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ABSTRACT

Acute Lymphocytic Leukemia (ALL) is the most prevalent childhood can-
cer. Early diagnosis of ALL is essential, since timely and appropriate
therapy significantly improves survival rates. ALL entails abnormal white
blood cell (WBC) proliferation that weakens the immune system. Despite
numerous studies on ALL identification using microscopic blood smear im-
ages, challenges remain due to the structural complexity of blood cells,
image noise, intensity inhomogeneity, and cell overlap. Deep learning tech-
niques, particularly CNNs, have shown high efficacy in medical image anal-
ysis. However, some studies employ GLCM features that lack an empiri-
cal basis for their selection. The study aims systematically evaluate nine
distinct GLCM features to provide evidence-based reference for their use
in ALL detection. Foundational CNN architecture was used as a classi-
fier to establish a performance baseline with raw color images. Then we
compared the baseline to models enhanced with each of the nine GLCM
features using the public C-NMC 2019 dataset. The results revealed that
GLCM Dissimilarity was the most effective feature, yielding an accuracy of
94.37% and an F1-score of 0.9437. The GLCM Dissimilarity significantly
outperformed other GLCM features, followed by GLCM Entropy (93.84%),
GLCM Mean (93.57%), GLCM Contrast (93.55%), GLCM Standard Devi-
ation (93.13%), and GLCM ASM (90.98%). A model using only color im-
ages achieves an accuracy of 90.53%. It is important to note that although
several GLCM features improved performance, among the nine features
evaluated, those not listed among the top performers achieved lower accu-
racy than the color image baseline, highlighting the importance of careful
feature selection. These results indicate that specific GLCM features, par-
ticularly GLCM Dissimilarity, can substantially enhance CNN-based ALL
classification, underscoring its potential as a robust image descriptor for
diagnostic applications.
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1. INTRODUCTION

Leukemia is a hematologic malignancy character-
ized by the abnormal proliferation of blood cells. Di-
agnosis typically involves blood tests to assess levels
of red blood cells, WBCs, and platelets, along with
microscopic examination of blood smears. The dis-
ease primarily disrupts WBC proliferation, resulting
in the overproduction of abnormal WBCs and conse-
quent impairment of immune function.

Leukemia is broadly classified into four princi-
pal subtypes: ALL, acute myeloid leukemia (AML),
chronic lymphocytic leukemia, and chronic myeloid
leukemia. Among these, ALL is the most common
childhood leukemia [1], contributing to thousands of
deaths in children and adolescents annually. In 2020,
there were 57,377 diagnosed cases of ALL worldwide,
with almost 55% in the Asia-Pacific region, and 21.9%
of these cases involved children. Crucially, early de-
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tection of ALL can elevate the survival rates to as
high as 90% [2].

ALL is characterized by malignant conversion
of lymphoid progenitors and subsequent clonal ex-
pansion of lymphoblasts in the bone marrow [3].
This overproduction of lymphoblasts displaces nor-
mal blood cell production and severely degrades the
immune system [3], which can be fatal if left un-
treated. The French-American-British (FAB) classi-
fication system [3] divides ALL into three main sub-
types (L1, L2, and L3) based on cellular morphology.
However, intrinsic heterogeneity and subtle morpho-
logical variations in microscopic images render auto-
mated, accurate classification of ALL challenging.

In the current era of artificial intelligence, com-
putational methods and deep learning techniques are
being used for ALL identification using blood smear
microscopic images. For instance, various studies [4-
7] have demonstrated the application of artificial in-
telligence in ALL classification. Most studies em-
ploy deep learning approaches, which typically re-
quire large datasets and substantial computational
resources. Deep learning models consist of multiple
layers of neural networks designed to automatically
extract and learn complex, hierarchical patterns from
input data. CNNs are a class of deep learning archi-
tectures well suited to image analysis, including de-
tection and recognition tasks. Moreover, CNNs are
widely used as backbone feature extractors, captur-
ing discriminative image representations in complex
deep learning pipelines.

This research systematically evaluates nine dis-
tinct GLCM features to provide an evidence-based
reference for their application in CNN-based ALL de-
tection. We focus on a comparative analysis of the
GLCM features when integrated with a CNN model
for ALL classification. This contribution matters be-
cause arbitrary choices of GLCM features in deep
learning pipelines can degrade model performance.
We address a critical gap in the existing methodol-
ogy by empirically quantifying the efficacy of indi-
vidual features. The primary objective of the exper-
iments is to identify which specific GLCM features
yield the highest classification accuracy and the low-
est loss when utilized with the CNN model, rather
than solely aiming to develop a state-of-the-art high-
accuracy model for ALL classification. We study
how different GLCM features perform in comparison
to, and potentially in conjunction with, an RGB im-
age while maintaining a consistent CNN architecture.
The goal is to rigorously analyse the performance of
these distinct GLCM features to determine their rel-
ative effectiveness and potential for enhancing CNN-
based ALL classification. By identifying the supe-
rior performance of GLCM Dissimilarity, our work
directly advances ALL detection research by provid-
ing a validated, high-impact feature that improves
diagnostic accuracy and guides the intelligent design

of next-generation AI models.

