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Vertebra CT image segmentation based on deep learning

Huang Kun Zhang Junhua Pu Zhong

(School of Information, Yunnan University, Kunming 650500, China)

Abstract: Vertebra CT image segmentation is the key to the visualization of vertebra 3D reconstruction. Aiming at the
problems of blurred vertebra edge, complex structure and changeable shape in vertebra CT images, a dual-decoder
network is proposed based on deep learning method. The network adds a parallel decoding branch with the same
structure on the basis of the U-Net structure of the encoding and decoding network, and the two decoding branches can
extract image features complementary. Moreover, a dual feature fusion module is added between encoding and decoding
to solve the problem of semantic information loss caused by the network downsampling and upsampling. At the same
time, the original convolution module is replaced by the densely connected hybrid convolution module to improve the
network's ability to extract multi-scale features. In addition, an efficient attention module is added to make the network
focus on learning regions of interest in space and suppress irrelevant information in channels. Tested on the CSI2014
public dataset, the Dice coefficient reaches 0. 970, the Jaccard coefficient reaches 0. 945, and the Recall rate reaches
0. 962. The experimental results show that the network can improve the accuracy of vertebra segmentation, has better
generalization ability, and can meet the needs of clinical vertebra CT image segmentation,

Keywords: vertebra segmentation; deep learning; dual decoder network; dual feature fusion module; densely connected

hybrid convolution module;efficient attention module
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EWNAEERETETRESINEM CT BB SR F
#:, Zhang %1 #2435 F PointNet+ + B FBHES> S, &
Bt CT B4 T AL B, L & XF PointNet + + 43 H 45
FAME AL, X BARER T S0 WA v R B RAUE T T
ZIGAG B R AR B TR B, 3 Bk — Lo 40 1) 45 44
SEIRA, Kuok S 4 H B 4 35 T35 42 19 45 119 Jg I
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2015 4E Ronneberger 250 #4117 U-Net W%, & 1 47
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SRR AN B AE R AR PR o0 PR Y R B AR IR R B
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M Oktay 20482 1t Attention U-Net, %M %&i%it T E N
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BIE SR IEHEATE A . 85 W DA T4 T A 43 S 1 i 1
TRl G, 200 m 80 & J7 8 B Cefficient attention
module, EAM) 25 & B RHAE Bl & 1 B TCARHE , S8 )5 8 od
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AREB R (D~ PR,
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Yo, R T LT UER.
1.3 FHEBALMEHR

Dense-Net™" Sy T i1 s 45 7E 76 1 45 v () 7% 4% F A1)
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4k (batch normalization, BN) DA B A% IE £ P4 83 5C (rectified
linear unit,Rel.U) & i , T %5 — /MR AE 32 BUZ 2 B R
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ReLU AL, XFP7E W58 I 45 FUZ AHE A — 5 38 5
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Output
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By
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1.4 SREENEHR

& FHE B S B 3™ (convolutional block attention
module, CBAM) B K AL 55 1y, R B RS K T2 W
T LB, {3 CBAM 7EAR T4 R AR, A
WA SCAE CBAM gl i3t iy 38 F 8 Mk 43 81 i1 EAM,
WE 5 i, EAM 251 43 S 18 1 3 7 i B A0 s el i
Y AR R T LT, MARIEEF €
ROV gz ik & JRy S 3573 Ak 0 4 SR 8 K Tt Ak 43 51045 B AR AR
HF F., fl Fi... 5 CBAM ARIME.EAM X8 T £ 2

Channel Attention

Channel Attentio
feature

El 5

1.5 REEH

A FT RS IS MEH S B IT AR B L
FAE e B, B AR R4 AT s e, i
SCR T a8 ORI R Ok ROk B AR N SR, R
BRI FrR.

L = — Zy(”log&(i) + 1=y log(l —5(G)) (8
A N ORREA BB, « AR, v OB MREER MRS
fH, yG) A« MR TNE.

