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Abstract: Feature extraction is an important step in classification. It directly results in an improvement
of classification performance. Recent successes of convolutional neural networks (CNN) have
revolutionized image classification in computer vision. The outstanding convolution layer of CNN
performs feature extraction to obtain promising features from images. However, it faces the overfitting
problem and computational complexity due to the complicated structure of the convolution layer
and deep computation. Therefore, this research problem is challenging. This paper proposes a novel
deep feature extraction method based on a cellular automata (CA) model for image classification. It
is established on the basis of a deep learning approach and multilayer CA with two main processes.
Firstly, in the feature extraction process, multilayer CA with rules are built as the deep feature
extraction model based on CA theory. The model aims at extracting multilayer features, called feature
matrices, from images. Then, these feature matrices are used to generate score matrices for the deep
feature model trained by the CA rules. Secondly, in the decision process, the score matrices are
flattened and fed into the fully connected layer of an artificial neural network (ANN) for classification.
For performance evaluation, the proposed method is empirically tested on BreaKHis, a popular
public breast cancer image dataset used in several promising and popular studies, in comparison with
the state-of-the-art methods. The experimental results show that the proposed method achieves the
better results up to 7.95% improvement on average when compared with the state-of-the-art methods.
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1. Introduction

The natural performance mechanism of the human body sustains a cycle of revival
processes and balances the growth and mortality rates of its cells. However, the abnormal
growth of a few cells can cause cancer, which grows and distributes across the human
body. According to the [1] report, several types of cancer develop in the human body.
For women, breast cancer is one of the leading causes of death. Various factors cause
breast cancer: human anatomy (man or woman), family history, age, obesity, and food [2].
However, abnormal cell growth can be classified into two significant case types: benign and
malignant cases. Benign cases are considered to be noncancerous or nonlife-threatening,
but they occasionally transform into cancer. The human immunity system is known
as a “sac” [1]; it is a usual mechanism that can separate benign tumors from normal
cells and then remove them from the body. For malignant cases, cancer originates from
abnormal cell growth that might suddenly distribute or attack neighboring cells. If cells
exhibit abnormal growth, the nuclei of the tissue might rapidly become more prominent
than normal tissue, which might lead to a frightening case in the future. To identify
breast tumor cases, immediately imaging the target area can help a doctor perform further
diagnoses. Two groups of medical photography techniques are based on skin perforation
and tissue condition: (i) noninvasive methods, i.e., computer-aided tomography (CAT),
ultrasound, X-ray, and magnetic resonance imaging (MRI); and (ii) invasive methods,
i.e., histopathological imaging (aka. biopsy imaging).
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A histopathological image is a microscopic tissue image that is widely used for disease
analysis and predominates as the gold standard for cancer diagnosis [3,4]. Such images
give valuable and essential information that doctors can intensively investigate to find the
current circumstances of the patient. Until recently, histopathology images were difficult to
discover and retrieve and were unavailable to the scientific community. Therefore, most
histopathology image analyses were performed on small datasets, especially for breast
cancer images. To attenuate this gap, ref. [5] proposed a dataset called BreaKHis that has
become one of the largest and most popular datasets, with 7909 breast histopathology
images from 82 patients divided into two main classes: benign and malignant. Figure 1
shows examples of breast histopathology images obtained from this dataset.
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Figure 1. Example breast cancer histopathology images derived from the BreaKHis dataset.

Feature extraction is an important process used to identify relevant information for
any classifier. There are several approaches for feature extraction; Pixel-level features that
determine the features from the pixel in the image, Global features that are used to describe
the entire image, and Local features that are used only to describe the exciting part of
the image. The first-level classification performance of six handcrafted feature vectors
was also provided as baselines by [5] to distinguish between benign and malignant cases.
These handcrafted features are based on the pixel-level features achieved by state-of-the-art
descriptors, including grey-level co-occurrence matrices (GLCMSs) [6], local binary patterns
(LBPs) [7], threshold adjacency statistics (PFTASs) [8], local phase quantization (LPQ) [9],
completed LBPs (CLBPs) [10], and oriented FAST and rotated BRIEF (ORB) [11].

In machine learning (ML), it is one of the most popular approaches to getting comput-
ers to act without being explicitly programmed. In many domains, such as natural language
processing (NLP) [12-14], computer vision (CV) [15-17], and deep learning (DL) [18-22], nu-
merous problems have been solved with increasing accuracy and dramatic results. Several
feature extraction methods are adopted in medical imaging, especially for histopathological
image classification. For example, the effectiveness of an ensemble classification method
by adopting a set of support vector machines (SVMs) and random subspace ensembles of
multilayer perceptrons (MLP) was explored by [23]. In this work, the set of SVM classifiers
relied on two learning features: the curvelet transformation and the LBP. Then, the final
classifier was built by merging the SVM and artificial neural network (ANN) classifiers.
Six different feature descriptors were evaluated by [5] with four classifiers, i.e., 1-nearest
neighbor (1-NN), SVM, quadratic linear analysis (QDA), and random forest (RF) classifiers.
Additionally, an ensemble method to determine the local characteristics of breast cancer
tumors was proposed by [24]. The model was executed by aggregating a vector of locally
aggregated descriptors (VLAD) on the Grassmann vector. The VLAD was represented as a
collection of multidimensional and spatially changing signals on a higher-order linear dy-
namic analysis system. Furthermore, a classification method that relied on an unsupervised
learning approach was proposed by [25] to addressed the different qualities of histology
images, and by learning a domain-invariant space, it is attempted to extract the feature
vectors of benign images. In these works, the BreaKHis dataset was also used to evaluate
the performance of the corresponding methods.

