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Multi-scale bone lesion detection based on attention

mechanism and deformable convolution

Fang Cheng, Bai Zhengyao "
School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract: Objective Since frequent orthopedic diseases cause serious harm to human body, automatic analysis and detec-
tion of bone tissue position in computed tomography ( CT) has crucial clinical significance for early diagnosis of orthopedic
diseases. The method based on manual analysis and diagnosis of bone tissue in CT image has problems such as low efficiency.
The accuracy and objective consistency of diagnosis cannot be achieved. Therefore, A cascaded neural network model for
bone tissue lesion detection has been demonstrated to aid decision support for orthopedic surgeons’ diagnosis. Method The
proposed bone lesion detection algorithm has mainly consist of four steps. At first, convert original data into CT value data
in terms of the conversion formula and relative files that have been illustrated by the National Institutes of Health Clinical
Center (NIHCC), USA, in the preprocessing stage. The segmentation has been conducted via the mean value of CT value
data as the threshold in order to filter out most of the non-human body parts in the image. The segmentation cannot be

filtered out entirely due to the high CT value of the bed plate material of CT equipment. Rectangle kernels ( RK) -based
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opening operation in morphological operations have benefited to filter out the CT bed plate from CT image. According to the
characteristics of bone tissue in CT image, a contrast enhancement method based on Gamma transform is proposed to
enhance the contrast of CT images. Next, the approximate bone tissue area in enhanced CT images have been calculated via
thresholding based on the distribution range of the Hounsfield unit (HU) of the bone tissue in the CT image. The cascaded
object detection model has been set up as our baseline. The attention mechanism and deformable convolution have been
integrated to increase the global context relevance of the feature map based on the bone lesions with variable shapes. At
last, the feature fusion module has been used to strengthen the fusion of feature information at various scales. A multi-scale
feature map for the training and prediction of bone tissue lesions has been sorted out. Result Four designated groups of
comparative experiments in the context of the network structure have compared with modeling capability. The detected mod-
el has been mainly examined based on average precision (AP) . 1) ResNet50, ResNetl01 and ResNeXt101 have been
used as feature exiraction networks to complete training and testing based on naive Cascade R-CNN ( region-convolutional
neural network) model to calculate the baseline. The analyzed results have shown that ResNeXt101 has the best optimiza-
tion based on the AP up to 0. 543 to get the baseline. 2) Feature pyramid networks (FPN) , path aggregation feature pyra-
mid networks (PAFPN) , neural architecture search-feature pyramid networks ( NAS-FPN) and naive structure have been
adapted to complete model training and testing based on the calculated Cascade R-CNN. The feature fusion module based
on the best value has been sorted out. The best PAFPN based on the AP increased to 0. 721 has been leaked out the feature
fusion module. 3) Two groups of comparative experiments have been illustrated. Firstly, batch normalization (BN) and
group normalization (GN) modules have been used in the head of R-CNN for entire training and testing. The results have
shown that the performance of GN is better than BN with 0. 723 AP. Attention mechanism block and deformable convolution
block have been embedded in model to verify their effectiveness in the next step. The verified results have shown the effec-
tiveness of attention mechanism and deformable convolution module. The AP have been improved to 0. 816. 4) The trained
model and other object detection network models have been calculated to compare the testing value of each model. The
research experiments results have been achieved based on DeepLesion dataset. The results have shown as below: 1) the
recall is 0. 85; 2) the precision is 0. 613 3) the Fl-score is 0. 712; 4) the AP is 0. 816. The performance has been sig-
nificantly improved in comparison of the existing universal CT lesion detection models based on the recall rates of 0. 574 and
0.70. Conclusion The main methods such as HU value threshold segmentation and morphological operations have been
used to filter out most of the non-bone tissue area in the CT image at the image preprocessing stage. The bone tissue area
has been highlighted coupled with the enhancement of the image contrast further. The training model has been accelerated
to reduce the interference of noise. The second group of experimental results have improved the fusion of low-level feature
information, high-level feature information and enhances the location information of high-level features. The semantic infor-
mation of low-level features based on the multi-scale feature pyramid fusion module has been embedded in the network
structure. The detection performance has been significantly improved at the end. The third group of experimental results
have been concluded based on the enhancing adaptation of attention mechanism and the weight of irrelevant information
deduction. The operation of deformable convolution module has realized the network adaptation further based on multi-
shapes and sizes convolution kernels the fourth group of experiment results have achieved via the comparison experiment
between our model and other object detection models. The metrics including recall, precision, F1-score and AP have been
mainly evaluated in these models. The experimental results have demonstrated that the model analysis has a good detection
effect on the CT bone tissue lesions in the context of upgrading diagnostic efficiency, missed diagnosis deduction and quick
diagnosis and treatment. The differential diagnosis of bone tissue lesions has been aided effectively. The real-time detection
capability can be strengthened via the deduction of model parameters quantity and the time of training and judging.

