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ABSTRACT

Leukemia is a fatal cancer affecting individuals of all ages, primarily involving
abnormal increases in immature white blood cells that impair bone marrow and blood
function. Accurate and timely diagnosis is essential but current manual microscopic
analysis is slow, error-prone, and challenged by the similarity between healthy and
leukemic cells. This study proposes a novel Federated Learning (FL)-based Deep
Learning (DL) framework for leukemia detection, ensuring privacy-preserving training
across distributed clients. Input images are first denoised using an Adaptive Median
Filter (AMF), followed by Scribble2label-based cell segmentation and image
augmentation. Features are then extracted and classified using a Dense Convolutional
Network (DenseNet), optimized through a proposed Fractional Mayfly Optimization
(FMO) method, which integrates the Mayfly Algorithm and Fractional Calculus. Local

model updates are aggregated at the server via RV coefficient-weighted averaging. The
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proposed FMO-DenseNet achieves high performance with 94.3% accuracy, 5.7% loss,
9.2% MSE, 0.965 TNR, and 0.953 TPR.

Keywords: fractional Calculus, DCNN, Leukemia; federated learning, fractional

concept; May-fly Algorithm.
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1. Introduction

Cancer occurs due to the fast-developing cells that grow beyond their normal
boundaries. It affects body parts and spreads to other organs. This condition is known as cancer.
Leukemia is the other name for blood cancer. The Greek words "leukos" which means "white"
and "aim" which means "blood," are used in the entomology of leukemia.[28] There is an
uncontrollable excess or morphological disruption of leucocytes in the blood due to malignancy
developing in the bone marrow. [5] The basic method of classifying leukemia depends on
whether it is acute or chronic and whether it originates in lymphoid or myeloid cells. Knowing
the precise type of leukemia helps medical professionals better determine each prognosis of the
patient and choose the most effective treatment. [3] Identification of leukemia is essential since
it has a significant impact on prognosis and immediate therapy results. Despite the fact that it
1s well known that automated blood cell images, analyzers typically under estimate the quantity
of blast cells. [29][2] For early and reliable identification, the manual recognition of this
malignancy necessitates a skilled doctor or physician. It is a common procedure to examine
blood smear images to find Acute Lymphoblastic Leukemia (ALL). However, due to the
complexity of blood cells and the reliance on human interpretation, manual identification is
complicated by difficulties including noise, blur, weak edges, and weak edges.[6]

Leukemia can be categorized based on the malignant cell type, such as lymphoid or
myeloid, and based on the rate of symptom development such as chronic or acute. ALL is most
prevalent in children and due to genetic causes, the Hispanic population is most impacted by
ALL globally. A formation of morphological and molecular principle is currently used to
diagnose leukemia. The morphological classification is based on the medical norms, which

were created to recognize the traits, like number of white blood cells, form, and size, to
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determine the possibility of distinguishing the categories. The time required for the analysis of
each sample by the expert and the accuracy of the diagnosis are two significant drawbacks of
this process. [30] Medical professionals are helped by Computer-Aided Diagnostic (CAD)
systems to do everyday tasks more quickly, accurately, and efficiently. [8] Hematologists
frequently employ a variety of invasive techniques to diagnose the condition. An invasive
procedure called biopsy typically involves examining spinal fluid, bone marrow, or blood, and
it is used to diagnose most cases. These procedures are difficult, expensive, and timeconsuming.
The doctor performing these examinations checks for signs of ALL, which are extremely likely
to be present if the number of WBCs is high enough and there are other pertinent physical
observations. [1] FL has been suggested as an alternate environment, in which a common global
model is tuned from federation of contributing devices under the direction of a fundamental
server. The participating devices (clients) are often many and their internet connections are
inconsistent or slow. When training data is derived from user interactions with mobile
applications, it serves as a major motivator for FL. It separates the capability of Machine
Learning (ML) from requirement for data storage in the cloud by allowing mobile devices to
supportively establish a shared prediction model while keeping all the training data on the
device. Mobile devices are used by users as nodes to process local data so as to update a global
model and training data is stored locally. Furthermore, local models that are used to make
predictions on mobile devices, this also brings model training to device. The huge amount of
clients, the very unstable and non-i.i.d. data available on each client, and the often- poor
network connections set the system above apart from standard distributed ML. [27] Advances
in ML and Deep Learning (DL) can assist in more correctly detecting the disease as well as
assisting medical professionals in appropriately diagnosing and treating the disease. [31] The
process chosen comprises image preprocessing, feature extraction, feature selection, and
classification. [ 6] Using two-dimensional convolutional filters, a Deep Neural Network (DNN)
may mechanically mined task-specific features to get around the issue of predetermined
features. DNN are frequently used in computer vision, particularly for medical image analysis
include disease classification, detection, [32] registration, localization, and segmentation. 1 The
server and the nodes are the two entities elaborate in the FL process. In this context, local
training is carried out at each node using local data. Moreover, model aggregation is performed
at the server and global model is then downloaded at nodes. Additionally, training is updated
using both transferred global model and local model. The objective is to develop a system of

