CAUCHY - Jurnal Matematika Murni dan Aplikasi
Volume 11 (1) (2026), Pages 382-400
p-ISSN: 2086-0382; e-ISSN: 2477-3344

Hybrid Otsu Morphological Pre-processing for EfficientNetB4
Based Acute Lymphoblastic Leukemia Classification

Maretta Mia Audina'”, Sugiyarto Surono!, Aris Thobirin!, and Goh Khang Wen?

! Departemen of Mathematics, Ahmad Dahlan University, Yogyakarta, indonesia
2INTI International University, Malaysia

Abstract

Image quality plays a crucial role in improving the performance of image-based classification
models, particularly when raw images exhibit noise, uneven illumination, and unclear object
boundaries. This study proposes a hybrid segmentation approach to enhance object separation
by reducing background interference and refining object contours. The method combines Otsu
thresholding for initial object—background separation with elliptical morphological operations
to improve region consistency and boundary definition. The segmented grayscale images
are replicated into three channels and resized to 224 x224 pixels before being used as input
to an EfficientNetB4-based classification model optimized with the AdamW optimizer and
fine-tuning. Experimental results under identical data splits, training settings, and fine-tuning
protocols show that the proposed segmentation-based method achieves a final test accuracy of
97%, outperforming the baseline model trained on raw images (95% test accuracy) using the
same EfficientNetB4-AdamW configuration. These results demonstrate that incorporating
segmentation in the preprocessing stage effectively enhances discriminative feature learning
and improves overall classification performance.
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1. Introduction

In the era of Industry 4.0, deep learning has emerged as a key technology, originating from the
broader fields of machine learning and artificial intelligence [1]. Deep learning is fundamentally
based on linear algebra operations because the entire calculation uses vectors and matrices
[2]. Deep learning trains models from examples so that they are able to recognize and classify
text, sounds, and images [3]. One of the deep learning techniques that has proven effective for
data classification is the Convolutional Neural Network (CNN) [4]. CNN is a neural network
architecture that is widely used in image data recognition and classification tasks [5].
Although CNNs demonstrate strong performance in image classification, they primarily
learn discriminative patterns from pixel intensities rather than explicitly understanding object
boundaries or semantic structures [6]. As a result, irrelevant background regions or noise may
still influence the learned features, particularly in medical images where objects of interest often
occupy limited spatial regions. Therefore, image pre-processing is commonly employed as a
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supportive strategy to improve input quality and emphasize relevant visual information prior to
classification [7]. Variations in image context and quality may cause simple grayscale binarization
to remove important regions or object details [8]. Consequently, image segmentation techniques
can be utilized to further enhance feature focus by partitioning images into multiple segments
based on pixel similarity [9]. Among various segmentation methods, Otsu Thresholding is widely
used due to its simplicity and effectiveness in separating foreground objects from the background
in grayscale images based on intensity distribution [10].

However, the Otsu Thresholding method has limitations when applied to images with non-
uniform lighting or complex backgrounds [11]. To address this limitation, elliptical morphological
operations can be applied to enhance segmentation by preserving the object’s form and structural
features while strengthening the distinction between its region and the background [12]. The
integration of Otsu Thresholding with elliptical morphological operations is therefore expected
to produce more accurate and informative input representations prior to the classification
stage. From an optimization perspective, input images containing extensive background regions
may introduce irrelevant information that affects the learning dynamics of CNN-based models.
Preprocessing through segmentation helps suppress background interference, leading to more
focused input representations and potentially more stable training behavior.

Following the preprocessing and segmentation stage, a classification model capable of efficiently
learning discriminative visual features is required. EfficientNet is a CNN architecture designed to
achieve high classification accuracy while maintaining computational efficiency [13]. It consists
of a family of models ranging from B0 to B7, which employ compound scaling to systematically
balance network depth, width, and input resolution for optimal performance with efficient
parameter utilization [14], [15]. In addition, EfficientNet leverages MobileNetV2-based MBConv
blocks and squeeze-and-excitation (SE) modules, enabling effective feature extraction with a
relatively low computational burden compared to conventional CNN architectures [16].

The choice of optimizer is also a critical factor in improving image classification performance.
AdamW is an optimization algorithm derived from Adam that introduces a decoupled weight
decay mechanism, allowing regularization to be applied independently from the gradient-based
parameter updates [17].

Due to its architectural efficiency and strong performance, EfficientNet has been widely
adopted in studies on Acute Lymphoblastic Leukemia (ALL) image classification. ALL is a
hematological malignancy characterized by the uncontrolled proliferation of lymphocytes in
the bone marrow and surrounding tissues, affecting both children and adults [18]. In previous
studies, EfficientNetV2M had a stable performance with an F1-Score of 0.891 [19], Meanwhile,
and EfficientNetB3 achieved 96% accuracy which turned out to be superior to the VGG19
architecture [20].