Key words: bone lesion detection; multi-scale object detection; attention mechanism; medical image process; Cascade

R-CNN
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# 1 ResNetl01 5 ResNeXt101 F4& 4544
Table 1 Structure of ResNetl01 and ResNeXt101

Bt i/ 15 % ResNet101 ( He %5, 2016) ResNeXt101 ( Xie %5, 2017)
7 x7,64 stride =2 7 x7,64,stride =2
convl 384 %384 3 X3, maxpool, stride =2 3 %3, maxpool, stride =2
1x1, 64 1x1, 128
conv2 192 x 192 (3x3,64 )x3 (3x3,128,c:32)><3
1x1, 256 1x1, 256
1x1, 128 1x1, 256
conv3 96 x 96 (3><3, 128)x4 (3x3,256,c:32)x4
1x1, 512 1x1, 256
1x1,256 1x1, 512
conv4d 48 x 48 (3 x3, 256 )X23 (3X3,512,c:32)x23
1x1,1024 1x1,102
1x1,512 1x1, 1024
convs 24 x 24 (3><3,512 )xs (3><3,1024,c:32)><3
1x1,2048 1 x1, 2048
X JUART T PR AR AR 35 KR AN F 0] )9 b L e rsott
JHIELSE R0 B BB T ML A DON LLE /////i7#<i:::f\\
REAS R UIEAR B H bRkt
1.4 E%j}*}lﬁi“ 256,1x1.4 256,1x1.4 256,1x1.4
PERE LIS LT U T 1 HL —— — s |
UG FR B HE o XSl D SR 2 G RRE (R 2., 2 0% "L - - T —1 ,¢ -
TR, FER A HLAAT B TR A R BT, AR 4,1x1.256 4,1x1,256 4.1x1.256
I fF B P s i A MMERE B . Cao % A (2019) \%}/
$## GCNet ( global context networks) , NLEE R T 1
NLB ( non-local block) (Wang 45,2018 ) 4 Jmfig /1, GOk
?E% SEijt(‘ squf:'ez‘e-and-e)\(citation networks ) ( Hu - é
45,2020 [ Bl 0 18 AOR ¢ R AR AL R R I

ASCAEFFEFE UM 45 H1 5] A GC(global context )
B 26 NRFAIE 224 1) CT G A PR S
ASFHOCHFIEAS B A HITCOCE B Al 3 s .

2 HE&ESmaE

2.1 KWHIREE

S I EE R [ 36 [ 7 T AR B Y B I R s
('National Institutes of Health Clinical Center, NIH-
CC) &A1 1 Deeplesion %t 5, % 4 b It f
32 120 MR F 52 A% i 96 97 20T B B8 HE ( response
evaluation criteria in solid tumour, RECIST) ( Eisen-

hauer %5 ,2008 ) #E17R HARIC A CT F{% ( Yan &5,

K3 ResNeXt 5] A GC itk
Fig.3  Structure of ResNeXt with global context block

2017) , M1 30% B4 T AR Hir 247 i
EUGHRE & A 502 5 535 70% Fdi A vi B 2L Ak
AR

R T Ve I AR S R AR R R
AT R, 5, AR RS BT i K250 2 TR S,
WE 4(a) (b) iR ; Lk, Pk Z 198548 CT &
BT CT BHE 8% KRR IE I B, 5 T IX 47,
Pt , ASCN 70% A8 B 7228 28 8 A 50 Pk g
155 M kAR T HE A B DX 3 1) B Sl AR S5
BB, AN 4 (c) (d) FroR , SRAE RIS 5 S0 4 &
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(a) BTt 2K (b) FrEEZEIE2

(o) ikl 1 (d) Beikla2

P&l 4 B o 1L 7 151
Fig.4 Selected samples ( (a) poor quality image 1;(b) poor quality image 2;(¢) selected image 1;(d) selected image 2)

