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Abstract—Cancer is a disease by which cells in
parts of body start growing without any control and
spread over the body. Cancer is a very dangerous
disease in the world. Nowadays the death rate
increases due to the cancer. If the cancer is
diagnosed at its earliest stage, there is a chance for
a cure. There are lot of approaches to diagnosing
cancer such as physical examination, laboratory
test, imaging test and biopsy. The manual process of
finding the existence of cancer is quite time
consuming and tedious. To assist the physician in
the diagnosis, effective CAD (Computer Aided
Diagnosis) based tools have been developed for
early diagnosis and treatment. Deep Learning has
produced algorithms capable of diagnosing the
disease at an earlier stage with more accuracy. In
this work, different deep learning models deployed
for specific four kinds of cancer classifications viz.,
Brain tumor, Breast cancer, Cervical cancer and
Lung cancer have been surveyed. This work shows
that even though the number of researches and
publications are increasing in the medical analysis,
most of the place is occupied by Convolution Neural
Network (CNN).

Indexed Terms— CNN. Deep Learning, Medical
Image, Transfer Learning.

I INTRODUCTION

Image processing and computer vision have assisted
the diagnosing process of various diseases. Second
opinion can be provided through the image
processing. Among all the dangerous diseases, cancer
is the most significant one due to its fatal nature. The
prior detection of cancer is highly necessary for the
effective and timely treatment of a patient. In recent
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years, Deep Learning makes a revolution in computer
vision field. The deep learning method mimics the
human neural network. This survey focuses on
current research progress of deep learning techniques
for medical image classification in the context of four
different cancers viz., brain tumor, breast cancer,
cervical cancer and lung cancer.

. BRAIN TUMOR

The most significant organ in our body is brain which
controls the functions of all the parts of the human
body. It is a collection of billions of cells. Some
external factors result in uncontrollable growth of
cells that causes tumor. Brain tumors are broadly
classified into Benign tumors and malignant tumors.
Benign tumors are not the cancerous cells and are
less harmful as they do not spread across the other
cells. But malignant tumors are cancerous, harmful
and spread rapidly across other cells and tissues
which leads to death.

To avoid the death or to increase the life span of the
patient, the early prediction of the tumor is more
important. Magnetic resonance (MR) imaging plays a
vital role to determine the presence of a tumor. With
the help of computational intelligence and deep
learning techniques, finding of tumors in the early
stage is possible. Some of the important works done
in the prediction of brain tumor with the help of deep
learning techniques are discussed below.

In the work of A. Ari et al. [1], tumor was classified
as benign or malignant by using ELM-LRF (Extreme
Learning Machine Local Receptive Fields) and
achieved 97.18% accuracy, 96.80% Sensitivity and
97.12% Specificity. Automatic brain tumor system
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[2] was proposed to classify the brain tumor using
CNN with deeper architecture and small kernel. This
model classified the images into two classes namely
tumor and non tumor based on the probability score
and achieved 97.5% accuracy with low complexity.

In DNN with DWT[3] model, brain MRI images of
malignant brain tumors were classified into 3 types
viz., glioblastoma, sarcoma and metastatic
bronchogenic carcinoma by combining Discrete
Wavelet Transform (DWT) for feature extraction and
Deep Neural Network (DNN) for classification. This
model is similar to CNN architecture but it needs less
hardware resources and less time to process large size
of images.

Random Forest (RF) classifier[4] was applied for
classifying MRI images into three sub tumoral
sections such as complete, enhancing and non-
enhancing tumor. This model segments the tumor and
extracts the following features viz., Gabor wavelet,
HOG, LBP and SFTA. Features are combined and
given as input to RF classifier to classify the tumor.
With the combination of these features, the model
shows improvement in sensitivity, specificity and
accuracy.

H. H. Sultan et al. [5] proposed a CNN model to
classify the tumor as glioma, meningioma and
pituitary tumor. Stochastic Gradient Descent with
momentum is applied as optimizer to minimize the
loss function. It achieved good performance with the
best overall accuracy of 96.13%. A hybrid feature
extraction method referred as PCA-NGIST [6] was
proposed to extract the most important features and
RLEM(Regularized Extreme Learning Machine)
classifier was employed to classify the tumor and
accuracy of 94.93% was achieved.

VGC19 CNN pre-trained model [7] was fine- tuned
by applying blockwise fine-tuning strategy. There are
many pre-trained CNN models such as AlexNet,
VGC16 and VGC19 among which VGC19 showed
better performance [8]. GoogleNet [9] was modified
and fine-tuned to extract the features of brain MRI
images with tumors and KNN and SVM were applied
as classifiers. As a result, KNN got 98% accuracy
and SVM got 97.8 % accuracy.
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G-ResNet(Global ~ Average Pooling  Residual
Network)[10] was proposed to perform classification
on brain tumor images. The overfitting problem was
avoided by using global average pooling layers than
flatten layer.

