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Rib Fracture Classification on CT Images Based on RF-Net

PENG Cheng, HUANG Yang-Lin, GUO Jian-Qiang
(School of Computer Science & School of Cyberspace Science, Xiangtan University, Xiangtan 411105, China)

Abstract: Rib fracture is a common disease in clinical medicine. However, the diagnosis of fracture with the manual
method is heavy in workload and difficult. To help doctors to reduce workload and improve detectlon sensitivity , we
present a rib fracture classification algorithm based on a rib fracture network (RF-Net). Firstly, generative adversarial
networks are used to generate synthetic medical images to enlarge the data size. Then, these data are input into the
proposed RF-Net to yield classification results. The data augmentation method can ease the overfitting phenomenon and
improve the model training. In RF-Net, we use RF-block to'replace the ordinary depth wise separable convolution , which
can extract multi-scale features to strengthen the feature extraction ability of the entire network. Furthermore, considering
the high requirement for fast speed,'-wé apply the compression strategy to optimize some high-dimension modules to
decrease the computation cost. The comparison with the existing deep learning models demonstrates that the proposed
method achieves the best result in multiple indicators, including accuracy, the area under the curve (AUC), sensitivity, and
specificity. Besides, ablation experiments are conducted to verify the robustness of the algorithm and the effectiveness of
each module. Finally, the results show that the proposed method can classify the disease more accurately and faster than
existing state-of-the-art approaches, which can provide a reliable basis for diagnosis.
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JUIE B TR B AR W, R AR
KHEAE 40%~80%, It HAT B4 EFHka % mifth & &
Pr IR UM 98 A0S G B A A R RER, R
W X, CT BUGILAR AL F il 78 . 4iEI
ST X IR, AEE AL T I PR B BT S i R B, By
PLCT BM& C NI R B2 Wi 3rie 5 80 7R
HHATEX CT G & Wik g — s 2
T %, BT EANS W FEAR IR R 2 A 12 Wi 2 5,
TSN N R E G 208 )L E 5K, 5 BTk, Bz
ANFE A AFEAREER R KW, 580 45
VW T AR R BB R A A, K A
G E R AP AEE 5 LR, S W YRR I
AR ILAR. Rk, SR A A 1 U A LA
e Wi AT F IR 7 BA 4> BB = L

W 5 AT AR SR T SR AR ) 4, ) MR Ak 21 5
DB B O SO AR 2558 A W T I ) . el
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STV AR A AT S — T
N-4E-F 10 75 ¥, 38 Ik 40 B 43 5 38 48 ¥ 1) DT 7 Bk
Joh A 7 A R R, 5 A N P B SR U B SR AL b
B E M B, B ST $2 R X
K7 VAT R B T SE B B Bk
WA AR B T B R A SR LT R A,
TN A B 2 28 e CT FHfi 7B 4T 3473
JZ R W A, FE T e R BN B B SR,
MRS JH T ET CT BB g g9 ashis
Wr R 48, @i it ) 28 e M SRV DA R o T R R A
7% (CPR) Xf B AR ol & HEAT AT WAk, 35 Bl PR = 2R 12

I B TS WK, (1% 2R 8 A0 B E A R A

J&. Urbaneja %5 A\ (i FH ATR ER 5 )5 1 BUL Fl
B, € T W0 e B ST R A AL E R AR S 5, (1%
7 T EAE SR RN P TS M

AR, B W 2% B T 7 BRI A v b g
BTz R, B0 = 2 R T TH R TS S A
3 EIN 0 L 3 B A 4 B U A 2 [ P A
TN B 2 0 4 B T B iR et A, dn
Hu 2 NP T U1 A 0 L& 4% (slice grouping
and aggregation network, SGANet), 1 5Gil L = 4k
(3D) B XS ANF V) AT I, SRR — 48
P2 LA Tk U1 R AR HEEAT 43 25, Chen 25 AU $2 1
7 A3 ) A PEAE D 732 (spatial coherence based rib
fracture detection, SCRFD), T 4 CT Y i H B & X

