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Brain tissue segmentation method combining multi—scale and

attention mechanisms
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Abstract: Due to the small size and low contrast of subcortical brain structures (such as the striatum) in
medical images, their segmentation is challenging, making their application in automated medical diagnosis
difficult, this article proposes a medical image segmentation network based on deep learning methods to
segment the three parts of the striatum, namely the globus pallidus, caudate nucleus, and putamen, in
magnetic resonance imaging. The network model proposed in this article has the ability to capture global
and local features and establish the correlation between global and local information, and effectively fuses
deep semantic features and shallow detail features at different scales without degrading the depth, achieving
accurate segmentation of the striatum. The model is validated on publicly available brain datasets and
compared with other state-of-the—art methods. The model achieved dice similarity coefficient, average
intersection ratio, and 95% Hausdor(l distance are 94.26% , 90.94% , and 3.82 respectively, which are

better than several other methods and have reached the advanced level. This shows that the model proposed
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in this article can improve the segmentation accuracy of the striatum and provide a basis for research on
related diseases.
Key words: biomedical engineering; medical image segmentation; deep learning; multi-scale feature
extraction; striatum
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Fig. 1 Overall structure of proposed model
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X k" 1.2 fREEHME
— Softmax (£ )X (2)
U B2 (R 590 0 i o 50 8 R

Kr:g ko i i) SEFE & "y kY HE
BB d, R LR T Softmax A4 2R SN
HiEE s B . B g F ki R
Wt B R B O A 15 B & MR R Z (R A
UBE , 8% J5 i 3 Softmax & ECHEAT IH—fb Ab B, A
BT B A FE B B S A5 A o AT AT B4
B AW RS B HEE W E LN RS E
IRAR Ry T HERRAE A
F,= reshape ( f) (3)
3 s reshape b FESEHRAE s o o0 4 JR) RRAE 4 BB
A RR AR 1B B JE Kok B A B A 1Y R AE 1A
HEAT AN fl 5 A5 3 e 2 i F
F=F +F, (4)
TE 4 1t B BOKs 4 FUR A T 3 ) AT 45 6 L il
D 2% 325 7 1 B AR A [R] Xl A 4 A2 6 2 I REAE (S
K38 A SR R A R B bR 7 B GE A R
5 R B H AR B AT, JF A R A3 A (R A
A, B o FIRTEE .

B R g 23 R A5

3 AMFE&ERE 4 E
Fig.3 AMPFE Module structure diagram

|
|
|
|
|
|
|
|
|
4 i :
[ III1I
|
|
|
|
|
|
|
|
|
|
|

Vo |:
) N
X %Tcg h N
- I
— |z |—|E g —» :: Cor:llz.x3
S| |5F I
— —— :I
I
& Conv 3x3
| r=2
o L
on !
X £3 ::
o <)
T |— Q& — | — Conv 3x3
5 gz i =4
| J
© ) |:
— _ :I
(a) ZRENER AT (b) HTT K BERET

Pl 5% 14 2 1) 0 o 3 SCA R T e % 4 i 3o 8 )=
ESREER I o3 ) H AR B TE MR . fE g d R
ik AF BAR G s W {5 B B AR L
e A SCER T A N 2 KB R AE SR OB,y il
e A R R B 1 A B 2 [ A 5 7 o A [
JOBE R HFAE , P8 I D 2 AR [R] — 20 B R T 1Y
R AIE T il 20 i 1 i A2, 280 18 )2 4 UL bR R

AMFE L4594 B B2 (9 e fE VR D B A
ik g Y 2 REE RR AR Rl G 5 OT (Multi-scale
feature fusion unit, MFF) f1 3f 17 ¥ 5k & L #. o0
(Parallel expansion convolutional unit, PEC) , %
2 RO RAIE . R 2 ROBEFRRAE RGBTk B
AN TR) SR RE TR B 1 R AE AT R L R AR AT
K B BRI AT 2 RO RRAE $2 300, BEOGTE T A TR
JZ BF R 2 OB RRAE , Rl E T AN R R B Y 2
ROEFRAE . AMFE % {25 4 4 18] 3 fir 7, e rh g
AN B TT B A Y R SO R



