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ABSTRACT 

Image classification is a crucial area in digital image processing that requires models capable of robust and 

stable feature representation. The main challenges in this study include variations between visual classes, diverse 

image quality, and limited labeled data, which often hinder the model’s ability to generalize optimally. This study 

proposes a hybrid ResNet50-CBAM approach, which integrates the strengths of the ResNet50 architecture in deep 

feature extraction with the Convolutional Block Attention Module (CBAM) attention mechanism to improve the 

model’s focus on the most informative areas of the image. The training process was carried out in two phases, 

namely transfer learning to utilize the initial representation from the ImageNet dataset, followed by fine-tuning to 

adjust the network weights to the image characteristics of the research dataset. The datasets were reorganized 

and split into 70% training, 15% validation, and 15% testing subsets to ensure a balanced distribution of samples. 

In addition, various augmentation techniques were applied to increase data diversity and improve the model’s 

generalization capability. The evaluation results showed that this hybrid approach achieved an overall accuracy 

of 99%, indicating very high and consistent performance across the entire dataset. The integration of CBAM into 

the ResNet50 architecture was proven to strengthen the feature extraction process by highlighting the most rele-

vant areas, resulting in a more accurate, stable, and effective image classification model for a wide range of 

artificial intelligence image processing applications. 

  

Keywords: attention mechanism, convolutional block attention module (CBAM), fine-tuning, image classification, 

ResNet50. 

 

I. INTRODUCTION 

N recent years, deep learning has rapidly developed as a method capable of solving various complex 

problems, particularly in the field of image processing [1]. This advancement is driven by deep 

learning’s ability to automatically learn and extract features from high-dimensional raw data [2], 

[3]. This approach is based on the working principles of biological neural networks and is implemented 

through artificial neural networks with interconnected node structures [4], [5]. One of the most 

commonly adopted architectures in deep learning is the Convolutional Neural Network (CNN) [6], [7], 

[8]. 

CNNs are designed to process grid-structured data such as images, with the ability to capture patterns 

and features hierarchically and adaptively through convolutional layers [9]. Through this mechanism, 

CNNs can build efficient feature representations, thereby improving accuracy in pattern recognition and 

image classification tasks [7], [10]. However, this architecture still has limitations, particularly the van-

ishing gradient problem. This problem arises in very deep networks when the backpropagation process 

produces increasingly smaller gradient values because of repeated multiplication of activation function 

derivatives, causing the gradients to approach zero as the network depth increases [11]. To address this 

problem, a CNN architecture called ResNet50 was developed [12]. 

The ResNet50 architecture consists of layers composed of convolutional layers, batch normalization, 

ReLU activation, and several residual blocks connected through skip connections [9], [13], [14]. This 
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architectural design allows data and gradient flow to pass through several layers at once, thereby over-

coming the vanishing gradient problem and accelerating training convergence [12], [15]. Its ability to 

learn deep features efficiently makes ResNet50 one of the most widely used architectures in various 

image recognition studies and applications. 

Although the ResNet50 architecture has demonstrated good performance in feature extraction, it is 

not fully capable of focusing attention on image regions that contain important information because of 

its limitations in capturing inter-channel and spatial relationships. The capabilities of ResNet50 can be 

improved by adding attention mechanisms such as the Convolutional Block Attention Module (CBAM) 

to strengthen the network's focus on important information in images. CBAM works by as-signing at-

tention weights in two dimensions, namely channel and spatial, so that the network can focus more on 

important features and suppress background noise that may affect the analysis results [16], [17], [18]. 

The integration of this attention mechanism requires a proper training process so that the network 

weights can adjust to the characteristics of the data used. 

 One of the most widely used training strategies is fine-tuning pretrained models to adjust network 

weights so they better suit the characteristics of the images used in research [19]. This approach allows 

models to adapt to data with complex structures, such as medical images, which show variations in 

texture, color, and shape and therefore require deeper feature analysis to achieve accurate classification 

results [20]. One such application is white blood cell classification, which requires high precision in 

distinguishing morphological variations across cell types to support accurate medical diagnosis. 

