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Leukemia is a type of blood tumour that occurs because of abnormal enhancement in WBCs (white 
blood cells) in the bone marrow of the human body. Blood-forming tissue cancer influences the 
lymphatic and bone marrow system. The early diagnosis and detection of leukaemia, i.e., the 
accurate difference of malignant leukocytes with little expense at the beginning of the disease, is a 
primary challenge in the disease analysis field. Despite the higher occurrence of leukemia, there is a 
lack of flow cytometry tools, and the procedures accessible at medical diagnostics centres are time-
consuming. Distinct researchers have implemented computer-aided diagnostic (CAD) and machine 
learning (ML) methods for laboratory image analysis, aiming to manage the restrictions of late 
leukemia analysis. This study proposes a new Falcon optimization algorithm with deep convolutional 
neural network for Leukemia detection and classification (FOADCNN-LDC) technique. The main 
objective of the FOADCNN-LDC technique is to classify and recognize leukemia. The FOADCNN-LDC 
technique utilizes a median filtering (MF) based noise removal process to eradicate the image noise. 
Besides, the FOADCNN-LDC technique employs the ShuffleNetv2 model for the feature extraction 
process. Moreover, the detection and classification of the leukemia process are performed by 
utilizing the convolutional denoising autoencoder (CDAE) model. The FOA is implemented to select 
the hyperparameter of the CDAE model. The simulation process of the FOADCNN-LDC approach 
is performed on a benchmark medical dataset. The investigational analysis of the FOADCNN-LDC 
approach highlighted a superior accuracy value of 99.62% over existing techniques.
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Nowadays, Leukemia is one of the most popular kinds of blood cancer for all groups of people, especially for 
children1. This unusual problem is mainly affected by blood cell proliferation and young growth, which damages 
brain tissue, the immune system, and red blood cells. When to reproduce and die, a cell is directed by the 
genetic code. The modifications in gene appearance may result in defective instructions for cancer2. Protein 
construction is affected by cells due to the control of cells. A few types of genes change proteins to fix injured 
cells, which is associated with cancer3. Tumour sample classification and their subtypes assist in diagnosing 
and predicting dissimilar sorts of cancer. It aids in accurately predicting cancer types and recognizes sub-type-
specific drug treatments. To handle such kind of challenges, the assessable study of diverse blood instances is 
implemented in the Computer-Aided-Diagnosis (CAD) technique, which is mainly proposed by utilizing both 
Deep Learning (DL) and ML models4. Many research studies exist in leukemic cancer detection is executed. In 
the past two years, most of the research studies employed ML and CAD techniques for laboratory image analysis 
to defeat the leukemia analysis and determine its subgroups5. Compared to the ML models, a different set of 
leukemic cell features can be removed by classification. Most researchers have recommended a segmentation 
procedure to remove exact features from the region of interest (RoI), which is segmented lymphocyte images6.
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With the development of DL, numerous issues and challenges have been solved in image processing. These 
techniques used automated feature engineering. The most commonly utilized deep neural networks (DNNs) in 
computer vision (CV) are Convolutional Neural Networks (CNNs)7. The CNN has great generalization power, 
adaptability, and self-learning capability that are highly employed in IoT-based models and medical imaging 
issues. Conventional image identification approaches require handmade feature extraction and classification8. 
In several situations, an entire count of data instances is insufficient to test from the beginning for a CNN. In 
such conditions, transfer learning (TL) can be used to attain the probability of CNNs while reducing the cost 
of computing. Leukemia presents a crucial health challenge for children due to its impact on vital blood cell 
functions and overall immune system health7. Early and accurate detection is significant for effectual treatment 
and management. Advances in technology offer promising solutions for enhancing diagnostic accuracy and 
effectiveness. Employing modern computational techniques and optimization models can improve the precision 
of leukemia classification and detection precision, potentially leading to improved patient outcomes9.

This study proposes a new Falcon Optimization Algorithm with Deep Convolutional Neural Network for 
Leukemia Detection and Classification (FOADCNN-LDC) technique. The main objective of the FOADCNN-
LDC technique is to classify and recognize leukemia. To accomplish this, the FOADCNN-LDC technique 
utilizes a median filtering (MF) based noise removal process to eradicate the noise in the images. Besides, the 
FOADCNN-LDC technique employs the ShuffleNetv2 model for the feature extraction process. Moreover, the 
detection and classification of the leukemia process are performed by utilizing the convolutional denoising 
autoencoder (CDAE) model. The FOA is implemented to select the hyperparameter of the CDAE model. The 
simulation process of the FOADCNN-LDC approach is performed on a benchmark medical dataset. The major 
contribution of the FOADCNN-LDC approach is listed below.

