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Abstract: For the quick diagnosis and effective treatment plan, peripheral blood smear images can be
used for leukemia subtype classification. We propose a Hybrid Vision Transformer and MambaVision
Network for automated classification of four major leukemia subtypes: Acute Lymphoblastic Leukemia
(ALL), Acute Myeloid Leukemia (AML), Chronic Lymphocytic Leukemia (CLL) and Chronic Myeloid
Leukemia (CML). The proposed framework first processes the input images to make the cellular features
more visible. The improved images are further passed to parallel branches: Vision Transformer (ViT) and
MambaVision to extract complementary global contextual features and efficient sequential
representation. The ViT branch then uses a cross-attention module to utilize the informative features
extracted by the MambaVision, concatenates them for feature fusion, and classifies the features using a
multilayer perceptron (MLP). The experimental results show that the proposed hybrid architecture has a
classification accuracy of 95.20% over all the four types of leukemia, while also outperforming the
individual backbone models and provides a powerful and efficient approach towards computer-aided
diagnosis of leukemia.
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Introduction

In medical image analysis field, deep learning has emerged as an effective technique for automated
disease diagnosis, including leukemia in the hematological disorders. Proper classification of leukemia
subtypes in peripheral blood smear images is very important for early diagnosis, choosing treatment and
survival of the patient. Automated classification is a challenging task, however, due to the differences in
cell morphology, staining quality, imaging conditions and high similarity among the different leukemia
subtypes. In recent years, the deep learning techniques, particularly transformer models, have
significantly raised the accuracy of feature learning and classification in leukemia diagnosis
[1,2,3,4,5,6,7,10,11].

Convolutional neural networks (CNNs), Vision Transformers (ViTs), hybrid CNN-Transformer architectures,
attention mechanisms, explainable learning frameworks, multimodal vision-language networks, and
federated learning frameworks have been proposed for leukemia classification by several studies
[5,6,12,13,14,15,16,17]. Recently, Mamba based vision architectures have shown great potential in
capturing the long-range dependencies with reduced computational complexity, which are applicable to
medical image analysis tasks [8,9,18,19,20]. While these methods have shown to be effective, most
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current methods use only a single backbone network or simple feature fusion methods, which fails to fully
utilize the complementary global contextual and sequential representations.

The proposed framework includes two parallel branches: a Vision Transformer branch and a MambaVision
branch, which is to enhance the peripheral blood smear images and process them.

Methodology

The framework uses a Hybrid Vision Transformer (ViT) and MambaVision Network for automatic
classification of peripheral blood smear images into leukemia subtypes. The experimental data is taken
from sheikhlubna/subtypes-of-leukemia-blood-cell-microscopic-image repository, which is open to the

public. There are 600 microscopic images of blood smears for each of the four leukemia subtypes (Acute
Lymphoblastic Leukemia (ALL), Acute Myeloid Leukemia (AML), Chronic Lymphocytic Leukemia (CLL) and
Chronic Myeloid Leukemia (CML)), for a total of 2,400 images. A lot of data augmentation is done to
achieve good generalization with reduced overfitting, and this involves random rotation,
horizontal/vertical flipping, zooming, translation, brightness adjustment and contrast variation. Each
augmented image from each type is 1000 images, thus a balanced set of 4,000 images is created. The data
is then split into a training set, a validation set, and a test set, and the data is used to develop the models
and to assess their performance.

First, a pre-processing step is performed to resize the images of the blood smears to a fixed resolution
and to normalise the images to remove illumination variations and to create uniformity in the features.
Assume that the input image is given by,

I ==%, (1)

where [ indicates the original image, i is the mean and o is the standard deviation. I,,is the normalized
image used as the input to the hybrid network.
The preprocessed image is concurrently sent to the two parallel feature extraction branches. The Vision
Transformer (ViT) is a vision model that uses self-attention to learn long-range dependencies and divides
the image into non-overlapping patches to capture the global contextual relations. Meanwhile, the
MambaVision backbone of the model is able to capture the sequential and spatial dependencies of the
data with the help of state-space representations, which are very efficient for extracting
features.Meanwhile, the MambaVision back bones of the model are able to capture sequential and spatial
dependency of the data using the help of state space representation which are very efficient in extracting
features without losing any global information. The extracted feature representations from both branches
are represented by,

Fyir = fvir(n), Fuamba = fuamban), (2)
where Fy;r and Fy;r correspond to the features learned by the Vision Transformer network and
MambaVision network, respectively.