CA and digital image join the common architecture. Hence, image processing tasks to
extract features are common to CA processing provided the appropriate rules. In addition,
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CA is a universal computation, equivalent to Turing machines, meaning that CA can
compute any computing tasks given the appropriate rules. On this basis, we propose CA’s
based model for feature extraction in breast cancer images for classification as opposed
to the outstanding CNN deep learning in the state-of-the-art compared methods. Feature
extraction conducted in the convolution layer in CNN for image classification is a promising
technique in literature. However, it faces drawbacks in computational complexity and
overfitting problems. This research aims at solving these drawbacks in feature extraction
by using a CA-based model, which is totally different from the approach in CNN. In breast
cancer image classification, we use the magnification of histopathological images of breast
cancer as usual practices in cancer diagnosis.

This paper proposes a deep cellular automata (CA)-based feature extraction for breast
cancer image classification by focusing on histopathological images. The main contributions
of this paper are summarized as follows.

(1) We propose a novel feature extraction method for image classification tasks by
using the deep CA approach.

(2) We present a customized case in which the proposed model can deal with breast
cancer image classification.

The remainder of the paper is organized as follows. In the next section, we review the
related works on the breast cancer image classification task. Section 3 presents the proposed
framework for the deep CA and the classification process. In Section 4, the details of the
experiments and their results are comprehensively presented. Finally, Section 5 provides
the conclusion of the paper and suggestions for future works.

2. Background
2.1. Deep Feature Learning in Images

In recent years, deep learning approaches have been widely used in several appli-
cations, especially for classification problems. A convolutional neural network (CNN) is
one of the most popular deep learning models that is typically composed of two main
parts; feature learning (i.e., convolution and pooling layer) and classification (i.e., fully
connected layer) [18-21,26-29]. Several papers on breast cancer detection and diagnosis
have been published; for example, the stacked sparse autoencoder (SSAE) algorithm was
proposed by [30] to analyze breast cancer histopathology images. In the training process,
they adopted a greedy strategy to optimize the SSAE, trained each hidden layer, and then
fed the output to the next layer. In addition, a model that pretrained on ImageNet and built
from several images for mitosis classification was proposed by [31]. In this work, three fully
connected layer configurations were also presented to separately improve their robustness.
Finally, multiple probabilities were obtained by the training process and averaged as the
final output. Another model, a deep learning-based framework to discover and locate
unusual areas in a mammogram was proposed by [28]. A segmentation algorithm that com-
bines different types of probabilistic models was proposed by [32]. The algorithm adopts
a structured SVM that considers prior locations, a deep belief network, and a Gaussian
mixture model for mammographic image segmentation. Furthermore, ref. [29] explored
a classification model utilizing DeCaf features (also known as neural codes) for breast
histopathological images by applying AlexNet [19] to build a deep learning network called
CaffeNet. The outputs from the network layers of CaffeNet were used as DeCaf features for
further classification. Besides, a deep learning approach based on crowd annotations (called
AGGNet) was presented by [26], this model combines a multiscale convolutional neural net-
work (CNN) architecture with an aggregation layer (AL) to directly handle data aggregation.
To cope with insufficient of training images [27] developed a transfer learning approach for
a deep CNN (DCNN) model. This learning model was trained for the mass segmentation
of mammographic images. Moreover, ref. [19] presented a pretrained AlexNet network
that was tuned by a fine-tuning strategy that used images from the ImageNet database [33]
for training, and a deep learning model relying on a convolutional architecture called
a convolutional sparse autoencoder (CSAE) was proposed by [34]. The model aims to
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solve the pixelwise labeling problem and to extract more abstract features from unlabeled
data derived from mammogram images. To learn the latent bilateral features from the
3D volume data of digital breast tomosynthesis (DBT) [35] presented a self-taught deep
learning model by using a 3-D multiview DCNN. The volumes of interest (VOIs) of the
source and target are first transformed by the geometric VOI transformation function before
feeding them to a DCNN model. Then, high-level latent bilateral features are obtained by
those DCNN structures. Another DCNN was proposed by [36] to classify three classes of
mammogram images (normal, benign, and malignant). First, the region of interest (ROI) is
determined to enhance the image contrast. Then, the CNN is trained on three image groups:
the original ROI images, the images reproduced by a nonnegative matrix factorization
(NMF) function, and the images reproduced by a statistical self-similarity function. These
functions are used to cope with overfitting and to achieve increased classification accuracy.
The concept of a multiple-instance learning (MIL)framework was proposed by [37] to
investigate the affinity of MIL, which relies on the analysis of histopathology images for a
breast cancer patient diagnosis case without the need for labelling all instances. In addition,
ref. [38] proposed a learning method in combination with a deep transfer network and deep
convolutional generative adversarial network (DCGAN) to cope with imbalanced breast
cancer image dataset. In this approach, image augmentation is performed by the DCGAN,
which is adopted only on a small class dataset to increase the number of images in the
dataset. Then, the balanced dataset is fed to a VGG16 deep transfer network pretrained on
ImageNet. Besides, ref. [39] suggested the hybrid MLmodel to address the issue of class
imbalance. The model uses the kernelized weighted extreme learning machine and pre-
trained ResNet50 to assist in the histopathology-based computer-aided diagnosis of breast
cancer. The histopathological image was divided into non-overlapping patches, and then
ResNet50 identified features for each patch and fed them to the kernelized weighted ex-
treme learning machine (KWELM) for classification. Moreover, to better provide and utilize
feature information in the histological images, ref. [40] proposed an IDSNet that combines
the DenseNet with the squeeze-and-excitation (SENet) module. In breast cancer biopsy
specimens containing fine-grain features, the model and classification subnetwork was
utilized to extract more channel features and improve the usage of more significant local
information. For the classification of histological images of breast cancer that depend on
magnification, ref. [41] suggested the pre-trained Xception model. The Xception model
utilizes SVM in conjunction with a number of kernels to produce consistent results for
all magnification settings as opposed to the handcrafted method. In addition, ref. [42]
suggested a method for classifying breast cancer histopathology images using deep se-
mantic and gray-level co-occurrence matrix (GLCM) features. DenseNet201 was used
as the fundamental model, which was pre-trained. The deep semantic features, which
were subsequently coupled with the three-channel GLCM features, were derived from the
final dense block feature of the convolutional layer. Then, the classification process was
carried out using the support vector machine (SVM). Besides, the ResNet18 architecture
was employed to extract deep features presented by [43]. Several meta-heuristic algorithms,
and conventional machine learning algorithms were used to analyze how optimized deep
features affect categorization.

