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B2 MaxPool , ¥ T > 8L & 51 A3 i 11 & ) Bk

— 622 —

(channel attention module, CAM) )3k 2 E 2
Conv2 x.Conv3 «x.Convd x,Ef1/HIEAR 3 4.6
AGIA CAM R 22 B, 8 i 71X 285k 22 e ] A
CAM, il =W BENS I 2l ~J Ak [&] o 4538 1 A
RO, ST H ZE AR AL, 40 AN AH S RO RRAE , LAE 3
T2 B A R SR VR AE

155 W48 O TR T T 0 SRRSOk B 32T I 45



P AR RE T IR B I AL 27 o] 1 i T IS PR s 2 XU PP A

AR AL, I 38 G 5] T e R A PR A R AR
YU S A p s R TR R R T W 4 S S R AE
El# AZ] Convs  x LIRHUEH)Z BYFFE, Convs  «
BA 351 CAM YR 2EB, 2858 BN JZ 1 x 1 &
FRZJE 1T ReLU #T% , ReLU ¥43% 5 40 0 2 A~/Noy
=Ny 25 3 x3 BRUZ BN i Sig-
moid PG i 1 2 ) ] AL BB BA
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b~ B G 5 ARG EIE, AT
8L T ResNet50 FI AL S8, KW iRk 5
AW ITEM A ZE AR ATt Ae 1
P £ By WSO % 15 31 TR AL im A B A
P78 KB DA AR
1.6 MWMEEIH

AR S5 1 [ s el FEAE: 55 099 4% 14 3 0 61 43 S R
TR 5332 2 A 53 SRR R BSOIIASURN LA i 380 9 1) 7
RSB HATOACN . B0 SRR 2k i 45
BARGET-HE S A8 U R R 5, 58 SUIR 1 2% R
LRk KR (3) , Hp N TR BEEARGER, v, R
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SrZEIR R H AR U R B T bR 28 ) i 1 5 bR
SIMEAEN N 1, AR B ARSI 0, £ 55 one-
hot b HIFRZE &Ly, H(4) o PR 2 —Ap
EME T2, B4 G 5 o3 A, T B bR 28 ) 1y,
KAy, 3 B AX(S), Hd e B—MR/ANVE
AR H RS LR E & = 0.05, KR RE0E,
ALK = 2, TG 0950 AR Y T4 55200 A
TR SR AR TR AR 2 T A AR, B 1E
BOREAS 18 S0 22 551, DA T LA S8 2 bl T e 48 T 4%
()27 > S R Z AL RE T, bk it U4

L= = [y -log(p) + (1 =y) - log(1 =p)]
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1 i = target

Yi = { . (4)
0 ¢ 7 target

R 1 -¢ I = target

i = | (5)
e/(K-1) i+ target

SN R PR L(x,) 2T 03 SR
G332 A4 SR BR B AR, L SRR
K (6) AES I G AE it FE v 3 A5 38 1 ) 1B 43 52
FIVBN 53 S BE R AL B AN AT A L, (w,) 8
INEAREAR g o, BRI R Gy S8R L ()
FIREIAREA Ry o, BF BYIREN 53 SR, Zoad 5255
W a k0.1, 8009 BIRLEAL,

L(x;) = al,(x,) +BL,, (%) (6)
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2R S Uk AR NI B A |, O3 i B R e T
BARESATY e A TR T 2 Wi 4 3
WL AE S RN ZRAE -2 >) B S S A S 2o ik
SRV AL, E MR A C 2 271
FERI ) PERE

)

2.2 HiE&E
2.2.1 AR AU s 4

MK A R BEBE T AL R 405 Al e T
405 SKIFEIRA I N B IER TR 2 X E XS E T
SR, A BRI &R+ & W E AT T
Falbrid:, JHem BG4S R T 02k, TR
SiEPE B PRI AR B LA R A g A e 1 2,
PRI — 5 AR 28 XU, T AR 301 7 T e 7 B A
HEFTHUN PRI R 5 R MR IR A 8 bR R 43
e RS, 9 i 1 PR R 4 A P L R R 0 S AR XU
ORI AR IR AR AT 135 e XU 1 270 SR AR XURS 2,
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P EMZ K I AR RR S 1 8 32 1 1 Y ER A9 BE LRI 43
IR B iE AR | R D £t A i 1 2 4R
A7 81 5 AU A 162 BRA XU B A R, 56 5
AR AR 4 27 i e AU AN 54 BRAK XU I8 P I
18,3 3 AN TR AE B AR ST AN TR, F R s 1
SR LR R 1 3 A T HBIRE ST TR,
I PRI T A D o RUBS B S e T 12 1%
JF LRI B T T 6 £, BB R WL 1,
2.2.2  Kvasir A P84

Rtk B EAS Ty 1 BT th 45 1432 AL e T RN
FREME, A8 SO B KA I B 1 AR S de——
Kvasir 20 FFEH R4 h e 0T — 28 1F 5 RGOS A A
BAE R H AR, DLt AT X 320, g 4R
5 1000 3k 1E & K% A1 1000 5K B A EAR, 4 18
3: 1 LY Eb B BE AL 1 30 53 > DI A |36 31 4 A0 3t
£ HHEEFEENER L,