SRARI e, 2 S P 4 £ 5 £ L ) 25 B £ o 24
2 X AT I3, AL %07 3 B e b . T
Zhou 25 NS R T 5 45 BUR R I 24 (0 B
FEAHBNR RLE, T E B G  KEFEATRAY, %
ARG AA AT IERE, FR KA IS5 A Tis
U 2 SR L2 1% 3R 00 T 2P G AR 3 A T
Jin 25 NV PR T —Fh B B2 W0 2 1) FracNets, i
17N TR R0 = 4E B P AT R, 5L T 92.9%
BRI TR0 LA 90 O 5 25 ST B AR et B
HTHEAT IR 5, (B3 SRR A AR A2 (1) LB
VLT ROV SR PR K, F8VE GRIE KR CT B e
5 R 2 7 A S R TSR . (2) Btk 6 o 2 S Ul o
L2 AN L G E S e N

AR CT USRS 5, R ik 3
AR A T P O BER, ASCHR T — Fh ST RF-
Net FJY BB H7 R B 535

AL LB TTRA DA FLA

(1) 2R OB 206 BB CT UGG AT Hede 3
SRAE BN, 8 BRI 2 BEHE, AR el 1
I8 22 TR LA 11 5 ) 9 .

(2) i H 2 43 3CBiH RF-block T A £ M
% RF-Net, LIS B 10 % RIERHERS B, B &
S BB DX TR BT, 2 R

(3) bt R4 s 76 4 R AL BB G , T00RD B8
5k 1 RIS T 40 SV A (7D E I 0 4 1 50 T
FFAR 117 00 F 2 a7 K I 2, B AMAT T
T 1018l S8 RIE YT 5 e 2

1 MR IAR
1.1 MobileNet

MobileNet F T He s RCH MG 2 A0S I3 FE 77 5
BEN RS HOE R Z B2 R0 . H B G M NIR AT
43 B (depthwise separable convolution, Dw conv),
WRIZ W7 B U A AR S A B 0 i IR
R R AR, e bR B 2 RO i AR AE B b AN () S 5E
7 AE N B B 2 4RI, RSB
1x1 BRUKE Z AR LI P, T8 AU R A5
FME TG BOAFAE B BEAT S 21 kS 1) T 4 sl PR 4 1
ROR, B & 1 pros.

BB N FHE B Dy Mx M, i EIE RN C, B
BRI NxN, NN K, IREG AR Py, fUE
THE & P, 739 A:
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Al B AUH LE T ARG AR T iEb 8 2 9 fF i &,
WA R BE TT 2 B SRR MobileNet HAA = Rk,
1.2 RGHIEILRG X
PR 280 B — R RA TR 5 5 2 1, DR LA
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N
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B RO (R FE A SRR 1 e R OB T I
o 0 BOR, 2 BN GREE AT A B S A BOTR
IR M BT B WCER B, TR A AR A B
FH EHE 18 50 152 R TR RS R AR 1 T2 R AL AE
CT BIMG b A% e 4l 14 o 07 2l o xof B AT B AL A7
SRR AL TR, BB . AR B CPRESETIE, T
RS T 2 I B, 7R SEBR B 2 R R FoR 22
JNEHEH, AR EE RN Z, EaiEmIiE R
SRAT LU 2 R e i, @3??&?&’351%4‘%5‘]
N4, Ejﬁﬁiﬂﬁii‘i{ﬂé\ﬁﬁé PR AL P e
5

2 FXHHE

/ \ﬁi%ﬁ T —M%ET RF-Net FIE & IR HHE
i, B2 R T ER R E, 0BT mk
I FH A B0 T 0 24 o) TR BB e A HEAT B 3T, AR TE
% 1 I B R AR BORE A AL B A T I 2R R. SR )5 18 F RF-
block B #iR v 43255 FH B G, RF-block A% > 3| £
FRBEHFAE, BEATRHMIERL & 5 AR 1645 N IE M %%, s 4
P N =l T ) S R i R VA DR R 1 D
RIEHFAT A, AT PEA0 N 21 25 T A 5O e i 4%
(R 31 5 7 5 SE IS A2 DL R, RF-Net [ BEAR S5 H4).