2. RELATED LITERATURE

Deep learning techniques have achieved remark-
able performance, leading to their widespread adop-
tion in recent medical image analysis. The field of
medical image analysis has seen profound advance-
ments through the application of deep learning archi-
tectures, notably CNNs, Recurrent Neural Networks
(RNNs), and Autoencoders [8]. Among these, CNN-
based models are the most frequently employed for
image-related tasks. A common challenge is that clas-
sical CNNs typically require extensive datasets for
practical training and to achieve high performance.
To address this data dependency, researchers have ex-
plored multiple mitigation strategies, including lever-
aging transfer learning via pre-trained deep CNN
models and proposing novel custom architectures [4].

Current research indicates that artificial intelli-
gence methods for medical image classification are
broadly categorized into two primary approaches.
The first approach leverages transfer learning, a tech-
nique where knowledge from a model pre-trained on
a large dataset is adapted for specific tasks, such as
ALL classification. The second approach focuses on
creating deep learning models from scratch, training
them exclusively on the target dataset without rely-
ing on pre-trained weights.

The subsequent subsections delve into transfer
learning and learning from scratch techniques, specif-
ically in the context of ALL classification. Addition-
ally, this review will discuss commonly used public
datasets and examine some of the typical image fea-
tures that are deployed in this context.

2.1 Transfer Learning Techniques

The transfer learning technique has emerged as a
powerful approach in ALL classification. These tech-
niques utilize pre-trained models and subsequently
fine-tune their parameters using limited, task-specific
datasets. Utilizing pre-trained models is highly effec-
tive, even with scarce data, because the weights of
the pre-trained layers have already learned robust fea-
ture representation from large and diverse datasets.
Learned weights are typically partially frozen or up-
dated at a significantly reduced learning rate on the
smaller, new dataset. The training process primar-
ily involves updating the weights of the latest output
layer and fine-tuning the parameters of a few shal-
lower layers of the pre-trained model. This strat-
egy significantly reduces the training time while of-
ten achieving high accuracy with less data. Several
prominent transfer learning techniques have been suc-
cessfully adopted for ALL classification, including es-
tablished architectures such as You Only Look Once
(YOLO) [7-9], MobileNetV2 [4], VGG [10], ResNet
[10, 11], EfficientNet [5], alongside custom hybrid
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models like DL4ALL [12]. These techniques demon-
strate the versatility and effectiveness of adapting
pre-trained architectures for specific medical diagnos-
tic tasks, such as leukocyte detection and ALL clas-
sification [4, 7, 9-11].

In summary, the reviewed literature overwhelm-
ingly supports the effectiveness of transfer learning
in ALL classification. The utilization of pre-trained
models effectively addresses the challenge of lim-
ited medical image data, resulting in both acceler-
ated training times and enhanced classification ac-
curacy. The broad array of architectures and fine-
tuning methods discussed highlights transfer learn-
ing’s significant versatility, cementing its role as a
foundational approach for creating powerful diagnos-
tic tools in medical image analysis.

2.2 Learning Techniques From Scratch

Learning from scratch involves the process of de-
signing and training a novel deep learning model en-
tirely from its initial state, bypassing the use of pre-
trained models. The entire learning process, from fea-
ture extraction to output prediction, relies solely on
the dataset provided for the specific task. All model
parameters are randomly initialized and then trained
exclusively on the target dataset, starting from the
initial training epoch. This methodology contrasts
directly with transfer learning, where the model is
initialized using weights derived from a pre-existing
model trained on an benchmark dataset.

Akram et al. [13] proposed MIF-Net segmenta-
tion of the cytoplasm and nucleus of WBC. The pro-
posed architecture comprises three types of convo-
lutional layers: the standard convolution layer, the
strided convolution layer, and the transpose convolu-
tion layer. The proposed model was evaluated using
four public datasets provided by Jianxi Tecom Sci-
ence Corporation of China.

Gao et al. [1] introduced a Hierarchical Multi-
Instance Learning (H-MIL) framework to fully auto-
mate childhood leukemia classification based on cyto-
morphological examination of bone marrow smears.
Their framework integrates multi-instance learning
with hierarchical classification, enabling training with
only patient-level labels and circumventing the need
for expensive cell-level annotations. A key innova-
tion is the use of a hierarchical information bottle-
neck, designed to improve the model’s accuracy and
generalizability. Performance was evaluated on the
CALC dataset, which was collected from the Shang-
hai Children’s Medical Center under ethical approval
(SCMCIRB-K2020033-1). This dataset contains the
corresponding BM smears and clinical reports from
268 patients. Furthermore, the authors demonstrated
the framework’s high generalizability on an indepen-
dent test cohort from a different hospital.

When creating a deep learning model for ALL clas-
sification without using pre-trained components, the

process generally involves building specialized archi-
tectures and training them exclusively on the tar-
get dataset. This approach, though less common
due to its inherent challenges, provides developers
with complete freedom to modify the model’s struc-
ture as needed. A significant hurdle is the lim-
ited availability of large, high-quality medical imag-
ing datasets, which renders the training of complex
models from random initialization computationally
demanding. However, as demonstrated by special-
ized designs like MIF-Net and the innovative H-MIL
framework, this method offers the distinct advantage
of creating highly customized solutions. These so-
lutions are not constrained by the pre-existing bi-
ases inherent in models trained on disparate domains,
demonstrating that robust performance is achievable
when sufficient domain-specific data is available for
comprehensive training.