Recent studies in hematology image classification have increasingly explored CNN-based
approaches using either raw images or task-specific segmentation pipelines, many of which rely
on complex architectures or data-intensive training procedures. Although these approaches have
achieved high performance, the role of lightweight and deterministic preprocessing strategies
in complementing CNN feature learning remains underexplored. Consequently, irrelevant back-
ground information and staining variability may still influence learned representations and limit
classification robustness.

To address this limitation, this study proposes a hybrid image preprocessing framework that
combines Otsu thresholding and elliptical morphological operations as a feature-enhancing prepro-
cessing step prior to classification, rather than as a task-specific object delineation method. This
strategy aims to emphasize relevant cellular regions while suppressing background interference,
thereby improving the quality and consistency of input representations. The preprocessed images
are subsequently classified using the EfficientNetB4 architecture optimized with the AdamW
optimizer. This framework is expected to improve classification accuracy and robustness by
providing more informative and structurally coherent input features.
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The main contributions of this study are twofold. First, it introduces a lightweight and deter-
ministic hybrid preprocessing strategy based on Otsu thresholding and elliptical morphological
operations to enhance image quality while preserving essential structural characteristics in ALL
images. Second, it evaluates the effectiveness of integrating this preprocessing strategy with the
EfficientNetB4 architecture optimized using the AdamW optimizer for improving ALL image
classification performance.

2. Methods

This section outlines the workflow of the proposed study, covering data preparation, hybrid
segmentation (Otsu thresholding and elliptical morphology), model training with EfficientNetB4—
AdamW, and performance evaluation. The overall research flow is shown below.

2.1. Research Flow

In this study, the data processing and model development were carried out through several
successive stages.

/ E > . Segmentation -~
I "e-pro ! - !
P Pre-processing (Otsu Threshelding dan Morphological Operation) Split Data

/ Output /4— Evaluation f—| Training t— EfficientNetB4 L G Data Augmentation

Figure 1: Research flow

Based on Fig. 1, this study began with image pre-processing, followed by segmentation
using Otsu Thresholding and elliptical morphology to separate cells from the background. The
segmentation results were divided into training and validation datasets and then were expanded
through data augmentation. The final stage included modeling, training, and evaluation of
classification performance.

2.2. Dataset Description

The dataset employed in this study was sourced from Kaggle, titled "Blood Cells Cancer (ALL)
Dataset", which contains 3,242 peripheral blood smear (PBS) images for classifying acute
lymphoblastic leukemia (ALL) according to white blood cell morphology. The images were
acquired in the bone marrow laboratory of Taleqani Hospital (Tehran, Iran) using a Zeiss
microscope at 100x magnification and labeled by specialists using flow cytometry [21]. The
dataset was divided into four categories: Benign, Early Pre-B, Pre-B, and Pro-B.

To prevent data leakage, splitting was performed at the patient level, ensuring that all images
from a single patient appear in only one subset (training, validation, or testing)
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Figure 2: presents representative samples of lymphoblast cell conditions corresponding to each class in
the dataset.
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Fig. 2 Lymphoblast cell conditions: Fig. 2a normal cells with no indication of cancer (Benign,
512 images); Fig. 2b early morphological changes in lymphoblasts indicating the early stage
of leukemia (Early Pre-B, 979 images); Fig. 2¢ characteristic malignancy in lymphoblast cells,
including irregular shapes and thickened cytoplasm (Pre-B, 955 images); and Fig. 2d advanced
stages of leukemia cells characterized by increased cell size and high chromatin density (Pro-B).

2.3. Pre-processing

The pre-processing stage was performed to standardize the input images before segmentation and
classification. All images were resized to 224x224 pixels to reduce computational cost while still
preserving sufficient cellular detail. Subsequently, for the purpose of segmentation, the images
were temporarily converted from RGB to grayscale so that thresholding and morphological
operations could be more easily applied to create cell masks. After segmentation was completed,
the images were converted back to 3-channel RGB format, ensuring that the input to the
EfficientNetB4 model remained compatible with the expected format and allowing the pretrained
weights to be used without modifying the model architecture.