2 RIEEIT
2.1 HFPEEMAIE

ARSI BOE Sl |1 CSI2014 15 HE 43 51 Bk 4 48 4 1
SRR mBEE— A TR A HE CT FIR 5
& 3 & A & FhR G B HE 5 N HE AR A R B B dE LR
WINE 1R, BT BIE RS W4 0 A ELR , XTHR
WBBAR VAT Y B F s R o B A, A BB R 3R 3R
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BRAHL #E— DR T RIBI N R 2 . SR E X Fi, M
Fi.. AT AR T4 4E B4 0T Sigmoid BIE R FEEFE N
IR M. € RO, g M, 5 F it T e, A4 iiE
EAERE R E T E BN IEE F'. F 45d@iE b
B S 2t Ak N B KA A AN B R AFIEE F Foe F1 Fres A
TR 4% B X A A B AE B CBAM st Fi, Al
Fi. M@ BRI O MmEE. BET M 3X3 MEH
#AE DL I Sigmoid IS B RS MER NRFIER M, €
RV et M, 5 F' TSR 48 , A R 5 WO 3
FREE P, T8 T 0 R TR 0 2SS AR R R
Ty HHRRAE B B T 55 A AR 2 N =X (5) ~ (7D T

M. (F) = ¢(F., ® Fi.») (5)

M(F) =6(f"(f" (Fie @ Fi.0N (6)

F' = F® M.(F)

F"=F @ M.(F)
Ki: o R7xHy Sigmoid REL, /77 BRBE RN N 3X
3HBREE, QRABE TR ML, DRAZEITTEH M
PR, R YGES R ARERFENE S LR

D

R 28 50 B A A 0 ) 4% 7 25 ) b v o o) RO R X
B BT BRI OAR B - AT £ R R % B 2 I E

Spatial Attention

[ L
Spatial Attention | feature
feature L2 Multiply
i Add

(S Sigmoid

Cony 3x3

EAM %#y

B 8. D9 T w4 U Shad BRI R Of T A BB T 85T
B 256 1RFR X 256 BRI/ IRAG KB #EAT 0 — Ak .

x1 HEESH

R BERE/ WREE/ WA/
mm mm Eq
Casel 23 0.312 5 1.0 559
Case 2 22 0.312 5 1.0 507
Case 3 27 0.3125 1.0 560
Case 4 28 0.3535 1.0 625
Case 5 19 0.3125 1.0 601
Case 6 26 0.3437 1.0 562
Case 7 21 0.312 5 1.0 509
Case 8 16 0.312 5 1.0 548
Case 9 23 0.361 3 1.0 572
Case 10 25 0.312 5 1.0 552
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2.2 EWINE

S B EEEE . CPU N Intel (R) Xeon(R) W-
2102CPU@ 2. 90 GHz; GPU ; NVIDIA GeForce RTX
2080;RAM iy 16GB; #:/E & % & Windows10 £l T.4E 5k
M. B8 TR LA Python3. 7 A K 1ET - Keras2. 3. 1 HIE
I Tensorflow?2. 0 J5 ¥ » Mimics Research21.0 & & H
YR E @A,

2.3 WKl Lk

SE 56 AR A AR AE 5 11 B R 43 S I AR < S TE A - Ik
B8 1 1, EDEER 8 ARG BCHE AN 2R 4R, 1 A9 1 4
PRI UELE 1 0 B BOHE S i 4L . AT A5 B I 2R 48 &
FBEE 4 471 5K IS UEEE 572 5K, K4 552 3K, R T B Ik
TG B 4% 2 Ak BE T, 7E I Sk A X 4R 4k gk
F377 BHhm 3 o Ko 2 58 19 75 A BE AL IR % , KO- R B
T4 LSS T BEDL4E T %

P4 I 25 i, batch size BEE N 2, BIIA % > Fih
0.0005, MIIEENIEEL 5 RAF TR, FIEE
WK JE R 2026, dRc /N2 3] BB & Ry 0,000 001, SR A
Adam fEALA AT U
2.4 FEHIERR

AR A BT 3R s £ B Dice 2 50 (Dice) ,Jaccard
ZH (Jaccard)™ , 7 [l % (Recall) , Dice &% X0 {4 & B
B, B E R R  # iR B T8 bR . Dice REUM
K FORTUM &5 R B TR %, M PERe . B E X
MR DO PIR .

