2022 International Symposium on Multidisciplinary Studies and Innovative Technologies (ISMSIT) | 978-1-6654-7013-1/22/$31.00 ©2022 IEEE | DOI: 10.1109/I1SMSIT56059.2022.9932857

Recent Advances on Convolutional Architectures in
Medical Applications: Classical or Quantum?

Saif Al-jumaili Ahmed Al-jumaili Salam Alyassri
Electrical and Computer Engineering College of Medical Sciences Electrical and Computer Engineering
Altinbas University Techniques Altinbas University
Istanbul, Turkey University of Mashreq Istanbul, Turkey
saif.aljumaili@ogr.altinbas.edu.tr Baghdad, Iraq salamyassir@gmail.com
saifabdalrhman@gmail.com ahmed.aljumaili@my.jcu.edu.au

Ahmed.al-jumaili@uom.edu.iq

Adil Deniz Duru Osman Nuri UCAN
Neuroscience and Psychology Research Electrical and computer engineering
in Sports Lab Altinbas University
Marmara University Istanbul, Turkey
Istanbul, Turkey osman.ucan@altinbas.edu.tr

deniz.duru@marmara.edu.tr

Abstract—Deep learning is one of the most significant Neural Networks (CNN) [16], and Quantum convolutional
advances in AI (AI). It is used in a variety of fields due to it has neural networks (QCNN) [17]. A neural network's primary
the ability to solve problems that cannot be handled by function is a multi-layer hierarchical network that is separated
traditional technologies. The optimization of deep learning  into two main parts: feature extraction and classification.
relevant to medical images is one of the most important recent Because of its efficacy on the outcomes, the extraction of
advances in image' analysis. Several development's have l?een relevant knowledge from pictures is significant, and the
done on Convolutional Neural Networks to achieve optimal o0, yered features will subsequently be utilized as input to
accuracy and increase the learning speed. However, in this | ccifiers in order to classify them for the groups. Indeed
paper, we discuss the most recent innovations in convolutional Many evaluation metrics, including accuracy F—measure’
neural I!etworks w‘.thm Classical method and Quantum m ethod. precision, recall, sensitivity, and specificity, are used to assess
We briefly provide a snapshot about the architecture, the effectiveness of deep learning techniques and it is
improvements, and principles of both (Classical and Quantum). . ilv desired that th P g id a Its f

primarily desired that these measures provide great results for

Keywords—Quantum  Convolutional ~Neural ~Networks, medical image analysis [13].
Convolutional Neural Networks, Classification, Medical images,

4 In general, there are multiple platforms used for
Deep learning

classification in deep learning such as Caffe [18], TensorFlow
[19], Theano [20], Keras, Torch, PennyLane [21], Qiskit [22],
o ) Azure Quantum, TensorFlow Quantum [23], Xanadu, Rigetti
~ Deep learning is one of the most important developments  [24], Matlab, and Q# to name a few. In deep learning, the most
in the modern era. It used in different fields such as speech o f these platforms are an open-source code, which is available
analysis [1, 2], speech recognition, Image restoration,  jn GitHub for researchers in order to make a test on the
bioinformatics, Image Processing [3], Object Detection,  medical images. Till now, the challenges remain to elect the

Video Processing [4], computer vision [5, 6], and natural et architecture to be a milestone for several different types
language processing (NLP) [7]. Deep learning mimics how of medical images.

the human brain functions, where the keystone of deep

learning designs is the amount of layers employed in the In this paper. we will elaborate review of the recent
neural network’ which is analogous to how the human brain techniques used for the classification of medical images, that
processes information. Many types of deep leaming models rely on deep convolutional architecture. MOI'COVQI', the Stl.ldy
provide aid for healthcare sector due to the ability to classify ~ provided the present CNN architectures for both (Classical
the images with high accuracy and reduce time-consumption. ~ and Quantum). And provide a guide for the researchers that
Particularly in the medical sector, it 1s used with various used convolutional architectures with different modalities.
imaging modalities such as Histology [8], Computer Einally, We provide the latest papers published using medical
Tomography (CT) [9], Microscopy [10, 11], positron emission ~ 1Mages.

tomography (PET), X-Ray [12], Ultrasound [13], Single-
photon emission computed tomography (SPECT), and
Magnetic resonance imaging (MRI) [14, 15]. Medical images have different types of modalities that can
provide a piece of useful information about the human body.
The main objective of medical images is to provide visual
information about the case of the patient for radiologists and