Data preparation was performed to improve input data quality and enhance model generaliza-
tion, including image rescaling, data augmentation, target size adjustment, and class weighting
to address class imbalance [22]. Class weights were computed using the following formula:

wo = — 1)

ne X C

where w, is the weight of class ¢, N is the total number of samples, n. is the number of samples
in class ¢, and C denotes the total number of classes

2.4. Segmentation
2.4.1. Otsu Thresholding

Otsu Thresholding was employed as the initial segmentation method by maximizing inter-class
variance to determine the optimal threshold that separated foreground and background regions
in grayscale images ranging from 0 to L — 1 [23]. For an image with dimensions MON, the
probability of each gray-level intensity was calculated as:

B(i) = Ma(j)N (2)

where a(i) represented the number of pixels with intensity level i. The background and foreground
probability were then computed as:

wo(t) = Y B() (3)

=0
wi(t) = 1= wo(t) (4)
The mean gray-level values for background and foreground were claculated as
t . .
0 1B(i)
t) = == 5
polt) = =t=s )
Sices 1B()
t) = ——F"——- 6
p(t) = ==L (6)

Before calculating the variance between classes (o) that is the basis for selcting the segmentation
threshold, the average grayscale value (7) of the entire image must first be compute as.

L-1
T =" iB(i) (7)
=1
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The between-class variance was then calculated as follows:

o = wo(t)(po(t) — T)? + wi (t) (ua (t) — T)? (8)

The optimal threshold ¢* was defined as the threshold value that resulted in the maximum
between-class variance. Pixels whose intensity values exceeded t* were designated as foreground,
while those with intensity values less than or equal to t* were considered background [24]. This
Otsu Thresholding process produced a binary image A, where pixel value 1 represented the
foreground and 0 represented the background.

Formally, the hybrid segmentation operator Iyyriq is defined by directly processing binary
mask A with the elliptical structuring element B through dilation (&) and erosion (©):

Liybria = (A® B)© B 9)

This two step process thresholding followed by morphological refinement combining coarse object
separation with structural enhancement.

2.4.2. Morphological Operation of the Ellips

To refine the segmentation result, elliptical morphological operations were applied after Otsu
Thresholding. These operations aimed to smooth object contours, close small holes, and remove
noise while preserving cell structures [25]. The dilation and erosion of a binary image A with an
elliptical structuring element B were defined as follows:

A@B={z|(B).NA#0} (10)

Ao B={z|(B): C A} (11)

Dilation expanded foreground regions, while erosion reduced them depending on the structuring
element shape [26], [27].

In this study, an elliptical structuring element of size 5 x 5 pixels was used, and each
morphological operation was applied once to refine the segmentation. After these steps, the
segmented image was converted back to 3-channel RGB format so that it could be used as input
to EfficientNetB4 without modifying the pretrained model architecture.

2.5. Split Data

The dataset had been divided into 70% training, 15% validation, and 15% testing subsets after
the segmentation stage, before entering the classification phase.

Table 1: Data distribution per class after splitting

Class Train Validation Test Total
Benign 358 7 7 512
Early Pre-B 658 147 147 979
Pre-B 668 143 144 955
Pro-B 557 120 120 796
Total 2.268 486 488  3.242

The distribution of the dataset per class after being split into training, validation, and test
subsets is presented in Table 1. Each class was proportionally allocated, with 2.268 samples for
training, 486 for validation, and 488 for testing. This approach ensured that the model received
sufficient data for training while maintaining separate subsets for performance evaluation
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2.6. Augmentation

Augmentation, specifically data augmentation, is a technique used to generate additional training
data to enhances the model’s generalization capability by creating new variations through
synthesized data [28]. In this study, image augmentation was applied. Image manipulation was
divided into two types, geometric and non-geometric manipulation [29]. Some of the geometric
augmentation methods used are described below.

Rotation is a transformation that rotates an image by certain angle. Mathematically, it can

be expressed as [30]:
fz| _|cos@ —sinf| |z
[fy ~ |sin® cosf | |y (12)

In Eq. (12), f, and f, are the new position of each pixel after rotation, whereas the coordinate
pair x and y is the original image.
Translation moves objects to different positions in the image to prevent position bias [30].

Mathematically:
fz| |z Tx| |z
AR 0

In Eq. (13), f; and f, represent the new coordinates of each pixel following translation, while
and y denotes original coordinate of the image and T is the magnitude of the displacement to
the axis z or y.

Flipping creates new image variation by flipping the original image along horizontal and
vertical axes, which were expressed in the following equations [31]:

Horizontal flipping
fe| -1 0] |z
=LA 9

= L e

In Eq. (14) and Eq. (15), f; and f, are the new coordinates of each pixel after translation, whereas
x and y is the original coordinate of the image and T is the magnitude of the displacement to
the axis x or y.

