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L BRI SE B TREEE, [ 200444 ; 2. ZRIBERIRASE —MBEFBESR, 48 230032

 E. BR RTEFET AR B AR (B ) BFLIRE T A AL B2 W ( computer-aided diagnosis, CAD ) 45
FIPERE | $2 ) — Pl T W B BE IR BE 1045 2% 2 (two-stage deep transfer learning, TSDTL) [ FLARME S CAD #43: ¥ 7
PR EMR TP A S BB BT BT CAD iR i — B4R THZ CAD BRI MERE, Fik 76456 1
W B (A TR T AL 2 20 v, 48 M DU T 75 TR T A 554 S — i 1 B 2 ST AT 55 DI — A R S S IR 4
TR 22 I 20 AR | S IR B PRI 75 b PR 22 ) A 1 R A AT A% s 156 2 WP BRI IR B IE R 2% > v B TRy
PR B % > (learning using privilaged information, LUPT) Y , #5473 T WU #8754 A0 L AR Ioi 43 2841 55, 3
TAREAR BB T T M 402 — 2 I A B 22 ] A R AR Rl A 515 A8 T 5 SR S B A B3 Yo T o v 3 3 114
OIS L HEATOR , SCB B O LRI B R B . B R S — A LR R SRR A 7 5 4 b kAT 5
TEVERBSOIE , LU0 A5 SRR W iR M 7 Sbk MR 0 15 B TSDTL 762 T B R (1 FLIRIE 12 Wi A 55 1 U 9 °F- 25
IYEUET N 87. 84 £2.08% VU 88.89 +3.70% F IR T N 86.71 +2.21% FH LA BIEE N
75.60 +4.07% Mo TH T B B BIIZRA 5 IR DL K LR R % 2 Bk, 4638 #2159 TSDTL &
TRIE I P B VR BE R RS 2 T R b EUR 015 B A RGE R BT B BAFLIRE CAD B8 T TR 2
Witk g , HA VTR R AT

KRR . B AR R B S R FLARRE T S LA ST R 1.2 ) (LUPT) s TRBE RS2 5 F %> (SSL)

Two-stage deep transfer learning for human breast
ultrasound computer-aided diagnosis

Gong Ronglin', Shi Jun'" , Zhou Weijun®, Wang Cheng'
1. School of Communication and Information Engineering , Shanghai University, Shanghai 200444, China;
2. Department of Ultrasound , the First Affiliated Hospital of Anhui Medical University, Hefei 230032, China

Abstract: Objective B-mode ultrasound ( BUS) provides information about the structure and morphology information of
human breast lesions, while elastography ultrasound (EUS) can provide additional bio-mechanical information. Dual-modal
ultrasound imaging can effectively improve the accuracy of the human breast cancer diagnosis. The single-modal ultrasound-
based computer-aided diagnosis (CAD) model has its potential applications. Deep transfer learning is a significant branch
of transfer learning analysis. This technique can be utilized to guide the information transfer between EUS images and BUS

