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Abstract: Leukemia, particularly acute lymphoblastic leukemia (ALL), is one of the most prevalent and fatal blood cancers, with more
than 460,000 new cases and over 300,000 related deaths reported globally in 2021. Despite advances in deep learning, conventional
convolutional neural network models applied to blood cell cancer classification often deliver suboptimal performance, with reported
accuracies frequently below 90%. These limitations are due to difficulty in capturing subtle morphological variations, high similarity
among malignant subtypes, and problems like class imbalance and noise in peripheral blood smear images. To overcome these difficulties,
this study proposes a VGG16-based multiscale feature fusion (MFF) model that fuses the shallow and deep feature maps from different
convolution blocks of the VGG16 backbone. Before classification, these feature maps are spatially aligned and concatenated into a
single multiscale representation at a consistent resolution. The model was tested on the Blood Cell Cancer (ALL) dataset, which
includes 3242 peripheral blood smear images that are classified into four categories: benign, malignant early Pre-B, malignant Pre-B, and
malignant Pro-B. The experimental results showed that the proposed VGG16-MFF obtained 99.69% accuracy, precision, recall, and
F1-score, which significantly outperformed baseline architectures such as ResNet50 (50.00%), ResNet101 (76.85%), VGG16 (88.27%),
and VGG19 (87.34%). These results support the effectiveness of MFF in improving classification robustness, and future work may

consider its extension to larger and more varied medical imaging datasets.
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1. Introduction

Blood cancers, particularly forms such as leukemia, remain a
major global health concern despite recent advancements in treat-
ment strategies. It still accounts for a major proportion of the
world’s morbidity and mortality. This highlights the need for bet-
ter and reliable diagnostic approaches. Leukemia ranked 13th in
cancer incidence worldwide in 2021 and 10th in cancer-related
mortality, with more than 461,000 new cases and a mortality rate
of 3.89 per 100,000 persons [1]. While age-standardized rates have
decreased, absolute case numbers are increasing due to population
growth and ageing [2].

By 2050, over 519,000 leukemia cases are expected to occur
worldwide, with the steepest growth expected in low- and middle-
socio-demographic index (SDI) regions where healthcare resources
remain scarce [2]. The elderly and areas with less robust health
systems bear the brunt of this load [3].

Acute lymphoblastic leukemia (ALL) is the most common
malignancy in children worldwide [4]. Despite advancements in
treatment, 67,008 new cases of pediatric ALL were reported in
2020, indicating a continued worldwide health concern. Differen-
tial access to resources for diagnosis and treatment is shown by
regional variations in incidence and mortality rates. For instance,

*Corresponding author: Simeon Yuda Prasetyo, Computer Science
Department, Bina Nusantara University, Indonesia. Email: simeon.
prasetyo@binus.ac.id

leukemia-related mortality is still much greater in low-SDI nations
than in high-income areas [3].

Furthermore, compared to women, men are dispropor-
tionately impacted, with increased incidence, mortality, and
disability-adjusted life years [1]. Additionally, projections indicate
that by 2030, there will be more than 720,000 new instances of
leukemia worldwide and about 367,000 fatalities associated with
the disease [5]. Notably, the most prevalent subtypes in adults are
still acute myeloid leukemia and chronic lymphocytic leukemia,
with regional differences in subtype frequency, even if ALL is
more common in children [6].

In addition to incidence, leukemia represents a major eco-
nomic and social burden, especially in low-resource settings with
limited diagnostic and treatment infrastructure. The outcomes for
adolescents and young adults with ALL are particularly poor
in countries with limited access to healthcare and low health
expenditure per capita [7].

Several recent studies on convolutional neural network
(CNN)-based methods for classifying blood cancer, especially
leukemia, have been done; however, most of them report sub-
optimal performance with accuracies below 90%, which suggests
that better architectures are needed. For instance, Ahad et al.
[8] employed a VGG19-based CNN with transfer learning and
obtained an accuracy of only 72.29%, indicating the difficulties of
traditional feature fusion in blood cancer detection.