Previous research has successfully developed a deep learning-based method using a CNN architecture 

for leukocyte segmentation and classification, achieving an accuracy of 97.98% [21]. However, most of 

these models still have limitations in highlighting the most relevant morphological features, which calls 

for an approach that can improve feature selectivity and representation in blood images. Although CNNs 

have been widely used for white blood cell image classification, the results still vary because of the 

model’s limitations in improving feature selectivity and handling the complexity of cell shapes effec-

tively.  

Based on this, this study aims to implement the ResNet-50 architecture integrated with the CBAM 

attention mechanism and fine-tuning for white blood cell image classification. This approach is de-

signed to adjust network weights to the characteristics of medical images and significantly improve 

classification accuracy. Additionally, this study aims to evaluate the extent to which the CBAM at-

tention mechanism, combined with fine-tuning, can strengthen the representation of important features 

in medical images. The results of this study are expected to produce a more accurate model for white 

blood cell image classification to support the early diagnosis of hematological disorders. 

II. RESEARCH METHOD 

In this study, the data processing and model development processes were carried out through several 

systematically arranged phases. Based on Figure 1, the research began with dataset reorganization, pre-

processing, data augmentation, and the training process, which included transfer learning and fine-

tuning. 

A. Dataset Description 

The dataset used in this study is Blood Cell Images (https://www.kaggle.com/datasets/paultimothy-

mooney/blood-cells) obtained from the Kaggle platform. The original dataset contains 12,500 micro-

scopic images categorized into four classes: Eosinophil, Lymphocyte, Monocyte, and Neutrophil. All 

images are represented in RGB format with varying resolutions and have been categorized according to 

their respective class labels. In this study, only images from the train and test subsets were used, resulting 

 
Figure 1. Research Flow Diagram. 
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in a total of 12,444 images utilized in the experiments. Files located outside these subsets were excluded 

and therefore were not involved in the model training or evaluation process. 

Figure 2(a) shows an image of an eosinophil, characterized by a bilobed nucleus and reddish-orange 

cytoplasmic granules. Figure 2(b) shows an image of a lymphocyte, characterized by a large, dark purple 

nucleus that occupies most of the cell, accompanied by a minimal amount of light blue cytoplasm. Figure 

2(c) shows an image of a monocyte, which is larger in size, with a horseshoe-shaped nucleus and exten-

sive grayish-blue cytoplasm. Figure 2(d) shows an image of a neutrophil, which has a nucleus with three 

to five lobes and fine light purple granules in its cytoplasm. 

B. Reorganization 

In this stage, the dataset was reorganized by combining images from the original train and test folders. 

The combined dataset was then randomly shuffled and randomly split into 70% training, 15% validation, 

and 15% testing subsets to ensure a representative distribution of samples across the subsets. Each image 

was assigned to only one subset to avoid duplicate or overlapping samples. The distribution of images 

for each class in the three subsets is presented in Table 1, resulting in a total of 12,444 images, consisting 

of 8,710 training images, 1,865 validation images, and 1,869 testing images.  

C. Pre-processing 

Pre-processing is the first step in model development and helps determine accuracy and appropriate 

representation. Good preprocessing can reduce training time and produce more reliable predictions. The 

pre-processing phases in this study included converting RGB to BGR, resizing images to 224 × 224 

pixels, and Z-Score normalization. The equation used for Z-Score normalization is (1). 

𝑍 =
𝑋 − 𝜇

𝜎
 (1) 

In (1), 𝑍 is the standardized value, 𝑋 is the original value of the image data, 𝜇 is the mean of the feature 

or variable, and𝜎 is the standard deviation of the feature or variable [22], [23], [24], [25]. 

D. Augmentation 

Augmentation is an important technique for improving model robustness against input variations, 

thereby preventing overfitting [26]. Data augmentation has been proven effective in improving general-

ization capability. This study applies geometric augmentation as the main strategy to enrich the training 

dataset and improve model robustness against data variations. The augmentation process is applied only 

to the training subset, while the validation of the model performance. The following augmentation meth-

ods were used in this study. 

1) Rotation is a transformation method that rotates an image by a certain angle [27]. Mathematically, 

the equation used is as (2). 