F1 HEENSEITER
Him s 200 % wiurdgE ke
B 972 324 324

I AR R[5 2
e A IR B4 s 4 & XU 972 324 324
W 600 200 200
Kvasir 23 TFEL G4 L

B 600 200 200

2.3 LIHAT

ARCSEHHEET 1.6.0 + culOl Jiit PyTorch IR 2%
JHEZEAN Python 3.7 i 5 . AE/FACE A Intel (R)
Xeon(R) Silver 4210R CPU@2.40 GHz 2.39 GHz(2
REFRES) 64 GB N AE,3 H NVIDIA GeForce RTX
2080 SUPER GPU 473154, # m il gl B, AR5
BN R R 4L R SF (batch size) 384 32, ffi i Ad-
am AL AR AL B AL 28, 280k Ir =0.0001
B, =0.9,8, =0.999 eps = le-8, F-fli Fl StepLR #L
il ke R e 2 2] 8 S XA AT T 100 E4K (ep-
ochs) Y%k, VIZRHT, ¥ T A A M BUR G R R
BIRaE R 224 x 224 B R G FH A B ML

T VAR S 04 43 Sk e, AW S48 R
FEBE 2 FUAR — 4y 8806 1 0 M 48 n——R U
(sensitivity) RS (specificity) A& HERE (precision )
DL F1r80RE S PP R RE . X 4 DIEHY

FAREIH S T SRR
TP

sensitivity = TP + FN ® 100% (7)
specificity = TNTJ{V i X 100% (8)
precision = % x 100% (9)
Fl-score = 2 - precision * sensitivity (10)

precision + sensitivity

Hod | ELBHYE (true positive, TP) 27 B A% B F00 Ay
FHAE B FHPEAREAS , BB (true negative, TN) 327 #%
AT Ay B ) BV RE A A BE M (false positive,
FP) 3R 73 B A5 30 T 0 g BH 4 7 B M A A AR )
(false negative, FN) &7~ Bl 5581 500 Ay BH 14 14 FH P
BEA, WA AL T 2R3 TAERHIE (receiv-
er operating characteristic, ROC) # £k T J5 % 1 £
(area under the ROC curve, AUC ) ik — 2 1PAk
708 IR DAk AR A B 2
2.4 ZWRERSHW
2.4.1  MEAYRERTE XS

YR B 22 28 5 VIR AR AR B i 2
ARSI R RE 23 T 4F , A 5 R T — R4
FEA BRI G s AR R AR R AT TR IR R
PSR AT S HEAT T XS SR A b e R LR 2, 5K
A RARH] 2k B s g o e, IR R AU R
JER F1 08008 280 T A B0 3 71, N I 7E IS AN TR
R BE AR HE 2 30 v ) A SOl ™ e i 1) 9 22 WL
W EE 2

K2 HEETREHFEE LHXFEER
i B REPE  FRRE RBWE F1O%
AR JRIAEIEEE 92.59% 98.15% 96.15% 94.34%
I PREURE 99.38% 98.15% 98.17% 98.77%

2.4.2  TEIRRZS KU BCE A L I RO L

3R TARTT LR Y BE T ResNet50 2k
PRI 4> 3L M4 T-Res50 5| AJEIE 1 5 J1 CAM fif
FHFR% V-1 Lable-smooth 45 & i #2¢ >) Ja L AL 7
RS PR RE AR, NSEER S Rl LU I, fE T A
CAM JE R RS Fe 5B RUHERE RN F1 43 80%
WEET T 1.86% 1.85% .1.91% 1 1. 88% ; 5| A
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CAM It AR T 5, BT (0 R NS HERE k1
IO BIARSEARTE T 2.47% 0.31% 1 1. 41% ;4
IIERE S I A TS bR LU B AL 4h b o A5 R0 A 42
T+ 10% LA b, AT UL R KRS 3 4K U Bl 25
(1 W 265 SR IR A 2%, 1] DAE— D 3 TH A
R b A R B 2 )RR R R B AN T 5 B R
I I

x3 AEETEXEHES LHHERXLL

iRl REE RBRE RBHEE 9%
T-Res50 83.02% 86.11% 85.67% 84.33%
CAM +T-Res50 84.88% 87.96% 87.58% 86.21%
CAM + lable-
87.35% 87.96% 87.89% 87.62%
smooth + T-Res50
ARSI 99.38% 98.15% 98.17% 98.77%