Similarly, Hidayat et al. (2023) used a hybrid CNN-XGBoost
method for leukemia detection, where the base CNN model
achieved 85.32%, and after optimization, it improved slightly to

© The Author(s) 2026. Published by BON VIEW PUBLISHING PTE. LTD. This is an open access article under the CC BY License (https://creativecommons.org/

licenses/by/4.0/).

01


https://doi.org/10.47852/bonviewAIA62027495
https://orcid.org/0000-0002-6077-4003
mailto:simeon.prasetyo@binus.ac.id
mailto:simeon.prasetyo@binus.ac.id
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Artificial Intelligence and Applications Vol. 00

Iss. 00 2026

85.43% [9]. Pooja and Megha [10] have tested a CNN for clas-
sification of ALL and multiple myeloma (MM) using images of
bone marrow cells. The model could reach an accuracy of 85-88%
depending on the type of cancer.

Another work uses deep CNNs with feature selection tech-
niques for multiclass leukemia classification by Rahman et al. [11].
Their initial CNN model achieved less than 90% accuracy before
optimization, indicating the challenge of distinguishing leukemia
subtypes without sophisticated feature engineering. Likewise,
Shourie et al. [12] proposed CNN-based classification models
for blood subtypes. They found that the multiclass accuracy was
below 90% due to class imbalance problems.

Another work by Imane et al. [13] proposed a CNN for
early-stage leukemia diagnosis using white blood cell images. Their
model, while promising, also failed to surpass the 90% accuracy
mark, underscoring the challenge of early detection using raw
image data alone. Additionally, Claro et al. [14] found that even
with ensemble and multilevel CNN configurations on a 4-class
leukemia dataset, the model only achieved 94.73% and 94.59%—
better but still problematic when scaled down to less-augmented
datasets.

More recently, Hamdi et al. [15] have proposed a hierarchical
CNN for the classification of leukemia subtypes more recently.
Their model had an accuracy of about 90%, but this deteriorates
when applied to real-world data because of noise and morpho-
logical overlaps in leukemic cells. Finally, Al-Bashir et al. [16]
tested various CNN models (AlexNet, DenseNet, ResNet, and
VGG16) on different leukemia datasets and found that the test
accuracy was usually less than 90% in multiclass classification
tasks, whereas the validation accuracy was as high as 94%.

The limitations of conventional CNN-based models in
blood cancer classification, particularly their inability to cap-
ture fine-grained morphological distinctions, have been effectively
addressed by MFFE. This approach allows the network to cap-
ture local details and global contextual information at the same
time by pooling features from multiple spatial resolutions. This
can greatly improve the efficiency and robustness of classification
in challenging biomedical applications such as leukemia detection
particularly for visually indistinguishable subtypes.

The superiority of multiscale fusion models has been recently
demonstrated in many domains. Gao et al. [17] proposed a dual-
branch MFF network with attention mechanisms and obtained
better performance than existing methods for hyperspectral image
classification. In the same way, Yang et al. [I8] proposed
the Enhanced Multiscale Feature Fusion Network, which has
dilated convolution and parallel paths to capture spatial-spectral
features better, and achieved consistently higher classification
accuracy.

Other works have further emphasized the value of combin-
ing multiscale fusion with attention mechanisms. Qing et al. [19]
developed a 3D self-attention multiscale network that enhanced
long-range contextual learning in hyperspectral classification
tasks. In the medical imaging domain, Gao et al. [20] applied
dual-attention multiscale fusion to retinal vessel segmentation
and achieved classification accuracies above 97%, while Wang
et al. [21] combined DenseNet-121 and VGGI16 in a multi-
scale framework for skin lesion classification, reaching over 91%
accuracy.

Pan et al. [22] used cross-scale attention mechanisms in a
multiscale fusion model and measured improvements over base-
line methods in hyperspectral classification, providing additional
support. Likewise, Liu et al. [23] introduced a multiscale feature
interactive network that achieved state-of-the-art performance in
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multi-focus image fusion through coordinate attention and layer-
wise integration of multiscale features. Together, these findings
provide strong empirical support for adopting MFF in deep
learning models for blood cancer detection using cell image
data.