BIbRic. PR, AR SO AT B T a6 52 56 4 3k
400 Wi CT EUR AL
2.2 EfGFESR

Bl h ARG CT BRI R 16 {7 58 iE
PNG ( portable network graphics) {4 , #3 4l NIHCC $2
HEABREE S K 16 A CT EREAR Ky CT (HEE
PR 8 A R et AR

HU = P,, - 32768 (2)
HU - Lo
Pg = mx255 (3)

X HU (P B P 535313575 CT (8 4)E HU J56 16
HIEE P UL A5 3 8 FLI8& Py 1R R, Lo
F1 Hi 5y BIF AR SCH DICOM( digital imaging and

(a) JRIEN

(e) FLL BEHE TR IZ1 () XoF U EEHG SR 512

K5 oAb S XA

Fig.5 Preprocessing and bone tissue extraction( (a) original image 1; (b) original image 2; (c¢) body part image 1;

communications in medicine ) % A f/IMEAIHERKAE

JE s CT Bl e Zead 20 (2) 13X (3) S fufs 2
(1 8 157 PGS BE Ml o X U BE SRR , B4 T 25 1)1
SRAFN T X8 b DCIURRAE A7 B B H
2.3 BEFIEESAEXIEHR

K5 JE7s 1 PUAL 315 i OR B S I

1) BRI RO DI, RE 2 ) P 15 4k 2
SEVEUERR CT BB AR AR IX S8, B S 5t P e
o CT (a5 ds, IFF 3 —fe 2= [ - 1 000 HU,
+1 000 HUJ ; JER LA CT 5 (0 5948 Ay 10 {1 320 4 7
A3 S DB AR A AR X Sl 5 AR T P (i
DB A e A T A | B 22 RS B 2%
FasE L CT R AN, A&l 5(c) (d) FIR

(c) BHATRAzIEN

(2) BRI IEIA (h) “BH R B I 52

(d) body part image 2; (e) contrast enhancement 1;(f) contrast enhancement 2

(g) approximate bone region of image 1;(h) approximate bone region of image 2)
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2) XL BE R SR, A E— 2 B TR R R A 1 X
FURE | AR SCHRE H — o 35 400 5 A 36 i) ie b i A T
XF e RE R, HR k=R

y=ex (1.0 = (1.0 —x)7) (4)
Kl e BE BB IH— i AMH, y AR e A
Ty HERAE, SG5RNE 5 (e) (F) FoR .

3) ARBUOR SR8 X B, AR B CT (HRE0E
Bl (TEZRBE 45,2004 ) , {5 FH B8 53 53R BCE- 85 K
FX A, G5 RN 5 (g) (h) s, 3 LA IR 4

Ak B3 T AR AT HE B, (596 e A E 5
R, BEARR T SO B8R AIE A X JEE 5 [RD I, 3R B
KEX AL T AR A 35 X IO A A ) 4
2.4 HUIEYIE

DI ZRUR BE 2 =) WSR3 0 75 2l FH K iy
B2 B RSCHI 5 A SCfelt ) D s S 3 K04 A 400 1 CT
B AN LAAR G b 52 BB A I 2k 3 PR I 75 2 5 i
AT 1 H DL BAE Y G A BEALBIEE Y |
A i R AN RS R AR A SRR
PEEES HILL 85% 11 15% B ELAGIREHLRI 20 R Il 2R 5 A
RS, B HEAT 10 F5 91, 15 211 Z54E 3 400 1
EI% R4 600 iR EE

3 KR

T SE I BE A7 AR kX LB AR AN R ] i /N4
1O, PSR AR I 25 b BE2E 5 ik B FRAEAEAS B
AR 0 , SCEE R X /N E AR kL B ARG RE ) T
S ERCHE B R RO A BE 7 0K, A SCLL Cascade
R-CNN NBERIHEZE R A7 ket . o Se e v ne B Ak
ARFIESZEN 48 55 | AT I HLRIAn ] A2 T A5 R
— IR THRFAESR AR ) 5 HUGE i R AE Rl 5 A e i
S kEARFAIE § SR SR 22 ROBEARGHIN 7 =X T AN [) RUEE
kL IRIE R RE 77 5 e J 7 R-CNN 511 Head 25443
I BARA RSG5t 1 I 28 14 3 2 AN B (R PERE
3.1 $ERE

