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Abstract
To address the challenges of large parameter volumes, blurred tongue edges, and background
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interference in tongue image segmentation, a lightweight and high-precision segmentation model,
LAE-DeepLabv3+, is proposed. First, the EfficientViT architecture is employed to replace the orig-
inal backbone network, significantly reducing computational complexity. Second, an EMA (Effi-
cient Multi-scale Attention) module is integrated into the low-level feature branch to enhance the
network's perception of tongue boundaries and local details. Finally, horizontal and vertical strip
pooling branches are added to the ASPP (Atrous Spatial Pyramid Pooling) module to strengthen
directional context and long-range dependency modeling. Experimental results on a self-built tongue
image dataset demonstrate that the model achieves an IoU of 96.47% and a Dice coefficient of
98.20%, with a parameter count of only 12.12 M. This method effectively balances segmentation
accuracy and model lightness, providing reliable support for the objective analysis of tongue di-
agnosis.
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Figure 1. Network structure diagram of DeepLabv3+ model
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Figure 2. Network structure diagram of LAE-DeepLabv3+ model
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Figure 3. EMA module structure diagram integrated into low-level feature branches
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Figure 4. Partial images of the tongue and their corresponding annotations

4. B EREGREENNIRE

4.1. SCIGIFER

AL FET PyTorch 2.0.0 BRFEZ SIHESLSLEL, FF R8N Python 3.8, #:/E &% Ubuntu 20.04,
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Table 1. Comparison of various metrics among different algorithms
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[t IoU Dice Acc Pre Sen Spe B SR
UNet 95.97 97.43 98.14 97.80 98.09 98.17 7.85 M
UNet++ 95.93 97.47 98.14 97.79 97.92 98.23 9.16 M
SegNet 95.72 97.35 98.04 97.72 9791 98.11 29.44 M
BiSeNetV2 95.20 96.84 97.81 97.84 97.55 97.92 495M
Attention U-Net 95.66 97.23 98.02 97.50 98.07 97.94 57.16 M
TransUNet 96.36 97.69 98.35 97.92 98.21 98.21 192.51 M
DeepLabv3+ 96.14 98.03 98.23 97.97 98.09 98.20 43.65M
LAE-DeepLabv3+ 96.47 98.20 98.38 97.86 98.55 98.24 12.12M

M 1 mLAEH, ALK LAE-DeepLabv3+7E 2 Hifabr LA TR R, Hd, AN
ToU. Dice Ml Acc 43 7lliE %] 96.47%- 98.20%H1 98.38%, 4 NFTA Xt b v s Al RIHA SO iAAE
A DX R AR G FORG FE AN TN — B T T R A BRI . 5 EEEAE Y DeepLabv3+AHEL, A STIEAY ) ToU
PET 033 ANE S, Dice #8511 017 NED A, Ace 82/ 7 0.15 NEA S, WHHEESIANRENLE
TP JEMA #5H DL K st ASPP 2544 J , 1520 AR E S U S 22 ROBE B R SOt e )49 31 1 it — D 1,
NI AR T T 4y EIVERE

N T HE— B IGAE ToU $#2T7F 1 B2, AN DeepLabv3+#ll LAE-DeepLabv3+# Fiii AL K] ToU 1 HE4T
THUAE . BAARTS, fHMSIREAR ¢ R30I R 169 5K EH REURH loU Z it 47 B3 4,
H AR G 2 T B8 ik B e I & — M TR ME AR ER A E RS ER
MG vh 7738, REs 3 B IRAT 2 R W 3 725 2 AU R i TR =5 M. ELimd, JAK
DeepLabv3+f5 44 Fll LAE-DeepLabv3-+4% 44 7EAH [R1 £ 48 1 ToU SHMEHEAT X EL, S5 3Rk 2 Pos. i
t IR B, AT LLEF], LAE-DeepLabv3+] IoU 25T DeepLabv3+ (t{f = 3.45, p fH = 0.003).
p fH/NT 0.05, FRIBEPERRIETH & HA G R E N,

Table 2. Test set [oU comparison and t-test results

5= 2. MREE ToU EHES R t IR AR

SEER A ToU ¥J{H (DeepLabv3+) ToU #J{E(DeepLabv3+) Z1Y t {8 p &
Mit4E 96.14 96.47 0.33 3.45 0.003
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TEH A PPN 4R PR /7T, LAE-DeepLabv3-+(¥ Sensitivity 143 98.55%, [FIFE A A B b (1 fe i, Ui
BIAZ T E N R XSO R A S SR AR BE 0, RE B0 58 B R H AR X3, IR 70 LR . e Specificity N
98.24%, WERFF 7 HLR/KT, RUIBALET 5 DA _EFRE R A B S BARAE Precision bR
b ARy 97.86%, BEART-HEE A xFEL Tk, (HEEAERE N, HE G R Sen. IoU Al Dice 45
ATBAGEH, A SCIT AR CRUE R R T HE BV A RIS, SEVE B R R XIR A se 2 &, 00 TR 22 R 1
1E55 A S SERR R i