classification for leukemia utilizing the proposed FMO-DenseNet. The initial step is the
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acquisition of input image from given dataset and the image is sent to pre-processing. An AMF
is used for pre-processing. After completion of image pre-processing, data augmentation is
performed, and then extraction of feature is effectuated. The classification of leukemia is then
performed using DenseNet, which is tuned by proposed FMO. Here, FMO is a novel approach
formed by fusing MA and FC. The core contributions of this work include the following:

Developed FMO-DenseNet for leukemia classification: A new optimization-driven
model, called FMO-DenseNet is formed to classify leukemia in a FL framework. Leukemia
classification is accomplished by using DenseNet, which is tuned based on proposed FMO.
Here, FMO is newly formulated by the formation of FC and MA.

1.1 Literature survey

Zakir Ullah, M., et al. [1] developed CNN for the classification of ALL cancer. Here,
this technique was easier and produced acceptable outcomes for the ALL diagnosis. It was also
utilized by pathologists as a supplementary diagnostic tool. However, it neglected to consider
multi-class categorization and many data datasets of the same or related diseases to improve
the efficacy.

Ansari, S., et al. [2] introduced the DL model for the diagnosis of acute leukemia cells.
The time-consuming issue of selecting the features was resolved by this technipque.
Nevertheless, it failed to evaluate relevant research in real-time applications and contemplate
more image classification scenarios.

Ramaneswaran, S., et al. [3] established hybrid inception v3 XGBoost model for ALL
classification. In this case, the approach was made easier without affecting efficiency by using
a single Convolutional Neural Network (CNN) backbone. However, this approach failed to
create a synthetic dataset with Generative Adversarial Network (GAN) to advance research.
Sampathila,

N., et al. [4] devised anintelligent deep learning algorithm to predict the leukemic cells
from the healthy blood cells. This technique was helpful during the screening process because
it decreased the computing time and error rate. However, it was challenging to address the issue
by expanding the database with noisy images for prediction.

Baig, R., et al. [5] developed a hybrid CNN and bagging ensemble for the diagnosis of
ALL. This method reduced the implementation time of model so as to enhance its performance.
However, this method failed to identify the subtype of leukemia and it did not reduce
computational complexity.

Sulaiman,A., et al. [6] established ResRandSVM for the detection of ALL in blood

smear images. In this case, it improved the capacities for generalization,interpretability, and
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overall performance. However, additional DL and ML algorithm combinations were not
considered for accuracy.

Mallick, P.K., et al. [7] introduced a DNN classifier to classify the leukemia types. The
automatic analysis of microarray data was made possible by this ML technique. However, this
method did not consider improving the network structure to enhance the classification.

Diaz Resendiz, J.L., et al. [8] established Residual Network-50 (ResNet-50) for the
classification of ALL. This model was able to extract excellent deep features that improved
classification. However, it required labeling images, which was time-consuming and prone to
errors.

1.3 Challenges

Some of the complications faced by prevailing classification approaches of leukemia
are listed as below:

1. An effective approach named CNN was introduced in [1] for ALL cancer
classification. Here, this model achieved promising performance in terms of robustness,
classification accuracy, and flexibility. However, this technique was not validated with different
database of similar diseases and multi-class classifications.

2. For the purpose of ALL classification, inception v3 XGBoost was developed in. [3]
This approach did not consider the usage of attention maps to make the technique more
interpretable to enhance the confidence of medical practitioners.

3. In, [7] a DNN classifier was established for the purpose of leukemia classification.
Here, this classifier produced an enhanced classification accuracy with minimal time
consumption. In this technique, no optimization was considered to improve the detection
process, which remained a challenge.

4. ResNet-50 was developed in [8] for diagnosing leukemia disease. In this case, this
model significantly improved model consistency, interpretability, and visualclarification.
Nevertheless, it failed to consider numerous types of WBC to produce a more powerful
ensemble classifier for increasing the accuracy of classification.