[
𝑥′

𝑦′] = [
𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃
𝑠𝑖𝑛𝜃 𝑐𝑜𝑠𝜃

] [
𝑥
𝑦] (2) 

TABLE 1 
DATA SPLIT RESULTS. 

Class Train Validation Test Total 

Eosinophil 2.184 468 468 3.120 
Lymphocyte 2.172 465 466 3.103 

Monocyte 2.168 464 466 3.098 
Neutrophil 2.186 468 469 3.123 

Total 8.710 1,865 1,869 12.444 

 

    
(a) (b) (c) (d) 

Figure 2. (a) Eosinophil; (b) Lymphocyte; (c) Monocyte; (d) Neutrophil 
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In (2), 𝑥′ and 𝑦′ are the new coordinates of a point after it is rotated by a certain angle 𝜃 [28], [29], 

[30]. 

2) Translation is the process of shifting the position of a point or object in an image by adding a cer-

tain shift value to its original coordinates. The equations are as (3) and (4).  

𝑥′ = 𝑥 + 𝑡𝑥     (3) 

𝑦′ = 𝑦 + 𝑡𝑦 (4) 

In (3) and (4), 𝑡𝑥 represents the shift on the horizontal axis, and 𝑡𝑦 represents the shift on the verti-

cal axis [30]. 

3) Flipping is the process of reversing an image or object based on a specific axis, such as the horizontal 

or vertical axis.  

[
𝑥′

𝑦′] = [
−1 0
0 1

] [
𝑥
𝑦] (5) 

[
𝑥′

𝑦′] = [
1 0
0 −1

] [
𝑥
𝑦] (6) 

In (5) and (6), 𝑥 and 𝑦 are the pixel coordinates in the original image, while the transformation 

matrix determines the reversal of the pixel position relative to the horizontal or vertical axis, so that 

𝑥′ and 𝑦′ are the new coordinates produced after flipping [29], [30], [31]. 

4) Nearest is a simple interpolation method in which new pixel values are determined by taking values 

from the nearest original pixels. In this process, the output pixels take values from the input pixels 

that are closest in distance without performing additional calculations. The equation is as (7).  

𝐼′(𝑥, 𝑦) = 𝐼(𝑟𝑜𝑢𝑛𝑑(𝑥), 𝑟𝑜𝑢𝑛𝑑(𝑦)) (7) 

In (7) [32], the mapping of coordinates (𝑥′, 𝑦′) to position (𝑥, 𝑦) in the original image is performed 

by rounding the transformed coordinate values using the operation 𝑟𝑜𝑢𝑛𝑑(∙) [32]. 

E. Model 

The present research employs a hybrid architecture combining ResNet50 with the Convolutional 

Block Attention Module (CBAM). This combination aims to enhance the quality of feature representa-

tions by leveraging ResNet50's feature extraction strengths and CBAM's adaptive attention mechanisms, 

allowing the model to produce more informative features in the classification process. 

1) ResNet-50  

ResNet50 is a deep convolutional neural network architecture that uses residual learning to address 

the vanishing gradient issue. This approach makes ResNet50 more stable and efficient in extracting 

visual features in image classification tasks. Each layer processes visual information to produce higher-

level feature representations, enabling the network to recognize increasingly complex pattern details. 

a. Convolution Layer 

The convolutional layer extracts local features from images, such as patterns or textures. This process 

is performed by shifting the filter over a specific area of the image to produce a feature map.  

𝑐𝑖,𝑗 = (∑ ∑(

𝑛−1

𝑣=0

𝑛−1

𝑢=0

𝑎𝑢+𝑖,𝑣+𝑗 × 𝑘𝑖+1,𝑗+1)) + 𝑏𝑞 (8) 

In (8), 𝑎 represents the values in the input feature map, 𝑘 represents the kernel elements, and 𝑏𝑞 is the 

bias [33]. 

b. Batch Normalization 

Batch normalization improves training stability by normalizing the inputs of each layer within every 

mini-batch, thereby maintaining zero mean and unit variance [20]. 

𝑥̂𝑖,𝑗 =
𝑥𝑖,𝑗 − 𝜇𝑗

√𝜎𝑗
2 + 𝜀

 
(9) 
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In (9), 𝑥𝑖,𝑗 is the input value at position (𝑖, 𝑗), 𝜇𝑗 and 𝜎𝑗
2 are the mean and variance of feature map 𝑗, and 

𝜀 is a small constant used to prevent division by zero [33]. 

c. ReLU Function  

ReLU as an activation layer converts negative values to zero, thereby accelerating the computation 

process. 