2.3 Publicly Available Datasets

Publicly available datasets for ALL classification
are categorized into two types: those containing sin-
gle cell images and those containing multiple cell im-
ages [14]. Single cell images are typically prepared
through microscopic preprocessing techniques, such
as raw cropping or segmentation. Images derived
from raw cropping frequently retain background el-
ements and portions of neighboring cells, while those
obtained via segmentation effectively isolate a single
cell. Details of the commonly utilized datasets for
ALL classification are presented in Table 1.

Table 1: Publicly available datasets.

Dataset Description

ALL-IDB1 | ALL-IDB1 is a multi-cell image dataset
[15] designed for developing segmentation and
classification algorithms for ALL. It
comprises high-resolution images
originating from 59 healthy individuals
and 49 ALL patients. This dataset
comprises individual blood elements,
including expert-labeled candidate
lymphoblasts, with centroid coordinates
provided to facilitate segmentation tasks.
Collected by the University of Milan,
ALL-IDBI1 is notable for its realistic non-
uniform background illumination, which
presents a challenge requiring robust
preprocessing. It has been widely used in
research [3, 9, 16-18]

ALL-IDB2 | ALL-IDB2 is a single-cell dataset derived
[15] from ALL-IDBI, specifically curated to
evaluate classification system
performance. It contains 260 cropped
images of individual benign and
malignant lymphocytes, standardized to
257x257 pixels. By providing pre-
segmented and focused images, ALL-
IDB2 streamlines classification research,
eliminating the need for prior cell
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Dataset Description

detection or segmentation. It’s reduced
resolution compared to ALL-IDB1. This
dataset has been utilized in prior studies
[3,9,17,18].

The BCCD dataset is a collection of
microscopic images primarily for detecting
and classifying blood cell types. It initially
holds 364 images, expandable to 875 via
augmentation, all at 640x480 pixels. This
dataset includes 4,888 labeled objects
encompassing WBCs, red blood cells, and
platelets. The annotations follow the VOC
XML bounding box format. While not
exclusively  for ~ ALL, its WBC
classification utility is crucial for leukemia
diagnosis. BCCD, which is publicly
available on GitHub and Kaggle, was also
integrated by Gan et al. [19]. They used it
alongside BCDD, PBC, and RaabinWBC
to construct the TXL-PBC dataset.

BCCD

Raabin-
WBC|20]

The Raabin-WBC dataset is an extensive,
freely available collection of microscopic
images intended primarily for the
classification of five typical WBC subtypes
found in peripheral blood smears. It
addresses the need for diverse, labeled
hematology data and supports Explainable
AT research. The dataset features detailed,
double-expert validated labels,
encompassing 11 morphological attributes.
It offers nucleus and cytoplasm ground
truths and exhibits diversity due to data
acquisition from various capture devices.
Notably, its significant number of
lymphocyte images makes it highly relevant
for ALL detection, serving as a crucial
regular reference. This dataset has been
employed in prior research [5].

C-NMC The C-NMC 2019 dataset is a high-
2019 quality, single-cell image collection of
[21] microscopic B-ALL white blood cancer
cells from 118 subjects. Designed for the
IEEE ISBI 2019 challenge, its primary
purpose is to classify mnormal versus
malignant B-ALL cells, with images
meticulously labeled for this distinction.
The dataset is structured with clear
training and testing splits. It is publicly
accessible via The Cancer Imaging
Archive (TCIA) under a CC BY 3.0
license, with ethical consent obtained for
research use. It has been utilized in
numerous prior studies [2, 5, 12].

Medical image datasets serve as the cornerstone for
the development of artificial intelligence and machine
learning models in ALL classification. In this work,
we employ the C-NMC 2019 dataset. Further details
regarding the C-NMC 2019 dataset and our specific
preprocessing methodology are presented in the next
section.

2.4 Feature Analysis

Feature extraction is a fundamental and crucial
step in image analysis, transforming image data into
quantifiable, meaningful representations. These ex-
tracted features, which are specific image charac-
teristics or patterns, may be imperceptible to the
human eye but are easily recognized and inter-
preted by algorithms. The effectiveness of these
features—their quality, relevance, and discrimina-
tive power—directly dictates the accuracy, robust-
ness, and clinical value of subsequent cancer classi-
fication and diagnostic systems. Consequently, pro-
ficient feature extraction is essential for differentiat-
ing subtle pathological changes from normal tissue,
thereby enabling precise and reliable cancer diagno-
sis. The use of texture analysis in blood smear im-
age classification predates deep learning. Earlier re-
search on leukemia detection utilized GLCM features
integrated with traditional classifiers including Sup-
port Vector Machines (SVMs) and Adaboost [22].
While these studies established the initial utility of
GLCM, they often relied on extensive feature engi-
neering and were tested on smaller or older datasets.
While many texture descriptors, such as Wavelet[23,
24] and Local Binary Patterns (LBP)[25-28], are used
in medical imaging, based on the literature, three tex-
ture features widely used in medical imaging include
the Gray-Level Run Length Matrix (GLRLM)[29-
31], Gray-Level Co-occurrence Matrix (GLCM)[24,
29, 30, 32, 33|, and the Gray-Level Size Zone Matrix
(GLSZM)[30, 34, 35], are comprehensively presented
in Table 2.

Table 2: Texture features in medical applications.