Scaling, an augmentation technique that resizes an image by zooming in or out of an object’s
scale [32]. In this study, data augmentation was performed on-the-fly and applied only to
the training set using ImageDataGenerator. The augmentations included a 15° rotation, 10%
horizontal and vertical translation, horizontal and vertical flipping, and scaling ratio through 10%
zooming. No augmentation was applied to the validation and test sets to maintain consistent
evaluation.

Vertical flipping

2.7. EfficientNetB4

The main building block of EfficientNet is MBConv to which blocks are added squeenze and
excitation as well as the swish activation function [33]. EfficientNet uses MBConv (Mobile
Inverted Bottleneck Convolution) as the building block previously introduced by MobileNetV2
[34]. Squeeze and Excitation (SE) is a CNN unit that strengthens feature representations by
modeling relationships between channels through stages Squeeze (Global Average Pooling) dan
Excitation (fully connected layer) [35].

2.7.1. MBConv

MBConv reduces the channel dimension using depthwise separable convolution and a bottleneck,
then expands it using an inverted residual block and pointwise convolution according to the
expand ratio [36].
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1x1 Conv2D (Expand ratio). The input to this stage is a feature tensor A € R?*®*do where
dp denotes the number of input channels. Pointwise convolution (PWConv) applies a 1 x 1 kernel
to linearly combine channel-wise information at each spatial location, producing an expanded
feature representation [37]. Pointwise convolution is defined as follows:

do
Y(i,j, k') => W(L1,ck) A, j,c)+ by (16)

c=1
In Eq. (16), W is the weight for PWConv, A is the input channel, b is the bias and Y is the
output of the generated channel. Through teh expansion ratio ¢, the channel dimension is increas

from dy to t - dy [38], resulting in an output tensor Y & RM>wx(tdo),

3x3 Depthwise Convolution. Deptwise convolution (DWConv) extracts spatial features
by applying a single filter to the input channel [39]. Given the expanded tensor A € Rh*wxtdo
DWConv is defined as follows.
d d
Ypak = Z Z Winn k' Aptm—1,g+n—1,k (17)

m=1n=1

In Eq. (17) A is the input, W € R¥*4x%o represent the depthwise kernel, and the resulting

$x(tdo) where s denotes the stride.

output tensor has dimensions Y € RS X

1x1 Conv2D (Projection). In this process the channel is reduced again from tdy to d’ , by

the same method i.e. pointwise convolution. This operation produces the final MBConv output
hw !

tensor Y e Rs x5 x(d)

2.7.2. Squeeze and Fxcitation

In depthwise convolution each channel is processed separately so that inter-channel information
is not captured, so the SE block is used to analyze the entire channel output, amplify important
features, and weaken less relevant features for subsequent transformations to be more effective
[16].

Let the output feature map of the depthwise convolution be denoted as U € R"*w*xdo_where
h and w represent the spatioal dimensions and dy denotes the number of channels. The SE
block begins with the Squeeze stage, which applies Global Average Pooling to aggregate spatial
information across each channel [40]. This operation transforms the feature map U into a channel
descriptor z € R%, where each element corresponds to the globlas representation of a single
channel.

In the Excitation stage, the channel descriptor z is passed through two fully connected layers
that first reduce the dimensionality form dy to d70 using ReLLU and then restore it to dy with
a sigmoid activation to generate channel wise attention weights s € [0,1]%, which are applied
to feature map via channel wise multiplication to adaptively recalibrate feature responses with
minimal computational overhead [16].

2.7.8. Swish activation function

The swish activation function, designed as an enhancement of the ReLLU function, aims to improve
deep learning model performance by ensuring smoother gradients are maintained throughout the
training process [41]. Therefore, the swish activation function can be described as follows.

1
-y — 18
f@) =2 (18)
The swish activation function is capable of handling the problem vanishing gradient on sigmoid
activation so that the learning process is not at the desired level and at the same time able to

overcome problems negative region which also appears in the ReLU function [42].
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2.7.4. Batch Normalization

Batch Normalization is a method used to normalize the activation distributions within each
batch, making the training process more stable, convergence is faster, and model performance
as inference increases [43], [44]. Batch normalization is generally applied after all types of
convolutions [45]. Mathematically, batch normalization is defined as follows.

_ Xc — Hec
L= (Z)('Yc}/c + Bc) (20)

In Eq. (19), p. and o, successively descending is the mean and standard deviation of the channel
¢, € is a small constant for numerical stability, and X, the input channel, so Y, as to produce an
output. Once the output is obtained, a degree of freedom with the parameters is restored -,
and (. which allows the network to continue to learn optimal scale and shifts even though it has
been normalized [46].