FEXPIRZRHIETE F B JUE B2 i
BIZFHET F R 2 JURE SRS 145 5 PR
4 FHE M 2 (feature pyramid network , FPN) ( Lin 4§,
2017 ) 33k 13 T ) T AR ] 32 0 2 AN [ RUBE e ik

FERS, X2 2 ROE R AR RS B BOR . PAFPN

Y
2

(path aggregation feature pyramid networks) ( Liu &

2018 ) AL HE N F R ] B4R 46k T IR)Z HE
MR R R R AR, AR T RS R A TR BIMERE .
NAS-FPN ( neural architecture search-feature pyramid
networks ) (Ghiasi 5% ,2019) 3@ i i fb 2% > H s8R
PHBVRFIERE A R Z5 G, BAT B o 5 LR 5 R
i3S PAFPN BEH(EFERZ LS B = R RHIE AR B
AHERLS B9 kL SR ALRRAE . AnI&l 6 Fis, P2—P6
3R R REER-AIE, D2—D6 XTI (14 i 1 45 1
T FORRHIER N

> D5

~

_____________

(b) AR HI I PAFPNAR B

(a) PAFPNAS B

K6 FFIERLG BRI
Fig.6  Structure of feature fusion block

((a) PAFPN block; (b) our PAFPN block)

3.2 MKEH

ARSI LEFG AN 7 F7R | 325 R AR BRI 4
fERE4 RPN 5 3 N0k R-CNN AR, HRAE R R
LEARIZ N ERRE(S B, | L ResNeXt101 SH4FAE $2HL
M4, 5] A DCN Fl GC #iHe; R HIERS 2% > K
RESBY Bt convl TR 25 90 486 AR, ok HL Al 2 (9 A
BTN, B conv2—conv5 & 4 4~y B
fiE B S22 RBERHERLG SH , AREE flA5 53
FH PAFPN BiHux) 22 ROBEFRAEAS B AT Rl A, #4 Fi
AN REERHAE AT A T0 ) T R 1 42 DA % DR 1)
AR AL A ORI S R OBERRAE, RPN ORITZR K
R-CNN 145528 A Ji TH A5 1Y %) 4G I A 32, 77 22 RS
AR P 4 i) A BT X 35, 388 A TR 1) ToU B 1A T
AEBAEAR P AN B A 07 e U 25 SR R i
ok RHE R X Sl %1% 2 F —> R-CNN 4223114,
3.3 ZXEE R-CNN W& 4

SR AN TR RS AL, 43 56 5 i RUBE R AiE ]
) AR LR X 35 (region of interest, ROI) #E47
ROI align #¢/E., R-CNN Z5#4anf& 8 s, EH £ R
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RPN R-CNN@IoU=0.5 R-CNN@/oU=0.6. R-CNN@IoU=0.7

|3 EEN 23 | EE =S | B

a4 | TS| | Head | | Head | | Head |
A A A

[m0z | ROlalign | [Rolalign]|  [ROl align |
F N A A A

TFE ’/k7<4 e Hin |

- Mm {j\ ‘ @ q}t}‘ﬂfj}fﬂ‘x &H'J A

7 ARSCHRBIEEHY

Fig.7 Structure of our model

JERHE N RFIE RS B 0 5 S R AR R, 4F
fIEFE F ) RO X 3R 7 b — 22 R 28 56 H A kit 1X
B EIAZER, B AEE L ROT align B A [6] RUBE Hf
I P 5 25 1 i DX Ak 380 A ) R Lk
AT R s B T PR 423 4545 (fully con-
nected , FC ) FFXT 25 R A7 0 JE R ml 5

: & REHFE :
‘ '
1 1
1 1
i | ROL | :
1 1
1 1
- 'ROI -
' ROI ‘ ‘ [RoI ‘ !
ROI [ROI] :
: ROJ \Ror :
| e e e o o o o e o o e e e e e e e o e e e e o o e e 1
ROI align
[H L (1024.256,7.7)
R-CNN
B

Aeifetier

EUE A s
ReLU ReLU
- —_—
(1 024.256,7,7) a1

(1024,1024) (10241 024)

(1024,12 544)

