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Identification of sublethally damaged red blood cells based on bag-of-visual words model

ZHENG Kang, YUAN Yuhan, GU Xuelian, BAO Rui, ZHENG Yu, YANG Yuju

School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: A method for the automatic identification of sublethally damaged red blood cells (RBC) according to their

morphological changes is proposed. The images of blood cells during cardiopulmonary bypass are analyzed in the study,

including 2 763 images of sublethally damaged RBC and 2 507 images of normal RBC. The bag-of-visual words is used as the

feature extraction method of RBC, and the support vector machine models of polynomial kernel, Gaussian kernel and

Sigmoid kernel function are selected separately. A 5-fold cross validation method is adopted to verify the performance of the

method, taking precision rate, recall rate and F1 score as evaluation indexes. The results show that the identification
accuracies under 3 different kernel models are 91.05%+0.82%, 94.16%+0.50% and 85.60%+0.94%, respectively. The

proposed method can effectively distinguish the sublethally damaged RBC and provide a scheme for the automatic

identification of sublethally damaged RBC.

Keywords: sublethally damaged red blood cell; bag-of-visual words model; support vector machine; automatic identification
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Figure 1 Morphological comparison of normal and sublethally damaged red blood cells (RBC)
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Figure 2 Identification of sublethally damaged RBC based on bag—of—visual words model



4

- 471 -

2R M DA AT AN R RUEE T OSBRI

R FHITT i B 2 A e el RUBE AR fh
SRR R A , B B ARV > FR1IE
S U LA TR e 18] B r B 1 e S IR TR AR
SRJF A STFT RSl s AR 25 1 26 SRS fi
JRTHARA RS R R SO AE [ BRSNS
PR S  ATEXC S = [ F\, Fyy oo, FII A F 3
S I SR T A SCHURFAIE [] 2 1) SR 4K Oy 128,

55T LL AN SR IR DG SRR AR LE A A 2L
AR IESEAS R E A0 B AT SRR AR AR Y
DXk, AP 3 s o Herp 20060 58] 3 s S B i B LAY
SUBRRHAEIE L, Pl B A8 1) (407 1 0 TR GRS R A
JET 18], AETXAN T[] 78 O B X N A BRI [7]
o XFECIEL 3 H 4 RRZLARNE , 7218 3a b iz ik e
YRCr b B 9 SRR, T P&T 3b~d F B A2 7 4 i )
MGARBEN SRR BEREAR L . Y 2T 2R M2 U B 1Y
I}, SITF AT A RO L BRFAE , [R]Fk H SRS A8 4
IR, AT HCHC A B A A8 A

a: EHLAMA b BRBLIMAE o BRERELLIARAE d: NANLIARE
&3 SIFTZENAY R =

Figure 3 Key points extracted by scale—invariant feature transform
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Figure 4 Precision rates of 3 kernel models in 5—fold cross validation
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Figure 5 Recall rates of 3 kernel models in 5—fold cross validation
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Figure 6 F1-scores of 3 kernel models in 5-fold cross validation
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