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Posterior Pharyngeal Wall Recognition and Segmentation Based on BM-TransUNet

WANG Shi-Gang, SUN Jing-Wen
(School of Automation, Guangxi University of Science and Technology, Liuzhou 545616, China)

Abstract: Image segmentation has gradually developed from traditional threshold-based methods to! coﬁvolutional neural
network (CNN)-based methods. Traditional CNNs are outstanding in the field of §egmentation, but the limitations of slow
training speed and low segmentation accuracy are gradually emerging. To overcome th€se limitations, this study proposes
an image segmentation recognition method based on the BM-TranSUNet network, which is an improvement. A depth-
separable convolution module is added to the first layer of the TransUNet network, and an attention mechanism module is
introduced to the convolution layer of the encoder under-sampling so that the algorithm can better explore the features of
the segmented objects. At the same time, a multi-scale feature fusion module, the feature pyramid network (FPN), is
introduced between the decoder'and encoder. In this study, a self-made posterior pharyngeal wall dataset is used for image
segmentation training, and the effects of the trained BM-TransUNet network are compared with various traditional
segmentation networks. Experimental results show that, compared to other traditional deep learning models, the
identification method of the BM-TransUNet network exhibits higher classification accuracy and generalization ability,
with Precision and Dice coefficient of 93.61% and 90.76%, respectively, showing better computational efficiency and
effective in segmentation tasks.

Key words: BM-TransUNet network; image segmentation; attention mechanism module; multi-scale feature fusion module;

posterior pharyngeal wall dataset
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IRIE 2 >] (deep learning) A& H I 78 1 #4403,
&g N T 2l b, Pt si2 vl LUt 2 2
(it R B T Bl ST RRAED. T S A 42 I
(convolutional neural network, CNN) [ E1% H #x [X 15843
FNTVE R R, w2 R B AR 4 B . R
FUR o3 EIAE T SRR b ek 2 A B 2 1 0t 9 SRR
MME, & B EM AT EHEERER, X &2 #A4
(40 CT. MRI. X 5§ 455) AT B2 GO I 73 50 4y
], DT 7 L AR 1) R B TR B 11 A 1) 245 ) B
AF X, AL 2L, BB B ERAS TR
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SRS . AL Gt 1) AR 23 31 07 08 5 MO T 3 Al
DX S K BT P B, A Tk B Jy v 8 42
by SR DU e, LR 7 UK.

TR S I EAE BB O FIE S5 E IS T B3 it
RedTt, HBON AT R T A2 —. i o EA
WHIFF 1L 22 A /& Shelhamer 25 A\ TE 2015 =42 Hi it 2
Ui A AR R R 2% (fully convolutional network, FCN)™.
L4 (G R4 M 28 A1 LE, FON K48 CNN ST 1)
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KI5 7 B PERE. Park 55 AN U-Net M sar #F2 1
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SERIRIE AL S N BRI AESS, JF S U B 2%
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PR 41, %07 EE T DA R I 2 51 4 R SUAE R0 R o
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EAIE L A BT R R 2 1) ERR S 1 B2 S
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JyREE TR AT 5 R SR S, FEE 25
W SRSE HO KRB 775 3) 76400 S8 AR AT 22 2 1 VR A1
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AR =
20 R 4 ) 5 et ik
2.1° TransUNet 48455

