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[ Abstract] Objective To propose an improved algorithm for thyroid nodule object detection based on Faster
R-CNN so as to improve the detection precision of thyroid nodules in ultrasound images. Methods The algorithm used
ResNeSt50 combined with deformable convolution (DC) as the backbone network to improve the detection effect of
irregularly shaped nodules. Feature pyramid networks (FPN) and Region of Interest (Rol) Align were introduced in the
back of the trunk network. The former was used to reduce missed or mistaken detection of thyroid nodules, and the latter
was used to improve the detection precision of small nodules. To improve the generalization ability of the model,
parameters were updated during backpropagation with an optimizer improved by Sharpness-Aware Minimization (SAM).
Results In this experiment, 6261 thyroid ultrasound images from the Affiliated Hospital of Xuzhou Medical University
and the First Hospital of Nanjing were used to compare and evaluate the effectiveness of the improved algorithm.
According to the findings, the algorithm showed optimization effect to a certain degree, with the AP50 of the final test set
being as high as 97.4% and AP@50:5:95 also showing a 10.0% improvement compared with the original model. Compared
with both the original model and the existing models, the improved algorithm had higher detection precision and
improved capacity to detect thyroid nodules with better accuracy and precision. In particular, the improved algorithm had
a higher recall rate under the requirement of lower detection frame precision. Conclusion The improved method
proposed in the study is an effective object detection algorithm for thyroid nodules and can be used to detect thyroid
nodules with accuracy and precision.

[Key words] Thyroid nodule Ultrasound images Faster R-CNN Object detection
ResNetSt50

PAEA, BRI S 10 R SR A1 i, X G2 1 5. ORI IR, A2 T R s 5 ) B A A

BFEEYE, RS FIA T DA R IRAET R, s H TS FERB S UG L, R IWT 2515 A B RVRCER, Rit—20 2

Wi S, (R MR AR I BERAIG . M B ™ B 55

- \* N i FH S & 1R (No. KC1?174)\ ff?é%lill"‘ﬁ‘ﬂkwlm\é?ﬁx% ], % [ 002 1 4% 5 2 ) [ R 1 PR 5 4 T 2
ZFEFFLI H (No. XZSYSKF2021030) FIfR M BERL K 2 B B2 B e S BHIFF 701 H X . . e

o, 20237126988 P SRR, 3 G4 T e T FR R s 15 e g

A W{FVEH, E-mail: xyfysbczhaolei@163.com Pehik .

® .

1




916 PNl (BE22 R

5 544

Bl TR S TR LA 8 T 1) B I R R A5, BAR
R 5 B B 2 U AR B iz N HA, FRA TS
JE 2> ERRAIN 12 T3S BB B RO Bk I B
B B R F I E 4 A RELARL, SR T R 3R R AL DA
YOLO™'RFIFISSDM R I AT . XU Bk &
A AL IR, AT OGRS, F0EA T AR 32
HANY A R-CNN R F™, Mask R-CNN4E

RCES IR VN A e VR S P S Rl
ST TIEZ 050, TR BUG I AT ST, WANG
S BT Y OLOv2 114 3 3 i Az ) 1o 288 HU 50 FH AR i 45
T AL E AR, ZHANGAF LAt — P JE T YOLOV3
ORI, A 7 P A R IRZE Y . AR BB Bk
51 BE S S DR b 5 B IR AR &8 5 A DN, (EL 2 HEE
REEAEARAR T AU B o TR Ok B 22 1 U BB vk
WO T FUBR RS T 5 PR A F ARSI 55 o Al A
K FH 22 RUEE J7 15 %) Faster R-CNNFEAT BCE, siodbAse 7 g
B Aty ARG DU R AR5 . Z AR 44 2 ik (1) Cascade
Mask R-CNNJ FH F25755 (AN, I REA BRI A I PRIV H]
ok XTI T4 NGB AR, (H2 XU
BT HOR MRS A6 I h, AARAF A28 o B 1 1 10
ARG AN v Y ) A

TEBE 7 U2 W H BRI INATE 55 v, R RS B2 A 75 5K
e ARSI E o PRHOAS SCHE PR XU BORGH Pk B 3R B
MRS () Faster R-CNNAE R JEARAIAL, B X7 HUR AR 45
TTER A FBRTIEE 2R ROPA—S515 00, i —1 4
B HURBREE Y HARR kit . RIS & 1 Al 28 )E
#:F(deformable convolution, DC) fResNeSt501F 4 =T
W25, FEH S 07 5| ANFRIE 4 F 1 M 2% (feature pyramid
networks, FPN) B4R X 38 %} 57 (Rol Align), FF-7E 5 W]
4 b A v, fef HH Fe B2 M B /ME (sharpness-aware
minimization, SAM) B IR AL EF AT S H0H B . AR
EWT

1 #RFITTE

1.1 HIEWE R T IE

DA ER s BT 15 Ry b v, SR 5 0216811 K
RN BRI B B2 e B i st i 35 — I e R R Rk H R
25T B3 176 496K HUIR IR 7R MR . BTl 1R
f K FBHHD15. GE Voluson S8, KFIVHEPIQ7. P[] ¥
ACUSON 83000, KFIHTU22% (B 12 Wi R4 . 4
LR 7 R I R LA R AR AR T R TR e DS
HORAR S FUR R A FARARES s @B EARRIRAEM, IF B
AR EFHIS W IR OB EFRTELS ~ 803 ],