LAE-DeepLabv3+H% DAL T IHF AR RIEIAL . FIELT DeepLabv3+ (SN 43.65M), A
SRS HE DN 12,12 M, b T2 72.2%. X535 T ST 8 980 0 S B B8 A0 LR AL 1 AR
MIPREs, JCHAE GRS R AR, RS B DR vk P 1) [R] I PRI A T B

4.4. HRASELE

NBGAIE AR SC T H S B R B M REER TH (0 S, TEFEZR AR DeepLabv3-+ 5Ll FidEAT 1V
Rl SZIG SO 23 ) P 2 T iR AL T 4% EfficientVIT 2 4FAE S 32 o A EMA BB L& 23t ) Enhanced
ASPP S5 R0 R EIVERE IR . &2 SRI0 45 R 3 Fioss

% 3 WTLE L, FELRIA DeepLabv3+i IoU. Dice 1 Acc 735N 96.14%. 98.03%7F1 98.23%, &
BN 43.65 Mo 400K 3T 48 B A EfficientViT J&, #7811 ) ToU. Dice 1 Acc 43 B TH % 96.28%-
98.10%%11 98.29%, [FEIISEEFZ 10.81 M. MR, SH0E KRR, 39 EfficientViT 7ERK
B  2% BE 7 T B B AR, RIS e CRAFE S R AR SR B RE 77, AT B 2 BIPERE IR /MR AR . iX
TR E T AR/ TR, 4 f5 SR 5] N 3958 T 30t .

Table 3. Ablation test results
F< 3. HRASLIZER

Enhanced

TR EfficientViT EMA = (op loU Dice Acc Pre Sen Spe HAZHE
DeepLabv3+ - - - 96.14 98.03 9823 9797 98.09 9820  43.65M
Modell V 9628 98.10 9829 9795 9826 98.19  10.81M
Model2 \/ \ - 9638 98.16 9834 98.08 9823 9823  10.81M
Model3 \ - S 9633 98.13 9832 97.94 9833 9822 I12.11M
LAE-DeepLabv3+ v S S 9647 9820 9838 97.86 9855 9824  12.12M

FEREAY 1 LAY EE— 2PN EMA B, #5812 (1) ToU. Dice Fl Acc 73 i&F] 96.38%. 98.16%4l1
98.34%, A 1 4k Tt. Hor, Precision #2714 98.08%, Specificity #2714 98.23%. X#iH] EMA
TR 3G 5 X 28 XIS Z A5 15 BB 7, B AR R AR Bl & AT S A oG ik i 2 . e SR
X, MRS S SIX 6. BT EMA B 5 A B Low-level 23 321, Bt H x2S
() 201 () A B B

(Y £ EfficientViT = T- %4 5] A\ Enhanced ASPP I, # 7 3 ] ToU . Dice Al Acc 43 Hi% %] 96.33%.
98.13%F01 98.32%, HAM 1 [FAIFEH FT#ETt; b Sensitivity i5%] 98.33%, m T4 1 FIBEAL 2, KA
G ASPP Z5HTE 2 R B R SUE B @B RYE T RMAIER . ARSCHEIEA ASPP il B30 7w/
St oy 3, BRI 43 il K I [r) FR A B9 Al IR AR AR (S B, DT 38 S A TR ) o (R R A TR RN DX 3 5
ARERARE ST, BT TR IE, e B ARX ISR A 1 78 B8
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M= AN E SN G, &R LAE-DeepLabv3+H & Tid5bris B4, Hrd ToU. Dice Al
Acc 751N 96.47%- 98.20%F! 98.38%, Sensitivity 15 % 98.55%, Specificity IAE] 98.24%. HiSR Precision
BEAR TR 2, (H B AR SR THE S BB &, 36 =AM 8] R B i B RIVE H - 276 5K %, EfficientViT
AHIHE T S40, EMA S8k TR 24077 RFEFRIE, Enhanced ASPP #2772 R 1P iRE ), =
H 4G R R AE IR Y i S I (R i — D4R T R B RE, BOE 1 A SOt T i A B 5 A AL
P

4.5. AL AR

NN EMM B A ST LAE-DeepLabv3+5 L T G0 BIE 55 7 (AT 2, ASCERRUT 3 4R
A REAER I SR ASEAT AT RS LE 8T, 20 B R T SRR PR USRI BL AN ) 2 S R P 00 265
Rl 5 Fron. XA H, ARFEAE SR XE0E AL T ORRE DL R 2 T IR I S5 7 T A
FE—REE S, ARSI IRAERER I BIRCR BRI B4 RS e I 5 HERf