I8  R-CNN 4y
Fig.8 Structure of our R-CNN

4 LWEERSH

4.1 ZWEE
SEHG {60 TR BE 27 I HEZR O Pytorch 1.5.0,

mmdetection 2. 3. 0 ( Chen 4§ ,2020) Fl python3. 6, #
YERZ SN Ubuntu 18.04 LTS, fF Intel i7-6700K 4b
HLAR 16 GB W A7, 11 GB & 17 NVIDIA GeForce
RTX2080Ti &~ 13 45 b 58 il 5, B OpenCV 5Z
BUTIUAL PR, KO Y Y imgaug JE5E M, SR ] SGD
(stochastic gradient descent) f {7, #] Uf 2% > K%k
F90.01, B 500 Yk AUIAT 2 o) SRR A T5
0, #4420 0. 001 ; batch size 1 4 epoch &y 30, i
ABEMEIRST Il 768 x 768 153 . Ry v IR 2 bE
AR JE AT REA R 1IN 25 IR 3 i #U05 A Sz A e
EAF ) AR SO (A4 X FR A S 55 ) 4l T MS
COCO( Microsoft common objects in context) Tl ZxAL
HPATIERS Ik
4.2 SREIRIT

SR LG EAN [ AR R | 285 44 DL R I 255 3k Xof A
RURHINPERE OS2, TS 4 20

55 1 4 R REROL I oM B 1 A AR
PRELM 45 % LG 3 i 780 8% 22 1) 2% JF: DLSF B0KG
(average precision, AP) MVERRMT G PRI TRERL,

552 gt DB IR AR B R SR TR
RrIPERE , X LA P AR RR A Fl A5 A5 e 1 e 00 178 e

B AR IR A3l HRAAE Al A AR

553 20 N BIE I — 1k R L LR Al AR
BN Y (9 A RME, B 5B TE R-CNN TP i ] BN
(' batch normalization ) #l1 GN ( group normalization ) , Xf
L PEREFE A5 ; LR 51 AE R IHLE GC Al A5 4
L DCN, S AR

55 4 4 NS IEAR SCRBIRY A ROME  7EAH R S50
X} Faster R-CNN ( Ren 55,2017 ) . Cascade R-CNN
(Cai 1 Vasconcelos,2021) . Libra R-CNN ( Pang 4§,
2019 ), FCOS ( fully convolutional one-stage object
detection) ( Tian 45,2019 ) . RetinaNet ( Lin 4 ,2020)
FNAS SO AL FEAT N ZRATI G, X LA TR AR
4.3 HELFMIEIR

ARSCPAA B 2R (recall ) | HEHf R ( precision) | F1
OISR BE (AP) (M IoU = 0.5) 1 g R 1Y
WA TER, B

TP

R=0p T Fn (5)
TP

P=0pirp (6)
R xP

F1_2><R+P (7)
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KR P AT FL 43 53R 43 B HER R FL 4y
B, TP Frm g i kgl I w0, FN 2508 159 kb
FER TN NS 5 FP 315 S AL

AP FF A A A e — 2 AR RS B 5 DA
By 87 )5 19 P-R (precision-recall ) [
£ (Padilla %5,2020) F J5 () 1 FRAE i S & 1) AP
{8, B

AP = LIP(R)d(R) (8)

A, PRI R 43 I3RS HERR RN A 1%
4.4 KBRS

551 A1SEEG Y H YA BE R T FH A OB ) 4y
AEHEEURA 2% BIFE Cascade R-CNN W] 25 45 51 F 43 51|
L) ResNet50( He % ,2016) .ResNet101 ( He % ,2016)
L2 ResNeXt101 ( Xie %5 ,2017 ) W4 fiF $2 B 2% | LA
AP R PR bR, R AT T HE S0, SRR 2 SR A g 2 B
No ATLLAE H ResNeXt101 X A% SCHLE A4 45 AF $2 HL
PEREME T HAM P, FZH T ResNeXt H P47 HES
5 LB AR NS R A0S ResNet 5% 22 5 B 45
A5 T 2% AR IE SR L BE

R2 AEFHERBNERHIHER
Table 2 Experimental results of different backbone

AR SR 4% AP

Cascade R-CNN + ResNet50 0. 420
Cascade R-CNN + ResNetl101 0.471
Cascade R-CNN + ResNeXt101 0.543