images. However, clinical image samples are limited based on training deep learning models due to the high cost of data
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collection and annotation. Self-supervised learning ( SSL) is an effective solution to demonstrate its potential in a variety of
medical image analysis tasks. In respect of the SSL pipeline, the backbone network is trained based on a pretext task,
where the supervision information is generated from the train samples without manual annotation. Based on the weight
parameters of the trained backbone network, the obtained results are then transferred to the downstream network for further
fine-tuning with small size annotated samples. A step-based correlation multi-modal deep convolution neural network ( Cor-
rMCNN) has been facilitated to conduct a self-supervised image reconstruction task currently. In the training process, the
model transfers the effective information between two modalities to optimize the correlation loss through SSL-based deep
transfer learning. Since each BUS and EUS scan the same lesion area for the targeted patient simultaneously, the analyzed
results are demonstrated in pairs and share labels. Learning using privileged information ( LUPI) is a supervised transfer
learning paradigm for paired source domain ( privileged information) and target domain data based on shared labels. It can
exploit the intrinsic knowledge correlation between the paired data in the source domain and target domain with shared
labels, which guides knowledge transfer to improve model capability. Since the label information is used to guide transfer
learning in classifiers, the current LUPI algorithm focus on the classifier. Feature representation is also the key step for a
qualified CAD system. A two-stage deep transfer learning (TSDTL) algorithm is demonstrated for human breast ultrasound
CAD, which transfers the clear information from EUS images to the CAD model of BUS-based human breast cancer and fur-
ther improves the performance of the CAD model. Method In the first stage of deep transfer learning, an SSL task is first
designed based on dual-modal ultrasonic image reconstruction, which trains the CorrtMCNN model to conduct the interactive
transfer of information between the two modal images of BUS and EUS images. The bi-channel encoder networks are adopted
to learn the feature representation derived from the dual-modal images, respectively. The high-level learned features are
used following for concatenation to obtain the joint representation. The original BUS and EUS images are reconstructed from
the joint feature representation through the bi-channel decoder networks. In the training process, the network implicitly
implements deep transfer learning via the correlation loss optimization amongst high-level features derived from two chan-
nels. In the second stage of deep transfer learning, the pre-training backbone network is reused followed by a sub-network
for classification. The BUS and EUS images are input into this new network for targeted breast cancer classification based on
dual-modal ultrasound images. In this training process, the data of the source domain and target domain can be applied to
supervised transfer learning with the shared labels, and this strategy belongs to the general LUPI paradigm. Consequently,
it can be considered that this deep transfer learning stage implicitly conducts knowledge transfer under the LUPI paradigm,
which is based on the dual-modal ultrasound breast cancer classification task. In the final stage, the corresponding channel
sub-network is fine-tuned with single-modal ultrasound data, which obtains an accurate breast cancer B-mode image classi-
fication model. The obtained single-channel network is the final network model of BUS-based breast cancer CAD, which
can be directly applied to the diagnostic tasks of the emerging BUS images. Result The performance of the algorithm is
demonstrated on a breast tumor dual-modal ultrasound dataset. Our illustrated TSDTL achieves the mean classification accu-
racy of 87.84 +2.08% , sensitivity of 88.89 +3.70% , specificity of 86.71 +2.21% , and Youden index of 75.60 +
4.07% respectively, which develops the classification model trained on single-modal BUS images and a variety of typical
deep transfer learning algorithms. Conclusion Our TSDTL algorithm analysis can effectively transfer the information of EUS
to the BUS-based human breast cancer CAD model through our illustrated two-stage deep transfer learning.

Key words: B-mode ultrasound imaging; elastography ultrasound imaging; computer-aided diagnosis of breast cancer;

learning using privileged information ( LUPI) ; deep transfer learning; self-supervised learning ( SSL)
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TAReHORR R R, FET B @ FLRE T AL
B2 W ( computer-aided diagnosis, CAD) & 45 iYW
FWE L ZI R, HAA T HE B En
DL, T LA Bl B2 A= 4 w5 12 W 0 HE 3 14 ( Sutton,
1989)

(HAS I B AR A — BN B B TR LA (5 2
FR TR IR TR AL Y S5 FE S SR B = 505
JEAR G B HAR 5 T 2 W5 B X e — e R b
297 CAD fAVPERE  SERs b FLARIER AE A J
b AR A0 M AL BT B A A I ST 4R T AR A HE
G R AU LR IR o kLA By K ) Lk I & A
32 RO R R A B 2 T (E s R R
MR TE B H JF AN BB A R s AR AE (Shi 4%,
2018) , MTAFER, TR SR BUIR 0 3L R 12 W
TENm RZ AL TFRE IR LU S5 J7 2RI [F] 2
SR B Y 0 DT LA DA R 2 65 1) 9 X0k
TRV ORI e Y A £ R AT S I R S B
Mk 0 A= B 3 25 FH S 15 L ( Sigrist 45,2017)
PR, st AR B R PT LAXT BB B G R LN TR Y 12
W e S I50 G H] 3 B AR e L i 12 W 1 o
WE ( Carlsen 45, 2013) . T 42, T B E 7 1
CAD BRI 2 H AT R R 2 — VR i T
PABTHR A CAD B (Mahmood %7,2020) . 4R T,
T2 AT 2, iR R s R A I R Y R
P AR SE A K, o ol 2 1 2 6 o 18 e = i 7
M AR BT LA S BB AR5 A8 W A R 00 10
R R BIFACHS T RS BB 1YL IR CAD
BTN OR HLAT R | 2 R 3 1 g FH i, H P
REWIEA R ifE— D

