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Improved FCN Segmentation Method for Thyroid Nodules

ZHANG Yating, SHUAI Renjun, HUANG Daohong, ZHAO Chen, WU Menglin
(College of Computer Science and Technology, Nanjing Technology University, Nanjing 211816, China)

Abstract: In order to segment thyroid nodules more accurately, this paper proposes an improved fully
convolutional network (FCN) segmentation model. Compared with FCN, the atrous spatial pyramid
pooling (ASPP) module and the multi-layer feature transfer (FT) module are added. The decoder module
in LinkNet model is used for up-sampling, and the VGG16 backbone network is used for feature extraction
down-sampling. The experiment uses 17 413 ultrasound thyroid nodule images from Stanford AIMI shared
data set for training, verification and testing, respectively. Experimental results show that compared with
other segmentation models, the proposed model achieves 79.7% , 87.6% and 98.42% in mean intersection
over union (mIoU) , Dice similarity coefficient and F, score respectively, achieving better segmentation
effect and effectively improving the segmentation accuracy of thyroid nodules.
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Fig.1 Structure diagram of improved FCN model
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Table 2 Comparison of segmentation performance indicators of different models

) 4 mloU/ % Dice/ % F./% FLOPs/GMAC  Params/MB
FCN_VGG16_8s 77.2 85.8 98.23 19.58 19.17
FCN_ResNet50_8s 73.3 82.6 97.94 26.55 32.95
FCN_ResNet101_8s 70.4 80.1 97.64 41.46 51.94

U-Net 75.3 84.3 98.01 50.1 34.51

Swin-Unet 70.8 80.7 97.07 8.65 41.38
LinkNet 71.7 80.7 97.51 1.33 12.95

Segnet 74.2 83.3 98.12 30.73 29.44
PSPNet+MobileNetV2 67.8 78.1 96.30 1.88 2.38
PSPNet+ ResNet50 71.6 81.2 97.63 35.37 46.71
DeepLabv3+MobileNetV2 66.7 76.7 97.01 5.05 5.81
MHE R FCN 79.7 87.6 98.42 17.84 32.17
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mloU, Dice fil F #8453 L #RIRAS T i A0MH , B35 42 Th 1 HUR IR 45755 /9 23 B0 1R RE
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Fig.7 Segmentation results of different models




880 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 4, 2023

ZR ik, R A 4 BB A A mIoU i 8 a0 & 8 if 7w , Dice AHRL R Bt R 1 & 9 fFn . & 8.9 AT W, , 7 46
11K BGAE A 3C7 B9 mIoU Fl Dice A R BUOBUS T e =8, AR AY mIoU Fl Dice AL 2 B & =
FH AR,

85r 90

Dice /%

55 L s L 1 L L L L L 1 Il 60 L X ! ' L N N L f L )
1 3 5 7 9 11 13 15 17 19 21 1 3 5 7 9 11 13 15 17 19 21
Epoch / X Epoch / Ik

—e— FCN_VGG16 88  —*— Segnet ) —e— FCN_VGG16 88  —— Segnet
44444 @ FCN ResNet50 88 —=— PSPNet+MoblieNetV2 ...@ FCN ResNet50 88 —=2— PSPNet+MoblieNetV2
—s— FCN_ResNet101_8s —S— PSPNet*ResNet50 —s— FCN_ResNet101_8s —S— PSPNet+ResNet50
---A--- U-Net B Swin-Unet ---A- U-Net —  —®— Swin—Unet
—o— LinkNet —&— DeepLabV3 o— LinkNet —B— DeepLabV3

B MFCN B IIFCN
&8 ASIa) 43 BB AL TE 30 UEAR KR ¥ mIoU i £k K9 AN[E] o3 B RLTE 36 TR AR K15 LAY Dice £k

Fig.8 mloU curves of different segmentation models Fig.9 Dice curves of different segmentation models on

on validation set images validation set images

Rt — 2 B R AR ST 4R R TR R A IR R ®3 SWHRRBET B EERIER L
S5 04 E P BE L B AN SC BRI 5 R [ 18, 20-23 ] Table 3 Comparison of segmentation performance

