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SHZREBREUSEH CT ZEMETERN

BEE KOG TN AR

L b BRI AR S S TR )1 7500215 2. T EH R A6 X A RERES #4000 48 )11 750000,
3. dbF R EGEIE R e b P E R R BT A = )1 750021

WOE. BRY B0 R R AR 2 M T A AL W2 9 (computed tomography , CT) i 25 fili g H B A5 B8 L,
1B E TE55 KN TR BE AR A 4352 5, 3 BO0E L AE AR AR BE M 25 R ey 19 R B0 | sk R 17 R e 2 ) Ak
TR RN RS B i A A5 50 E SIa Wy, @ 7 B BI85 R A 0 DR BB 2 S BT AR B — NPk, B X Ut ]
B ASHR I T —FFE T 3D ReSidual U(3D RSU) B U 5 10 IH 455 RAUAESE , 3% 3D RSU HUaE IR A
ANFERNYRESZ 305 22 R EERFIER F 8RB B . THE U G540 Fu i W28 3045 SR 3 R AR AE 18], AT HAT
Z R RIREERHE, AT 15 R A2 R (5 B, B 58 P45 DX 43 A SR Sy RE T, #E 10 42 & S N4l 7 4k W3k B
FROGKEIERE , R IZHELRTE A FLAZ5 1Y (lung nodule analysis 16) PEELEEESE AT 7 PR, 77 B BEAS M My
o 1 B 2y, RBUE RSN T 97.2% |, SEMEIT AL, R ERBUEIRE T 2. 6% , BA R & 0 R BUE ke sk,
£ 0.125.0.25.0.5.1.2 4 .8 H7 AME A S R {EH 86. 4% , JUHIETERAAH 0. 25 MBI b, R AEE
IKE 80. 9% M THEAMER L 76. 9% AER, S5k ASCIHR NS TR ISR, iy TAEMRAR PR3 B Bos 1 R
JE AT e 00 206 1 R AR 52 3 v Ay I A il B2 W B A o o e 5 3 b ) L i 2 B 5 R

SRR ISR 5 0B A5 5 FRAE G I8 M 4% 5 A W ARSI 510 4738 SLERIE

Detection of pulmonary nodules in three-dimensional multiscale

nested U-structure computed tomography images

Xu Zhengxi', Zhang Shaomin' > | Zhi Lijia"*", Zhou Tao'"
1. School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China;
2. Medical Imaging Center, Ningxia Hut Autonomous Region People’ s Hospital, Yinchuan 750000, China; 3. Key Laboratory
of Images & Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China

Abstract: Objective Lung cancer is one of the most common diseases in humans and mainly causes the rising mortality
rate. Medical experts believe that the early diagnosis of lung cancer can reduce mortality by screening for lung nodules
through computed tomography (CT) . Checking a large number of CT images can reduce lung cancer risk. However, CT

