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Abstract: 

The classification of white blood cells (WBC) plays a critical role in haematological diagnostics, yet manual examination 

remains a labour-intensive and subjective process. In response to this challenge, this study investigates the application of 

deep learning, specifically the ResNet18 convolutional neural network architecture, for the automated classification of 
blood cell images into four classes: eosinophils, lymphocytes, monocytes, and neutrophils. The dataset used comprises 

microscopic images annotated by cell type and is divided into training and validation sets with an 80:20 ratio. Standard pre-

processing techniques such as image normalization and augmentation were applied to enhance model robustness and 

generalization. The model was fine-tuned using transfer learning with pre-trained weights from ImageNet and optimized 
using the Adam optimizer. Performance was evaluated through a comprehensive set of metrics including accuracy, 

precision, recall, F1-score, mean squared error (MSE), and root mean squared error (RMSE). The best model achieved a 

validation accuracy of 86.89%, with macro-averaged precision, recall, and F1-score of 0.8738, 0.8690, and 0.8688, 

respectively. Lymphocyte classification yielded the highest F1-score (0.9515), while eosinophils posed the greatest 
classification challenge, as evidenced by lower precision and higher misclassification rates in the confusion matrix. Error-

based evaluation further supported the model’s consistency, with an MSE of 0.7125 and RMSE of 0.8441. These results 

confirm that ResNet18 is capable of learning discriminative features in complex haematological imagery, providing an 

efficient and reliable alternative to manual analysis. The findings suggest potential for practical implementation in clinical 
workflows and pave the way for further research involving multi-model ensembles or cell segmentation pre-processing for 

improved precision. 
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1. Introduction 

The microscopic landscape of human blood harbors a wealth of diagnostic information—yet its interpretation 

remains largely manual, constrained by human fatigue, and prone to inconsistency. While hematology has benefited 

from laboratory automation, the classification of white blood cells (WBC) into specific types such as eosinophils, 

lymphocytes, monocytes, and neutrophils are still dominated by expert visual inspection under a microscope. This 

reliance on subjective assessment introduces not only variability but also a bottleneck in clinical decision-making, 

especially in high-throughput environments. 

Recent advances in deep learning have redefined what is computationally feasible in image classification tasks. 

Architectures such as ResNet18 offer a promising framework for capturing morphological nuances in complex 

biological data. Yet, a recurring limitation in existing literature is the tendency to either focus on binary classification 

problems or to evaluate model performance using a narrow set of metrics—often restricted to accuracy alone. Such 
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an approach masks underlying weaknesses, particularly in class-imbalanced settings or when false negatives carry 

significant clinical consequences. 

Current studies reflect an expanding interest in adapting deep learning models to medical and biological image 

classification. [1] combined deep neural networks with particle swarm optimization for radiological analysis, 

demonstrating how multi-stage learning can suppress false positives. [2] working in the agricultural domain, revealed 

that ResNet can effectively distinguish between highly similar visual patterns—analogous to the morphological 

overlap among WBC subtypes. [3] employed morphological features for drug-resistance prediction in cancer cells, 

indicating the growing trend of non-invasive, image-driven diagnostics. In parallel, [4] explored MobileNetV2 for 

pulmonary cancer classification via transfer learning, presenting an efficiency-focused alternative to deeper 

architectures. [5] proposed a hybrid U-Net and CNN pipeline to classify 3D cellular structures, underlining the 

importance of pre-segmentation in challenging imaging contexts. 

These studies establish a technological baseline but stop short of offering a full-spectrum evaluation of deep models 

on leukocyte classification—an area where both model architecture and metric selection matter. The present research 

responds to this gap by systematically applying the ResNet18 architecture to classify blood cell images into four 

morphologically distinct WBC categories. Unlike prior works, we conduct a multidimensional performance evaluation 

using not only accuracy, but also precision, recall, F1-score, mean squared error (MSE), and root mean squared error 

(RMSE). By doing so, we aim to clarify both the strengths and potential pitfalls of using ResNet18 in haematological 

imaging, offering new insights into its clinical applicability. 

2. Method 

This study adopts an experimental design cantered on the application of a convolutional neural network (CNN), 

specifically ResNet18 [6]–[8], to the multi-class classification of peripheral blood cell images. The methodology is 

organized into five core components: dataset acquisition and preparation, model configuration, training procedures, 

evaluation metrics, and analytical interpretation. 