2.2. Cellular Automata (CA)

CA were first proposed by [44,45] and are mathematical models used to simulate a
complex system in terms of a dynamical model in which discrete time and space consist of
a regular lattice of cells in any dimension. The operations of CA usually depend on time;
the state of a cell depends on the imposed evolution rule relative to the present state and
the neighborhood configuration. The CA structure is defined as a set of cells (also known
as a neighborhood) relative to the central cell. Several types of CA are available depending
on their dimensions and neighborhoods; the basic class contains elementary CA (ECA) or
the one-dimensional CA proposed by [46]. However, the most generally used CA are the
two-dimensional CA involving Moore and Von Neumann neighborhoods. In this paper, we
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simulate the proposed model only on a Moore neighborhood that aims to directly connect to
the 8-connected pixels of a digital image structure [47]. We adopt this configuration not only
to enhance the image contrast but also to extract the features of breast cancer images. More
specifically, the neighborhood N(x,y) in the range » = 1 can be represented as follows:

N(x0,0)" = {(x-1,0), (x0,y0), (x1,%0)} ey
where N represents a neighborhood function and E denotes the ECA.
N(x0,50)" = {(x0,y-1), (x-1,%0), (0, %0), (x1,50), (0, y1)} @

where V represents a Von Neumann neighborhood, x and y denote the coordinates of the
neighborhood, and xg and yg denote the center points of the neighborhood.

N(xo,y0)™ = {(x,y) : |x —x0| < 1,|y —yo| < 1} 3)

where M represents the Moore neighborhood, x and y denote the position of the neighbor in
the neighborhood, xg and 1 are the center points, and r denotes the range of the neighborhood.

CA models are the dynamical models that have been successfully used in several tasks,
especially in image processing scenarios, such as edge detection [48-51], noise filtering [47,52-54],
saliency detection [16,17,55], and image segmentation [15,56,57]. For instance, an edge detection
algorithm was proposed by [48], who ran a CA model on grayscale images by using a uniform
CA rule in a Von Neumann neighborhood to effectively detect image edges. The spatiotemporal
CA-based filtering approach (st-CAF) was proposed by [54] to cope with the problem of
denoising image sequences; a spatiotemporal neighborhood was adopted to identify a type of
noise and tune the algorithm. The saliency detection method proposed by [17] combines global
and local information by using multilayer CA. In this model, the skip links and edge penalty
terms are added to an encoder-decoder network to transfer information from high-level layers
to lower-level layers; the network relies on a CNN structure to determine the global saliency
map and generate the foreground and background codebooks. Then, the local saliency map
is obtained by utilizing these codebooks. Finally, a multilayer CA framework is applied to
produce the final saliency map from the global and local saliency maps.

Among the learning methods that rely on CA approaches, CA learning and prediction
(CALP) is an ensemble learning model proposed by [58] to address the handwritten pattern
problem in classification tasks. First, the handwritten patterns evolve from various param-
eters controlled by the rules of CA. Then, various evolutions of the handwritten pattern
are used to build classifiers in an aggregate fashion. Furthermore, ref. [21] proposed a
CA-based reservoir system based on a deep learning approach to address reservoir comput-
ing. The model has two main processes, encoding and decoding, which rely on CA theory.
The ECA (or 1-D neighborhood) was adopted as a reservoir to correctly learn the binary
pattern from the input layer and map it to the binary output via a readout layer. In addition,
in our previous work, ref. [22] proposed a CA-based learning framework called DeepCA
that combines a deep learning approach and CA theory. In this work, we implement the
framework with the single-image dehazing algorithm to address the prediction problem
regarding the proper global light source, as this is a significant part of dehazing algorithms.
Furthermore, DeepCA is also used to determine the haze density class, reserved haze pa-
rameter, and global atmospheric light ratio; to improve the transmission map and generate
the most suitable haze-free image.

3. Proposed Method

This section elaborates on the details of the proposed method, including the basics,
architecture, and training process of deep CA feature extraction.

3.1. Basics of DeepCA Feature Extraction

In this section, the basics of the proposed DeepCA feature extraction are provided
as follows.



Appl. Sci. 2023, 13, 6081

6 of 22

Definition 1. (n-layer DeepCA feature extraction). An n-layer deep CA feature extraction is
defined as an 8-tuple as follows:

DEEPCA - <Zd/ Q/ N/fnl Rn/ Fn/ S’ Cf,}’l> (4)

where 74 denotes a coordinate system with d dimensions; Q denotes a finite set of states; N denotes
a finite subset of Z% called a neighborhood vector; f" denotes a local transition function at layer
nth. R" = {r1,72,...,rm} is a rule vector in the totalistic rule space at layer nth: F" denotes the
feature matrices of layer n'" generated by the current states of the input matrices, the local transition
function (f) and the neighborhood (N); S denotes the score matrices generated from the feature
matrices and the scoring function; and Cf,n denotes the it cell at layer n'"* at time t.

Definition 2. (Evolution rule). This rule is significant for the operation of CA in determining
whether to evolve the current state of a cell to the next generation. Thus, we define a transition
function to evolve cells as follows:

Ciit = f(Cl, Nin) ()

where C! | represents the it" cell at the n'"* layer in the current state (or at time t), f denotes the

transition function, Cf;l represents the it" cell at the n'"* layer in the next state (or at time t + 1),
and N , denotes the neighborhood configuration of the cell.
For instance, if we have a Moore neighborhood with the range v = 1, the results of Cf—;l in the

ih cell at the n'" layer obtained by Equation (5) can be produced as follows:

1
t+1 t t t
in =5 (@0C(y) +amCl 1y +02C( 141

t t

+ a3c(x,y+l) + a4c(x—l,y+1) (6)
t t

+ QSC(X_l,y) + a6C(x_1’y_1)

+ a7CEx,y71> + ”8C€x+1,y71))

where ag, ay, . . ., ag represent the values of the pixels in the image that correspond to the neighborhood.

