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Abstract

Tongue diagnosis, as one of the representative methods of inspection in the four diagnostic methods
of traditional Chinese medicine, enables doctors to infer internal conditions from external observa-
tions. However, traditional tongue diagnosis is often limited by the doctor’s experience and subjec-
tivity, thus failing to fully exert its potential. The emergence of various tongue diagnosis models
based on deep learning has provided intelligent support for the early screening and syndrome dif-
ferentiation treatment of upper gastrointestinal diseases. This paper explores the development
process of objective tongue diagnosis, retrieves high-quality studies published in the past decade,
and conducts a systematic review of the progress in tongue image acquisition and processing, model
network architecture, model optimization, and the application research of deep learning tongue
diagnosis models in digestive diseases. It is found that existing studies still have shortcomings such
as limited sample size and few multimodal models. In the future, we should move towards a multi-
center, large-sample, and standardized collection approach. We can combine the tongue diagnosis
model with gastroscopy images for comprehensive prediction, thereby improving the prediction
accuracy of the intelligent tongue diagnosis model. Additionally, we can further introduce the tem-
poral convolutional network (TCN) to capture the long-term evolution trend of tongue conditions,
enabling the assessment of therapeutic effects and prognosis, and promoting the development of
interdisciplinary applications between medicine and artificial intelligence.
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1. 5|

WAL TETEAE H 28 B 4R E B B AR R, 2022 4E 43R B e KR Rk 4.9%, BEEIET-RIA 4.6%[1],
2018 FAX A [ A #E I 277,000 1516 4 0k 40 A g8 975 451 181,000 1] 15 e 49 [2], o b B AL IE R AR
JEIE VIR C, 10 Barrett €4, B MRS, — Loyl A Ik it AR AE AR Ry o i B R AR R 7E R
AL R BAAEREAR—ANEEY A, FYEH T A SN, S TREEAERREE SR ERES
HEEREY3], MXIESHERSHPRFLHIESAEM S, RMEGPEE 2 2R TEERER M
FEMAETTTCVE TS o RIESAER, Bk, RSO E 128 ALK FERTRFE 5 2] 2 B R TE T A8 5 8L
T T 85T .
2. BB ERHIE
2.1. HgHEELERM

AW, BIRESSN, HELSGEAANE SEMEE SR M HEKR. GImNGE) R 7 A
BT BRI S, Hod CGRIXDY e AR RBAZNK &SR HGE T, “ PRI 2%
HAT, RWEREEMKA RS EPUEMMY, KA SE (SEZN) PRSI “BEEE”
AEF, DR S5, KRSV EENPHRANLE TR, 2o, GRIRTIZEEER) WIMBLEIE 1k
LA, T IS R CRAGEED R3] “BEhE 20, LAER h A, KUy EREmAE ", E
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SRR R, RIS E B UER LR TR . BRI BT ALK, HETE
RMBEE LU LA B, S, R mA B B 08, i RN RS TRy, Wy
NER H L ER FAUES, ARIRRLOH . BE L B RN E FIESE. Ok AR,
e PR WA R AL ORISR, R AR R IOk . & BRI E  JE  S o i
AR o FUETT L, RN AR AT A S WA IR ) i R L o

2.2. BB EINERERE R

A EEWRKEBICRS SB[ EIE 2 5 ERCA RN W R HE . YR ST LU
BZRHRIE[A], BN E B0 & R mIE R R 2 A, B T i B SR PRER TR AT RS
ML K BIAFHRRS MR 2 4 0E B R BE RS . SRS, 5B REVRBRE . BB EAAR . R
SGERIDBR A AT G 0T, SR WRLLE FING 2005 72 B ORG RORURS AR RS 3 P Ee B 2 7 Gt 2
S, WELLE S ORG ROR R S TEARSGIE[S]s (HERB AR MECT A saE s, KBRS S5O i 5 6
HERARNE6]. LLEBT TN 1 RS EACTEROR A, PUAIXS BN R RER AR Seh B2 2,
PAEE 5 AR WL 88 0 SRS Z A e, AEAE 52 PR T B2 AR A 22 30 A0 S Xk 0 vk 78 70 R AR T

23. BRRESNEREN

BEE L2 btz J, BE BT REMNERE R ERBG, RE. FA5IH = H T,
IRENT BEA G SRR AERERE, FUHAATR B — R AE A DURE SR, &2 B IS & R
KAEFEIMATE, M TongueVision | TCM-1000 Fi24%, %] Thermal Tongue Diagnosis Device %5, JT4F
KECAORK ERIE . o W5 N 2RSS G TR 5 R 1 v I B R B TCAIE ) o RARFAE 7],
VL8 b g b 2 25 K 2 I BA ¥ it 1) TFDA-1 il TDA-1 T8GR AR 2R 5 F R I i F s i Al 8],
AT LS ACETE AR SRR 22 1) A S FH DAY D VR B 25 2] UF i R B i A AAM X S 4. B A i 55 A A8
Fl TFDA-1 #4576 0o i & S S5 RN E RAREL, 3RS R LR By, & G s
WI9]s EAEE R 2 R 5 RIS B AL, RIS GRS, B allmeE, Ry
T PR KT e 4 % fk Bk BB A [10] YU R AB S N FIBE R DM & 8 R EEARE, THLARK
MPE NE, IR 2 LS. BRANRE, BENSHREES. RAOEMHERE, T524
FIRCE 1], LA b33 A B SRR 2 WAk FE - FR00 2 97 (1 T 474