scan images contain a large volume of information about nodules, and as the number of images increases, accuracy becomes
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a very challenging task for radiologists. Therefore, an effective computer-aided diagnosis (CAD) system should be designed.
However, the high false-positive rate remains a challenging problem. In response, this paper proposes a new lung nodule
detection framework based on 3D ReSidualU-blocks (3D RSU) module and nested U structure. Method This paper trains
an end-to-end lung nodule detection model for one stage. The whole system can shorten the processing time of pulmonary
nodule detection without reducing the accuracy of early detection. The 3D deep convolutional neural network (CNN) pro-
posed in this paper is based on the region proposal network ( RPN) of the Faster R-CNN Network. The 3D CNN can make
full use of the spatial information of CT images. The problem of missed detection by the nodule and the large number of
false-positive nodules during detection of nodules with small diameter nodules can be solved by dividing the front back-
ground information and enhancing the ability to detect non-salient objects in the image. In this paper, the 3D RSU was
designed to capture multi-scale features within the stage. The symmetrical codec structure can be used to learn how to
extract and encode multi-scale context information. By using the different layers of 3D RSU, the network can allow feature
maps of any spatial resolution as input elements to extract elements at multiple scales. This process reduces the loss of
detail caused by large-scale direct up-sampling. The 3D RSU was embedded into the network to form a nested u-shaped
structure. This structure allows the network to obtain larger resolution feature maps, thus providing multiple levels of deep
features. High-level semantic features can be transitioned to supplement low-level conventional features. Improve the detec-
tion performance of non-important targets such as calcification and ground glass. If high-resolution feature maps only are
used for prediction, a large amount of lung nodule position information contained in low-resolution feature maps will be lost.
Therefore, a feature pyramid network was designed in the decoding structure to integrate low-level high-resolution features.
In addition to the strong high-level semantic features, the location details and strong semantics of nodule detection are
enriched, and the detection of small nodules is realized. Result The framework was evaluated on the public lung nodule
analysis (LUNAL6) challenge data set containing 888 patient lung nodule labels. A total of 10 folds were observed in the
entire data set. This article used a 10-fold cross-validation method to compare performance indicators. Our network training
uses a stochastic gradient descent optimizer. The initial learning rate is 0. 01. After reaching 1/3 and 2/3 of the total num-
ber of iterations, the learning rate was adjusted to 0. 001 and 0. 000 1, respectively, and the weight attenuation is 1 x 10 ™%,
The batch size is 8, the number of model iterations is 120, one round of training takes approximately 620 s, and the train-
ing of a model takes approximately 20 h. Through ablation and comparative experiments, this paper discusses the
advantages of 3D RSU module in pulmonary nodule detection performance compared with Res18, and the structural advan-
tages of nested U structure over traditional U structure. Fewer false-positives means more correct nodules are identified with
fewer errors, and more immediate help for doctors. Compared with the 3D ResNet-18 module, the 3D RSU module pro-
posed in this paper has a significant improvement in low false positives. It shows that the 3D RSU module reduces the detail
loss caused by large-scale direct-up sampling through codec structure and cascade operation. The semantic features of pul-
monary nodules were used to obtain the highest number of low-level features of pulmonary nodules, to allow the network to
directly extract multiple proportion features from each residual block. Therefore, compared with 3D Resnet-18 block, 3D
RSU block can obtain feature map with richer semantics and clearer location information. Notably, a low false-positive rate
is importantO for the system to identify acceptable modules with less false-positive results. Therefore, the 3D RSU module
has a more extensive clinical application value. In comparison with the traditional U-NET structure, the nested U structure
proposed in this paper has a slightly higher parameter value than the Res18_ FPN_ RPN network, and the gap in the test
time is almost negligible, indicating that although the structure of this article is more complex, the nested U structure does
not remarkably. Increase the computational overhead. In comparison with benchmark experiments, our method can accu-
rately detect lung nodules with a sensitivity of 97. 1% , and the sensitivity increased by 2. 5% . This method has high sensi-
tivity and specificity. The average sensitivity of the seven false alarm rate points of 0.125, 0.25, 0.5, 1, 2 and 8 is
86.4% , especially when 0. 25 false alarms are scanned per scan, in which the sensitivity reaches 80. 9% , which is better
than the result of 76. 9% . Conclusion The nodule detection model proposed in this paper has high sensitivity in the low
false-positive rate, thus allowing this network to provide more reliable and clear reference information for early lung cancer
diagnosis in routine clinical practice for doctors.

Key words: pulmonary nodule detection; nested structure ; feature pyramid network ; insignificant target detection; 10-fold

cross-validation
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BE b SE03 4RSS T AR SR PG T A A
T fe] Ao T4 S AR ER A Ay B8 Tl 235~ A ) 2R A
JERYOCHE , Shi 48 A\ (2021) $2 i} T —Fh BT 3 4k
HEFRARGEAL) 1 Il 25 5 RIS ™ SRSz Y ) ] I
REARBAIT S, (IR Bk R G A
RS2 8, R T 43 20 46 BUR BEARBE AL A T 6, [
IR, SR FH PR O 5 2ok e AE LR, A T R 4%
RSB U-Net 9% (U-Net-Like ) , A3 & 45 1
BTz BT HLRR AR AL A 153 5, 7E LUNALG %%
i I R 96.37% ,CPM {H A 83.75% , %hXF
R BE AR O3 W U i A I AR A A R Y
(B, AT P VLA (2021 ) $ 1 T — i T
W24 RS 7 > Bt 485 59 R 502 . 78 JSRT (Japa-
nese Society of Radiological Technology ) %44 1 7
BE 15 21 1A e A4 R BORE AN D R i B %, T P
THOIER 23 R 4 J2AT B PR THEL 3 PR RE R 4518, 56
T LR S A Rk, UL B 7kl LU
U-Net [ Z57E 1 1iJ Jits 235 15 A6z 00 1) 4% v 1 DI B A %
— BT BRI 45 AR Ty VA AR RARAE Y S 5 RN A 3
IR BB AE B RCR (R 4,2021) . 2&
1T, 22850 — i Be 5 A SR M LA figp ke fIe BE P 2ok v g )
R, FLr b 32 IR R P X LAY B G AR 3 ~
10 mm FZINGSTT ) ST 200 48 412 7840 R A &
T ECAY R R AE , 51 4 AlexNet ( Krizhevsky 45,

2012) , VGG ( Visual Geometry Group) ( Simonyan FI
Zisserman,2014) ,ResNet ( He %5,2016) , ResNeXt ( Xie
4%,2017) , DenseNet ( Huang %5 ,2017) 55 7%, ‘EAT]
PEICEAT T S8 SCRYRHE , 2R RE R B AR HUR 385 S
FA Ry A5 B, (EL3ORT it 235 795 A I 20+ 43 8 22 (R v
85,2021) , L PRAT G A 1) Bl 7 AR/ JEARFIL
EABRKRIAA, 2) B TS A RIS AL HHR
PRI Z ALY AR, MRS Y | BE B 3 A ]
SCAETT AT ES T RMRREE Y, X LE AR A
Fg PRI R, I HLAA 35 W 45 00 o
A R 3 B A R O e S oA S I B VR 2 TR A AR R 25
), GBS T I ] LA AR 55 s B HH I N A
FFEENAS . R BRI R S5 ATE CT SR h e
b & IS5 AR T RAFI R (B A 2 4))
SRAR g, X PR T ASEBS AR I R BRI

