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Multi-task method for segmentation and classification of

thyroid nodules combined with ultrasound images
LIU Xia', LYU Zhiwei’, WANG Bo’, WANG Di’, XIE Linhao’

(1. School of Automation, Harbin University of Science and Technology, Harbin 150080, China; 2. Heilongjiang Provincial Key
Laboratory of Complex Intelligent System and Integration, Harbin University of Science and Technology, Harbin 150080, China; 3.
Computer Engineering Technical College , Guangdong Polytechnic of Science and Technology, Zhuhai 519090, China)

Abstract: Aiming at the problems of multi-scale thyroid nodules, blurred nodule edges, and unbalanced classification of
benign and malignant thyroid nodules in ultrasound images, this paper proposes a multi-task method for segmentation
and classification of thyroid nodules combined with ultrasound. The fully convolutional network is used as the back-
bone sharing network, and the extracted shallow features are shared to the multi-task branch network. In the branch seg-
mentation networks, deep convolution blocks are added to obtain the deep features of the segmented branches, and then
the deep features are up-sampled. An improved multi-scale convolutional attention module is proposed, which com-
bines the up-sampling results with the feature tensor of each feature extraction stage of trunk sharing network after
jumping connection with multi-scale convolution attention module, so as to reduce the fuzzy problem of nodule edge
blurs and improve the segmentation performance. At the same time, a multi-scale convolutional attention module is in-
tegrated into the classification branch to optimize the classification performance. The experimental results show that the
multi-task method proposed in this paper can effectively improve the accuracy of segmentation and classification, hav-
ing better segmentation and classification performance than single-task deep learning network. It can effectively deal
with the problem of multi-scale thyroid nodules and blurred nodule edges, and reduce the impact brought by unbalanced
classification of benign and malignant.

Keywords: deep learning; multi-task learning; ultrasound image of thyroid nodule; image segmentation; image classific-

ation; deep layer convolutional block; multiscale convolutional block attention module; residual structure
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Fig.1 Multi-task model combining ultrasound thyroid nodule segmentation and classification
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Fig. 2 Multi-scale convolutional attention module network structure
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JEINGRIEIAT 1647 GIEUE, HF4E IR 6:2:2 L5y
K R MR B LR 23 F G IR L B E
AR R

S5 b R 28 B HAR S HO - A IR RN
512x512x1, Batch_size K/IN A 16, I UH 2~ > Rk
20 0.000 1, BERLOLAL A B 3 B AL 1T (adapt-
ive moment estimation, Adam), 53 E| Fl 432843 52 W
2K A5l T 52 SUIRG A1 SR AR Ay 4 2% e B, 1 28 S
1 J¢ (segmentation cross entropy loss, SegCELoss)
532 28 XA 2% (classification cross entropy loss,
ClaCELoss) 3K Fll, 15 2|55 58 XU 1 2% PR 2K (joint
cross entropy loss, JCELoss):

LicELoss = @LsegCELoss + BLe1acELoss (3)
K rhafl EH0.5,

I RIERECH 100 W, FEIZRad B, an i
KRR FHESE 10 S URAE A T RE, W24 o) 298
DO IERAY 0.9 £ o SEI AR {4 2R3 D Intel (R)
Xeon(R) 4216 F 45 2.10 GHz, 2 5k GeForce RTX
3070 - ; #4E &5 K Ubuntu 20.04, i &>
Python 3.8.5, fif 127 ¥ 7E Pytorch HE4E N S,
32 MR

NG ) 285 2R 4 T T, AR ST 6 [R] UN-

et. Attention-UNet, UNet++., Deeplabv3+. SegNet.

ZAT 55 43 #4332 2% (multi-task segmentation net-
work, MSNet) #4178 . TR $5 b5 B 45 B 7 A
Z %Y (dice similarity coefficient, DSC), # & J¥ (in-
tersection of union, I0U) ., f# {fi % (positive predict-
ive value, PPV), A [1] % (true positive rate, TPR),

MG RUERVE T I, A ST Tk
ResNet34, ResNet50, ResNetl01, DenseNetl121,
DenseNet169 . Z 14T 55 702550 L W 4% (multi-task
classification network, MCNet) #£47 Hb %8 . T 48
PR LR ERA B (accuracy, ACC). Ki#iE (PPV) . H
[l 2 (TPR) A2 1 TAERHIE T 2k (receiver oper-
ating characteristic curve, ROC) DA S i1 £& T J7 i FX
(area under curve, AUC),