𝑓(𝑥) = 𝑚𝑎𝑥(𝑥, 0) = {
𝑥, 𝑖𝑓 𝑥 ≥ 0
0, 𝑖𝑓 𝑥 < 0

 (10) 

In (10), for each input value 𝑥 ∈ (−∞, +∞), the function 𝑓(𝑥) represents the ReLU activation [9], [34]. 

d. Global Average Pooling 

Global Average Pooling (GAP) calculates the average of each feature map to prepare the classification 

layer, reducing overfitting and computation time without adding trainable parameters [35]. The equation 

is as (11). 

𝑓𝑎𝑣𝑔(𝑋) =  
1

𝑁 ∗ 𝑀
∑ ∑ 𝑋𝑖,𝑗

𝑀

𝑖=1

𝑁

𝑖=1
 (11) 

e. Residual Block 

A residual block is a learning method in neural networks designed to simplify the optimization process 

in very deep network models. In (12), 𝐹(𝑥, 𝑊) is a transformation function. This function maps the 

input 𝑥 to a new representation with parameters 𝑊 [36], [37]. 

𝑦 = 𝐹(𝑥, 𝑊) + 𝑥 (12) 

f. Dense Layer  

This layer converts the feature extraction results into a numerical representation that can be used for 

classification decisions. In (13), 𝑊 is the weight matrix in the dense layer neurons, 𝑋 is the input matrix 

from the previous layer, and b is the added bias value. 

𝑍 = 𝑊𝑇 × 𝑋 + 𝑏 (13) 

g. Softmax Layer  

Softmax converts the dense layer output into probabilities for each class, making it easier to determine 

the most appropriate class [38]. Equation (14) is the Softmax function, which converts scores 𝑧𝑖 into 

probabilities 𝑝𝑖 by normalizing the exponential values of each class so that the total becomes 1 [39]. 

𝑝𝑖 =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝐾
𝑗=1

 (14) 

2) Convolutional Block Attention Module (CBAM) 

The Convolutional Block Attention Module, or CBAM, is an attention mechanism designed to im-

prove how well CNNs extract features by focusing on the most important details during training. CBAM 

comprises two primary components: the Channel Attention Module and the Spatial Attention Module. 

a. The Channel Attention Module (CAM) highlights important elements in the channel dimension by 

applying global average pooling and maximum pooling, which are then processed through a multi-

layer perceptron. Equation (15) produces the attention weight for each channel, while (16) applies 

these weights to strengthen the most relevant channels in the features [40], [41]. 

𝑀𝑐(𝑋) = 𝜎(𝑓𝑀𝐿𝑃(𝐺𝐴𝑃(𝑋)) + 𝑓𝑀𝐿𝑃(𝐺𝑀𝑃(𝑋))) (15) 

𝐹′ = 𝑀𝑐(𝐹) × 𝐹 (16) 

b. The Spatial Attention Module (SAM) highlights the main spatial regions within the feature maps by 

performing both average pooling and maximum pooling across the channel dimension. Equation (17) 

produces a spatial attention map that highlights important locations in the feature, while (18) applies 

this map to the input feature to strengthen the most spatially relevant areas [40], [41]. 

𝑀𝑠(𝑋) = 𝜎(𝑓𝑐𝑜𝑛𝑣([𝐺𝐴𝑃(𝑋)); 𝐺𝑀𝑃(𝑋)])) (17) 
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𝐹" = 𝑀𝑐(𝐹′) × 𝐹′ (18) 

3) Hybrid ResNet50-CBAM  

In this study, a hybrid model combining ResNet50 and CBAM. ResNet50 served as the main part of 

the model to extract strong deep features. Its residual structure helps prevent the vanishing gradient 

problem, making the model more effective. After the backbone, the CBAM module was added to im-

prove feature representation. It uses both channel and spatial to help the model focus more on the most 

important channels and regions in the image. The output from the attention module is then fed into the 

classification head, which includes Global Average Pooling, normalization layers, multiple dense layers, 

and dropout for regularization. This integration produces a model that remains efficient in basic feature 

extraction while becoming more adaptive in highlighting important patterns in images, thereby support-

ing improved classification performance. 