I. INTRODUCTION

II.  ARCHITECTURAL EVOLUTION OF DEEP CNNS

The primary goal of medical images is to effectively
diagnose diseases by clinicians and radiologists. Where these

sorts of graphics serve an important part in explaining clinicians, which can help them to diagnose and remedy more

(qunctiongl gitetails alt)ou_tthvgrious b(t)dily o;ganz_foi Jllness o eficient. In medical images, various types of modalities are
1agnoss. present with ncrease types ol medical Images used such as, PET, MRI, CT, X-ray, ultrasound, and as well

that provide information for clinicals, the most convenient
methods are those that have the ability to analyze these types
of images and provide high accuracy results [9]. There are
numerous algorithms created for the classification of medical
pictures in cutting-edge deep learning, such as Convolutional

as many other hybrid methods used [25]. These many sorts of
medical photographs serve an important role in detecting the
functionality of human bodily organs, which can assist in
diagnosis and therapy. [26]. Figure 1 appears the typology of
the most popular image patterns used in deep learning.
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Fig. 1 Typology of the most common image patterns used in deep learning

III. CONVOLUTIONAL NEURAL NETWORKS

CNN is considered one of the most widespread approach
techniques used for classification in Deep learning. CNN
show distinguished results recently in different fields.
Convolutional layer, Batch normalization, Pooling Layer,
Dropout, Activation Function, Fully Connected Layer, and
other layers are commonly employed in the construction of a
CNN model. The basic approach of CNN is based on
inheriting information between layers, which means that the
next layer depends on the information extracted from the
previous layer. And it has the ability to discriminate the
important features, this is why it is exploited capability of
classification the medical images.

Many improvements have been made based on the
architecture of CNN, the improvement has been done on
structural reformulation, parameter optimization,
regularization.. etc. Different modifications have been happed
on the CNN architectures, Which can be classified into seven
major kinds namely, feature-map exploitation, depth, spatial
exploitation, attention-based CNNs, multi-path, width, and
channel boosting, where the Figure 2 shows the taxonomy of
the main seven kinds and they are explained as following:

A. Spatial exploitation

In CNN, there are many types of parameters that can effect
on performance, such as biases, weights, number of layers and
neurons, activation function, pitch, filter size, learning rate,
etc. And various types of correlation levels can be examined
through filter size, which has an effect on the granularity.
Different filter sizes include varying levels of granularity;
Usually, a small filter size used for extract information for
fine-grained. Whereas a large size filter used for coarse-
grained. Thus, in the early 2000s, many CNNs use spatial
filters due to the effect on the relationship between spatial
filters and network learning, which ultimately improves the
model's performance.

B. Depth

The primary principle underlying deep CNN design is that
by using extra mappings (nonlinear) and more complicated
feature hierarchies, to make the network successfully achieves

801

the target function. For supervised training, depth is a
significant parameter for the network, where the deep models
can provide a more effective compared to the shallow models.
this architecture proposed by Bengio and Delalleau postulated
in 2011, makes the CNN model deeper which improves the
computational for more effective for complex procedures. In
the ILSVRC-2014 competition, VGG and Inception showed
the best results, confirming that depth is a crucial parameter
for the control learning network.

C. Multiple Paths

Deep CNNs are frequently effective at difficult tasks. It also
occasionally struggles with performance deterioration,
explosion difficulties, or gradient disappearing, which may
happen due to increasing the depth of the CNN network.
Where the vanishing gradient effect on the network by
increasing error for both testing and training. to avoid this
problem multi-path or cross-layer is proposed, which allows
for the tailored flow of information between levels.

D. Feature-Map Exploitation

CNN has the ability to classify different tasks due to its
capability for automatic feature extraction and hierarchical
learning, which is considered the most important features.
With a heavy number of features that are extracted, CNN
selects features dynamically by adjusting the weight of kernels
(or mask), which means different types of steps are performed
in order to get the final relevant features. While excessive
features effect on the CNN model by leading it to get over-
fitting, this implies that feature selection techniques have a
substantial impact on network generalization.

