. The image is further fine tuned with LSTM after
the CAE is involved. The total image files collected from four
categories namely and no tumor, meningioma tumor,
pituitary tumor and glioma tumor consist of 3264 files. The
image size is 495x619 and data with huge amount is generated
through the scans.

TABLE1 TRAINING AND TESTING IMAGES OF BT DATASET

BT BT status | Image Training Images
dataset Count | Training | Validating
No tumor 500 395 105
Meningioma | 937 822 115
tumor
Pituitary 901 827 74
tumor
Glioma tumor 926 826 100

This research majorly focuses for involving CAE instead of
involving hyperparameter with huge amount of images and the
CAE focuses on providing convolution layers with 3 x 3 filter
using a three stalk with maxpooling each as well as frequent
utilization of the similar padding to 2 x 2 convolution layer
filter with maxpool every to two stalks. The arrangement has
done sequence with convolution layer monitored through one
layer of max pool for every stalk frequently done by the whole
architecture. Finally, it consists of 3 FC layers as dense layer
subsequently a softmax for output. The CAE
conventional layers through weights. The classification of BT
tumor with glioma tumor, meningioma tumor and pituitary
tumor is clearly defined through CAE with LSTM model for
fine tunning the model with best performance in identifying the
BT precisely.

involves

The suggested CAE with LSTM model defines the
classification of no tumor, meningioma tumor, pituitary tumor
and glioma_tumor whereas figures 5 and 6 show the associated
model loss as well as training and validation accuracy.

1058



Proceedings of the 6thrimtérnatiomatyConference on Mobile Computing and Ssistairabietiformatich¢CNIGSIa02F)tal accuracy from 92.55% to

DVD Part Number: CFP25US4-DVD; ISBN: 979-8-3315-2265-0
0.95

accuracy

[} 10 20 30 40 50
epoch

FIGURE 5 ACCURACY CURVE FOR CAE WITH LSTM METHOD

The figure 5 has illustrated the CAE with LSTM model
accuracy in which accuracy for training is steady beyond 32
epochs as well as maintains the incremental accuracy from
92.45% to 96.20. Similarly in validation accuracy, the drastic
change in accuracy and finally obtained with 86.32%. As the
epochs increases the accuracy increases and slight decreases,
whereas finally training accuracy is higher with 96.20% than
testing accuracy is 86.32%.

Figure 6has illustrated the CAE with LSTM model loss in
training is from 0.6438 to 0.1172 and in the validation loss is
0.4263 to 0.3625 which is lesser than training since slow
learning during initial epochs but epochs increases the loss get
decreased. When the epoch gets increased, there is a reduction
in loss from 0.6438 to 0.1172 which liable to define that TL
have been occurred in minimizing the loss. In validation loss
curve, the value of loss gets minimized from 0.4263 to 0.3625.
Thus, the model is trained in the best mode for classifying the
model with 96.20% accuracy.
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FIGURE 6 LOSS CURVE FOR CAE WITH LSTM METHOD

The suggested AE with CNN model defines the classification
of no tumor, meningioma tumor, pituitary tumor and
glioma tumorwhereas Figures 7 and 8 show the associated
model accuracy and loss for training and validation.

The figure 7has illustrated the AE with CNN model accuracy in

which accuracy for training is steady beyond 29 ¥9ch¥agahe1/25/$3]L.00 ©2025 IEEE

94.15%. In validation accuracy, the drastic change in accuracy
and finally obtained with 85.58%. As the epochs increases the
accuracy increases and slight decreases, whereas finally
training accuracy is higher with 94.15% than testing accuracy
is 85.58%.

model accuracy
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FIGURE 7 ACCURACY CURVE FOR AE WITH CNN METHOD

Figure 8has illustrated the AE with CNN model loss in training
is from 0.8156 to 0.1614 and in the validation loss is 0.5904 to
0.3801 which lesser than training since slow learning during
initial epochs but epochs increases the loss get decreased.
When the epoch gets increased, there is a reduction in loss
from 0.8156 to 0.1614 which liable for defining TL that have
been occur in minimizing the loss. In validation loss curve, the
loss value gets minimized from 0.5918 to 0.3801. Thus, the
model is trained in the best method for classifying the model
with 94.15% accuracy.
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FIGURE 8 LOSS CURVE FOR AE WITH CNN METHOD

Table 2 illustrates the evaluation metrics for CAE with LSTM
and AE with CNN in which accuracy and loss is determined
through training and testing module.

TABLE 2 EVALUATION METRICS FOR CAE WITH LSTM AND AE WITH CNN

Evaluation Model Training Testing

Metrics description

Accuracy AE with CNN | 94.15 85.58
1059
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Loss AE with CNN | 0.1614 0.3801
CAE with | 0.1172 0.3625
LSTM
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FIGURE 9 ACCURACY COMPARISONS OF CAE WITH LSTM AND AE WITH CNN

Loss performance for CAE with LSTM with AE
with CNN model

M Loss AE
with CNN
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with LSTM

Training

Testing

Model performance

FIGURE 10 LOSS COMPARISONS OF CAE WITH LSTM AND AE WITH CNN

Figure 10 illustrates the model loss in training for AE with
CNN is 0.1614 which is comparatively higher thanCAE with
LSTM is 0.1172 and in the case of validation loss for AE with
CNN is 0.3801 is lesser than CAE with LSTM is 0.3625.
Moreover, CAE with LSTM has generated high accuracy in
training as well as testing module.

VI. CONCLUSION
This research has enhanced the performance of LSTM by
introducing CAE technique on image classification tasks.
The proposed study is to concentrate in using CAE as data
preparation technique to reconstruct robust and compressed

ProceedirlgChAtRe 6th Intevigionad 6@ derence on Mol§ts. 8@mputing hnd RistNnahisdetsrmatic (NN GabaAEIS)With CAE are typically taken into

consideration. This research concentrated to prove that TL based
method may leads to the highest performance than traditional and
evaluated CAE with LSTM as 96.2% and 86.32% for training and
testing results comparing with AE with CNN image classification
models is 94.15% and 85.58%. Moreover, the proposed model is
evaluated with AE with CNN model through the combination as
well as incorporation of the BT image dataset. Therefore, the
usage of CAE with LSTM for image classification methods
which is a adequate layer in DL model selection for leading the
reliable and robust experimental results. Thus, the prediction of
BT detection is high accuracy in CAE with LSTM. In future, the
prediction of BT has focused in improving validation prediction
through hybrid model as TL with Bi-LSTM model for generating
better validation in prediction of BT detection to create an
application for detecting BT through MRI.
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