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Lesion Cell Classification of Cervical Smear Based on Deep Convolution Neural Network

HU Hui,CAI Jinging
( School of Computer Science and Software,Tianjin University of Technology,Tianjin 300387,China)

Abstract: This article focuses on the study of cervical cell image classification and recognition in combination with

the knowledge of cervical pathology from the perspective of the transfer learning of the deep convolution neural network

ResNet50 to perform model training and feature extraction.It shows that better classification results of lesion and normal

cells can be obtained.
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(Identification of cervical lesion cells through
transfer learning)
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Transfer learning: idea

I
Source labels I
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Fig.1 Transfer learning
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Batch Normalizstion Batch normalizstion
ReLU ReLU

Convolution 512 343512 convolutions with stride [1 1] and padding 'seme’

Batch Normalizstion  Eatch nornalizstion with 512 channels

ReLU ReLU

Convolution 2048 1x1x512 convolutions with stride [1 1] and padding (¢ 0 0 0]
Batch Normalizstion  Eatch nornalization with 2048 chanrels

Addi tion Elenent-wise addition of 2 inputs

FeLU

Average Pooling

Fully Connected
 1c1000_sof tmax ' Sof tnex
'Classificationlayer_fc1000'  Classification Cutput

B2 - ¥ear

Fig.2 Before replacement

with 512 channels

stride [7 7] and padding [0 0 @ 9]

crossentropyex with 'tench' and 999 other classes

'bnsc_branch2y' Bstch Hormalization  Batch normslizaticn with 512 channels

‘activation_48 relu'  RelU RelU

regSe_branch2c! Convolution 2048 111512 convolutions with stride [1 1] and pedding [0 0 0 o]
'bnsc_branch2e! Bstch formalization  Batch normslization with 2048 channels

'add_16' Addition Elenent-vize addition of 2 inputs

‘activation_49_relu'  RelU ReLU

"avg_pool! Average Fooling 747 avarage pooling with stride [7 7] and padding [0 0 0 0]

ife! Fully Cornected 2 fully cornected Layer

'sof tmax Sof tmax sof tmax

'classoutput! Classification Cutput  crossentropyex with classes 'ABN' and 'NAD'

B3 ##E
Fig.3 After replacement
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Tab. 1" Categories of cervical cell dataset
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Fig.4 Training accuracy
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Fig.5 Original pathological picture
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Fig.7 Liquid part
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Fig.8 Sick part
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‘activation 43 relu’ ReLU ReLU

‘ressb_branch2a' Convalution 512 1x1x2048 convolutions with stride [1 1] and padding [0 © o o]
bnsb_branchza* Batch Hormalization Batch nornalization with 512 channels
‘activaton_dd4_relu’ ReLU ReLU

resSh_branch2h' Convalution 512 3x3x512 convolutions with stride [1 1] and padding 'same'
'bnsb_branch2b' Batch Normalization Batch nornalization with 512 channels

‘activation_45_relu' ReLU ReLU

'reesh_branch2e! Convelution 2048 1x1x512 convolutions with stride [1 1] and padding [0 © 0 0]
'bnsh_branch2e! Batch Normalization Batch normalization with 2048 channels

‘add_1S' Addition Element-wise addition of 2 inputs

‘activation_d6_relu’ ReLU ReLU

'resSe_branch2a' Convalution 512 1x1x2048 convolutions with stride [1 1] and padding [0 © o o]
'bnSc_branch2a' Batch Normalization Batch normalization with 512 channels

'activation_47_relu! ReLU ReLU

'resSe_branch2h! Convelution 512 3¥3512 convolutions with stride [1 1] and padding 'same’

'bnsc_branchzb! Batch Nornalization  Batch normalization with 512 channele

‘activation_48_relu’ ReLU ReLU

‘resSe_branchac! Convalution 2048 1x1x512 convolutions with stride [1 1] and padding [0 © o o]
bnsc_branch2e! Batch Normalization Batch nornalization with 2046 channels

'add_16' Addition Element-wise addition of 2 irputs

‘activation_49_relu' ReLU ReLU

‘avg_pool' Average Pooling 7x7 average pooling with stride [7 7] and padding [0 @ © 0
'fel000! Fully Connected 1000 fully connected layer

'f1000_sof tmax' Sof tmax sof tmax

‘ClassificationLayer_fc1000' Classificaticn Cutput — crossentropyex with 'tench' and 999 other classes
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Fig.9 Resnet 50 deep neural network structure(last few layers)
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Fig.10 Pathological image high—level abstract feature

7 #5i8(Conclusion)
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