5. All the above-mentioned difficulties can limit the overall performance. Hence, there
is still a need to develop high-performance systems on the basis of larger datasets. Existing

approaches struggle to explain the underlying logic behind modelpredictions and to be robust
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2. Materials

2.1 Experimental set-up

The experimental setup of FMO-DenseNet is executed utilizing PYTHON tool.
2.2 Description about dataset

The complete analysis of ALL,[26] as a highly predominant cancer, necessitates
expensive, invasive, and time-consuming diagnostic tests. utilizing Peripheral Blood Smear
(PBS) images for ALL diagnosis is a crucial step in the early differentiation of cancer cases
from non-cancer cases. The bone marrow laboratory at Taleqani Hospital (Tehran, Iran)
prepared images for this dataset. This database comprised of PBS images from 89 individuals
assumed of having ALL, whose blood samples had been processed and marked by qualified
laboratory staff. The classes benign and malignant in this database are separated. A Zeiss
camera set at a 100x magnification was used to capture each image, which was then saved as a
JPG file.
2.3 leukemia classification [Federated learning]|

FL23 is an evolving distributed collaborative Al framework, and it is most commonly
used for smart healthcare. Here, the training of Al is performed without sharing data by
coordinating multiple clients like hospitals. Therefore, a novel optimization-based DL
technique using FL is proposed in this research. In FL, different entities are considered
including servers and nodes. Every node does local training on the basis of local data, and the
server receives updated weights for the model aggregate. Then, the global model is downloaded
at every node, and training process is carried out at each node iteratively utilizing the local
model and downloaded global model. The block diagram of FL for classifying leukemia is

shown in Figure 1.

Local device Global Model
Training Model
Input Blood
smear Image Leukemia Classification Aggregator

Developed FMO-DenseNet

2.3.1 Local training based on local data
FL enables two participants to collaborate and train DL in a decentralized manner. Each

FL user creates a method locally utilizing information from their own device, then uploads the
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ideas of the model to a centralized server that gathers updates from all devices. Once a certain
number of devices have generated their updates, local training is done, and the devices are then
granted access to the aggregated scheme parameters. 23
2.3.1.1 Training at every node

Each local device node obtains an image as input and initiates the training process inside
the training model at a time interval t . The model or global server gathers all local device
updates, and aggregates it to generate a global model. The further sections allocate a detailed
description of training method utilized in the training model.
2.3.1.2 Proposed Model FMO-DenseNet for Leukemia Classification

The input image is contemplated as the input for the classification of leukemia and it is
subjected to image preprocessing. AMFO is used to eliminate noises from the input image. In
order to distinguish the cells from the background, cell segmentation is then done using
theScribble2label. 10 Additionally, image augmentation is used to augment number of training
examples. Image augmentation is accomplished using procedures like rotation, color
augmentation, scaling, and flipping. After that, feature extraction is executed, where statistical
features, 12 including mean, median, standard deviation, variance, skewness, and kurtosis,
CNN features, 13 GLCM features such as contrast, correlation, energy, homogeneity, and
entropy, CLBP features, 15 DWT, PHOG, 16 LVP, 17 and LGXP18 are extracted. Lastly,
leukemia classification is accomplished utilizing DenseNet, 19 which is trained using the
proposed FMO. Here, the FMO 1is devised by merging MA20 and FC. 21 Following local
training, the server performs local updating and aggregation using a weighted average by RV
coefficient. 22 Figure 2 depicts a visual depiction of FMO-DenseNet for the classification of

leukemia.
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Figure2. Pictorial representation of FMO-Dense Net for classification of leukemia

a). Image acquisition
The input blood smear image is obtained from database K , which contains s images.

The database is designated as below,

K=\M.M,,..M,....M (1)

|
P 3.

From the equation, a total number of images is characterized as s and M p denotes th p
image that is used for leukemia classification.
b). Image pre-processing

Extracting the noise in the input image requires using an image pre-processing
approach. The image obtained from database has some inherent noise that has to be removed.
In this case, to ignore the noise component, the AMF9 is utilized. The input considered for pre-

processing step is the blood smear image Mp .
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Adaptive median filter

The AMF9 is employed for denoising the image Mp , and here, spatial processing is
used to identify pixels in the image that are impacted by impulse noise. Each pixel in an image
1s compared to its neighbors to determine whether it is noise or not. Additionally, it can change
the reference threshold and size of the neighborhood. Noise is defined as a pixel that is out of
alignment with the majority of its neighbors and not positioned next to the pixels to which it is
identical. The median pixel value from the area that passed the noise identification test is then
used to replace the pixels affected by impulse noise. The AMF is effectual in minimizing
distortion, eliminate impulse noise and reduction of background noise. The output attained from
AMF is signified by M n
¢). Cell dissection|[Scribble2Label]

The pre-processed image M n is utilized as the input to the cell segmentation process.
In this case, leukocytes are isolated from segments of image in order to predict specific features.
Additionally, Scribble2Label is utilized to segment the cells during processing. 10 In this case,
specified scribbles are represented by labeled pixels while the remaining pixels are left
unlabeled. A standard cross-entropy loss is employed for the labeled or scribbled pixels. For
unlabeled or unscribbled pixels, the network automatically produces suitable labels by applying
an exponential moving average produced during training. There are two stages to training this
model. The model is trained using simply the scribbling pixel loss in the initialization step,
which is considered as a warm-up stage. Following the first model training during the warm-
up step, an estimation is repeatedly refined by both scribbled and unscribbled losses.