F. Training 

In this study, the model training process included two main stages: transfer learning and fine-tuning. 

During the transfer learning phase, the ResNet50 model equipped with CBAM used pre-trained weights 

obtained from initial training on large-scale datasets such as ImageNet. The use of these initial weights 

allows the model to retain the basic feature representations that have already been learned, so the adap-

tation process to new data can take place more efficiently. Next, the fine-tuning phase was carried out 

by readjusting some of the model layers so that they could learn more specific patterns from the research 

dataset. The application of these two phases was intended to progressively improve the model’s capacity 

to achieve more accurate and stable classification. 

1) Transfer Learning 

In the transfer learning phase, all base layers of ResNet50 with pre-trained weights from ImageNet 

are frozen to retain the feature representations learned during previous training. Above the base model, 

a CBAM module and a classification head consisting of pooling, normalization, and several dense layers 

are added to adapt the model to the target classes. Only these additional layers are trained, while the 

training process is controlled through callbacks such as Early Stopping, ReduceLROnPlateau, and 

ModelCheckpoint to maintain stability and obtain the best weights. 

2) Fine-tuning 

During the fine-tuning phase, most of the initial layers of ResNet50 remain frozen, while the last 80 

layers are reactivated to allow the model to learn more specific patterns from the dataset. Unfreezing 

only the deeper layers enables the network to adapt high-level feature representations that are more task-

specific, while preserving the low-level features learned during the transfer learning phase. This strategy 

helps maintain the general visual representations obtained from large-scale datasets such as ImageNet 

while allowing the model to better adjust to the characteristics of the target dataset. The training process 

then continues using a lower learning rate so that weight updates occur gradually and steadily, reducing 

the risk of large parameter changes during fine-tuning. 

3) Loss Function 

The loss function shows how much the model’s predictions differ from the actual target labels, helping 

adjust the model during training to make it more accurate. In this study, Categorical Cross-Entropy 

(CCE) loss is used for multi-class classification problems [42]. In (19), 𝐶 is the number of classes, 𝑦𝑡𝑟𝑢𝑒 

is the original label, and 𝑦𝑝𝑟𝑒𝑑 is the predicted probability. 

ℒ(𝑦𝑡𝑟𝑢𝑒,𝑦𝑝𝑟𝑒𝑑) = − ∑ 𝑦𝑡𝑟𝑢𝑒,𝑖𝑙𝑜𝑔(𝑦𝑝𝑟𝑒𝑑,𝑖)

𝐶

𝑖=1

 (19) 

4) Adam Optimizer  

Adam is an adaptive optimization method that updates each parameter using a learning rate that is 

dynamically adjusted according to the mean gradient (momentum) and the mean squared gradient. In 

(20), 𝜃𝑡  is the model parameter value at iteration t after the update process, 𝜃𝑡−1 is the parameter value 

from the previous iteration, 𝛼 is the learning rate, 𝑚𝑡̂ is the first moment estimate (gradient average), 𝑣𝑡̂ 

is the second momentum estimate, and 𝜀 is a small constant is included to ensure stability during nu-

merical computations [43]. 
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𝜃𝑡 = 𝜃𝑡−1 − 𝛼
𝑚𝑡̂

√𝑣𝑡̂ + 𝜀
 (20) 

In this study, the training employed the Adam optimizer, using a learning rate of 1 × 10⁻³ for the 

transfer learning phase and 1 × 10⁻⁵ for the fine-tuning phase. A higher learning rate was used during 

transfer learning to allow the newly added classification layers to learn more quickly, while a smaller 

learning rate during fine-tuning helps adjust pretrained weights gradually and maintain the learned fea-

ture representations. 

G. Evaluation 

   In the evaluation phase, analysis of the model’s performance was analyzed using a confusion matrix 

that includes the values of True Positive (TP), True Negative (TN), False Positive (FP), and False Neg-

ative (FN) [44]. Based on these four components, the values of accuracy, precision, recall, and F1-score 

can be calculated as follows. 

