Medical Diagnosis & 2212, 2023, 13(2), 146-152 HKans X
Published Online June 2023 in Hans. https://www.hanspub.org/journal/md
https://doi.org/10.12677/md.2023.132025

HRRETEFEERENSEIGR

RARB, RER, #RAE

BRRR B SRS TR R, Wik HRRA
PR BH = BN S eV L RE 520, 9IRS FRRH

Weks H . 20234F4 140 FHBEM: 20234F6H20H; &AHI: 20234F630H

=

HE: @RV BIER (CAD) KT AR IRE S B A3, EnFRIEEST RBERAMER, K
RNEMBIGK LA RBRERKENSHE . Fik: EBRRTHFBEHELEDDTI (Digital Database of
Thyroid Image)i#t T AL, ZERBRIESH]Zstage 1fistage 2 NMESEHRKMNG, ZEHTH
PR X HAEH— B I UECNNAR AL, R S ER S K R iR EG LR EE . B & HEIEATNER.
2R FRHBEATHARBR T T 28, HHA80.91%. ib: GT (Ground Truth, EZF)
ZBINEHE ML . MR/5inferencefIH} & stage 1HEH/NXIH, stage 27EXA/NX I LAHEEB R EH
BHBEER, XM FRBEEGRBEREHE.

XA
FARER, BEER, E&LE

Segmentation Scheme for Ultrasound
Images of Thyroid Nodules

Chenglin Zhao?, Jiazhen Zhang?, Lianghui Xie2

'School of Information Science and Engineering, Shaoyang University, Shaoyang Hunan
2College of Mechanical and Energy Engineering, Shaoyang University, Shaoyang Hunan

Received: Apr. 14", 2023; accepted: Jun. 20", 2023; published: Jun. 30", 2023

Abstract

Objective: To perform thyroid ultrasound image processing by computer-aided technology (CAD)
to show the subtle differences between benign and malignant thyroid nodules to ease the diffe-
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rential diagnosis of thyroid physicians in clinical practice. Two networks with the same hyperpa-
rameters of stage 1 and stage 2 were trained in a cascade framework, followed by a five-fold cross-
validation to further validate the CNN model, and then the images were tested on the unprocessed
original images. Finally, the combined prediction results were obtained. Results: The segmentation
was effectively achieved while avoiding overfitting, and the cross-comparison ratio was 80.91%.
Conclusion: GT (ground truth) was trained for each of the two networks. Then inference was done
with stagel to frame a small region, and stage 2 was used on this small region hoping to get more
detailed segmentation results, this method did improve the segmentation results of thyroid im-
ages.
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1. IR

FATFEH T —Fh I T A R A P IR IR 25 715 70 B 535

RGBT WIG T SRR R T BRATHEATR BRI 250 . 210, X RHZ WA A IR KN &
PR, RO AR AR T EE A AR IR NFHR[1] [2]. B, SWiERe R RIG BRIY . BB SRR
MR R, FET BRI EOR Ol 2 1 T3 BB A 1 A BB A/ sONAR IR AL 1 2 5 A i, BRAE
S x S 20 RRAGOR AT AR AT/ B R i AR, RT DA B R WX S 3 B i R AP AE B i 9 T2 SRR
AP 1], E AL R 4 (CT) R/ B LR SR (MRD AR O 2 . (5B T RUG R, 2 Wik RE
LUK KR R3] 2RT, ik i) R A A DR AR T R AR AN N FR RN B8 . O 1 e HOX — il
THSENL B2 T R G8(CAD) CAHTIT K BINUARH H TBLSE RN, s Wi FL55. A FUR R .
RBRALT ARSI — N BB E, 6 A A 70 WA o A R 2 (3R, B = R R B S R AN PR IR R
EATRTT ARSI BTN EEAER, BRI S WA ST OOy 2 .
U A AORIT FUARIE ,  FRODR R DX L I — A B 2 i At 5 DR Alee (R 5 1 B B IR RS 1 2 —Fh
HYBLAE AR PR AR DI 57 b . AT RE I 2 A AR GRS, IR, 1EH FURARAE S0 AR K Bl
R BREE o FFORAREE ARG FLAs m, W AT 2008 RAE IR PS5 T MBI (T S EUTUIR ) IS £ R
AEPER B, FARBRES T 00 AR &  BUEE (e . B 25T A0 EL,  FORIR X AT e 2
BUsRR . BLAR R X B RO BN AN K, (EVE 2 3 305 5 ) LRI/ o o 25 W B R o PR R o 28
VRG] FEOTR I [4]. EISHE, RIS AT FEIRE, K2 BOer il B FOR AR EE 5 & R AR B .
PRI, BRI WA T R AR R

