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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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Fig. 2. Plain CNN procedure for Blood Cell Image Classification

Auk CNNT-Z 9} ResNet2 2Fo] A2 Residual Unitse|2kal
e BE5S 22 JHE o]FofA] k. o] EES Ao
¥¥std 4 (DY ZoH22].

Yy = h(fl) + F(fp VV[)? (D

Ty :f(yz)

o714 x,2 Residual Unitdll E017F= 4ol o, + 12

3 Z&¥oltt. hE Identity Mappings 9malr] wjio
h(z,)=z,° ¥k vZ Skip Connection ¥-£o|v, Fi=

ResNetoll A & o] A= Residual Function®#, 3x3
Convolutional layer 5& ZXE Z&o|H, ofg] XS 7
L ARE s fi B8 ReLUOIT

ResNet& ARB-a}7] flsto] A o= F38 /don|x
(360 X 360) =7]Z Deep Learning &igZo] Hgal=
(224 X 224) 2712 AEASh oA Z5H w2
Qo= My Jdo g Baksle ¢arg]Eel Super-pixelE
AHgSEe] dtelu A g E8staal g,

He =9 2] 545 Host & + UEF ReLUE AA3)
3, o siEe] dig SR 7‘3‘—!7@}'5 $5te] BNS AA]sh

7 A3E Soft-Max #7712 &7 ¢h# (WBC 14-Diff)
2 sl 918k AljE RS Fig 33 2t

Olv

N

e b

WBC-ResNet-152

vygwv
( ‘
—f Segmentation | Softmax |-\ Output:
0 07| W [: - ‘ = \ : Ussifier [ Cless Label
0.%: - Rkl

Fig. 3. Proposed Model WBC — ResNet — 152

)l

14-Diff W7 2572 918 A9k
Flg 4% 7]—0] I:}\1§]_ T} 2= o)\q_

1219l WBC-ResNet-152



150

Journal of The Korea Society of Computer and Information

ResNet Fully-
Connected

Candidate
Detection.

Data
Estimation

Classified
WBC

Feature
Extraction

WBC
Cell

AT

a0 100
f 3 {_Lmage |

2

Image Interface

s O

Fig. 4. Block diagram of WBC differentiation algorithm using
ResNet

Aokt 2el WBC-ResNet-152E Fig. 49
Al 2y, AARE A 3AE S Add SRS

(Feature Extraction) ¥¥ #2 Fig. 5} 2t}

il kL b | I i
o 500 1000 150 2000 2500

Fig. 5. Feature Extraction Distribution Value(2,048)

o7l A= Residual  Net® S4dE A8t
Fully-connected layer® AdshH, xA4 oz Y3k 54
I} AEA o2 A S sk, A2 AT A
£ FE3e AE HoErh

ResNetell M &3 5 Sl= 2048709 574 WE7}

Fully-connected layerg &3l 14719 E2==E score?} 7l
AFE] 21, Fully-connected layer® A E A7 ResNet W
o], Soft-Max Classifierg o]&alo], 7H8H WYT1S F53)
31, FAde] H3 7" WEF9 Confidencedts 415},
HTH o iy WIFE YA

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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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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