BEXS LA 1) DI 485745 R/ s RRRE R Z2FEPE 5
P2 AR A AN RV 25 4R T A
34— BiAl A 3D ReSidual U(3D RSU) By £
U S5H 25 AR AL i3 3D RSU Bepiic &
U S5 F ] LAY S5t B2 B B 9 22 ROBERRAE DA S R
W Beln) 22 RO AR AL, BE 8 50 4 M figp e 45 05 4 I v
3 ~10 mm /N5 e A A5 E 2 M B AR 04 D 1)
L IR A R S A 0. 25 ~ 1 AMBUHPE L2575 A
I AR, AT LA 0 SR I R2

1 ARXFHE

AR D B R ik AR LA T DR

1) MG Sk 3R 1T 189 (8 AL e 28 2= Ve k17
IS S BT P 3 ) K 8 AR SR b 22 I 4% Yy e A TSR

2)#3t T 3D ReSidual U(3D RSU) 454y, 9~
BB B AR, AT LI 20 R SUE A,
A AN R RUBE 9 A2 B RRAIE

3) 2R A Y 5 ik 22 1) I 4 25 440, 8% 3D RSU
SEFHRAIZE T | FR I 2653k B O g 1) MG 4 R
A2 i 3 I A RS RA

4) TEFRRS I Bobe 0 TR IE £ I8 0 2 R K
SETIUN , CEE TN AT LA A 0, R DX B A L 4%
RPN [RFIE 85, fif 2o RUBE RRAF P 4R S vt 0 i 21
A7 EAF A Ry )z B3 SUE B T m A RCR
1.1 ETFREFENHETLE

CT S AG AT AL BRI 2L JR AN T
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1) #4746 CT S AR RAE i 5L 0G CT 5%
Bk AR B Y7 &, OF B4 CT 5215840
45 22 (R) AN [] 1) [ R

2) #R 45 i ¥ 1Y Hounsfield unit ( HU) {H 29 4
=500 X — 8 KRR BRI N[ -1 200,600 ], 48
JaH—4R[0,255]

3) B 2 A TR RO A 6 A7 I K 45 A, 25 B i 35
eSS

4) J5hG CT BdE Rt S A An K 2L 58 1) b3 5
ARAFIIHT 5T HE R 0B e o AR 3R AR

5) BRI ST, SR FH BIE A0 N8 A 2 BV E ik AT
I S o P B L i A4 R s ]

1.2 #RE URMNEKLEH

LUNA16 i 42 h KA 1/5 45 HAR 7
3 ~5 mm, IM%5 5 A B 0] DUELE T il N 5l BE |-
FARXMES B M4 A B X Pk, 3 BE4R 53K
T AR R B E R PR M S A R, YT R
TR BE M 25 ) 245 5 v AR 78 3530 L U-Net Sy ) 45 45
A, 08 IS A 2% P A 0 5 i SR 4 T TN 4% 4
HURRIE B RE ST, A5 10 28 I 2% S Al i e B 2%, %
DL IR, AR SCR T T — AW R I E R U B85,
SENTRGI P g A AR 1 B, B A T AL B
BEH 4 S0 RS B 3 2% fire Bl 25 A0 il 235 1 4G I A e 4
TRATL . At 25 A 25K oS it 45 1 AR A T Y
2 AR RIRE U 45 Cie 2 7E A RS (Qin 45,
2020) I, iR EE2E AR ( Zhou %5 ,2018) IR
T RAMERE, A SO — M2 ERN U Y
SERNE Ry i 4550 R PRI 285 1) IR 48 254, AR/ I
25 TR AHBARAG 5 4 PR AN 23 10 38 38 i A7 AN
WHENA, EHNZEITT 3D RSU 454, & AULiE
TEABEARFHE ] 73 BRI AE 00 T SR HU N 2 RUBE R
HE R BT DU AR 45 5 69 3 4 | F SO B 1EANZ,
Bt T B U-Net 4544 , %84~ U-Net i 3D RSU Jt
AR, B, iR U g5 s Rt N 2 ROEE R AE
IR BURIBL R (0] 22 J2 4R AE BB AR, Iligs ke
DA RPN 2544 B, SEEB0 T — B B i 1) it 1) A
TN B ) s 000 0 A A7 B DA R A A i 44 ) A
M TR A BRI A BN, AT
Al R R FH TR K

i ER BIE AN IE 1 Fon, FEgR A% A% C1,C2,C3
i ca H, BT T 3D RSUS, 3D RSU4, 3D
RSU4F, Hir “57 F1“4” 7R 3D RSU B iy i B,