Definition 3. (Feature matrices). The multilayer features in DeepCA are defined as feature matrices
obtained by the input image and the CA rule vector via the convolution function. In addition,
the sizes of the feature matrices also enhance the classification efficiency. Therefore, the feature
matrices of the n'"* layer can be obtained by the convolution function as follows:

F' = fconv(In/ Rn/ 5)/
= fnfraree s frad
where feony is the convolution function, I" is an input image at the n'"* layer, R" denotes the rule

vector at the n'"" layer, s denotes the number of strides, and f,,, fr,, - .., fr, represent the feature
matrix obtained by rules ry to rp,.

@)

Definition 4. (Score matrix). The goal of the training process is to build a reference model
consisting of a memory component. In this regard, we define a particular matrix as a memory
component called a score matrix (S). This matrix can be obtained through any scoring function,
e.g., maxPool or so ftMax, enabling us to build matrices at the original size or the modified size of
the feature matrices as:

S = fpool(Fn/ Ni,n/ S) (8)

where fpoo) represents the scoring function, F" denotes the feature matrices, and N, denotes a
neighborhood of the it cell at the n'"* layer.
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Definition 5. (DeepCA decision rule). To adopt DeepCA in decision tasks, we consider the
difference between the score matrices of an image (Sy,) and its class (I.,ss). In this regard, the class
of an input image is represented as the score matrix of the model (S,,0401), which can be determined
from a minimum error that can be calculated by a decision function as follows:

Smodel = min(fﬁﬂ(srif Icluss)) (9)

where f,r+ denotes an error estimation function, such as a mean squared error (MSE) function.

Definition 6. (Rule vector). For feature extraction task, the rule vector is the most significant
aspect for all layers of DeepCA in terms of tuning the score matrix values. However, several types of
CA rules with different rule space sizes are available [59]. In this work, we address the general and
totalistic rule spaces; for the general rule space, the rule members consist of entire rules according to
their neighborhood configurations. For example, the general rule space of a Moore neighborhood can
be formed from rule 0 to 22 (or 1.34 x 10'34) [59]. We formalize all these rules as the rule vector R
in the n'" layer as follows:

R"= {ri,r2,.-.,Tm} (10)

where r;|i = 1 to m denote the rule members in the rule vector. m denotes the size of the rule space
of the CA. However, this paper uses m = 2° (or 512) based on the totalistic rule type.

Since the general rule space of a Moore neighborhood has a massive size, reducing
the rule space is necessary to reduce the time consumption required during the training
process and to enable the determination of the rule vector. In order to reduce the number of
general rules in the space, we employ the totalistic rule type proposed by [59,60] that limits
the rules from 22’ to only 29 (or 512) rules [61] (see Figures 2 and 3). Figure 4a shows the
particular setting of the totalistic rule type for a Moore neighborhood with approximately
2" neighbor according to [59-62].

o .. [1] [1] 0 0 (1] 0 =rule-50

"000000101" "000000100" "000000001"

Figure 2. Examples of general rules.

(511) .. (5) 4 (3 2 @ (0)
HEE N N
H - .
0o .. O 0 0 0 1 0 =rule-1

(511) .. (50) ® @ O ©

. fm- . mm

0 1 0 0 0
L 2

"000110010"

0 = rule-50

Figure 3. Examples of totalistic rules.
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35 137 273 511
64 (128256
32 (1 2
16| 8 4
(b) () (d) (e)
Figure 4. Totalistic rules: (a) the neighboring rules’ numbering conventions; (b—e) examples of rules
35,137, 273, and 511, respectively.

Definition 7. (Rule type equivalence). The neighborhood type and the number of possible states are
relative to the size of the rule space in general. Considering a Moore neighborhood of size 3 X 3 with
two possible states, the range of the general rule space is between 0 and 252 — 1 (see Figure 2 (Top)),
whereas the range of the totalistic rule space is between 0 (with neighborhood code 000000000) and
2° — 1 (rule 511 with neighborhood code “111111111") (see Figure 3 (Top)). In addition, the totalistic
rule space is also a part of the general rule space. Therefore, these spaces also have a significant
relationship. For instance, to find the neighborhood codes of any rule based on the numbering of
rule conventions with neighbors that shown in Figure 4a, the evolution result obtained for input
data with rule 50 (or rule code “0 ... 110010” (see. the yellow box in Figure 2)) in the general
rule space depends on three neighborhood codes: “000000001”, “000000100”, and “000000101"
(see Figure 2 (Bottom)), whereas the evolution result obtained under the totalistic rule depends on
only one neighborhood code “000110010” (see Figure 3 (Bottom)). In this regard, the following
formalization demonstrates how the general rule and totalistic rule spaces are equivalent.

rtotalistic(x) = Tgeneral (2(x)) (11)

For instance, rule 50 in the totalistic rule type (represented as tip1istic(50) = “000110010”) is

equivalent to rule 7geperal (250) = “000110010” in the general type. On the other hand, the rule

T general (21 +2* +2°) consists of neighborhood codes “000000001”, “000000100”, and “000000101”,
which are equivalent to rtotalistic(l)/ rtotalistic(4)/ and Trotalistic (5)r TESPECtiUEZy'

Definition 8. (Rule-0). Even though rule — O denotes no operation, the rule — 0 s of the
general rule and totalistic rule spaces still exhibit some differences. In this regard, we define
Ttotatistic(0)="000000000" as the neighborhood code for matrix convolution and 1 gepera; (0) = null
as the code for no operation.

