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Abstract 

The nature of images can differ in texture, contrast, illumination, noise levels, and structural patterns. The 

descriptor suitable for one image may not be optimal for another. Therefore, this paper proposes a new hybrid 

diagnostic model that combines multi-descriptor feature extraction with a Deep Belief Network. It is used to 

classify Acute Lymphoblastic Leukaemia. The proposed model consists of two phases: feature extraction and 

classification. Three descriptors, Histogram of Oriented Gradients, Scale-Invariant Feature Transform, and 

Convolutional Neural Network are employed in the feature extraction phase. Each descriptor captures different 

aspects of the image using distinct computational techniques. The Deep Belief Network was trained on each group 

of features individually. Three trained Deep Belief Network were produced with each data extract by descriptors. 

The membership function between the training set and the test data determines which DBN will be selected. The 

model was tested and evaluated on the 10,661 Leukaemia images of the C-NMC_Leukaemia dataset. It consists 

of two classes of images: 7272 images of Leukaemia cancer and 3389 of the Benign. Experimental results showed 

that the proposed model achieved an accuracy outperforming several recent methods. The accuracy of the proposed 

model reaches 96.87%, while the best accuracy of the recent works is 94.91%. 

Keywords: Acute Lymphoblastic Leukaemia; Multi-Descriptor Feature Extraction; computer-aided diagnosis; 

Deep Belief Network; Medical Image Classification 

1. Introduction 

In recent years, the application of artificial intelligence (AI) in medical diagnostics has gained significant 

momentum in computer-aided diagnosis [1]. Examples include blood disease [2], skin cancer detection [3], 

molecular biology[4], and breast cancer detection [5]. Acute Lymphoblastic Leukemia (ALL) is a fast-growing 

cancer of the blood and bone marrow that affects white blood cells [6]. It is a malignant disease of the 

hematopoietic tissue and remains one of the most difficult hematologic cancers to diagnose and treat[7]. The 

disease presents a significant diagnostic challenge in computer-aided applications because of its subtle cellular 
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manifestations and the variability in image acquisition. Timely detection of ALL is essential for initiating prompt 

treatment and aiding in the prognosis process. [7]. With advancements in digital imaging and computational 

capabilities, automated systems have become increasingly vital in enhancing the precision and efficiency of 

diagnostic workflows[8, 9]. It is characterized by an overproduction of immature white blood cells, known as 

lymphoblasts. 

It overfills the bone marrow and prevents the normal production of blood cells. Early and accurate diagnosis of 

ALL is crucial for improving treatment outcomes [10]. At the same time, delayed detection of patients can 

significantly reduce survival rates. Conventional diagnostic methods rely heavily on trained hematologists who 

perform manual microscopic examinations of blood smears. This process is time-consuming, labor-intensive, and 

prone to inter-observer variation[11]. 

The advancement of computational intelligence integrated with the digitization of pathology has automated 

diagnostic systems that assist pathologists in enhancing precision, accuracy, and timing for diagnosis [12]. 

Automated diagnostic systems utilize advanced imaging methods that integrate processes to scan photographs for 

imaging and diagnostic analysis of diseases [13]. At this stage, the steps of interpretation and classification of 

blood smear slides labelled as leukemic or normal are processed by feature extraction algorithms and machine 

learning models. An enhanced speed of objective evaluation measurement is achieved with minimized error, 

helping auxiliary reliability in automated systems[11]. Recent advances in artificial intelligence and deep learning 

technologies are remarkable in enhancing the analysis of medical images. The intricacy involved in machine 

learning and automated leukemia diagnosis presents exceptional difficulty[9]. Normal and leukemic cells display 

quite subtle morphological and structural differences. Preceding these differences, incorporating imaging 

techniques creates additional complexities which signal an unyielding need for automated diagnosis, 

preprocessing, feature extraction, and precise algorithms tailored for the analysis of numerous attributes AI 

scrutinize blood smear images including cell size and shape, nucleus, and the cytoplasm's texture, among many 

others[14] [15]. AI algorithms can accurately and consistently differentiate normal cells from leukemic cells for 

diagnosis owing to these variables.  

