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Study on Thyroid Nodule Detection Model Based on Deep Learning Algorithm Mask R — CNN
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(Abstract]  Purpose/Significance To establish an object detection model through mask region — based convolutional neural network
(Mask R —CNN), so as to intelligently identify the nodule location in thyroid ultrasound images and provide references for the decision —
making of ultrasound doctors. Method/Process 1 650 ultrasound nodule images are collected, and the labelme tool is used to label the
nodule locations. The backbone network of Mask R — CNN is replaced by MobileNetV3, ResNet50, ResNetl01 and ResNetl52 respec-
tively, feature pyramid network and region of interest align are introduced. The model is trained using transfer learning training strategy
and the object detection performance is compared under different networks. Result/ Conclusion The model trained with ResNet101 for the
backbone network has an average accuracy of 86. 8% , an average recall rate of 95. 3% , and an average F'1 score of 90. 6% , which is su-
perior to other backbone networks and can detect thyroid nodules more accurately, and has certain clinical application value.

(Keywords)  thyroid nodule; Mask R — CNN; object detection; neural network

({#EHHE) 2024 -11-26
(EEfEN) A, TRIN, £FR0eSC2 5, @EESE . Wik, Wt S% ORI,
(E£WB) EFAK/PERESRHWE (WH%S: 81971708)

.84 .



ESEESRE 2025 FE46 B53 0

0

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 3

L
T

FRBR MR 445 79 7 R A 2 0 N Y — o S 3
A, ATLUR R B K, H ULAE AR A0 A S b b
PR . A T DRI REE S L FROIR IR S RE S
o HURIRES W R Z BN RAE, EBMERA 5% ~
7%, R, R A IR A B B 2RV S AT
AR A S ] 6L 25 A S A i PR 3 £ R R 4 4 A
T R DA R ) A T 1 i
(g, HAMERRIEX TREIREL)r 2 RHE, A
[Fi P I S 24545 A8 P W A e R 57, A 5 T
wizalwig .

BT NI RETR L~ 53k B SR FHopR iR 4
VL AT AR G SR R 22, AR S TR A
WERR . ITAERCA AL A S st A sifb R IR
45 9 KW 7 . Zhang LS {4k B S T
YOLOV3 i 53k 5 R0, A 0 F R 45 19
YOLOV3 & —Ff 5 [y Br FH AR Al 53k, ol FH B4
28 ) I 7 A A 32 DX SO TN P AR S S| AL, A
PR, YRR B AN AS [ RS B 0 A 3 17 1
%o XUWAHPEES S TR i T X s
ZMZ5 Y H AR RS 2> B 575 (mask region — based
convolutional neural network, Mask R — CNN), fE#%
AT o SR IR RGBS TR 4 4R
BT UERE Faster R - CNN SEHU HUR RS 198
PR HARGI, 3 TR AR 22 R4 (resid-
ual network, ResNet) {5 A ) VGG16 M2%, 2
R FARSS AN RE Ty o DL b S2 BRI R 25 5% Y B
— ET BTN, ToE RN AN ] 32 0 2% X A
TR

AHFFESE ] —Fh AL T Mask R — CNN ) £ FH il
e A R SC B HUR IR A A, R 4 FhAS TR Y
£+ M % ( MobileNetV3, ResNet50, ResNetl01
ResNet152) #EATRAESEEL, FIAFFIEG T (fea-
ture pyramid network, FPN) I J#& 2% #llk [X 8 X} 55
(region of interest align, ROIAlign) , i fE &4k
AFERGFRY H bR, Ja8 i R A ARt 5, 48
HESEERT A RRESRI, B/ B AR IRE . %

FUAS [R) 21 R 45 HUR IR AS R ROR , e fe ik
MRERY, Dy e AR A4 AT 5 | A Y 45 R A7
BE%,

2 TWHHE
2.1 HIEmAIE

SR HIR I PR 807 B8 e ((digital database
thyroid image, DDTI) FIHLRIEZE Y ( thyroid nodule
3 thousand, TN3K) 7 JF %5 95 4 Y1 25 A 55 JIE 5L 7Y
DDTI s FE 40 5 ok B 50— 4519 637 i 1R R %
PR IR IR ALAS , TN3K $dla S 64 3 493 5k
BAEIG, KH 2421 FEES . WP ERSE T
EHL 1 650 sR&5 EIR, JeibfT WA FE BT, Bk
HE S BARE X IR, 00 labelme™ Tt FCER i
MRS T X SR AT AR, R T A A 2 25 05 0
SR )5 18 FH labelme2voc. py JIZR A= i PASCAL VOC %%
PRAEAR AU s e AW ST B A A HOR AR 251
PG . AR R A BRI Y XML A% 2005 25 301
PL8: 11 By L BEATLIN 43 I 2R« Boriik B A ik
8, ARFRALNG . SEOREASRITAL