•	 This FOADCNN-LDC model utilizes the MF method to improve the quality of the image by effectually re-
ducing noise. This also enhances the clarity of images, which is significant for accurate analysis and subse-
quent processing. The improved image quality assists in more reliable outcomes in detecting and classifying 
leukemia.

•	 The FOADCNN-LDC approach employs the ShuffleNetv2 method for feature extraction, presenting an ad-
vanced methodology to capture relevant features from cleaned images. This methodology improves the capa-
bility to detect key patterns and details required for precise leukemia detection. By employing ShuffleNetv2, 
the study attains a more accurate and effective feature extraction process.

•	 The CDAE technique is implemented for the precise detection and classification of leukemia, substantially en-
hancing the accuracy of the diagnosis. This method improves the ability to distinguish between leukemia and 
non-leukemia cases, paving the way to more reliable outcomes. The robust classification capabilities provided 
by CDAE confirm more precise and efficient diagnosis of leukemia.

•	 The FOA model is for fine-tuning the hyperparameters of the CDAE method, improving its performance and 
robustness. By optimizing these hyperparameters, FOA enhances the accuracy and efficiency of the technique 
in classifying leukemia. This results in a more reliable and efficient diagnostic tool.

•	 The FOADCNN-LDC methodology incorporates the FOA model for hyperparameter selection in the CDAE 
method, presenting a novel technique that improves its accuracy and effectiveness. This technique enhances 
the performance of leukemia classification by optimizing hyperparameters more efficiently. The implementa-
tion of FOA presents a new dimension of precision in model tuning.

The article is structured as follows: Section  “Related works presents the literature review, Section  “The 
proposed model” outlines the proposed method, Section “Image processing” details the results evaluation, and 
Section “Feature extraction” concludes the study.

Related works
Veeraiah et al.10 proposed a Mayfly enhanced with the Generative Adversarial Network (MayGAN) model. 
Moreover, the Generative Adversarial System (GAS) is combined with PCA in the feature extraction method 
for sorting out blood cancer types in the data. The morphological process and semantic method employing 
geometric features are utilized to part the cells that form leukaemia. In11, the authors present an external CNN-
based model. The developed solution consists of a CNN-based technique, which employs a segment called 
Efficient Channel Attention (ECA) with VGG16 to remove enhanced features from the image datasets. Numerous 
augmentation models are used to boost the amount and excellence of testing data. The authors12 present an 
IoMT-based architecture. In this system, the clinical plans are associated with the network websites with the 
support of the CC platform. These models are applied to recognize leukemia subtypes in the recommended 
frameworks, namely ResNet34 and DenseNet121. Jawahar et al.13 designed a DNN-based (ALNett) technique 
that uses depth-wise convolutional of various dilation amounts for classifying microscopic white blood cell 
images. In particular, the group of layers involves max-pooling and convolution. Then, the normalization 
procedure produces enriched contextual and structural details to remove global and robust local features from 
the microscopic images for a precise estimate of ALL. Atteia14 proposed a new hybrid DL technique. From the 
features extraction, GoogleNet and Inception-v3 CNNs, in a combination of datasets of atomic blood smear 
images, usually design the deep image features. A sparse AE model is specially developed to create an abstract 
set of important hidden features from the distended image feature dataset. The latent feature executes image 
classification using the Support Vector Machine (SVM) model.

In15, two stages of ANN combined with the PSO model are presented. The performance is compared with 
multiclass NN-PSO and Backpropagation Neural Networks classification (multiclass NN-BP). The authors16 
designed a new DL technique based on CNN to analyze Acute Lymphoblastic Leukemia (ALL). This technique 
does not need FE or any pre-training on another database. Therefore, it can be employed to detect leukaemia 
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in real-time applications. In17, a deep FS-based technique, ResRandSVM, is projected. The presented method 
employs seven DL methods for deep feature extraction. Then, the three FS techniques, namely Random Forest 
(RF), Principal Component Analysis (PCA), and Analysis of Variance (ANOVA), are utilized to extract essential 
and valuable features. Next, the selected feature map is fed to four classification methods to categorize the images 
into standard images and leukaemia. Ali and Mohammed18 aim to review and analyze cutting-edge research on 
AI techniques in omics data analysis, emphasize the potential merits and critical difficulties, and present unique 
insights into optimizing AI applications in this field. In19, a model is introduced by incorporating diverse omics 
data utilizing the Quantum Cat Swarm Optimization (QCSO) method for feature selection (FS), combined 
with K-means clustering and SVM classification, ultimately improving the performance and interpretability 
of the technique. Benameur et al.20 compare the heating performance of two microwave antennas with various 
geometrical apertures in hyperthermia treatment, employing thermal simulations and Bland-Altman evaluation 
to determine which antenna gives improved temperature accuracy and treatment effectiveness.

