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Identification of Liver Cirrhosis Based on STN and Heterogeneous Convolution Filter
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[ Abstract] The lack of space invariance of Convolutional Neural Network( CNN ) results in low classification accuracy and
low classification efficiency dueto its high complexity. This paper proposes a SH ImAlexNet network based on Spatial
Transformer Network (STN) and Heterogeneous Convolution( HetConv) filter for the-identification of liver cirrhosis samples.
The structure and parameters of CNN AlexNet are optimized to fit into the size of liver cirrhosis samples, and the STN layer
is introduced to enhance the feature extraction ability and spatial invariance. The HetConv filter is used to replace part of the
convolution kernel to reduce the complexity and improve the robustness. Experimental results show that the classification
performance of the proposed network is better than that of traditional networks such as AlexNet and VGG. The recognition
rate of the network on small sample dataset and large sample dataset reaches 98.28% and 95.67% respectively. It provides
a higher operation efficiency with reduced space complexity and time complexity.
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Fig.1 Structure of spatial transformer network
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homogeneous convolution filter
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Fig.3 Structure of L-layer heterogeneous convolution filter
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Table 1 Structure parameters of ImAlexNet network
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A — — (None,3,56,56)
Convl 3x3 64 (None,64,28,28)

MaxPool 2x2 — (None,64,14,14)
Conv2/BN 3x3 192 (None,192,14,14)
Conv3/BN 3x3 192 (None,192,14,14)
MaxPool 2x2 @ (None,192,7,7)
Conv4/BN 3x3 218 (None,218,7,7)
Conv5/BN 3x3 218 (None,218,7,7)
MaxPool 2x2 — (None,218,3,3)
Conv6/BN 3x3 256 (None,256,3,3)
Conv7/BN 3x3 256 (None,256,3,3)
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AlexNet 73 H 4 55 3.75 4~ B 43 45 F1 5,004~ E 434 .

R2 ImAlexNet 545 M 4 K IR A3 bb
Table 2 Comparison of recognition rates between

ImAlexNet and original networks

ST STYIZAERE  S24U%E  S2 Ul ket
] £
1% /min 1% /min
AlexNet 87.50 1.41 88.67 237
VGG 87.19 2.00 85.83 2.59
ImAlexNet  91.25 2.80 93.67 3.10

22 2 190 B &5 S ] 0, ImAlexNet (1935 51 %6 S 5
ANERAR DRI, SR B R R B R IE R R LA o SRR
DL R DI AT B STN 5 36 2 v i 9 4% 43 531 ik 47
G, IEE RN R 3N . AT LUE Y FEREAR — BT,

STN_ImAlexNet % i 5l % % & T STN_AlexNet Fl
STN_VGG, H: B} ] i #& [t STN_AlexNet />, 5
STN_VGG M FERT 22 BE 8 /. 53 2 h AlexNet 1
ImAlexNet il [t , STN AlexNet [ {5 51 3% i 3 42 7},
STN_ImAlexNet iR |t/ MEfE T, 5£ 2% VGG
FHLE , STN_VGG I B #E 51 2 H U B AR, B R )
RO 2 o ZE L nl R, STN B4R mf AR i I 445 43 2k
HABXF R4 S AEAE R BIROR AT E LS, 5 531
PR
#3 BLE STNIEAE ML IR 5 X)Lk
Table 3 Comparison of recognition rates of

different networks after fusion of STN

SUIRBIE STIIZRFERT S2iF1%  S2 Il ZRAEnT

EES

1% /min /% /min

STN_'AlexNet 91.72 2.80 91.17 3.90
STN_VGG 84.53 2.31 84.00 3.31
STN_ImAlexNet  92.81 2.33 93.83 3.38