This paper proposes a hybrid approach for the automatic diagnosis of leukemia. The methods include several 

feature extraction techniques implemented together with membership and Deep Belief Networks (DBNs). Initially, 

the system enhances the quality of the input images by applying Contrast Limited Adaptive Histogram 

Equalization (CLAHE). After being enhanced, the images undergo feature extraction to three descriptors: 

Histogram of Oriented Gradients (HOG), Scale-Invariant Feature Transform (SIFT), and convolutional features. 

Each of these descriptors captures some of the distinctive features of the cells. HOG describes the cell's shape, 

while SIFT describes how convolutional features capture salient structural points and deeper patterns. Collectively, 

these features offer a more comprehensive portrayal of the morphologic features of the cell, which is critical in 

recognizing the earliest indicators of leukemia. The combination of sophisticated computation techniques, such as 

image enhancement, multi-descriptor feature extraction, membership function, and deep learning, forms a strong 

system that attempts to overcome the shortcomings of the previously mentioned techniques and increases the 

accuracy of the diagnostic procedure. The main contributions of the research can be summarized as follows: 

1. Multi-Descriptor Feature Extraction Framework: The study introduces a hybrid approach that integrates 

three distinct feature descriptors—HOG, SIFT, and CNN—to comprehensively capture various aspects of 

leukemic cell images, including shape, key points, and high-level texture patterns. This diverse representation 

enhances the feature space's discriminatory power and contributes to superior classification performance. 

2. Descriptor-Specific Deep Belief Networks with Membership-Based Selection: Separate Deep Belief 

Networks (DBNs) are trained for each descriptor type, and a novel membership function is proposed to select 

the most relevant DBN for each test sample dynamically. This adaptive prediction mechanism ensures the 

classification relies on the feature representation most aligned with the test data. 

3. High-Accuracy Diagnosis on Benchmark Dataset: The proposed model achieves a classification accuracy 

of 96.87% on the C-NMC_Leukaemia dataset, outperforming several recent deep learning and ensemble-

based approaches. This demonstrates its effectiveness for the automated diagnosis of Acute Lymphoblastic 

Leukemia. 

 

2. Related Work 
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In recent years, automated leukemia diagnosis has been a primary research focus. Many methods have been 

developed that use computer technology for early medical diagnosis. However, many of these methods still 

significantly suffer from a lack of generalization, low accuracy, and high complexity.     

 Regarding the C-NMC_Leukaemia dataset, Goswami et al. (2020) [16] developed a model using a heterogeneity 

loss function to resolve intrasubject and inter-subject variability issues. The authors used an ensemble of deep 

learning classifiers, where each classifier was subjected to noted generalization in biased patient-level data 

partitions. Regarding the average accuracy of the proposed model on the test images, it is 90.05%. The restriction 

of the proposed model requires controlled subject-level data partitions and may struggle with dataset class 

imbalance due to sensitivity. 

A MSVM Classifier was used with a hybrid model of CNN-GRU-BiLSTM to autonomously detect blood disorder 

diseases from smear images Mohammed et al. (2023) [2]. The authors generated a hybrid deep learning model, 

which comprised of a Convolutional Neural Network (CNN), Gated Recurrent Unit (GRU) and a Bidirectional 

Long Short-Term Memory (BiLSTM) network. The features that were extracted were classified using a Multi-

class Support Vector Machine (MSVM). The model was tested on the C-NMC_Leukemia dataset and the obtained 

accuracy was 92.41%. The intricate design increases the computational burden. Therefore, the model's 

performance may differ with changes in data distribution. 

Almadhor et al. [17] proposed an ensemble machine learning strategy for classifying images of leukaemia. They 

integrated classifiers including K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Random Forest 

(RF), and Naive Bayes (NB). Features were extracted with VGG19 and ResNet50 pre-trained CNN models and 

subsequently underwent feature selection through ANOVA and RFE. SVM classifier claimed the best performance 

with 90% accuracy on the C-NMC_Leukemia dataset. The authors did provide indication of some shortcomings 

of their model ensemble machine learning approach, including: As with most models relying on rigid classifiers 

derived from conventional techniques, the proposed system cannot be expected to capture as sophisticated patterns 

as those found in contemporary deep learning models. 