TE UL 1A fRe e

55 2 LS00 ARG — 4 525 i 4 S S LAk, B LA
ResNeXt101 A4 1F $2 B R % | 38 32 S 06 X6t b 56 UEAS
P FHERL A A DL S 305 A FPN \PAFPN Fl NAS-
FPN 3 FfR5AE Fl A AR B s XoF A SC 0 25 4 1 BE H6 AR 11
R, G5 3 BN, AT LUE 5] A FPN JE A
(AR I P BEAT B R B2 T, 3R I RRAIE il & SR a2 T
ANTA] RUBE R AF A B 2 1) 9 A0 B AE L, X He s A
FPN PAFPN D) & NAS-FPN HY 525645 B 0] 411, PAF-
PN XA SCI 46 (R4 B Rl & RORAE T HA 2
T LT IR R IE AL 22 )5 B R AR IE S 2

ORISR g HT 5 O W o 1
R-CNN 1 {fi ] BN (Toffe il Szegedy,2015) 5 GN
(Wu Fl He 2018 ) X 55 70 G 0 14 f58 1) 5% 1) 5 265 2 5
SYISUEE R SR GC 5 A AR 4 FL DCN X 45 2

KM PERE A R, 2B 45 R INsE 4 Fis, nTLLE
3 GN R4 T I — Al AR SRS AL G I 4 RE A
BT 1 2 17) s MAERMZH 5] A DCN 5 GC Hibe
Ji ASERURG I M RE ST RO 3 (55 3 4 17) .

R3 FAMEGRROIBER

Table 3 Experimental results of feature fusion modules

R Al A& N 2% AP

Cascade R-CNN + ResNeXt101 0. 543
Cascade R-CNN + ResNeXt101 + FPN 0. 655
Cascade R-CNN + ResNeXtl01 + PAFPN 0.721
Cascade R-CNN + ResNeXt101 + NAS-FPN 0. 671
TE O A Bl
4 TFEBHRTHHEN L RRER
Table 4 Comparison of modules’ AP
BN GN GC DCN AP
vV 0.721
vV 0.723
vV vV 0.764
vV vV vV 0.816

RN i A4

55 4 21 S0 R AE AR ) S I 2SR s T 2R AT
Hf AR SO 5 Faster R-CNN( Ren % ,2017) | Reti-
naNet( Lin 4§,2020) , FCOS ( Tian %, 2019) . Libra
R-CNN( Pang 55 ,2019) Cascade R-CNN( Cai Fll Vas-
concelos, 2021 ) My L 25 L an 3k 5 Frow, Ho,
3D-AG (3D aggregated ) Fl ElixirNet %45 54351 5k H
Zhang %5 N (2020) il Jiang %6 A (2020) 545, H
F RetinaNet ., FCOS #1 Libra R-CNN &/ FPN H.#4
T2 ROBEFRRAE L UEA TR, PN I AR 21 S 56 455 AL 1 5|
A FPN #7485 [y i b,

ALY 45 A3 M2 1) 22 28 B A A ) 2%
3D-AG 1 ElixirNet X5 2 21555 48 (4 K6 9 4 [0] R F5
A I A A 78 174 = 2 i PR — T 3 (A IR
BEECHE TR R AR CT B ad >, 5 — e o T F
A A 2 FR g A ) RS I 1 B8, R T BB A R IR B 5
RS /N AR A I BE 7. 2) 4 Il 38 e
R F1 530 AP $8 b5 2% B A SRR B k19 46
PEREOL T HoAAE R, — Ty 2 i T GC 5 DCN 4
PRI T W 5 AR 25 278 1) B LR R A
SAEIEE ), 53— RE L PAFPN 3458 T 9 kR AE
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{5 BIF S5 A Ik R-CNN W 26 328 A5 4 T T #5578
AIRTINERE . 3) XFLLF 5 H5E 3.6 .7 1TSS R, R
AT A [ 8 25 1 S I R SR 43 [ 3R 000K 3R A4
KT, LB Faster R-CNN Cascade R-CNN Fl Libra
R-CNN BIfFE R A 2 1 0L, SR MTHERR 88 T
S A TR 5 AT Y-SR CR I 009 £% 150 B R T S AE
RS T 35k 2285 22 UK G AN T H 22 A BB T 38 g e
WRIAL ERFIES B . 4) % 5 1 RetinaNet UL
AR 1R, Al HHASIN 2 22 A4 S S kL 5 {EHERA
AR, i I 5 3R b S A B 2 B