2T

Dice = FWI%V (9

Jaccard ZECH TIPM A S Z B AR . Jaccard
RPGEAR, AT R M. g Xn=A0 FiR .

TP
Jaccard = 5 EP T EN o

A TR R S T 2 () B ) B R VA 48 A . R RR TR A T AR
WaE, g XM AD R,

TP
Recall = TP T FN (1D

Arfrs TP 3R IEG T AR R RA FN R 11
WO SRR R, FP RO H S0 O # HE B

3 XBRERSHM

3.1 =RREX /NIRRT R T

ASCHR T NER W 4% 22 ROBE AL 48 BURE ), it T
Ra BRI, A8 e b YA 25 1 2 AU I 465 4 BOR A
2 RERHIE R SCHE , R 30X He T PIAS 25 IR 8 FUTE A [/ 25 R
T X PR R RO L 5 2R 0K 2 Fron . ihak 2 I, =8
R] 58 /N X 19 2% P B A2 T b 5 T s R R, s iR
BRI BB . B 23 I 33 5, W45 45 50K B2 Se i

e T R IR B TR X R A X BN B E AR SR U 1
I Y HE AR R R 46 20 NG 2 L 20 SR 2 B R R
o fo A 265 22 W 38 0 ME AR UL AT 5 B 2 PR BE R B
S 9 245 P 8 38 B R A0 » A S 3 R T 3 R A LG 2 R R
RNBA 2.

R2 TEZAETHHEER

ST Dice Jaccard Recall
1,1 0. 966 0. 939 0.951
1,2 0. 969 0. 944 0.961
2,2 0. 970 0. 945 0.962
2,3 0. 948 0.918 0. 935
3,3 0. 947 0.913 0. 927

3.2 HEESI

F T A X% DDS, DFFM, DCHCM, EAM X%f
Do) 251 B8 19 52 ) BT T MR R I T R S B, S5 R AN SR 3 T
Mo HH Model _1 £ J7 # U-Net By ZE T I jm A DDS,
Model 2 7£ Model 1 Byt Fhn A DFFM, Model 3 7&
Model 2 By &AL F i A DCHCM, Model 4 £ Model 3 B9
i EmA EAM, 3% 3 A FH H, R U-Net 7 Dice
ZEE K 0.937, Jaccard & %t F 0.888, & [\ E K 0.895,
Model_1 5 U-Net #8 ks , # GE 13 3| 4 1 48 7, 3R 07 4 30
TTH) DDS 45 B b H 22 3 BIGERAE . DT £2 1 20 FIH
Model 2 % Dice ZEIR T 5 K, 7F Model 1 #93Eal 42T}
T 1. 4%, RUDHE RS L5 A 75 3R A5 10 40 i 3 2 5 8 4R AF
AR ES B SEE AT B TRS H BEE TR UE
BERE, Model_3 #:fE7E Model _2 g # At it —
TR 2 5, 2R W3 38 o RRAE A9 3 T DA R 2 T AR I 4% 2= )
Bl RERFAE, T4 & 20 %k . Model 4 #H X F
Model_3 PEAE ¥ — 4, R B EAM 38 33 7855 ] |- fiff X 4%
T EE 2 2 B ER X 3, R B AE B GE BB JE 6 AR B #ET
R T arEIR R,

£33 FEERX % EE ) R

R Dice Jaccard Recall
U-Net 0.937 0. 888 0. 895
Model 1 0. 945 0. 902 0. 907
Model 2 0. 959 0.927 0.934
Model 3 0. 965 0. 936 0. 950
Model 4 0. 970 0. 945 0.962