2.7.5. Global Average Pooling

Global Pooling Summarize feature maps to reduce the parameters and computations that are
commonly used Global Average Pooling (GAP) [47]. Mathematically, GAP is defined as follows:

| W
X, (21)
HxW ];;

In Eq. (21), H and W each of the width and height of the feature map, the GAP represents the
average activation of the i channel which indicates the level of importance of each channel [48].

GAP =

2.7.6. Fully Connected

In efficientnet, the fully connected part consists of only one dense layer which is used for the
final classification process after Global Average Pooling [49]. Mathematically stated as follows.

y=Wx+b (22)

In Eq. (22), the input vector x is multiplied by the weight matrix W, and the resulting
product is added to the bias vector b. The input x originates from the output of the Global
Average Pooling process. The y is then passed to an activation in this operation will be passed to
activation function, the softmax activation function is used to convert the input into a probability
distribution of the prediction into each category [50]. The softmax function is commonly used in
classification with more than two classes [51]. The softmax function is defined as follows:

P(y;) = U (23)

where it y; is the result of the multiplication of inputs, weights, and the addition of biases. Where
y; is the output of the ¢ neuron before activation, and & is the total number of classes.

2.8. Training

During the training stage, the model employed Sparse Categorical Cross Entropy as the loss
function for multi-class classification tasks [52]. The loss function worked with integer form labels
that don’t require a target label in the form one-hot-encoding [53].

C

L(ytruea ypred) = - Z Ytrue,i log(ypredﬂ‘) (24)
=1
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where C' is the number of classes, yiue is the vector of the true label in the form of an integer
and Ypreq is the vector of the prediction probability distribution for the class C.

In this study, training was conducted using checkpoints and early stopping based on validation
loss with a patience of 7. In the initial phase, the model was trained for 50 epochs with the
EfficientNetB4 layers frozen, so that only the GAP, Dropout (rate=0.4), and Dense layers were
updated, with class weighting applied to address class imbalance. Subsequently, fine-tuning was
performed by unfreezing the last 60 layers for 30 epochs, while still applying early stopping and
checkpoints to achieve optimal performance. Each training session used a train generator with
on-the-fly augmentation, validation was performed using the original data, the batch size was
kept at 8 for consistency, and all random operations used a fixed seed to ensure reproducibility.
The learning rate was kept constant during each phase of training.

2.9. Optimizer AdamW

AdamW was a modification of the Adam optimizer in which weight decay is decoupled from the
gradient computation, ensuring that the decay term did not interfere with the gradient itself and
is instead applied directly during the parameter update step [17]. Mathematically, the parameter
update in AdamW is expressed as follows.

9t+1=9t—77(

A

my
N + )\Ht> (25)

In Eq. (25), 6, is the weight at iteration ¢, ;41 the weight after being updated in the iteration,
n is the learning rate, m; and ¢ is the first-order and the second-order moments, € a small
constant to prevent zero division, and A is the weight decay coefficient. In this study, an AdamW
optimizer was used with a learning rate of magnitude 1 x 10™* and weight decay 1 x 10~4 it was
applied during both initial training and fine-tuning stages.

2.10. Evaluation

The evaluation in this study was conducted using a confusion matrix, which summarizes the
relationship between the model’s predicted labels and the ground-truth labels. For a multi-class
classification problem with C' classes, the confusion matrix is an n x n table, where each element
represents the number of samples predicted for a given class versus their true class.

For class-wise analysis, a one-vs-rest strategy was adopted to compute the following quantities
for each class i : true positives (T'F;), false positives (F'F;), false negatives (F'N;), and true
negatives (T'N;), these values were used to derive class-level precision, recall and F1-score [54].

Accuracy measures the overall proportion of correctly classified samples and is defined for
multi-class classification as:

Number of correct predictions S TP
N N

where N denotes the total number of test samples. Precision for class ¢ represents the proportion
of correctly predicted samples among all samples predicted as class :

TF;
PreCiSiOHZ’ == W’LF‘P’L (27)

Accuracy = (26)

Recall also referred to as sensitivity or true positive rate, measures the model’s ability to correctly
identify samples belonging to class i:

TR
I, = ———— 2
Recall; TP 1 FN, (28)

The Fl-score for class i is defined as the harmonic mean of precision and recall:

F1, — 2 x Precision; x Recall;

29
Precision; + Recall; (29)
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Given the presence of class imbalance in the dataset (e.g., Benign: 512 samples, Early Pre-B:
979 samples), overall performance was further evaluates using micro-averaged, macro-averaged,
and weighted F1-score strategies [55].