RF-Net

IR 25 o

—> D s

K2 RCHERE

2.1 BT M A BHEIE R A

Az BSOS T 1 4% 2 B 4 SR FH 1 A s B AL F — o
HEZE | H 4 8% (generative model, G). ¥ 2%
(discriminative model, D) P45 A St [ 2H . 77 & 1 &
A R I B S ) EE, R A R o S AR S
UG, E AR S LT, BEAN P25 1) H I 9 AR il e
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REMS A2 B DAMBREL BB R, BIVEERY B) H A e 0 (D,
G) N:

mingmaxpV(D,G) =Ex-p,,.. (v[log D(x)]
+ E.p.nllog(1-D(G(2)))]  (4)
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TR HE) G 2R x 2 SRR RS, T G(x) &
AN AR PR AN RS, p, 3R MR S b A R
FRIIAN, Para 227 NI AEERE 27 > B HIHEZR 70 A, B8
B ARAELRI N p=p gaca LIRS HH00 48 075 I8 73
e RS FLSEREAR, (R A2 Bl 2 © 48 AT DAAE iy
Ji B < TERMEA.

A2 S BT 4 7 A T &P AR A AR Y, Mirza
2 NUTVRRH T R B B AL PN 4% (deep convolu-
tional generative adversarial nerwork, DCGAN), B T3
FHIVERER ) 2 M. A0 T DCGAN #it |
4 FEER L L A S PG, B 3ROR T M4 Y
ARG, A RRER AN 1100 AT IR 70 AT
M), £40d w B #Z (deconvolution, DeConv) iy Hi 43

TN 32x32 19 B 0 50 22 1 B N A A R 7 iy

1%, 23542 (convolution, Conw) iﬁﬁ@j HERIMER .

~
7| -+ Conv
¥ ']’ — DeConv
1-5-7-() - W -(]--F-o
8x8x256
100 401024 8¥87512 e oo M\ Lo B6 axansi

L ]32><32><1l J
I i e

K3 DCGAN %

N8R T2 ROXHSTT R 4 P A 1 o VR SR AL
R, RSORS00 B 1l W EL AR AR, () I 3 3o 3 R sk
IAERHIETIE T AR 7 R REIL T SR i 9 12
2.2 RF-Net

w1 B ITRORE B R e, B AN A
BAFEI T, SEC S EITHE R, M RS

JUEEAZ RO B REAT B X 2% 3] A S ] MoobileNet!™

A FEREYEH, 4545 RF-block 5 FRAFHEMELL T RF-
Net, $RHL 5 FUEEREAE 19 i x99 26 45 #3847 78 43
Ak, B 20 A 38R ERUARAS .
2.2.1 RF-block

I E 1] 53 B9 2 A T4 200 R 9 4% L S T
B, AR TEIEAE I AR, T30 S5 G
JR WA, A AR MBS 1 % RS E, S FUBA B
P HE I R

FEMLIERS |, ASCHR T RE-block AR, iZ 54 b
VRIEETT ) B AAN 1x 1 R, 20 S0E T N1
A [FHHAE I8, 5 Contcat 15 HEAT HE-AERL A, ULHT
AL RS HEAT BB 028 VA AT, SCTT 3045 b A 1

HEAE, SEIL FUSEAFAE R 934 RE-block 76 @i
] 347 Bk R IZE 4% (skip-connection), 3 #50EE 5o i 5 7
R LA, MBS 0 5 A .