1E TransUNet W& 91, 25 T S B 47 i1 g, R
T R50-ViT-B_16 A ENELA. ZBHUZLE VIT (Vision
Transformer)!" ™ ) 3Lt _E 5] A\ ResNet50" ) i (i 5 AiE
PR, ResNet50 REfE M BIG HHH- IUH F & I IK Uk
fiE, Ho & G as AR E B, $eft 7 T
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HHAT B SRR AR R E, JE VIT SIS 5 P 4
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T P R, KRR AR A S IR ) R R B
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Tl B (4 b 2 T DA SR R AT A B, IR ORI 4R
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attention, MSA). % JZE AN (multi-layer-perceptron,
MLP) F1IENALZ (layer normalization, LN) 4Rk, Z85d
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FHBkERIE#: (skip connection) SZHL T AN [F] 43 #% 2 2 5l
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221 GINBREER 4> SRR
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HARSRUE, VR BE T 43 B AR PR 0 0 2L R 8 TR B A A
(depthwise convolution, DW) F1iZ s & (pointwise
convolution, PW). iZ i 5 45 1 61 57 b 2 4 A\ £ s 11 2%
AN IE, R EE IRy, B 8 R SR E R,
R N REAE (1) 388 18 A B S R AN B— 2, BB
MERZRE — @I, ME SR A RS &4

IZFNILLL
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RHIE ]
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WL M5 1 225, T R AR 52 IR & 46,
A% 58 45 Hh P i S 8O R AR T PR R, A B T2 s
R FRINRE ST, T H R FRAR T AR,
222 MR JIVLHI R

VERR P AR R A3 (A B ) AR TE v
11, BAVE B (convolutional block attention module,
CBAM) {5 FH s B £7 1 Pl ASELIGR T X, e v
AR 7 2 A A TF, S TR SRR 22 1) 4
JR % B B iy & /8 (channel attention module,
CANE) J2 /T FE1 1 7 i 1 8 SR 2. % 0 A
PRI 45 AN ST AN I B B A6 R AP it
)2, FFE AR ETE b R KRR AN P SRR,
FRRHRFAE 1) B A N B L A i R b DL ) i
PRV R JIRLEE, PR 45 S N B B0E B AL, /15 TR
REAIE 2 A8 AUE. SRIFEUAE S, T b i N4
B2, 19207 = 1AL FIE R R . B 4 diE e
B EE R E.

M. (F)=0(MLP(AvgPool(F))+ MLP(MaxPool(F)))
“4)

Hrh, FHERF € ROV | o RoRB0E B Sigmoid.
‘] \‘3

M,

Y B4 SEIEE TR,

7 AE = ﬁﬁiﬁh(spat‘ial‘sattention module, SAM)
72 3 H PG ook 5 R 5 ) 5 EE L) X, R 3R ECIXC I
(SR e N AR A P e Kt A AP 3503t A S5 )RR AIE
T R TE A P AT I, A IS AR A B AN
TERE, BLAR s )V = 0 ALER . [ 5 D s Ia)vE = )8
Bedhi vy .
M (F') = o (f (JAvgPool (F'); MaxPool(F')]))  (5)
Hop, RHEEIF € ROHXW o R oR0% B 4 Sigmoid.
NAE TransUNet 5y2% 58 PRI RS I B RF1E, 76 4F
MR BERZEEH LGN —NRELN CBAM E

BB, PR TR LT AT N B, Hogh 1]
DA SRR AE B I BURK, B R PR U R . DAY AR fR
B LR IR 2 BT 1) (R N 0T AR AU 32 A7 38 30 R 2 RV R
WAL, R RE 6% [0 b 2 ST A [F)E 18 R0 2 ()47 B 1)
BB, AT $RE R A R E BREAE B DT B, SR
B SRR A AR RE .
223 GIANZ RIEFRHER G 2

TE WA J5 B 4 BT 55w, H TV 5 BE 1 25 R 45 1
ZREPEROR, M X K /NELE A E 1, 3 — R )
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% R EFSAERL & 5L FPN (feature pyramid network) 7]
DA [R] B 4k B Sk 5 AN (8] RS )RR AR T4 S AT AT R
XFER] AR B AN [F]JZ 0 AN [R]RUEE O AEAE
IREOCHE R LR SCE R, A BT 20 70 5 B2 M X
TR A A AN R . FPN SR 1 T [ S (1) B A2 A
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FERI S 0 P2, RN AT RHERL G, BRIEINEEN 2
JFROBERHAIE B T AE A ) BB, FPN RSEHORE 5 73 HR 2 1)
FRAE S5 A 73 7 28 (R R AIE BB AT e 42, DRI Z 4
IEMAETE B, & IR 280 SRR B 5, 18 & A
J= AT RFAE Rl B R4, K Rl TS AR AE B N B
8 gk AT gk —

