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Abstract

Objectives: Acute lymphoblastic leukemia is one form of blood cancer. This
research work suggests the impact of meta-heuristic feature optimization
techniques on leukemia diagnosis. Methods: ALL-IDB2 image database is
utilized for this purpose which is publicly available. Techniques for pre-
processing images include scaling, SMOTE, and augmentation. Segmentation
of the nucleus plays a vital role in detecting leukemia. As a novelty, two
distinct deep networks, SegNet and ResUNet are deployed for this purpose in
place of conventional segmentation techniques. ResUNet performs better than
SegNet with a 0.98 accuracy rate. From the segmented images, about 6144
deep features are extracted using the Xception, Inception-v3, and ResNet50
models. The robust features are selected using mRmR and LASSO methods.
The features from the LASSO method are taken for further processing based
on the ANOVA test results. Utilizing the whale and moth flame optimization
techniques, these features are optimized. SYM and Twin-SVM are used as
classifiers in the proposed work. The distinctiveness of the work lies in
its combination of metaheuristic algorithms and deep feature integration,
which improves detection accuracy. Findings: It is found that the optimized
features obtained from whale optimization give an accuracy of 0.9828 whereas
the obtained accuracy is only about 0.9478 without using the optimization
algorithm. Novelty: The integration of metaheuristic optimization and deep
features is introduced in the proposed work to enhance leukemia detection
accuracy. The suggested work will definitely help clinicians to make more
accurate decisions on acute lymphoblastic leukemia diagnosis.
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1 Introduction

White blood cells, specifically lymphocytes, are affected by a kind of malignancy known as acute lymphoblastic leukemia (ALL).
One of its distinguishing features is an excess of immature white blood cells in the blood and bone marrow. The diagnosis of
ALL involves a series of tests, including blood tests, bone marrow aspiration and biopsy, and imaging studies. The primary
goal of this research work is to develop a unique approach that combines concatenated deep features with machine learning
classifiers to detect acute lymphoblastic leukemia cells.

Recent research works are reviewed continuously which is used to identify the research gap in the process of detection of
leukemia. A few of them are discussed in this section. Xiaodongchen et al ") proposed a model with Deeplab v3 for the diagnosis
of cancer Hybrid-based CNN system was proposed by Yesim Eroglu et al® for the purpose of distinguishing benign, malignant,
and normal cancer lesions. The Hybrid structure is built using the Alexnet, MobilenetV2, and Resnet50 devices. The complexity
of the hybrid architecture leads to excessive computational time. An efficient approach to feature selection using a fused lasso
framework and graph-based feature representations was proposed by Lixin Cui et al®). This approach could improve the trade-
off between each feature’s significance and the pairwise feature redundancy.

Jan Zidek et al®” proposed a technique of leukemia detection based on human visual perception. It leads to a decrease the
detection accuracy which was the major challenge identified in this work. Nature-inspired metaheuristic algorithms were also
introduced for the diagnosis of leukemia which gives significant results®~7),

According to studies in the literature, leukemia cells are detected using CNN models %, but the detection accuracy is low. In
several recent research works, hybrid designs were developed to increase the detection accuracy. The system will become even
more complex as a result. The development of a system with a basic architecture and deep features is identified as a research
gap. To bridge this gap, the proposed work suggests metaheuristic algorithms to choose robust and optimized features that both
increase detection accuracy and decrease system complexity.

2 Methodology

This research presents an effective method for the detection of acute lymphoblastic leukemia cells. For this purpose, the
ALL_IDB2 dataset (https://scotti.di.unimi.it/all/) with 130 microscopic images each of blast and healthy white blood cells are
gathered. Figure 1 depicts the block diagram of the suggested work. It is composed of several blocks, including segmentation,
pre-processing images, feature extraction, feature selection, feature optimization, and classification.

2.1 Image pre-processing and segmentation

The suggested method handles image pre-processing through augmentation, SMOTE (Synthetic Minority Oversampling
Technique), and scaling. All the input images are rescaled to 257 x 257 pixels. SMOTE oversamples minority classes by
taking each sample of the minority class and appending synthetic examples along the line segments connecting all k nearest
neighbors of the minority class. The cell nucleus is separated from the picture using SegNet and ResUNet. SegNet is a semantic
segmentation model comprised of a pixel-level classification layer, followed by an encoder and decoder network.
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Fig 1. Block schematic of the proposed work
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2.2 Feature Extraction

Extraction of features is the process of converting unprocessed data into manageable numerical features while maintaining the
information present in the source data collection. Deep learning models like Inception-v3, Xception, and ResNet-50 are used
for feature extraction from segmented images. The Inception-v3 model consists of both symmetric and asymmetric building
components!?). The inception modules used at each step reduce the number of parameters and channels by replacing larger
filters at each level with smaller ones ). Xception is an architecture that developed from the Inception design and is based
on the idea of depth-wise separable convolutions!?. Totally, 6144 features are obtained by concatenating 2048 features from
Inception-v3, Xception, and ResNet-50.

