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[Abstract]

Blood is composed of white blood cells (WBC), red blood cells (RBC), and platelets, components
closely related to human health. They respectively contribute to the immune system, the transfer of
oxygen to body organs, and bleeding prevention. In the case of WBC, when abnormalities occur in the
body, such as infections and allergic reactions, the relevant type of WBC in the blood increases to
respond. Therefore, it is possible to identify the type of WBC in the case of abnormalities in the body
through the application of deep learning-based object detection algorithms and classification methods.
This information can be used to predict the health status of patients easily. Therefore, this paper
proposes a method for extracting the region of interest (Rol) for WBC and classifying WBC types
based on blood microscope images using you-only-look-once (YOLO) and feature ensemble techniques.
We select Rol extraction models through a comparative analysis of WBC detection performance for
YOLO V5, V8, V9 and YOLO-Neural Architecture Search (YOLO-NAS), and demonstrate an
improvement in WBC type classification performance through comparative analysis and a Top-3 model
feature ensemble based on general convolutional neural network (CNN) models, such as ResNet and
EfficientNet. Compared to the approximately 98% performance of the Top-3 models based on the

F1-Score, it achieved an improved performance of approximately 99%.
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Fig. 2. Example of Data Showing Different Types of
White Blood Cells in a Single Image
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Table 1. BCCD Dataset (Used in the Experiment)
Detection Dataset
Images Image Size Class Type
660 640 %480 RBC, WBC, Platelets
Classification Dataset
Images Image Size Class Type
8,000 64 x64 Eosinophil, Lymphocyte, Monocyte, Neutrophil
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Table 2. Detection Models Performance Results

Class Models Precision Recall mAP_0.5 mAP_0.5:0.95
YOLO V8m 0.971 1.000 0.992 0.803
YOLO V8s 0.928 1.000 0.995 0.804
YOLO V9e 0.969 1.000 0.995 0.800
WEBC YOLO V9c 0.969 0.984 0.991 0.811
YOLO V5m 0.973 1.000 0.995 0.802
YOLO V5s 0.973 1.000 0.995 0.787
YOLO-NAS_M 0.917 0.985 0.998 0.794
YOLO-NAS_L 0.905 1.000 0.999 0.800

YOLO Models Prediction Results
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Table 3. Classification Performance Results (Weight Update Disabled)

Models Precision Recall Accuracy F1-Score
AlexNet 0.9033 0.9033 0.9517 0.9033
ConvNeXt Large 0.8583 0.8583 0.9298 0.8583
ConvNeXt Small 0.7925 0.7925 0.8974 0.7925
DenseNet121 0.7950 0.7950 0.8989 0.7950
DenseNet201 0.8317 0.8317 0.9166 0.8317
EfficientNet_b0 0.7783 0.7783 0.8908 0.7783
EfficientNet_b1 0.7767 0.7767 0.8900 0.7767
EfficientNet_b4 0.6617 0.6617 0.8334 0.6617
EfficientNet_b7 0.6192 0.6192 0.8143 0.6192
RegNet 0.8567 0.8567 0.9289 0.8567
ResNet-50 0.7875 0.7875 0.8950 0.7875
ResNet-101 0.7942 0.7942 0.8986 0.7942
ResNet-152 0.8375 0.8375 0.9197 0.8375
VGG_11 0.9350 0.9350 0.9675 0.9350
VGG_16 0.9075 0.9075 0.9540 0.9075
VGG_19 0.8750 0.8750 0.9376 0.8750
Table 4. Classification Performance Results (Weight Update Enabled)
Models Precision Recall Accuracy F1-Score
AlexNet 0.9542 0.9542 0.9771 0.9542
ConvNeXt Large 0.9892 0.9892 0.9946 0.9892
ConvNeXt Small 0.9875 0.9875 0.9938 0.9875
DenseNet121 0.9608 0.9608 0.9804 0.9608
DenseNet201 0.9767 0.9767 0.9883 0.9767
EfficientNet_b0O 0.9742 0.9742 0.9871 0.9742
EfficientNet_b1 0.9808 0.9808 0.9904 0.9808
EfficientNet_b4 0.9450 0.9450 0.9725 0.9450
EfficientNet_b7 0.9692 0.9692 0.9846 0.9692
RegNet 0.9792 0.9792 0.9896 0.9792
ResNet-50 0.9783 0.9783 0.9892 0.9783
ResNet-101 0.9817 0.9817 0.9908 0.9817
ResNet-152 0.9867 0.9867 0.9933 0.9867
VGG_11 0.9667 0.9667 0.9833 0.9667
VGG_16 0.9750 0.9750 0.9875 0.9750
VGG_19 0.9725 0.9725 0.9863 0.9725
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Table 5. Feature Ensemble Model Performance Results

Models Precision Recall Accuracy F1-Score
Classifier(w./1 FC Layer) 0.9917 0.9917 0.9958 0.9917
Classifier(w./2 FC Layers) 0.9908 0.9908 0.9954 0.9908
Classifier(w./3 FC Layers) 0.9908 0.9908 0.9954 0.9908
Classifier(w./4 FC Layers) 0.9892 0.9892 0.9946 0.9892
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