E. Multi-Connection

In 2019, Kawaguchi prosed a network that is based on width,
which is important for network learning. The network that has
ReLU activation functions should be wide enough to keep a
universal approximation property. The failure of multiple
layers to learn important characteristics is a serious concern
with deep neural network topologies. To solve this challenge,
the research focus shifted from deep and narrow designs to
broad and thin architectures.
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Fig. 2 Taxonomy of the main kinds

F. Exploitation-Based (ChannelFMap)

CNN has sparked a lot of attention in computer vision issues
due to its ability to do hierarchical learning and automated
feature extraction [4]. Feature selection has a significant
influence on classification performance. Furthermore,
multiple feature extraction steps are used in CNN to mine
diverse kinds of features. Some feature maps have modicum
or no value in object discrimination. Massive feature sets
might insert noise into the network, leading it to overfitting.
The Feature-Map (ChannelFMap) are commonly used
interchangeably in the literature.

G. Attention

This method concentrates on particular areas and understands
several interpretations of things at a single location, therefore
increasing visual structure capture. RNN and LSTM have
similar interpretations. Attention modules are utilized as a
progressive feature in both RNN and LSTM networks. Several
studies use the concept of attention in CNNs to improve
representation and overcome computational constraints. This
attention concept also leads to CNN being intelligent enough
to recognize items even in busy backdrops and tough
conditions.

Table 1 shows the development of CNNs over the years. as
well as the techniques used in order to develop the CNNs.
Moreover, which benchmark (image dataset) used for training
models.

Table I Summary of CNN architectures

Name Year Class BanchMark
LeNet 1998 MNIST
AlexNet 2012 Spatial ImageNet
ZfNet 2014 | Exploitatio ImageNet
VGG 2014 n ImageNet
GoogleNet 2015 ImageNet
InceptionV-3 2015 ImageNet
Inception V-4 2016 Depth ImageNet
Inception ResNet 2016 ImageNet
Highway Network 2015 CIFAR-10
Deluge Net 2016 CIFAR-10
Fractal Net 2016 Multi-path CIFAR-10
DenseNet 2017 CIFAR-10
WideResNet 2016 CIFAR-10
Xception 2017 ImageNet
PolyNet 2017 . ImageNet
PyramidalNet 2017 Width ImageNet
ImageNet
ResNext 2017 CIFAR-10
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Residual Attention Neural 2017 ImageNet

Network CIFAR-10
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(ResNeXt101 (32x4d) 2018 Attention ImageNet
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Channel Excitation Mechanism Visceral
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and Excitation Network 2018 Feature- ggﬁ__f 86

CMPE SE WRN 28 Map

Squeeze and Excittation

Network 2017 ImageNet

Channel Boosted CNN 201g | Channel -
Boosting

IV. QUANTUM CONVOLUTIONAL NEURAL NETWORKS

The main concept behind the quantum computer is the
quantum bit (Qbit), which is the basic component of all
approaches to quantum information [17]. The most important
properties about the method of processing the values quantum
states that can be 0, 1, or both at the same time(|0> and |1>),
are called superposition, which is one of the main significant
properties that makes the quantum computer so fast. Whereas
the sconed properties are entangled, which means combining
group Qbit connects between of them and then the results of
individual Qbit could be 0 orl. Whereas the results of Qbit are
related with another Qbit [27]. These properties effect on the
process speed and make it a billion times more powerful
compared to the classical bit (Bit). As shown in Figure 3, the
comparison between Qbit and Bit.

® o y

|0) + 1)
V2

@1 ‘

Classical Bit Qubit
Fig. 3 Comparison between Qbit and Bit [28]

QCNN is similar to CNN in type of work, but the
infrastructure is based on the sequence of quantum circuits,
that it is the major difference between of them, that used to
extract features in quantum state to solve the stubborn
problems that cannot handle by classical CNN [29]. Figure 4,
demonstrate the differences in their architectures.
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V. APPLICATIONS OF CNN AND QCNN IN MEDICAL IMAGES

QCNN has been applied in many studies for the classification
of diseases and the results showed a clear superiority
compared to the traditional method (CNN) in the some fields.
This confirms that the development is clear in the possibility
of classifying diseases more accurately. Table 3 show the
results of the application of CNN and QCNN in the latest
(= studies in the literature. We conclude that Deep learning
success in the classification of medical images and obtained