Feature Description

GLRLM | GLRLM describes consecutive pixels with the
same gray level within a region of interest.
These features are calculated from various
matrix types that represent patterns of
intensity =~ values and  their  spatial
arrangements. Consequently, these features
are instrumental in  quantifying the
coarseness and fineness of textures. This
approach has been studied extensively in
medical image applications. Al-Saffar and
Yildirim [31] focused on feature extraction for
MRI brain classification, specifically deriving
grayscale statistical features and GLRLM
features from segmented tumor regions. Their
experiments showed that the features are
effectively identified as a robust, compact set,
leading to better classification accuracy and
computational efficiency compared to
traditional methods. GLRLM features have
also been investigated in numerous studies
[29, 30].

GLCM GLCM features are derived from a matrix that
quantifies the frequency of  pixel
pairs possessing specific gray-level values and

spatial relationships. t effectively
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Feature Description

characterizes image texture by capturing
properties such as local variations,
uniformity, and the linear dependency of
pixel intensities. Standard features [32]
derived from GLCM include Contrast,
Correlation, Homogeneity, Energy, and
Entropy. It has been widely applied in
medical image analysis [24, 29, 30, 33].

GLSZM | GLSZM is a statistical analysis that
quantifies the size of regions formed by
continuous pixels sharing the same gray level
within an image, thereby constructing an
intermediate matrix. The GLSZM captures
the size and number of connected regions of
pixels that share the same gray level
intensity within an image [30]. It provides
insight into the distribution of uniform
intensity regions, thereby

representing the length or size of these
connected areas. This feature has been
studied in broad fields such as porous media
image[34] and breast tomosynthesis[35]

Table 3 summarizes the GLCM features commonly
utilized in the surveyed literature. The focus of this
study on the GLCM is motivated by its established
prominence and proven discriminatory power in med-
ical image analysis. GLCM excels at quantifying
the structural complexity and local intensity varia-
tions—features essential for distinguishing the fine
textural differences between normal and malignant
cells in blood smears. Consequently, the subsequent
analysis systematically evaluates nine distinct fea-
tures derived from GLCM. In Table 3, a checkmark
signifies that the corresponding feature was utilized
in the referenced study; a blank cell indicates that
it was not explicitly reported or employed. The col-
umn headers employ the following abbreviations for
brevity: Ref. for Reference, Con. for GLCM Con-
trast, Ene. for GLCM Energy, Mea for GLCM Mean,
Hom for GLCM Homogeneity, Dis for GLCM Dissim-
ilarity, Cor for GLCM Correlation, Ent for GLCM
Entropy, and Var for GLCM Variance.

Table 3: GLCM features in surveyed literature.

Ref. GLCM features
Con | Ene | Mea | Hom | Dis | Cor | Ent | Var
24 v v v v
36 v v v v v
37 v Ve v v v Ve v v
22 v v v v

Among the GLCM features, GLCM Contrast and
GLCM Energy are the most employed in the reviewed
literature. As illustrated in Table 3, these two fea-
tures are consistently present across almost all sur-
veyed studies, highlighting their robust discrimina-
tory power in medical image analysis. Furthermore,
GLCM Homogeneity and GLCM Correlation also ap-
pear frequently, indicating their significant role in

capturing essential textural information for classifi-
cation tasks. In this work, we have examined most
of the GLCM features in Table 3 and GLCM Angu-
lar Second Moment (GLCM ASM). Then we compare
the performance of these features with the raw image.

While many existing studies focus on a subset of
GLCM features, a comprehensive understanding of
their individual efficacy remains lacking. Further-
more, despite the historical integration of GLCM
with traditional classifiers [33], a systematic and em-
pirical evaluation of individual GLCM features’ effec-
tiveness within a modern Convolutional Neural Net-
work (CNN) architecture was required to establish
an evidence-based feature selection guid. To address
this, our study extends the analysis to nine distinct
GLCM features. Specifically, we selected seven fea-
tures commonly cited in the literature and summa-
rized in Table 3: GLCM Contrast, GLCM Energy,
GLCM Mean, GLCM Homogeneity, GLCM Dissimi-
larity, GLCM Correlation, and GLCM Entropy. We
replaced GLCM Variance with the closely related but
more intuitive GLCM Standard Deviation.

Additionally, we included the GLCM ASM. The
inclusion of GLCM ASM is motivated by its funda-
mental representation of image uniformity, and we
believe a modern re-evaluation of its utility alongside
other features is warranted. This systematic evalua-
tion of nine distinct features aims to provide a com-
plete evidence-based reference for feature selection in
this domain.

3. PROPOSED METHODOLOGY

The primary aim of this study is to systemati-
cally evaluate and compare the performance of nine
distinct GLCM features when applied with a CNN
model for ALL classification. This investigation ad-
dresses a significant gap in the existing literature,
which frequently utilizes GLCM features without pro-
viding an empirical basis or clear methodological jus-
tification for specific feature selection. By analysing
the impact of each feature individually, this work
alms to provide an evidence-based reference for fea-
ture selection. To facilitate this comparison, we first
established a performance baseline by training a CNN
model using only the raw images from the dataset.
The result from the image-only model serves as our
primary point of reference. The experimental work-
flow conducted in this research is summarized as il-
lustrated in Fig. 1.

The experiments presented in this work were
conducted on the publicly available C-NMC 2019
dataset. We utilized PyTorch, a widely used ma-
chine learning library, to construct and train our CNN
model. The methodology comprises three sequential
and interconnected stages for each feature evaluation:
Stage 1 Data Preparation and Preprocess-

ing: The C-NMC 2019 images are se-
lected, resized, and augmented to pre-
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pare them for subsequent feature extrac-
tion and training. Full details of this stage
are provided in Section 3.1.