Hence, this paper introduces a VGG16-based MFF model
to enhance the blood cell cancer classification performance. Dif-
ferent from traditional multiscale fusion methods that usually
adopt complex attention mechanisms or computationally expen-
sive architectures, the proposed method uses a lightweight fusion
method by selectively fusing the feature maps of block3_conv3,
block4_conv3, and block5_conv3 of VGG16. This design is cus-
tomized to maintain fine-grained morphological details while
sustaining high-level semantic representation, which is essential
for distinguishing visually similar ALL subtypes. Furthermore,
the use of channel-wise concatenation enables the model to
retain complementary information across feature levels without
introducing significant computational overhead.

2. Research Methodology

This section outlines the research methods utilized in this
paper, including the evaluation measures used to gauge model
performance, the dataset used, the underlying deep learning
architectures, and the suggested MFF strategy.

2.1. Dataset

The Kaggle Blood Cell Cancer (ALL) dataset, which was
created for the purpose of detecting ALL, was used in this inves-
tigation [24]. In this study, 3242 peripheral blood smear (PBS)
pictures from 89 individuals were acquired at the bone marrow
laboratory of Taleqani Hospital in Tehran, Iran. Expert labora-
tory personnel processed and dyed blood samples, and experts
used flow cytometry analysis to confirm the ground truth labels.
All images were acquired with a Zeiss microscope camera at 100x
magnification and stored in JPG format.

The dataset is classified as Malignant—Early Pre-B
(979 photos), Malignant—Pre-B (955 photos), Malignant—Pro-B
(796 photos), and Benign (512 photos). The hierarchical struc-
ture allows for both binary (benign vs malignant) and multi-class
classification over the three malignant subtypes. The diversity
of malignant lymphoblast subtypes in this dataset is well suited
for evaluating the robustness of deep learning models for ALL
diagnosis. Figure 1 shows an example of images from the
dataset.

2.2. VGG16 as feature extraction backbone

VGG16 is a deep CNN architecture composed of sequential
3 % 3 convolutional layers and max-pooling operations, enabling
hierarchical feature learning from low-level edges to high-level
semantic representations. As a CNN-based model, VGG16 per-
forms feature extraction through convolution operations, where
an input image / is convolved with a kernel K as:

(I x K)x, y) = 3 5 00m, m) - KGe = my y =) (1)

This operation allows the network to capture localized spatial
patterns that are critical in medical image analysis [25, 26].

The PBS images have very small inter-class variations regard-
ing nucleus shape, chromatin texture, cytoplasmic granularity,
and nucleus-to-cytoplasm ratio when compared to natural image



Artificial Intelligence and Applications Vol. 00

Iss. 00 2026

Figure 1
Sample images from the Blood Cell Cancer (ALL) dataset
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classification tasks. Such fine-grained morphological cues are
often localized and thus difficult to capture using coarse or
overly abstract feature representations. The stacked convolutional
structure of VGG16 is particularly apt for blood cell cancer clas-
sification as it can progressively abstract these morphological
elements in hierarchical layers.

Low-level edges and texture patterns, which are crucial for
determining cytoplasmic borders and granularity, are detected by
shallow convolutional layers. Intermediate layers capture struc-
tural details like chromatin condensation, cell shape deformities,
and nuclear contour asymmetries, which are important mor-
phological markers in differentiating leukemic subtypes. This
hierarchical feature learning method is well suited for the mor-
phological features observed in the images of ALL cells, where
discriminative visual differences are small but clinically relevant.

In several medical imaging studies, it has shown a good
generalization capacity, achieving a good accuracy in tasks such
as bone anomaly recognition, retinal illness categorization, and
brain tumor detection [27-30]. These results suggest that VGG16
is capable of learning complex biomedical features relevant for
diagnostic purposes. In addition, its constant structure and the
dense hierarchical feature extraction make it a stable backbone for
further improvement with advanced feature integration strategies.