FEDREE 2 > BRI, T 38 Il 25 B A 5K
L OWHCOR BRI, XIS AT R LK T B
. CIRMRIEE R . BEVLIERE 48 IO S, A
FER TR N 7K - B0 5% X BLR R AT BAL 3, % s 1Y
XML FR%8 2575 A b B WL IBIAE A0 3, ¥ 5E )5 1
RS RE SR B R L5

2.2 Mask R-CNN R4&i&ER

F T 2% 53 SR HY 5 B 2 ) 2% MobileNetV3 Al
RJE ResNet ROV EATRAESEI, LB R 2%
WIS . 2 BRIy F1 08 1A
FPN 1 ROIAlign, K& HIHE M R E A ] (non -
maximum suppression, NMS) %8 K14 FHE 0 &5
R AE
2.2.1 Mask R—CNN Mask R - CNN J&—/Z(T
SFFIREE IR, TE Faster R — CNN Bk pySa B
RIEMR, Bk HArfaet, & HArits
(9 B ARRI L o sl Mask 433 A 56 543

.85 .



ESESSRE 2025 FEE46 £553 H

JOURNAL OF MEDICAL INFORMATICS 2025,Vol.46,No. 3

155, BT T AR MERR, 45 ResNet,
FPN., [X I8 f& 2% ™ 2% ( region proposal network,
RPN) | 73ISR AL, WLIE 1,

1 Mask R-CNN E A&

2.2.2 SRR LA FRAESRIUM 4 24
MR, T EUR R RE SR, AT
ResNet Fll MobileNetV3 V£ E T M %%, ResNet &—
FIIRIE P8 254, Tz T BRI 2. B
R ANTE o3 BRI EAT 55, AR ZEOR R

Gy R E W4 FIR )2 M 2%, HoH ResNet50, Res-
Net101 F1 ResNetl52 J& T8 2 M 2%, & F L & AR
HEACBOAR TSN 25, il D J3E TH 2Rl 38 J A [
RO DATO B e 9 245 R i 2 BB o SR T 5 B
MY shalim AR &, 78NS B 1 450
T, MERLNW ANt &2 24 AL, MobileNetV3 28 i:d
VI F1 V2 IS RRAS YRR B, PR R B
HASHRD . EEHR, FEEPEmgLE, 0l
YERET ML N T B AR AT 55 . ABF5E R H
TR 2= Ty i e AT BRI 2, 38k 2 I 25
SRR RO UG L S B Rmk, 7E/MEA S
AT A RE S I B AR A AR o i AN Y
BEREAR ISR A (R IR T A R S R
IEA R LS KUK . 3% B ResNet50 . Res-
Netl01 . ResNet152 F1 MobileNetV3 i 47 £6 ] %5 5
XPEG, 54 FPN 427+ H bn ke I aE . 9 45 25 44,
LI 2,

ResNet101 i i*ﬁ:fﬁﬁ?tﬁ IMaxpool'—H P6 |
— el al{al{c] ! I FPN |
! o) = Nl i 20x20X256 {Go 30353560 !
1 320x320x64 < ® = 2 _:’"E 1Conv(3x3x256); v Ps
' s | s S i 2xUp |
I = SRR 40x40x256 3  (ony(3x3x256)1
: A R 2 il g " P4
FIfR]  1640x6403 Conv(1x1x256) ! 80x80x256fxgp . 256)5
I 3 = F o 7 o ! I:}P3 7 sonv(3x3x | :|P3
< 2 X g i 2xUp :
: é = s S i 160x160x256 | (" < 3256)!
1 = X = o I .onv(3xX3X !
1320x320x16 |2 S g | = 2 | (- @

MobileNetV3-Large

—§—>| Gl F—] a3 }—f co |—v|Cl;|—>|(1I

B2 FPN M54

ResNet )2 M 45 DA ResNet101 + FPN A4, £y,
5 B T ResNetlO1 SZfg . A BT Y FRAE
SCEE AR S 3 NSy BRI BB EE AR ER
JZ C1 3] C5 (AT I RS- BGT , BIR &0t ik s 2
B RS FH GE s kAR AR AL, &5 S 2 CS
ARHIE S S AR E £ 20, 20 12 048, F )21
A o) 2 e v 2 R A R AL T B AR AL B, 9EAT
BRI x 1| @IEHCH 256 MEREHE, Al
PG T8 IR 5 AL 1] 1 1 50T B Dy 256, 45 B HRRAE
K P2, P3, P4, PS; AAJG Y FRAEMRHE K 4T
INARAE, RS Z 5 FR AT 3 x3 BB TE