TEAFAIL AR5 > T i rh 32 > W] Ll i
TEPRI b 27 ) B Y FRECI 26 A R T B8 2 H bR
I, SR E B ARER R R TR AT T H AR
LT ) 1 BE (Weiss 55,2016 ; #3045 46,2020) ,
PRI, ] LA P s R D R e, T i T RS~
FAREZ G BT SR A= ) ) 2 AR DGR BT 22k
T B EAYFLIRE CAD BiAY | BA 2T HAERE I AT 17
P

VR B2 20 B FL A RS2 2 UL 9 W )7
[w], B2 T B4 CAD( Yu %5,2017) . Ml
PRAIHE I AR B BE 25218 CAD P iR EE 1L A% 5 )
AT LAY R AN TR) 905 =2 1] 9 38 3% FIAS [R5 25 22 ] 1Y) i
¥ BIETE HARE (2 W) AR s 8o & 7 17

B HSAAR XS BRG] 5 5 2 4 U5 A H AR
SRR X N (S A ] (B SRR T AN RS
AR AR E B BIEGRZEERTHEE T A
)RS Z [ L%, Ay TR BE ST % 27 ] 7 ¥ i filf T 4
BET AT,

SR, Wi PR 5 A5 800 18 5 T R A R DI
BAR 15 FBR I PR X 45 (7] @81 ( Sahiner 45,2008 ) , 52
FHTINGRIREE 5 T BT O RE AR — b, Ol T S
INFEAR S 2] [R)JE Z2Fp L g2yt > D7 IR B SRR SR
H Wi 24 2] (self-supervised learning, SSL) ¥t & H:
— P B T 5 (Jing AT Tian 2021 ) %7 3558
FFEE B B 280 0y 8 G B, TSR 2 58 b
H A bR, LA R b i AR AE: 55 T i 1
M2, SRJE K E T M ARE S EGEH 2 T H
FAE55 , (A e hmie BN 2R A A TR I 25, e
TP R AE H AR AT 55 L A9 PERE (Lin 48,2020) .
SR TR I PR A BRI A A KA BR 1 1) 3L, I8N
GURE B2 ) I BE AR R U, IR N T
532 Sy EIRE AL ST 55 (Chen 58,2019) , HF5E 4%
KU BAH R

Bhatt 55 A (2019) $2 Hh 7 —Fp SCHR 2 A 5 R
LR B 22 W 2% ( step-based correlation multi-modal
deep convolution neural network , CorrtMCNN) , 43 J31] il
I WA G AR 5 ) 1 O 2% B B AS 1 AR BL
T FH SCIBAR 2% bR O AN [RS8 1Y) s A RN R4 T2
W VAR AP Z 8 B9 A 56 . HAT, CorrM-
CNN = 20 T 2 8 2550008 9 S k2 ~J i 5 1
CorrMCNN By PG AR VR AR i i 7 A
o) I Hog— o i Z RS BRI A B
TS, MERETEVI 2 A E Rt #rb, A
F27 2] B Z R NTER R 4ERAIER IS . T Cor-
rMCNN Ji7 T AU 25 P (4 e g FE kAT B
) W] ARSI T 7 A B P R S R 2 TR] Y
Bal#eE]  BIET A I E 7 T BRI

G3Ab, o XSS (1 B ER R 75 B AR
[Fi] — R85 04 ] — o kb DX A7 4 8 1015, P i xof
ML LSRR AR R B A I TR
R RTC B IR ) B AT R RE . T
FERUE B 2% 2 (learning using privileged information ,
LUPL) DI — Fift e 1] ) e 52 A 280 g Jl 0T 90 Jsk (B
FRAUGE EL) A E AR RO 1A B TR A 2T s,
A A 2 B 2R A2 fi IR T s S Roxs i 2 1)
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WAERRIOCIER T , O 5 ST RS e THT Bt fE
( Vapnik F1 Vashist,2009) , it , LUPI J@ =0T DL
FH TSR (0 RS i 7 R Z T A RS