Hosseinzadeh et al.21 implement a ResNet-based feature extractor for detecting ALL, utilizing several TL 
methods, namely ResNet, VGG, EfficientNet, and DenseNet for extracting features. It then employs several 
feature selectors: Genetic Algorithm, PCA, ANOVA, RF, Univariate, Mutual Information, Lasso, XGB, Variance, 
and Binary Ant Colony. It finds that MLP classifiers attain the optimum performance. In22, an effective pipeline 
for classifying ALL subtypes is proposed. It starts with a novel neighbourhood pixel transformation using 
differential evolution to improve blood cell image clarity. A hybrid feature extraction methodology employs the 
InceptionV3 and DenseNet201 models for comprehensive feature sets. Custom binary Grey Wolf Algorithm 
(GWA) optimization reduces feature size while retaining critical information, improving classification accuracy 
across diverse classifiers. Noshad and Fallahi23 present a hybrid two-layer framework for FS. The first layer 
comprises image segmentation utilizing an improved First-Spike-based model with a Gaussian function, followed 
by feature extraction employing a deep residual architecture. The second layer implements the effectual JAYA 
optimization algorithm for FS, and a support vector machine (SVM) is utilized to classify ALL images. Shree 
and Logeswari24 introduce an optimized deep recurrent neural network (DRNN) methodology for leukemia 
detection using blood sample microscopy images. The method utilizes DRNNs for diagnosis, optimized by the 
red deer optimization algorithm (RDOA), which fine-tunes DRNN weights based on deer roaring rate behaviour.

The existing studies for leukemia detection face various limitations. Methodologies incorporating MayGAN 
with PCA may face difficulty with overfitting and fail to address several cancer discrepancies. CNN methods with 
ECA and VGG16 techniques might need to handle large or varied datasets effectively, while IoMT-based systems 
may face data privacy and connectivity issues. Hybrid DL techniques such as GoogleNet and Inception-v3 may 
encounter difficulty with scalability. Two-stage ANN and DL models optimized by evolutionary algorithms 
might suffer from convergence and tuning difficulties. These approaches often need to address real-world 
discrepancies or integration complexities fully. Research gaps encompass the requirement for more robust 
methods to generalize across diverse datasets, enhanced handling of privacy and scalability issues, and improved 
optimization models to manage complexity better and ensure consistency.

The proposed model
This manuscript develops a model for the automated classification and detection of leukemia on medical images. 
The main objective of the FOADCNN-LDC approach is to classify and recognize the occurrence of leukemia. 
To accomplish this, the FOADCNN-LDC approach comprises a series of processes: MF-based preprocessing, 
ShuffleNetv2 feature extraction, CDAE-based classification, and FOA-based hyperparameter tuning. Figure 1 
exhibits the entire flow of the FOADCNN-LDC method.

Image processing
The MF technique is applied to preprocess the input images25. The MF approach was selected for image 
processing due to its efficiency in conserving edges while removing noise, which is significant for maintaining 
the integrity of medical images. Unlike other noise reduction techniques that may blur or distort important 
features, MF effectively removes salt-and-pepper noise and other random discrepancies without substantially 
affecting the image details. In the context of the FOADCNN-LDC technique, MF improves image clarity by 
mitigating noise, which directly affects the accuracy of leukemia detection. Cleaner images lead to more precise 
feature extraction and classification, enhancing the overall diagnostic precision compared to approaches that 
may introduce artefacts or reduce image quality. This makes MF a reliable choice for safeguarding high-quality 
input for subsequent evaluation. Figure 2 portrays the structure of the MF technique.

MF is a significantly utilized image processing method that supports decreased noise in images while 
maintaining edges and vital image features. It is primarily effective in eliminating salt-and-pepper noise, which 
is caused by arbitrarily removing bright and dark pixels from the image. The workings of MF are provided below.

Sliding Window: A lesser square or rectangular window (kernel/mask) can move with whole images. The 
window dimension is generally 3 × 3, 5 × 5, 7 × 7, or some other odd-sized square to ensure the centre of the 
pixel.

Pixel Sorting: The pixel values from the window can be arranged for every place in the window. Once the 
pixel values can be set in ascending order, the median value, which is the mid value, is chosen as the novel value 
for the centre pixel of the window.

Exchanging the Pixel: The median value can be allocated to the window’s centre pixel. This method can be 
repeated for all the pixels from the image.