SRR T Il 45 15 BUR ) Z3 [l 3 B, X T
C1 1 €2,3D RSU B4 A B 2 BER 53 5118 48 x
48 x 48 H1 24 x 24 x 24 | [F] iof W /A B f i J2 Ak [
BAR BRI N 6 x6 x6, 5 )2 3D RSU Hefil 4 )2
3D RSU ez it nl LS By I 45 4l 4R 08 22 KRR A
B TXFT C3 F C4 K, A8 i A R RRAE ]
IR 12 x 12 x 12 F1 6 x6 x 6 FHRHAK, T
28515 HA AR T SURFAE D (R 45 050, R i Sk
T T R FEERAVEA AT e S 80 L S0 %
&Ko Kk, 7E €3 Fn ca b Y RSB AR
GIFM ERAEEE MR B R TEH A, A
RS RAMR R PURRE 3 R AR 704 R e (1Y B
A )RR [ A EL A 5 L AR A LA [R] 1Y) 43 B
R A48 3D RSU4F,

i i &l 1 s, s th D1, D2, D3
LN, HE AR B B 5 A A B X FR A 254
it T 3D RSUS, 3D RSU4, 3D RSU4F, Hif
3D RSU4F M G S5 E g% B Be €3, C4 2540,
AN R A R 5 25 B BRSO B AT — 2000 R AR
TIE B S Ik [ TR S 245 7 B A0 R 1T Bl 5 ) £ B
YRR o G238 1 55 )2 AR FIR)Z CRAE 7Y
54 AT LIRS TR 2100 B AR XSURRIE (R 2., DTS2 81
X B AR XS R H A, BB B AR, R4
B —AE 2 LB S B E AR, H
TFHE LUNALG it h 25 A2 4 3 ~ 30 mm
ANEE R T RS AR, B, BT R AR
CT FHHE o MRS 0y 07 vk, IR 4515 5 CT
AR TP R BUA L L2 X 2 TPk, AR L R 2
Ry S0 FE 3 P A B 2 A B A5 3 (9 R AT TR, AR S
C1.D1 D2 WFHIEEYS D3 AHIRES#4 R TIE 4 735
B2 UG i 0 PR AR T 0 2 8 J2 R ) iy S
fEH 2 T 25 TR I ) 57 T RN S, SEEE T
JINEETT BRI T 22 RUBE REAE T U] R AIE T R
(25T RN, 4277 /b T i BHE B B8

I 228 R A B B i 2R 1 x 1 x 1 x 64 FlI
I x1x1x15 WERZ, 25 mE 1 iR, 5 s
HUARFF) 48 x 48 x 48 x 60 Y HF1E [ 18 18 5 Ky 48 x
48 x48 x 15, ZJH4 4D H th sk it A5k 48 x 48 x
48 x3 x5, Ho 3 FIORENHE R AEL, 5 Fon M A HERY
SHAE, G LUNAL6 Ba 4 v il gt =4y /9 AR 4
i, MESIEE T S mm, 10 mm A120 mm 55 3 AN A
OB R, 23 6 I 3 AN AUAE AR ) A
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R MR BRI R

“ i il B ,,,_: =

i . = ,:;'wx

| ‘ll‘ ....................
12x12x12

Cl1 '48><48X48 C2 24x24x24 (3

Nih o \‘U

: 6x6x6
— ¥ | —
% \
T «ﬁU
D2 24x24x24 D3
RTTHEA B
H C C
---- B R o e
BRIk . ?%%F(dllanon—zm BB G
RPEBSE DA e O e
AR R L Vg
TRAE %B(dilation=8)+ .
BRIt b W i © g BRQ4TEE)
AR T I i -4
i F R (dilation=2)+ %*UL?%?H 0 ENS S el KAk
N Ak S : o
U e AR R TR

T i1 G 0 265 4544

Fig.1 Network structure of pulmonary nodule detection

& 5 AN, 4390 2451 BUAK R (o) (4570 3
A zS A E (do, dy, dz) S TRIEAR (dr) , BDR (o,
dx,dy, dz,dr),
1.3 3 4%%E U RS

SFEA/NT S mm BRGNS, i THSE
FEL AR I 75 ELAT AR AL K B, S STE R U B 45 5 A
SET IR AR A K R PH 2579, PR, 5 b R 40
HSCRIE 5005 5 3 0 R IR 25 v AR A I ) g
ﬁ%ﬂkmﬁ%mo HF LUNA16 $¥E S5 M ek,
T3 H LUNAL6 Ba S 547 5250 - 9 2% 41
3D ResNet-18 fEAA ] T 1 x 1 5 3 x3 HEF
RARBURFIESR B, A 3B i 5 2T FE 1) N AE /N
HECRR AT He iy ok 015 2 ROERRE, F:30
TRIZ I R IE AL 5 SR AR AE iR
BRURY K LS BUR 6 F1 3R R R, DR
BT BERAE S A RRAE B B (02 1 R By ) i
TEWERTHERZ TR MNAATIR, R T i
L)L bR T 3D ReSidualU (3D RSU) He DL 4R
B B N 22 RUBEHFAE