T3 A B R B 2 T A4 e AT S AR ) L, 2 indicators of existing thyroid nodule seg-
3 A FFAR M5 3 0SS0 PR 1 9 43 P 6 A mentation methods i
St g . 2 3 AL, A SCRUR i mIoU | Preci- VRES mloU  Precision  Recall F,

sion, Recall Fll F, 4% % 4% B k1 79.7% . 99.82% k(18] 65.8 97.78  94.63  96.18

97.06% 1 98.42% . Atk T SC#k[20], Mgy CRR200 779 9847 9815 98.30
FCN 7£ mloU, Precision #l F, 2> $0 48 4% b 43 542 SCHik[21] 73.7 96.97 98.18  97.57
JFT 1.8%.1.35% H10.12% , 7E Recall #§ 45 | & k(22 753 99.02 9.0z 98.00
7 1.09%. ML TCM21], 78 Recall bt N3] 788 98,25 97.05 9764
2 1.12% B B F 2k 9 FON 26 mIoU . Preci- W FCN 797 99.82 97.06  98.42
sion F1 F1 73 848 #r 43 5l &+ 1 6.0%6,2.85%
F10.85% . AHE T SC#k[22], 2 i FCN 7E mIoU | Precision . Recall #1 F, 4> 5036 45 43 B4R T T 4.4% .
0.8% .0.04 F110.42% , Zi4a9: 8455, %) H SCHk [ 18, 20-23 ], A SCH AL FE mIoU , Precision Al F, 53 B8 b
HUAS T R R, ST o R A 7 IR AR S > B fE
2.4 HRXI

W FE T I 48 %43 T 00 265 P R (4 5 W, LU M 22 i TR AR B IR % HEAT S0 X LY, A I %
SERMIRREANAE o 36 4 AR 32 N 45 78 HOIR AR 2571 IR 42 G i o B REFE AR X Lt . Hr R 4T L,
7 DR R 2 1 MR AR EUS R VGG L6 1E 8 32T 45 HEA T AR AE SR B, 20 0K T R . ok, mIoU \Dice #l
LA E F 4350 FLOPs Al Params 43 51135 £ 79.7 % .87.6 % .98.42% ,17.84 GMAC #132.17 MB. M LT
K F ResNet50, % FH VGG164/E R £ T M 4%, mloU, Dice fil Fy #8454 A2 F+ T 5.3%,4.0% 1 0.43%,
Params f8 bR AR T 45.32 MB. Z54 250 45 50 A b TR FH AR RRAE SR BRI 25 R FH VGG L6 /8 1M




RAIE F AL EBRNEMEGTREETD 22 7k 881

x4 TEREFTWESEIMEREFRIRIT L

Table 4 Comparison of segmentation performance indicators of different backbone

B R CE S mloU/ % Dice/ % F1/% FLOPs/GMAC Params/MB
Googl.eNet 76.4 85.2 97.98 4.32 42.49
MobileNetV2 69.2 79.0 97.38 2.67 35.34
ResNet50 74.4 83.6 97.99 9.25 77.49
ResNet101 68.0 78.1 96.85 12.98 96.49
EfficientNetBO 69.2 78.9 97.51 2.72 36.98
EfficientNetB7 70.9 80.6 97.60 9.01 126.01
Uit FCN 79.7 87.6 98.42 17.84 32.17
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Fig.10 Segmentation results of different backbone networks
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Table 5 Comparison of segmentation performance indicators of four models

53 FI AT mloU/% Dice/% F/% FLOPs/GMAC  Params/MB
VGG Decoder 75.9 84.8 97.86 16.06 15.19
VGG+Decoder+FT 77.22 85.9 98.02 17.11 17.52
VGG+Decoder+ASPP 76.9 85.6 98.11 16.79 29.84
Mk FCN 79.7 87.6 98.42 17.84 32.17

F6 3IMOPWRPRBRERSS BIMEREXT EE

Table 6 Comparison of segmentation performance of thyroid images with three resolutions

Vg EVI( S LS mloU/% Dice/ % F./% FLOPs/GMAC Params/MB
224X 224 79.7 87.6 98.42 17.84 32.17
384X 384 78.7 86.9 98.32 52.42 32.17