During training, the VGG16 backbone is optimized using
categorical cross-entropy loss, which is defined as:

N C
Ly,p= - Z Z Yij log(j,l_]_) (2)

i=1 j=1

where y;; is the true label indicator, J, i is the predicted probability,
N is the number of samples, and C is the number of classes. The
weight update rule is expressed as:

AL(W,)
aw,

Wi =W, —n (3)
where W, denotes the weights at iteration ¢, and 7 the learn-
ing rate. This optimization process enables VGG models to adapt
effectively and improves their diagnostic accuracy in medical
image classification tasks [31].
Furthermore, there are studies that have explored optimiz-
ing VGGI16 for real-time and resource-efficient deployment. In

field-programmable gate array (FPGA) implementations, accu-
racy was comparable, but inference time was greatly reduced
by using quantization and compression, showing the suitability
of VGGI16 for edge computing environments [32]. The results
demonstrate the trade-off of VGG16 between architectural sim-
plicity and performance, making it a good basis for further
improvements such as MFF.

2.3. Multiscale feature fusion

MFF is a popular technique in deep learning models to
boost the performance of picture classification, in which the data
extracted at multiple spatial resolutions are fused together. The
MFF fuses the information from the different convolutional lay-
ers, which enables the model to simultaneously learn the global
contextual patterns and the fine-grained local structures. In this
way, it becomes easier to describe items that change their size,
shape, or position from picture to picture. Liu et al. [33] claim that
adding multiscale characteristics can greatly increase classification
accuracy because various levels of abstraction offer complement-
ing information for making decisions. Similarly, Pan et al. [22]
demonstrated that fusing shallow and deep features allows net-
works to be more robust when handling variations in object scale
and background complexity.

MFF has also been applied in lightweight architectures, prov-
ing effective even with limited data. For example, Ali et al. [34]
proposed a compact fusion network that combined low-level edge
features with high-level semantic features, improving recognition
in small-sample image datasets. These results indicate that MFF is
a practical and scalable method for improving the model accuracy
in visual tasks with complex or heterogeneous image structures
such as blood cell classification. The visualization of the MFF
process is shown in Figure 2 for better clarification of the concept.

2.4. Proposed VGG16-based multiscale feature
fusion framework

The proposed framework integrates a VGGI16 backbone
with an MFF module to enhance feature representation for
blood cell cancer classification. The main goal is to get
over the drawback of traditional CNNs’ single-scale feature
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Figure 2
General concept of multiscale feature fusion
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extraction, which frequently misses the subtle and hierarchi-
cal morphological differences across seemingly similar ALL
subtypes. By merging shallow, intermediate, and deep feature
maps, the proposed design aims to preserve fine-grained struc-
tural details while simultaneously leveraging high-level semantic
information.

Let the input blood cell image be denoted as 7 €
where H, W, and 3 represent the height, width, and RGB channels,
respectively. The image is first processed through the convolutional
blocks of the VGG16 backbone:

RHX Wx3

F = ¢ (D), k €{1,2,3,4,5} 4

where ¢;(-) denotes the operation of the k-th convolutional block
in VGGI16, consisting of stacked 3 X 3 convolution layers with
ReLU activation followed by a 2 X 2 max-pooling layer.

2.4.1. Feature-level extraction from VGGI6 blocks
To enable multiscale representation, feature maps are
extracted from three different depths of the VGG16 network:

F3 = ¢3(D), Fy = ¢4(D), F's = ¢s(D) (5)

corresponding to block3_conv3, block4_conv3, and block5_conv3,
respectively.

These layers are deliberately selected to capture hierarchical
morphological information:

1) Shallow features (F5)

F3 retains relatively high spatial resolution and captures
low-level visual cues such as cytoplasmic granularity, cell bound-
ary sharpness, and fine texture variations. These features are
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critical for identifying subtle differences in cytoplasmic appear-
ance between benign cells and malignant lymphoblasts.

2) Intermediate features (Fy)

F, encodes mid-level structural information, including
nucleus contour irregularity, chromatin condensation patterns,
and nucleus-to-cytoplasm ratio. These morphological parame-
ters are of great value to discriminate among ALL subtypes,
particularly in differentiating Early Pre-B, Pre-B, and Pro-B
lymphoblasts.