IR, IXLETTIEAR AN+ B BT A9 — P B AR T G 1) FR AR5 5 2 T S 82 P T 2% Ao g
JH o S 33 Y v 7 e G P 980 2R 7 A IR R DT R o TR, 205038 1 =R 1 IR 5 110
R, WA SE K L 575 HPIRBL5] -

AP P R ARG T B, O 230 CAD X FCARBRES 1A AT 73 S fm R L 55 B e i FOR
HRZ Wi EAR L, HORARGS 1T CAD J5 v Ad P A5 FOR RS 5 R AN 77 2 HOIR RSS9 DX/
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A TTIRS(RIEECENE) . 5IEH BB R, FURIRSS T CAD R4 H 2 M UG AL B H R
MEA T EUE P EUE S, BT/ or 25,

BEE R B RE R ML BT ALBE B TG(GPU) SRR AR, 5 TR B 2 2 AR A5k bk
I FH T A e = 2 MG AR FE R GE b (V22 1A 6] 0 X6 T FOBR R 5 15 ARG I/ 20 28 ) fE, R F-IR B = ST O Uik
WS TARKHIR Y. B ARRITR, BETIRES I E, WEHAE M (CNN), LA A
FH I SCRARFAE BRI 3 288 e R, A2 A5 F T TR R (8 2 ) RAE SR BT v . BRI, B TR FES: ST
LT THIMER 5k mT LU= AR AR 25 . 7F Zhu 28 N — TR FC A, A4 H T —Fh{E F CNN
ARG RFIRBREE ST e FEABNTEIRETE A, AATIXS % 25 4 (FE T resnet]8 [RIM48)iEAT T 1A, FH{F
ARG T RIFI3 K45 R 5]. 5 Zhu AW TAERAL, Chi 2 K TAEEFRIFH CNN W 4068
PR AR EE 15 UG 3 208 RAESE T RS I [7]. SR, 5 Zhu S5 NPORFZEANFIG A2, Chi 25 A(EF A
ML IHEAT 0. BRAh, AR TS T P BOE 5511 25 CONIN R TR, DLyl /b s 4045 1) R Fy S i R A N PRI Fr 2
o fEHAD—SERF 7T, 40 Song £ NFIRT TR W], Song FIRLINANS» 73047 93 2. FE MR, Song
S NS T 22 X8 B S A I X 48 (22 R SSD)ER Yolo 190 248 54631 8] 2% SHCHE IS A 00 6 s Py o7 4% 7 32 64
i, TEPATHFOPIRZ AT, BT LALRRE S RS XK. SR, R MEFR BN, T B4 25409k
W8], fE Sundar ZF NFI—TURF L, fEFFEH T —AMEH CNN W28 HEAT FARIRESE 15 4 2 1) — R AE
0, AHERORE . MSKFFURIIZR AN B P05 DI 2R 50 X 28 34T UG AR AE SR B . B Al AT 19 e i ik, A1
FAPIFPAT I CNN Z5RGHEAT T S Fhs2as, A — N ET VGG16-Net 51 AR Z ML, Fl— N
WIUE BT FE WY 2% (GoogLeNet) 45 #4991 [10].

2. SEHE
2.1. BIEENE
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W26 b A AR R B AL FUR IR AR 4L, It 4500 BB WE1, 20 Bk BANE P AEg, 1,
FEASE AN 5] (068 75 1 % P WL AR o N 7 B $ L3 Ground Truth (R PEECE) LS 17 B FELRTIA . 1250
AR A BARBEAFEE SWWMF AR, DI AMBUNE) NS5 5 IR B BdEEaRE)IZ%
R EGAIASE S, UKL EIF.png R ORAE, 40 ARE T AR A& R B A RS Rh . H
H, IIGERGIVE S H 3644 4B EFTRERIN 3644 FIEF ST HARREG . ETERBERFES
AL ARG N ARG, HharsgEz 255, SREEEN 0. BBRA%—REN
“xxx.png” o HP “XXX” EIHLEE ID (M 001 B 3644 Fi'T). 0 BAESERARAEE CSV X, A
H 1D AR EES ID NRR), FEHAE Cate @1, HAp 0 RARREME, 1 ARG,
2.2. HETLE