RF-block {f) 55 1[4 4 FT 7%, 4 7543 it
Yy CI2 A BUEARBBIECH C HOTRIE T4 B R,
B I N B TE 5 B AL BT, Rt L T
S\t R ST, T 26 R KT A
T TR, W AEE R, 1T TR BH
A 2 AL B LT 35, REBRCREAR R 4% 1
. RE-block /(%8 T R 4 BRI 3 b,
SEREESES B E e

Skip-connection

X (H, W, C) —>X(H/2, w12, C)

Max-pooling

Dw Conv

(a) MbALHTT

Skip-connection

X (H, W, C)

() {Eit L ¥gE
A ‘*{g 4 ¥ RF-block £5#) &

1
220" R4S

FH T 0B I 7805 A A (R P 45 BRI &5 5, T A
MBI EA KE CT BUR, MG Eir B S HEN A T —
SE AL 2R, T MobileNet #5781 5 #4415 47 75 B A 1 55
FSCAS. EE T B E ) 8, AR SR T OB R R 4 SRR,
RO TR KR EREREER, 25
X} dE S AT AL

VERNBR G W 2 (1) L ERAE, R 2t
45 TR R ek /N R AAE T ) RST, T KR P o A A 2
THE&E. T B2 N AR B R RS AT 2 R 2GR
VR R 75 B T SRR, 1 B o0 AT T 15, R AT T R AE,
2 W T B N, WO SO R R SR A T
VEXT RF-Net kg5 Myt AT tidk, midon 2B wE s
Fi7.
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RF-block
RF-block
224x224x3 Conv 3x3HMJC$E 112X112X3 ﬂEMJc

RF-block >< x RE-block RF-block
e ]_@—[ B T e [

(a) J& T RFE

Conv 3x3
Conv3x3+
pooling

112x112x3

56x56%3

RF-block
MR EA ST

(b) PRIE TR

K s

M 5 T B, B R RAEM %A B AT 3 ANk
WALE 5 3 MR, 8 1 AT AR R 5
AR S BA BRI B, T R SRR i 8 45
3 AL R T, LB MR O RRAE R4 8 . SR
o 24 4 E A, ISP BRSS9 48 R R
GIERISIEISE m%m@Fmﬁm%ﬁﬁﬁ%ﬁl@
ixﬁﬁ%ﬂxﬁ%w«@ﬂn%%%%$ﬁﬁfz
AU WO 2 1S R AR b R R
RETIR AR 76 A B, 45 S0 A > 2

BOE 1 [F R B R U B RRAE SR EURE 77, SEBL AN T W

=1 MR,
#£ 1 RF-Net S5
KM Bk () BB O BERO©O AR @0

Conv 3x3 2 — 32 224x224x3
RF-block 2 1 64 112x112x32
RF-block 2 2 128 56x56%64
RF-block sl 2 128 28x28x128
RF-block 2 3 256 28x28x128
RF-block sl 3 256 14x14%256
RF-block 2 4 512 14x14%256
RF-block sl 4 512 TxTx512
RF-block sl 5 1024 TxTx512 "~

AvgPool 7x7 1024 7x7%1024

1x1%1

FC 1000, Sigmoid 1

223 ?%1M%ﬁ%ﬁﬁ .

1 ﬁﬂﬁ?“)\ﬁ'#t 224x224 [ E {4 RF-Net
AR S S5 o s RoRDK, C Kot
HomTE R P2 T 3 5 AN B BB (L, 2,
3,4, 5] 70 H%E BT @ TE RO [64, 128, 256, 512,
1024] ) RF-block, F:ANH B (1A 2348 RF-block (1)
AR 5T, It A B e I i s R AR 2 B AR L R
P AL A BB N — B B #H LT MobileNet, RF-
Net W%%Wﬂ‘/l\ﬁﬁﬁjj 512 i) RF-block 55— M
#04 1024 1¥] RF-block, DA s 4515 B 2 2K ) il
B ARSKUL RF-Net B 9 EBHM R, B8 1AMt A i
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\
GRE, 4 /’@%E’J‘RF block Ut‘& 4 A KA AL
RF-block, 1 H %)EJ' :lzjﬂ/ﬂ%):' (global average pooling,
GAR) ft Hh4 M2 GAP J2 71 6 MEFAE R 3,

Jageid Sigmoid 7 KA B RER . SLIRIEY] RE-

Net [ 28 5 B AR TH 5 A 1 [ I RT3 248 T i R0
FEE.