3) Deep features (F's)

F5 represents high-level semantic abstractions related to cell
subtype identity and malignancy patterns. While these features are
effective in capturing class-level characteristics, they often lack fine
spatial detail when used alone.

By explicitly extracting features from these three levels, the
proposed framework preserves both local morphological detail
and global semantic context, which is essential for accurate blood
cell cancer classification.

2.4.2. Spatial alignment and upsampling

Due to the pooling operations in VGG16, the spatial resolu-
tions of F3, F,, and F5 are different. To enable effective fusion, all
feature maps are spatially aligned to a common resolution. Let the
target resolution be that of F3, that is, H3 X W3. An upsampling
operator Uy(-)based on bilinear interpolation is applied:

Fy = Uy(Fy), Fs = Uy(Fs) (6)
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where the scaling factors 2 and 4 correspond to the relative
downsampling ratios introduced by max-pooling layers. Bilinear
interpolation is defined as:

1

1
F(x,y) = Z Z wiiF (X)) )
=0

i=0 j

where w;; are the interpolation weights and (x;,y;) are the
neighboring pixel coordinates. This operation ensures that all fea-
ture maps share identical spatial dimensions, enabling pixel-wise
correspondence across feature levels.

2.4.3. Multiscale feature fusion strategy
Once spatially aligned, the feature maps are fused through
channel-wise concatenation:

Fﬁ/sion = Concat(F3, ?4’ ?5) (8
resulting in a multiscale representation:

F fusion € RHXW3x(C3+C4+Cs) ©)

where C3, C4, and Cs denote the number of channels in F3, Fy,
and F’s, respectively.

Concatenation is deliberately chosen instead of summation
to preserve the complementary nature of features across different
scales without enforcing feature-level alignment. This allows the
model to learn optimal combinations of local texture, structural
morphology, and semantic cues during subsequent training.

2.4.4. Global feature aggregation and classification
The fused feature map F g, is then passed through a
Global Average Pooling (GAP) layer:

Hy W3

Z Fﬁ)xion (X, y) (10)
y=1

1
F, 8ap Hy W, ;1
This operation reduces spatial dimensionality, mitigates
overfitting, and enforces spatial invariance while retaining
discriminative information.
Finally, a fully connected layer followed by a softmax
activation function is applied to obtain class probabilities:

$ = Softmax (WFy,, + b) (11)

where W and b represent the learnable weights and bias
parameters.

The output j corresponds to the probability distribution over
the four classes: benign, malignant Early Pre-B, malignant Pre-B,
and malignant Pro-B.

2.4.5. Design rationale and clinical interpretation

The design of the proposed VGG16-MFF framework is
motivated by the hierarchical nature of morphological features in
blood cell images. ALL subtypes often exhibit extremely subtle
visual differences, which may manifest at different spatial scales.
Shallow features capture cytoplasmic texture and edge patterns,
intermediate features encode nucleus structure and chromatin
organization, and deep features provide semantic abstraction of
malignancy.

The proposed model integrates these three feature levels,
allowing it to simultaneously attend to fine-grained cellular
details and high-level diagnostic patterns. Such a multiscale

representation is particularly useful in the context of ALL clas-
sification, where subtle morphological cues can be missed and
lead to misclassification. Hence, the fusion strategy enhances the
discriminative ability without too much architectural complexity.

The overall architecture of the proposed VGG16-MFF
model is summarized in Figure 3.

2.5. Performance evaluation

We often use a confusion matrix to evaluate the classifica-
tion models. A confusion matrix is just an easy way to see the
results of a prediction. It provides a straightforward way to evalu-
ate how well a model performs by breaking down the predictions
into true positives, false positives, true negatives, and false nega-
tives for each class. This matrix can be used to calculate a number
of commonly used metrics including accuracy, precision, recall,
and Fl-score. Accuracy = correct predictions total predictions.
Recall measures how well the model finds all relevant positive
cases. Precision measures how precise the positive predictions are.
In situations where the distribution of classes is uneven, or where
it is important to minimize both false positives and false negatives,
the F1-score offers a balance between precision and recall [35, 36].