3D RSU-L(C,,M,C,) ") ¢, M F C, 5358

B JZ , R 2 A 2 0 TR L R A A Y
JZH, BB AR LR 3 A

1) BHAREIE (L x H x W x C,) T8 1 B A% KN
3 x3 x3 MR AGRUZ , S EEEE R C Ry E
fi(x) o AEREARIBCY HTRRIE E 1 SR AR AT

2) BN L Sl U-Net 4% R 2 fift 5 25 45
B B b AR B £, (o) VR 2 2] SRR
2 RE TR SUEE U (x)) o 3D RSUS (4%
It 2 (b) frR, Hidh 5 718 3D RSU B2 %L,
FE 45 il F AL BRAVE AR R E R e 1) F- B, 24
MiALHERAE T LR LUNALG BURAE IF A REAS [ 3] 2
35 B A AU TR R (ELAS T A 2 X T AR o 2%
Y 3D RSUS H13D RSU4 , B He 5 IS 2 45 1E (&1 1Y
SRR 6 x 6 x 6, 5 AW 45 5 IS JZ FRAE B 43
PR —E, XRERY TR, e T RS X 38k 2 157
ANTE R ZE KA [A)EE, $2 35 T X F BRI il 1
ORI E . EF XML 58 3D U-Net MR JZ UK 11 £ )3
S3HT ARG B2 ] , AN RE 7T 20 A AR Z R
W26 A B TRl AR 25 TRRRAE i 14 e Z20m T 1A
BAGS HARHE R, 1R 45757 e A 0 15 B
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B i 1 ORAE GRS BN 22 RO RRAE S A5 i
ST HERIRRIE B, D RRIE G DL = il
TG H ERE

3) 3 3 B 2 3% K L 5 2 T A R AR, DA
MG R S5 2 RERFR .

T U] 3D RSU Sy it B 72K 2 o
3D RSU Bt 5 3D ResNet-18 B ( Zhu % ,2018) f1EfE
PEAT T H#, 3D ResNet-18 #ibk iz B ik

H(x) = f,(fi(x)) +x (1)

K, H(x) FORASRE x BB, £, L f 2
AN Z , R T4 G B E, 3D RSU Al
3D ResNet-18 Z [A]f 51122 %76 T ,3D RSU B i
H MaxPooling 7EN T R A B F B, T 21 T R A
YRS 3D RSU e A B R Z S A £ &
(1 Jey iR 20 5 LA S A SR B, o ARl RATAn] b 5 #4445
W EATT I AR R AR O, — SR IE R A SUE CT
SR EA SE MBS ERI, FILEEY
JRi BB AN 4 SRR E AN AT DA R AR AR BH P | 38 BE 42 55 Y
2606 Tk B RE RS 251 AR I AR . Hk 3D RSU
Bl U-Net FYZ5 R4 T 38558 19 S5 1, JRLAG 3D
ResNet-18 [%r H &40 A B JEARRFAE N L 5304 1E
1M 3D RSU BEHIE AT 2 AR 4 1 Jiy SRR A B 4 T I
URRFE 3D RSU Ak i858 31k 00

HR(x) = U(f,(x)) +f(x) (2)
K, U FoRE 2(b) TERINZ)E U 4549 , 38 i s
FRRE ) 258 LA B SRR A, R ORI T F R B
Pz RAEE RS A0 A0 A% . S B M A
451 A SURRAIE , AR BB 45 775 (AR JZ AR, 15 19 4
RENS 3 NI 25 BRI A L B4R AE R I
3D RSU HeAH L T 3D ResNet-18 Hen] LIS 315 LN
Fw AT TINE BT REAE ] T X 4 T DA
KIEE LML, BFEAAEENZ, TR HRE
TR RAEERE R, 3D RSU 54 31 1% 4 Bt 43
P SETFRY 3 — s AR SR S0 S o AE R
1.4 RKEH

ARSI BRE R A3 2Bk L AR L
PITSAd A . T SR O AR S0 e 28 9F L (in-
tersection over union, loU) fE A& % X W EHH
SETAORRIE , 24 o 1 X 38k 5 AR 25 BT 1 R X A ToU
fERT 0.5 B4 0 XA o0 IERRAR | Y i 1k X 3]
SRS P E XY ToU B/ 0. 2 B 85 1 X 3
FE R GOREAR A1 DI 43 2R 25 A0 % pR IR