448448 77.9 86.3 98.23 71.34 32.17




RAIE F AL EBRNEMEGTREETD 22 7k 883

R 3K H BCE Loss 5 Dice Loss ) 3 [ W5 & i R7T AENER S EREIERITEE
e R, (3R, BT — T A i ml )  Table7  Comparison of segmentation performance
Sy KE BE 43 50 WA B e pR B o FEi % Fi S TR 1 A & indicators with different weights
HEAT N G, JF A0 03 4 R AT I . 3R 7 S AR TRl AL a B mloU/%  Dice/%  F./%
R EITERRIE bR AT . R TATH, S8 a ik B H 1.0 0.0 774 86.0 98.07
0.2. 28 1% E K 0.80F, i () FCN 7€ mIoU . Dice f1 08 0.2 794 87.4 98.40
P BIRA TRAERL. MILT o mN 10, 2pie 0T 00 T8T o 884D 988
B0 0.0 B, B #F # FCN £ mIoU | Dice #l F, 5+ I 4 00 0 ol 672 0856
BRI T 2.3% 1.6% M0.35%, MILTa@BH00, o 8 SR 9eE
PIEAT S A ‘ ) , 04 06 78.5 86.8  98.29
SR B E N 100, SR FCN7E mIoU Dice 1 F, $§ 0.3 0.7 - 26,1 08,02
bR B4R R TE T 1.0%.0.6%0 f0.21% . 84 a4, g 20,7 476 98 A2
RS a N 0.2.0 08B HMFCNAERATLL () 10 78.7 37.0 9821

S S A BB AR O3 R PERE

3

&RIE

ARSCHR R T — Bl FCN B0 A HOR RS T 20 10735, 32 BN 22 JR R AE A 1 A5 e Al 2§ 2= [1] 4

Bl Ak & 3B . Hod, Z2 2 REZ ARk B VGG 16 YRR Bl — 25 T R A, Tt 2 2 IR
TIE P10l B AR Rl 225 T 255 ) 45 BTt Ak 4 - B BB R I 2 RUBE Y A2 B A5 B o D3 4 SR H Deecoder FE3
5 AR IE B R AR Rl A 2 B R IEAR B o A SCEE 00 2 78 107 A A R 2% ATMIT 3k 52504 4 1tk A7, I
mloU . Dice Fl R %L . F, 43 %0 .FLOPs fl Params fL 48 bR AT 00T o L0825 5 2R 0 A HE T A AR 7Y
A ST AE mIoU \Dice Fl Fy = A48 45 b # AT T e ifd . (HR P a5 2% A SBR £ ik,
J S AR K T SR A TR S B R T A T B AR e R R R 43 R 4

S E 3k

(1]  PALUSKIEVICZ C M, CHANG D R, BLACKBURN K W, et al. Low-risk papillary thyroid cancer: Treatment de-
escalation and cost implications[J]. Journal of Surgical Research, 2022, 275: 273-280.

[2] CHEN Bo, FENG Mei, YAO Zhongyang, et al. Hypoxia promotes thyroid cancer progression through HIF la/FGF11
feedback loop[J]. Experimental Cell Research, 2022, 416(1): 113159.

(3] I BKS% B B o PO B 0 AT BB AR i PR 3R D). o DA 2k 2016, 26(1): 47-52.

DONG Fen, ZHANG Biao, SHAN Guangliang. Distribution and risk factors of thyroid cancer in China[J]. China Oncology,
2016, 26(1): 47-52.

[4] VAN VELSEN E F S, LEUNG A M, KOREVAAR T I M. Diagnostic and treatment considerations for thyroid cancer in
women of reproductive age and the perinatal period[J]. Endocrinology and Metabolism Clinics, 2022, 51(2): 403-416.

(5] Ee, 22, X0k JE T 2otk U-Net 9 26 g B BRES 55 8 75 BR 2 5007 ik ] T 515 B2k i, 2022, 44(2): 514-522.
WANG Bo, LI Mengxiang, LLIU Xia. Ultrasound image segmentation method of thyroid nodules based on the improved U-Net
network[J]. Journal of Electronics &. Information Technology, 2022, 44(2): 514-522.

[6] PHUTTHARAK W, BOONROD A, KLUNGBOONKRONG V, et al. Interrater reliability of various thyroid imaging
reporting and data system (TIRADS) classifications for differentiating benign from malignant thyroid nodules[J]. Asian Pacific
Journal of Cancer Prevention: APJCP, 2019, 20(4): 1283.

(7] WHCAZ R0 ORGSR TR AR S R B 2 22 RUE 2 I A B R R BRS04 (7). 3 SEALRE AT, 2021, 41(3):

891-897.