R5 ARRBILBER

Table 5 Experimental results of different models

Xof LA TR R P Fl AP
ElixirNet 0. 574 - - -
3D-AG 0. 700 - - -
Faster R-CNN 0.674  0.512  0.581  0.601
RetinaNet 0.828  0.349  0.491  0.712
FCOS 0.751  0.410  0.530  0.610
Cascade R-CNN  0.732  0.529  0.614  0.655
Libra R-CNN 0.817  0.481  0.605  0.707
A 0.850  0.613  0.712  0.816

IR S B AR AR, < - R ToEE

AR BB 1 SEBG 45 51 P-R AN 9 B,
AR SO P-R il 2 A0 il Bty i BUR T AR R, 45 &
%5 PP BT o, AR R WIAR SO 2T
ARSI BE DIE T AR HEABEY

1.0F
0.8F
5 0.6}
2
04r &
— FCOS
02— RetinaNet
: Cascade R-CNN
— Faster R-CNN
ob— Libra R-CNN
0 0.2 0.4 0.6 0.8 1.0

B9 XA P-R 4K (1oU=0.5)
Fig.9 Precision-recall curve of each model(loU =0.5)

4.5 MiLRRE
AR SRS E RS2 g G 0 45 2R (AR 3 3 i)

10 Ji , S 8 HE SRy 50 A X I 20 68,40 Ay 52 74
DN 2 s kbR A . DB 1 R PRI A S 5 2 T
T AR SCASE AL T RCOS A6 31 55 A, AR SO L 4G
MEERShRE W ES MR E TE&, AR O
%1 5 FCOS , Libra R-CNN | RetinaNet F& 6 4% 5 rp
B BT R U B S AR A A S e AR AR
ARARLAY IE R AE S BORAE . MR 2 I S B4 6
S5O , T A AR R TR I B kT, AR SCRG I 5
S . T DL 33 e e X3 A I 2% X6 /N H
B kb ARG A5 23 58 T B R A DU X 2%, DN 3
FE RN 25 SR A, {U Cascade R-CNN A7 K
DB kL, BRI AR o B R OR SCH R IR T
Libra R-CNN, {H Libra R-CNN f% ¥ il 45 5 rf 14 31
TARBAPE, R i, LR ekl 45 3, RITA
SC I 245 A Y X6 B kb 1 R 0 R R P L A ) 2%
B

(d) FCOS

K 10

(e) Libra R-CNN

AN T FB AL e A 0 45 2R
Fig. 10  Detection results of different bone lesions
((a) ours; (b) Cascade R-CNN; (c¢) Faster R-CNN;
(d) FCOS; (e) Libra R-CNN; (f) RetinaNet)

(f) RetinaNet
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AR SR Y — Rl G B LRI A AR AR Y
2 RUBEGRIAG I Y 25 A5 R 1550 it 42 ey R S
LR R LA 2% B 3 3R AR H AR AL Y
FRIEAS B, DML Z FEAE 0 JUART 48 45 {7 B AR 2
FROERY 2R f5 B 3 o X 28 6k B kL A BUREE . R
FHRT AR ARy =X, (A5 0 2 228 7 565 RS 22 =
JTEARZAEM BRI IEE Ty, HU, R R 2R
fE = B A5 B AR 2R AR F & 038 UfE B 1l
FHARFAE Rl 00 28 B e (2 1 R 2 AR A B 2 B A
B G #E—N B A A A RE R R . B,
£ RPN FIZLIK R-CNN H 43 % B A RUBE A RRAE AR
ST SRR | LR TR 28 XA [a] RO i s b
(RINBE T .

L — FR YR LS B E T AR ST B A AL
PR, A 3R RS A F1 3 O 24 1 5 03 5 Oy
0.85.0.613,0.712 Fl 0.816, L T Zhang % A
(2020) 1 Jiang %5 A (2020 ) ARSI 5 ik . A SCH %
(AN & 2 b S X REAEAS B S B /N RS kA g A
P /N R AR 4 B A8 2 T A T A R

TR TR 1) S AHAR CT 434 W i
Z IR R SOR R AR RR A5 22 ) B B 2 BR
JEARIT A RRIESS B, BEARRRE AN B A R b /iy
B R BTG 52 ) 57 55 M 27 >0 O OB B s
L H SR IR B 2 1 B AR SR CT RIS E s
2P YE R )z AR PERE
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