Feature extraction
For the derivation of the feature vectors, the ShuffleNetv2 model is applied. Ma et al. presented four proposal 
guidelines for an effective network and enhanced ShuffleNet-Vl to present ShuffleNet-V226. The ShuffleNetv2 
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model was selected for feature extraction due to its effectual architecture, which balances performance and 
computational cost while maintaining high accuracy. Its lightweight design allows for rapid processing and 
mitigates the computational burden related to more convolutional techniques. This efficiency is beneficial when 
handling massive datasets or deploying models in resource-constrained environments. In the FOADCNN-LDC 
methodology, the capability of the ShuffleNetv2 model for extracting relevant features from cleaned images 
improves the technique’s overall performance. Its feature extraction process enhances the clarity and quality of 
input data, leading to improved subsequent classification results compared to other models, which may be less 

Fig. 1.  Overall flow of FOADCNN-LDC approach.
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effective or introduce additional computational overhead. Figure 3 represents the structure of the ShuffleNetv2 
technique.

The respective four guidelines are given in the following: (1) excessive utilization of group convolutional 
enhances MAC; (2) keeping the input and output channels equivalent to the convolutional process; (3) element 
operation on feature map could not be ignored; (4) branching and fragmented network structure leads to 
reduction from the parallelism of the model that decelerates the inference, and even though the FLOP for 
element-level operation is smaller, the MAC is larger.

A special case of grouped convolutional is Depthwise convolution (DW-Conv), followed by accessing a size 
of 1×1 convolution to form DW‐Conv. The DW‐Conv is computed in Eq. (1).

	
Gi,j,m =

W,H∑
w,h

Kw,h,m ·Xi+w,j+h,m� (1)

The managers of the connected matrix are I,j,w, and h, and the outcome feature matrix and convolution kernel 
weighted matrix is G and K, correspondingly. DW-Conv is capable of replacing the regular convolutional with 
lesser computation and is nearly standard for lightweight processes:

	 Q1 = Df2D
2
kM +D2
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Here, the computation amount of DW-Conv and standard convolution is indicated as Q1 and Q2; respectively, 
the side dimensional of the feature matrix and the convolutional kernel are specified as Df  and Dk. The count of 
input and output mapping feature channels are depicted as N and M. During feature extraction, the convolutional 
function of 3×3 dimensional is used. Consequently, the computation amount of DW‐Conv is only about 1/9 
of that of standard convolution. ShuffleNet introduced the concept of a vital innovation point: recognizing 
channels’ data change during the extraction feature process with low calculation costs.

Image classification
This work uses the CDAE model for leukemia detection and classification27. The CDAE method was chosen for 
image classification due to its robust capability to learn robust features from noisy data while reconstructing clean 
images, which is crucial for accurate classification. Its architecture outperforms in denoising and conserving 
significant image details, improving the quality of input data for subsequent evaluation. For leukaemia detection, 
feature extraction capabilities of the CDAE technique enhance the technique’s sensitivity to subtle discrepancies 
in medical images, paving the way to more accurate classification. When incorporated with the FOA technique 
for hyperparameter tuning, CDAE benefits from FOA’s effectual exploration of parameter space, optimizing the 
performance and robustness of the method. This integration confirms precise and reliable leukemia detection by 
fine-tuning the CDAE to adapt efficiently to the dataset. Figure 4 represents the infrastructure of CDAE.

The DAE incorporates the denoising code into the classical AE. It is used to accept the corrupted input 
dataset and reconstruct the uncorrupted original data as output via training to increase the anti-noise capability 
of the network, as well as the structure of DAE. Convolutional autoencoder (CAE) is used to combine the AE 
and CNN. The CDAE model, which goes to the unsupervised learning model, is proposed by DAE and CAE. 
It fuses CNN’s pooling and convolution layers and enhances an upsampling layer that allows decoding and 
encoding processes.

Fig. 2.  Architecture of MF model.
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While accomplishing feature extraction, CDAE is used to retain the 2D data structure of the images. Local 
perception feature could reflect the configuration data of the image, and weighted sharing can diminish the 
parameter count that needs to be trained in the network:

	 α = CWT (x (t)) ,� (5)

	 α̂ = CWT (x (t) + n (t)) ,� (6)

Fig. 3.  Structure of ShuffleNetv2 model.
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where α̂ is the transformed image after adding noise to the original signal, the original image transmuted by 
the signal is represented as α, the original vibration signal is x, and the noise signal conforming to the specific 
distribution is n (t).

