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Tongue Image Segmentation Based on Transformer Feature Channel Fusion
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Abstract: To address challenges in tongue image segmentation, such as discontinuous tongue edges and interference from complex
backgrounds, this paper proposes a traditional Chinese medicine tongue image segmentation method based on Transformer feature
channel fusion. First, multi-level feature maps containing both positional and feature information are obtained through a multi-stage
convolution module. Next, an inverted pyramid network 1s introduced to match the dimensions of the multi-level feature maps. Finally,
the skip connections of the traditional U-Net network are replaced with the CTrans module of UCTransNet to capture contextual
information in the image better and achieve accurate segmentation of medical images. Dice coefficient and mean intersection—over—union
(MIoU) are selected as evaluation criteria. Training, evaluation, and validation on a self-collected dataset of tongue images yield a Dice
value of 96.81% and an MIoU value of 93.89% , indicating strong segmentation performance. The proposed method has a good
segmentation effect on the tongue image dataset, and can accurately extract the features of the tongue body. This method can be used
for standardized research in tongue diagnosis, improving the accuracy and reliability of tongue diagnosis. Additionally, it demonstrates
strong generalization capabilities on other medical image datasets.

Key words: deep learning; image segmentation; Transformer; tongue diagnosis

IR BEEi sk, ik, k3R, 45 . 35 Transformer ¢ AE 58 38 il & (19 F 1% 0 #1 (1], sRDUR %24 i (B2 ) L 2024,70(6) : 704-714. DOI:10. 14188/j. 1671~
8836.2023. 0134.
XUE Weizhu, ZHANG Bo, YAO Yao, et al. Tongue Image Segmentation Based on Transformer Feature Channel Fusion [J].J Wuhan Univ (Nat Sci
Ed),2024,70(6):704-714. DOI:10. 14188/j. 1671-8836. 2023. 0134(Ch).

hE41M  https://www.cnki.net



o [ %71

5 6 1

BERFER 45 £LF Transformer 457 AF 30 18 fif A 1955 1% 00 &1 705

0 35l

il 1

PR o3 #1021 5L A e 450 Y — 0 A
% E T A SR TP A B ST2 W UE. TE
PR 7 12 W R T S B O i Bl PR A 12 W R R B IR
THoL. W2 P IR IR ) 2Rk 2 —,
e B2 Wi vh B T A DR AR A A AR
TRBIEZS (B Bl S5 R AE BT 8 TR DN B4
S A A I D REIR A o AR G R TR 12 A2 B
YEH SRR BT S 2 50 N Z 5 w0, B AT 0 R
HERRAE" "o BEE B AN BT A S A B2 i IARAE
T 1 27 [ B A BRI 5 AR B2 I Tl R
LW R, R TR A2 o B A AR T T AR Y
HEL,

T G i 18 03 H) 7 15 B T KR AL FLEOR
GG R A W R B 22 S, n] LUl o B E
I R B B0 0 I L 5 A0 57 03 0T (B 03 51 5
TEARX MR SC PR R WA S AR E R IR
SR SRl B o 21 SR AL B RO E T T
Otsu {12 £ 47 AL AL B, 45 5 S g0 iRk A7 3R
X AR IB A8 5 B IR T7 1 A5 1A 3 ) M B 2
W IT R B9 RN B TE 2y FIE L, B hr S B T 5 &
B 73 0 o SR, 3X A D 3 0 O IR R R 7 URR XE LA
Ak BT R T AR L

TE T By B e vp T R A BRI S A
S AT R o 9 o A I T A Y 2 O 9 R
PRANFE SFAEAT 0B o 2 AR — A 2 S A 16
G K I 5 Snake #5881 738 05 ik, B e il A )
1 G A6 DN A5 B0 B e B, G o €8 R X 1 O Rk
JisF 2 Wi, P O AR A U, e S A B AT AR
(B, B Jim AR AT B 1 45 2R, (EL 8 D A9 1B 4 4 X A [ A
TARAAE A, 75 2 22 U2 i UK OB 4 1) 11 4
LRIy E