1) Accuracy computes the proportion of correct predictions from the entire test dataset [45], [46], [47], 

[48] as shown in (21). 

2) Precision indicates how accurate the model is when giving positive predictions [45], [46], [47], [48] 

as shown in (22). 

3) Recall (Sensitivity) assesses the extent to which the model can identify all positive instances in the 

data [45], [46], [47], [48] as shown in (23). 

4) F1-Score is a single measure that combines both precision and recall to show how well a model 

performs overall [45], [46], [47], [48] as shown in (24). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (21) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (22) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (23) 

𝐹1 =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (24) 

III. RESULT AND DISCUSSION 

This study uses the ResNet50 architecture with CBAM, forming a Hybrid ResNet50-CBAM archi-

tecture. The addition of CBAM aims to improve the model’s capability to focus on important features 

at both the channel and spatial levels. After the hybrid architecture was built, a fine-tuning process was 

carried out to adjust the model weights to the characteristics of the dataset, which had a different distri-

bution and feature pattern from ImageNet, the source of the pre-trained model. This fine-tuning process 

aims to optimize the model's generalization capabilities. 

A. Model Training Result Analysis 

The training process in this study consisted of two phases, namely transfer learning and fine-tuning. 

Both phases were carried out to ensure that the model could learn the initial representation stably before 

the weights in the deep layers were opened for adjustment. 

As shown in Table 2, there is a noticeable improvement between the transfer learning phase (phase 1) 

and the fine-tuning phase (phase 2). In phase 1, training accuracy reached only 78.86% and validation 

accuracy was 81.76%, indicating that white blood cell image features were beginning to form but were 

not yet fully optimized. After the deeper layers were opened in Phase 2, training accuracy increased to 

TABLE 2 
TRANSFER LEARNING AND FINE-TUNING ACCURACY. 

Training Train (%) Validation (%) 

Transfer Learning (Phase 1) 78.86 81.76 

Fine-Tuning (Phase 2) 99.63 99.95 
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99.63%, and validation accuracy reached 99.95%. Overall, the fine-tuning process contributed to im-

proved model performance compared to the initial transfer learning phase.  

Based on Figure 6, the model's performance can be observed across two training phases, namely 

transfer learning and fine-tuning. In the transfer learning phase (phase 1), where all ResNet50 convolu-

tional layers are frozen, the accuracy improves gradually. This indicates that the newly added classifi-

cation layers successfully learned the initial representations of white blood cell characteristics, even 

though the basic features still relied entirely on pretrained weights. At this phase, the accuracy and loss 

curves still show fluctuations, indicating that the model’s adaptation capacity remains limited. 

The change in performance becomes more apparent after the fine-tuning phase (phase 2) begins, as 

indicated by the green dotted line on the training graph. In this phase, several residual layers with higher 

levels of abstraction are unfrozen and updated using a smaller learning rate. As training progresses, the 

accuracy increases more noticeably, while the loss values gradually decrease for both the training and 

validation datasets. This behavior indicates that the fine-tuning process enables the model to capture 

more task-specific features and improve feature representation. In addition, the relatively consistent 

trends between the training and validation curves suggest stable learning behavior throughout the train-

ing process. 

B. Evaluation 

Based on the test data results, classification performance is analyzed using a classification report. The 

following table presents the evaluation results at the transfer learning phase. Table 3 shows that the 

model achieved an overall accuracy of 82.00%, which means it performed quite well in identifying and 

classifying four different types of white blood cells. The Lymphocyte and Monocyte classes show the 

best model performance, with F1-scores of 89.00% and 90.00%, respectively, indicating that the model 

 
Figure 6. Combined Graph of Transfer Learning and Fine-Tuning. 

 

 
Figure 7. Confusion Matrix of the ResNet50-CBAM Model in the Transfer Learning Phase. 
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can recognize both classes consistently and accurately. Based on these results, the model's performance 

in the transfer learning phase can be further analyzed through a confusion matrix to identify the pattern 

of prediction errors in each class. This visualization offers a clearer understanding of how effectively 

the model differentiates the morphological characteristics of white blood cells during the early phases 

of training. 