58], K4S TransUNet [P 28 45

224 BRI 4 S
ot f5 B TransUNet 20118 6 Fras. B 6@ CNN
SR ERLA o U G 21, A P12 i R P T 4 A LR
i B AR E R 45, 37U 20 530 1 PR R 6, 5
HiR > 2 BORUR, B THE B, I AR T
SRHE ). B A 4G R F ORI, $NE] CBAM
HERHEAT P 2% 7R, B R B TR £ e
SRS (A BRI HEAT R 91 A B T 6 A Transformer
e, 5 P S A B
3 5 RIS 5 A7 85 JE Y B PPN B PR
f“ﬁﬁﬁ%w’ﬁjj?)\ AT 35 T 5 R
2 R G RS P48 IR G PRI A7 SR, LA
5 A 45 3 1R A LA A B R ST, TR R

TRLE 43 H1) W 5 B [X 3 10 b SRR B 5 25 25 3 4018 SU4% . HERE G I A 7 SRR AE B, I 28R AT AL
] i) 25t ZIKI?P%E%%%J:?KH‘*B%HUFQJJH FPN&E 14, 4 A, BEE E R iﬁ@iﬁﬁ)\%ﬂﬁ@ﬁ%%ﬁﬂpﬁﬁiﬁﬁ*ﬁ
Aﬁ‘i%ﬁiﬁﬁﬁ%%ﬁﬁ’ﬂ”ﬂ}?é&%ﬂﬁﬁ‘ﬁﬁé, EH o B8 47 b E’Jtmﬁ%ﬁ’ﬁ T g G0k 2 R 43 HER O R AE B A IR
A @REE’\J%@E,%}\Tfﬁ%%‘ﬁﬁéﬂﬁ‘/ﬁﬁﬁ‘fﬁﬂ%ﬁ?@. I Ji 31 i 46 E MG OR ST AT ).
Bt A,
—) :> iR | ) I
R T EH M,
s R Ak (N

AT

iR’
1
Transformer /2
: N=12
Transformer =
Reshape

@ﬁf%ﬁ[::ifffﬂ-

(n_patch,D) (D,H/16,W/16)

\\\\1\/\8 «\\\ |

-@

(512,H/16,W/16)

' (16,H, W)

3 4 El
)
)
"
‘\
‘
,

-

= (64,HI2,W12)

=) FPN 45H4

=) CBAM fik

0 TFRF

=) 3x3 HRE

T LR

o Ix1 BERE

) R BN
| FRHEDEEE

" (256,HI8,W3)
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3 SIS IAEE S HRE AR AR
3.1 SEIINE

A ISR ERE a0 R IR AT: SR &
#& PyCharm 2021, ZWF51E & /& Python 3.7, #:1E R4 &
64 H7f] Windows 11, H: CPU 72 i7-13700H, & &2
NVIDIA GeForce RTX 4060, 7 2 =) HE 42 1) /&
PyTorch 1.4.
3.2 HIEERESHIE
32,1 HHEAEREL

YR H ARG AR 2R DR 20 1 P9 ST 5 B A
J3R, T AT 55 S i R BRI I . A DG IR R
53 BN AT TR, A TF B AR HE R 5 LT %
A AT B BAh, IE TR A S POt AL R
DRI 20 PR 31 25 SR IR s ) ol T R e T F?FJE@%HEPBQH
SRR 2 BRAK, 4&@%%%&@@%%@@5#%%!%
B, [ — A NAE ] — ﬁ%“ﬂﬂ’ﬂl*ﬁ M X 5 JF R 5T
DA% R, ﬁﬂ%%ﬁ Tk W R, AN A 1R 1
T B I T R o5 R g AT Sk AL B, BT AT
iV 25 B R I i 5 25 PR BIR AR AN R 8 H . AR 3R
18 TSRS TR R, E SO AR N T 4 4
FARE S DG A A S5 A DR 3 DASE I 43 ) I 2% 1)
PLTHLRE ). B 7 N — &2 E e ] — & T R
WA A o PR 5 B SR LB P 5