DensNet201 and Inceptionv3 pre-trained models [11]
were also applied to extract the features. The
extracted features were concatenated and given to
softmax classifier. This model produced high
accuracy in brain tumor classification.

Small size of data will cause overfitting problem in a
model and it affects the performance of the model.
Data augmentation, usage of drop out layers are the
most common methods to reduce the overfitting[5]
[12]. A hybrid architecture of Neural Autoregressive
Distribution Estimation(NADE) and a CNN [13] was
proposed to eliminate the unnecessary features and to
smooth the edge of a brain tumor.

M. I. Sharif et al. [14] proposed a model in which the
best features are selected by merging the output of
two different techniques namely EKbHFV (Entropy-—
Kurtosis-based High Feature Values) and MGA
(Modified Genetic Algorithm). The selected features
were used to classify the brain tumor using multiclass
SVM cubic classifier and achieved high accuracy.

A brain tumor classification model has proposed by
using CDLLC(Convolutional Dictionary Learning
with Local Constraint) [15]. To extract the selective
information, multilayer dictionary learning was used
with  CNN and attained high performance in
classification.

Feature map plays an important role in CNN
architecture. In  the differential deep-CNN
architecture model [16], differential operations were
employed to derive differential feature map from the
original CNN model. This derivation movement
resulted in the better performance of the model by
attaining high accuracy and complexity reduction in
CNN structure.

A hybrid model [17] was proposed by combining
Fine-tuned Google-Net model with SVM to
recognize and classify the tumor categories such as

ICONIC RESEARCH AND ENGINEERING JOURNALS 89



© SEP 2023 | IRE Journals | Volume 7 Issue 3 | ISSN: 2456-8880

meningioma, pituitary tumour, glioma and not a
tumour. This model outperformed the standing
models by achieving high performance in terms of
recall, precision, and accuracy. RNGAP [18] was
proposed by integrating pre-trained ResNet-50 and
global average pooling which minimizes the
computation time. SGDM optimizer was employed to
attain fast convergence.

To design the optimal CNN architectures for
increasing the performance, different approaches
were applied to robotically obtain CNN architectures,
which achieved good results. In order to optimize
CNN hyper-parameters, a variety of meta-heuristic
algorithms such as FGSA, harmonic search, firefly
algorithm and whale optimization algorithm are used.
Here, firefly algorithm was modified and named as
mFA(modified Firefly Algorithm) which optimized
robotically the hyperparameters’ values of the CNN
architecture which were hired for image classification
process. This model achieved higher accuracy than
other methods [19]. From the above-mentioned
detailed analysis, it can be concluded that fine-tuning
and transfer learning with the help of hybrid model in
deep learning have achieved good performance.

Some of deep learning models for classification of
brain tumor and their performance are outlined in
Table 1 and Figure 1.

Table 1. Comparison of deep learning models for
brain tumor classification.

Accuracy
S.No | Model Dataset %)
BRATS
1 |ELM-LRF - based | o) 97.18
tumor classification
dataset.
BRATS
2. CNN 2015 97.50
3. DNN+DWT 96.97
BRATS
Random Forest+ | 2012-
4 Feature Fusion BRATS 95.00
2015
5. CNN MRI 97.54
PCA-
6. NGIST+RELM MRI 94.93
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classifier
7. Pre-trained VGC19 | CE-MRI 94.82
GoogLeNet + SVM 97.80
8 GoogLeNe + KNN MRI 98.00
9. G-ResNet MRI 95.00
Inception-v3 3064 T1-|99.34
weighted
10. DensNet201 contrast
MR
images 99.51
11. GAN + ConvNet MRI 95.60
12. CNN+ NADE MRI 95.00
(EKbHFV+MGA)
13 +DenseNet201 MRI 99.90
REMBRA
14. CDLLC NDT 97.55
Differential  Deep
15. CNN MRI 99.25
Google-Net +SVM 98.10
16. -Net+Fi MRI
Google Net+Fine 93.10
Tuning
RNGAP (ResNet-50
17. +GAP) MRI 97.48
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Fig.1. Performance analysis ofdifferent model for
brain tumor classification

I1l.  BREAST CANCER

Breast cancer is most dangerous and primary diseases
which causes women’s death. It may be classified
into two types: benign, and malignant tumors.
malignant cells are very dangerous due to their
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asymmetrical growth in the body. There were lot of
research work in the classification of benign, and
malignant tumors using different deep learning
models.A CNN model [20] was proposed to extract
the features from the breast cancer histopathology
images and classify into benign and malignant tumor
image class. The performance of this model has been
measured in terms of accuracy and its accuracy is
90%.