© 3356 - ok kg

(T % k)

% 55 %

1.2.1 ZJUZFERS HI0(MFF)

TE TR ML RE rp, Bl W 45 TR B2 B IR 2 3
B A B T 23 SCERAE B R B R T B 0 Y
J7 AT Ry 0 268 TR T2 b 58 HZ FRAE A 07 B AR
SR %7 AR B R AL A5 BB B — Tk
MM Z RERE R, Wik, ASCB0T T 2 ]ROE
T Rl B TC , K g A 3k e A A E P R 5 0 TR A
figp B J2= LA SR HOA [A] RUBE 925 ) B 7R SCf B

Z ROZRHE L& ST IR T 454, RS 4R
HRCr [ 2 A 38 SCHRFAE | DTG 5 A FR JEE 3t £ B 1 15 )
HRIZAR B, BL ) FRAEA R A4 75 3R 5 A [ )URE A
FHIE(E B o 2 NUERHERL& A 2 an i 3(a) B,
T AT 1T A0 A B R R 1 A T T R, SRS
FH-308 a1 R AR e R A 18 R A [ SR A R AR R
S, LA HCRE A 38 C 24 1 B9 i 05 )2 .

2 N RRAE Rl BT 5 BRI BT 7 19 i A )2
BCE AN [R] (9 2 500k G B s A28 B4 R IE AT A B
00, R ok B 9 i 45 )RR AL A B SR 3SR E
Joke AR A 1.2 4 T2 (Y R P 18 AT R B O 5
o5 3 JZ AN F A RO, P ) T 42 A% oA
2% b SR AE R B R AR BT A RS 558 3 )2 R —
B, R AT LK 2 T % 4 0 T2 B9 R E P e 5 A
P S N Nl L ubii R B
1.2.2 JFT9 sk B RUBH(PEC)

= 2 PRI A5 SC 73 ) By S8R R I 2 28 AN
WAL HUBE XS XA R 9 5t 5 A AR X 0 A
R BURMAE RS AR A7 A8 H AR BN X HE
R A5 )AL, M AR B 1 2 s Rz AR R 0k . 8
X SH [ia) 0, A SO A7 47 5 A R 4 4 ok 4iff 4R A
[ 73 B A R R CER . §7 kG R
ANEE TN 45 S BT B R A B AR R O
R ) 47 K 3 10 3 BROR T R A2 BT, RE 5 4 I 3
L LT UEE o AR B4 5K 500 g 52 B R
/NG LA AR

B=k+(k—1)(r—1) (5)

s=(2"' =1y (6)

X 5K 5 R A &3 531 D D i 2 BB N ST A
ke BB IE 5 s B IR IR 2 RN, 2 r=
LTI A bR ERE R . I 3(b) Bz, IFAT 9 sk A8 AU
Bk 3T BB 30, UK R 1.2 4,
X MFF #8800 Rk LR AT 22 ROBE 45 FRERAE
TEAN T (4832 B S 57 ) SRR AR B A DG , SR 05
33 Sk R R DF AT Rl R R R 1A

oy S R B B 1 A R IR B v P 4 AT AR
PR 53 E HER I AR5 B .

PR I8 AP 5K FE 0T ) £ 19 43 F 8O A R
By, R R RS S HEHE BB AT
P = S ST | =<5 AN R T | 2 E e e S 1]
L B T B OE AR T . hy dle e X R Ak L v Y
FEATPIAS Y 5K B2 BT 8 5 R A SR i 2
REEY kG FRR Y KRB EIE LT AR
Q<max(w, M WL iE{L, 2,5}

2 7 r;
(7)
KA R BB KN L,y 10 A B8 25/
SRR R AR A AR AT LA Sy g — 2 A]
FEZ R kR . I 2 TR B 2% 3 H
P B A B KN RDE R AR 05 o 7RSS PR
B AR R 5K R P sk G Y sk R e
B ERIR T a1, 2, 41, AT DUAT RUkE e R R A