warm-up stage: Consider the small group of user-created scribbles used as input training
data. The model is only trained using the provided scribbles during the warm-up phase,
producing average predictions. In this case, a subset of consistent mask annotation is
represented by given scribbles. This system is cross-entropy loss trained by ignoring

unscribbled pixels as described below:

1
JoM,, == [fylog(x(d:0,))+(1- f,)log(1- y(d:6,))] )

%,
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Here, scribble annotation specified as f, set of scribbled pixels is denoted as yr, vy (d ;
0:) signifies prediction of model at iteration t , input image represented as Mp , network is
represented as 0 . The output attained from cell segmentation is signified as Ms .

d). Image augmentation

The segmented image M s is applied as input for image augmentation. Image
augmentation[11] lessens the need for memory usage while assisting in the growth of the size
of the database. It is a synthetic technique for boosting the number of training examples using
duplicates of datasets built with actual data. In addition, data augmentation reduces overfitting
issues. Techniques used for augmentation include rotating, scaling, flipping, and color
augmentation.

i). Flipping:For the image to be reflected along either its horizontal or vertical axes or
both, flipping is required. Without utilizing artificial computation, operators can raise the
number of images in a dataset.

Vertical flipping: The top and bottom of the upside-down image determine the y and x
axis. Here, coordinates for each pixel at moment the vertical axis flipping are represented by

hw and hy . It is represented as,

o S

Here, the pair of coordinates is signified as @ and L .
Horizontal flipping:The image has a horizontal rotation that affects the right and left
sides. The components of hw and h | indicate the existing position of the pixel after horizontal

y-axis reflection, and it is expressed as,

e 9

Horizontal and Vertical flipping:Since the image alternated between a vertical and a
horizontal column, both of the columns are endangered. Moreover, hw and hy denotes present

coordinates of each pixel after flipping vertical and horizontal axes. It is articulated as
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G S

Furthermore, the consequence image after flipping is specified as Yai .
ii).Rotation: Rotation is accomplished by rotating images around a left- or right-
pointing axis at an angle between 1 and 360. It is employed to produce images that vary from

the actual image by a certain angle degree in a cumulative way. The rotation feature is

I 08 —$1 7
Al A
h, sing cos¢@ L

In this case, formed result after rotation is signified by Ya> .

demonstrated as,

iii.) Scaling: The particular image dimension and size are chosen throughout scaling
process. The training set is also improved by employing the updated version of the data. The
image after scaling is stated as Ya3 .

iv.) Color augmentation:By changing values, the pixel values are modified directly,
thereby altering the color property of image. Brightness, grayscale, hue, contrast and saturation
modifications are made to attain color augmentation. In this case, augmented image is denoted

as Ya4 . Consequently, a process of image augmentation is demonstrated as

Y, ={r,, Y, T, (7)

e). Feature extraction

It helps reduce the quantity of irrelevant data in the dataset by identifying the important
properties of the data. The augmented image Y a are used as input to create the selected features
for the processes which are explained in further sections. Moreover, statistical features, CNN,
GLCM, CLBP, DWT, PHoG, LVP and LGXP are also mined. The Y, is taken as the input for

feature extraction
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i.Statistical features

Mean, median, standard deviation, variance, skewness and kurtosis are the statistical
features12,24,25 considered in this section. The algebraic relation of statistical features is
specified as follows.

Mean: The sum of all the pixel values in an image is divided by the total number of

pixels in the image gives the mean12 of the image.

-1 &£-1
g, :[ : )ZZIJ(\V.H) (8)

CXE Jyw=0u=0

Here, mean is denoted as g1 , size of image is represented as cxe , pixel location is
indicated as w,u, and pixel intensity is denoted as h (w,u) .

Median:The median25 is the number dividing the higher half of a data sample or
population from the lower half. The data are arranged from least value to greatest value, and
middle value is used to calculate the median of the Red (R) and Green (G) pixels intensity ratio
values. Moreover, median is denoted by the term g> .

Standard deviation:The standard deviation12 is a measure of in homogeneity and the
second central moment representing the probability distribution of an observed population. A

greater number denotes a superior intensity level and strong edge contrast in an image.

g;=\{ 1 }ii(h(‘n'.u)—(;f )

cxX& w=l) u=0

Here, standard deviation is signified as g3 .