B 6 JRoR T A [F) e A R 0 sk s a1 ) 3K PR A5 1 4
B R AT LU O M R 78 A5 A 0T I 2%k B B R R AR
MIE 6Ce) Rl R G U-Net 73 B AL R X HI LA
RO ME A BT R . I 6 (DRI BUE A e 45 44 J5 R 4
FISA BT . B 6 () TEM A BUE FHAE A& B  |]
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GHEBBEYS B4

A
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(a) HE

(b) 7% (¢) U-Net

S KA1 E B4 ¥
B 6 (D FE N A% % 1]
— R mE, B e(EMA

elelelelole
~as[alaln

(d) Model 1

AR I REBE RIS R R O B B GCR HT
HAUBERL > TN G5 R SR T AR . 70 B0 25 4, Q4 A Al
ZEHR 4%, AR ST 8 (Model_4) th BEAR 4 41 751 1 Ok

(e) Model 2 (f) Model 3 (g) Model 4

Bl 6 R [RBRER rE 45 2R

A CT IR A R A 2 545 | 50 bR 552 B A
i = AT AL, AT T8 HE T AR R 5 . B AT
KRN o B GE R T =Bl 55 R AR 7 Fion . TU%@J,

AT v (Model_4) 7y 125 2 T2 38 A ) il B A i 8 4 » e
AR ERAR . W PR T A SOk H R .
Rl R IIAR SO 1 FISS R BB W R A = e E K.

(b) TR

(a) KB (¢) U-Net

(d) Model 1

(e) Model 2 () Model 3 (g) Model 4

T ORI R E AR

3.3 EAM #1 CBAM XLt 5208

A SCHE CBAM ZERl 70 3T T3 H T E 4
EIR R B EAM, LEAE R 46440 7 5 CBAM 0% 11 52
I, USSR T 49 EAM PhRE. SCIRZ5 Rk 4 Fim,
AW EAM 78 =10 48 45 L #R B4R T CBAM, £ B A4
SCETT R EAM P RELEE A4S T R % h 245 T CBAM,

KT EINE WM E R EAM 5 CBAM fHEREE R, A
SR B AT PR Ak I A P AR AT AR T T AT AR AL S 4 SR A
K 8 iz, HE 8 W/, EAM A b F CBAM M il 32 /e 4

« 156 -

%4 EAM 5 CBAM 48L&

R Dice Jaccard Recall
CBAM 0. 965 0.937 0. 948
EAM 0.970 0. 945 0.962

ME X3, B s M 3 —E T EAM MBEE & T
CBAM,
3.4 SHMUBENSEFENITLXE

H T % PR A AR SO I MR TR TR — BT
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6 AEMEFINERITLL
*) &% Dice Jaccard Recall Z#& /107
U-Net 0.937 0.888 0.895 31. 05
Attention U-Net  0.962 0.931 0.943 0. 85
U-Net+ + 0.964 0.941 0.959 4. 87
U-Net3+ 0.965 0.937 0.951 6.75
DD-Net(A&3ILJFHE)  0.970  0.945  0.962 4. 44

(a) HE

(b) CBAM

B8 A B AT SRR L

(c) EAM

VA& IR S5 RIRER R BE 22 20 J7 3 19 S0k [25-28 1 434
LERIRAT HO A BRI 5 TR . Li %0 5 0 ok 22 4
Hekpfe U-Net PRBR 84 . WA E B S 2 T A CBAM
BIH, RAR T 4% i SO R ) B, R 2 7 A8 R A 4 LR
IR ) B, S 805 EDRS BE A5 . Novikov %851 3]
HRKEWITIZ5] A U-Net Z5 0, {8 9 4% BE % 40 08 He
YIF Z [ i B 28 e 3R, (I R T35 15 UAE B R ) B,
Lessmann %% 4 H — Bl gk AR 52 41 40 %) 07 86 6 © &40 %1
L P R AR A R 43 SR R 1 S8 B R (ELR A T R TR
B RSy B B AR A B & B BUS S A HE
B4 E IR ) BR . Wang 28 " 7RI 25 2D 51 A B 38 B
Fo M 2L 57 SR LA ke G0 M 7S bR 45 XTI R R ) (R AR S
MeZ RS IEAR R EE J1 5 B M AR . AR SCJ7 3% Dice ZHE
BT At T 5 UE B T 7R SCHRE HS Y DX 6% 485 4 o5 1
BEEE AT,