T2 o) TR AR 205 25 | T
R 2] HETHY) LUPL 5T 2248 i Z R0 iy 7026 4%
3% (Pechyony #1 Vapnik ,2012;Li %5,2018) , HHr,
SZFEM AL + (support vector machine plus, SVM + )
se— MY () LUPT 43284, IF H O A 2 R it /19
SVM + SEyEAHAR 4 1, ] T2 R B 2 2] 43 24T
Sz, HED 3T LUPT i KRB BP9 B &
I FE %5 1% CAD 40, #]40, Duan 55 A
(2014) ¥ BT RRAE R AUE B, LUK UK A rp e
Dy AR IR IIE ERAE 2 2SRRIk SVML +
Sy Sl AT A IR B PR T TR TR
R BRI CHR 2 W EA 7 ; Zhang 55 A\ (2021) DA
3 AN BRI AH A4 7R S R R AUE B, LAB
FUEVERIZ TS St T —Fh 2 4% ) SVM + 5%
1, LUA R0 M\ 2210 141 3 7 36 52 1R 45 b 1% 328 22 TR s
AR, TR AL T B M 8 CAD fBUPERE, |
IRAFFE R T LUPL S35 75 CAD Uiy Al A7 M A,
T, B, HArhy LUPL Bk b F o2
WH5E, SEBr b RRER KRR E —1> CAD REGu1ERE
(B PA Y, T i T TR 8 2% >J 1Y LUPL 5503 i 5
A TR B B A R — R Y

ZE b THRIHEE T R3S B B AFLIR CAD
M2 WP RE , $2 ) — P ik T P B B R B i 7% 2 )
(two-stage deep transfer learning, TSDTL) 5%, 52 B
A SRS BT BB CAD BRI RIS
TESS 1 BB TR B S R 2 2T v, i MR DU 285 7
PG BT 55 —Fh B B AR 55, U2 — A
KK ZRERTRE B E MBI SC0 B EG
FRE A SRR MR Z (B AR B A B RS s AR A TESS 2
W BRI TR LT R o7 ~J v | R AT kT XA 8 75 &1 15
(LR IR 73 AT 55l i AR AR B 5 1 T 2
E— 25 i WSS 22 ] A AR Rl 5 05 B SCE,
PABR ) LUPL U AT A I T 8 5 5w, R
BAZS BB ERAE X T 06 1 3 18 1Y) 53 288 X 48 iR AT
T ERZ M ZLIE B RS SR

A SCTAER EZRH s AL .

1) &0 — R i W B R B 1T A% o > B 15
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Fig. 1 The flowchart of TSDTL algorithm
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Fig.2 Nonlinear mapping structure
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2 (1) = ha(T))* X (hy (1) = he(T))*
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(12)

S5, Ho 55 1 A0 Loss, T B MRS
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ARISCIBR 40 2K, 24 SR I A 28 A SR AE AR G, i =X
(12)ATLAE H, Loss, Fl Loss, #/)N, 15 B P A2
(1) B RO S, Loss, #/, Ul TP RS2
B A2 ] R AE IR AR G
1.3 F2HESESHETIBES

W1 PR, 58 2 BB AR O SO AR 1 B
BAR BT Sy 1 P9 £ KL il b, ASIIOET i 42 3% 4
JZ ARER AR AR 4 B2, - F H] Softmax bR %501z 545 |
SRR, SR 5 i A B R RN R e R
P36 T WU A A FLIRE 2 SRR 55 . I BUY I 4%
AL B RS IBORTAE 2 P WSS W0 ST B 33X P 0 o
(18] OO 25 5 A6 o0 09 245 2 R A5 10 TSR 1 B BeAf ] ik
ARAAFIGR . 55 1 B B 25 28 AN R Y 2
55 2 B Boft I G R IR R J2 0 H A0 R SRR L E
1T Softmax PRELIZ 5., 52 P H T2 R 25 19 BB 285 43 28
1%

a4 2 B Be 2 it
SRR BRSO 9 2% 1
Bh

Loss, = g[yilog(ai) + (1 = y)log(1 - a;)]
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Fig.4 The samples of the bimodal ultrasound image