Variance: The rate of allocation in gray levels is specified by variance, which is another
element of an image. [24] In this situation, the variance increased as well if there was a variation
in mean-based gray level amount. The variance value indicates deviation of every pixel from

mean.

c-l 2-1 3
g*:( : JZZ[I}(W.:J)—G)' (10)

CXE J\ym0u=0
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where, variance is denoted as g4 .
Skewness: A metric for symmetry or lack of symmetry is called as skewness. [12] The

skewness of random variable gs (A), which is expressed below,

(11)

CXE

‘H5(2)=[ 1 }E(h(u'.u]—ﬁ)lI

(g,)

where in, skewness is represented by the term gs
Kurtosis: The parameter known as Kurtosis12 describes the shape of the probability

distribution of a random variable.

(12)

CXE

l })_‘{)':(u:nr)—(i)4 ]

.a’h(f”-)=( -
(g3)

where, random variable is represented as A , and kurtosis is denoted by gs .

ii. CNN features

CNNs[13] are artificial neural networks that are deep and feed-forward. Convolutional,
pooling, and fully connected layers are three different categories of layers included in a
conventional CNN. The objective of the convolution layer is to separate several feature
representations from input. The pooling layers significantly contribute to the performance
improvement of the model by reducing over-fitting, and computational cost. The inclusion of
the features from previous convolutional layers is the main purpose of fully connected layers,
which are described below. Local connectivity and shared weights are two significant
techniques employed in CNNs that seek to optimize speed and minimize memory usage, feature
generated from convolution layer is CNN feature and is designated as g7 . In figure 3 illustrates

the diagram for CNN features
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Convolution
Layers

Processed Image Pooling Layers

CNN Features Fully Connected

Layers

Figure 3. Schematic view of CNN Feature

iii. GLCM features

GLCM14 is a statistical technique for analyzing textures that considers the spatial
relationship between the pixels. In this context, GLCM features like homogeneity, correlation,
entropy, energy, and contrast are mined from augmented image Y. . The process is done briefly
provided as follows, -

Energy: The significant number of repeating pixel combinations is known as energy.

The affinity in an image is calculated using subsequent equation:

&8s =JZ S i *(k,r) (13)

k=0 r

wherein, energy is represented as gg .
Contrast: The contrast gives the variation of the measurement of pixel intensities and

their surrounding pixels, and is depicted as.

c=1 £-1

gu=ZZ(n'—u):h(u:u) (14)

w=0 u=0

contrast is denoted as go.

Correlation: Correlation is the size of spatial features dependances between the pixels
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Z- :)Z', :’(k.r)lz(k.r)—lﬂl‘;
8= - (15)
ONON

correlation is indicated as gio.
Homogeneity: The local consistency of an image is measured by homogeneity. It has
one or more ranges of values to distinguish with non-textured and textured, and is also known

as the "inverse difference moment."

a3-1 (-1 l
=3 ———hik.r
gu l+(k—f‘): 1(k,r) (16)

k=0 r=0

homogeneity is signified as gji.

Entropy: It is used to describe the randomness in augmented image and is stated as:

3-1 (-1
g =—2. > h(k,r)log, h(k,r) (17)

k=0 r=0

grey scales are represented as k and r, translation factor and entropy is denoted as g12 .
iv). CLBP

The CLBP15 function is used to extract the local information from the augmented image
Ya . It is used to characterize discriminatory information from the image and strengthen
robustness of textural feature depiction. CLBP feature contemplates both symbols = and
magnitude @ of local variances along with the value of center grey level v . Moreover, CLBP
feature consists of three features, such as CLBP =, CLBP @ ,and CLBP v.
v).DWT

The most important feature extraction tool is DWT, 14 and it is used to fine-tune the
wavelet coefficients from the images. An essential component of detection is the frequency data
that the wavelet takes from a signal unit. In this case, images were mined from Low-Low (LL)
sub-bands after being divided into spatial frequency units. Nevertheless, High-Low (HL) bands

demonstrates higher performance than LL sub-bands.
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vi).LGXP

The Local XOR pattern (LXP) operator and Gabor phase are both used by the LGXP
descriptor. 18 The quantization of this descriptor into different levels of codes according to
level of phases allows it to be used to encode Gabor stages. By using a behavioral model, the
gathered Gabor stages are quantized.

vii). LVP

By estimating the distance between the target and surrounding pixels in various
orientations and from various distances, the LVP featurel7 creates a vector representation of
all pixels. In this instance, the micro patterns are extracted from the paired vector orientation
using the Comparative Space Transform (CST). Redundancy and length and are decreased by
LVP function.

viii.) PHoG

A spatial shape descriptor called PHoG16 has been recently applied to the classification
of images. The images are directed at various resolutions into the regions and spread over edge
orientation inside the region. The HOG is displayed in the area of each image that corresponds
to each resolution. A highly developed edge indicator then uses a grayscale image to classify
PHOG feature, leading to the creation of a four-level dimensional pyramid. Nevertheless, HOG
is noticed for each bin in each level and totaled to develop PHOG.

f. Leukemia classification using FMO-DenseNet model.