These metrics are widely adopted in evaluating the perfor-
mance of deep learning models across various image classification
tasks. They offer complementary viewpoints on the accuracy,
completeness, and balance of the model’s performance. For exam-
ple, a model may have high accuracy but low precision or recall,
which may indicate poor class-level performance or bias. So,
relying on one statistic may be misleading, especially when deal-
ing with multiclass or imbalanced datasets. As pointed out by
Kaushik and Khurana [37], a complete evaluation using all four
metrics ensures that the model is not only accurate on average but
also consistent across all prediction categories. This comprehen-
sive evaluation framework enables a more reliable comparison of
model performance and guides future model enhancements.

3. Results and Discussion

The experiments were conducted on Google Colab using
Python 3 runtime with NVIDIA A100 GPU acceleration. The
dataset was randomly split into training, validation, and testing
sets at a stratified ratio of 80:10:10 to preserve the class distri-
bution. All models are trained for 10 epochs with a batch size
of 16 and an input resolution of 224 x 224 x 3. To make a fair
comparison, the same preprocessing and training protocols were
used for all architectures. In this section, we evaluate the effective-
ness of the proposed multiscale features fusion design via baseline
comparison and structured ablation analysis as shown in Table 1.

From Table 1, several important observations can be drawn.
Deep residual learning is less successful in capturing fine-grained
cellular morphology in blood cell cancer photos, as evidenced by
ResNet50’s lowest accuracy of 50.00%. Even though ResNet101
performs better (76.85%), it still performs worse than simple
convolutional backbones, indicating that very deep residual struc-
tures might not be the best option for simulating minute cellular
patterns.

However, VGG16 and VGG19 give a better performance
with 88.27% and 87.34% accuracies, respectively. This indicates
that uniform convolutional architectures are more suitable for
microscopic medical images, where subtle texture and shape
variations play a dominant role in the classification process.

The state of the art in modern design principles inspired
by transformer architecture is ConvNeXt Tiny with an
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Figure 3

Proposed architecture of VGG16-based multiscale feature fusion
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accuracy of 84.26%, which is worse than VGG16. This implies
that transformer-inspired convolutional designs do not necessar-
ily guarantee better performance on small-scale medical datasets
with relatively homogeneous visual patterns.

The ablation study further highlights the importance of
deep and mid-level feature integration. Using only Deep fea-
tures (VGGI16 + F5) already provides a substantial performance
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gain (99.38%), demonstrating the strong semantic representation
capability of high-level layers. When mid-level features are incor-
porated (VGGI16 + F4 + F5), the accuracy further improves to
99.69%, indicating that intermediate texture information comple-
ments deep semantic cues. Finally, the proposed VGG16-MFF
model integrating shallow, mid-level, and deep features (F3 +
F4 + F5) achieves the best overall performance, confirming the
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Table 1
Performance comparison of baseline models and proposed method

Model Accuracy (%) Precision (%) Recall (%) Fl-score (%) Time (ms/step)
ResNet50 50.00 70.95 50.00 41.54 300
ResNet101 76.85 83.73 76.85 77.18 424
VGGI16 88.27 90.35 88.27 88.72 175
VGG19 87.34 86.47 87.34 86.67 182
ConvNeXT Tiny 84.26 85.11 84.25 83.79 410
VGGI16 + F; 99.38 99.39 99.38 99.38 289
VGGI16 + F, + F5 99.69 99.69 99.69 99.69 276
Proposed model/VGG16-MFF 99.69 99.69 99.69 99.69 191

(F; +F, +F5)

effectiveness of MFF across hierarchical feature levels. An abla-
tion study has therefore been conducted to evaluate the contri-
bution of each feature level. It should be noted that the current
ablation focuses on feature-level contribution rather than compar-
ing different fusion strategies, which remains a direction for future
work.