(a) " ﬂf%%ﬂcﬁj
7 G R BSR4 PR 1 B

"" . O

322 BEEHIE

ASZIGFIH Intel RealSense D4351 IR FE AL IR
2T 1000 5K T 1 fis WA f BEEGCHE BUR, FH T4 21 25
TREE S 2] B Ak -5 R A 8 Il SRS ATt 4R I
KH L. B A4, o bb R4 77 U e 4
WA, B ZR1F 1600 7RI J5 BE IR, 4 8 LA Hodis
EBENLRN S N SREEFIMNRER, HhJIZREEHR 1300 7k
B, MREEA 300 k4.

TEFA TR UG I R b, 25 BN U e 2 42 o At

DR 25 5 B0 W S B BA B BRI B B R TS IR, 18
B T A B SRR S R B R A B A 1] 8
FEFLFERE T 20% 5 HIROR.

K B AG7% Ab A B 3 00 4 . A 00 4R B AL
L 200 7K B v #EAT BEAR AL . 1] 9 S kAT K-
ZJE R

2 7 @EHE (b) HFRILRE
B8 M 5 EE G L R O

(@) J5iA (b) KT
SRS VISR ik

1 4&7527”*5«%%?&@:2% B
CEP AR E TR P ST
B, AR5 %‘F&%ﬁn T LR i
f%\ﬁ% L 10 RAr R 13 30% 2 5 OAUE.

(@) i (b) AP
K10 R EE R 1 s LL

WAL B SE A 1 600 5K B B AR it T A
Labelme Xf B WA 5 BE M X $8C3EAT N AR, K5 RAE
HAR M XS s il o ok, DU T X 2 A AL ik AT
20, RAFHIEAE  png 1 3X, HIEME KNG — KT
1270x720. Wil 11 Fizs, 76230 50 f5 B R G, 410h
P2 EIA.
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W

(a) 5 &
11 HHEFRRE BB

(b) 214

4 SEERESR 550
4.1 TENIERR

T VPl BM-TransUNet & i3 WA f5 BE EE 4y
| M IR BATAT I, e e, RiEE 1. R
B 4 NMERRE R R TG, BRI (true positives,
TP) R~ IER IR H B M X 3R S8 e
(false positives, FP) Fx4 iR H I M X RE R

FHGE; B (true negatives, TN) - # IEAA K 51 .

FiE S 5018 2 s 4 B ) (false negatives, FN)
FORBE R K7 1 s R R R AR, TR A
B & s ) 4 Wﬁ”ﬁiﬁﬁﬂ@%ﬁ&ﬁ%ﬁﬁ: 5
F (Precision) ~ PWEI® (Recall) « Dice ZENZ I
(intersection over union, JoU). AR (6)-7 (9):

TP
Precision = ———— (6)
TP+ FP
TP
Recall = @)
TP+FN
2XTP
Dice = 8
= TP+FN)+(TP+FP) ®
TP
IoU= —————— 9)
TP+FP+FN

o, Precision EFa 8¢ IEFH TN M XI5 2 B4

100 Z %% # System Construction

RIS M IR 2 8 50 Ee 91 Recall 451
TERIEL I I HOREA OO 5 5 TR R AR R
WAH; Dice FMPH M B HUNSS S 15 BSR4 2 [ ROA
TONFRE; ToU 7%/ 14 B 5 BL b/l ) T A L
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