LXWxHxC,

P BBt —b
R

BRIk

L x WX HX C\)\ll

(a) 3D ResNet-18

lLXWXHXC,n T LXWxHXC,,,
LxWxH addition
3x3x3
c
l Con }C
LxWxH ——@ | LxWxH
3x3x3 3x3x%x3
f [
ERHILA—1k
S XY 925 SR K
LxWxH S LXWxH » firiﬁtlthle«i
S G TR
M T 2xM v
oM M =
1/8 (LxW>H) @ 1/8 (LxWxH) ~
333 | ol 333 © Y
‘M TZXM
g M M
164 (L>WxH) 1/64 (LxWxH)
333 9 333
M szM
M
o512 (LxWxH) M
d=23x3x3
(b) 3D RSU5

B2 MR
Fig.2 Network module( (a)3D ResNet-18;(b)3D RSUS)

JFHAE XA (cross entropy ) #5125 PRER

&S I RE S
Lce = l(-’C,.Y) € ;ll9l2a'“5ln} (3)
L, ==w,[yJogy + ((1 —y)log (1 -%,))

(4)
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A n BRI, w, JEAE )y, 25 E HEAY IEAR
2%, y, ST HEE
EF#E 2% smooth L1-norm HYE SR

(ld-dl ld -l
S(d,d) = ) (5)
(d -d)* HAh
L= Y 5(d,.d) (6)

)

ke (x,y,z,r
Aot d, Dol DB AE 54 BEAR R VE R, d X
AT e ST E S HTIEE TR
Z A E LT

L=L,+1L, (7)

2 KWEERSH

2.1 HEE

DIREFT &M THAMLETE CT 3 2 v LU F il
SR, o3 S AE BEIPAG T AL B2 B CAD J5
BT A o AR SO S B ol N2 T (%) i P 4508
i ZEHR B (LIDC) $idfa 46 rh i 2B ) 888 i CT 2R 4
% LUNA16 50455 (Setio 45 ,2017)

LUNA16 B840 45 888 44 & 1Y 1 186 4%
TR, BRI AEERT 2.5 mm B9, L
Hounsfield B0/ (HU ) i BLA7 A9 12 bit JK B 53 BFR
4 7250 4= 5 I MO RHICR BHEE A=k IR Be 7T
(ARTRAEN IV E YR OREDY N
2.2 KWigE

A Ubuntul8. 04 1/ERRAER S, [ 3 GHz
Y Intel (R) Xeon (R) Gold 6154 CPU, N fF N
256 GB, i [} Python3. 6 #5 IR B 2% > b 28 [ 2% | 38
1t Pytorch 7E W77 4 32 GB f¥ Tesla V100-SXM2 i
R RIS, MR T REALES T FEE i
i, RS 2T 3200 0. 01, 7E IR B S B AR B 1/3 1
2/3 Ja , 24 2] Ay HIJH % M 0,001 ,0. 000 1, FE I,
k1 x107* ,batchsize K/NRy 8 FERIEACIRECH 120 ,
Y —Ee T2 620 s, YZ—MEFITTEL 20 h,

R I i AR A 10 738 SR IE (10-fold
cross validation) Y 7 1% , ¥ 8038 22 70 i 10 13, %6 Tk
B Hor o IR 4% 1 Oy UL, B R I6 # 4
P HHARRE B IE AR, 10 Y& SR A3 AR A e
BUAERE . AL, AF X LUNALG B3 4 b Bl A
M A TR B, AR SCR FH 22 R a4 o T B, 191 an 224

FEARY e AR | PRG RUEE 1) AR B RN X (5142 4 AL
GBI VR T T R, B TRz fhRE
JIFE RN,

FEMR T 4, 1 2 B R IR R RSE (512 x
512 x 141 ) 3k K, i F 3 3l o 10 19 07 X7 19 4 3L 4
(1) CT SZAR Mt 52 5 X IR L 208 x 208 x 208 1 &l
BTN, AR S BHE B R R /NS |
10,207, S ] BB AR E I 38 1 5 1 o 2 e | e AR
RUR Z (A1 32 MEEES  RIEBREFI AR
(AN AR () 31 5 ), P T A R B2 A B e 34 11
CT MER & WEA P h AR R (AR R SR I 2
TRIHER X T RGIEMR, BT A patch 1Y I 45
ST T AR I AB I ) Ty 3 e B v Y SR
A HERS IR it A4 451 S DI 0 F0 000 00 SR AE

AL HEMEE VN 3D Faster R-CNN ( Zhu 45,
2018) ,3D Faster R-CNN 7 H % H 3D ResNet-18 5
B U-Net 2544 (1) 45 5 K00 X 28, AR SCHE L LAk
AT T ek, IR it R 7E 3D Faster R-CNN 537k
FEAt 4% 3D ResNet-18 LT3 0 340 R 4119 3D
RSU AR, HR h 1 9 4 i % 5 3D RSU Bk (1) 41
A X 45 SR T ARy 8 2 2 R I A AT B B 1 T
TIF G B S5 K | 70 ok 28 190 445 671 8 A4 [] Bk A 454 AN T
T B FRRAE ] L AT IR 0, 32> 3D RSU_FPN_
RPN, 5 A SCHe ARG 3D RSU B 1Y ES U
SER NSRBI
2.3 EMERE