Crucially, this performance gain is attained at a rela-
tively efficient computational cost of 191 ms/step, which is
only slightly higher than the baseline VGG16 (175 ms/step).
This efficiency is achieved because the proposed MFF module
relies on channel-wise concatenation, which introduces minimal
computational overhead compared to attention-based or multi-
branch fusion mechanisms. In addition, the model does not
significantly increase network depth. All experiments were con-
ducted using an NVIDIA A100 GPU with a batch size of 16,
contributing to stable and efficient training performance.

The training history is depicted in Figure 4, showing the
learning curves for accuracy and loss.

The picture illustrates how accuracy converged to almost
100% while training and validation loss dropped quickly over
the first few epochs and stabilized at values close to zero. The
close alignment of training and validation curves indicates strong
generalization and the absence of overfitting. This behavior con-
trasts with the baseline ResNet architectures, which exhibited

slower convergence and a wider gap between training and valida-
tion performance. The proposed model thus demonstrates faster
convergence and better stability during training.

The detailed classification performance per class is summa-
rized in Table 2, while the corresponding confusion matrix is
shown in Figure 5.

The proposed model is robust as shown in the confusion
matrix and classification report. All malignant subtypes were clas-
sified with precision, recall, and Fl-scores of 1.000. The only
misclassification was in the benign class with a recall of 0.981,
where one sample was classified as malignant. This type of error
is safer clinically than missing malignant cases, but it is not ideal.
The confusion matrix demonstrates the excellent sensitivity of the
model in identifying malignant cells by verifying that nearly all
samples were positioned appropriately.

In general, the results show that the integration of MFF
in the VGGI16 backbone can achieve significant improvement
in classification accuracy while keeping computational economy.
The combination of shallow and deep features provides com-
plementary information that improves the model’s discriminative
capability, and hence, the model performs better than basic VGG
and ResNet models. The results show the capability of the pre-
sented method to perform accurate medical image classification
and its potential application in diagnostic support systems.

Figure 4
Training and validation accuracy and loss curves of the proposed VGG16-MFF model
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Table 2
Classification report of the proposed VGG16-MFF model
Class Precision Recall Fl-score Support
Benign 1.000 0.981 0.990 52
[Malignant] Pre-B 1.000 1.000 1.000 95
[Malignant] Pro-B 1.000 1.000 1.000 79
[Malignant] early Pre-B 0.989 1.000 0.995 98
Overall accuracy 0.997 324

Figure 5
Confusion matrix of the proposed VGG16-MFF model
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Table 3 is the summary of previous research for leukemia
and blood cell cancer classification with CNN. As shown, most
of the prior studies report lower accuracies than 95%, especially
in multiclass settings, underlining the still ongoing challenge of

distinguishing visually identical leukemic subtypes. These results
suggest that conventional single-scale CNN representations are
sometimes not able to accommodate small morphological varia-
tions. Ahad et al. [8] applied transfer learning with VGG19 and
achieved only 72.29% accuracy, underscoring the limitations of
conventional feature fusion. Similarly, Hidayat et al. [9] reported
a baseline CNN accuracy of 85.32% that only slightly improved
to 85.43% after incorporating XGBoost, demonstrating marginal
gains despite hybridization. Other CNN-based works, such as
those by Pooja et al. [10] and Rahman et al. [11], achieved accu-
racies between 85% and 88%, or below 90% in multiclass settings,
highlighting the persistent difficulty of separating visually similar
leukemia subtypes. Shourie et al. [12] added that the issue was
made worse by class imbalance, which kept total performance
below 90%.

Even more advanced strategies, including Imane et al. [13]
for early-stage leukemia, Claro et al. [14] with ensemble CNNS,
and Hamdi et al. [15] with hierarchical CNNs, produced improved
but still imperfect outcomes, generally ranging from 90% to
94%. Claro et al. [14] reported accuracies of 94.73% and 94.59%
with multilevel CNNs, but the approach heavily relied on data
augmentation. Hamdi et al. [15] achieved around 90% using hier-
archical CNNs, though performance degraded in real-world noisy
datasets. Likewise, Al-Bashir et al. [16] found that several well-
known CNN models, including AlexNet, ResNet, DenseNet, and
VGG16, often produced validation accuracies near 94%, but test
accuracies commonly dropped below 90% in multiclass scenarios.