 
Figure 1: Research Workflow  

Dataset and Pre-processing: 

We utilize the publicly available Blood Cell Images dataset, which comprises labelled microscopic images of four 

primary leukocyte classes: eosinophils, lymphocytes, monocytes, and neutrophils. Each class represents distinct 

morphological patterns, yet inter-class visual similarities pose a non-trivial classification challenge. The dataset is 
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divided into training, validation, and test sets following an 80:10:10 split ratio to ensure generalization while 

minimizing overfitting. 

Prior to training, all images are resized to 224×224 pixels to match ResNet18’s input specification [9]–[11]. 

Standard image normalization and augmentation techniques—such as random rotation, horizontal flipping, and 

contrast adjustment—are applied to enhance dataset diversity and mitigate class imbalance effects [12]–[14]. These 

transformations aim to simulate natural variability in blood smear imaging conditions. 

    

Eosinophil Lymphocyte Monocyte Neutrophil 

Figure 2. Sample Images from the Dataset 

Model Architecture: 

ResNet18, a residual learning-based CNN with 18 layers, is chosen for its architectural efficiency and proven 

performance in biomedical image classification [15], [16]. Its key innovation—skip connections—enables stable 

training of deeper networks without gradient degradation [1], [17]. The model is initialized with pre-trained weights 

from ImageNet to leverage transfer learning [18], then fine-tuned on the blood cell dataset. The final fully connected 

layer is modified to output four logits corresponding to the target classes. 

Training Procedure 

Training is conducted using the PyTorch framework. We employ the Adam optimizer with a learning rate of 0.0001 

and a batch size of 32. The model is trained over 50 epochs with early stopping based on validation loss to prevent 

overfitting. Cross-entropy loss is used as the primary objective function due to the categorical nature of the 

classification task. 

Evaluation Metrics 

To comprehensively assess the classification performance of the ResNet18 model, we employ a suite of evaluation 

metrics that capture both categorical accuracy and numerical prediction deviation [19], [20]. These metrics include 

accuracy, precision, recall, F1-score, mean squared error (MSE), and root mean squared error (RMSE) [21]–[23]. 

Let the four classes be denoted as 𝐶 = {𝑐1, 𝑐2, 𝑐3, 𝑐4}, corresponding to eosinophils, lymphocytes, monocytes, and 

neutrophils. Let 𝑇𝑃𝑖, 𝐹𝑃𝑖, 𝐹𝑁𝑖, and 𝑇𝑁𝑖 denote the true positives, false positives, false negatives, and true negatives 

for class 𝑐𝑖, respectively: 

a. Accuracy is defined as the ratio of correctly classified samples to the total number of samples: 

Accuracy =
TP+TN

TP+TN+FP+FN
 (1) 

b. Precision for each class measures the proportion of true positives among all positive predictions: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝐼
 (2) 

c. Recall (or sensitivity) evaluates the proportion of actual positives correctly identified: 

𝑅𝑒𝑐𝑎𝑙𝑙𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝐼
 (3) 

d. F1-score is the harmonic mean of precision and recall: 

𝐹1𝑖 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 × 𝑅𝑒𝑐𝑎𝑙𝑙𝑖

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑖
 (4) 

To generalize across classes, we report the macro-averaged values of precision, recall, and F1-score: 
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𝑀𝑎𝑐𝑟𝑜 − 𝑋 =
1

|𝐶|
∑ 𝑋𝑖

|𝐶|

𝑖=1

 𝑤ℎ𝑒𝑟𝑒 𝑋 ∈ {𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, 𝑅𝑒𝑐𝑎𝑙𝑙, 𝐹1} (5) 

e. Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) treat the class labels as ordinal indices and 

measure deviation between predicted class index 𝑦̂ and true class index 𝑦 [24], [25]: 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑦̂𝑗 − 𝑦𝑗)

2
𝑛

𝑗=1

 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 

(6) 

This multi-metric evaluation strategy is designed to uncover subtle performance differences—particularly in 

imbalanced or morphologically overlapping classes—where accuracy alone may be misleading. 

3. Result and Discussion 

Results  

The training process was executed over 10 epochs, during which the model showed a consistent improvement in 

classification performance. The training accuracy increased from 90.72% in the first epoch to 99.55% in the final 

epoch, while validation accuracy peaked at 86.89%, indicating that the model was able to generalize well on unseen 

data. Loss values decreased steadily, with the lowest loss recorded at 0.0142. The best model was selected based on 

the highest validation accuracy using a model checkpoint strategy, as summarized in Table 1. 