The authors of [18] Prellberg and Kramer constructed a hybrid model consisting of ResNeXt with Squeeze-and-

Excitation Modules to diagnose ALL cells within the test images. They applied ResNeXt CNN architecture with 

Squeeze-and-Excitation modules for better feature recalibration. The model was trained on C-NMC_Leukemia 

dataset, targeting a binary classification problem. This model provided 88.41% accuracy on the test set, showing 

its capability to classify ALL cells. The performance of the model was limited due to the small size and low 

diversity of the dataset. 

Ahmed et al. (2023) [19] proposed a hybrid model that uses the feature extraction techniques of DenseNet121, 

ResNet50, and MobileNet models. The authors proposed that the fusion methods of these features would increase 

the classification performance. This model attained a 94% accuracy on the C-NMC_Leukemia dataset and thus 

resulted in feature fusion from various CNN architectures proving advantageous. The disadvantage of this 

approach is that executing the fusion process as described may lead to redundancy in the final features. Further, it 

may augment the sparsity of the feature space, which might incur overfitting. 

Ullah et al. (2021) [20] designed an attention-based CNN that integrates an ECA module into VGG16, enhancing 

the model. This approach is implemented because the input images contain significant portions that require the 

utmost attention, enhancing feature extraction and representation at the model level. The author of this work reports 

an accuracy of 91.81% in diagnosing leukemia on the C-NMC_leukemia dataset that demonstrates the 

effectiveness of attention mechanisms. The drawback of this approach is that attention modules add complexity to 

the model, increasing its computational load.  

3. Materials and Methods 

In this section, the material and methods necessary for implementing the proposed hybrid multi-descriptor and 

deep belief network model for acute lymphoblastic leukemia diagnosis. 

3.1. Feature Extraction 

A diverse collection Feature extraction is a fundamental process in Computer Vision (CV)  algorithms[21]. It 

extracts the relevant information from a raw image [22]. The basic aim of feature extraction is to summarize data 

(image) in a number of distinct features. Therefore, it reduces the dimensionality of the data while preserving 

essential information. Technically, the feature extraction in image processing depends on extracting information 

from an image's texture, shape, intensity, and structure [23].  

The primary feature extraction methods are:  
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1. Histogram of Oriented Gradients (HOG): HOG encodes local shape and edge information by 

analyzing the directionality of intensity gradients [24]. This method is particularly effective for 

highlighting cell boundaries and the contours of nuclear structures.  

2. Scale-Invariant Feature Transform (SIFT): SIFT detects distinctive key points and computes 

descriptors that remain stable across variations in scale, orientation, and illumination [25]. Its robustness 

to image noise and deformation makes it especially valuable in the medical imaging domain. 

3. Convolutional Features: Deep features were extracted using a Convolutional Neural Network (CNN), 

either pre-trained or shallow, to capture high-level abstractions [26]. These convolutional representations 

can identify fine-grained texture patterns and intensity variations that may not be detectable through 

handcrafted features alone. 

 

3.2. Empowering Feature Extraction with Multi-Descriptor 

Potential challenges for image classification processors arise when using only one type of feature descriptor [27]. 

Using different descriptors that capture various aspects of an image will support the generalization of the final 

features extracted because each descriptor depends on a specific category of image, for example, texture, shape, 

or luminance. Without combining multiple descriptors, important features may be missed[28]. A single descriptor 

often gives only partial information, which can lead to a limited understanding of the image [29]. To overcome 

this limitation, an empowered feature extraction strategy is adopted by fusing multiple complementary descriptors, 

for example, Histogram of Oriented Gradients (HOG), Scale-Invariant Feature Transform (SIFT), and 

Convolutional Neural Network (CNN)-based features. Each of these descriptors captures distinct and valuable 

aspects of the input image. 