A highly common and dangerous cancer that begins in the tissues that produce blood
is leukemia. Leukemia is categorized by examining at the chronic and acute disease
development as well as its affected white blood cell rate. The blood cells are aberrant in acute
leukemia and incapable of functioning normally. In this case, the leukemia classification is
performed by utilizing FMO-DenseNet model. It is carried out by employing DenseNet, 19
which is tuned by proposed FMO. Here, feature vector V¥ is taken as input for leukemia
classification.

i. Planning of DenseNet

DenseNet19 has a lot of dense connectivity when compared to other networks like
Visual Geometry Group Network (VGGNet) and Residual Network (ResNet). DenseNet was
chosen as the leukemia classification algorithm in this work because it effectively reduces
vanishing gradient issue, enhances feature map circulation, and uses less parameters. DenseNet
offers direct contacts from every layer to all succeeding layers, which can improve flow of

information between layers
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Figure 4. Architecture of DenseNet

ii. Training of DenseNet using proposed FMO

DenseNet is efficaciously trained to classify the areas of a leukemia using the FMO
method, which combines FC21 and MA20 approaches. In particular, the social interactions and
the mating rituals of mayflies serve as an inspiration for MA. 20 A potential solution to the
issue is represented by each position of mayfly in search space. The male and female
populations of mayflies are first represented by two randomly generated sets of mayflies. Every
mayfly has a unique flying direction that is a dynamic mixture of its personal and social flying
involvements, and a velocity of mayfly is termed as the change in its location. Each mayfly
specifically modifies its trajectory to reach both the best position it has ever reached for itself
and the entire swarm. This method improved exploration and shown outstanding convergence
behavior, frequently arriving at the best overall solution in the first few iterations. Additionally,
a fractional concept21 is employed to combined features before utilizing fractional calculus to
arrange the features. Based on prior iterations, the FC is used to evaluate the optimal solution
and is built to capture sequential information. The improvement boosts the effectiveness of both
the proposed optimization technique and revised solution. Combining these two methods makes
it feasible to tackle optimization difficulties with great results and a faster convergence rate.
The algorithmic phases that comprise DenseNet training process are labeled as below

Step 1): Initialization

Step ii): Estimating fitness function

Step ii1): Movement of male mayflies

Step iv): Movement of female mayflies
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Step v): Mating of mayflies

Step vi): Re-evaluating fitness

Step vii): Termination

Pseudocode of FMO is labeled in Table 1.The FMO algorithm is effective in generating
the finest hyperparameters of the DenseNet, which is beneficial for classifying leukemia. The
FMO algorithm generates global optima with minimum volume of complication by FC with

regard to MA method.

Table 1.Pseudocode of proposed FMO
Initialize male and female mayfly population and velocity
Estimate solutions
Determine global best b**
Do While stopping principles are not me
Apprise velocities and solutions of males and females
Assess solutions
Rank the mayflies
Mate the mayflies
Estimate offspring
Isolate offspring to male and female arbitrarily
Exchange worst solutions with best solutions
Apprise H**' and b
end while

2.3.2 Accumulation at the server

Once leukemia has been identified, the server aggregates weights derived from various
local training data in data aggregation phase. At this point, the weights of local model are
averaged to assess the weights of global model. The scheme holds X amount of local nodes
that produces weight v s at every node an execute data aggregation p to calculate normal weight

N, which is demonstrated in figure 5.

Local node 1 Localnode2  |------- Local node n

[ Accumulation at the server ]

Figure 5. Data aggregation at the server
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3.Results

The results of FMO-DenseNet in relation to the evaluation measures are elucidated in
this section. The efficacy of introduced strategy is also revealed by comparing results of
modeled technique with existing models.

3.1 Evaluation metrics

By using evaluation metrics, the effectiveness of the FMO-DenseNet is assessed. The
measures used in this paper are accuracy, MSE, loss function, RMSE, TPR and TNR.

1) Accuracy: The ratio of blood smear images that are accurately categorized as either
healthy or having leukaemia is determined by this metric.

i1) TPR: The sensitivity is the percentage of infected patients that are properly
recognized as having leukemia. In this case, sensitivity is also called as TPR.

iii) TNR: TNR is also referred to as specificity, which measures the system by
determining proportion of properly detected negative samples to all negative samples.

iv) MSE: MSE is a measure that merged the original and predicted dimensions.

v) RMSE: The square root of the squared error between the original and expected
measures.

vi) Loss function: The distance between these detected values and the actual label values
is indicated by loss function. The loss function also called as error function, that gives an
excellent comprehension of prediction error.