Table 1. Training and Validation Performance per Epoch 

Epoch Training Loss Training Accuracy Validation Accuracy 

1 0.9072 0.7644 0.2317 

2 0.9486 0.8154 0.1463 

3 0.9761 0.8347 0.0666 

4 0.9764 0.8536 0.0688 

5 0.9889 0.7965 0.0339 

6 0.9751 0.8464 0.0737 

7 0.9895 0.8649 0.0274 

8 0.9817 0.7547 0.0531 

9 0.9918 0.8677 0.0267 

10 0.9955 0.8689 0.0142 

On the validation dataset, the model achieved an overall accuracy of 86.89%. A detailed classification report 

revealed that the lymphocyte class attained the highest F1-score of 0.9515, driven by a near-perfect recall of 0.9968. 

In contrast, the eosinophil class achieved an F1-score of 0.8086, with a precision of 0.7731 and recall of 0.8475, 

suggesting some confusion with other classes. The macro-averaged values for precision, recall, and F1-score were 

0.8738, 0.8690, and 0.8688 respectively, indicating consistent performance across all four classes. 

Table 2. Classification Report of the ResNet18 

 Precision Recall F1-score Support 

Eosinophil 0.7731 0.8475 0.8086 623 

Lymphocyte 0.9102 0.9968 0.9515 620 

Monocyte 0.9598 0.8081 0.8774 620 

Neutrophil 0.8524 0.8237 0.8378 624 

     

Accuracy   0.8689 2487 

Macro avg 0.8738 0.8690 0.8688 2487 
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 Precision Recall F1-score Support 

Weighted avg 0.8737 0.8689 0.8687 2487 

The confusion matrix in Figure 3 further illustrates the distribution of predictions. Most eosinophils were correctly 

classified, but there were 90 instances where neutrophils were misclassified as eosinophils and 65 monocytes that 

were also predicted as eosinophils. These misclassifications suggest a degree of morphological overlap that affected 

the model’s discrimination capability. 

 

Figure 3. Confusion Matrix of the Best Model. 

In addition to categorical metrics, the mean squared error (MSE) and root mean squared error (RMSE) were 

calculated, yielding 0.7125 and 0.8441, respectively. These values quantify the prediction deviation when treating 

class labels as ordinal indices. 

Discussion 

The experimental results demonstrate that ResNet18 is effective for classifying white blood cell images into four 

distinct types. The model exhibited high recall across all classes, particularly in lymphocytes, indicating its strength 

in detecting true positives. The comparatively lower precision in the eosinophil class, however, reveals a tendency to 

misclassify morphologically similar cells such as neutrophils and monocytes. This is further supported by the 

confusion matrix, where a significant number of neutrophils and monocytes were incorrectly labeled as eosinophils. 

Overall, the macro-averaged performance metrics confirm that the model can handle the multi-class classification 

task with balanced accuracy. The inclusion of MSE and RMSE provides additional insight, capturing classification 

reliability beyond discrete labels. These error-based metrics suggest that the predicted class indices rarely deviated far 

from the true classes. 

Compared to existing studies that apply deep learning to cell classification, this experiment demonstrates that a 

baseline architecture such as ResNet18, without additional segmentation modules or ensemble techniques, is sufficient 

to achieve competitive results. The integration of standard augmentation techniques and transfer learning likely 

contributed to the model’s robustness. These findings affirm the applicability of deep convolutional architectures for 

haematological image analysis. 

4. Conclusion 

This study presented a deep learning approach for the multi-class classification of blood cell images using the 

ResNet18 architecture. The dataset consisted of four leukocyte classes—eosinophils, lymphocytes, monocytes, and 
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neutrophils—each presenting distinct yet often overlapping morphological features. The proposed model was trained 

and evaluated using a robust experimental setup, incorporating data augmentation and transfer learning to improve 

generalization. 

The final model achieved a validation accuracy of 86.89%, with a macro-averaged F1-score of 0.8688. Among all 

classes, lymphocytes were classified with the highest accuracy and recall, while eosinophils posed the greatest 

challenge due to their morphological similarity to other cell types. The inclusion of multiple evaluation metrics, 

including MSE and RMSE, allowed for a more nuanced understanding of model performance beyond categorical 

accuracy. 

These results confirm the viability of ResNet18 for automated blood cell classification tasks, highlighting its ability 

to learn discriminative features from complex medical imagery without requiring elaborate architectural 

modifications. The findings contribute to the growing body of research on deep learning-based hematological analysis 

and support further integration of such models into diagnostic workflows. 
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