L

1w, high results for both Classical and Quantum.
’ Table III Recent study using CNN and QCNN
Fig. 4 Comparison between QCNN and CNN [23] Ref. | Year Modality Application ACC
[32] 2018 CT Lung Cancer 100
Quantum Convolutional Neural Networks (QCNNs) [33] | 2017 T Lung Cancer 87
R . [34] 2017 Ultrasonic Heart 92
established (2018) by Cong et al [17]. The construction of @3 | 2020 Ultrasound Covid 19 35
QCNNS is inspired by CNNs, Figure 5 show the QCNNs 9] 3022 cT Covid-19 982
architecture. [35] | 2020 | X-ray Covid-19 96
B == T _ = a [36] 2020 X-ray Covid-19 95.72
e g o [ 377 | 2020 | X-ray Covid-19 98
- — G I = —= [38] 2020 X-ray Covid-19 92.18
:} | Il = :: | Tl : K J (39] | 2020 | Xray Covid-19 91.24
. : - - [40] | 2020 [ CT Covid-19 93.1
i) Addcircuit Layer ] o 5T [41] 2020 CT Covid-19 94.03
p— o B T [42) | 2016 Histology Colon Cancer 91
[r=e] {r (B —e [43] 2017 Histology Colon Cancer 95.8
| =Rl | [ R | [44] 2020 Histology Colon Cancer 90.4
. . [45] 2018 Histology Colon Cancer 80.61
Fig. 3 QCNNs architecture [23] [46] 2021 Histology Colon Cancer 96.16
C luti in thi . d & [47] 2015 Endoscopic Digestive Cancer 95
onvo utlons' in this context are operaFlons one on a ]gcent (a8 | 2015 Endoscopic Digestive Cancer 9725
pairs of qublts — they are p'are'lmeterl'zed unitary rotations, [49] | 2017 | lesion images | Skin cancer 721
exactly as in a standard variational circuit. Following the [50] | 2020 Endoscopic Gastric Cancer 88.9
convolutions are pooling layers, which are accomplished by [50] 2020 Endoscopic Gastric Cancer 81.9
measuring a portion of the qubits and utilizing the assessment [51] | 2018 Endoscopic Gastric Cancer 96
findings to direct future operations. A fully connected layer's [52] | 2016 | fMRI Alzheimer’s 96.85
analogue is a multi-qubit operation on the remaining qubits [53] | 2016 CT Alzheimer’s 88.8
R [54] 2021 MRI Alzheimer’s 79
before the final measurement. Every one of these operations —
ht throughout trainin [30] [55] 2021 MRI Alzheimer’s 99
parameters are taug g g 130l [56] | 2021 | MRI Alzheimer’s 94
A. QCNN Gates [57] 2022 MRI Alzheimer’s 91
. . . . . [58] 2017 MRI Alzheimer’s 73
The method of m.ampule.lt.m.g qubits, or subatomic particles, to [59] | 2016 | CT Broast Cancer 39
perform calculations utilizing several types of gates such as 160] 2019 X-ray Breast Cancer 90.5
CNOT, S Gate, SWAP, Hadamard, etc., which are the main [61] 2018 Microscopic Breast Cancer 98.33
architecture of QCNN [31]. Table 2 show the gates that used [62] 2017 Spectrogram Epilepsy 72.49
to building QCNN. [63] 2019 Spectrogram Epilepsy 99.5
Table I Gates used to build QCNN (64] | 2019 Spectrogram Epilepsy 86.25
[65] 2020 Spectrogram Epilepsy 88.3
Notation | Name Use [66] 2018 Spectrogram Epilepsy 96.7
Pauli X Logical bitwise NOT [67] | 2021 Spectrogram Epilepsy 100
[68] 2021 MRI Brain Cancer 94.6
Hadamard H | Create superposition of the two basis [69] 2022 MRI Brain Cancer 88.18
states, _ i [70] 2022 MRI Brain Cancer 98.70
R1(6) Theta: Double, qubit: Qubit Quantum Convolutional Neural Networks
S Gate It completes a quarter-circle around the [71] 2022 X-ray COVID-19 98.1
—{s}+ Bloch sphere. [72] | 2021 | CT COVID-19 96
CNOT Permit quantum entanglement between [73] 2021 X-ray COVID-19 99
two qubits [74] 2020 Cell Breast cancer 98.9
SWAP Conducts a two-qubit swap [75] 2022 Ultrasound Breast cancer 99
[76] 2022 X-ray Breast cancer 84
T Toffoli Flip target quantum bit if both equal 1 [77] 2022 X-ray Coronary Angiography | 91.8
_‘E [78] 2022 X-ray Pneumonia 74.6
—< — [79] 2022 X-ray Pneumonia 100
CSWAP Conditional SWAP [80] | 2022 | OCT Diabetic Retinopathy | 99
[81] 2022 MRI Tumor 83
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