Stage 2 Feature Extraction: The specific
GLCM features are extracted from the
preprocessed images to capture textural
information. This process is detailed in
Section 3.2.

Stage 3 CNN Model Development and Eval-
uation: The foundation CNN model was
designed, and each extracted feature was
then individually utilized to train the
model, followed by evaluation using ten-
fold cross-validation. The architecture,
corresponding training parameters, and
evaluation methodology are detailed in
Section 3.3.

Extract the feature
from image
v
| normalize feature |
y
| Shuffle feature |
% 10 times
Split data into
ten folds
¥
Use nine folds for taining the
model
1]
leave one fold for testing the
model
v
Record training history and
testing results
| —
Fig.1: The proposed methodology for ALL classifi-

cation.

The following sections provide a comprehensive
overview of the dataset, GLCM features, the model
structure, and the performance metrics used in this
research.

3.1 C-NMC 2019 dataset

The C-NMC dataset [21] was prepared from bone
marrow aspirate slides obtained from both healthy
subjects and newly diagnosed B-ALL patients at the
Laboratory Oncology Unit, All India Institute of
Medical Science (AIIMS), New Delhi, India. This
dataset comprises cell images from 118 subjects, in-
cluding 49 healthy controls and 69 subjects diagnosed
with ALL cancer.

For ease of deployment, image sizes were normal-
ized: each cell was centered, and the image was
then padded with zero-intensity rows and columns

to achieve a uniform size of 450x450 pixels. Sub-
sequently, for the CNN model input, all photos were
resized to 350350 pixels to standardize input dimen-
sions. The images are assigned to two distinct labels:
“ALL”, representing cells positively diagnosed with
Acute Lymphoblastic Leukemia, and “HEM”, des-
ignating healthy, hematologically normal cells. The
ALL group comprises 7,272 images of ALL cells, while
the HEM group contains 3,389 images of normal cells.

(a) cell images in ALL class

(b) cell images in HEM class
Ezxemplars of image in the C-NMC 2019

Fig.2:
dataset.

Iustrative examples of the ALL and HEM cell
images can be found in Fig. 2. Each cell image was
derived through segmentation from a larger micro-
scopic field-of-view. Subsequently, these cell images
were meticulously labelled as either “HEM” or “ALL”
class by expert oncologists. Developing high-accuracy
learning techniques for this dataset proved challeng-
ing due to the inherent variations in the shape and
size of ALL cells. To maximize the information avail-
able for model training, we utilized all RGB bands.
An exemplar illustrating the individual RGB planes
is presented in Fig. 3

Red Plane

Color Image Green Plane Blue Plane

Fig.3:
planes.

Color image and the red, green, and blue

Before being deployed for training or testing in this
study, the images required an additional stage of pre-
processing. Each image was resized to 350x350 pix-
els, and the pixel intensity values were normalized
within the range of 0 to 1. To address the class im-
balance between benign (HEM) and malignant (ALL)
images, we applied image augmentation techniques,
specifically rotation and mirroring. After this prepro-
cessing, the total number of images in both the HEM
and ALL classes was balanced to 7,272 images each,
resulting in a total of 14,544 images for our study.
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3.2 GLCM features

The GLCM is a statistical method for extracting
texture features in image analysis [33, 38]. In this
work, GLCM feature extraction is applied indepen-
dently to each of the three individual color bands of
the image. In this work, GLCM feature extraction
is applied independently to each of the three individ-
ual color bands of the image. Specifically, the GLCM
matrix, P(i,j), quantifies the frequency with which a
pixel of gray level i and a pixel of gray level j oc-
cur together, separated by a defined distance and an-
gle. The resulting matrix forms the basis for comput-
ing a set of statistical measures, including Contrast,
Dissimilarity, Homogeneity, Energy, and Correlation.
These features effectively characterize the underlying
texture and structural patterns within an image by
capturing properties such as local variations, unifor-
mity, and the linear dependency of pixel intensities.
The generation of a spatially descriptive feature map
from the color images was achieved through the fol-
lowing two-step process:

1. Band-wise Extraction: GLCM feature ex-
traction is applied independently to each of the
three individual color bands (red, green, and
blue). This information is then consolidated
for the CNN input by computing the mean of
the GLCM feature maps derived from the three
bands, which serves as the final single-channel
feature map for training.

2. Feature Map Generation: We employ a slid-
ing window technique to transform the global
scalar GLCM measures into spatially descrip-
tive feature maps. A local 5x5 window (k=5
in Equation 1) is applied across the entire im-
age. The GLCM matrix is computed within
this defined region, and a single GLCM feature
value is then derived from the local matrix and
assigned to the central pixel, thereby creating
a full-resolution GLCM feature map.

Among the measures of spread, this study utilizes
explicitly GLCM Standard Deviation rather than
GLCM Variance. Although both measures quan-
tify the dispersion of pixel intensities within the co-
occurrence matrix, GLCM Standard Deviation is the
preferred metric due to its superior interpretability; it
expresses data spread in the same units as the orig-
inal pixel intensity values, offering a more intuitive
representation of textural variability.