.- 86 -

LR PAHMESE T AL, B AR ER R IR B
BB, A5 B R 24 R AE . MobileNetV3 A% it
TR R — SR S A TR w] 0 B 5 R A
e S (SN WAy R N N [E2 A R 9 |
MobileNetV3 — Large fliAs, PM4%—3L20 2, BEH4
JEHATRHESRIC, MRG0 TFiG, REIRER SN
3.6, 12, 16 94 2, Xpi4. 8, 16, 32 5Tk
A, GBS A2 B RHAE 1B RT 43 B4 ic hy
€3, C6, C12, C16, FPN 454 & A AR Ry
FROERIEATREG , s 2 iR AR R 7R 2% RO R RE
EAE AR W A AME RATE SCE R, 3 o 25 5



ESEESRE 2025 FE46 B53 0

JOURNAL OF MEDICAL INFORMATICS 2025, Vol.46,No. 3

TR IO R 2 AR 22 [ AR T A
2.2.3 EAFmINAEL R 7E FPN 9 5 AN RHE
Bl (P2—P6) E 43 ikt B & 5 MR ER KN A A
(32, 64, 128, 256, 512) (MEIEHE, JfiE 3 #h
KFEH (0.5, 1.0 f12.0), BPAEANRRAE B ) a4
BER B3 MR, b RSF RO R E 15
BRSHRIN R BEAE, BB A% 5 4 Hb & /N B FR
{CNE AN O SR N R IR e 2 1/ A s
TR B e B ROH R, DA K H A i Al
A A FAS [a] RS B4 AR A T ke A S [] /N 11 4
A, $Ew EER R A dER e A RioR T 2t oy
KA, RPN 230k € & 5 & iy ROI, iX
SO TR HAREY 282 . Mask {5 QA HE(E
IEfR B BT ROTAlign FE4T B b B2 1 R AIE 4
W, PR JGEEM L, AT BARI 326 i FHE
PORE A 10, S8R B AR R A4S

2.3 {EMriERR

R T AR T M 2 MR ARL AR I ROR K
. (intersection over union, loU) [ [ {H i &
0.5, WA ToU KT 0.5 WAy HAR B 455 1 1
Wi 2, i HF RS E (precision, P) | -1y
AR (recall, R) FF2 FU 53508 k6 34
febr. AP ELFHTE (true positive, TP) 7R IR
I R IR 255 67, R FHPE (false positive, FP)
PR — DAL FUIR MR EE 1Y 1) DX 52 b 1)

Wi A 45, BIHYE (false negative, FN) F/RH
TAEAT ARSI 4 — A S B 35 A7 FROIR R 45719 1) X3

- TPTE FP (1)

k= '1‘PT+PFN (2)

fﬂ=2xgi§ (3)

3 MRER
3.1 AREEFTMELIWERITEL

SR AR JZ M 2% ResNet #11 MobileNetV3 -
Large iy 3T P24 ) Mask R — CNN 8, Xf &4 H

ARREE T 0 BB S AT R, b e AL 38 /)N
ZH0 (batch size) WEA 4, HERWEL (epoch) &
B 100, SR R UOR S, IR RRE
S 0.004, FEIPIREZEFEF N 0.1, DL ResNetl01
F TR} Mask R — CNN Il Zoisk £ v ) 468 2% Hl o
RO, W 3, HIEABI 16 fEm e o) R
FEF] 0.000 4, FEE 22 AT R F] 0. 000 04, &
2R 2] FOE D AR B TE A [ B B ak 21 58 47 1 )11 25
R FRSE T

40 60 )
KL

B3 gk R Lk

4 FpOATR] T 2R 225 100 FE k4RI 2%,
IR IR RIS KGR E | PR 4 [l R | P2y F
OIRCRIFEI RS LEAE R, W 1,

F1 FARAETMELBERILL

‘ T PP RRRIBRER
LT R s
WL HEE M (B)
MobileNetV3 0. 802 0. 962 0. 875 0.26
ResNet50 0. 803 0.923 0. 855 0.33
ResNet101 0. 868 0.953 0. 906 1.45
ResNetl152 0. 844 0. 942 0. 887 6.48