Inception was compared with ResNet models using
transfer  learning strategy to classify the
Histopathological Images of Breast cancer
(BreaKHis) as benign and malignant type. This
comparison gave a conclusion that ResNet models
were more reliable and sensitive than Inception
model [21]-[22].

One more popular CNN model is VGCNet 16 which
is compared with ResNet50 using IRMA dataset to
classify the tumor as normal tumor and abnormal
tumor. It concluded that VGC16 outperformed the
ResNet50 in the performance metrics of Accuracy,
Recall and Precision [23].

The ensemble method for feature extraction leads the
improvement in terms of accuracy. A CNN model
with softmax activation [24] provides a vector of
probabilities for each sample. It gives different
accuracy in different iteration. So, 10 different
predictive models were used to create the
probabilities for the testing data. Then the data were
summed and the maximum value among them was
taken and given to the class as output. This model
provided an accuracy in the range of 96.15% to
98.33% for the binary classification.

The researchers have not only compared the CNN
models, but have also performed the comparison on
supervised learning and unsupervised learning. In a
work by D. Selvathi et al. [25], CNN was compared
with Sparse Auto Encoder (SAE) and stacked sparse
autoencoder which are unsupervised learning
techniques. In this comparison, the author concluded
that stacked sparse autoencoder outperformed the
remaining two techniques.
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Even though CNN model solves various problem in
medical image analysis, it has some negative impact
due to the class-imbalanced data. This problem was
addressed by using oversampling and under-sampling
approaches[26]. Among these two approaches, the
oversampling algorithm SMOTE (Synthetic Minority
Over-sampling Technique) produced high sensitivity,
Over-sampling with Replacement resulted in high
accuracy and specificity. The author concluded that
synthetic based oversampling is a good approach to
address the problem of class imbalance in
histopathological image classification.

DenseNet is one of the fine-tuned CNN models [27]
and has the benefit of feature concatenation which
helps to learn features without compression. This
model processes these features. It eliminates the
overfitting problem and reduces the training process.
This model outperforms the existing methods.

GoogLeNet, VGGNet, and ResNet have been
selected for transfer learning [28] to extract generic
features. The output of each network was combined
and given to the fully connected layer to classify the
malignant and benign cells by applying average
pooling. This model provides an average accuracy of
97.67%.

BHCNet [29] is a novel CNN model with a small SE-
ResNet for reducing the training parameters and
Gauss error scheduler to set the learning rate
automatically. The learning parameters were reduced
to 33.3% by small SE-ResNet. It attained an accuracy
between 98.87% and 99.34%.

Stacked Generalized Ensemble algorithm [30] was
proposed to classify the images into benign and
malignant tumors which outperformed on different
deep learning classifiers. SGE model used the best
prediction learnt by different models such as CNN,
DA, VGG16, VGG19, Xception (ReLu) and
Xception (Elu).Z. Hameed et al., proposed a model in
whichVGC16 and VGC19 models were fine-tuned
[31] and ensembled to classify the histopathology
images of breast cancer as non-carcinoma and
carcinoma. It provides good accuracy than the fully
trained VGC16 and VGC19 model.
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In a model developed by Y. Yari et al., ResNet and
DenseNet were fine-tuned [32] by replacing the fully
connected layer with a new layer. In the new layer,
weights are transferred and fine-tuned. It is
performed by training and backpropagation on the
resnet50 and DenseNet121. By using this model,
100% accuracy was obtained in binary classification
and 98% accuracy was obtained in multi class
classification.

OMLTS-DLCN [33] model comprises a CapsNet for
feature extraction and Back-Propagation Neural
Network (BPNN) to classify the mammogram
images for finding the presence of breast cancer. It
achieved 98.50% accuracy.

A novel deep learning model was proposed to
improve the classification results on the MIAS
dataset via pre-trained CNN models such as
Inception-V2, Inception V3, VGC-16, VGC-19,
ResNet50 and Inception-V2 ResNet. The fine-tuning
and freezing strategies were applied to improve the
mass-lesion classification accuracy. Among these
models, VGC-16 achieved highest accuracy [34].

In a work by K. Jabeen et al., Pre-trained DarkNet-53
model [35] with output layer modification was
proposed by applying transfer learning accompanying
with global average pooling layer for features
extraction. Reformed Gray Wolf (RGW) and
Reformed Differential Evaluation (RDE)
optimization algorithms were used to pick up the
most important features. The nominated features
were fused with this model and this model classified
tumor into three classes namely Normal, Benign and
Malignant with 99.1% accuracy.

