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Abstract

In this paper, we propose an efficient WBC 14-Diff classification which performs using the

WBC-ResNet-152, a type of CNN model.

The main point of view is to use Super-pixel for the

segmentation of the image of WBC, and to use ResNet for the classification of WBC.

A total of 136,164 blood image samples (224x224) were grouped for image segmentation, training,

training verification, and final test performance analysis.

Image segmentation using super—pixels have different number of images for each classes, so

weighted average was applied and therefore image segmentation error was low at 7.23%.

Using the training data-set for training 50 times, and using soft-max classifier, TPR average of

80.3% for the training set of 8,827 images was achieved. Based on this, using verification data—set of
21,437 images, 14-Diff classification TPR average of normal WBCs were at 93.4% and TPR average

of abnormal WBCs were at 83.3%.

The result and methodology of this research demonstrates the

usefulness of artificial intelligence technology in the blood cell image classification field.

WBC-ResNet-152 based morphology approach is shown to be meaningful and worthwhile method.

And based on stored medical data,

expected to improve the quality of treatment.
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[I. Preliminaries
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Table 1. WBC Database
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LR 459 459 321 138 32 86
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ME 1,261 1,261 833 378 50 221
MO 9,928 2,500 1,750 750 600 1,701
MY 1,779 1,779 1,245 534 80 314
NE 41,780 2,500 1,750 750 4,000 8,698
NR 2,590 2,590 1,813 777 120 452
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Fig. 2. Plain CNN procedure for Blood Cell Image Classification
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IV. Image Segmentation and Training /
Classification Results

1. Super-pixel Image Segmentation
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Table 2. WBC Images Segmentation Error Rate
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2. Training / Classification Results
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Table 3. Training Test Results

Training Predicted Class PR
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IRy 0 770 013 10[{0 |1 {000 ]1T]0]0 04
LY| 0 26[0 29{31 1884 1 |5 |0 |0 |2 15|00 |5 094
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Table 4. WBC 14-Diff Classification Results

Predicted Class
oSNy TBL [EO [ LA [ LR | LY [ME [MO MY NE[NR[PC[PRIAR|
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BL 4 1563 0 6925| 9 |2 12|20 0|1 |6 |43 37067
O 0 0 667 0,0[0[0]0[0[2]0[0]0]508
LA 0 14 0 63350 1 0 006110
R 0 6 0 2|62 02 0 00712
LY 0 191 3 1872253748 6 |42 [11] 0 | 1 |70 0 |32 083
Te ME| 0 0 0 0|0 |0 [164] 5 42| 2[00 80074
Class MO 0 13 0 | 0 |24 | 0 |17 15424 2 [ 0 | 2 | 20|35 0.92
MY 0 0 1 0009 |1 [247/0]1]0][5] 0059
NE 2 0 27 00069212 514000 |0 437004
NR 0 0 0 0000|000 400609
PC O 0 0 2|60 00 [0 006100088
PR.O 3 0 0/0[0[0]0[3 000430
AR 3 3 2 8|17 250 1|15 41 ar50gs
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