MEE—REARTT LUR Y, BB 2 1A DU T SO A8 R B AR, A 05 XA AR A
B AR R o 800 X e T VAR TR0 I 52 380 11 fis b s X s me, I 1A AR EE R R LR
RIS LD FHEEAFAEBINRRL, 1R 0H A 780 2T, ASOERB R X 7 5 14X
B A TP, 2 FISE RS FSCARE N, SO AR AR AL RT3 AR B S A R
P, WHIZEE R T 5N AABORKITIRE . 58 4T, S RESAE—E A, Hibm
U AT A ST, TARTIES 5 11 s X 8] FR AR JBE 22 S R /N o TR A R AR F) 300 57 40 ) e T 42
THREER. WEHALIE D, —xf R A LI TGN SR AR R 1 R, 3 W] AR
05 2 I R L SO T TN A AE R PR o ASTTTVE TS 20 B 45 RAE T AR B AARTR IR T T SE N B4R, g
R R S AR R, el D 120 FOBORIAE K R I G, R Sk I I 2% RE A8 BE A R R 5 vk 2 A
TERSREEELR . BN RS, SRR ST FZ AR R X, Fit
K2 B RLELREVE SRAT BN S B 2 FISE R o (HRE PR ORI, A FRTHEE L ST PR 5 # 4l
TR BT AT 2257 o 00 R R P TN e JE0 A7 A e ol B R 2 S A B GRS S5 9 A 1 ) X 35K
BT R, 5ESREEBEAIIR BN B XU MIA SRR AGE T B AR, 1R R
A LRI R A B iR E PEAZ AL fE

S DL BT ST UG H, ASCHE ) LAE-DeepLabv3+7E 5 R4 EIT 45 Bt % 55 HEAff i ir
TR, IR FATIRE . R TN DU E RS R Ras S5 07 TR DL T B AL 3

BiSeNetV2  Attention U-Net  TransUNet DeepLabv3+ LAE-DeepLabv3+

s‘

Image Mask UNet Unet++ SegNet

Figure 5. Visualization results

5. AR
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5. g

RAGASCHE MK LAE-DeepLabv3-+H 176 16 5 1553 EF 5 TS T RO R (0P B, (B4 1726 —
Be IR, B AR T A ORI AL .

A 0T B SERUBAI R B, AT 846 SKIENR, HETRET (HEES BIGHREMR) 1 (i
PREZF T S Pt (0 QB . SR AR S R IR B, T RS CVE A T o T 75 R
R ZL TS 5, SO AT — L R ], B [ FE AT RS RS B4R . DRIk, AR 57T LA
P RBEREMBL, SINE LRI E REMR, TR R M X RUR RIS B0R, DR TR
12 A B 1 RSE i

ATFFHR I EMA BEHORI G R ASPP MEHLTE— 2 R RE 1 B30 1 16 A3y SR R H17 M J e
(B0 F— 4657 2 RIATRAE D ORA IR . AN, 7675 14 15 2F Vi B IX LA 15 S Me 5 e R (O R L At
R AT RE IR B R . BRIk, AR5 LAt 5T 5 26 10 1 R SO BB R B 2 B i
Lo, DA — PR R IR S A R R 4 B L

RS AT FCIE T RGBS T — 5 B, (HE R (0 WAL RUBR AL D R T I k. R
KIOTFAR T NG A LRSI HAR, I E MBS 5], B 515, BRI M2 A hs ), Fhsk
LS IR HE R 1 LI R0, MEsh, F S5 B BT JC I AR AR T, AR TT AT UGS A
RO EIBAL P E SRR BEM G A, B S R B E S W R SRR

6. LKA

o o B R o BT S5 T AEAE & PRI S0 . 5 52 B2 S T DU S I A 2 S 0 K 2 1)
RICHEH T — T LAE-DeepLabv3+/IH G UG /I 751k, w5k, B85 N EfficientViT £ M4, 76
PRAUFRFAESEEUEE A7 00 [F) o IR PR T AR AL B 2 S R SR LR, TEMRZHRE S 251N EMA {F 8
DI, BRI TR E AN S RSO RE T RHERIA R ), B T RIIR LR B
J&, Wil T HE5RA ASPP AR, @ISR B AL S, sRAk T I EE 6 Oy A R SOfE B
KRR R RE Ty, BEIRTE T BB ARTOR 1 e 3 M . SRI0 25 R W, 78 BRI E S8R 4E |, LAE-
DeepLabv3+ff] IoU. Dice 1 Acc 7} HIiAF] T 96.47%. 98.20%F1 98.38%. 5 JFi#h DeepLabv3+ % Hoft i
Sy EIM AR L, SO RUANAE 2 WEN FE b EEUS AL, 11 HS80E RIRAEE 12.12M, SKBLT 2#
FEE SRR RGP . AP EEZHERL SRRt T arfE B s 5 al, BA R
(1 52 bR S FANME -

EHEWmHE

2024 R E R ML R 2R 2 AEALH D I ZR TR H (202410069094)
2025 AE R ZE R A DL I g K1 H (202510069011) .
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