3.2 Experimental results

The sample image outcomes for leukemia classification are showed in figure 6. Input
blood smear image shows in figure 6a), pre-processed image is demonstrated in figure 6b),
segmented image is deliberated in figure 6¢). Moreover, figure 6d) and figure 6¢) demonstrates

CLBP extracted images and LGXP extracted from corresponding images.

e SR LA
2 [ =
@ » o @ & o
€ €
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a)inputimage b) pre processed image

https://iaeme.com/Home/journal/IJCET

editor@iaeme.com



Lila Misra, Rahul Shrivastava

c¢) segmented image d) extracted CLBP image

Figure6. ExperimentaloutcomesofFMO-DenseNet, a) inputimage, b) pre processed

image, c¢) segmented image, d) extracted CLBP image

3.2 Performance analysis

Below Figure 7a) reveals valuation of FMO-DenseNet utilizing accuracy. For time
stamp of 50sec, the accuracy attained by proposed FMO-DenseNet with epoch 20, 40, 60, and
80 is 85.5%, 87.0%, 90.8% and 94.5%. Figure 7b) shows analysis of FMO-DenseNet with loss
function. When time stamp is 50sec, the loss function calculated by FMO-DenseNet by
considering the epoch as 20, 40, 60 and 80 is 14.5%, 13.0%, 9.2% and 5.5%. The performance
assessment of FMO-DenseNet using MSE is displayed in figure 7¢). With 50sec of time stamp,
FMODenseNet attained MSE of 22.3%, 12.0%, 10.2% and 9.3%, corresponding to 20, 40, 60,
and 80 epochs. Moreover, figure 7d) demonstrates RMSE-based valuation of FMO-
DenseNet.The RMSE achieved by FMO-DenseNet with 50sec of time stamp is 4.73%, 34.6%,
32.0% and 30.4%, for 20, 40, 60, and 80 epochs. Figure 7¢) shows the evaluation of FMO-
DenseNet with respect to TNR. With 20, 40, 60, and 80 epochs, the TNR got by FMO-DenseNet
is 87.7%, 90.2%, 93.8% and 96.9% for time stamp of 50sec. The evaluation of the
FMODenseNet with TPR is shown in figure 7f). The FMO-DenseNet is found to have recorded
TPR 0f 85.2%, 90.9%, 91.7% and 95.3% with 20, 40, 60, and 80 epochs, corresponding to time

stamp of 50sec.
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Figure7.Performance analysis of FMO- DenseNet, a) accuracy ,b) loss function, c)MSE, d)
RMSE, e) TNR, f) TPR

3.4 Comparative methods
The FMO-DenseNet is compared with methods, such as CNN, 1 inception v3
XGBoost, 2 DNN, 3 and ResNet-504 in order to authenticate the supremacy of the DenseNet.
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3.5 Comparative analysis

Below Figure 8 investigates FMO-DenseNet performance while assessing different time
stamp. Accuracy-based assessment of FMO-DenseNet is displayed in figure 8a). By
considering time stamp is 50sec, accuracy computed the methods like CNN, inception v3
XGBoost, DNN, and ResNet-50 is 84.3%, 88.7%, 89.5%, 90.2% and 94.3%. This validates that
difference produced by FMO-DenseNet is 10.60%, 5.94%, 5.09%, and 4.35%. Similarly, figure
8b) shows loss function-based assessment of FMO-DenseNet. For the prevailing approaches,
like CNN, inception v3 XGBoost, DNN, and ResNet-50, the loss function valueis 15.7%,
11.3%, 10.5%, 9.5%, and 5.7%, correspondingly, with time stamp of 50sec. Figure 8c)
demonstrates MSE-based valuation of FMO-DenseNet. With 50sec of time stamp,
FMODenseNet calculated a MSE value of 9.2%, while CNN, inception v3 XGBoost, DNN,
and ResNet-50 attained values are 22.6%, 15%, 13.7%, and 11.8%. The estimation of FMO-
DenseNet based on RMSE is revealed in figure 8d). When considering time stamp of 50sec, the
FMO-DenseNet achieved RMSE value of 30.4% when compared to RMSE values of 47.5%
for CNN, 38.8% for inception v3 XGBoost, 37.1% for DNN, and 34.4% for ResNet50. The
FMO-DenseNet with TNR analysis is illustrated in figure 8e¢). By considering time stamp as
50sec, TNR of FMO-DenseNet is computed at 96.5%, which is superior than TNR of CNN,
inception v3 XGBoost, DNN, and ResNet-50 of as 86.8%, 87.8%, 91.3%, and 84.1%,
correspondingly. This shows performance enhancement of FMO-DenseNet is 10.05%, 9.02%,
5.39%, and 12.85%. Also, figure 8f) displays TPR based assessment of FMO-DenseNet.
According to existing approaches like CNN, inception v3 XGBoost, DNN, ResNet-50 and
FMO-DenseNet, the TPR value is 86%, 84.7%, 88.8%, 91.9%, and 95.3%, with time stamp of
50sec. This shows that FMO-DenseNet produces high variations of 9.76%, 11.12%, 6.82%, and
3.57%.
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4. Discussion