A comparative study was done by V. Allugunti [36]
among Convolutional Neural Network (CNN), the
Support Vector Machine (SVM), and Random Forest
classifiers with mammography pictures and found
that CNN achieved the best accuracy of 99.67%.

EDLCDS-BCDC technique [37] employed three
well-known deep learning models of SqueezeNet,
VGG-16 and VGG-19 for feature extraction. The
generated feature vectors were given to MLP
classifier to assign right class labels. The EDLCDS-
BCDC technique produced the highest accuracy of
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97.09%. Table 2 and Figure 2. shows the
performance level of different models in terms of
accuracy.

Table 2. Comparison of deep learning models for
Breast Cancer classification.

S.No | Model Accuracy(%)
1. CNN 90.00
2. Inception 94.10
ResNet 98.40
3. VGG16 94.00
ResNet50 91.70
4, CNN 96.15 to 98.33
5. CNN 97.00
Sparse autoencoder 98.50
Stacked sparse 98.90
autoencoder
6. DenseNet 96.00
7. GoogLeNet, VGGNet,
and ResNet 97.67
8. BHCNet + SE ResNet+ | 98.87 to 99.34

Gauss error scheduler
(learning rate scheduler)
9. SGE(Logistic) 97.53

10. Fine- tuned ResNet and | 100.00(Binary

DenseNet classification)
98.00(Multi
class
classification)

11. OMLTS-DLCN 98.50

12. Inception V3, ResNet50, | 98.96(VGC-
VGG19, VGGI16, and | 16)
Inception-V2 ResNet
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Fig.2. Performance analysis ofdifferent model for
brain tumor classification
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IV. CERVICAL CANCER

Cervical cancer is the most common cancer in
women. Human Papilloma Virus (HPV) makes an
abnormal growth of cells in cervix region which
leads to Cervical cancer. It is a curable disease only
when it is identified at an early stage. There were
many attempts to use deep learning algorithms for
classification in the early prediction of cervical
cancer. Some of the significant works in cervical
cancer prediction using deep learning are given
below.

A DCNN model [38] was proposed based on
AlexNet which is easily trainable and optimizable.
Before doing classification, data preprocessing was
done such as re-sizing the images and data
augmentation. The pre-trained model was fine-tuned
with original image data set and augmented data set.
The model with original image data set provided
89.48 accuracy and the model with augmented data
set provided 93.33% accuracy.

A schematic CNN [39] was proposed and
experimented with different learning rate, batch size
and momentum on the data set. It achieved 100%
accuracy in the classification of VIA negative and
VIA  positive areas.LeNet architecture  of
convolutional neural network [40] was proposed and
achieved an accuracy of 83% in cervical cancer
classification.

CervixNet methodology [41] classified the cervical
cancer data set by employing different technologies
in different stages such as flat field correction and
image intensity adjustment technique for image
enhancement, Mask R-CNN for segmentation of Rol
and Hierarchical Convolutional Mixture of Experts
algorithm.

The major issue of machine learning algorithm is
dimensionality reduction. It was eliminated by
stacked encoder model [42] which is deep learning
approach. A reduced dimension dataset was prepared
by applying stacked encoder to the raw dataset. By
applying softmax classifier, this model achieved
97.8% accuracy.
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A fully-automated deep learning pipeline [43] was
proposed to uncover the cervix regions and classify
the cervical tumors. This model pipelined the
components such as Cervix recognition, cervical Rol
abstraction, Rol pre-processing, Augmentation,
Automatic feature extraction and classification of
cervical tumors. This model showed its benefits such
as speed in the detection of cervix region and
classification of cervix region.

An automatic CAD cervical smear image
classification system [44] was proposed based on
PsiNet-TAP(adaptive pruning deep transfer learning)
to classify the cervical cell images. This model
engaged the regularization of loss function to avoid
the over fitting and gave excellent performance in
classification.

V. LUNG CANCER

Lung Cancer is a complicated health issue with a
high death rate in recent years. The detection of
cancer is most important and easy to identify using
image processing with deep learning. The following
portion depicts the different works on lung cancer
classification using deep learning algorithms.

Multi path VGC-like network [45] was proposed to
classify the lung modules. Before classification,
segmentation was done using U-Net architecture.
This model used VGC-16 and fully convoluted layer
for classification. It employed SoftMax as classifier.
It achieved an accuracy of 95.66 %.

A MixNet (Mixed Link Network) [46] was designed
to work on 3D lung CT scan images to classify the
malignancy of nodules. The proposed model
combined two deep 3D faster R-CNN and U-Net
encoder-decoder to learn the feature of lung nodule.
After learning the nodules, Gradient Boosting
Machine (GBM) with MixNet was used to classify
the nodules. It was evaluated in terms of specificity,
sensitivity and area under the Receiver Operating
Curve (ROC) and achieved the values of 94%, 90%
and 0.90 respectively.