AR SCR FH IEBR i) 32 103 45/ R AE ( free-response
receiver operating characteristic, FROC ) > i 12 5. 7%
(PR RE o X il 225 05 A A 55, 38 Ao A T A % I
BB AR B, 5 T B 18,8 ] R FHHEE
RN FROC fhiZk, FROC fh £k it ks il 26 7 4 vk 1
5 A I B FH %8 (false positives per scan) ,iC
A FPs/scan, NI IERA 4515 5 0T A iligs 15 1y
e B R . FROC #2615 70l , R ERE AL
U, RN, R LRI PR 2F v T3z N T i
ST R I B P BE Y B 9 (5K A 3R RN Ak 2
2020) . REEITE N

TP
S = TP + FN (8)

I, TP O B, S A I A 251 LS Py 451
FN B, SR AG I Jeas 19 (HSbR EAT 45T,
BRI AR BE H 52 S PERE 4R B (CPM) #EAT
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A IZA8 bR FROC #14R 7 A TAE s~ R
U 1/8 1/4 1721 2 .4 F1 8 MEFHE, CPM A
— WA SR P it 2854 A I X 4% f) — S48 b, CPMEL
A= EA R ol A S o

H Bl ARAE FH ) K 280 CAD R G2 1) 9 355 13 (.
WETE TR 1 A BREER 4 A B PHM: (K
ZRARGA VP R BIE ) o AR FH TR RD
FEF- 315 44 0. 125 ,0.25 0.5 .1 MEPAME X 4
PR, B A A I A R X % B 2 > A AR 4 1 o
PR, B E T — A RGeS A LLEEAR Dl

Res18_FPN_RPN 7Eifi 5 A PR 58 L A9 b, Sk
Tzlxjd%tﬁ () 3D RSU HeAE BV A AR A Al PH 1 2R

REORFR A NI I R AU

F 1 2 MR 3 P 4h B AR 7R - 2
B BAYELE 0. 125,0.25,0.5,1,2,4, 8 W 4G R 4
JEULAEIX 7 A R R F4ME B CPM, BT
a2 A SC HAE foldO, foldl FT fold2 KA [R5
T AT 1S8R ik, /R Zhu 55 A (2018) J7ik
AF T AFE U E S350 (PR K2 K20 8 A
PHE, SR T e TR R R S R A R, T —

TRAIE O I £ IE 6 A 25717, 2 o B AR 4R it
N AR B, R AR S AT T AL B2 K R 4
() B BT 1) At
2.4 SKIGIOE

J T WEASCHR ) 3D RSU_FPN_RPN 4
R 7R B Al S5 BB 3D RSU_FPN_RPN FRRR T
iR R 45 A 3D RSU #5551 3D ResNet-18
REHAR S 10 H Res18_FPN_RPN, # 3D RSU_FPN_
RPN 5§ Res18_FPN_RPN M fii 4 15 K6 55 2K LA % Jidi
515 RS B 18 W 7 T AT 6T G

SR AR A BH M X T R G A REAE HUN Hh A PR
e/ TR B HLAT BB X AR R L T, AR
SCHEHAY 3D RSU BEHUAH LT 3D ResNet-18 #idk  7F
3 BRSSP PE R 0. 125,0.25,0.5,1 L1#
RPE B T 1.5% ,2.7% 2% ,0.6% , 1F
PRFEA N A A 1) (RIS, Ak TR 4 T 2R3
WARBRAYRE F1 ., (EA RS, RETE fold 1 H 3D
RSU 7€ CPM fH_EW&EIKF 3D ResNet-18 i, {H -
P B P R 0.125 F10.25 b9 R EA & T 3D

2.4.1 BIEIPEREXT L ResNet-18 H¢ JIEH T 3D RSU AH7EIAR B T b
F1.% 2 f%3 3D RSU_FPN_RPN &5 AEET 3D ResNet-18 (1),
R1 AXFES RES #HIRTE fold0 Ry TEEELLE:
Table 1 This method is compared with RES module in fold0
{2 0. 125 0.25 0.5 1 2 4 8 CPM
3D ResNet-18 0.701 0. 796 0.853 0.907 0.928 0. 946 0. 964 0. 876
3D RSU 0. 760 0.833 0.872 0.923 0.938 0.947 0.955 0. 887
R2 EXFHES RES BRTE foldl HAMHERELL R
Table 2 This method is compared with RES module in foldl
{E22S 0. 125 0.25 0.5 1 2 4 8 CPM
3D ResNet-18 0.757 0.823 0. 869 0. 906 0.908 0.928 0.938 0.877
3D RSU 0.764 0. 830 0. 863 0. 890 0. 905 0.919 0.921 0. 863
R3 ANTTES RES BRERFE fold2 A MERELLER
Table 3 This method is compared with RES module in fold2
ik 0. 125 0.25 0.5 1 2 4 8 CPM
3D ResNet-18 0. 568 0. 700 0.782 0.835 0. 862 0. 887 0. 887 0.797
3D RSU 0. 546 0.738 0. 829 0.853 0. 884 0. 884 0. 884 0. 809