LIz B ) 2% MobileNetV3 2 3= T W 4% 1) Mask R
- CNN Yl g B, #EIFD, (HIERG 0 iR )2 M
#% ResNet101 F1 ResNet152 [k, ResNetl52 5 Res-
NetlO1 K558 & M1 22 85 /v, FERT /& ResNetl01 [ 4
2%, INgEEE ., MEERRENZ, AR
P25 AL AR B AN BT, e TR, Horp
ResNet101 /A48 - MRG0 B e e, WA 4

.87 -



EFERFRE 2025 F5E46 H553

JOURNAL OF MEDICAL INFORMATICS 2025,Vol. 46 ,No. 3

MobileNetV3
ResNet50
ResNetlO1
ResNet152

40 60 80
LSRRV

4 EETF W& E %

3.2 HEMAXI

Ry TR £ AR PO B R AR ) Rk, BT
Mask R — CNN 3%, DL ResNetlO1 JyET M4, 5]
A FPN S5 3§k FHIT RS 27 2] SR A JRAS [] o £ 55 4
PEATIE RS, W2, BRG] A FPN 454 3ER
FHIER 7 ) Fmg 5 PEREAS 2 W] 42 7

®2 HEMEREXIEER

\ . SE N oI SN
EF R #2005 ) ) o
e BEE M
ResNet101 e 2= 0.789 0. 886 0. 834

e Re2: > 0.762 0. 851 0. 804
ResNet101 + FPN EF2E > 0. 868 0.953 0. 906

E|S w2 0. 835 0. 867 0. 850

3.3 HEMMAERRTR

L B 0 B 4% ResNet101 F1 %2 Y [ 2% Mobile-
NetV3 T /2%, 5] A FPN Z544 3f % FliZ # 2
IS YNGR, 0 FFARR S, LA S Pifk
T 0 4% 2 BB B A 2 TN 25 2 B, H Res-
Net101 [0 265 25 4 455 70 F57 0 — 5K FROPR IR 4515 [ 7 4+
BE2 1. 03 Fb, MobileNetV3 6] 4% 4% 44 f6 7 751 i —
K 1 Fr FE R 29 0. 56 A0, EEZE R ResNetl01 [
ZREEA T 25 AR BGE (90% ), B HESR
ERIDEA Wk 8

(b) ResNet 101 B#% Fiil] [ ik

5 HEARMNHRER

W PR AR BRI 2 R, R IR 45 B
7o R A A AR PR v 1 1 4
TALE, R IR A S AR I T RE D R AR ROR,
ARSI ISR X S . FET Mask R - CNN 5 Ji
2 STHEGEAG R R MR S5 ST R IR, Sl i R 2
PRI SR, FF4E R FPN 454, St R
SPRAE Y EE I B, AR TR AR 45 R RS
FE . H AT 4% R 62 75 [ 4% MobileNetV3 FlE 2

. 88 -

(¢) MobileNet V3 [ 2% Fiiiil] [X Jaf

4% ResNet ARSI 2, 810 SEHR AT %1, Mobile-
NetV3 X231 5 FnF0I0 B Bk B 4 B e, G A+
TG PRI RS skt AN ss, HHKGHHE 5 Res-
Net50 MZEAH 22 TCIL,  BE A% 5 v it b 350 000 1 FFER R
SEIINLE . TR IR ResNetl01 1 ResNetl52
DX 5% A A5 T8 Y0 0K A E 7 THT 2% B BE 4F-, ResNet101
HAHEZNZ5, 240 B0 8 8 BOH XD
ResNetl52 2 £, 8 KA R HE R
FRRAE , {H 45— 240 P A B RO X 2 fEsk
Brii R, ARV RE A2 YN Zhid B . AL S mg Ao
BEURIIFEM , YN ER— A X v 1 R 25 A R 41 Rees-



ESEESRE 2025 FE46 B53 0

JOURNAL OF MEDICAL INFORMATICS 2025, Vol. 46 ,No. 3

NetlO1, QARINZRAG Y, R M2 AR R IRN, d
FE A 1) A B R P 205 R 2R

5 %iE

i FHUR B 2% 5] 803 Mask R — CNN 44 2 [ 46
BEAY, AT ARG B RS, 4 mp ) FRCR I 28515 |8
MIIZIIRCR . AW 5T 2o g HOBR IR 4515 1% 1 650
ik, RAEAER 12 GB ) GPU TR, k4
100 Y, HARRBAE MER e i 45 AL E, (HI g4
FEA K /D, SRS ZRI 5 327 ) 508 1 L 3
HRNFEN B, AAN RS R AR 4
THARGR, SIAEEOILE, PR m B
HERAPERIRLCR

fEBETTHL: EAR TP, BAMES %, ©
G, TERATHIBWRE., Fk, TREEFRE;
R AT ERER SN E TR T; F R R A
&, RBIRF; FIE RS B F
PR AR FAREEA AT R,

S 3k

1 THEODORA P, SARA A, ATHANASIOS B, et al. Thyroid
nodule shape independently predicts risk of malignancy
[J]. The journal of clinical endocrinology & metabolism,
2022, 107 (7). 1865 -1870.