BEA S HERBUTRRE

2 LSR5

2.1 HiRE&E

AT 5 H A A i MIRT 048 4 S MIC-
CAT2012. ZBHEEM T2 DL KA m A T1
FMRI il 20 23 22 5 #) PR RN b 28 SIS, & S8 bR 1
1735 1 BrainCOLOR P i #1 NeuroMorphometric
PRI, 38 A ek MIRT A W 1 847 U0 R B0 BT | i 1t
S RO AL B A L A5 3 389 1K RS 512X 512
BRI REG o SR I5 X G E AT e i 7 R0 5% 1)
B AR AR B 2 3 600 TR IE Ml o AR S
B R EPE DL 7 2: 1R 4 Il 2R 4E K
AL TG IR AR AT AL A U 25
2.2 Mg

TR 6B 14 PP Al i FH 5 2 G A3 1 A Y
VAL A8 b, £ 35 80 A LR B (Dice similarity co-
efficient, DSC) | 3 ¥ 32 Jf t (Intersection over
union, ToU) | ZE #y £ K I & (Hausdorff distance,
HD). #&FdE4n 0537 X r .

(DSCIFEARK
L 2TP
DS = P T FP L FN (8)
(2)IoU iHHE AR
B TP
oV = P T FP 1+ N (9)
(3)HD it3E A =L



% 10 #1

KA E LA SREEEEANFGIBALR 5> E F ik - 3357 -

HD = max [ dxy, dyx]

s maxminHy*xH
yEY,zEX

= max maxmin‘ Tr—y
reX,yeY

(10)

A TPUFP CEN 35 0 265 100 fy 4 BH P f
FH 1 AR B 0 i 5 DSC ol ke i it 1000 25
5 R SAE R Z A A AR B /Y H5 B ToU it A
SR T TS AR S B SR S IOT IR Z L 4
i s HD Shy 00 45 2R R 1 52 45 2R 22 JA] B Je R AN A
IR BE 2 B /N e I 25 185 Y 1) 43 51 25 5 5
ST, R X R R LS AR YRR T 4
R dy U d AR T PR 5 31 52 PR 7Y B 1) R
25, max Hl min 73 51 78 B R AE A e/ ME
2.3 SHEERIG

AR Y S 58 Fie fet P 6 R 55 A% 280 b e Ak B g
5 AMD Ryzen93900X, W A7k 16 GB, EJE 4k 2
#r b RTX3080Ti, ## /E & 4 24 Ubuntul8. 04. 2
LTS, {4k %% 1% H Adam. DA Python 3.6 /E & %
BT N Pytorch TREE22 2T HEQL . YIS 4K
YR EE U 200 %8, B HEFE AR Sy 4, W0 06 2% > o
0. 001, it A RS2 512 X 51218 %
2.4 XtEEKIE

N T VA AR ST R A 43 FIPERE R AR SCRETY 5
8N HERL Y EAT TR L SE e, BT A A T s AT AR A
[ B S g BB N o 3R 1~3R 30 B s T 1EAN[F] 3
flida bR b &R A K R RAZ I Fe A% 10 43 )
S50, 5 LA RYAR LE , AR SORE R A 2% 0Tl 48 b7
TR RAF A 3 FIPERE , P 24 7K T Al A
B IRB) TSR K

F1 IFCEEFHERMBATAURE
Table1 DSC Comparison with advanced models
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A3 93.32 95.58 93.87 94.26
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Table 2 IoU comparison with advanced models
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Table 3 95% HD comparison with advanced models
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Table 4 Model parameters and calculation amount

il SR /M IHEE/G
U-Net' 2! 25.76 77.36
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Fig. 4 Compare experimental visualization results
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Table 5 Ablation experiment results

1B Al Dice ToU HD
Baseline 92.84 88.36 4.91
BL+DFE 93.65 89.30 4.68
BL+AMFE 94.04 89.69 4.25
A3 94.26 90.94 3.82
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Fig. 7 Ablation experiment visualization results
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