Hrh, Tp. Ty Fp B Fy 53 5 RoR 50 K45 R
ECPH M BRI R BH A A B M AR R A,
ROC 282 DL B BH 4 2 (sensitivity, SENS) AL
AR Fg AR BHAE % (1-specificity, 1-SPEC ) A i A 5

2R ZE . AUC /8 ROC HiZk T AL, AUC
R4 1, R KB R . 14028
Febrpy HAR R IR A

2Tp

Dy = Foidl,+ Fy 4)
lov = FP+;:+FN )
P= TPZPFP ©)

k= TPY-;-PFN ™
e T R ®

K DsNHRIREL, Tou WL, Acc MUETREE .
33 H#EREHSMH
33.1 B RS

B4 25 1 T R A 4 1 43 E 45 5, Ho ] 4(a)
SRR, K 4(b) 2L FARER SR, B 4(c)~
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Deeplabv3+[lo’8]\ SegNet[] I MSNet., A& )5 i M-
Net [ 5 HFI 4558
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sk G SE T B R PR S . X 4 v 4y B
WL, 5 1. 3. 8 ZH A% UNet. Attention-UNet., UNet++.
SegNet [ 43# 25 W v H BIAR 2 W1 g 1) 3t 43 %1, &
W5 G ZbR 150 B R G A Y X R A R 2 ROIT X
B, R 43 B TR0 i 45 S v sl R B A E RO X
I 8043 ROT X 48 i 7 B 8 J# 7, 1 Deeplabv3+
TR 208, AEARG T oA X b 19 2 43515k
RRE, SRR Z . 55 2.4 AN EE 25385 3
FAESVE) 03], % 5. 6 4119 UNet, Attention-
UNet, UNet++, MSNet 7776 B B B9 K 50 %l . 585 7
ZH X EE 2 B A AE R A B S4:, H UNet, Atten-
tion-UNet 47 7E K 43 # () [7] i 38 A7 78 52 1ol it o0 1

XiF E O 2 43 I /N B 2545 1 oy BRI B4, 43
E ALY 2 IS VR R A EII G . A 4(G)
A LU A SC W 45 76 M-CBAM £ X JiE 4 FH B fR
AR, 3 EI Z I8 25 K/ FUOIR IR 45 15 85O 910 b 4
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X3, I BB AR MY A R iR 25, M
Ja W EE RN, A SCHE H B 7 R S



[Ny

« 770 « O R & it 8184

g

TEAL 5 R B &8 B HEIR JIR 45 7 1 7 ]
B VP T A0 55 AR S8 HE PN 1Y) 7 Bl I 46 A5 AR
g T AR SO ek AR R IR L i

R R RM, EEIEE RGO, UN-
et, Attention-UNet 45 [ 2% E8 B A7 FL B AR L 4351
REJT, A SC I 26 ) 5L A e A 19 43 E MR RE

8% e "

elel
13

(@) JFlh (b)) TH4  (c) UNet (d) Attention- (¢) UNet++ (f) Deeplabv3+ (g) SegNet  (h) MSNet (i) JMNet
ESEES Frifi UNet

B4 FEM LS EIERTLE

Fig. 4 Comparisons of segmentation results of different networks
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Table 1 Comparisons between the proposed model and other network models on segmentation

%

DSC 10U PPV TPR
UNet 0.5929+0.0118 0.4624+0.0101 0.6546+0.0327 0.6856+0.0503
Attention-UNet 0.5826+0.0137 0.4563+0.0110 0.6477+0.0438 0.6739+0.094 1
UNet++ 0.5769+0.0159 0.4488+0.0170 0.6506+0.0558 0.6794+0.0600
DeepLabv3+ 0.5732+0.0110 0.4396+0.0136 0.5883+0.0177 0.6621+0.0150
SegNet 0.598 5+0.0203 0.4711+0.0228 0.6367+0.0390 0.6982+0.0246
MSNet 0.6179+0.0168 0.4937+0.0146 0.6938+0.0239 0.6774+0.0425
JMNet 0.642 8+0.0037 0.519 6+0.0032 0.6832+0.0125 0.7192+0.002 6