H TR AR R TR, H70 BRI 75 R A A OC X R B ). B 5k, AR BIME
A EBRIX L] BB R TURFHE M X3 Felth, FRATGEMEM 0 2] 255 ISR EGHEATIE x RlAT y fh
SERIHRAE, 23l 2 ERIME N T 5 AT RS . SR 5K A FR 5 1) UG OR /N BE R 256 x 256 4 AN 2R —
AN EI 25 I o

2.3, RERDEIHELR
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J ek (Dice Loss)® AN A AH [ g il i 25 25 H IR 28 34T 1 R 32 B, FRATTIESE DeeplabV3+ with
efficientnet-B6 [ 3T M ZE/E R EE — AN M FNEE AL (Mt as . WIZREE— A BIE& (JURI T BB
PR E AL, AR R AL IR b, YIRS R B4R T B BB T4 0%, FRATIIHIE
SRR, AR — AN TR R R BTN SUE BT REAS 2N R AN X 48 R 4B Ak R B B 3E R BIVE A . TR,
FAT R H B 52{E (Ground Truth, GT)$45 H B X 15 (Region of Interest, ROT) P [ G KN ZREE — N
LG (TENZRIX PN P 2 B R v, S N\ B 2 i — 19 X ) o

LUNZREE AN, FRATTR L SHELS B &5 7 BOGEI IX SR TT, S8 55 R ROL A i G BY
Hok, BN 512 x 51248 K, DML AN .. AT, ERZHmeId, Kas
— A FHEAE, 0 EL/NGE T K FEAE S R I B F R R 2 2 K PR 22 S R (T 1. B 2 B
I, 155U B (G B 2200 T /NG5 9 10 3 B R AT BB S WA 3 o, FETRALBRJS R/ 256 x 256
BEIEG T, B1F 24O X N7, AR JEE IEJTEAK n KT 80, AT m o 20,
0 m R 30,

Figure 1. Comparison of large and small nodules
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Input 1 GT1 Input 2
(input of stage ) (groud truth for supervising stage 1) (input of stage IT)

Figure 2. Pre-processing diagram of segmentation data
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Figure 3. Split training test procedure
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Wi B nyg s 6) #EER. KA (A HE58 (TTA, Test Time Augmentation)if & 3 = 2> B AL (12 AL RE 11 . 7E
BATAEZE T, TTA BFMH T2 EUES T BRI, ACPRIEEA 180 BEEl: .

KT NGRS FRAT S F L4758 BRSPS B3 th i ik e R . FRATIIM s, A B FF ISR
SERNIEAIE AL P 45715 I R/NRZE B o A A AL o SEBR |, 85735 I /N & TR 3L S I B 40— 256 x 256 15
Fo BATERESN=AED: 1) MT 1722185 2) /M 5666 R KT 1722185 3) KT 5666 1%
o XWABIME, 1722 BEM 5666 BR, R =720%, @Bk iparis, KA ESR. B
DFEAGRFE L (p < 0.01). AT T ERAMEE N S NEH, FFUARERNRRITSE
BT BT S . X — R AR T e FAR T B B R R NI RS o A
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Table 1. Fifty-fold cross-validation segmentation results based on “DeeplabV3+ with efficientnet-B6 encoder”
% 1. EF “DeeplabV3+ with efficientnet-B6 encoder” B ITIZ X IIES EILER

fold Stagel TTA at stagel Stage2 TTA at stage2 DsC ToU
1 Y 0.8699 79.0
1 \ x/ 0.8775 80.01
1 S \ 0.8814 80.75
1 \ \ \/ 0.8841 81.05
1 J Y S 0.8840 81.16
1 \ V V \ 0.8864 81.44
2 \ \/ \ \ 0.8900 81.99
3 \/ V \ \ 0.8827 81.07
4 V \ \ \ 0.8803 80.56
5 y S v V 0.8917 82.07

4. FHeR4,

SRR, BEAAR R R 20 9 B TAL BRI St 03 0 J5 AL 3 =800 o o, i TR AL B 4
T8I B S S Y SR N R T JE R SR A T R, ARG DL SR — TR B . R
XFFRETIYIGR, KA M4 E B HESE Deeplab v3, FE A T #REAE /151 Efficient-Net B6 /E N3
TG HATRAESRE,  [FIBTS5 6 7 T 28 SCIUE RN 3= & (155000 18 53 25 I SR T AR 7 PR 6 A 23 ok 2 1| 55
A b G LA RS, B0 T S A PERE . RENERIZ, 1EE M0 HIN 4 HE LR HL T R B
e, B8 - AorE), Sefa, B EIE 2 R B 1 DA 1Y s SR S SR — 2P 13 4y . X PR
PRaf 2R H W I, A%,

EEWH
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