The mathematical formulations of these key uti-
lized features are detailed in Table 4. The mathe-
matical equations of the GLCM features utilized in
this work were slightly modified during implementa-
tion to enhance computational speed while preserv-
ing the central concept of the standard GLCM fea-
tures. Specifically, the modifications involved pre-
calculating the mean and variance components using
Equations (2) to (5) before applying them to the for-
mulas for GLCM Correlation and GLCM Standard

Deviation in Table 4. This optimization allows for
faster processing of the large image dataset.

Table 4: Mathematical equations of GLCM features.

Feature Mathematic equation
N-—1N-1
GLCM ASM > Z P(i, j)?
i=0 j=0
NIN-T
GLCM Contrast Z P(i,5)(i — 5)?
=0 j5=0
GLCM N—-1N—-1
Dissimilarity P(i,5)|i — jl
i=0 j=0
N—1N-1
GLCM Energy Z P(i, §)?
i=0 j=
N-1N—1

GLCM Entropy

GLCM N_1N—1 (i)
H it
omogenelity ; 2 15 ( 77])
GLCM N-1N 1
D) — ) * P
Correlation (i — pi) (G — py) * P(i j)
0; %0
i=0 j=0
N-1N— lP i *i
GLCM Mean Z S g)*xe
=0 j5=0
GLCM Standard N—1N—-1 T,
Deviation Z ( P(i, j) *i— ],L\Z )
i=0 ;=0

When P(i, 5) is the normalized GLCM element in row
i and column j of the symmetrical GLCM, N is the
number of quantized grey levels. In this work, we use
N = 8. The GLCM is a normalized matrix derived
from the raw GLCM counts computed across the lo-
cal sliding window, as defined by Equation (1). The
mean of row (u;) and mean of column (p;) of GLCM
are calculated from equations (2) and (3) respectively.
The variance of row i (o;) and the variance of column
j (o;) are computed from Equation (4) and Equation
(5), respectively.
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The window size parameter, denoted by k in Equa-
tion (1), is specified as k = 5 for our implementa-
tion. The utilization of the normalized GLCM ele-
ment P(i,j) in the Entropy formula (Table 4) is con-
sistent with the standard information-theoretic defi-
nition of Entropy, where P(i,j) represents the joint
probability of gray-level co-occurrence. This com-
ponent is added to prevent the GLCM probability
P(i,j) from becoming zero, thereby ensuring the log-
arithm term in GLCM Entropy remains mathemati-
cally defined. Thus, the normalization is crucial both
for mathematical correctness and computational ro-
bustness.

The GLCM features in this work quantify various
aspects of texture such as local intensity variations,
uniformity, and randomness, providing insights into
the visual appearance and structural characteristics
of different regions within an image. Additionally,
GLCM can derive features like Mean and Standard
Deviation to describe the average and spread of pixel
intensities in co-occurrence. The source code for the
GLCM feature generator was obtained from [39] and
was slightly modified to meet the specific require-
ments of this study. We plot the exemplar of each
GLCM feature as illustrated in Fig. 4

GLCM ASM GLCM Contrast GLCM Dissimilarity
“< 7 4 /
/
& s
GLCM Energy GLCM Entropy GLCM Homogeneity
N < ‘_}

GLCM Mean

GLCM Correlation GLCM Standard

Fig.4: FExemplar of GLCM feature maps generated
using the sliding window technique.

In this section, we explain the GLCM features,
present their mathematical formulations, and visu-
alize exemplars of the GLCM feature maps utilized
in this work. For clarity and completeness, the nine
specific GLCM features investigated in this study are:
GLCM ASM, GLCM Contrast, GLCM Dissimilarity,
GLCM Energy, GLCM Entropy, GLCM Homogene-
ity, GLCM Correlation, GLCM Mean, and GLCM
Standard Deviation. These features were selected to
provide a broad spectrum of texture descriptors, en-
compassing measures that range from local variations

to those reflecting uniformity and randomness.

3.3 The CNN model

The CNN model utilised in this research comprises
several convolutional layers followed by pooling and
fully connected layers, as illustrated in Fig. 5. Details
of the CNN structure follow,
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Fig.5: CNN structure in this work.

The use of a foundational, scratch-built CNN was a
deliberate methodological choice, serving as a neutral
and consistent classifier that avoids bias from com-
plex, pre-learned features of models like ResNet or Ef-
ficientNet. This design ensures a fair comparison and
accurately isolates the intrinsic discriminatory power
of each GLCM feature relative to the raw image base-
line, thereby addressing the primary objective of this
study.

We specifically chose convolutional layers for their
efficacy in image classification tasks, as they adeptly
extract and learn hierarchical features from input
images. The architecture of the CNN model opti-
mises the extraction of relevant image features to
achieve high classification accuracy. Pooling layers
and Dropout are utilized to reduce the model’s com-
plexity and mitigate overfitting. And the model will
learn information using a Dense layer. The summary
of the CNN structure and trainable parameters has
been recorded in Table 5

Table 5: Summary of the CNN model in this work.