((a) benign breast tumor; (b) malignant breast tumor)
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5) S X BT B N W 4% ( dynamic adversarial
adaptation network , DAAN) ( Yu %§,2019), X &—
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fication transfer learning, DMC-TL) , 7E X 4~ @l 5KX
Brvhr, DR B T XA 7 ) L O 2R 555 2
BB A8~ M T A W 2= T 15 1 BT
R ) AR, X 2y 1 SR IESR 1 B Bl R
WA . FESCPRN Zhad #E rp, Bkt an &l 1 b iR
55 1 BB UG S AT 55, AHEEATER 2 BrBeny Ak
TRUSLE LRI 0 AT 55, IR S L RN, X
B FkIC Sy DMC-TL,

R TR EEARRISEE £ X B B 43 28081
KH 5 Prae R UET7 1 AT 9258, S R BT LIS k4
R = bR 2 B U2, 8 R T
T8RS A S UERR R ( accuracy , ACC) JHURRE (sensi-
tivity , SEN) | 5 55 i ( specificity, SPE ) F1 24 % 8 %4
(Youden index, Y1) , &= H

ACC = (TP + TN)/(TP + FN + TN + FP)

SEN = TP/(TP + FN)

SPE = TN/(TN + FP)

YI = SEN + SPE -1

(15)
A, TP R ELHYE, FP O RBAYE , TN 9 LI, FN
HERBIME . ACC fef% BV WLV T RE s SEN [
W X I 114 R B A IS R SPE RO T
WSTREE ; VI 255 7% J& SEN M SPE W45 PEH T
SR B AR BOR, U B SRR B, T8
PERR )T 51 38 M T 9] A 3R W o 22 [ 1Y)
Z I E TAERFE 1 2 (receiver operating characteris-
tic curve, ROC) , FFi18 % b {1 28 T T #X (area under

ROC curve, AUC) fE R ITFM 545, AUC fHBEK, %
2SR (1) 3 2 1 R

AN, TSDTL ByE45 1 B By Bt i 3 4
PR SR BOMALAR B, Horh ) Jr i Loss, WK G R
fERE e A S - 23 [ B SR 2k . O T W
B po, %8 2 800 N R BOE 47 T X L

XA 23 (A ST AR 2 1 o FH A7 8 6T T 3 il
SEG ., A BIAE TSDTL B3k 5 155 2 BB LA K
B B A GBI 2%, AT S0 IE AR ST TSDTL 534X
TESE 1 B Bl FHIZ A0 2R 1A R R Bk
2.3 EEIUMAT

SEIG AT A G BB O 3 T MR ROT AT
YILRRMER ), BRI KNG — R 224 x 224 R,
IHIE— bR, (PR EE %% 2] Pytorch HEZEAE 2t
BRI 52 RSB0, T A A7 A S 5000 iR Ak R Misra
Bk (He 45 ,2015) ,ffi F Adam B iLAEL S50, 24 )
HRIA 0.001, Hi K/MZE R 16, H56, R T X
N K I AT B 1 I 28 2 ORI L 4% 45 T8 S 80
WEARS AR,
2.4 ZWHER

F 1 JARIRI S0 S B B Iee 73 2512 T Y
45

FH2% 1 AT DUR B, A SCHE 1Y TSDTL 5595 3145
TR A S EE 5L  FLXT R T893 2R HER %
TRURK B R S B 2 B B A R oy Bl 87.84 +
2.08% 88.89 £3.70% .86.71 £2.21% #175. 60 =

®1 FRBEEEIRMEBEHRENILXER

Table 1 Classification results of different algorithms on breast tumor ultrasound dataset

/%

ik HIRTES [ ¢R95%3 R ESRC SR
ResNet-18 (He %,2016) 84.10 +2. 81 85.19 +2.62 82.99 +6.34 68.17 £5.73
DDC ( Tzeng % ,2014) 85.61 £2.12 86.89 +2.41 84.22 +3.31 71.11 +4.20
DeepCORAL( Sun #1 Saenko,2016) 86.00 +3. 39 86.15 +£6.23 85.72 +£6.13 71.87 £6.61
DAN( Long %,2015) 86.37 £1.50 87.41 +£6.20 85.26 £6.90 72.67 £2.99
DAAN( Yu %,2019) 86.73 £2.37 87.41 £4.22 86.06 +1.98 73.47 +4. 66
DSAN( Zhu %%,2021) 86.74 +3.03 87.40 +£8.92 85.97 +7.79 73.38 +6. 06
TSDTL(4<30) 87.84 +2. 08 88.89 +3.70 86.71 +2.21 75.60 £4. 07