2.3 Feature Selection

Feature selection is a method that helps you reduce the input variable of your model by removing noise and only using pertinent
data. For feature selection, the Lasso technique and mRmR are employed. With the goal of maximizing relevance to the target
variable and minimizing redundancy among the selected characteristics, mRmR seeks to extract a subset of pertinent features
from a broader collection of variables. The relationship between each feature and the target variable is quantified by relevance ).
There is a max-relevance in Equation (1). where S is the size of features, and I (x;; ¢) is the mutual knowledge between individual
traits (xi) and classes (c).

1
D= — I(x;; 1
Szxies (xl’c> M
Redundancy quantifies the similarity or overlap between features. Equation (2) displays the minimal redundancy condition.
1
R (P, ayes 100 ®

Where the mutual information between the xi and xj features is represented by I(xi, xj). The mRmR algorithm aims to select a
subset of features that maximizes the objective function shown in Equation (3).

mazp(D,R)p=D—R (3)

Lasso regression is a type of linear regression that adds a penalty term to the ordinary least squares (OLS) objective function
in order to accomplish both feature selection and regularization!¥. Mathematically, the lasso regression problem can be
formulated as shown in Equation (4).

Minimize : 1/(2n)*||Y—XﬂH2+ A [|B]] 4)

Where,
Y Represents a vector of the observed target values,
X Denotes the matrix of feature values,
BRepresents the vector of coefficients for the linear regression model,
Als the regularization parameter and
n Notifies the number of data points

2.4 Feature Optimization

The process of selecting and altering the input features to improve the model’s functionality and predictive capacity is known
as feature optimization. For this, the moth flame optimization (MFO) and whale optimization algorithm (WOA) are employed
in this research. Humpback whales use their exploring behavior to look for possible prey. This behavior is represented by
randomly exploring the search space to locate potential solutions. Equations of Exploration are shown in Equations (5) and (6)
and equations of exploitation are shown in Equations (7) and (8),

D= |0 mma—X] ©)

rand

— s s

Xt+1)=X A.D (6)

rand
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—

D=I|C.Xx(t)—X(t)] 7)

X(t+1)=X*(t)—AD (8)

In this case, X* denotes the best solution found, X_rand is a random solution drawn from the current population, t denotes the
current iteration, X is the current solution, A and C are coeflicient vectors, and r is a random vector. The behavior of moths
and their attraction to light sources served as the model for the meta-heuristic optimization technique known as Moth Flame
Optimization (MFO). The MFO algorithm imitates the movement of moths toward light and utilizes a mathematical model
to guide the search for an optimal solution. Equations (9) and (10) show how the moth changes its position in relation to a
particular flame.

S (Mi,Fj) = D,.eb .cos (2nt) +F; B

D; = |F;— M| (10)

The logarithmic spiral’s shape is defined by the constant b, the i moth is denoted by M, the j™ flame is represented by F_j,
and t is a random number in the interval [—1, 1]. The distance of the i moth from the jth flame is indicated in Equation (10) .

2.5 Classification

For classification, Support Vector Machines (SVM) and Twin-Support Vector Machines (Twin-SVM) are employed in the
suggested research work. Twin-SVM uses two non-parallel hyperplanes to determine the decision boundary as opposed to
the single hyperplane utilized in typical SVMs. The objective is to find these two hyperplanes while maximizing the margin and
minimizing the classification errors.

Minimize: = (wy.wy + wy.wy) + C1&; + Créy (11)

DN | =

Where, w, and w, represent the weight vectors perpendicular to the respective hyperplanes, b, and b, are the corresponding
bias terms, C; and C, are the regularization parameters for the two hyperplanes and the variables £; and &, are slack variables
that allow for misclassification errors.

3 Result and Discussion

Deep learning networks are utilized in the proposed work to segment the nucleus. In order to identify malignant cells, the
segmented nucleus images are given to classifiers, after feature extraction and feature selection. The 130 tiny blood cell images
in each of two classes such as cancer cells and healthy cells. ALL-IDB2 database is the source of the required input images with
a size of 257 x 257 pixels. Totally 1458 images are obtained after augmentation.

Figure 2 presents the segmented nucleus of both healthy and cancerous cells using both SegNet and ResUNet along with
ground-truth images. Table 1 shows the performances of deep networks such as SegNet and ResUNet. It is found that ResUNet
is made to achieve great performance with a minimum number of parameters.