The Micro-averaged F1-score is computed by globally aggregating true positives, false positives,
and false negatives across all classes:

2 TP
Yi(TP,+FPR)’

> TP
>.(TP, + FN;)

Recallpicro =

Precisionmicro =

2 x Precisi - Recallyy;
Pl — X Precisionmicro X Recallmicro (31)

Precisionmicro + Recallmicro

The Macro-averaged F1-score is defined as the unweighted mean of the per-class F1-scores:

1 C
F]-Inacro == F]-z 32
c ; (32)

The Weighted F1-Score accounts for class imbalance by weighting each class F1-score by its
support:
C e
Flyeighted = Zwi -Fl;,  w; = 071 (33)
i=1 D=1y
where n; denotes the number of true samples in class i. All reported evaluation metrics follow
the standar definitions implemented in the scikitlearn library using the classification_report
function with the corresponding averaging strategies.

3. Results and Discussion

This study employed the EfficientNetB4 architecture combined with a segmentation approach
during the pre-processing stage to reduce non-cell regions using Otsu Thresholding and elliptical
morphological operations, enabling the model to focus primarily on the cell nucleus. The training
process utilized the AdamW optimizer with a learning rate of 1 x 10™% and a weight decay of
1x 1074

The pre-processing stage focused on image segmentation to enhance the model’s attention to
white blood cell regions (lymphoblasts) by minimizing background interference in microscopic
images. A segmentation approach was implemented by integrating the Otsu Thresholding method
with elliptical morphological operations. The segmentation results obtained from this process
are presented in Fig. 3.

:0 s ! ;.._ %
& ‘e

(a) Original Image (b) Segmentation Image
Figure 3: Comparison between the original image and the segmented image.

As shown Fig. 3a, the original image still contained all blood cell components with varying
color intensities. After the segmentation process, as illustrated in Fig. 3b, the cell nucleus region
became more prominent while background components were significantly reduced. These results
indicate that the proposed segmentation method successfully separated the region of interest (cell
nucleus) from irrelevant background areas. Consequently, the segmented images became more
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informative for the subsequent model training stage. Following this process, the dataset was
divided into training, validation, and testing subsets as described in the research methodology.

After the dataset of segmentation results is divided into three subsets, then data augmentation
is carried out in the training data. Furthermore, the model was trained using EfficientNetB4
which has gone through segmentation, with pixel input 224 x 224. The initial weight uses
pre-trained ImageNet, then added classification in the form of GAP, 0.4 dropout and softmax
activated dense. The optimization process uses AdamW with learning rate 1 x 10~ and weight

decay 1 x 1074,

3.1. Baseline Performance Using Raw Image

The baseline model in this study is defined as EfficientNetB4 trained on raw images using the
AdamW optimizer, followed by a fine-tuning stage. All baseline results are evaluated on the
same test set as the proposed method to ensure a fair comparison. During the initial training

Table 2: Accuracy and loss of initial training and fine-tuning stages using raw images

Training Stage Data Accuracy Loss

Initial training Train 84.66% 0.4970
Validation 94.44% 0.3706

Fine-tuning Train 98.32% 0.0591

Validation 97.12% 0.0931

stage, the model achieved a training accuracy of 84.66% and a validation accuracy of 94.44%,
with corresponding loss values of 0.4970 and 0.3706, respectively. After fine-tuning, performance
improved substantially, reaching 98.32% training accuracy and 97.12% validation accuracy,
accompanied by a significant reduction in loss. These results indicate that fine-tuning effectively
enhances feature adaptation and model convergence.

To further illustrate the effect of fine-tuning, Figures 4 and 5 present comparisons of accuracy
and loss before and after fine-tuning.

Training & Validation Loss (Before vs After Fine-tuning)
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Figure 4: Accuracy comparison before and after Figure 5: Loss comparison before and after fine-
fine-tuning for the baseline model tuning for the baseline model

Figures Fig. 4 and Fig. 5 illustrate the evolution of accuracy and loss before and after
fine-tuning. Prior to fine-tuning, a noticeable gap between training and validation curves is
observed, along with relatively unstable validation loss, suggesting limited feature specialization.
After fine-tuning, both accuracy curves converge at higher values, while the loss decreases sharply
and stabilizes, indicating improved generalization and more stable learning behavior.

Classification performance before fine-tuning. Based on the test results obtained after
the initial training stage, the model recorded a loss of 0.4724. The corresponding classification

report is presented in Table 3
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Table 3: Classification report for each class

Class Precision Recall ~F1-Score Support
Benign 84.29% 76.62%  80.27% 77
Pre-B 68.27%  98.61%  80.68% 144
Pro-B 100.00% 61.67%  76.29% 120
Early Pre-B 86.76%  80.27%  83.39% 147
Accuracy 80.53% 488
Macro Avg 84.83% 79.29%  80.16% 488

Weighted Avg  84.17%  80.53%  80.35% 488

The classification report obtained before fine-tuning (Table 4) shows class-dependent perfor-
mance variations, with high recall for the Pre-B class (98.61%) but relatively low recall for Pro-B
(61.67%). The confusion matrix in Figure 6 further reveals notable misclassifications among
morphologically similar classes, particularly between Pro-B and Pre-B, as well as between Benign
and Early Pre-B. These results suggest that the frozen feature extractor has not yet learned
sufficiently discriminative representations.