HU Yishan, QIN Pinle, ZENG Jianchao, et al. Ultrasound thyroid segmentation network based on feature fusion and dynamic



884 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 4, 2023

[10]

(11]

[12]

[13]

[14]

[16]

[17]

[18]

[19]

[23]

multi-scale dilated convolution[J]. Journal of Computer Applications, 2021, 41(3): 891-897.

MAROULIS D E, SAVELONAS M A, TAKOVIDIS D K, et al. Variable background active contour model for computer-
aided delineation of nodules in thyroid ultrasound images[J]. IEEE Transactions on Information Technology in Biomedicine,
2007, 11(5): 537-543.

CHAN T F, VESE L A. Active contours without edges[J]. IEEE Transactions on Image Processing, 2001, 10(2): 266-277.
SAVELONAS M A, TAKOVIDIS D K, LEGAKIS I, et al. Active contours guided by echogenicity and texture for
delineation of thyroid nodules in ultrasound images[J]. IEEE Transactions on Information Technology in Biomedicine, 2008, 13
(4): 519-527.

ZHAO lJie, ZHENG Wei, ZHANG Li, et al. Segmentation of ultrasound images of thyroid nodule for assisting fine needle
aspiration cytology[J]. Health Information Science and Systems, 2013, 1(1): 1-12.

ALRUBAIDI W M H, PENG Bo, YANG Yan, et al. An interactive segmentation algorithm for thyroid nodules in ultrasound
images[C]//Proceedings of International Conference on Intelligent Computing. Cham: Springer, 2016: 107-115.

WANG Lei, YANG Shujian, YANG Shan, et al. Automatic thyroid nodule recognition and diagnosis in ultrasound imaging
with the YOLOV2 neural network[J]. World Journal of Surgical Oncology, 2019, 17(1): 12.

BUDA M, WILDMAN-TOBRINER B, CASTOR K, et al. Deep learning-based segmentation of nodules in thyroid
ultrasound: Improving performance by utilizing markers present in the images[J]. Ultrasound in Medicine & Biology, 2020, 46
(2): 415-421.

JUEE K UR L R T ORI 2 ) B ST AL SE AT ST e (7). i R 4 5 A B, 2022, 37(2): 247-278.

LU Hongtao, LUO Mukun. Survey on new progresses of deep learning based computer vision[J]. Journal of Data Acquisition
and Processing, 2022, 37(2): 247-278.

HU Jie, SHEN Li, SUN Gang. Squeeze-and-excitation networks[C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. [S.1.]: IEEE, 2018: 7132-7141.

Gt AR, L e 45 JE TR L2 o 1 — A B A R 1L SRR [T] B R 4 S 4b B, 2021, 36(1): 1-21.

LIU Anan, LI Tianbao, WANG Xiaowen, et al. Review of 3D model retrieval algorithms based on deep learning[J]. Journal of
Data Acquisition and Processing, 2021, 36(1): 1-21.

MA Jinlian, WU Fa, JIANG Tian’an, et al. Ultrasound image-based thyroid nodule automatic segmentation using
convolutional neural networks[J]. International Journal of Computer Assisted Radiology and Surgery, 2017, 12(11): 1895-1910.
XTI B R A 2 Sk ik Mask R-CNIN i RR B 45 15 8 75 1614503 1 5 gk [0 3 H LT AR 5 0, 2022, 58(16): 219-225.
LIU Mingkun, ZHANG Junhua, LI Zonggui. Improved mask R-CNN method for thyroid nodules segmentation in ultrasound
images[J]. Computer Engineering and Applications, 2022, 58(16): 219-225.

LI Xuewei, WANG Shuaijie, WEI Xi, et al. Fully convolutional networks for ultrasound image segmentation of thyroid
nodules[C]//Proceedings of 2018 IEEE 20th International Conference on High Performance Computing and Communications.
[S.I.L: IEEE, 2018: 886-890.

ZHOU Shujun, WU Hong, GONG Jie, et al. Mark-guided segmentation of ultrasonic thyroid nodules using deep learning[C]//
Proceedings of the 2nd International Symposium on Image Computing and Digital Medicine. New York: ACM, 2018: 21-26.
YING Xiang, YU Zhihui, YU Ruiguo, et al. Thyroid nodule segmentation in ultrasound images based on cascaded
convolutional neural network[C]//Proceedings of International Conference on Neural Information Processing. Cham: Springer,
2018: 373-384.