3 s
31 EEILE
3.1 B HEdEAE

FBAE A SRR 1 40 S i, A SR R B e
26 TR 2 5 PO R 0 50 4, SRS 1 20 A9 19 11
500 5K CT % E1E. G0 HEE RN 512x512, Y1 &
FE 1~5 mm. 453K FEACERN E T 4 s A B 2
HEAT 245 B AR L. B Jehrig W 32x32 1%
KT I, BRI 5 T ok 1 (2 1 A SR
x, TT/EL.{I‘azméﬁ FIOR, 220 6(a) Jobric H i
17 B, 25 DI 6(b) AbiE LRy A7 FR. FER 365 A
YT 5 AT R AR B, AR SR T R i R
BRIkt IR 1 A 37 MR DURIE Y 2R A R 88
5. 2t R iC R SR S R L 1468 HKEIR, B
SRR A R 2 734 3.

(a) FH

(b) BT

Ko Hlatebrtilit
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3.1.2  HdE st e

B B RS 7:2:1 IR 1027 5KIlZREE
55294 5RIMRAE K 146 SKIGUFLE. [F] I >y 8 5405 VT I
W25 BRSO\, B BB AR R IRy 224 %224 FEiEH R
RGB 3 @i .

A6 FF) 285 T A ot 47 I 285 1 0B 38 58 7 VR B 1 AL
W8, FCEARERAE Sy AR B A 280 G 43 Sl 24
DCGAN 2%, DCGAN A4 i & 5 9 ) 45 AH B 9,
12 T 2 2] B R EHR ME SR 0 A7 5, 2B s HE Ui
100 4 1) AL [ £ AR AR 3R 9 32%32 Y BEIR, X
TR 53 AT EIRBRAE, R ORIERE A SR 174, 3%
AR 2054 5KEIEG S 2054 skAREITERG. B E
S S IR AE B G ol an 1 7(a) F1E 7(b) B, BF

P EL AT READA R B REAE, (B2 T B0 1 7 S i, F

B TEHRR N 2R, S O EREGE ST

YIS, N
w LT‘ Z!

(a) E R E%

/N

(b) s EIE
E7 W& CcT B

3.1.3  iEN R
N T % W HL A T AR R 2% 1 2y 2R 1 e, TR T
1 55 JeAh SR EAT LU, A SCRAHER % (accuracy,

ACC). REY (sensitivity, SE)« K55 (specificity,

SP). ROC (receiver operating charactetistic curve) it £
1’E?~Ji¥1ﬁ?ﬁﬁiﬁﬁ‘fi%ﬁ*ﬁ5 HLAEE, A4 HT A 9 B,
B I B, S 4abs B v R O

TP+TN

ACC = 5)
TP+TN+FP+FN
TP
E= (6)
TP+FN
TN
SP= 7)
TN+FP
TP
TPR = (8)
TP+FN
FP
FPR = )
TN+FP

K, FP RN BEAERIA 5L, TP Fom BB AN3L,
FN BRI, TN R BEHAMERA S K
ACC Fiib i Y BE AR B, SE i I8 A RS I8 97 (1) M g,
SP R B R W HE B Fr I PERE, ROC Hh &y FPR
(false positive rate), &7~ 7E A AE 2R F 4 Ay 1E
IR, PALAR N B FH R TPR (true positive rate), 3%
AN AE 1% T R T R R 2 R A (A
ROC #1£k, AUC (area under curve) Bt & 1% B2k T I 1)
AR, MZ&REEE A EAMA, R A C@@%i&? 1,
ﬁ?ﬁﬁ‘]ﬁ%ﬁﬁﬁﬁiﬂ?.»%Iﬁﬁﬁi@ﬁigﬁi—%%%ﬁﬁ
F I A