Then, for any jth feature maps, Eq. (7) is described as:

	 hj = Fσ′ (α̂) = φ
(
α̂*Wj + bj

)
,� (7)

where σ =
{
Wj, bj

}
,* is the convolution function, and ϕ is the activation function. The weighted matrix and 

deviation vector are Wj  and bj  correspondingly, and the parameter is shared on all maps. Using the decoder, the 
encoded images are recreated as follows:

	
y = F ′

σ,
�
hj

= φ′




jϵN

hi*W ′j + b′


 ,� (8)

where N  shows the set of possible feature maps. σ′ =
{
W ′j, b′j

}
.,∗ is the convolution function, ϕ′ (·) is the 

activation function, and the weighted matrix and deviation vector are W ′j and b′j, correspondingly. The ReLU 
and sigmoid functions are the commonly used activation functions as follows:

	
ReLU (x) =

{
χ, x > 0

0, x ≤ 0′
� (9)

	
sigmoid (x) =

1

1 + e−x
,� (10)

The backpropagation model performs the σ and σ’ parameter optimization. The CDAE should be enhanced to 
minimalize the objective function for suppressing the noise as follows:

	
J (σ, σ′) =

argmin
σ, σ′

1

M

M∑
i=1

L (yi, αi) , � (11)

In Eq. (12), the sample size is M, and the loss function is L. In general, the MSE loss function can be employed, 
and then the primary function is formulated by Eq. (14):

	
J (σ, σ′) =

argmin
σ, σ′

1

M

M∑
i=1

(
1

2
| |yi − αi| |2

)
, � (12)

After decoding, the noisy images are restored to the original image using unsupervised training of the CDAE 
network, which enhances the model’s capability to express denoising features.

Hyperparameter tuning using FOA
Finally, the FOA adjusts the hyperparameter values of the CDAE model28. The FOA method is well-suited 
explicitly for hyperparameter selection of the CDAE approach due to its effectiveness in exploring complex 
search spaces and averting local optima. FOA replicates falcons’ hunting behaviour, efficiently balancing 
exploration and exploitation during optimization. This results in an enhanced convergence speed and accuracy 
compared to conventional methodologies. Furthermore, the adaptability of the FOA model to high-dimensional 
problems and the capability to handle various hyperparameter configurations make it a powerful tool for fine-
tuning CDAE techniques, leading to improved performance and model robustness. Figure 5 illustrates the steps 
involved in the FOA method.

FOA is robust and reliable for stochastic population-based problems that require arrangement from a set of 
parameters to its three-phase action settlement. The motivation behind that was the chasing strategy of falcons 
while looking for prey during the flight. The foraging process of falcons can be discussed as follows:

Stage 1: Parameter initialization.

Fig. 4.  Structure of CDAE.
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The FOA initially defines the decision variables, limits, and optimization difficulties. Next, the parameters dd,
gd and td represent cognitive, following, and social constants. OQ indicates the falcon quantities. The awareness 
and diving probabilities are correspondingly specified as BQ and EQ, and the maximum acceptable speed is 
represented as umax.

Stage 2: Initialize the values of velocity and position of the falcon.
In this stage, the boundary condition is considered for locating the falcons randomly in D-dimension.
The falcon position is now specified as y, based on the number of falcon OQ in D-dimensional space. Using 

Eqs. (13) & (14), maximum and minimum velocity values can be defined.

	 umax = 0.1ub� (13)

	 umin = −umax � (14)

Here, maximum and minimum acceptable velocities are represented as umax and umin, correspondingly, and the 
upper bound limit range is termed as ub.

Stage 3: Finding the individual position, value of best global, and determination of fitness value.
The pg represents the fitness value, which can be defined by generating vectors.

Fig. 5.  Steps involved in the FOA model.
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Here, the best position of the individual falcon is characterized as ybest. Lastly, the new location was created 
using ybest, based on awareness and diving probabilities.

Stage 4: Establishment and upgrade of the falcon’s new location.
To begin with, the awareness and diving probabilities are contrasted by producing the two random integers, 

which are indicated as qBQ and qEQ correspondingly. Next, the value of qBQ is contrasted with awareness 
probability BQ. If qBQ < BQ, then the experience of the falcon is taken into account for detecting its prey, and 
it is shown as follows:

	 yItr = yItr−1 + uItr−1 + dds
(
ybest,1rx−1 − yItr−1

)
+ tds (hbest,Itr−1 − yItr−1)� (15)

Now, the velocity and existing location of the falcon are specified as yltr−1, ultr−1, correspondingly.
If qBQ < BQ, the fitness values of falcon and prey are contrasted. Eventually, the falcon follows the prey by 

using a diving approach, and it is represented as follows:

	 yItr = yItr−1 + uItr−1 + gds (ycho − yItr−1)� (16)

In Eq. (16), ycho is the chosen prey. If the abovementioned criteria are not met, the falcon’s displacement is based 
on an individual’s fittest location and given as.

	 yItr = yItr−1 + uItr−1 + dds
(
ybest,Itr−1 − yItr−1

)
� (17)

Lastly, velocity and boundary conditions are examined for the new location, and the fitness values are calculated 
for the new location. The new position of ybest is determined.