Noise signals in image capturing process will reduce
the quality of cancer image and leads to wrong
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prediction. To avoid this, pre-processing is activated
with the key parts as denoising, resampling and
image upgrade [47]. The weighted mean histogram
equalization approach was used to remove the noise
in the image. Profuse clustering technique was
applied for segmenting the affected region and
instantaneously trained neural network was employed
for the prediction of lung cancer. This model
achieved 98.42 % of classification accuracy.

Optimal Deep Neural Network was developed and
Modified Gravitational Search Algorithm was
applied for optimization [48]. This model was
applied to CT images for classification and got the
accuracy, sensitivity and specificity of 94.56%,
96.2% and 94.2% respectively.A deep neural network
[49] was proposed with adaptive boosting algorithm
to classify the lung images into normal or malignant.
This model achieved 90.85% accuracy.

A novel FPSOCNN [50] was proposed to classify
benign and malignant pulmonary nodules. In this
model, different feature extraction methods have
been applied to extract multiple features such as
intensity, geometric, texture and volumetric. Fuzzy
Particle Swarm Optimization (FPSO) was applied to
select the features and the selected features were
given to the proposed classifier. The FPSOCNN
achieved 94.97%, 96.68% and 95.89% of Average
Accuracy, Average Sensitivity and Average
Specificity respectively.

AlexNet with softmax classifier model [51] was
proposed to classify the lung images into normal and
abnormal image. This model has achieved 99.52%
accuracy in classification. Wilcoxon Signed
Generative Deep Learning (WS-GDL) method[52]
was proposed to detect the lung cancer. The
redundant and irrelevant attributes were eliminated
and Generative Deep Learning method was applied to
learn deep features and predict the disease. This
method was evaluated in terms of time complexity,
space complexity, disease diagnostic accuracy, and
false-positive rate and achieved better results.

D. M. Ibrahim et al. [53] proposed four architectures
namely VGG19-CNN, ResNet152V2, ResNet152V2
with Gated  Recurrent  Unit  (GRU), and
ResNet152V2 with Bidirectional GRU (Bi-GRU) to
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classify the chest image into four class such as
COVID-19, pneumonia, lung cancer, and normal
images. Among these four, VGC19 with CNN
outperformed the remaining three models in the
performance metrics of accuracy, recall, specificity,
precision, negative predictive value (NPV), F1 score,
Area Under the Curve (AUC), Matthew’s Correlation
Coefficient (MCC), with 98.05%, 98.05%, 99.5%,
98.43%, 99.3%, 98.24%, 99.66% and 97.7% using
CT images and X-ray. The Analysed models’
performance is illustrated in Table 3 and Figure 3.

Table 3. Accuracy level of different Classification
model in Lung Cancer.

S.No | Model Accuracy
VGC 16+ Softmax U-
1. NET for Segmentation 95.66
2. AlexNet + SVM 98.42
Optimal  Deep  Neural
3. Network 94.56
4. Deep Neural Network 90.85
5. FPSOCNN 94.97
6. AlexNet 99.52
7. VGC19+CNN 98.05
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Fig.3. Performance analysis ofdifferent model for
Lung cancer classification

CONCLUSION

This paper surveyed existing deep learning models in
the field of cancer detection from medical images.
The reviewed papers have been selected from
academic journals and conferences which were
published from 2019 to 2021. This study provides
clear vision into the existing work on Brain Tumor,
Breast Cancer, Cervical Cancer and Lung cancer
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using Deep learning techniques. This paper outlined
the topical achievement in the classification of the
disease using image data set. Several pretrained CNN
models were analysed in this study. It is concluded
that the ensemble method plays a vital role in feature
extraction to improve the accuracy and Data
Augmentation contributes more in the terms of
accuracy improvement. Moreover, Transfer learning
beats all these by reducing the learning time, with
high accuracy. Through this survey, the researchers
will know the impact of noise in dataset and methods
to remove the noise in data during the pre-processing
and the impact of optimization in the positive way of
performance improvement. It is also concluded that
AlexNet , ResNet, GoogleNet and DensNet are
having prominent place in the image classification
process.

REFERENCES

[1] A. ARI and D. HANBAY, “Deep learning-
based brain tumor classification and detection
system”,  Turkish  Journal of Electrical
Engineering and Computer Sciences, vol. 26,
no. 5, pp. 2275, 2018.

[2] J. Seetha and S. S. Raja, “Brain Tumor
Classification Using Convolutional Neural
Networks”, Biomedical Pharmacol Journal, vol.
11, no. 3, pp. 1457, 2018.