Definition 9. (Architecture of DeepCA). The proposed framework relies on multilayer CA; therefore,
the main architecture of the framework can be represented as:

F(x) = fL(fL-1(fL-2(... (f1(x))))) (12)

where F(x) denotes the function of the DeepCA architecture with an input x, and f denotes the
functional layer within the L' layer, which consists of an input layer (f;,), a convolution layer
(feono), a pooling layer (fpoo1), and an output layer (fout).

3.2. Proposed Framework

This paper proposes a deep CA-based feature extraction approach for image clas-
sification. Figure 5 presents an overview of the proposed framework, and it is divided
into two stages: training and testing. The images in different magnification factors are
performed separately. For the training stage, the images in the training set are resized
from 700 x 460 pixels to 350 x 320 pixels. Then, each image is randomly extracted into
100 patches with sizes of 64 x 64 pixels, and the images’ contrast is improved using the
GLCM-CA algorithm suggested by [15]. We then feed all image patches to separately
train the DeepCA model for each class via the DeepCA training algorithm according
to Algorithm 1 and Figure 6. This process determines the best rule vector for the CA
and the score matrices. Then, the rule vector and the score matrices are adopted to
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reproduce the training set and feed the data to train fully connected neural networks
(FCNN ). Finally, during the testing stage, the images in the testing set are subjected to
the same process except for the configuration of DeepCA and the FCNNs that apply the
rule vector, score matrices and weights obtained by the training process to determine the
classification results. The main architecture of DeepCA is shown in Figure 7, which is
constructed with multiple layers from Layer — 1 to Layer — n by applying Equation (12)
as F(x) = fout (fpool (fpool (fpoal (fCOﬂU (fpool (fCOﬂU (fpool (fCOﬂU (fin (x) ) ) ) ) ) ) ) ) ) - In this architec-
ture, the first functional layer (f;,) separates each input image into R, G, and B channels and
then feeds the image to the next layer. Then, we apply the convolution function (fcons) to
convolve each image channel with the rule vector in the second layer. The initial parameters
of the model in this layer are set as follows: the size of the kernel is set to 3 x 3 according to
the Moore neighborhood, the zero padding level is set to 2, and the number of strides is set
to 1. Then, the data features extracted by the rules produce the results to be used as feature
matrices. Finally, the scoring matrices can be built from the feature matrices obtained from
several layers according to Equation (8) and Figure 7; the maxPool function is employed
for all pooling functions (f},,1), and then the score matrices can be directly obtained by the
functional output layer (four).

Labels Loss Function

Training set

benign

Training Phase

| |malignant

! |malignant

! |benign

malignant

Testing set

Pre-processing:
Patch
extraction and
GLCM-CA

DeepCA

Image Resizing lesraing

.
;

iRules vector and
iScore matrices
H

{Weights

Pre-processing:
Patch
extraction and
GLCM-CA

Image Resizing

Malignant

Testing Phase

Figure 5. Overview of the proposed framework.

Training
images
I={i, iy, ...,0}

1
. h
Iméi.hzaltlon . CA-rules identify Score Matrices evaluation: 1
(Defi qu s 8) Data evolution (Defintion 4) Feature matrices building :
e{mz on ) ¢ (Definition 2, 3) E> . 1 .
R" = {rurs, ...5 - !
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Algorithm 1: Training algorithm for DeepCA.

Input :Images I in RGB format.
Output:S,,p4. and Ryyt.

1 Initialization : 2-3

2 N+ 3x3

3 ]+ {il,iz,- . 'k}

4 LOOP Process: 5-26

5 for each layer n|(n =1,2,...,L) do

6 | I"«+1 > Assign I to I at n'"layer
7 R" < {ry,r2, ..., tm} > Initial R” by Equation (10)
8 Flox < 0,i+0 > Initial F}},, and I with 0
9 while !convergence do
10 for each image € I" do
11 forall r € R" do
12 F" < feono(I",R",s) > Compute F" by Equation (7)
13 F,ﬁfg}f %fpool(Fn’Nfs)
14 end
15 Floe sum(F,Zﬂx,Fntfﬁp) > Sum E},, of all images.
16 end
17 ri <— argmax()_ F .. (1))

reR"
18 Rout + vi
19 [0 fconv(In/ Rout, S)
20 I ¢« Jrew
21 i+—i+1
22 end
23 F" « fconv(I/ Rout, S)
24 S+ F" > Define the score matrix.
25 Smodel < Min(ferr(Sr; Ltass)) > Build final score matrix.
26 end

27 return S,,,4,; and Ry
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Figure 7. The architecture of the DeepCA feature extraction approach for breast cancer image classification.
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3.3. DeepCA Training

To train DeepCA, the input images are randomly extracted into patches as mentioned
above, where the RGB channels of each input image are processed separately. Then, each
layer of DeepCA is trained according to the process represented in Figure 6 and Algorithm 1,
as follows.

First, the Moore neighborhood and the rule vector are initialized based on the totalistic
rule space. Each image patch is also defined as the current state for the CA neighborhood
(Sh); then, the next generation of image pixels (S/*1) is obtained via the convolution function
(feonw) according to Equations (5), (7) and (10). The feature matrices F" are generated from this
process, where the depths of the feature matrices (or a number of f,, in F") are determined
according to the size of the rule vector R” for f,,tof;, (see Equations (7) and (10)).

Second, the first score matrices are obtained by the feature matrices according to
Equation (8). The maxPool function is employed at all layers of the feature matrices. Then,
the score matrices can be obtained by combining the feature matrices derived from all
layers (as the predicted objective map) as Fj;,, (see Figure 7). After employing all images
and rules in the rule vector R", we determine the rules r; from the maximum value obtained
by the summation function and register them as new members of the output rule vector
Rout, defined as a set of rules. In addition, the new generations of the input images are also
generated by the convolution function (fconv) With the output rule vector R,,¢, and then the
same process is repeated to determine the next rule.