314 SRR -

%i@ii%%? Keras HESLHEAT 0 26 44 28 S I 45,
i 1£°F & N Intel(R) Core(TM) i7-8750H CPU @ 2.20
GHz, GPU 9 NVIDIA Geforce GTX 1060 (8 GB & 17).
ARSI S BB E IR IZRIEARIREL epoch A 100
IR, fEALHE K /N batch_size 4 64, {4 AL FE R Fi2:
(stochastic gradient descent, SGD) #EAT AL, ¥IUH2% )
# learning_rate A 0.01. Z1EZHCN 0.9, 2% > A
90000 1. A= BT BT I 265 (R 5206 ZHOB B I R - IRk
RIREL epoch 24 14000 &, #HLALFE K/ batch_size
K/NFg 32, M8 E3E B ] R ARAL 38 Adam™” AT AR
1, H146%4 2] % learning_rate B 0.0002, TEU AT 1%
4 0.99. \ N
32 BREHH | - "

320 SRAR S

¥4 RF-Net R ST (112 S04 EfficientNet?!,
Mo‘biieNet\ VGG16™, Inception-v3**), DenseNet"**.
ResNet-501, ResNet-1521"1, Xception™ 7 iy & $#
£ BT SRS, FENSRTE S L, BT A
ARILEMAEE B b g R sk 2B,

N AT AT 35 T A Rt BT IR % ) AR I i
Tiik, AR I HER R I T 90%, RWHZIT AL
W LA — 2, RF-Net 728 M8 - HERR
AUC. BUREE. R4 0.9726,0.9966, 0.977 8,
0.9674. 4 T br3s e T HAMAS AL, GIE WA S5k m] SE A
B R 25 4 B FAROR U, AHZCT MobileNet,
AT IIER R, AUC 73 34T 1.09%, 1.05%, Z
R FEIRL) 65.6%. AR H A 5 52 X 73 58 W) 2%
EfficientNet, A3 ik HIHER A . AUC fHIG1IE 7 51k
#) 1.20%, 1.05%, JF BB S HERFEKLA 79.2%, AN

=
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RYIA L RE WAL S HUR A AT 52 T it SE A1
M5 RE.
X2 52T KAL) B A R REXS LE

7Y MR AUC ZSHWM) SE SP

EfficientNet”! 09610 09862 533  0.9649 0.9571
MobileNet™™ 09621 09882 322 09647 0.9595
VGG162 09178 09874  27.82 09126 0.9230
Inception-v3™! 09287 09765 21.80  0.9287 0.9287
DenseNet™ 08800 0.9437  7.04  0.8826 0.8774
ResNet-50"7 09315 09731  23.59 09328 0.9302
ResNet-152%1 09532 09882 5837  0.9481 0.9584

Xception™ 09246 09437  20.86  0.9259 0.9233
RF-Net (Ours)  0.9726 09966 112 09778 0.967 4

I O RS e

3.3 HRIS oM
3.3.1 ISIC 2016

SNBAIE 2 S TR 1 49 K R S 318 ) KA
4 ISIC 2016"7 AT 4 Al 9E56, 1SIC 2016 S F ISIC By
S A 1 S SRR T B B di 4. FEAL 900 K I
SR BB 379 SRR SE MR, UG o 5% 224
224, KR AR AT 55 A G o 1) B £ BB A M Bk
R S0 AL B A AR R X I A AR AT b o
. BHEE . PR S A a1, AR O AT b
HEAkAbF.

#* 3 WA LKA E ResNet-50. Inception-v3.
DenseNet-201 MobileNet PUFFHIA W25 178 K FHAth i 5L
RS X L 45 . RF-Net #R7E ISTC M4 _F HERf
FE AUC 5714 0.8578 5 0.8208, AH1%FF MobileNet
B3 B 2.7%, 1.3%, 55 CUMED S0P A H A,

RF-Net #Effi %, AUC {7 4 55 0.3%, 2.0%: T3

T, SDL B30 43 bk s S i AR SCA K, 4B 80 S
3 EERE EK I T 5 VR, SRS BT T A ST RETAE 3
e ¥t S R BT (O AR 65 71, R P
S5 E R R R, BT B A e b,
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