Xception, ResNet-50, and Inception-v3 are used to extract the deep features from segmented images. 2048 features are
extracted from each model and combined into a single feature vector. The validation of all features is carried out by ANOVA
test. The metric known as ’p-value’ can be used to identify the best features. The features with lower ‘p- values give a better
classification.

The extracted deep features are optimized by metaheuristic algorithms such as mRmR (minimum redundancy maximum
relevance), LASSO, Whales, and mothflame optimization techniques. ANOVA test is carried out again for the significance of
the selected features The p-value of the ANOVA test shows the statistical difference between the means of the two groups. If
the p-value is less than 0.05, it will be simple to identify a significant difference between the two groups. It is observed that the
features selected using mRmR are more significant. This is because the feature selection procedure in mRmR explicitly takes
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Fig 2. Segmentation results

Table 1. Performance comparison of SegNet and ResUNet

Model Accuracy  Validation Accuracy Loss  Validationloss  DICE Coefficient
SegNet 96.3% 94.99% 6.2%  3.6% 97.2%
ResUNet  97.21% 97.96% 34% 1.1% 98.1%
| Accuracy
0.9828
098 | (9691 09711
0.9588
. % 0.9478
E
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Fig 3. Performance comparison of classifier metrics with and without Optimization
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redundancy considerations into account. While LASSO can effectively shrink the coeflicients, it may not fully account for the
redundancy among features. This means that LASSO may select multiple correlated features.

The classifiers utilized are SVM and Twin-SVM which can be used to classify the features of Whale Optimization, Moth
Flame Optimization, and Without Optimization.

Figure 3 compares the accuracy of the SVM and Twin-SVM classifiers with and without optimization. Whale optimization
has performed better than Moth flame optimization as Whale optimization has a good balance between exploration and
exploitation. Whale optimization has been reported to converge quickly to a satisfactory solution due to its diverse search
mechanisms. As per the performance of the classifier, Twin-SVM has a higher performance than SVM. The use of two parallel
hyperplanes in Twin SVM provides a more flexible representation of the data. Identifying the blast cells more precisely will be
aided by the proposed effort.

A comparison is made between the proposed methodology with some of the recent works performed to detect acute
lymphoblastic leukemia based on the detection accuracy, algorithm complexity, and running time. It is observed that in recent
works, a single deep network is adopted where the running time and system complexity are much less when compared to the
proposed work. VAR-PCANet has moderate complexity as well as running time. Even though the suggested method in this
paper has high complexity and more running time, the accuracy is higher when compared to other models. Always there is a
trade-off between running time and accuracy. Regarding medical diagnosis problems, accuracy is given more preference than
system complexity and running time. In that way, the proposed work is suggested as the best approach to detect leukemia.

Table 2. Performance comparison of proposed work with existing methods

Authors Methodology Accuracy Algorithm Running time
complexity
Deepika Kumar et al (1) DCNN 97.2% Less Imin 5sec
Mondal et al (1) XceptionV3 93.90% Less 2min 20sec
Genovese et al (17) VAR-PCANet 97.62% Medium 5min 30sec
Pradeep Kumar et al 18) MobilenetV2 97.18% Less 2min 10sec
Proposed method Inception-v3+Xception+ ResNet-  98.28% High 8min 10sec
50+LASSO+Whale optimization+Twin-
SVM

4 Conclusion

The most prevalent type of malignancy in white blood cells is acute lymphocytic leukemia. The immature cancer cells will spread
quickly. The primary objective of this research project is to create a high-accuracy diagnostic technique for acute lymphoblastic
leukemia. Meta-heuristic feature optimization algorithms can be utilized to do this. All of the input images are taken from the
publicly accessible ALL-IDB2 database for this purpose. Every image that is obtained is pre-processed using various techniques,
including augmentation, SMOTE, and scaling. SegNet and ResUNet are utilized for segmentation when the pre-processed
results are provided. ResUNet performs better than SegNet, with a 98.26% accuracy rate. Three deep learning methods—
Inception-v3, Xception, and ResNet-50 are applied to the segmented findings in order to extract deep features. By concatenating
all of the deep features, a total of 6144 features are acquired. By applying the LASSO approach, the robust features are chosen.
Subsequently, the selected features are optimized by the Whale optimization technique. Blast cell detection is accomplished via
a twin-SVM classifier. Accuracy, precision, recall, and F1-score are a few of the performance indicators that are used to compare
classifier performance. The detection accuracy is found to be 0.9828 when the whale optimization technique is used, compared
to just roughly 0.9478 when no optimization algorithm is used. This demonstrates the impact of applying a meta-heuristic
feature optimization approach on the acute lymphoblastic leukemia diagnosis process. The suggested research will undoubtedly
fill the research gap and also help clinicians make better-informed decisions regarding acute lymphoblastic leukemia diagnosis.
The suggested approach will thereafter be evaluated using real-time images from hospitals and health institutions.
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