Stage 5: Repeat the steps until the maximum number of iterations is attained.
The fitness optimum is a key feature in the FOA methodology. Encoded performance has been deployed to 

improve the efficiency of candidate results. Presently, the accuracy value is a primary condition for designing 
an FF.

	 Fitness = max (P )� (18)

	
P =

TP

TP + FP
� (19)

whereas FP  and TP  denote the false and true positive values.

Results and discussion
In this section, the leukemia detection outcomes of the FOADCNN-LDC methodology can be tested utilizing 
the leukemia database from the Kaggle repository29. The database comprises 518 samples with five classes, as 
represented in Table 1. The suggested technique is simulated using the Python 3.6.5 tool on PC i5-8600k, 250GB 
SSD, GeForce 1050Ti 4GB, 16GB RAM, and 1 TB HDD. The parameter settings are provided: learning rate: 0.01, 
activation: ReLU, epoch count: 50, dropout: 0.5, and batch size: 5.

Figure 6 shows the confusion matrices achieved by the FOADCNN-LDC technique under 80:20 and 70:30 
of the TR/TS phase. The simulated values reported the effective recognition of all 5 classes. In the TR phase 
(80%), the confusion matrix exhibits high accuracy for distinguishing between ALL, AML, CLL, CML, and 
Healthy samples, with no misclassifications among certain classes. The confusion matrix in the TR phase (70%) 
portrays misclassifications, specifically with CML and CLL. During the TS phase (20%), the model accomplishes 
well with most samples correctly classified, though there are some misclassifications of ALL and CLL. The TS 
phase (30%) illustrates an enhanced performance with the majority of samples precisely classified, though some 
misclassifications remain, specifically with AML and CML.

In Table 2; Fig. 7, the leukaemia classification outcomes of the FOADCNN-LDC methodology are illustrated 
under 80:20 of the TR/TS phase. The results highlighted that the FOADCNN-LDC model classifies the samples 
proficiently. With 80% of the TR Phase, the FOADCNN-LDC model gains an average accuy of 99.32%, sensy 
of 98.53%, specy of 99.54%, Fscore of 98.22%, and MCC of 97.75%. Also, based on 20% of the TS Phase, the 
FOADCNN-LDC methodology gains an average accuy of 99.62%, sensy of 97.14%, specy of 99.78%, Fscore of 
97.59%, and MCC of 97.47% correspondingly.

Classes No. of images

Acute lymphocytic leukemia (ALL) 181

Acute myeloid leukemia (AML) 55

Chronic lymphocytic leukemia (CLL) 38

Chronic myeloid leukemia (CML) 57

Healthy 187

Total no. of images 518

Table 1.  Details on database.
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In Table  3; Fig.  8, the leukaemia classification analysis of the FOADCNN-LDC technique is exhibited at 
70:30 in the TR/TS phase. The simulated values show that the FOADCNN-LDC method classifies the samples 
proficiently. Additionally, based on 70% of the TR Phase, the FOADCNN-LDC methodology attains an average 
accuy of 99.23%, sensy of 97.41%, specy of 99.48%, Fscore of 97.45%, and MCC of 96.94%. Besides, based on 
30% of the TS Phase, the FOADCNN-LDC approach gets an average accuy of 99.23%, sensy of 97.66%, specy of 
99.46%, Fscore of 97.47%, MCC of 97.01% respectively.

To determine the performance of the FOADCNN-LDC method with 80:20 of TR/TS phase, TR and TS 
accuy curves are defined, as represented in Fig. 9. The TR and TS accuy curves exhibit the performance of the 
FOADCNN-LDC method over numerous epochs. The figure provides essential details about the learning tasks 
and generalization capabilities of the FOADCNN-LDC technique. With an improvement in epoch count, it is 

Fig. 6.  Confusion matrices of (a-c) TR phase of 80% and 70% and (b-d) TS phase of 20% and 30%.
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observed that the TR and TS accuy curves acquire enhanced. The FOADCNN-LDC technique attains improved 
testing accuracy, which can potentially recognize patterns in the TR and TS data.

