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Multimodal lumbar MRI image segmentation algorithm guided by structure priori
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Abstract: To explore the relevance of multi-modality information in lumbar magnetic resonance image ( MRI) images, the
interdependence among lumbar structures, and the significant value of prior knowledge of lumbar structures for precise segmentation
of lumbar spine and disease-assisted diagnosis, a segmentation algorithm guided by structural priori for multi-modality information
fusion was proposed. A multi-modality encoding module (MMEM ) was designed, which could simultaneously extract semantic
features from T1-weighted and T2-weighted images. A cross-modality voxel fusion module ( CMVF) could adaptively allocate
fusion weights to the features of each modality image during the fusion process. The graph model was constructed according to the
prior knowledge of the internal organizational structures of the lumbar, and the graph convolutional networks segmentation module
(GCNSM) was utilized to propagate semantic information on the graph model. Multi-modality decoding module (MMDM ) was
employed to decode the feature maps, which achieved precise image segmentation of the vertebrae and intervertebral discs. The MRI
data set of 190 groups of patients collected from the Qilu Hospital of Shandong University Dezhou Hospital was verified by

experiments. The average dice coefficient D, , intersection of union [, 95% Hausdorff distance H,, and average symmetric

surface distance A, of the designed algorithm were 90.3%, 82.31%, 4.40 mm, and 1.21 mm, respectively, demonstrated the
effectiveness and advancement of the algorithm.
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s B .2023-12-28

EETE : HEK ARG W I H (62372280, 61872225) ; IR [ #AFl24 3L 4 % B35 H (ZR2020KF013, ZR2019ZD04) ; 7 & 7 B 4% 2
B /R Y8 L % B0 B ( 23-2-8-smjk-2-nsh ) ; 778 T A a4 4 A ¢ Bhoi B

FE—VEE RN 2B (1999— ), B INARTFEEA 058 A, FERF 5T 1)l BE 2 R AL PR S 43T, E-mail: 986053032@ qq.com

# BAEMEB BN BUANE(1976— ), 5 INARIGUT A, 802 1WA 500 14, 05007 n) b B2 N TR RE R AR e T MR 22 5 R T

2, E-mail; wbz99@ sina.com



514

PAESE, A5 AR T 5 B 2 RS EAE MR B 15 1% 67

0 5=

TESHEAEAERF SRR E R 7 55 7 T B A AR
HEMER, BRIk — B 2R E N
B UL A EERRE (), XA N BT AR i 2R B Bt S ARl
SR BWHEIARTT ISR EHESSR 12T 1) i
BTN AT OCTE B E A TR 7 0 2 P 5 s
B2 Wi im0 By A 00 R A7 FEEAFE figk i) ol 2
5K P2 kR R B R YT I

SUAR SR A R 2 B B2 W B it o A B4
LRt @ PR % ( magnetic resonance image,
MRI) 38 13 45 G R IAUT )% s A8 A5 0 2047 S ik
TE 5k 7~ A 20 SR 43 Ko 78 42 28 91 TR Jy T 4 He
Gy L RS e A3 2]z W ., MRI A H
T1 ARG S 7R A A ) 454, R T2 A E&
S B A J) BB 2 200 5 K, D TTORS i 2 K B
RAE IR R W A AN T, R P
HE AT A AR SR AL T 2 i A5 2

AR, 56 TR BE 2 ) 19 MRI EG I AE 5351
TR TR E BT A P AR R 4
VLTS 7 T, S S BRAE 43 ) 2k B v A5 6 IR 45
A ) 2 R B HOR OC &, SCHR 6 ] 88 4 — il phy 23 1) 45
A gt Zr i T K A BT i24Z (long short-term
memory, LSTM ) #i 1k () 25 [11] 2 25 FE AR B A6 $ip
R A i 3 3 A2 L R BT B 8 ( recurrent
generative adversarial network, RGAN) , | F [ 2%
et R G B X T B T2 AL MRI &5 HE 5]
B PR AL RHER B8 SCo3 8 B S 27 3 28 5 SOk
[7] % = B X It M 4% ( generative adversarial
networks, GAN) 1 LSTM [f] 45 £ pf 25 W) 2% AH 45
G, Bt — o BTG 28 A O T 6 X T
5 T2 JNAL MRI EIG b fa] 5 HE A F R 22 L 19 [7)
I 43 BRI 4328 5 SCHR [ 8 1 38 3k J-47 00 18 22 44 il &
£ M 2 B 4% ( convolutional neural networks,
CNN) F1 Transformer, 7F Transformer [ F 1 & 7
AR 5 | A FH XA ik A 3 5 ARE AR X A 45
PR B OC AR AL BE ), SEBEX T2 JAL MRI
PG ME A FIRE [B] 355 908 L8, Bk vk rp
FH ) LSTM Hl Transformer Z W% T 5 0565 5.,
R REART AR A i ) DX 3l %) 2 (R AH DG, BB 32
FIBRT , Ak ) BB, 3853455 20 3 3f 24T 45 2% )
J5 B i 25 100 408 A5 R0 45 4 S 3 R n 3 1A
BorEt i, SBR[ 9 ] It —Fh kAR 2 A
ZRM AR A Bl g 1 7 X A RN TR A M