Layer (type) Output Shape Trainable Params
Conv2D (None, 348, 348, 32) 896
MaxPooling2D | (None, 174, 174, 32) 0
Conv2D (None, 172, 172, 64) 18,496
MaxPooling2D | (None, 86, 86, 64) 0
Conv2D (None, 84, 84, 128) 73,856
MaxPooling2D | (None, 42, 42, 128) 0
Flatten (None, 225792) 0
Dense (None, 512) 115,606,016
Dropout (None, 512) 0
Dense (None,1) 115,669,777

The total number of trainable parameters is
115,699,777. The model was trained using the Adam
optimization algorithm and the binary cross-entropy
loss function. We used a batch size of 32 and trained
each model for 20 epochs, evaluated using a ten-
fold cross-validation strategy. To provide complete
transparency, the training parameters and environ-
ment are specified as follows: The Adam optimiza-
tion algorithm was configured with a learning rate of
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1 x 107%. The Rectified Linear Unit (ReLU) acti-
vation function was consistently employed across all
convolutional layers and the first dense layer to intro-
duce non-linearity. The final dense output layer, con-
versely, utilized the Sigmoid activation function for
binary classification. The hardware used for training
was an NVIDIA GeForce RTX 3070 GPU and 32 GB
of RAM, resulting in an average training time of ap-
proximately 4 minutes per epoch. The training and
testing data split for each fold is illustrated in Fig. 6.

<*+— 14,544 features —» [Jtesting set
split 1 [ ] [training set
split2 [T ]
split 3 | =1 ]

[ ] iterate ten times

split 4

split 10 |

Fig.6: Ten-fold cross-validation.

Following data augmentation, the total number of
images in the dataset, encompassing both ALL and
HEM labels, is 14,544. The dataset is balanced, com-
prising 7,272 images for the ALL class and an equal
number for the HEM class. We then applied ten-
fold cross-validation to evaluate the CNN model rig-
orously. The process starts with shuffling the images
in the dataset. Subsequently, the dataset was parti-
tioned into ten folds. Each fold was used iteratively
as the validation set, while the remaining nine folds
comprised the training set.

3.4 Performance measurements

We evaluated the performance of the proposed
model using the following metrics: accuracy, preci-
sion, recall, and the F1l-score. The mathematical def-
initions of these evaluation metrics are presented in

Table 6.

Table 6: Performance measurements.

Parameters Mathematical representation
Accurac Accuracy = Tp+ Ty
Y Y To Tyt Fpt Fy
Precision Precision = —2——
T% + Fp
Recall Recall = L
T Pk Recall
F'1 score Flscore = x rcic%swn x freca
Precision + Recall

where Tp, T, Fp, and Fy are true positive, true neg-
ative, false positive, and false negative, respectively.

4. RESULTS AND DISCUSSION

We examined the performance of each feature us-
ing ten-fold cross-validation. The average result for
each feature is recorded in Table 7. The best accuracy
is GLCM Dissimilarity.

Table 7: Results.

Feature Accuracy | Precision | Recall | Fl-score
Image 0.9053 0.8958 0.9054 | 0.9052
ASM 0.9098 0.9241 0.9097 | 0.9097
Contrast 0.9355 0.9605 0.9354 | 0.9354
Dissimilarity 0.9437 0.9525 0.9440 | 0.9437
Energy 0.8440 0.8581 0.8391 | 0.8079
Entropy 0.9384 0.9567 0.9386 | 0.9383
Homogeneity 0.8322 0.8499 0.8318 | 0.7986
Correlation 0.8486 0.8684 0.8461 | 0.8135
Mean 0.9357 0.9523 0.9357 | 0.9356
Standard 0.9313 0.9241 0.9097 | 0.9097

As shown in Table 7, GLCM Dissimilarity demon-
strated superior overall performance across all key
metrics. GLCM Dissimilarity demonstrated the high-
est performance among all tested features, achiev-
ing peak accuracy (94.37%), Fl-score (0.9437), and
Recall (0.9440). While GLCM Entropy recorded a
slightly higher precision, the robust and balanced
performance of GLCM Dissimilarity in the critical
metrics of Accuracy and Fl-score establishes it as
the most effective single GLCM feature for this diag-
nostic task. This high Fl-score specifically confirms
the model’s balanced capability to accurately identify
both positive (ALL) and negative (HEM) cases.

The analysis showed that six specific GLCM fea-
tures (Dissimilarity, Entropy, Mean, Contrast, Stan-
dard Deviation, and ASM) achieved higher classifi-
cation accuracy than the raw color image input. In
the context of clinical diagnosis, the metrics in Ta-
ble 7 have direct implications for patient care. The
primary goal of an automated leukemia detection sys-
tem is to maximize Recall, as this minimizes the False
Negative Rate (FNR), thereby reducing the likelihood
of missing an actual ALL case. GLCM Dissimilarity,
with the highest Recall of 0.9440, is most effective
at reducing the risk of missing a positive diagnosis.
Conversely, Precision helps control the False Positive
Rate (FP), minimizing unnecessary follow-up proce-
dures.

The clinical application of these findings is to
integrate GLCM Dissimilarity-enhanced CNN mod-
els into a practical diagnostic workflow as a high-
throughput, objective screening tool. This capabil-
ity would enable pathologists to rapidly filter high-
confidence negative (HEM) cases and flag high-risk
(ALL) cases, thereby reducing diagnostic fatigue, im-
proving laboratory efficiency, and providing a robust,
quantifiable second opinion to support a faster and
more reliable diagnosis. Fig. 7 presents a plot of the
accuracy results from all experiments. The boxplot
on the x-axis illustrates the variation in model ac-
curacy across the multiple cross-validation folds for
each specific feature. We acknowledge that a limita-
tion of this study is the exclusive use of the C-NMC
2019 dataset. While this is a high-quality, widely
accepted benchmark, the results reflect performance
optimized for this dataset’s specific characteristics,
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such as single-cell images, pre-segmentation, and con-
sistent image sizing. Therefore, the generalization of
these exact performance metrics to other morphologi-
cally distinct datasets, such as ALL-IDB1 or Raabin-
WBC, is not guaranteed.