[3] H. Mohsen, El-Sayed A. El-Dahshan, E1-Sayed
M. El-Horbaty, and Abdel-Badeeh M. Salem,
“Classification using deep learning neural
networks for brain tumors”,Future Computing
and Informatics Journal, vol. 3, no. 1, pp. 68,
2018.

[4] J. Amin, M. Sharif, M. Raza, and M. Yasmin,
“Detection of Brain Tumor based on Features
Fusion and Machine Learning”, Journal of
Ambient  Intelligence  and Humanized
Computing, 2018.

[5] H. H. Sultan, N. M. Salem, and W. Al-Atabany,
“Multi-Classification of Brain Tumor Images
Using Deep Neural Network™, IEEE Access,
vol. 7, pp. 69215, 2019.

[6] A. Gumaei, M. M. Hassan, M. R. Hassan, A.
Alelaiwi, and G. Fortino, “A Hybrid Feature
Extraction Method With Regularized Extreme

IRE 1705032

Learning  Machine  for  Brain  Tumor
Classification” , IEEE Access, vol. 7, pp. 36266,
20109.

[71 Zar Nawab Khan Swati, Qinghua Zhao,
Muhammad Kabir, Farman Ali, Zakir Ali,
Saeed Ahmed, Jianfeng Lu., “Brain tumor
classification for MR images using transfer
learning and fine-tuning”, Computerized
Medical Imaging and Graphics, vol. 75, pp. 34,
20109.

[8] M. Sajjad, S. Khan, K. Muhammad, W. Wu, A.
Ullah, and S. W. Baik, “Multi-grade brain tumor
classification using deep CNN with extensive
data augmentation”, Journal of Computational
Science, vol. 30, pp. 174, 2019.

[91 S. Deepak and P. M. Ameer, “Brain tumor
classification using deep CNN features via
transfer learning”, Computers in Biology and
Medicine, vol. 111, p. 103345, 2019.

[10] D. Liu, Y. Liu, and L. Dong, “G-ResNet:
Improved ResNet for Brain  Tumor
Classification”, in proceedings of International
Conference on Neural Information Processing,
pp. 535, 2019.

[11] N. Noreen, S. Palaniappan, A. Qayyum, I.
Ahmad, M. Imran, and M. Shoaib, “A Deep
Learning Model Based on Concatenation
Approach for the Diagnosis of Brain Tumor”,
IEEE Access, vol. 8, pp. 55135, 2020.

[12] N. Ghassemi, A. Shoeibi, and M. Rouhani,
“Deep neural network with generative
adversarial networks pre-training for brain
tumor classification based on MR images”,
Biomedical Signal Processing and Control, vol.
57, pp. 101678, 2020.

[13] R. Hashemzehi, S. J. S. Mahdavi, M.
Kheirabadi, and S. R. Kamel, “Detection of
brain tumors from MRI images base on deep
learning using hybrid model CNN and NADE”,
Biocybernetics and Biomedical Engineering,
vol. 40, no. 3, pp. 1225, 2020.

[14] M. 1. Sharif, M. A. Khan, M. Alhussein, K.
Aurangzeb, and M. Raza, “A decision support
system  for  multimodal  brain  tumor
classification using deep learning”, Complex
and Intelligent System.8, 2021.

ICONIC RESEARCH AND ENGINEERING JOURNALS 95



[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

IRE 1705032

© SEP 2023 | IRE Journals | Volume 7 Issue 3 | ISSN: 2456-8880

X. Gu, Z. Shen, J. Xue, Y. Fan, and T. Ni,
“Brain Tumor MR Image Classification Using
Convolutional Dictionary Learning With Local
Constraint”, Frontiers in Neuroscience, vol. 15,
2021, Accessed: Jul. 30, 2022.

I. Abd El Kader, G. Xu, Z. Shuai, S. Saminu, I.
Javaid, and I. Salim Ahmad, “Differential Deep
Convolutional Neural Network Model for Brain
Tumor Classification”, Brain Sciences, vol. 11,
no. 3, Art. no. 3, Mar. 2021.

Rasool, Mohammed, Nor Azman Ismail, Wadii
Boulila, Adel Ammar, Hussein Samma, Wael
M. S. Yafooz, and Abdel-Hamid M. Emara. . "A
Hybrid Deep Learning Model for Brain Tumour
Classification™, Entropy 24, no. 6: pp.799,2022.

R. L. Kumar, J. Kakarla, B. V. Isunuri, and M.
Singh, “Multi-class brain tumor classification
using residual network and global average
pooling”, Multimedia Tools Applications, vol.
80, no. 9, pp. 13429, 2021.

N. Bacanin, T. Bezdan, K. Venkatachalam, and
F. Al-Turjman, “Optimized convolutional
neural network by firefly algorithm for
magnetic resonance image classification of
glioma brain tumor grade”, Journal of Real-
Time Image Processing, vol. 18, no. 4, pp.
1085, 2021.