Finally, to build the final score matrices S, the convolution function (fcouv) is applied to
the input images with the output rule vector R,,; obtained by the previous step, and then
the summation function is applied. The final score matrices are then produced as the best
score matrices of the model (S,,,4.1) by determining the minimized error during the training
process. In this regard, we adopt the mean squared error (MSE) function as a loss function to
minimize the errors between the score matrices (S;,) and their corresponding classes (I.j,s5) (or
labelled data). We estimate an error value by using a loss function (f.,r) based on Equation (9).
For the convergence criteria, the training process of each layer is repeated until all rules in the
rule vector converge with training images or until they meet the limit of the desired number
of the rule. Then, the best final score matrices of the model and the rule vector are applied
in the FCNN training process. We then evaluate the classification performance based on the
number of layers of DeepCA to determine whether to add more suitable layers.

4. Experiments and Results

This section provides details about the utilized dataset and the configuration of the
classifier, and then the classification performance of the proposed methods is evaluated.

4.1. Dataset

In this paper, we implement the proposed methods on the popular BreaKHis dataset [5].
It is a publicly available breast cancer image dataset consisting of 7,909 microscopic images
divided into two main classes (benign and malignant) obtained from 82 anonymous pa-
tients at various magnification factors. The original images are captured in the standard
RGB format with a total of 752 x 582 pixels at different magnifying factors: 40x, 100,
200x and 400x (see Figure 8). Without compression or normalization, all images are
cropped to 700 x 460 pixels to remove black border areas and saved in the portable network
graphics format.

The BreaKHis dataset was gathered during a clinical study in 2014 with approval from
the relevant authorities; the patients were invited to participate and were then referred to
the P&D Laboratory (Brazil) to collect samples. Hematoxylin and eosin (HE) stained breast
tissue biopsy slides were used to create these samples. Surgical open biopsy (SOB) or a
surgical procedure via a small incision of human skin was used to collect these samples,
which were then labeled by pathologists at the P&D Lab. Additionally, expert pathologists
and additional tests, such as immunohistochemistry diagnosis, were used to confirm all
sample cases. The dataset’s picture distribution is shown in Table 1.
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Figure 8. Slides of malignant breast tumors at different magnification factors: (a) 40x, (b) 100x,
(c) 200, and (d) 400 x. The green rectangle is an interesting area that is detailed in slide obtained at
the next magnification factor.

Table 1. Image distributions by their magnification factors and classes.

Magnification Benign Malignant Total
40 % 625 1370 1995
100x 644 1437 2081
200x 623 1390 2013
400x 588 1232 1820
Total 2480 5429 7909
Patients 24 58 82

Table 2. Three configurations of the FCNN classifiers that are used in the proposed methods.

Methods Size of the No. and Sizes of Size of the
Input Layer  Fully Connected Layers Ooutput Layer
Proposed method 1 12,288 1:64 2
Proposed method 2 12,288 2:64, 64 2
Proposed method 3 12,288 3:64, 64, 32 2

4.2. Training Parameters of the Classifier

To confirm the performance of the DeepCA feature extraction approach, we adopt
DeepCA in combination with FCNNSs. In this regard, the input layer of each FCNN is
defined as 64 x 64 x 3 or 12,888 neurons according to the image channels. In the experiment,
we combine DeepCA with three types of FCNNSs, in which the network configurations are
defined as (64), (64, 64), and (64, 64, 32) (see Table 2). In addition, we implement stochastic
gradient descent with momentum (SGDM) [63] as an optimizer for training the FCNNs
with the following parameters: the number of dataset training iterations is set to 30 epochs,
the minibatch size is set to 1, the momentum is defined as 0.9, and the learning rate is set
to 0.000001.

4.3. Performance Evaluation

To evaluate the performance of the proposed method against the state-of-the-art
algorithms, the same experimental protocol used in the corresponding works is adopted
to conduct an impartial comparison. More specifically, the image classification rate at the
image level is estimated as:

Ncorrect
- (13)
all

Image Classification Rate =

where Niorrect denotes the number of images that are correctly classified at each magnifica-
tion factor and N,;; denotes the total number of cancer images in the test set.

In addition, the model’s performance when the training data set is unbalanced was
evaluated using precision, recall, and F-Score. The metrics’ formulations are explained
as follows:
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true positive

Precision = — —
true positive + false positive

(14)

true positive
true positive + false negative

Recall = (15)

2 % Precision * Recall
F— = 1
Score Precision + Recall (16)

where the number of malignant samples that were successfully identified as malignant
is represented by true positive, and the number of benign samples that were correctly
identified as benign is represented by true negative. Additionally, the false positive and
false negative values show the number of benign samples that were mistakenly categorized
as malignant and malignant samples that were mistakenly classed as benign, respectively.

4.4. Results

To evaluate the performance of the proposed methods, we use the BreaKHis dataset for
a classification case with two classes: benign and malignant. Three different configurations
of the proposed methods produce different classification results, as shown in Tables 3 and 4.
We compare the classification accuracies of the proposed methods with the classification
accuracy reports obtained both with variance and without any variance (dependent on the
authors). However, in the case of the accuracies reported with variance, these values are
obtained by computing the average rate over five trials according to the experimental pro-
tocol of [5,37,64]. We integrate DeepCA with the three FCNN structures defined in Table 2
as proposed method 1, proposed method 2, and proposed method 3. The classification re-
sults obtained at all magnification factors are presented in Tables 3 and 4 and Figures 9-12.
Table 3 compares the classification performances of several feature extraction or feature
description methods. The classification performances achieved at different magnification
factors are obtained for all classes of images at each magnification factor contained in the
testing set. Table 4 compares the best classification accuracies and improvement obtained
by the proposed method and the state-of-the-art methods. The experimental results show
that the proposed method achieves better classification accuracies between 96.0% to 97.2%
for the proposed method 3, and achieves better results up to 7.95% improvement on av-
erage when compared with the state-of-the-art methods. In addition, Table 5 compares
the precision, recall, and F-Score obtained by the proposed method and the state-of-the-art
methods. The experimental results show that the proposed method achieves high precision,
recall, and F-Score at 95.4%, 96.2%, and 95.6%, respectively.
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Figure 9. Comparison among the classification accuracy achieved by the proposed method and the
state-of-the-art methods at a magnification factor of 40 x.
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Table 3. Comparison among the classification accuracy achieved with different methods.