We mitigated potential overfitting by employing
extensive image augmentation to balance the classes,
complemented by a rigorous ten-fold cross-validation
strategy. The consistently high and stable valida-
tion accuracy curves for the top-performing GLCM
features (Figure 9) further suggest that the model
exhibits strong generalization capabilities on unseen
data from the same source. For future work, cross-
dataset validation, such as testing the GLCM Dissim-
ilarity feature on the ALL-IDB2 dataset, is a neces-
sary step to validate its generalizability as the most
robust texture feature for ALL detection.
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Fig.7: The accuracy of GLCM features and colour
image.

From Fig. 7, the overall accuracy of all features
is above 90%. The results for the top-performing
features—Entropy, Contrast, Dissimilarity, Standard
Deviation, Mean, and ASM-—exhibit high consis-
tency, thereby demonstrating the model’s reliable
performance when these features are employed.

For more information, we inspected the training
history of the six best performing features to assess
the learning ability of the network, as plotted in Fig.
8. The vertical axis of this graph represents the bi-
nary cross-entropy loss. The rate of loss decreases
and the minimum achieved loss value are direct in-
dicators of the CNN’s learning efficiency. From this
graph, the training loss of these top GLCM features
decreases faster than that of the raw image feature.
This trend indicates the model is effectively learning
from the training data, as evidenced by the consistent
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Fig.8: Training loss of GLCM features.

decrease in training loss. Specifically, GLCM Dissim-
ilarity and GLCM Entropy show the fastest conver-
gence and achieve the lowest final loss, confirming
that the distinctive textural information is highly ef-
fective at guiding the CNN training process.

Fig. 9 presents the validation accuracy for the six
best-performing GLCM features and the raw image
baseline. The vertical axis represents the validation
accuracy, a metric that measures the model’s gen-
eralization performance on unseen data. Higher and
more stable final values indicate a more robust model.
As depicted in the graph, the GLCM features consis-
tently yield a higher validation accuracy than the raw
image baseline.
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Fig.9: Validation accuracy of the experiments.

This graph confirms that utilizing GLCM features
as inputs yields a more robust and accurate model.
Specifically, GLCM Entropy and GLCM Dissimilarity
achieve the highest validation accuracy, with GLCM
Dissimilarity providing the best balance of stabil-
ity and performance. The models utilizing GLCM
features exhibit superior generalization capabilities,
achieving higher and more stable validation accuracy
compared to the model trained solely on raw images.
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This strong performance suggests the model does not
overfit significantly to the training data. Further-
more, the model converges relatively quickly, typi-
cally within 10 epochs.

5. CONCLUSION

In this work, we systematically studied the perfor-
mance of GLCM features when applied to ALL clas-
sification. Our primary objective was to determine
which specific GLCM features are most effective in
this diagnostic field, thereby providing an evidence-
based reference for feature selection. To achieve this,
we utilized a foundational CNN model. We also es-
tablished a performance baseline by evaluating the
raw color image as a reference point.

Our experiments revealed that GLCM Dissimilar-
ity significantly outperformed all other GLCM fea-
tures in enhancing classification accuracy. This su-
perior performance was followed by GLCM Entropy,
GLCM Mean, GLCM Contrast, GLCM Standard De-
viation, and GLCM ASM, respectively. All six of
these top-performing GLCM features yielded higher
accuracy than the raw color image baseline, which
achieved an accuracy of 90.53%. This finding demon-
strates that well-chosen textural features provide dis-
criminative information that effectively complements
the raw pixel data. Conversely, several other GLCM
features assessed performed less effectively than the
raw color image, underscoring the critical impor-
tance of careful feature choice. The models trained
with these six best-performing GLCM features con-
sistently demonstrated high accuracy and low loss,
exhibiting minimal variability across evaluations. In
contrast, GLCM Homogeneity performed the worst
among the assessed features, yielding the lowest ac-
curacy and highest loss.

These findings highlight that integrating specific,
empirically chosen GLCM features can substantially
improve the performance of CNN-based models for
ALL classification. The superior performance of
GLCM Dissimilarity is particularly noteworthy; as
a measure of local intensity variation, its effective-
ness suggests that the textural differences between
healthy and cancerous cells are a decisive discrim-
inating factor. This result provides a key clini-
cal insight: the subtle yet critical changes in tis-
sue texture—specifically the degree of local intensity
change—are more effectively captured by Dissimilar-
ity than by metrics of uniformity or energy. This in-
sight helps focus future feature engineering efforts to-
ward capturing optimal pathological variations. This
approach offers a robust method for leveraging tex-
tural information to enhance diagnostic accuracy in
medical imaging applications.

A potential next step for future work, building
upon the identification of GLCM Dissimilarity as the
most potent single feature, would be a comprehensive
ablation study. Future work could investigate the fu-

sion of multiple top-performing features (e.g., GLCM
Dissimilarity and GLCM Entropy) or the concatena-
tion of the best GLCM feature with the raw image
data to potentially maximize classification accuracy.
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