Table 3
Summary of existing studies on blood cell cancer classification

Study Dataset Model Classes Accuracy (%) Notes

Ahad et al. [8] Leukemia dataset VGGI19 (TL) Binary 72.29 Limited by transfer
learning

Hidayat et al. [9] Leukemia dataset CNN + XGBoost Binary 85.43 Marginal improvement
after optimization

Pooja and Megha [10] Bone marrow (ALL, CNN Binary 85-88 Variation by subtype

MM)

Rahman et al. [11] Multiclass leukemia Deep CNN + FS 34 <90 Subtype separation
remains difficult

Shourie et al. [12] Leukemia subtypes CNN Multi <90 Accuracy limited by
imbalance

Imane et al. [13] WBC images CNN Binary <90 Early diagnosis
challenge

Claro et al. [14] 4-class leukemia Ensemble CNN Multi 94.7 Relies on augmentation

Hamdi et al. [15] Leukemia subtypes Hierarchical CNN Multi ~90 Drops on noisy real
data

Al-Bashir et al. [16] Mixed leukemia AlexNet, ResNet, Multi ~90-94 Test acc <90 on

VGG, DenseNet

multiclass
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The proposed VGG16-MFF model demonstrated the poten-
tial of MFF for improving robustness in ALL classification on
the Blood Cell Cancer (ALL) dataset. Unlike other methods that
struggled with class imbalance, minor morphological changes, or
dependence on augmentation, the network was able to capture
both fine-grained local structures and more general contextual
data by including MFF into the VGG16 backbone. This resulted
in nearly perfect categorization between benign and malignant
subtypes, demonstrating that the proposed design is a more
reliable and long-lasting technique for blood cell cancer detection.

Although the performance is promising, this study has a lim-
itation that a single dataset from one institution with relatively
homogeneous conditions including consistent magnification and
imaging protocols was used. These conditions may limit the gen-
eralizability of the model to real-world clinical settings, where
variability in imaging devices, staining procedures, and patient
demographics is common. Future work should therefore focus on
validating the proposed approach on multi-institutional and more
diverse datasets.

4. Conclusion

In this study, we proposed a VGG16-based MFF model,
which greatly enhances the performance of blood cell cancer clas-
sification. The model consolidated shallow and deep features in a
compact multiscale representation that effectively captured mor-
phological details and semantic patterns that conventional CNNs
often fail to distinguish. The experimental results show a signif-
icant enhancement. The baseline models: ResNet50, ResNet101,
VGGI16, and VGGI19 attained 50.00%, 76.85%, 88.27%, and
87.34% accuracy, respectively, while the suggested VGG16-MFF
achieved 99.69% in terms of accuracy, precision, recall, and F1-
score. This near-perfect performance was achieved with only a
small computational overhead (191 ms/step), demonstrating that
MFF can greatly increase discriminative power without sacrificing
efficiency. Importantly, the model was able to correctly identify
all malignant subtypes and only misidentified one benign case,
demonstrating its potential to be a very reliable diagnostic tool
in a clinical setting. The results demonstrated that VGG16-MFF
is an extraordinary methodological breakthrough and can be uti-
lized as a reliable benchmark for blood cell cancer categorization
studies.

Despite promising performance, this work is limited by the
use of a single dataset collected at a single institution and under
relatively homogeneous conditions. Such limitation may restrict
the model’s generalizability to real-world clinical settings. The
model should be validated for this purpose by future studies
on larger, more diverse, and multi-institutional medical imag-
ing datasets. Additionally, future work will investigate lightweight
model optimization techniques, such as pruning, quantization,
and knowledge distillation, to enable deployment in resource-
constrained environments, including point-of-care devices. Fur-
thermore, future work will explore explainable AI techniques,
such as Grad-CAM or LIME, to enhance model interpretabil-
ity and provide visual insights into the decision-making process,
which is essential for clinical adoption.
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