I AFH3 907K B LSS 15 KIS S 2 3545K RAPESS 15 5]
185 SR 5 HH P 24 ELAS R GRS 5 e B
K F Labelme {4 xf HUR BREE 5 HEA TR ; H56 2615K 1A
i R4 1BEALIN S I SRR 4R

Fric M A% J5 i AR A fin A 46 R AT DI An ik
i, BT R bR AL A BRI S i, UG AR vEAL
b3 BATE UG RST i — Ry 512%512, I EHGIR R AH
H—fb [0, 1], E¥aiam E 2 K5 E . BELYE
T BEBLSE BE R TR 5
1.2 R
1.2.1 #it 9 Faster R-CNN

Faster R-CNNJ& £ ML {1 56 T4 1 XS Be H Az il 1]
g RE R ET MY, X RIZ (region proposal
network, RPN) , Rol Pooling 1433 [m] 15 X 45 44 i, HoHp
FT ML BRINHVGGL6™, /32 M4 2 ih— A~ 4 if 42
JZFiSoftmaxty B, [0 9 44 32 BE41 5 — >4 i 422 )2 A
KA

it Y Faster R-CNNZE T HFaster R-CNNAUTBL H
FRA il 4544 0 Bl b, 768 F T M4 . RoIFFIESR L, i1k
i 7 DO R Bk AT ik, i I Faster R-CNNZ5HY
WEFTR o etk oy ik R E A TG O R G 21 W 4%
VGG16/& 4 A ResNeSt50, ResNeSt7E 4k 7k ResNetdk 2 45 14
HyFEAl 51 AT U100 = 1 HLEI (Split-Attention) ™',
(2Ff ResNeSt50/ B 51 T A 149538 3% 345 ARV 8y il 78
B, QAP IAFPN, @X FMask R-CNN#
H i RolI Align#5#fiRol Pooling™, &7 Jz [alf& 11t f h
R FISAMBGHAL AL 2
1.2.2 ResNetSt

ResNeSt/&ResNet f—FP ettt i 4%, 245G ResNeXthY
53 445 FUEAER L S SENet HISK N et )3 18 1 3 ) AR,
5VGG165;, ResNeStfE hFaster R-CNN 3= 1 R 4% 5
050 11] T 5 AT SURAAE, BEAE 4 25 P9 28 % H AR 4h 15 A e D)
BETo

ResNeSti %0/ & 1~ X HiResNeSt Block, ‘B F
FAUFETR LM | S 2H S5/ FISplit-Attention, ResNeSt Block
B AR TRAR A0 20T 7R B St BRI 088 S 8O i A
FEUESEAT 7340 SR Je AR 8B S B RAE A A~ /N S R g
T Y148, A LY 3 AR 1 T 0 1) s ) 4R AE 2R A T
BOR AN Fefm XF B/ IN i th R RRAE A T DR, Sl — 1>
3xSHYASBUZ I AR 25 AN, i Hh B X P B YRR
yiEaoe
1.2.3 TTEEHAR

DR B 7 MR AR AE A S5 15 TR RS R | e



55 FBR B . —Fh I T Faster R-CNN) BUIR 5 4571518 75 B 5 B An kil il 5y 917

=

—> PPN | > @ i] {}
\—U % Rol Align
Input image Pyramid feature @ |

Classification L |]

network Jassifi |
Classification result {
Regression |]

Feature after pooling network

Output image

P Location result
<

1 KA Faster R-CNN/RIE
Fig 1 Schematic diagram of improved Faster R-CNN

DC: deformable convolution; FPN: feature pyramid networks; RPN: region proposal network.
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Fig 2 Overall process of ResNeSt Block

FC: fully connected layer; BN: batch normalization; ReLU: rectified linear unit; CB: Conv+BN+ReLU; &: sum of matrix elements; ®: multiplication of elements; c:

number of channels for output features; ¢’: number of complete channels for process characterization; K: number of groups; R: number of splits.
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Fig 3 Schematic diagram of FPN

w: width of input image; S,;: features of stage n.
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Fig4 Curve of loss value before and after adding SAM
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Fig 5 Precision-recall curves of the basic model and different improved
models
A, Precision-recall (PR) curve (AP50); B, PR curve (AP75). The legends for

graph B are the same as those in graph A.
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Table1 Comparison of the average precision between the basic model

and different improved models

Model AP50/% AP75/% AP@50:5:95/%
Base 94.0 66.8 58.7
Rol Align 93.6 73.0 63.1
Rol Align+FPN 97.1 73.9 64.3
Rol Align+FPN+ResNeSt50 97.4 77.3 66.4
Rol Align+FPN+ResNeSt50+DC 97.9 79.0 67.3
Rol Align+FPN+ResNeSt50+DC+SAM ~ 97.4 81.3 68.7
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Table 2 Comparison of the average precision between different existing

models and the improved model

Model AP50/% AP75/% AP@50:5:95/%
YOLOV3 96.2 64.8 58.3
YOLOX 97.0 76.2 66.4
RetinaNet 95.6 69.4 61.4
TOOD 97.1 64.5 64.5
Swin Transformer 97.4 74.7 64.1
Improved model 97.4 81.3 68.7
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Fig 6 Visual renderings of different optimization methods

A, D, G,J and M, Labeled images; B, Rol Pooling; C, Rol Align; E, FPN not
included; F, FPN included; H, VGG16; I, ResNeSt50; K, ordinary convolution; L,
deformable convolution; N, SAM not used; O, SAM used. Red boxes indicate the

location of nodule.
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