 HOG emphasizes structural information by encoding the directionality of edges and gradients, which is 

particularly useful for outlining cell boundaries and shapes [24]. 

 SIFT detects stable keypoints that are invariant to scale and rotation, enabling the system to focus on robust 

local features that persist across deformations and illumination changes  [25, 30]. 

 CNN features, derived from deep neural networks, learn high-level abstract patterns that represent subtle 

texture, intensity variations, and spatial hierarchies in the image [26].  

While each descriptor independently offers unique advantages, relying solely on one may omit crucial visual cues 

[31]. For instance, HOG may perform well in capturing shape but ignore texture, whereas CNNs can capture 

texture but may overlook fine-grained geometric details [32]. Therefore, combining these descriptors leads to a 

more comprehensive and enriched representation, which significantly boosts the discriminative power of the 

feature set and, consequently, the classification performance. 

3.3. Deep Belief Neural Networks 

Deep Belief Neural Networks (DBNNs) are a class of deep learning architectures composed of multiple layers of 

stochastic, latent variables, typically referred to as hidden units[33]. These networks are designed to learn 

hierarchical representations of data through unsupervised and supervised learning stages. The foundational 

building block of a DBNN is the Restricted Boltzmann Machine (RBM), a two-layer generative stochastic neural 

network that learns a probability distribution over its input set [34]. Figure 1 shows the main architecture of 

DBNNs. 

 

Figure 1. DBNN Architecture [33] 
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A DBNN is formed by stacking several RBMs, where the hidden layer of one RBM becomes the visible layer for 

the next. The training process of DBNNs involves two major phases: 

1. Unsupervised Pretraining: Each RBM is trained sequentially using contrastive divergence. Given an input 

vector 𝐯, The probability that a hidden unit ℎ𝑗 is activation is given by equation 1: 

𝑃(ℎ𝑗 = 1 ∣ 𝐯) = 𝜎(∑  𝑖  𝑣𝑖𝑤𝑖𝑗 + 𝑏𝑗)              (1) 

Where: 𝜎 is the sigmoid activation function, 𝑤𝑖𝑗  is the weight between visible units 𝑣𝑖 and hidden unit ℎ𝑗, 𝑏𝑗 is the 

bias term for the hidden unit 𝑗. 

This layer-wise training allows the network to learn robust features greedily, improving initialization for deep 

architectures. 

2. Supervised Fine-Tuning: After pretraining, the entire network is fine-tuned using backpropagation in a 

supervised manner to minimize a loss function appropriate for the task, such as cross-entropy for 

classification. 

DBNNs are particularly advantageous for tasks involving limited labelled data, as their pretraining phase captures 

essential structure in the input distribution [29]. This characteristic makes them suitable for applications in medical 

image analysis, where labelled data may be scarce or expensive to obtain. 

3.4.  Dataset Contrast Limited Adaptive Histogram Equalization 

A critical component of our preprocessing pipeline is the application of Contrast Limited Adaptive Histogram 

Equalization (CLAHE) for image enhancement [35]. Unlike conventional histogram equalization, which operates 

globally on the entire image, CLAHE works on small regions called tiles, applying localized contrast enhancement 

that preserves important details while preventing noise amplification [36]. 

3.5. Dataset description 

The C-NMC_Leukemia dataset was used to test the validity of the proposed hybrid multi-descriptor and deep 

belief network model for ALL diagnosis. This dataset is a publicly available benchmark for Leukemia diseases 

[37]. It was introduced as part of the ISBI 2019 challenge and is widely used for training and evaluating machine 

learning and AI applications.  

The images in the C-NMC_Leukemia dataset are binary labeled as benign (healthy) and malignant (ALL) cells. 

The image and label were captured under a microscope and annotated by medical experts [38]. 