BENT, T BT, sk Z0FE Rl L 000 235 0 1 J2 S0 BEARR A9 FEOPRM 45 1 i 8 A R T L), i [ R IRDE 24 4, 2018, 23
(10): 1582-1593.

CHI Jianning, YU Xiaosheng, ZHANG Yifei. Thyroid nodule malignantrisk detection in ultrasound image by fusing deep and
texture features[J]. Journal of Image and Graphics, 2018, 23(10): 1582-1593.

SNy BEAER AR BT B TE R D HLRI DT R [D ] K 3 MOk, 2022,

PEI Yun. Research on attention mechanism in medical image analysis[D]. Changchun: Jilin University, 2022.

SIMONYAN K, ZISSERMAN A. Very deep convolutional networks for large-scale image recognition[EB/OL].(2041-09-10)
[2022-06-13]. https://doi.org/10.48550/arXiv.1409.1556.



KA . HAAEBANZEMA Y FIRIRET 5 5% 885

[26]

(27]

(28]

[30]

(31]

[32]

(33]

[34]

[35]

[36]

[37]

fE&

BA J L, KIROS J R, HINTON G E. Layer normalization[EB/OL]. (2016-07-21)[2022-06-13]. https://doi. org/10.48550/
arXiv.1607.06450.

MAAS A L, HANNUN A Y, NG A Y. Rectifier nonlinearities improve neural network acoustic models[J]. Journal of
Machine Learning Research, 2013, 30(1): 3.

CHEN L C, PAPANDREOU G, KOKKINOS I, et al. Deeplab: Semantic image segmentation with deep convolutional nets,
atrous convolution, and fully connected CRFS[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 40
(4): 834-848.

JHIR R G A T UM 28 19 4% 11 5 18 2 5 9 03 0 532 (7] WO 5 1o R L 2021, 58(8): 381-388.

ZHOU Su, WU Di, JIN Jie. Lane instance segmentation algorithm based on convolutional neural network[J]. Laser & Opto-
electronics Progress, 2021, 58(8): 381-388.

CHAURASIA A, CULURCIELLO E. Linknet: Exploiting encoder representations for efficient semantic segmentation[C]//
Proceedings of 2017 IEEE Visual Communications and Image Processing (VCIP). [S.1]: IEEE, 2017: 1-4.

JADON S. A survey of loss functions for semantic segmentation[CJ//Proceedings of 2020 IEEE Conference on Computational
Intelligence in Bioinformatics and Computational Biology. [S.1.]: IEEE, 2020: 1-7.

LI Xiaoya, SUN Xiaofei, MENG Yuxian, et al. Dice loss for data-imbalanced NLP tasks[EB/OL]. (2019-09-07)[2022-06-14].
https://doi.org/10.48550/arXiv.1911.02855.

XIONG Ruibin, YANG Yunchang, HE Di, et al. On layer normalization in the transformer architecture[C]//Proceedings of
International Conference on Machine Learning. [S.1.]: PMLR, 2020: 10524-10533.

LOSHCHILOV I, HUTTER F. Decoupled weight decay regularization[EB/OL]. (2017-09-14)[2022-06-13]. https://doi.org/
10.48550/arXiv.1711.05101.

YANG Lei, GU Yuge, HUO Benyan, et al. A shape-guided deep residual network for automated CT lung segmentation[J].
Knowledge-Based Systems, 2022,250: 108981.

PERAZZI F, PONT-TUSET J, MCWILLIAMS B, et al. A benchmark dataset and evaluation methodology for video object
segmentation[C]//Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2016:
724-732.

MOLCHANOYV P, TYREE S, KARRAS T, et al. Pruning convolutional neural networks for resource efficient inference[EB/
OL1.(2016-09-19)[2022-06-13]. https://doi.org/10.48550/arXiv.1611.06440.

(SR

FKHELE(1997-) , &, A+ 1f
SO WS Ty 1) IR 2 2
[ % E A% Ak B 4% E-mail :
1599830541@qq.com .

I8 (1962-) S 6%
BRSBTS I R
RN T

E-mail: sjwhy@ njtech. edu.

B & (1997-), B, 8-+ HF
JEA BRSSO T IR S
P 2 AR b 3

CNno

SR (1982) , 9 L Rl ¥
e L Sl e
GEE TSI TR EF SN TR e
gz o

BUR(19957) 55 i LB 5
2, R FET5 1A A BE A ) IR
G

(82 Z &)