K. Kumar and A. C. S. Rao, “Breast cancer
classification of image using convolutional
neural network,” in proceedings of 4th
International Conference on Recent Advances in
Information Technology (RAIT), pp. 1, 2018.

M.H.Motlagh, Mahboobeh Jannesari,
HamidReza Aboulkheyr, “Breast Cancer
Histopathological Image Classification: A Deep
Learning Approach”,bioRxiv, pp. 242818, 2018.

S. Vesal, N. Ravikumar, A. Davari, S. Ellmann,
and A. Maier, “Classification of Breast Cancer
Histology Images Using Transfer Learning” in
proceedings of International Conference on
Image Analysis and Recognition, pp. 812,2018.

N. S. Ismail and C. Sovuthy, “Breast Cancer
Detection Based on Deep Learning Technique”
in proceedings of International UNIMAS STEM
12th Engineering Conference (EnCon), pp.
89,2019.

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

D. Bardou, K. Zhang, and S. M. Ahmad,
“Classification of Breast Cancer Based on
Histology Images Using Convolutional Neural
Networks”, IEEE Access, vol. 6, pp. 24680,
2018.

D. Selvathi and A. Aarthy Poornila, “Deep
Learning Techniques for Breast Cancer
Detection Using Medical Image Analysis”, In:
Hemanth, J., Balas, V. (eds) Biologically
Rationalized Computing Techniques for Image
Processing Applications. Lecture Notes in
Computational Vision and Biomechanics, vol
25,2018.

M. S. Reza and J. Ma, “Imbalanced
Histopathological ~ Breast Cancer Image
Classification with  Convolutional  Neural

Network”, in proceedings of IEEE International
Conference on Signal Processing (ICSP), pp.
619,2018.

M. Nawaz, A. A., and T. Hassan, “Multi-Class
Breast Cancer Classification using Deep
Learning Convolutional Neural

Network”,International Journal of Advanced
Computer Science and Applications, vol. 9, no.
6, 2018.

S. Khan, N. Islam, Z. Jan, I. Ud Din, and J. J. P.
C. Rodrigues, “A novel deep learningbased
framework for the detection and classification
of breast cancer using transfer learning”,
Pattern Recognition Letters, vol. 125, pp. 1,
2019.

Y. Jiang, L. Chen, H. Zhang, and X. Xiao,
“Breast cancer histopathological  image
classification using convolutional  neural

networks with small SE-ResNet module”, PLOS
ONE, vol. 14, no. 3, 2019.

D. Kumar and U. Batra, “An ensemble
algorithm for breast cancer histopathology
image classification”, Journal of Statistics and
Management Systems, vol. 23, no. 7, pp. 1187,
2020.

Z. Hameed, S. Zahia, B. Garcia-Zapirain, J.
Javier Aguirre, and A. Maria Vanegas, “Breast
Cancer Histopathology Image Classification
Using an Ensemble of Deep Learning Models”,
Sensors, vol. 20, no. 16, 2020.

ICONIC RESEARCH AND ENGINEERING JOURNALS 96



[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

IRE 1705032

© SEP 2023 | IRE Journals | Volume 7 Issue 3 | ISSN: 2456-8880

Y. Yari, T. V. Nguyen, and H. T. Nguyen,
“Deep Learning Applied for Histological
Diagnosis of Breast Cancer”, IEEE Access, vol.
8, pp. 162432, 2020.

Kavitha, T., Mathai, P.P., Karthikeyan, C,
“Deep Learning Based Capsule Neural Network
Model for Breast Cancer Diagnosis Using
Mammogram Images”, Interdisciplinary
Sciences: Computational Life Sciences, vol. 14,
no. 1, pp. 113, 2022.

A. Saber, M. Sakr, O. M. Abo-Seida, A. Keshk,
and H. Chen, “A Novel Deep-Learning Model
for Automatic Detection and Classification of
Breast Cancer Using the Transfer-Learning
Technique”, IEEE Access, vol. 9, pp. 71194,
2021.

K.Jabeen M.A. Khan,M. Alhaisoni
,U.Tarigq,Y.D. Zhang,A. Hamza,A. Mickus |,
R.Damasevicius , “Breast Cancer Classification
from Ultrasound Images Using Probability-
Based Optimal Deep Learning Feature Fusion”,
Sensors, vol. 22, no. 3, Art. no. 3, 2022.

V. Allugunti, “Breast cancer detection based on
thermographic images using machine learning
and deep learning algorithms”, International
journal of Engineering in Computer Science,
vol.4, no.1.pp. 49, 2022.