A, I o043 #0 #h 28 ( 45 43 #) T2 B MRI %
TR (H 25 5 K A R s STk [ 10 ] 32 1 1Y
Kzl 5] SR A B E W 2% ( detection-guided
mixed-supervised segmentation network, DGMSNet )
BRG5>S m A I 5 |5 i A 28 il &5 7
5, SBAE T2 AL MRI FEME XA i E] 41 53
F AR = YRR R AL o A R EG 5E o EE
55 B FE R SCHR[ 11 48 R I 24 55 2 4
¥ A0 5 2% 2] B 2% ( multi-task  multi-structure
correlation learning network, MMCL-Net ) & H 7£ ¥
KRG 3 MMES 2R TR IR E S A B
WREEAE 55 6] (9 15 5L Al 45 10 5 2% ST RIOR , SE R T
5 T2 JAL MRI FUG A ) 25 HER FE ] L Y 1]
o380 KRN 432, IR AL I O 24T 55 2 2T 1Y)
I RG G AR R E R, TEA SR AL
WYk, SCHR [ 12 ] 2 10 19 2 HE A 4 B ( multi-
vertebrae segmentation, MV Seg ) #5751 1] F [ 35 U
25 %% ( graph convolutional networks, GCN) " 4
IRMEAR B Z5 49 e 5005 B4R 25 el B K H S
HBUZ RS TE R 4 454, SC8 T1 5 T2 Jin
FUMRI G 1) 22 MEAR 5351 (EG 1A 300 5 )
PEA T4 e 5 SCHR[ 14 ] R =4k GCN 45 & e &
ZEFATE] AR O &R FRE T2 A MRI EHZ 4%
ST HEREEAE, B 43R 25 U-Net 38 o 5 43 B2 4]
V1R Ak oy E0 45 5 AE AN S P 205 v DX 3 e
98) BB BRI 22 5 SCHR [ 15 4Rt R 2 15 2 ]
( neural-symbolic learning, NSL ) HEZ2 75 A= hl X} Ht M
2RI AL & 250 SE I R A A5 R A R S
XF T1 8 T2 A MRI EIGH BAT o 2 R PR a] A8 1
HYLHZZERG ()18 Lo, (HILZREE G 24T 552 2 5L
PRIl 28 X 248 £18) 7 1ok Xl JREEAFE P 40 25 4 4y T B g
KRWHHIERE A TFiE— 2P ik

I AR B BB 20K T1 B T2 JinA
MRI EURH ) —F Ve 5 A R BN & 1 B
MEEG G, TERH 288 BUG or 31 3L 5 5
T8 : SCHKL 16 1F5 T1 AASCRT T2 JinA MRI &1 45 [a]
YERHIA 255 A T ) 45 11 22 B Be 2 21 SR I 1Y
P, S =4 MRI [BIG P 1A M ] 28 FHE 8]
FLE RN 233810 5 SCHRL 17 ]FF T AU IARAZ RN T2 Jin
AU T A MRT RSS54SR s ME4S & [
SERR 53 BUFIMERS BEAE 09 43 9% ; SCHR [ 18 ] 4 i —F
FET A TR 2 0 HE R) B A 208 7 B3 807 125, A
[RIAR S FIRARA 55 4 FF 51 () MRI B[R] B AR Ry
B R AR S 1A 2R 25 2k SR s 4 v 5 A 1 U]
REJ) I RIS RN T R A 91.2% , -1 €7