4.1 Comparative discussion

Relative discussion of FMO-DenseNet established in this work for classifying leukemia.
Table 1 demonstrates the values of accuracy, loss function, MSE, RMSE, TNR and TPR noted
by the various methods revised in literature together with the proposed technique. With the time
stamp of 50sec, the values attained in the table are presented. The proposed FMO-DenseNet
gained superior accuracy of 94.3%, whereas the existing approaches including CNN, inception
v3 XGBoost, DNN, ResNet-50 and FMODenseNet calculated accuracy of 84.3%, 88.7%,
89.5%, and 90.2%. Moreover, loss function is computed by CNN is 15.7%, inception v3
XGBoost 1s 11.3%, DNN is 10.5% and ResNet50 is 9.5%, whereas minimum loss function
attained by FMO-DenseNet is 5.7%.Additionally, the MSE values obtained from existing
techniques like CNN, inception v3 XGBoost, DNN, ResNet-50 are 22.6%, 15%, 13.7%, and
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11.8% whereas FMO-DenseNet gained minimum MSE is 9.2%. The RMSE values achieved
by FMO-DenseNet is 30.4%, while RMSE measured by CNN is 47.5%, inception v3 XGBoost
is 38.8%, DNN is 37.1% and ResNet-50 is 34.4% respectively. Furthermore, the maximum
TNR of FMO-DenseNet computed at 96.5%, whereas TNR measured is 86.8% for CNN, 87.8%
for inception v3 XGBoost, 91.3% for DNN, and 84.1% for ResNet-50. Similarly, CNN,
inception v3 XGBoost, DNN, ResNet-50 and FMO-DenseNet obtained TPR of 86%, 84.7%,
88.8%, 91.9%, and 95.3%.The FMO-DenseNet method offers well performance than other
methods stated here.DenseNet model is utilized for leukemia classification and effectively
capture significant feature data of leukemia thus providing superior performance during
classification process. By combining FL with DenseNet model during classification process,
the classes that severely affected network performance are accurately identified while

preserving the data privacy.

Table 1. Comparative discussion of proposed FMO-DenseNet

Proposed
Metrics/ inception v3 ResNet- 50 FMO-
Methods CNN XGBoost DNN DenseNet
Loss function (%) 15.70 11.30 10.50 9.50 5.70
TPR (%) 86.0 84.70 88.80 91.90 95.30
TNR(%) 86.80 87.80 91.30 84.10 96.50
MSE (%) 22.60 15.0 13.70 11.80 9.20
RMSE (%) 30.40 47.50 38.80 37.10 34.40
Accuracy(%) 84.30 88.70 89.50 90.20 94.30
Comparative discussion of proposedfmo-densenet
l Hinception vd XGBoost inceptionvd XGBoost  WResNet- 50 B Proposed FMO-
|| || || | liins I‘ II || ||
Loss function TPR (%) THNR (%) MSE (%) RMSE (%) Accuracy (%)

(%)

Figure 9. Comparative discussion of proposed FMO-DenseNet
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5. Conclusion

In this work a competent approach for classifying leukemia employing the FMO-
DenseNet that has been proposed utilizing FL. The process accomplished in the training model
are follows. From the ALL database, input image is taken and send to further pre-processing.
Here, AMF is used as part of pre-processing. Cell segmentation is done using scribble2label
after the image has been pre-processed. Moreover, data augmentation is performed by utilizing
flipping, color augmentation, scaling and rotation. Subsequently, feature extraction is executed
utilizing several features such as CLBP, PHoG, LVP, DWT, LGXP, CNN features, statistical
features of mean, kurtosis, median, variance, standard deviation, skewness and GLCM features
include correlation, entropy, homogeneity, contrast, energy. Furthermore, the classification of
leukemia is carried out by using DenseNet, which is tuned by proposed FMO. The FMO model
is the amalgamation of MA and FC. The results showed that FMO-DenseNet attained maximum
accuracy, TNR and TPR of 94.3%, 96.5% and 95.3% respectively. Moreover, FMO-DenseNet
gained minimum loss function, MSE and RMSE of 5.7%, 9.2% and 34.4%. In the future, the
hybrid neural network-based model will be implemented and the performance of model could

be further enhanced by using large databases.
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