Figure 10 represents the overall TR and TS loss values of the FOADCNN-LDC method with 80:20 of TR/
TS phase over epochs. The TR loss represented the model loss acquired reduced over epochs. The loss values 
acquired mainly decreased as the model adapted the weight to diminish the predicted error on the TR and TS 

Fig. 7.  Average of FOADCNN-LDC approach at 80:20 of TR/TS phase.

 

Class Accuy Sensy Specy Fscore MCC

TR phase (80%)

ALL 98.79 97.87 99.27 98.22 97.31

AML 99.52 100.00 99.46 97.78 97.54

CLL 99.52 96.77 99.74 96.77 96.51

CML 100.00 100.00 100.00 100.00 100.00

Healthy 98.79 98.03 99.24 98.35 97.40

Average 99.32 98.53 99.54 98.22 97.75

TS phase (20%)

ALL 100.00 100.00 100.00 100.00 100.00

AML 100.00 100.00 100.00 100.00 100.00

CLL 99.04 85.71 100.00 92.31 92.11

CML 99.04 100.00 98.92 95.65 95.23

Healthy 100.00 100.00 100.00 100.00 100.00

Average 99.62 97.14 99.78 97.59 97.47

Table 2.  Leukaemia classifier outcome of FOADCNN-LDC approach at 80:20 of TR/TS phase.
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data. The loss curves illustrate how much the model fits the training data. It is remarked that the TR and TS loss 
is gradually lessening and described that the FOADCNN-LDC methodology successfully learns the patterns 
exhibited in the TR and TS data. It has also been noticed that the FOADCNN-LDC methodology changes the 
parameters to decrease the difference between the predicted and actual training labels.

Fig. 8.  Average of FOADCNN-LDC methodology at 70:30 of TR/TS phase.

 

Class Accuy Sensy Specy Fscore MCC

TR phase (70%)

ALL 98.90 98.37 99.16 98.37 97.54

AML 100.00 100.00 100.00 100.00 100.00

CLL 99.17 96.43 99.40 94.74 94.30

CML 98.90 93.02 99.69 95.24 94.65

Healthy 99.17 99.25 99.13 98.88 98.22

Average 99.23 97.41 99.48 97.45 96.94

TS phase (30%)

ALL 98.72 98.28 98.98 98.28 97.26

AML 98.72 90.00 100.00 94.74 94.18

CLL 99.36 100.00 99.32 95.24 95.02

CML 100.00 100.00 100.00 100.00 100.00

Healthy 99.36 100.00 99.02 99.08 98.60

Average 99.23 97.66 99.46 97.47 97.01

Table 3.  Leukaemia classifier outcome of FOADCNN-LDC approach at 70:30 of TR/TS phase.
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The PR performance of the FOADCNN-LDC technique with 80:20 of TR/TS phase is illustrated by plotting 
precision against recall as reported in Fig. 11. The simulated values confirm that the FOADCNN-LDC technique 
gets increased PR values with each 5 class. The figure represents that the model learns to recognize different 5 
class labels. The FOADCNN-LDC model improves outcomes in recognizing positive samples with decreased 
false positives.

Figure  12 shows the ROC analysis offered by the FOADCNN-LDC methodology with 80:20 of the TR/
TS phase, which can differentiate the 5 class labels. The figure points out valuable perceptions of the trade-
off between the TPR and FPR rates over diverse classification thresholds and changing numbers of epochs. 
It accurately provides the predictive performance of the FOADCNN-LDC approach on the classification of 
distinct 5 classes.

Table 4 represents an extensive comparison study of the FOADCNN-LDC technique with recent models12. 
Figure  13 exhibits a comparative accuy analysis of the FOADCNN-LDC method. The results indicate the 
FOADCNN-LDC method performed better. Based on accuy, the FOADCNN-LDC technique offers an increased 
accuy of 99.62% while the AlexNet, GA-ANN, SCA-DCNN, CNN-SVM, ResNet-34, and DenseNet-121 models 
attain decreased accuy values of 96.76%, 97.05%, 98.60%, 98.90%, 99.11%, and 99.22% respectively.

Figure  14 represents a comparison sensy and specy analysis of the FOADCNN-LDC technique. The 
simulated values represent the excellent performance of the FOADCNN-LDC technique. According to the value 
of sensy, the FOADCNN-LDC methodology offers an improved sensy of 97.14%. In contrast, the AlexNet, 
GA-ANN, SCA-DCNN, CNN-SVM, ResNet-34, and DenseNet-121 models achieve reduced sensy values of 
96.98%, 96.44%, 97.03%, 97.09%, 96.91%, and 96.59% individually. Also, with specy, the FOADCNN-LDC 
technique gives an improved specy of 99.78%, but the AlexNet, GA-ANN, SCA-DCNN, CNN-SVM, ResNet-34, 
and DenseNet-121 methodologies get diminished specy values of 97.29%, 97.07%, 97.72%, 98.88%, 98.76%, and 
98.54% correspondingly. These simulated values confirmed the enhanced performance of the FOADCNN-LDC 
technique.