A AR o A 2 0 X, LT A S 2 )
FEAEROR A (8 Bl B2 22 S, T LA o X A B
RS BE B R B e — AT R T A
IRJF MR G — 5 (Y R R HE U 8 5 b 1 A 48 HLB
ol 5% LA BL 09 18 3R 72 40 45 9 230 PR X, B2 1A
SEA AR R o BRGSO S aE a4 A A % o 4]
R HEAT WAL BR, SR J5 I f5e R 2K i) O 2 36 0 R 0
BIEAT A 3l 32K a5 T 0 2K 5 B 7 BRI AT
DCBRAE R, S B AR T R XA ) sl o X
ERIE R T BRI AT A K X T B AR A
BELERIE O, R b i R B RN TRE | IR
KL TCEA R

https://www.cnki.net

U AE SR, R BE 2 ) FE IR 22 S AR RS T 2
By e, o B TR EE A I By o sl AT H .
U-Net" 45 S —Fl i F 19 50 %0 7 i, B G F
22 M %% (Convolutional Neural Networks, CNNs)"
4 1, A KPR %) 4 i 2o R B 45 48 , AT DAAE 43 R4 T:
%5 A SO AR 2] R ER A A R P RRIE AR B, LBk R E
07 PR 2 PR A i B A5 R (H U-Net iy
BRI R IAETE — 2 1Y B, JF AN 2 15 R R i
FEA IR A R, 2 A S Bk BR 3% 45 23 X 43 1 g
AR . Wang 22— Fl A Transformer (Y
T I8 A A E % U-Net iy B BR % #5097 7%
UCTransNet, {H AR SK 47 16 = )25 B¢ F A )2 248 715 ¢
AIE TG 376 RAh A Y TR A

e 58 1Y T 8 431 7 1k 11 50 5 S B R AR Y
NGAT B AR 5 Z 8] (04 3060 55 i 22 S S0
G T R R SRR AR A A RIS R 2
S5 B AR BT A S MR R .l Rl TR 2 R )2
FEAE A 2 90RFAE il 45 155 50 Al CTrans B2 8k b iy
CCA(Channel-wise Cross—Attention)f B 0] L) B {I%
TR B AR T, CTrans &R H iy CCT
(Channel Cross fusion with Transformer)# e 7 fill &
Jry AR 5 TG LU AT e 0 R BR 04 4 BT A T S D %
B2 LT R LR

A SRR X A 7 1k 43 ) AR GOBOR 2% 1 R
52 % A ) L, B D — b Rk ) AR G Oy ik
51 A £ 9% 45 1E Bl & (Multi-Level Feature Fusion,
ML) 1 8] & $5 fiF 4 F 3 (Reverse Feature Pyramid
Network, REPN)REH (8] # 55 A 6 5 35 0 25 1 &
X 45 AiF 4x 7 B (Feature Pyramid Network, FPN)®
M 2 #E), H UCTransNet H CTrans #5 Bt # 1t
U-Net (9 Bk BR 7% #8550 3 & A RR IR S Y M 41 &
B R FEFEAEE rh, DL R 0 o v A
bk

1 HxI*E

1.1 $HFERFEMNE

FRAE 4 5 55 R0 45 02 — B 1T T R 4 0 E A
For WA 55 () R B2 o7 2] I 28 454, FPN 1y i i 2 ok
HTRGREFHEIBS, e EZE AR EEARRR
JE R AR T 1 A A0l 4 B RRARR AR X R 4
B 25 Ky 5 45 I 25 8 % [] s Ak 3RS ] RUBE A 0 44, 9
TEOR B 4 Jm) 1R SCfF 200 () s 4l 28 e 35 4t 1, DA
PET T AR DR o B R AR . B R 2 R AR
iF & 7 A 45 I 28 Rl 4% X5 AN (7] R /N AL RBE 1) 1k sk



o [ %71

706 UK 2224 (P22 i)

70 %

A7 Y AR ARSI R 43R [ EeE LA e - A RN AR
RE S PHOA X BB AR 5, FPN B AR TR i 2 ) 43 da rp
— P B I S5 AL, Oz TV 2 A AL
WAL ST
1.2 U-Net

U-Net j&— B T R 5350 00 45 B 28 0 2 45
F B H Gt B i 0 fige A 2 S O 2H B e B 2 10 T
A EMEGE i — R G B RN AL R AR e 40k
BA &gl 5 B R e . i s I 17 53 X 4
fith 4545 2 A FRAE 8 2R 478 8 1) bR A IRl O
FRERAE I I3 R 5 5 0 i A G AH R RST 1Y 43 5 45
W0 TP G B i — i AL 2 1) X R 2 il A5 ) 245 fiE %
B 2 4 S B AR 9 3 5 GURRAE , I 43X S R AIE
SR o B G5 R R Wk, U-Net 78 15 £ EUE 4
FINL R B . AR AL 8 U-Net £l ] a7 5219
Bk BR i 2 O X, AN g R R A A B B R A R
TR, X PP 5 02 F BURRIE B Z 15 B AR R
Fr4r 5 43 IR RE
1.3 UCTransNet