E O AR BB B AR
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Fig.5 ROC curves and values of different algorithms

in the comparison experiment

Oy ARUERRR R 5 R 2 B R A i &5 R 5 S L
SSL-TL B VE42 T T 1. 84% .4.49% F1 3.75% , TS-
DTL Bk A PEREL T SSL-TL 39% , W T4 2 Bir
BB N R A CAD BRI RE i A
Bk, BEAh, SSL-TL 8.3k il DMC-TL B35 43 2l Ay
R GUREE SRR EE N2 B AR A A R T Res-
Net-18 Bk, PR SGIE T 45 1 B Bt [ B 4 > A
552 MY BEE RIS /0 2E LUPL SR R RE ()G S0Pk

%2 FREREERIRFHHKER

Table 2 Classification results of different algorithms in ablation experiment

/%

Bk ATIES U T LR
ResNet-18 ( He 47 ,2016) 84.10 +2. 81 85.19 +2.62 82.99 +6.34 68.17 £5.73
SSL-TL 86.00 +3.37 89.63 +5.49 82.22 +4.23 71.85 £6.67
DMC-TL 86.76 +3.03 91.11 £3.31 82.20 +5.72 73.31 £5.90
TSDTL(A0) 87.84 £2.08 88.89 +3.70 86.71 £2.21 75. 60 4. 07

TE L A BB B AR

] 6 ST 7 oA 7 L R e s 7 3 4 R TR) 53k
i) ROC H1£k LR X i iy AUC ., i ld 6 Al %1, TS-
DTL #4:8 AUC B T DMC-TL 8.3, 569iF T 46 1
BBt B MR IR AT B 2% ) 1A sbE . eAh, TSDTL
B AUC AR T SSL-TL B3 AL THI
TR TH 2 B BEE RS /328 LUPL A R

K7 J@oR TS 1 BBl g bt 2 sR B0
ANIF) o BUE I, TSDTL 83k 285 R iy A2 ik,
&7 AJ%0, o= 107 IF, TSDTL 24 5= A8 1A B Rk 1Y 45
BorrERe, TN EAEREAE N TR i
R R B AN ORI RS 1 B B

=
H
W R
--- ResNet-18: 0.879
--- SSL-TL: 0.893
=== DMC-TL: 0.908
i ) | —TSDTL: 0918
0 0.2 0.4 0.6 0.8 1.0
B IE B

6 ARFALEH A Y ROC i X AUC {i
Fig. 6 ROC curves and values of different algorithms

in the ablation experiment

907



908

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol. 27 ,No. 3,Mar. 2022

3 AR Ay QIR 2 A L D3 AP [R5 R A
PR, T, oy TP R S w 1F
951 BB ZR P BUE RN

323 iR oA TSDTL 553 43 5 46 AS R 9 U1 25 By
BOf FHOCIRR 2R 1 3 R E5 3 . 0 T RR I8, i H
TSDTL-Stagel R FR/RNANAES 1 B Befdi H O 2K
TSDTL-Stage2 Fn AL 2 B B fd HI ST 2% 5 TS-
DTL-Stagel &2 F&7n £ W By B (0 FH ORI 2, #H
T Rl S U6 25 SR T 41 TSDTL B BAUFESS 1 Wy Befdi
FHZAR e (0 07 A4 T8 A L HUS T Itk fg, 56
UE T IZ YNGR 1A 550

\O
(=]

SYHLER%
o] (e}
(=} W

~
W

[
s

R
:

70 . -
1.0E-06 1.0E-05 1.0E-04 1.0E-03 1.0E-02 1.0E-01

SE

K7 TSDTL Bk AR AR w e 973264554
Fig.7 Classification results of TSDTL when

different hyperparameter u were used

&3 7 TSDTL AREIM R HERXBKIRANFLER

Table 3 Classification results of TSDEL when the correlation loss was used in different stages

/%
Bk HIFTIES TR o B AR AK
TSDTL-Stagel 87.84 £2.08 88.89 +3.70 86.71 £2.21 75. 60 4. 07
TSDTL-Stage2 85.25 +3.56 86.67 +2.03 83.78 +6.22 70.45 +7.24
TSDTL-Stagel &2 86.38 +3.58 88.15 +3.10 84.55 +5.99 72.70 £7.24
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