The C-NMC_Leukemia dataset supports the development of computer-aided diagnostic systems by providing a 

collection of diverse and high-resolution images [38]. It is ideal for several computer-aided diagnosis tasks such 

as supervised learning, segmentation, and feature learning from medical image analysis. Table 1 illustrates the 

summary of the C-NMC_Leukemia dataset. 

Table 1: Overview of the C-NMC_Leukemia Dataset 

 

Attribute Description 

Image Type 
RGB Microscopic Images 

Image Size 
Varies, typically 600 × 500 pixels 

Train set 
10,661, ALL(cancer): 7272, Benign: 3389 

Test set 
1867, ALL(cancer): 1219, Benign: 648 

 

Figure 2 illustrates samples of ALL (Figure 2.a) and benign (Figure 2.b) images of the C-NMC_Leukemia Dataset. 
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a- ALL 

b- Benign 

 

Figure 2. Sample of C-NMC_Leukemia Dataset 

 

3.6. Proposed Model 

Figure 3 shows the main steps of the proposed model. 
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 Acute Lymphoblastic Leukemia (ALL) or Benign  

 

Figure 3. The main step of the proposed model 

 

3.6.1. Preprocessing image 

The quality of input images significantly influences the performance of feature extraction and subsequent 

classification. In the proposed model, the preprocessing pipeline consists of two main steps: image resizing and 

enhancement. 

1- Image Resizing: To ensure consistency in the feature extraction process, all input images are resized to a 

standard dimension. This standardization helps maintain computational efficiency and ensures that the 

extracted features have uniform spatial characteristics across all samples. 

2- Edges Image Enhancement: CLAHE is applied in the proposed model’s edge enhancement steps. To 

enhance the edges of low-visual cells. This technique improves local contrast by adaptively adjusting the 

histogram in small regions of the image, making fine structures more visible without over-amplifying noise. 

It supports better feature extraction in later stages by clarifying cell boundaries and details. Figure 4 shows 

the objective effect of the edge enhancement on the appearance of the smear Leukemia image. 
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Figure 4. Result of the preprocessing step on the Leukemia image 

 

3.6.2. Feature Extraction Using Multiple Descriptors 

In the proposed model, feature extraction is performed individually using three separate descriptors: HOG, SIFT, 

and Convolutional Neural Network (CNN). Each descriptor processes the input dataset independently to generate 

its own feature set. HOG extracts edge and shape information, SIFT identifies local keypoints that are robust to 

scale and rotation, and CNN learns hierarchical features from the image. As a result, the model produces three 

distinct sets of features, with each set corresponding to one specific descriptor, ensuring that different aspects of 

the image are captured separately for further processing. Figure 5 shows the framework of the proposed Feature 

Extraction. 
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Figure 5.  Proposed Feature Extraction 

 

3.6.3. Calculate the Membership Function 

This section describes a membership function developed to estimate the correlation between a test image and the 

training dataset. The function compares the features extracted from the test image with the corresponding features 

in the training data. Three features (e.g., SIFT, HOG, or convolutional-CNN features) are extracted from each 

image in the test data. These features should have been previously extracted from the training data. Since the test 

data is likely to contain different categories, it is assumed that the training data is pre-organized into groups based 

on these categories. The membership function focuses on training data groups that are similar to the test image. 

The calculation of the membership function (m) for a test data point (y) involves three steps: 

Step 1: Calculating the threshold by using equation 3: 

𝜇j =
1

𝑛
∑  𝑛

𝑖=1 𝑥𝑖                              (2) 

𝑤ℎ𝑒𝑟𝑒 𝜇j centre of train group [dataSIFT, dataHOG, or dataCNN] 

𝜃 = ∥ 𝑦 − 𝜇j ∥                                     (3) 

 where ∥⋅∥  denotes the Euclidean norm.  