Based on Figure 7, the confusion matrix from the test data in the early part of the evaluation shows 

that the model performs well in distinguishing among various types of white blood cells. Specifically, 

the model achieves high accuracy in identifying Lymphocyte and Monocyte cells, as shown by the sub-

stantial number of correctly classified samples and the minimal misclassification errors within these 

categories. Nonetheless, the model shows notable confusion between the Eosinophil and Neutrophil 

classes. Misclassifications occur in both directions, with 48 Eosinophil samples incorrectly predicted as 

Neutrophils and 104 Neutrophil samples misclassified as Eosinophils. This pattern highlights the diffi-

culty the model faces when distinguishing between these two morphologically similar cell types. Such 

challenges are common in medical image classification, where subtle differences in cell structure can 

lead to overlap in feature representation. Despite these issues, the model’s performance remains robust, 

although the results also reveal opportunities for further refinement to enhance its discriminatory capa-

bility. 

Based on Table 4, the evaluation results at the fine-tuning phase show that the model achieves near-

perfect performance across all classes. The precision, recall, and F1-score values for all classes, namely 

Eosinophil, Lymphocyte, Monocyte, and Neutrophil, are in the range of 99.00% to 100.00%, indicating 

that the prediction error rate is very low. The overall accuracy value of 99% on the 1,881 samples 

further confirms that the model has excellent discriminatory capability. The macro average and weighted 

average also show nearly identical values, which means that performance across classes is balanced and 

no class is neglected. To provide a more specific picture of the model’s prediction patterns in each class, 

the following confusion matrix is presented. 

Figure 8 shows the results of the confusion matrix visualization illustrating the model’s performance 

in classifying four types of white blood cells. From these results, it is clear that the model achieves a 

very high level of accuracy in identifying each class, as demonstrated by the strong prediction values 

along the main diagonal of the confusion matrix. A total of 471 Eosinophil images and 475 Neutrophil 

images were classified correctly, with only one and two prediction errors, respectively. Meanwhile, all 

Lymphocyte and Monocyte images were classified correctly without any classification errors.  

After evaluating the model performance using the classification report and confusion matrix, a further 

analysis was conducted by comparing the proposed approach with previous methods to provide a clearer 

TABLE 3 
 CLASSIFICATION REPORT FOR THE RESNET50-CBAM IN THE TRANSFER LEARNING PHASE.  

 Precision (%) Recall (%) F1-Score (%) Support 

Eosinophil 71.00 73.00 72.00 469 

Lymphocyte 82.00 97.00 89.00 466 

Monocyte 91.00 89.00 90.00 465 
Neutrophil 84.00 68.00 75.00 475 

accuracy   82.00 1875 

macro avg 82.00 82.00 82.00 1875 

Weighted avg 82.00 82.00 82.00 1875 
 

TABLE 4. 

CLASSIFICATION REPORT OF THE RESNET50-CBAM MODEL IN THE FINE-TUNING PHASE. 

 Precision (%) Recall (%) F1-Score (%) Support 

Eosinophil 99.58 100.00 99.79 471 
Lymphocyte 100.00 100.00 100.00 467 

Monocyte 100.00 100.00 100.00 466 

Neutrophil 100.00 99.58 99.79 477 

accuracy   99.89 1881 

macro avg 99.89 99.90 99.89 1881 
Weighted avg 99.89 99.89 99.89 1881 

 

TABLE 5.  

PERFORMANCE COMPARISON OF DIFFERENT MODELS 

Model Accuracy (%) Precision (%) Recall (%)  F1-score 

Deep Feature Map Extraction of Segmented Leukocyte 97.98 97.97 97.00 97.00 
ResNet50 99.88 ± 0.04 99.84 99.84 99.84 
ResNet50 + CBAM 99.95 ± 0.06 99.89 99.90 99.89 
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understanding of the contribution of the attention mechanism to classification performance. The com-

parison results for the previous method, the baseline model, and the proposed ResNet50-CBAM model 

are presented in Table 5. 