ARICOTTEM M E T IR L FON 7 ) iR )Z
AR, 2 H T FI RN I3 26 2 A 00 S M 48 R AT TR 2 4

fER I, FIH M-CBAM i 3 71 B B X6 R AiE 1Y)
BGER I AT IR, JF U RE 2 S R, if



54

Kbk, 25« B M FIRIRES 1Y 7081 5 50 R 0 24155 7 ik 0 5E <771 -

TE— R RE LA 1 HIE B A .
AN [R) T Bl 0 268 4 BOA A5 5L, 2 0 i Ko 28
A RCR R BEAT A R B2 T, 18 5 i T 7 AN
20 RIGR A IR, B FRAR SO R 46 7R RO PR A
AR GRS L, Ul W25 TR AR 4 A B R B

DSC
0.8
0:647
A\
G HLIANN
N\
TPR & 0 )~ 1ou
A\ 74 - UNet
N 4 -~ Attention-UNet
UNet-++
DeepLabv3+
SegNet
PPV -~ MSNet
-~ JMNet

E5 ARRNEDEERELE
Fig. 5 Radar map of different network segmentation indic-
ators
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Fig. 6 Cumulative distribution curves of indicators ob-
tained by each network

T2 TARSC AR AT 5 P e
SUEERY SR (L DSC Ry, Hi 2 a1, AL
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— RS AR T HAMRE R S5 REW], 2455
P 2 A5 750 JMNet 1] AT 5 M i v FRBR R 45 75 9 7
FIROR o

Fz2 5SHIEZXWIE (DSC)
Table 2 Five-fold cross validation( DSC)

R ST HRdT 3T AT SRsiT
UNet 0.5846 0.5762 0.5917 0.6074 0.6044

Attention-UNet 0.5864 0.5640 0.5694 0.5987 0.5944

UNet++ 0.5518 0.5978 0.5819 0.5670 0.5858
DeepLabv3+ 0.5798 0.5759 0.5631 0.5584 0.5887
SegNet 0.5641 0.5908 0.6145 0.5776 0.6296
MSNet 0.6124 0.5974 0.6119 0.6422 0.6255
JMNet 0.6402 0.6408 0.6406 0.6436 0.6490

323 25 T A SCRE R AE I A 1 R A7 T il S
R EI SR . A SCHE AT 55 W 45 19 ity Ttk AT
THRLSE R, 3T E 0 PERE o B 7E Bk IR
ARSI M-CBAM 3 JI AL, $8 4% DSC. 10U
FITPR A K& 5% BIHEFH, PPV A 443K 10% (12
Tho FRAAE BT IZERERINEZ SR T
PO 2 FFAE BT, 845 DSC AT IOU A K24 11%
B4 TF, TPR A K4 3% B TH, PPV 42 THE
18%. ' M-CBAM ¥E & J1 B H FIER 12 45 BT
NI, $8 85 DSC F1 10U 4 K25 14% R T+, TPR
T K2 9%, PPV 12 FHK T 18%., THRALSLE /5,
ASC S HE S B RE L T BT 554 B 45

£3 HEEMIB

Table 3 Segmentation ablation experiment

M-CBAM DLCB DSC 10U PPV TPR

— — 05046 03759 0.5224 0.6000
% — 05553 04226 0.6129 0.6333
— V06114 04938 0.7007 0.6334
v \ 0.6402 0.5276 0.7037 0.6879

332 o ELERSH

AR SCHE IMNet 5 & 22 BG40 26 h B Rk
P H BA R0 ER AT T I, dad
XA [\ 43 25 0 & o A7 003K, 75 20 A [5] 4% 1Y
ROC [k, Kk & ResNet34"”! ResNet50", Res-
Net101™, Densenet121"?, DenseNet169"'*, MCNet
FIZA SC 7 IMNet 1Y ROC ik , ROC il £k 45 1
wmE 7 B,
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Fig. 7 ROC curves classified by different classification al- 250
gorithms were used for the test data set 105
Hi 181 7 AT, 4325 45 1 AUC T FR A IR 2 200
0.565.0.619. 0.587.,0.612, 0.663, 0.601, 0.757, A%
SCI 8 A5 ] 224 55 7 VA AE 53 28 43 SR 22 W B 130
Ji 454 M-CBAM, i i M-CBAM F15% 22 5 H 41 "™ » - 100
ey 2RVERE . TEBHE SR B D YT B0 T % HUIR IR &G
R ER AT 3 A5 B AUC 1 1 AR T A 50
N L R -
4 m T o REBIEE PN Kk L bl
AR 191) 1> BBCRIVRE AS A B, G vb g 4] 8 it s 3 B8 REEMK