RS AXFEMREZIEESETEIBERILL

ik Dice Recall

Li* 0. 893 0. 960
Novikovt" 0. 949 —
Lessmann- 0.963 —

Wang"* 0.958 0. 955

DD-Net (AR 3L ) 0. 970 0.962

3.5 HHMEHESBINERILLSEE

RSO e 1T 105 A 20 310 I 28 47 % Lo, i HL
TEMEIZE R &4 , 5 U-Net, Attention U-Net, U-Net+ -+,
U-Net3-+ ¢ 3 43 %I 9 4% i % L 2 8%, STo 45 R ik 6
i

Hi 3 6 1T % U-Net B9 Dice Z2%08 0. 937, Jaccard &%
0. 888, 4 IRy 0. 895, ] PAF Y U-Net 14 #:4r%)
R, XEFE R UNet g # R M T % E 5~
Ik R 3% 42 187 AP0 BB 7 A 2 B U-Net £ 7ERHE 2

BRE AR R FFAE A S A R E . Attention U-Net i
TR R TTELE AG B U-Net FyBEBRZ 2, {H
R4 B NS HAR K IR U-Net+~+7£ U-Net B5E7l &
T T BRI B A E AL R LR A T AR R EE
SEFE, U-Net3+#E4E T U-Net+ + ot B &1 T
ERENBRERZ. # - LRETARRERIER S K
FRIE A B SRR X AE . X =M M4 4a R 2
£ %t U-Net F:1F BB AS B 09 7] 872517 B0k o 9 45 B S5AF 42
RS 1 IR B ks . AH T I S B W 2%, AR SO Y
DD-Net #2538 i SUF IS 35 45 1, B % 1R & 5 PR e, 1 08
T 48X R AT 6 2 BCRE 7 . T OB EE R AT Rl A e R i K
R B, TR T W45 X RRE B A BE T .

FH 3¢ 6 B] A SCHE B W 4% 19 Dice &% 0. 970,
Jaccard %00 0. 945, H MK 0. 962, AL FELLE =4
TET 48 4 A8 2L 08 F Ho At 45, 2R B AR SC O ¥k 4 F M B B
W, A SHEBERELE AXTESHEEZ T
Attention U-Net,/H 5 U-Net+ -+, U-Net3 + FEE — 12
%, HE W B />F U-Net, 3 B Z 7 78 58 5 20 B0 19
[F B0k T i B 4
3.6 MEEZIIERTR

AT WIEAR IRz LEe ), % 4 A IEIKEH#HE CT
BRI, Dice REGERINEK 7 i, Hi Casel Al
Case? 2 {8 R 0B HERU , Cased F1 Cased & 9 B9 HE £
. HRAL & MEXHEREERE SRR EES T8
REHEEOE . XRF Oy RMEEE N S E BB L
FAHMEEG T I, SFEOFHERIE &, W43 LU 55
EH sk, AR XTI EALTE Case3 b AY Dice £ F Mg K T
U-net3+, M 7E Casel,Case2 fll Case4 | Dice 2 E S T
HAMME, ZEXE, AL Bz ER T LM
M4,

KT FEMEKZHEREX L

*) &% Casel Case2 Case3 Caset

U-Net 0.910  0.922 0.741 0.902
Attention U-Net 0.903  0.927  0.825 0. 838
U-Net++ 0.909  0.921 0.825  0.888
U-Net3+ 0.910 0.934 0. 830 0.910
DD-Net(A&3H¥E)  0.917  0.938  0.827  0.914
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