Step 2: Selecting the closest points (𝒮) To the test data (y) based on the filter described in equation 4: 

𝒮𝑗  = {𝑥𝑖 |∥∥𝑥𝑖 − 𝑥∥∥ <
𝜃

∂
, ∀𝑥𝑖 ∈ {𝑥1, 𝑥2, … , 𝑥𝑛}}      (4) 

where ∂ determine by the user, if the user needs a high amount of data in 𝒮 has to decrease the value of  

∂ and vis vresa. (According to the experiment, the optimal value of  ∂ Within interval [0.5-2.5]), n is the number 

of elements in the items in the training dataset. At this point, the proposed model extracts three groups from the 

training datasets: the first group contains the closest points to the SIFT_train dataset, the second group contains 

the closest points to the HOG_train dataset, and the third group contains the closest points to the CNN_train 

dataset.  

Step 3: Calculate the membership function as shown in equation 5:  

𝑀(𝑦, j) = 𝑒−
1

2
(𝑦−𝜇𝑗

′)𝑇Σ−1(𝑦−𝜇𝑗
′)

        (5) 
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Where 𝜇𝑗
′  the center of data in the subset (𝒮) for each group individually.   

𝜇𝑗
′ =

1

𝑛
∑  𝑛

𝑖=1 𝑆𝑗,𝑖          (6) 

The higher membership means a stronger derived relationship between the test data and the corresponding group 

of the training data. 

3.6.4. Trains DBNs 

Each Deep Belief Network (DBN) is trained separately using feature sets obtained from process 3.0 (from Figure 

3), where features are individually extracted using HOG, SIFT, and Convolutional Neural Network (CNN) 

methods. 

3.6.5. Prediction 

In the proposed model, three separate Deep Belief Networks (DBNs) are trained independently, each using features 

extracted by a different descriptor: the first DBN is trained on SIFT features, the second on CNN features, and the 

third on HOG features. During inference, a membership function m is computed to measure the correlation 

between the test point y and each of the three training datasets. The DBN associated with the training group that 

yields the highest m value is then selected to predict the class of y. This approach ensures that the prediction is 

made using the most relevant feature representation for the given test sample. 

4. Results  

4.1. Contribution of Different Feature Descriptions 

To evaluate the contribution of each feature type (HOG, SIFT, and convolutional), we trained and tested the system 

using individual feature types and their combinations. Table 2 summarizes the accuracy achieved with different 

feature configurations. 

Table 2: Accuracy (%) with Different Feature Combinations 

Features describer combinations 

Accuracy (%) 

HOG SIFT CNN 

    91.24 % 

    89.75 % 

    93.84% 

  
   95.16% 

 
  

  94.8% 

     92.82% 

      96.87% 

 

The results reveal that while each feature type contributes significantly to the classification performance, their 

combination yields the best results. Convolutional features alone achieve the highest individual accuracy (93.5%), 

suggesting that deep learning-based representations capture important discriminative patterns in leukemic cells. 

The pairwise combinations show improved performance compared to individual features, with HOG + 

Convolutional achieving the highest accuracy among the pairs (95.16%). This indicates that the edge and gradient 

information captured by HOG complements the hierarchical patterns learned by convolutional features. 

The full combination of all three-feature types achieves the highest accuracy (96.87%), demonstrating the 

complementary nature of these features and the effectiveness of our multi-descriptor fusion approach. Each feature 

type captures different aspects of cellular morphology, and their integration provides a more comprehensive 

representation that enhances the system's discriminative power. 
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4.2. DBN Architecture Evaluation 

We experimented with different DBN architectures to determine the optimal configuration for leukaemia 

diagnosis. Table 3 presents the accuracy achieved with varying numbers of hidden layers and units. 

Table 3: Accuracy (%) with Different DBN Architectures 

Architecture (Hidden Units per Layer) Accuracy (%) 

Single Layer (50)                    93.65% 

Two Layers (50-30) 95.20% 

Three Layers (50-30-10) 96.87% 

Four Layers (50-30-10-5)  95.51% 

 

The results show that the three-layer architecture (50-30-10) achieves the highest accuracy (96.87%). Adding a 

fourth layer does not improve performance and even leads to a slight decrease in accuracy, possibly due to 

overfitting. This finding suggests that a three-layer DBN provides sufficient representational capacity for the 

leukaemia diagnosis task while avoiding the risk of overfitting associated with deeper architectures. 