BEAR B Z IR e . i TR R
B, BBt o3 6:2:2, 0 T B IR R TESE Y R4
PEARIE, T IR A DL A I 2 BB s B ik
R B RS SR AN A R o R i R
KA 9 A, TG 1 BOE SR R AS A B R R Y
347, LT R 2 E R R

x4 BEEPINEG EIEMNRERSHBR L 1AHH)

Table 4 Training, validation, and testing sample distribu-
tion tables in a dataset (for example, a set of ex-

Fig. 8 Confusion matrix

5 E T AU A 5 HAh 43 28 0 25 78 i
£ ERYr e R, g 5 AL 78 ACC. AUC, PPV
F1TPR 432548 bR, HA 53205 ) 2% 19 P GE 48 Fr A
JASCRERY AT BE 2 TR R 7 B e 4R 6 20 1 1 Ol
T, HoAth W25 A e 7840 2 ST HRAE o AR ST 2% 45
IR F Y ACC AL T HAWBILA 10%~20% 142
T+, AUC 5 10%~20% 32T+, PPV A 10%~15%
B$2TF, TPR A 10%~18% M4 T, it 5 HoAd 43

BRI BB R el ek é&?ﬁ%iﬁc?ﬁy‘fa or, @Hb%ﬁ PRI i 45 Eﬁfﬂ K
Pl 183 1647 139 1251 44 396 T%iFﬁ%jj{E@A%%%NFﬁﬁﬁ , ‘EQEI%EL
i » s s s 15 1as AR AN B R, I e o R R PERE o &%
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Table 5 Comparison of the model in this article with other models in classification
BE ACC AUC PPV TPR

ResNet34 0.6129+0.0385 0.5817+0.0329 0.5580+0.024 6 0.5810+0.035
ResNet50 0.5615+0.0640 0.5997+0.053 8 0.5780+0.0413 0.601 0+0.0550
ResNet101 0.4917+0.0745 0.5500+0.034 1 0.5510+0.0384 0.551040.0320
Densenet121 0.5378+0.1256 0.5707+0.0512 0.5710+0.0480 0.571040.0510
Densenet169 0.5015+0.1452 0.5904+0.0424 0.5880+0.024 6 0.5880+0.0430
MCNet 0.6185+0.0713 0.5451+0.0370 0.5373+0.0377 0.557440.0366
JMNet 0.7285+0.0256 0.7363+0.0401 0.6790+0.0278 0.7370+0.040 0
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Table 6 Five-fold cross validation( ACC)

B Wwro 24r 3 4 Sir

ResNet34  0.5611 0.6000 0.6704 0.6407 0.5907
ResNet50  0.4574 0.6537 0.5648 0.5426 0.5889
ResNet101  0.5510 0.3944 0.5204 0.4130 0.5796
Densenet121  0.7352 0.4574 0.4611 0.4019 0.6333

Densenetl69 0.4167 0.3444 0.3944 0.6519 0.7000
MCNet 0.6093 0.5185 0.6815 0.6926 0.5907
JMNet 0.7704 0.6981 0.7056 0.7333 0.7352

R T4 T ARSCM S TE IS b AR AT I il
KR 2REE 0 . R T IR, ARSI ZAE 55 M 4%
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03 2458 2% ek RIS R R, (38155 73 26 19 0 2%
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Table 7 Classification ablation experiment

M-CBAM DLCB ACC AUC PPV TPR

— — 07481 0.7447 0.6850 0.7450
v — 0.7407 0.7481 0.6910 0.7450
— v 0.7111 0.7011 0.6550 0.7000
N v 0.7704 0.7840 0.7151 0.7850
4 % FKAE

ARICHE H — TP S 2 AE 55 9 2% IMNet T8

7 UG HOR IR S5 1 B A p2s . dlad 32 T
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