68 TR VNI S

AL,
£

e (T % WO %55 &

B2 0.62 mm; SCHR[ 19 ] BT 5L T AL B 11
ML )Z 4 ( computer tomography, CT) 1 MRI
UK B P 73 8005 2% ZEHEAR 53 FI4E 55 ol o 2 0
HER RTS8 2] 74% F1 95% . LKA Z 25 K
G5 E T o 2 PR B EUE R B g A
Xof T EEAFE 445 e B 8 A4 OC 2 R ) 45 4 5
Se s RS G Re A Rt — 42Tt

R R v 3T MRIER 58 B AE (A HE ]
B HE ] L A5 B AR 25 4 1) 2 381, A TR B8 2 ) 5
G 7 T U SR I, (H R BAEAE LUR ()
T1 . T2 ARG L BE A7 7E 25 5, AT A [R] 2544
5B L3 1 BAN G R AR T 45 6 8 B Al
T A A P50 B g A O R T 1T HL AT ) PR
JEME R S50 5 60 B e s BARAS B R .

BEXS BRI, ABESEHE ) —Fh S5 i e g 5] &
(1) Z RS TEHE MRI EUG5r 315500 | SENHIZEE MRI
PG r R A AR ) 28 7 ) B 0 80, AE R AR T IL AR
KEEFFEBE B M BE B rY 190 4H A8 35 MRI 2448
AT SR AS B S B A S I IR T B A AL
P LE RE

1 KHER 94 H kR HE

AHIESE 3 F v h 22 R AR O B — ffe T A
P 15 B R R Rl A B ((cross-modality  voxel
fusion module, CMVF) 1 [&] 5 FH 25 ) 2 43 B A e
(graph convolutional networks segmentation module,
GCNSM) 3 #B4r4L ik, ML HEZR AN & 1 frow, Horp
D H 1 W 73551 g fg A B B TR E s JBE R 98 E
C,.C,.Cy Fl C, UG 8 1B %5, oAb 73 590 B2l
32,64 128 1 256, P 1 Z K225 114 G A0 A2 B
( multi-modality encoding module, MMEM ) H F X
T1. T2 ANAC I 5 [ I 4 6, 2 B4 ik €] ; CMVE A
P T S URHIE Rl 7E RlE i FE v A 38 B 23 B AL
H, AR R 25 B RHIE R 7R ; GONSM A 178
K454 AL RERL G J5 BORE , 1518 800 45 & IEHESS
M5t B s 2 K525 TRt A% 45 B (multi-modality
decoding module, MMDM ) ¥4 4b 3 Ji5 114 F#AiF: 1] e 5
N FIGE R AW o3 T A G % A A A
Z )G | ABRERIEHE 1 2 AE o aes L2 E R

D N ~
A %x%xf—?xq B) | 4 ( ! %xl—héxr—l;xq
iy > o % ® = 7
»y @ @ - e
tbo H W T b H W D H W
167676 < 16 16 16 < Cs X g xgxG § 396G
(e (e e
ZRSER | LS EIR JAE 257 07 R I ISR
SRt 4 It 4 RS fRASREER 1
“_—J _% S — R —
gng%VXECS %x%x%xq i gx—x—sz ‘L %x%x—sz
(R s S\ |\ R i ) (e
ZRSER | ZRSER | @ JASE 25 07 R | EESER
Gt 3 Gt 3 e WAL S fRASREER 2
Toouwwi 777 V' puw . i D H W D H W
PR iRl ‘ Hggm sy | e
\ ] 4 - (ﬁ
zEsEg || sHsER B—aD g | SRERR
SRR 2 HRhsi 2 R fiff A 3
S~ D oW [C A —/‘..,D, S : e D
7 X5 x 56 XXX, P L DxHXxWx16
e | L s S
ZESER |- SAEREE . @ Zi‘i?‘.\il’é‘l%
SRR 1 SRS 1 fRA AR 4
1 1 —> B AGH
—p ST
DxHxWx1 DxHxWx1 _,Iﬁg DxHxWx3
—————— Bk T
1x1x1EM
@ 5
© R
%
HEfR
@ Esin

K1 RZHER R IR

Fig.1 Network frame diagram



514

PAESE, A5 AR T 5 B 2 RS EAE MR B 15 1% 69

1.1 SEEEREE-EEER
RT3 RO LS 1Y s 18] 45 L, RS 1A

FEAR R
HRIEH
1 Dl B o
2 2 2
2x2x%x2
S oNIER 414
T D'xH' xW'x C"

3x3x3EHM

+ fitlH—{L)ZE
+ReL U i A%k
T D'xH'x W'x C"