The progressive improvement from one to three layers demonstrates the benefit of hierarchical representation 

learning in DBNs. Each additional layer (up to three) enables the network to learn more abstract and discriminative 

features, enhancing its ability to distinguish between normal and leukemic cells. 

4.3. Comparison with Existing Methods  

Table 4 summarizes Related Works on the C-NMC_Leukemia Dataset. It presents an overview of various models 

applied to the C-NMC_Leukemia dataset, highlighting the key methods used and their corresponding classification 

accuracy. 

Table 4: Compare the proposed model with the state of the art on  C-NMC_Leukemia Dataset 

Ref. No. Summary Method Accuracy (%) 

[16] Ensemble DL with heterogeneity loss 90.05% 

[2] Hybrid CNN-GRU-BiLSTM with MSVM 92.41% 

[17] 
Ensemble ML (KNN, SVM, RF, NB) + VGG19/ResNet50 features + 

ANOVA, RFE 
90.00% 

[18] ResNeXt with Squeeze-and-Excitation Modules 88.41% 

[19] Feature fusion of DenseNet121, ResNet50, MobileNet 94.00% 

[20] Attention-based VGG16 + Efficient Channel Attention (ECA) 91.81% 

Proposed Model 96.87% 

 

The table compares several recent models applied to the C-NMC_Leukemia dataset, focusing on their methods 

and achieved accuracy. Each method uses a different strategy to improve classification performance. The model 

by Goswami et al. [16] applied a heterogeneity loss function with an ensemble of deep learning classifiers and 

reached 90.05% accuracy. Mohammed et al. [2] used a hybrid deep learning model combining CNN, GRU, and 

BiLSTM, achieving a slightly higher accuracy of 92.41%. Almadhor et al. [17] followed a traditional machine 

learning approach using various classifiers and pre-trained CNN features, resulting in 90% accuracy. 
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Prellberg and Kramer [18] employed a ResNeXt model with added feature recalibration modules but had a lower 

accuracy of 88.41%, likely affected by dataset size and variation. Ahmed et al. [19] improved performance to 94% 

by fusing features from multiple CNN models, while Ullah et al. [20] used attention mechanisms in a VGG16-

based model, achieving 91.81%. 

The proposed model outperformed all others with an accuracy of 96.87%, showing that the chosen method 

provided a stronger representation and classification capability on this dataset. 

5. Conclusion 
 

This study proposes a hybrid diagnostic model that combines multi-feature descriptors with a Deep Belief Network 

(DBN) for the classification of Acute Lymphoblastic Leukemia (ALL). In the feature extraction phase, three 

descriptors—HOG, SIFT, and CNN—are employed. Each of these descriptors captures different aspects of the 

image using distinct techniques. Since the nature of images varies significantly, a descriptor suitable for one image 

may not be optimal for another. Therefore, the proposed approach extracts three distinct feature sets from each 

image and trains a separate DBN model on each set individually. During the testing phase, the test image is 

described using HOG, SIFT, and CNN, and its correlation with the training sets (used to train the DBNs) is 

calculated. The DBN that shows the highest correlation with the test image is then used to make the final prediction. 

The proposed model was tested and evaluated on the C-NMC_Leukemia dataset and compared with a group of 

state-of-the-art studies on the same dataset.  Experimental results showed that the proposed model achieved an 

accuracy of 96.87%, outperforming several recent methods. Despite the promising results, several limitations and 

opportunities for future research remain Dataset Diversity is the system's performance may vary across different 

datasets due to variations in staining techniques, image acquisition protocols, and patient demographics. Future 

work should evaluate the system on diverse datasets to assess its generalizability. In addition, computational 

complexity for the extraction of multiple feature types and the training of specialized DBNs increase the 

computational complexity of the system. Optimization techniques and implementations that are more efficient 

could improve the system's practicality for clinical deployment. 

Future work may focus on extending this framework to other hematological diseases and integrating explain ability 

to support clinical adoption. 
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