i3 2 F1 38 3 B 43 B 45 R v ImAlexNet 5
STN_ImAlexNet [ -5l ZEAN 57, 0 45 3% PR TH I R0CR 3¢
%o RPN S5, B e HAR R R B 1T ROR A
P& H Al A ImAlexNet , STNF 5244 ¥ L& JF #% (AP
SH_ImAlexNet) ; JF ¥ Ho.5 Fl &5 STN F1 HetConv fY
AlexNet . VGG(El.SH_AlexNet il SH VGG ) #47 X
AT, LR A AR 4 7R . FTLLE Y, SH_ImAlexNet
Xt S1 M S2 WAL FEA HE 1T Il 2 ) 0 R 0 R 1 3
T SH/ AlexNet il SH VGG, Il 4 S1 4H ¥¢ A i}
SH_ImA lexNet 1Y #E I s (% , 76 Yl 25k S2 2 FE A I,
SH_ImAlexNet AFERS /b F SH_AlexNet, {HA/50E & T
SH_VGG.

F4 FhE STNF HetConv J5 7R [ W 45 B2 51 R % bk
Table 4 Comparison of recognition rates of

different networks after fusion of STN and HetConv

STHUNZ  STYIZRFERT  S2U5IZ S2YILAERS

P 1% /min 1% /min
SH_AlexNet 92.03 2.50 88.83 3.80
SH_VGG 92.34 2.45 89.67 3.40
SH_ImAlexNet  98.28 2.40 95.67 3.49

b o3 B AT T A SCHRE ) SH ImAlexNet E
AR Ry IR A R, H I SR ST AR A I FE B R
ImAlexNet 5 /b , 5 STN ImAlexNet A9 #E B 22 #f %%
VAN < 4 PR 1§ V1 2 s o T T S
SH_ImAlexNet H A — & M & 5% .

FERUE SH ImAlexNet B A &M , 48 S0 H 5
il 6 Bl 2 7 52 2% BE 1 HEAT X LE, SIS 5 AR an 3k 5
~o A LLAE M, SH ImAlexNet 1) 5 2 B & 8 /b, )\
7 7] 41 HE 2 ) 52 % BE T IR . SH_ImAlexNet [ i [H]
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KX, A Al BE T STN 5 57t 4 45 ARk 0 i 11 JH 8 1 3R 307

H U T SH_ AlexNet, 2R 1fif SH_AlexNet [it] f. 2
ST AR A Ll CIR P =N E =0 G D
OS2 4l B AR I Sk T A3 R B R ORI AR B AN G0
SH_ImAlexNet. Zi& 7% i W 28 U ROCR 25 8] 52 4%
JE FIAS (] 42 2% B2 AT %0, SH ImAlexNet 51 R 45 &
25 () 52 2% B BTG, AT A 280kE A X 2% 1 B LA I 4
HLm ) &2 2% e ik . F b ] UL, SH ImAlexNet
A —E A R R
£5 TRAMEHEFEEX L

Table 5 Complexity comparison of different networks

3 2% B Iy ) 52 2% B2 /10°
AlexNet 3061372 100.70
VGG 3422970 216.99
ImAlexNet 2739938 138.31
STN_AlexNet 71294 114 2 400.00
STN_VGG 3458394 265.90
STN_ImAlexNet 2775368 142.21
SH_AlexNet 2 446 242 64.21
SH_VGG 2 280 680 166.52
SH_ImAlexNet 1 864 464 89.24

4 HFRIE

AR SCAE B HE AlexNet 4% 9 5 fili 1, 5 i — B
R F A8 AL BE AR 0 7Y SH ImAlexNet [ 4% ., 7
it AlexNet [ 25 B8N 25 ] A2 90 2% 22 i i 4 A
SECRE T7 , IRV 5| SR 4 o B i 4 a2 W) 2465 2 8
HIF TR s KR AR R Z M B —
E WA RE R & B 1, 23 8 RIOR B AlexNet, VGG
SEAL GE I 2 B . ARG I ) 2 2 R vy L 2
FEAS B9 U A AR RS E | J5 228 &5 5 39 BB vk A
R AL R 28 R AT RIE ST, 30— 20 B I 2% A B0 O3
KHR
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