3x3x3EHM

+ fitlH—fLZE
+ReLU #1 pRAL
T D'xH xW'xC"

3x3x3EHHM

+ fitlH—{L2E
+ReLU 47k pR%L !
t DxHxWxC

(a) ZREE G DAL

NEE ARSI 05 e A 22 ) 15 B R 0 4 A 1
BACH, BUE 1 AR ER AR AR RPN A SR A5 n

gl “
TZD’X 2H % 2W’><% )

‘ JESHA }
VR

2D'x 2H'x 2W’x% i
3x3x3EM
+ fitH—1b)Z

+ReL U BT pREL

2D 2H X 2W'X C' |
3x3x3HBH :

+fH—1bE
+ReL U i %

D'xH'xW'xC’

(b) ZHSE BRI B

Kl 2 RS G T~ i AR R B4

Fig.2 Schematic diagram of multi-modality encoding-decoding module
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Table 1 Statistical table of D, and I ; results of ablation tests A%
3 Dy Iy
i ik e T ik [ 27
MMEM+MMDM 90.91+0.29 89.13+0.28 90.02+0.29 83.35+0.50 80.40+0.45 81.85+0.48
MMEM+CMVF+MMDM 91.19+0.10 89.28+0.31 90.24+0.11 83.81+0.16 80.63+0.51 82.22+0.19
MMEM+GCNSM+MMDM 91.11+0.38 89.12+0.58 90.11+0.46 83.67+0.64 80.38+0.93 82.01+0.76
AWFFEEE(TI) 91.04+0.39 89.11+0.24 90.08+0.28 83.56+0.65 80.37+0.39 81.95+0.47
AW A (T2) 91.19+0.02 89.16+0.01 90.18+0.02 83.80+0.04 80.44+0.02 82.10+0.02
ARWFFLEE (TI+T2) 91.20+0.30 89.40+0.25 90.30+0.16 83.82+0.50 80.83+0.40 82.31+0.26
B2 IR Hyp 5 Ay 2R 22
Table 2  Statistical table of results of H,,s and A, ablation tests A7 . mm
73“2% HDQS ASSD
MMEM+MMDM 4.78+1.65 1.33+£0.35
MMEM+CMVF+MMDM 4.65+1.37 1.28+0.30
MMEM+GCNSM+MMDM 4.62+1.55 1.28+0.32
ARG (TL) 4.84+1.51 1.41+0.49
IR (T2) 4.53x1.21 1.27+0.28

AMFFE I (T1+T2) 4.40+1.16 1.21+0.26
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Fig.6 Examples of segmentation results of various modules
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Table 3 Statistical table of D, and I, results of comparative tests L%
Y Dice IUU
HEfA HER] 3 i HEdA HEIR] 28 iy

UNet3+(3D) 90.48+0.58 89.13+0.72 89.81+0.61 82.62+1.02 80.41+1.17 81.51£0.91
SpineParseNet 88.85+1.56 80.30+£6.44 84.58+2.63 79.98+2.53 67.56+8.69 73.36+3.90
VT-UNet 86.52+0.38 80.96+0.90 83.74+0.64 76.24+0.59 68.02+1.28 72.03+0.95
HCA-Net 93.15+0.69 86.94+0.58 90.10+0.63 87.20+1.20 76.90+0.90 82.01+£1.05
SymTC 93.18+0.14 87.19+£0.14 90.27+0.11 87.22+0.25 77.29+0.23 82.26+0.19
BT 91.20+0.30  89.40+0.25 90.300.16 83.82+0.50 80.83+0.40  82.310.26

T4 MR Hp 5 Agp ZPRGITR

Table 4 Statistical table of H, and Ay, results

of comparative tests FAf .mm
jj“‘/i HD95 ASSD
UNet3+(3D) 4.82+1.50 1.37+£0.36
SpineParseNet 4.76x1.09 1.50+0.30
VT-UNet 5.25+1.36 1.64+0.57
HCA-Net 4.53+0.08 1.30+0.01
SymTC 4.45+0.08 1.24+0.01
ABFFI L 4.40£1.16 1.21x0.26
3 %k
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1 LA 235 1) S 560, 52 B0 X AFE R 0 M [ 5% 109 o 0
H|, 7E 190 B FE MRI EMG X AT B L 04
ROPEDEAT BT | 25 5 3¢ B AR IR 90 530 vk B A o = 1
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