2 HAN D, IBRAHIM N, LU H. Automatic detection of thy-
roid nodule characteristics from 2D ultrasound images [ J].
Ultrasonic imaging: an international journal, 2024, 46
(1):41-55.

30 IR, L, O0ME, F. T IEE TR LS Faster R -
CNN [ ezl R s e s gty L], b
A EARE, 2023, 39 (2) . 209 -213.

4 7HANG L, ZHUANG Y, HUA Z, et al. Automated loca-
tion of thyroid nodules in ultrasound images with improved
YOLOV3 network [ J]. Journal of x — ray science and tech-
nology, 2021, 29 (1) .75 -90.

5 XUHIsR, skfRAe, ok WM Mask R - CNN g HUR i
gi R H g (1] b EAL TR S N,
2022, 58 (16): 219 -225.

6 REIH, WHL, XK, % SR Tk Mask R - CNN ()
ZhRE ARG TR IERL [T]. BB a ik (BB
i), 2023, 47 (2): 189 —194.

7 KR, I, Bk, 5F. —FhEET Faster R — CNN

10

11

12

13

14

15

16

17

18

19

20

21

ARG G BRI St s: (1], )iy
| (BE2ERR) , 2023, 54 (5): 915 -922.

WS, BXRE, FEm, F ETYVKEHSEES
BRI A e D7k L] AL AR 5 R E,
2023, 33 (3). 71 -717.

SREHE, AL, MG, % HET Mask R - CNN [ 43§
Jiik [T]. PETAERAEYRGE, 2021, 18 (6): 843 -848.
MA X, SUN B, TIAN C Z. Tnseg: adversarial networks with
multi — scale joint loss for thyroid nodule segmentation [J].
Journal of supercomputing, 2024, 80 (5): 6093 -6118.
LEI' Y, HE X, YAO J, et al. Breast tumor segmentation in
3D automatic breast ultrasound using mask scoring R — CNN
[J]. Medical physics, 2020, 48 (1) 204 -214.

SAHIN M E, ULUTAS H, YUCE E, et al. Detection and
classification of COVID — 19 by using faster R — CNN and
mask R — CNN on CT images [J]. Neural computing & ap-
plications, 2023, 35 (18): 13597 - 13611.

WRER, M, ROCR, 5. —FloEi AL MobileUnet [ 2% i
iz R Gy E T (1], et Dk R“E# 4 (AR
Bl , 2022, 44 (1) 76 -81, 91.

MUNEEB M, FENG S, HENSCHEL A. Transfer learning
for genotype — phenotype prediction using deep learning
models [J]. BMC bioinformatics, 2022, 23 (1)1 -22.
GANG L, HAIXUAN Z, LINNING E, et al. Recognition of
honeycomb lung in CT images based on improved MobileNet
model [J]. Medical physics, 2021, 48 (8) . 4304 —4315.
s, Wrkeds, Hddl, . ARU - Net: JET Ak 220
T IIHUH M AR B IR [T]. BRoif B s
A, 2024, 45 (4) . 85-90.

HU H, LIU A, ZHOU Q, et al. An adaptive learning meth-
od of anchor shape priors for biological cells detection and
segmentation [ J]. Computer methods and programs in bio-
medicine, 2021, 208 (3): 106260.

WL, Wi, R, . JET Mask R - CNN %2
P2 A L B[] AL R SN, 2023, 32
(2):83-93.

MARUF F, SUANJAYA M, MURTALA B, et al. Combination
of thyroid ultrasound examination (TIRADS) and survivin gene
mRNA expression to determine the type of thyroid nodule [J].
Bali medical journal, 2022, 11 (2): 1030 —1034.
BALAMURUGAN A G, SRINIVASAN S, PREETHI D, et
al. Robust brain tumor classification by fusion of deep learn-
ing and channel — wise attention mode approach [J]. BMC
medical imaging, 2024, 24 (1) . 147.
ZHAO D, JING Y, LIN X, et al

Doppler ultrasound in the diagnosis of thyroid nodules: a

The value of color

systematic review and meta — analysis [ J]. Gland surgery,

2021, 10 (12): 3369 -3377.
. 89 .