Table 4: Classification report after segmentation and fine-tuning

Class Precision Recall F1-Score Support
Benign 87% 90% 88% 7
Pre-B 96% 99% 97% 144
Pro-B 99% 96% 97% 120
Early Pre-B 94% 93% 94% 147
Accuracy 95% 488
Macro Avg 94% 94% 94% 488
Weighted Avg  95% 95% 95% 488

Classification performance after fine-tuning. After fine-tuning, the baseline model achieved
an overall accuracy of 95% and a weighted Fl-score of 95%, as shown in Table 4. Improvements
are observed across all classes, with more balanced precision and recall values. The corresponding
confusion matrix in Figure 7 exhibits stronger diagonal dominance and reduced misclassification,
confirming that fine-tuning improves class separability. However, residual confusion between
certain leukemia subtypes remains, motivating the integration of segmentation in the proposed
method.

3.2. Proposed Method Performance with Hybrid Segmentation

The proposed method integrates hybrid segmentation based on Otsu thresholding and elliptical
morphological operations with EfficientNetB4 and the AdamW optimizer. The training process
was conducted in two stages: initial training and fine-tuning. The initial training phase was
configured for 50 epochs, with the best validation performance achieved at epoch 39, which was
selected as the final model for this stage. Subsequently, a fine-tuning stage was carried out for 30
epochs to further optimize the model parameters

The accuracy and loss values obtained during both training stages are summarized in Table 5.

Table 5: Accuracy and loss of initial training and fine-tuning stages using raw images

Training Stage Data Accuracy Loss
Initial training Train 89.11% 0.3318

Validation 90.12% 0.2943
Fine-tuning Train 95.28% 0.1512

Validation 96.50% 0.1059
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During the initial training stage, the model achieved a training accuracy of 89.11% and a
validation accuracy of 90.12%, with corresponding loss values of 0.3318 and 0.2943, respectively.
Compared to the baseline model trained on raw images, these results indicate that hybrid
segmentation facilitates more effective early feature extraction by reducing background interference
and emphasizing relevant cellular regions.

In the fine-tuning stage, the proposed method reached a training accuracy of 95.28% and
a validation accuracy of 96.50%, accompanied by a further reduction in loss. The consistent
improvement across both stages suggests that the combination of segmentation and selective
parameter updating enhances convergence and learning stability.

Training & Validation Accuracy (Before vs After Fine-tuning) Training & Validation Loss (Before vs After Fine-tuning)
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Figure 6: Accuracy comparison before and after Figure 7: Loss comparison before and after fine-
fine-tuning using hybrid segmentation tuning using hybrid segmentation

Figures Fig. 6 and Fig. 7 present the accuracy and loss curves before and after fine-tuning.
As shown, fine-tuning results in higher and more stable accuracy for both training and validation
sets, along with a consistent decrease in loss values. These trends indicate improved feature
discrimination while maintaining stable generalization behavior.

Classification performance before fine-tuning. Based on the test results obtained after
the initial training stage, the model recorded a loss of 0.2915. The corresponding classification

report is presented in Table 6.

Table 6: Classification report of EfficientNetB4 model

Class Precision  Recall F1-Score Support
Benign 82.56%  92.21%  87.12% 7
Pre-B 83.93%  97.92%  90.38% 144
Pro-B 99.02%  84.17%  90.99% 120
Early Pre-B 94.70%  85.03%  89.61% 147
Accuracy 89.75% 488
Macro Avg 90.05%  89.83%  89.52% 488

Weighted Avg  90.67%  89.75%  89.78% 488

Table 6 shows that the highest precision was achieved in the Early Pre-B class (94.70%), while
the highest recall was observed in the Pre-B class (96.92%). These results indicate class-dependent
performance variations, motivating a deeper analysis using a confusion matrix.