To exploit the complementary information from both branches, a cross-attention module enables the ViT
features to attend to the informative representations generated by MambaVision. The refined features
are then combined together to get a combined representation,

Ffusion = Fyir © Fuambar (3)
The "@" symbol is used to denote feature concatenation. This fused feature vector is then fed into a
Multilayer Perceptron (MLP) classifier with fully connected layers and Softmax activation function, which
provides estimates of probabilities of the respective leukemia sub-types. The predicted class is given by
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A

y = arg max(Softmax(MLP(Ffysion))),

(4)

Where, y € {ALLAML,CLL,CML}. Overall classification accuracy of 95% is achieved while the proposed
hybrid architecture is capable of achieving better discrimination among leukemia subtypes, the key

advantage of Vision Transformers over the MambaVision model.
Results

The proposed model was implemented in Python 3.12, with PyTorch framework and using Google Colab

with GPU acceleration. The confusion matrix is shown in Figure 1, where most predictions are on the

diagonal, showing minimal confusion between the four leukemia types (ALL, AML, CLL, CML), with few

predictions being misclassified. The representative testing results on the proposed hybr

id framework are

shown in Figure 2, indicating that the hybrid framework can accurately classify the leukemia subtype.

_— Classification Report
precision recall f1
- acute_lymphocytic 9.9252 0.9900
X acute_myelogenous 1.0000 0.9300
chronic_lymphocytic 1.0000 9.9100
chronic_myelogenous 8.8761 9.9900
healthy_blood_cell 0.9792 0.9400
accuracy
macro avg 0.9561 0.9520
weighted avg 9.9561 0.9520

-score  support
0.9565 100
0.9637 100
0.9529 100
0.9296 100
9.9592 100
0.9520 500
9.9524 500
9.9524 500

Figure 1. Confusion Matrix and Classification Report
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Figure 2. Testing Results
Table 1. Comparative Performance Analysis with Existing Methods

Method Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)

Multi-Scale Feature Fusion [1] 91.80 91.45 91.20 91.32
LUMINA-Net [2] 92.65 92.81 92.43 92.61
LeukoViT-UNeT [4] 93.74 93.56 93.68 93.62
Hybrid ResNet-50 + ViT [12] 94.21 94.08 94.15 94.11
Hybrid VGG16-ViT [15] 94.67 94.51 94.58 94.54
Proposed Hybrid ViT + MambaVision 95.20 95.61 94.20 95.24
Network

Table 1 presents the comparative performance of the proposed Hybrid ViT-MambaVision Network against

representative state-of-the-art leukemia classification methods. The proposed approach achieves the

highest overall accuracy, precision, recall, and Fl1-score, demonstrating its effectiveness in accurately
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classifying the four leukemia subtypes through complementary feature learning and cross-attention
fusion.

Conclusions

The research has proposed a Hybrid Vision Transformer and MambaVision Network model for automated
classification of leukemia subtypes based on peripheral blood smear images, which overcame the
shortcomings of the previous single backbone deep learning models that fail to capture complementary
feature representations. To address these challenges, the proposed framework consists of parallel
branches of Vision Transformer and Mamba Vision, in combination with a cross-attention feature fusion
mechanism, to learn the global context information and the sequential dependency information
effectively for robust subtype discrimination. Experimental evaluation shows that the proposed model
can classify four major leukemia types, ALL, AML, CLL and CML, and achieve an overall classification
accuracy of 95.20% with balanced precision, recall and F1 score for all classes. The suggested framework
has shown good performance but it has been tested with a single public dataset and a set hybrid
architecture. Moving forward, further studies are required to validate the model on larger multi-center
datasets, integrate the explainable artificial intelligence (XAl) techniques, refine the cross-attention fusion
method, and expand it to other hematological diseases and clinical decision support systems (CDSS).
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