As shown in Table 5, the Deep Feature Map Extraction of Segmented Leukocyte method achieves an 

accuracy of 97.98%, with a precision of 97.97%, and recall and F1-score values of 97.00%. The baseline 

ResNet50 model shows a substantial improvement, achieving an accuracy of 99.88 ± 0.04%, with pre-

cision, recall, and F1-score of 99.84%. This indicates that deep convolutional architectures are capable 

of extracting more discriminative morphological features from leukocyte images than earlier feature 

extraction approaches. 

Furthermore, integrating the Convolutional Block Attention Module (CBAM) into the ResNet50 ar-

chitecture results in an additional improvement, achieving an accuracy of 99.95 ±  0.06%, with preci-

sion of 99.89%, recall of 99.90%, and F1-score of 99.89%. Although the quantitative improvement 

over the baseline model is relatively small, the results suggest that the attention mechanism introduced 

by CBAM helps guide the model to focus on more relevant morphological regions. This observation is 

further supported by the attention visualization analysis presented in Figure 9, which provides qualita-

tive evidence that the CBAM module improves feature localization during the classification process. 

These results show that the model has an excellent ability to distinguish morphological characteristics 

among white blood cell types. The high accuracy shown by the confusion matrix is also consistent with 

the earlier classification report results, indicating that the model has generalized very well to the test 

data. Based on the evaluation at the fine-tuning phase, further analysis visualizes the model's attention 

through CBAM. A comparison of the original image and the image with the attention map is presented 

to show the morphological areas that become the model’s main focus in decision-making. 

Figure 9(a) shows the original white blood cell image used as the object of analysis, where one leu-

kocyte with a dark purple nucleus is surrounded by paler erythrocytes. The complex morphology of the 

cell nucleus in this image is the main component used to identify the leukocyte type. Figure 9(b) presents 

the Grad-CAM visualization generated by the ResNet50 model without the CBAM module. The high-

lighted regions appear more broadly distributed, indicating that the model focuses not only on the leu-

kocyte nucleus but also on surrounding areas such as erythrocytes and background region. This suggests 

that the baseline model tends to capture less specific features during the classification process. In con-

trast, Figure 9(c) shows the Grad-CAM visualization results from the ResNet50 model equipped with 

the CBAM module. The visualization shows that the area with red-to-yellow color intensity is predom-

inantly focused on the leukocyte nucleus, indicating the highest contribution to the model’s classifica-

tion decision. Conversely, the area around the main cells, including the erythrocytes, appears blue and 

makes only a minimal contribution. This pattern shows that the integration of CBAM can direct the 

model’s attention more selectively to relevant morphological features, thereby improving interpretabil-

ity and ensuring that the model’s predictions are based on cell structures that are truly significant in the 

classification process. 

IV. CONCLUSION 

This study developed a hybrid model that integrates ResNet50 with the Convolutional Block Attention 

Module (CBAM) for white blood cell image classification. The proposed approach employs two training 

phases, namely transfer learning and fine-tuning, to improve the model’s ability to extract morphological 

features of blood cells. In the transfer learning phase, the main layers of ResNet50 were frozen and the 

classification head was retrained, resulting in an initial accuracy of approximately 82.00%. Performance 

   
(a) (b) (c) 

Figure 9. (a) Original Image; (b) ResNet50 (No CBAM) (c) Resnet50-CBAM 
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improved further during the fine-tuning phase by unfreezing several deeper layers, increasing the accu-

racy to 99.89%. The training and validation curves indicate stable learning behavior, suggesting that the 

model does not show significant signs of overfitting during training. 

Evaluation results based on the confusion matrix and classification report show strong performance 

across all classes, including Eosinophil, Lymphocyte, Monocyte, and Neutrophil, with precision, recall, 

and F1-score values approaching 1.00. In addition, the CBAM module provides qualitative interpreta-

bility through attention visualization, which helps illustrate how the model focuses on relevant regions 

of the cell images, such as the nucleus, during the classification process. 

The main contribution of this study lies in the integration of CBAM with the ResNet50 architecture 

combined with a two-stage training strategy using transfer learning and fine-tuning to improve feature 

representation for white blood cell classification. However, this study was evaluated using a dataset that 

was divided into training, validation, and testing subsets derived from the same source dataset. There-

fore, future studies may evaluate the proposed model using larger and more diverse datasets to further 

assess the robustness and general applicability of the model for medical image classification tasks. 
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