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Cervical cell recognition based on hierarchical method and principal

component analysis feature transformation

ZHAO Lili', SUN Liaoyuan® , YIN Jianping® , LI Kuan®, YIN Wanpeng® , ZHU En’
(1. College of Computer Science and Technology, Nantong University, Nantong 226091, China;

2. College of Computer, National University of Defense Technology, Changsha 410073, China)

Abstract; In order to recognize multi-class cervical cells automatically, a hierarchical method with PCA ( principal component analysis )

feature transformation was proposed and this cell recognition could provide the evidence for cervical cancer diagnosis. The cervical cell recognition

was treated as a 4-class classification problem. There were two levels in this hierarchical method. First, one-versus-one strategy was used to train 6

SVM ( support vector machine) classifiers to do a 3-class classification. Second, abnormal cells in one type of 3 categories were classified by a 2-

class SVM. To optimize the feature combination and reduce the running time, a feature transformation method named PCA was adopted to transform

the original feature vector into low-dimension feature space. The experiments show that the proposed hierarchical PCA recognition method is faster

than the common hierarchical method at a ratio of 21.31% , and can distinguish 4 cervical cell categories better than 6 other traditional methods and

achieve above 90% accuracy.
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Fig. 1 Samples of 4 cervical cell categories
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(d) Cervical cancer cells
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Fig.2 Hierarchical multi-class classification
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Alg. 1 Hierarchical PCA recognition algorithm
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Tab. 1

Features of cervical cell
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(a) Morphology features of each cell
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(b) Chromatin pathology features of each cell
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(¢) Region intensity features of each cell
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Fig.3 Variance ratio of top 90 principal components
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Tab.2 4-class classification results of 6 classifiers

s TR HEE P
R/ %
LR 78.26 0.80 0.78 0.78
KNN 76.09 0.77 0.76 0.76
RF 82.61 0.83 0.83 0.83
DT 68.48 0.71 0.68 0.69
SVM 85.70 0.86 0.86 0.86
GBDT 86.96 0.87 0.87 0.87
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Tab.3 Confusion matrix of GBDT for 4-class classification

F1 %2 EK3 K4 HI40 fiE
k113 0 0 0 13
%2 0 6 1 1 8
k3 0 1 38 3 42
F4 0 2 4 23 29

TE:261,2,3,4 73500 IEH BRIR_E R A0 I H HoR A0 |
S H R A0 AT

x4 SVM4 HERIBEER
Tab.4 Confusion matrix of SVM for 4-class classification

1 kK2 %3 K4 #NAgE
110 0 3 0 13
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Tab.5 3-class classification results of first level

LR 93.21 93.48 0.93 0.93 0.93
KNN 95.27 90.22 0.90 0.90 0.90
RF 99. 64 91.30 0.91 0.91 0.90
DT 100. 00 89.13 0.90 0.89 0.90
SVM 99.00 98.57 0.98 0.98 0.98
GBDT 100. 00 91.30 0.91 0.91 0.90

DR A T AR — 25 70 DAy S 1 SRR
A, T 6 P AR XS Al I W A AR b AT 2

R EERIF 6, 3 6 1 SVM 1 73 20 1 Affy 3
frem, PSS =300 2Kt il SVM,

x6 E_E2HEER

Tab.6 2-class classification results of second level

e I T T
LR 94.07 82.22 0.8 0.8 0.85
KNN 87.78 77.78 0.83 0.83 0.83
RF 98.89 85.19 0.84 0.84 0.84
DT 100. 00 77.04 0.79 0.79 0.79
SVM 99.04 90.19 0.91 0.91 0.91
GBDT 100. 00 83.70 0.88 0.88 0.88
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Tab.7 4-class classification results of 2-proposed recognition

methods with 3 segmentation approaches

M
SR + %J;/i KiBE flE F-score
Gap-search

91.86 0.91 0.91  0.91
MRF + 21k
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MRF + 2 ¥k PCA
B + 2 67.91 0.67 0.68  0.67
BE + 2% PCA  65.13  0.63 0.62  0.62
Sk + EkE: 73.69 0.72 0.71  0.71

KA + )2 PCA 71.52 0.71 0.70 0.71
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Tab.8 Running time of 7 recognition methods

3Kt BATHYE]/ s
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