T U T G A R A s B B AE AN
VC g (%) ] 251 , UC TransNet i 53 5] A Transformer 5
AUE B U-Net 9 Bk BR 3% 42, JF 48 th 7 — 4>
CTrans BB, CTrans B e B AL 55 P4~ 1B, 735l
2 3H 1 A2 XAl (CCT) B He A 18 28 X F & )
(CCA)BiH , CTrans i o i i 2 B 1 = 6L
il S LR AE 8] 22 18] 0945 B A% 3, AR A A Bk BR %
e, 2l WA PR SRG 52 REEEE R
55 fiff A 85 R A 22 1] 3 4 A A, X R O X i
26 AT TN 58 3% RN A T A0 AR DA T B 4 b A 4 K]
B B SCfE B, S B R 2 BRI M B Bl
Vol

2 AEXFHIE

R SCU FH U-Net Y 4 288, 1 5 78 U-Net |
TN 22 SR AE Rl G A B 5 B0 = e B ) R AT
G IR BE R AR I B v BB YRR R R I RE T L 4
SERCE R LR M 2 2 G A Ak B R LR
i B0 REPN 2% 2 1, A5 2501l 2 BOAS 7] 291
i 2 RO R AE B 5 5 5, FH UCTransNet
CTrans # He B U-Net () Bk BR % B2 F1 65 745 L 2045
SrEIEL, CCT F CCA BLHLRE S fift P i R IRAS —
A T2 R E SRR E . ER A H
O 2% (1% A AAHE 22 G 5T 1 R o

UCTransNet [ 2% 1 4 % 7% . Bk BR 74 322 A A 65

https://www.cnki.net

1 Jiikas ikt
Fig.1 Overall structure of the method
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Fig.2 The network structure of UCTransNet and our method
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Fig.5 Channel-wise cross attention for feature fusion in decoder
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Table 1 Overview of model parameter settings
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Fig. 6 Comparison of testing speed between the proposed

method and other methods
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Table 2 Ablation experiments of our proposed method on different datasets

. HAZ A GlaS MoNuSeg

ik Dice MIoU Dice MIoU Dice MIloU
Baseline(U-Net)” 96. 47 93.26 85. 45 74.78 76. 45 62.86

® Baseline+CCT 95. 38 91. 44 89. 09 80.78 79.31 65.97
; Baseline+CCA 94. 86 90. 84 87.09 78.10 76. 84 63.85
Bascline+CCT+CCA 96. 00 92. 42 89. 84 82. 24 79. 87 65.63
Baseline+RFPN 96.10 92.57 87.76 80. 92 79. 04 65.63

gf Bascline+RFPN+CCT 96. 37 93.04 89. 35 81.22 79. 64 66.03
; Baseline+REPN-+CCA 95. 80 92.02 89.78 82.03 78.78 64.83
Bascline+REPN+CCT+CCA 95. 46 91.42 90. 04 83.56 79.96 66.98
Baseline+MF 96. 25 92. 89 86.75 78. 64 78.31 63.67

% Bascline+ MF+CCT 94. 98 90. 72 88.23 81. 04 78.63 65. 47
; Baseline+MF+CCA 95.73 91.97 87.98 81.21 78.21 63.96
Baseline+MF+CCT+CCA 96. 63 93.57 89. 92 83.02 79. 87 65.92
Bascline+MF +RFPN 95. 86 92.21 88.01 80. 97 77.08 63.09

% Bascline+ MF+RFPN+CCT 96. 26 92.87 89. 21 82.02 79. 85 66.21
i Baseline+MF+RFPN+CCA 96. 59 93.47 88. 62 81.73 77.62 64.56
Baseline+MF+RFPN+CCT+CCA 96. 81 93. 89 90. 85 84.76 80. 11 67.15
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Table 3 Comparison of our proposed method with the other segmentation methods

ik AR A GlaS MoNuSeg
=
Dice MIoU Dice MIoU Dice MIoU
Med TP 91.86 85.17 87.14 77.33 77.50 64.10
U-Net” 96.47 93. 26 86. 34 76. 81 73.97 59.42
UCTransNet™ 96. 00 92.42 89. 84 82.24 79.87 66. 68
AR 96. 81 93.89 90. 85 84.76 80.11 67.15
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Fig.7 Tongue segmentation results of proposed method and other methods on tongue image dataset
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Fig.8 Comparative results of our proposed method and other methods on the GlaS(Line 1,2) and MoNuSeg(Line 3,4) datasets
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