R4 R TR SO AR AL DRSS K £ 1) I
B BRSO R VA RE I, R 324 5 U B AR AR
A 322 SKRAFEIIERRAY 728 78 324 SRARMES A
FEATR A7 318 SRAGBNIERR A 732K

x4 FEEZERENRE ESLERNBBER

. TR
IR o .
i AU AR RS
=n S
A mjliwi 322 2
AR JRURS: 6 318

K9 fern T AR SO AT 55 M 2% B TE I 173 3¢
eI U K 2 ) 4 b A A T R T B AT
AL T I HLH BORECR . B9 (a) 2 e KUR: B P
JER, 9 (b) S s WU LA TS D 1L I 9 (o) 2
R AU L PR IR 18T 9 () A XU B Y TE R
K. A SRR R REE A 560 x 480, A2 Y TE
TIEBET 224 x 224, I 9 g IER S B Al LA
B ATEMTER 1 B 00 300T ABHER 0 R AT
PEI5 F A B PR e DX g o 37 X ) i 948 L
TH T R 3 e T R RIS 3] 3 1 19 288 i 1 #)  iE 1
P A BRI 3, AT DA — 2 R s 2% Y O
FACR . IEL9(d) ol LI 3 TR/ N IR
a8 XU 5 PR R, A I 4% 1 B 05 ot 8 HL o ke
DXk
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B9 FEANE

P10 7R 1 AR S5 120 S B At 2 A5 2k it
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=

PERGES

20 40 60 80 100
AR EL
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o

2.4.3  R[EIJ5EAERE KRR AR X)L

R T REA T 0 i PR 9 AR XU A A
ROME eS8 RS B 4R b, A OB BT 3R s i R T
ResNet50 Heift 1) 7512 5 AUl [ 9 24T i LA
JE2E ) J7% : ResNet350™” ResNext50'® DenseNet121'" |
SENet50'"®) EfficientNet-h0'"*" \Triple-Attentionm] Ak
PEAT T BN XS Sy, 2 5 UNRE 7
TR H S, AR i 0 M R B L AR
SR T IR 7 R AE S e XU B 4 i M RE X
oo IRH AT LIE A LA R BE 2% ] I 3
AEMAE R AT 90% | KT ResNet50 BERY
BRI M 28 25 5 12 2% 2T 5 LA 99. 38% 1) R 4l
J& 98. 15% B4 S 98, 17% HYKEERE 98. 77% 1Y
F1 3001 %k RGBS 2L A R 1 R A X



P AR RE T IR B I AL 27 o] 1 i T IS PR s 2 XU PP A

iﬁ/%\ Izi] %QN B&Liﬁ:.//f?iilz‘/fﬁ o

x5 HEETREHEELHOXILER

s RYE  FERE OKEE FLAOH
ResNet50'"! 82.10% 84.57% 84.18% 83.13%
ResNext50"! 80.86% 87.35% 86.47% 83.57%
DenseNet121"1 81.48% 84.57% 84.08% 82.76%
SENet50" ' 83.64% 81.48% 81.87% 82.75%
EfficientNet-b0'")  75.31% 79.32% 78.46% 76.85%
Triple-Attention™®’  75.93% 82.10% 80.92% 78.34%

AT 99.38% 98.15% 98.17% 98.77%

AR TN T, AUC 28 FH BT 48
B, B8 U ROC R R A TE AL, AUC {E 5 = 05
Pl H PO L E 1 R TNy R A g
A5 KBS B e 4 ) ROC A AUC

1.0
0.9
0.81
0.71
M 0.61| #
£ —— ResNet50: AUC=0.9021
= 0.5 P == ResNext50: AUC=0.9184
o ¥y —¥— DenseNet121: AUC=0.9150
0.41|
il —#— SENet50: AUC=0.9130
0318 —4— EfficientN4et-B0: AUC=0.8676
. ) —— Triple_Attention: AUC=0.8581
0.21 ~p- T-Res50: AUC=0.9208
—w= CAM+T-Res50: AUC=0.9418
0.1 —e— CAM-+lable-smooth+T-Res50: AUC=0.9442
p —&— Proposed: AUC=0.9996
0.

02 03 04 05 06 07 08 09 10
PR
B11 AEAFRANEXE 2B ROC Lk

0 01

M 11 R DU AR SO 19 19 43 52 9 2%
T-Res50 Y AUC 4 0.9208 , & T HoAth JLAN R 2
J, B CAM (RSP IR 45 B E B M a,
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Risk assessment of intestinal polyp canceration

based on deep transfer learning

CHENG Shan”, YE Ran™ , CAO Jing", YAO Jiafeng" , LI Sheng" , HE Xiongxiong"
( " College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023 )
( ™ Lishui People’ s Hospital, Lishui 323400 )
Abstract

To accurately distinguish different types of polyps, a novel risk assessment method based on deep transfer
learning is proposed. Firstly, a channel attention is introduced into the backbone network to extract the polyp fea-
tures. Then, the attention map from the attention map branch of task network is weighted to the feature map from
the backbone to obtain more accurate lesion features. Finally, the weighted feature map is fed into the perception
branch of the task network, and loss functions of the two branch is used to optimize the model in an end-to-end
manner to determine the canceration risk of polyps. The method enhances the established dataset, and employ
transfer learning to further improve the classification results. The sensitivity, specificity, precision, F1-Score and
area under the ROC curve ( AUC) of the optimal model are 99.38% , 98.15% , 98.17% , 98.77% , 0.9996, re-
spectively. The experimental results show that this method can effectively evaluate the canceration risk of intestinal
polyps with better performance compared with the popular deep learning methods.

Key words: deep learning, transfer learning, channel attention, attention map, image classification, intesti-

nal polyps
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