2.4.2 {RE USSR UE
T B UEAR SCR HI A B AR R A5 TR RE, 7R

R4 5T RHKES L) Res18_FPN_RPN [ 2%
AR SCEEAE S B0 FTEAERT [A] L AgXT kL, K3 44
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TR AU 25 loss 2R

& 4 TP PR R AR AR S — i A T o ) B
], HI3R 4 g S TN AR SO L I S 50 I
T Res18_FPN_RPN [ £, 1fij il i isf 1] | %) 2 5 L
SR LAZWE AR, O 45 FE LUNALG6 0¥E 45 1Y
10 8l 4 _E il soa S A 18 3 R
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Table 4 Comparison of model parameters and

training time of single picture

itk ZHE i)/
3D ResNet-18 6 307 243 13.74
3D RSU 6 484 043 15. 68
1.0
09| — 3D ResNet-18
08l — 3D RSU
0.7 F
. 061
2 05F
04}
03F
02}
0.1F §
0 10 20 30 40 50 60 70 80 90 100110120
epoch
B

3 ASCH B 3D Resl8 HCELITLL
Fig.3 The algorithm is similar to

Res18_ FPN_RPN convergence curve
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Fig.4 Comparison of the evaluation index between the proposed

algorithm and benchmark algorithm( ( a) sensitivity ; (b) CPM)

2.6 FIRE KNG HIRNR

AR SCR T FE B X — B B A R BH M e Y 1)
L ff U ) Y SCBREAE T = /NS 59 (3 ~ 10 mm)
PR , % 5 Hha T A SCRE 5 5 S
ANRIRNGE T BRI AR . 7E LUNAL6 Eidii g,
St 186 N, Hirp 3 ~5 mm &5 A 272 14,
5 ~10 mm Z5954 633 4~,10 mm K L) 4554 281
>, 3D Faster R-CNN(Zhu %5 ,2018) J77%4E3 ~5 mm
R3] T 251 4~,3D RSU JryE ka2 1 263 4, M
Ilb4¢ T 3D Faster R-CNN 341 7 12 /4> 45 97,
AR SCTFIEAE3AS RSE 1 il 45 35 4G A1 L 3D



$o7%5 /530 /2022F3 8

WIEE, KO8, XNME, BiF / ZHSRERE U 5518 CT KBS 5180

x5 METRNREXNARE KNG HRTRR

Table 5 Detection effect of pulmonary nodule detection system on nodules of different sizes

HAE(3 ~5 mm)
ViRiS

HAE(5 ~10 mm)

FARCRT 10 mm) 5] 1y

RIE/ %

B RRy iR Rl B KRy BE TR
3D Faster R-CNN( Zhu i“ff,2018) 251 92.2 604 95.4 267 95.0 1122 9. 6
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Table 6 Comparison of detection performance of pulmonary nodules

i 0.125 0.25 0.5 1 2 4 8 CPM
Dou % A\ (2017h) 0. 677 0.737 0. 815 0. 848 0. 879 0. 907 0.922 0. 827
Setio % A\ (2016) 0. 636 0.727 0.792 0. 844 0. 876 0. 905 0.916 0.814
Dou % A (2017a) 0. 659 0. 745 0.819 0. 865 0. 906 0.933 0. 946 0. 839
Polat 25 A (2018) 0.588 0. 669 0. 749 0. 831 0. 863 0. 892 0.913 0. 786
Zhu %5 \.(2018) 0. 692 0. 769 0. 824 0. 865 0. 893 0.917 0.933 0. 845
Zuo 55 N.(2019) 0. 672 0. 694 0.714 0.739 0. 766 0.787 0. 822 0.742
Xie A (2019) 0. 493 0. 688 0.796 0. 852 0. 864 0. 864 0. 864 0.775
RRERR] 45 A (2019)  0.673 0.739 0.817 0. 849 0. 880 0.909 0.921 0. 827
K ZE % N(2020) 0. 692 0.782 0. 832 0. 867 0. 889 0.918 0.925 0. 844
Sun % A (2021) 0. 467 0. 602 0.730 0. 812 0. 877 0.920 0.931 0. 762
A 45 A (2021) - - - - - - - 0.816
AL 0.712 0. 809 0. 854 0. 889 0.915 0. 930 0.942 0. 864
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Table 7 Compared with the current combination methods with better performance

i 0.125 0.25 0.5 1 2 4 8 CPM
Li 1 Fan(2020) 0. 739 0. 803 0. 858 0. 888 0. 907 0.916 0.920 0. 862
Sun % A (2021) - - - - - - - 0. 872
AL 0.712 0. 809 0. 854 0. 889 0.915 0.930 0.942 0. 864
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Fig.5 Pulmonary nodule detection results( (a) gold standard; (b) 3D Faster R-CNN; (c¢) ours)
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