Magnification Factors

Methods Authors 40 100 200 400 Average
CLBP [5] 77.4 76.4 70.2 72.8 74.20
GLCM [5] 74.7 78.6 83.4 81.7 79.60
LBP [5] 75.6 73.2 729 73.1 73.70
LPQ [5] 73.8 72.8 74.3 73.7 73.65
ORB [5] 74.4 69.4 69.6 67.6 70.25
PFTAS1 [5] 83.8 82.1 85.1 82.3 83.33
CNN1 [65] 83.1 83.2 84.6 82.1 83.20
CNN2 [64] 89.6 85.0 84.0 80.8 84.85
DeCAF-CNN [29] 84.6 84.8 84.2 81.6 83.80
VLAD-SVM [24] 91.8 922 91.6 90.5 91.53
CNN3 [66] 90.4 86.3 83.1 81.3 85.28
PFTAS2 [25] 89.1 87.3 91.0 86.6 88.50
CNN4 [67] 94.4 95.9 97.1 96.0 95.85
MIL [37] 87.8 85.6 81.7 82.9 84.50
DCGAN [38] 96.5 94.0 95.5 93.0 94.75
IDSNet [40] 89.5 87.5 90.0 84.0 87.75
ResNet50-KWELM [39] 8836 8714  90.02  84.16 87.42
Xception-SVM [41] 9625 9625 9574  94.11 95.59
Deep semantic-GLCM [42] 96.75 9521 9657  93.15 95.42
Proposed method 1 91.5 89.1 88.8 87.4 89.20
Proposed method 2 95.8 94.1 94.9 95.3 95.03
Proposed method 3 97.2 97.1 96.3 96.0 96.65

Table 4. Comparison between the best classification accuracy obtained by the proposed method and
those of the state-of-the-art methods.

Magnification Factors Improvement
Methods Authors Average Proposed Proposed Proposed
40x 100 200 400 Method1 ~ Method2  Method 3
PFTAS1 [5] 83.8+4.1 82.1+49 85.1+3.1 82.3+38 83.33 5.87 11.70 13.32
CNNI1 [65] 83.08£2.08 83.17+3.51 84.63+272 8210+442  83.25 5.95 11.78 13.40
CNN2 [64] 89.6 6.5 85.0 +4.8 840+32  80.80+3.1 84.80 4.35 10.18 11.80
DeCAF-CNN [29] 84.6+29 84842 842+17 81.6 +3.7 83.80 5.40 11.23 12.85
VLAD-SVM [24] 91.8 922 91.6 90.5 91.53 -2.33 3.50 5.12
CNN3 [66] 904 +15 86.3+3.3 83.1+22 81.3+35 85.28 3.92 9.75 11.37
PFTAS2 [25] 89.1 87.3 91.0 86.6 88.50 0.70 6.53 8.15
CNN4 [67] 94.4 95.9 97.1 96.0 95.85 —6.65 —0.82 0.80
MIL [37] 87.8+5.6 85.6 +4.3 817 +4.4 829+41 84.50 4.70 10.53 12.15
DCGAN [38] 96.5 94.0 95.5 93.0 94.75 —5.55 0.28 1.90
IDSNet [40] 89.5+2.0 875+29 90.0+53 84.0+29 87.75 145 7.28 8.9
ResNet50-KWELM [39] 88.36 87.14 90.02 84.16 87.42 1.78 7.61 9.23
Xception-SVM [41] 96.25 96.25 95.74 94.11 95.59 —6.39 —0.56 1.06
Deep semantic-GLCM [42] 96.75+196 9521218 9657182 9315+£230 9542 —6.22 —04 1.23
Proposed method 1 915+229 89.1+39  888+436 87.4x477 89.20 - - -
Proposed method 2 958+039 941+045 949+03 953+034 95.03 - - -
Proposed method 3 97.2 +0.13 971+02 963+0.18 96.0 +£0.23 96.65 - - -

Improvement Average 0.5 6.33 7.95
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Table 5. Comparison between the precision, recall, and F-Score obtained by the proposed method
and the state-of-the-art methods.

Methods Magnifications Precision Recall F-Score
40x 87.2 86.2 86.6
ek B2 =0
400 82.1 84.2 82.8
40x 96.0 96.0 96.0
s M0e %0 e
400 95.0 93.0 93.0
40 % 97.5 96.9 97.2
Deep semantic-GLCM [42] ;882 Z;g ZSZ gg;
400x 96.4 94.0 95.1
40 % 89.3 84.5 86.8
pposamaar 0 7 m2 w2
400x 78.4 81.2 81.2
40% 93.0 93.9 93.4
Pposamaaz 02 @y
400 % 92.1 92.7 92.7
40% 95.4 95.8 95.6
poamataas W< o4 w2 o
400 % 94.2 93.9 93.9
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Figure 10. Comparison among the classification accuracy achieved by the proposed method and the

state-of-the-art methods at a magnification factor of 100x.
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Figure 11. Comparison among the classification accuracy achieved by the proposed method and the

state-of-the-art methods at a magnification factor of 200x.
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4.5. Discussions