The computational time (CT) of the FOADCNN-LDC model is shown in Table 5; Fig. 15. The computational 
time for diverse techniques exhibits notable differences in efficiency. The FOADCNN-LDC method stands out 
with the shortest processing time of 3.88 s, illustrating its superior effectiveness compared to other methodologies. 
AlexNet and DenseNet-121 portray longer processing times of 7.60 and 8.69 s, reflecting their more complex 
architectures. GA-ANN and DenseNet-121 are the slower techniques, taking 8.76 and 8.69 s, respectively. On the 
contrary, CNN-SVM and SCA-DCNN models present moderate processing times of 5.66 and 6.31 s, suggesting 
a balance between performance and effectualness. Overall, the FOADCNN-LDC method provides a faster 
alternative while maintaining efficient performance.

Fig. 9.  Accuy curve of FOADCNN-LDC approach at 80:20 of TR/TS phase.
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Conclusion
In this study, a model for automated classification and detection of leukemia on medical images is developed. 
The main objective of the FOADCNN-LDC technique is to classify and recognize the occurrence of leukemia. 
To accomplish this, the FOADCNN-LDC technique comprises a series of processes: MF-based preprocessing, 
ShuffleNetv2 feature extraction, CDAE-based classification, and FOA-based hyperparameter tuning. Meanwhile, 
the FOADCNN-LDC technique utilizes the ShuffleNetv2 approach for the feature extraction process. 
Furthermore, the detection and classification of leukemia are performed using the CDAE model. The FOA is 
employed to select the hyperparameter of the CDAE model. The simulation process of the FOADCNN-LDC 
approach is performed on a benchmark medical dataset. The investigational analysis of the FOADCNN-LDC 
approach highlighted a superior accuracy value of 99.62% over existing techniques. The primary challenges in 
leukaemia classification utilizing the FOADCNN-LDC technique include managing noisy images, extracting 
relevant features, and fine-tuning the model’s parameters. The proposed technique addresses these problems 
by implementing the MF model to remove noise, which improves the clarity of the image and assists in more 
accurate feature extraction employing the ShuffleNetv2 model. The CDAE technique efficiently handles the 
complexities of leukemia detection and classification by reconstructing clean, informative features from noisy 
data. Moreover, the FOA model optimizes the hyperparameters of the CDAE model, enhancing overall model 
performance. However, limitations encompass potential computational overhead from the complex model and 
possible threats in generalizing across several datasets. Future work should focus on refining the model for 
improved scalability and exploring alternative optimization methods to improve performance. Future research 
may also explore incorporating advanced augmentation models to enhance model robustness against varied 
data conditions. Furthermore, developing lightweight versions of the model to mitigate computational needs 
while maintaining accuracy would be beneficial. Examining other optimization models beyond FOA could also 
lead to additional enhancements in hyperparameter tuning and overall performance.

Fig. 10.  Loss curve of FOADCNN-LDC approach at 80:20 of TR/TS phase.
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Fig. 11.  PR curve of FOADCNN-LDC approach at 80:20 of TR/TS phase.
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Methods Accuy Sensy Specy
FOADCNN-LDC 99.62 97.14 99.78

AlexNet 96.76 96.98 97.29

GA-ANN 97.05 96.44 97.07

SCA-DCNN 98.60 97.03 97.72

CNN-SVM 98.90 97.09 98.88

ResNet-34 99.11 96.91 98.76

DenseNet-121 99.22 96.59 98.54

Table 4.  Comparative outcome of FOADCNN-LDC approach with recent methods12.

 

Fig. 12.  ROC curve of FOADCNN-LDC approach at 80:20 of TR/TS phase.
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Fig. 13.  Accuy outcome of FOADCNN-LDC approach with recent methods.
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Methods CT (s)

FOADCNN-LDC 3.88

AlexNet 7.60

GA-ANN 8.76

SCA-DCNN 6.31

CNN-SVM 5.66

ResNet-34 6.97

DenseNet-121 8.69

Table 5.  Computational complexity of FOADCNN-LDC technique with existing models.

 

Fig. 14.  Sensy and specy outcome of FOADCNN-LDC approach with recent methods.
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Fig. 15.  Computational complexity of the FOADCNN-LDC technique with existing models.
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