M. Ragab, A. Albukhari, J. Alyami, and R. F.
Mansour, “Ensemble Deep-Learning-Enabled
Clinical Decision Support System for Breast
Cancer Diagnosis and Classification on
Ultrasound Images”, Biology, vol. 11, no. 3,
Art. no. 3, 2022.

M. Wu, C. Yan, H. Liu, Q. Liu, and Y. Yin,
“Automatic classification of cervical cancer
from cytological images by using convolutional
neural network”, Bioscience Reports, vol. 38,
no. 6, 2018.

V. Kudva, K. Prasad, and S. Guruvare,
“Automation of Detection of Cervical Cancer
Using Convolutional Neural Networks”,
Critical Reviews in Biomedical Engineering,
vol. 46, no. 2, pp. 135, 2018.

Vasudha, A. Mittal and M. Juneja, “Cervix
Cancer Classification using Colposcopy Images
by Deep Learning Method”,International

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Journal of Engineering Technology Science and
Research, vol. 5, no. 3, p. 8,2018.

R. Gorantla, R. K. Singh, R. Pandey, and M.
Jain, “Cervical Cancer Diagnosis using
CervixNet - A Deep Learning Approach” in
proceedings of IEEE 19th International
Conference on Bioinformatics and
Bioengineering (BIBE), pp. 397,2019.

K. Adem, S. Kilicarslan, and O. Codmert,
“Classification and diagnosis of cervical cancer
with  stacked autoencoder and softmax
classification”, Expert Systems with
Applications, vol. 115, pp. 557, 2019.

Z. Alyafeai and L. Ghouti, “A fully-automated
deep learning pipeline for cervical cancer
classification” Expert Systems with
Applications, vol. 141, p. 112951, 2020.

P. Wang, J. Wang, Y. Li, L. Li, and H. Zhang,
“Adaptive Pruning of Transfer Learned Deep
Convolutional Neural Network for
Classification of Cervical Pap Smear Images”,
IEEE Access, vol. 8, pp. 50674, 2020.

R. Tekade and K. Rajeswari, “Lung Cancer

Detection and Classification Using Deep
Learning”, in  proceedings of Fourth
International  Conference on  Computing

Communication Control and Automation

(ICCUBEA), pp. 1,2018.

N. Nasrullah, J. Sang, M. S. Alam, M. Mateen,
B. Cai, and H. Hu, “Automated Lung Nodule
Detection and Classification Using Deep
Learning Combined with Multiple Strategies”,
Sensors, vol. 19, no. 17, Art. no. 17, 2019.

P. M. Shakeel, M. A. Burhanuddin, and M. I.
Desa, “Lung cancer detection from CT image
using improved profuse clustering and deep
learning  instantaneously  trained  neural
networks”, Measurement, vol. 145, pp. 702,
2019.

Lakshmanaprabu S.K., Sachi Nandan Mohanty,
Shankar K., Arunkumar N., Gustavo Ramirez,
“Optimal deep learning model for classification
of lung cancer on CT images”, Future
Generation Computer Systems, vol. 92, pp. 374,
20109.

ICONIC RESEARCH AND ENGINEERING JOURNALS 97



[49]

[50]

[51]

[52]

[53]

IRE 1705032

© SEP 2023 | IRE Journals | Volume 7 Issue 3 | ISSN: 2456-8880

N. Kalaivani, N. Manimaran, D. S. Sophia, and
D. D. Devi, “Deep Learning Based Lung Cancer
Detection and Classification”, IOP Conference
Series: Materials Science and Engineering, vol.
994, no. 1, 2020.

A. Asuntha and A. Srinivasan, “Deep learning
for lung Cancer detection and classification”,
Multimedia Tools Applications, vol. 79, no. 11,
pp. 7731, 2020.

R. R. Subramanian, R. Mourya, V. Prudhvi, T.
Reddy, B. Reddy, and S. Amara, “Lung Cancer
Prediction Using Deep Learning Framework”,
International  Journal of Control and
Automation, vol. 13, pp. 154, 2020.

O. Obulesu, Suresh Kallam, Gaurav Dhiman,
Rizwan Patan, Ramana Kadiyala, Yaswanth
Raparthi,  Sandeep  Kautish,  “Adaptive
Diagnosis of Lung Cancer by Deep Learning
Classification Using Wilcoxon Gain and
Generator”, Journal of Healthcare Engineering,
vol.2021, 2021.

D. M. lbrahim, N. M. Elshennawy, and A. M.
Sarhan, “Deep-chest: Multi-classification deep
learning model for diagnosing COVID-19,
pneumonia, and lung cancer chest diseases”,
Computers in Biology and Medicine, vol. 132,
pp. 104348,2021.

ICONIC RESEARCH AND ENGINEERING JOURNALS

98