Prior to fine-tuning, the confusion matrix analysis revealed noticeable inter-class misclas-
sification. Out of 77 Benign samples, 71 were correctly classified, while six were misclassified,
primarily as Early Pre-B (3 samples), Pre-B (2 samples), and Pro-B (1 sample). For the Pre-B
class, 141 out of 144 samples were correctly predicted, with three misclassified as Early Pre-B.
The Pro-B class exhibited relatively higher confusion, with 101 out of 120 samples correctly
identified; misclassifications mainly occurred toward Pre-B (14 samples) and Benign (4 samples).
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Similarly, for the Early Pre-B class, 125 out of 147 samples were correctly classified, while
22 were misclassified, predominantly as Benign (11 samples) and Pre-B (11 samples). These
results indicate considerable overlap among morphologically similar leukemia subtypes prior to
fine-tuning.

Classification performance after fine-tuning. After fine-tuning, the model achieved a
reduced test loss of 0.0974 The corresponding classification report is shown in Table 7.

Table 7: Classification report for the fine-tuning stage using hybrid segmentationl

Class Precision Recall F1-Score Support
Benign 90% 99% 94% 7
Pre-B 97% 97% 97% 144
Pro-B 99% 99% 99% 120
Early Pre-B 98% 93% 95% 147
Accuracy 97% 488
Macro Avg 96% 97% 97% 488
Weighted Avg 97% 97% 97% 488

After fine-tuning, the proposed method achieved a test loss of 0.0974 and an overall accuracy
of 97%, as shown in Table 7. The macro and weighted F1-scores both reached 97%, reflecting
balanced performance across all classes. Precision, recall, and Fl-score values range from 90%
to 99%, indicating improved sensitivity to subtle morphological differences among leukemia
subtypes.

Classification performance improved markedly across all classes. In the Benign class, 76
out of 77 samples were correctly classified, with only one misclassified as Early Pre-B. For the
Pre-B class, 140 out of 144 samples were correctly identified, with minimal confusion distributed
across FEarly Pre-B (2 samples), Pro-B (1 sample), and Benign (1 sample). The Pro-B class
achieved near-perfect recognition, with 119 out of 120 samples correctly classified and only one
misclassified as Pre-B. Likewise, Early Pre-B improved to 137 correct predictions out of 147
samples, reducing total misclassifications from 22 to 10. Overall, fine-tuning significantly reduced
cross-class confusion, resulting in stronger diagonal dominance in the confusion matrix and
improved class separability and model robustness.

3.3. Comparison of Performance Before and After Segmentation

The performance of the baseline model trained on raw images and the proposed method in-
corporating hybrid segmentation was compared using the same test set to ensure a fair and
consistent evaluation. The baseline results reported in this section correspond to the fine-tuned
EfficientNetB4 model without segmentation.

Table 8: Performance comparison

Method Segmentation Model Optimizer Accuracy (%) F1-Score (%)
Baseline - EfficientNetB4 ~AdamW 95% 95%
Proposed Otsu Thresholding and ellipti- EfficientNetB4 ~AdamW 97% 97%

cal morphological operations

The proposed method achieved an accuracy and Fl-score of 97%, improving upon the 95%
obtained by the baseline model. Although the absolute gain is 2%, the improvement is consis-
tent across both accuracy and Fl-score, indicating a meaningful enhancement in classification
performance. This improvement suggests that hybrid segmentation reduces background interfer-
ence and emphasizes discriminative nuclear features, leading to fewer misclassifications between
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morphologically similar leukemia subtypes. No statistical significance test was conducted; there-
fore, the results are reported as empirical performance gains rather than statistically validated
improvements

4. Conclusion

This study aimed to develop a deep learning—based framework for classifying acute lymphoblastic
leukemia from microscopic blood cell images. Experimental results show that the integration of
hybrid segmentation using Otsu thresholding and elliptical morphological operations improves
classification performance by emphasizing the cell nucleus as the primary region of interest and
reducing background interference.

Data augmentation increased image variability and supported improved generalization without
requiring additional data acquisition. In addition, EfficientNetB4 optimized with the AdamW op-
timizer demonstrated enhanced learning behavior after fine-tuning, leading to more discriminative
feature representations and reduced misclassification across leukemia subtypes.

Although consistent performance gains were observed across accuracy and Fl-score metrics,
robustness claims are limited by the use of a single dataset and the absence of statistical
uncertainty analysis or external validation. Future work will therefore focus on patient-level
data splitting, evaluation on independent external cohorts, and robustness enhancement through
domain adaptation and stain or illumination normalization techniques.

From a methodological perspective, the use of a fixed elliptical structuring element introduces
mathematical constraints, particularly its sensitivity to highly irregular or elongated nuclear
shapes, such as those observed in certain Pre-B cell instances. Adaptive or shape-aware morpho-
logical operators, as well as learnable segmentation modules, represent promising directions for
further algorithmic refinement.

Overall, the proposed framework provides an empirically effective baseline for automated
leukemia image classification, while also highlighting clear opportunities for methodological
extension and broader clinical validation.
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