We compare the proposed method with various state-of-the-art models, i.e., the
CLBP [5], GLCM [5], LBP [5], LPQ [5], ORB [5], PFTAS [5,25], VLAD-SVM [24], and CNN
approaches in various architectures, i.e., [29,64—67], MIL [37], DCGAN [38], IDSNet [40],
ResNet50-KWELM [39], Xception-SVM [41], and Deep semantic-GLCM [42]. It is found that
the proposed DeepCA feature extraction technique combined with the FCNN classifiers
work significantly better than other traditional approaches and the state-of-the-art methods
for images at all magnification factors; this is especially true for proposed method 3. In this
regard, the classification accuracy obtained by proposed method 3 for the 40x magnification
factor is the highest at 97.2%, followed by those of the Deep semantic-GLCM [42], DC-
GAN [38] and proposed method 2, which achieve accuracies of 96.75%, 96.5% and 95.8%,
respectively. For the 100x magnification factor, proposed method 3 also obtains the highest
classification accuracy (97.1%) followed by the Xception-SVM [41] (96.25%) and CNN4
proposed by [67] (95.9%) whereas proposed method 2 and the DCGAN [38] achieve approx-
imate accuracy rates of 94.1% and 94.0%, respectively. Unfortunately, in the case of the 200x
magnification factor, the proposed methods cannot achieve the best classification accuracy.
Proposed method 1, proposed method 2, and proposed method 3 only produce accuracies
of 88.8%, 94.9%, and 96.3%, respectively. In contrast, the highest classification accuracy
of 97.1% is achieved by the CNN4 followed by Deep semantic-GLCM [42] which achieve
accuracies of 96.57%. However, the classification accuracies obtained by the proposed
methods are still better than those of several traditional methods. At the 400x magnification
factor, proposed method 3 and the CNN4 also achieve the highest classification accuracy
(96.0%) followed by proposed method 2 (95.3%). As seen in Table 3, although the classifica-
tion accuracy of the CNN4 is quite consistently better for 40x, 100x and 200x magnified
images as compared to CNN1 [65], CNN2 [64], DeCAF-CNN [29], CNNB3 [66], and the
proposed method 3. However, the performance of the proposed methods is obtained by all
automatic feature extraction processes, whereas CNN4 combined the CNN with several
hand-crafted feature extraction methods. Moreover, Figure 13 illustrates a comparison
between the average classification efficiencies of the state-of-the-art approaches and the
proposed methods at all magnification factors. It can be seen that the proposed methods,
especially proposed method 3, can significantly and effectively classify the input images.

4.6. Parameter Sensitivity

We attempt to identify the model parameters in our experiment to determine the
optimal model. In this section, we demonstrate how different model parameters affect the
resulting model performance.

Impact of the number of DeepCA layers. The number of layers is a significant
parameter in the DeepCA structure that directly affects the model performance. Each layer
directly executes with all channels of the input image and the rule vector that aims to tune
the data values for classification. Therefore, if the number of layers is too small, the data
tuned by the model are insufficient for efficient classification. On the other hand, if the
number of layers is too large, the data tuned by the model can be classified. However,
this barely increases the classification accuracy, and the required computation time is too
long. In this regard, we test the layer number parameter from 1 to 10. Figure 14 shows the
impact of the number of layers on the BreaKHis dataset in terms of classification accuracy.
The appropriate number of layers chosen in the experiment is five based on the maximal
achieved classification accuracy.

Impact of the size of the fully connected layer. This parameter is related to the
interconnection within the fully connected layer of each FCNN. Due to the performance of
the FCNNSs, even if the fully connected layers have small sizes, e.g., 16, they are sufficient
for small classification tasks. However, larger fully connected layers tend to yield better
classification performance. As shown in Figure 14, we vary the size of the fully connected
layer to test the resulting classification performance. In this regard, we fix the number
of DeepCA layers to five layers while keeping other parameters fixed in the FCNNSs as
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follows: the number of dataset training iterations is set to 30 epochs, the minibatch size is
set to 1, the momentum is defined as 0.9, and the learning rate is set to 0.000001.

From the experimental results, the fully connected layer size of 64 is chosen as the best
choice for further use. However, we extend the experiment by combining several FCNN
sizes to achieve better classification performance (see Table 2), as shown in the performance
report of this paper.
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Figure 14. Impacts of the number of layers and the size of the fully connected layer on the resulting
classification accuracy.

5. Conclusions

In this paper, a novel deep feature extraction method based on CA theory for image
classification is proposed. The proposed framework relies on multilayer CA and a deep
learning approach. It is divided into two main parts: deep feature extraction, which relies
on multilayer CA, and evolution rules. The first part aims to extract the multilayer features
(or feature matrices) of images, which are called score matrices. The score matrices are then
applied in the subsequent decision stage. These score matrices are flattened before being
fed into the fully connected layer of an ANN for the training phase and used for classifica-
tion during the test phase. Finally, histopathological images from the BreaKHis dataset,
the benchmark breast cancer image dataset, are deeply applied to confirm the efficiency
of the proposed method. In addition, we present three model configurations to explore
the best classification accuracies of the proposed method. The empirical results show that
the proposed method achieves a classification accuracy of 97.2% at a 40x magnification
factor, which is better than that of the compared state-of-the-art methods. In addition,
the experimental results show that the proposed method achieves the better results up to
9.09% improvement on average when compared with the state-of-the-art methods.

According to a limitation of the computing facility, we implement our proposal in the
existing available computing environment that still exhibits the outstanding results. However,
there are some limitations to this work. Despite applying the CA with the rules generated
many variation data, the proposed model still has the opportunity to improve its classification
performance on larger datasets because the limited size of data in the dataset affects classification
accuracy. For future research, we aim to expand more layers of cellular automata to improve the
feature extraction performance and plan to design a complete framework that relies on a pure
CA approach for both feature learning and classification engine. Besides, we plan to extend
the model to the larger classification problem, i.e., subtypes of benign and malignant classes of
breast cancer images or others images datasets, by redesigning the new structure of CA feature
extraction and learning algorithm. Although the proper evolution rules of CA on the larger
datasets are hard to determine, it still has room for improvement. In this regard, the optimization
techniques can be applied to determine the suitable evolution rules of CA. For computation
purposes, the same as densed CNN, high-performance computing with high-speed GPU and
huge memory is necessary.
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