B TAEHE IS OGHAT RES, WEFEHAETEREEEAR FITIRER, Bk 2 %5 R HE R 05
ARXTEHRE T FATAE, FROE W LERERTH, RIEERREERINER, RaNER5%7
POlE TR EREMAJIMER Labelme ARvEHEE 5 AT ISR, ARy AN T TA] pOAC Ay, o 14 FH AR ASE 28
H Deeplab V3. Deeplab V3+55. IthJ5 Meta #fEH T — KL 3L 4> FIHL Y Segment Anything Model (SAM), 1%
R FG AR BTSSR IUTE A, AR @ i T (R B 2 ST I 4 R AT BG4 1), R I 2 5
Wk, AT KEN ThREREIRE, (EEBRZ IR IS, Re8IE N A FF I EHG 5 BES
[12]. H SAM K 72T Transformer (4544, oI B AL 25 S0 6 v At P R R 3 A 0 ik LA 1)
TS R B EUGARRAE , A2 B 3o B A s A6 A5 R T 20 31 3 00 20 T AR R 2R O 22 KK TR B [13], B FE 35X
I I o BN e Sl OSSR EAT 0 B, LSS AN TR e HE /N 2 R AR T B, PR RHEAT N TR Ja 2,
KRG T NS KBt A, DeeplabV3 [14]17E3X J5 T ) R i& P 55 F SAM.

SR, A R SR A 3 AT TG e AN, AN [ B i ot o8 52 1 ) B AT A7 — 1 22 S
RIIEPE T GOR AR 5 A B E AR BB G R, AT S 2 5IRE S ST mE, @l BAREE B R R &
WER, HHE—8E— PRI, REEIEERERTISESH —8E. 2B, EHEE. 3)

DOI: 10.12677/acm.2026.1651975 1725 I IR 2= =23t e


https://doi.org/10.12677/acm.2026.1651975

LINUSTEPIAIEE S

SUCRAE N T LI BA BRI, IR 22 ST R IR O 1 R SRS I e TR, Ak
W LR 24053 MR FE A S BRI R I [15] . SREUE[16] [17]5F AT R AF45

Table 1. Differences between traditional tongue diagnosis and deep learning-based tongue diagnosis
#= 1 BEELCEREFIFTISHXS

o b G2 YRR SI T

AFBEN R —BEIEA F B2 W —BE T T A F BRI A R A 2 AN R
—Eubk REABURZEA, ZEINIRKRZR . BT HESREUL &, S S i, R ar i e
Ji BRSSO, AR - H, AZAFTI, BIER L

FAEEIN G L 2 FIRKY A RIS SO @B NNGRRIIE, U RS R 2
IR 5, PR AR BN W T 2 e, RO AR SRR, BAREOR T, AR B2 HTE
AR AE . AR 2 1 AN, ATRHE T
BONJRIR, OGE T M HHIE R IG , 323X B>
A BRAECR
1839 P 5 5 U R B R AR AR A RS R B B v A
NASLKEES) A, MELUREHERT L, BIAEAE R F AL MBS IR e &

FAFIRR, b A7 D Jm SR R BN BRI

it
e
i
5

AR R A SRR T AR

FIAEAE DT AR AEAL o BB B, SR AR
B, W EWA R RS

3. REFIHISRE
3.1. MM

TR 2 3] 2845 BRI 245 (CNN) IR ZE X 28 (RNN) 2B 5lox 3 /9 2% (GAN) A Transformer 2%,
o s A A FE PR AR 024 )8 CNIN[18], CNN [19]52 — )2 B T FG Ak 3 455 A QR ) A3 PO 8 155
oA, FEHGRE. R RSERENN, S@hENEEEEETERZ, SREEHARR
SPRIEBRZ (0 3 % 3y 7 x 7)0 & AT B B RS UG o 1) R SRR (WA B B SO H B AE)
JEIEE AL )E, AR — A A SR A B3t A, T DU B ARARR AR 725 18] 4 B2 1) [ ) DR B O BRERRAE A
B, WO EEH I EEIE, RIEK R RHE By — Y B, i 4R S R R] e R A
S REREAESS . B RS B B S RN BUREAE = R, RZ 2@ E A R R A 2 . 4L
PR SR FRIRNE ., IRIZM W — 5 2] BRI R a5 0 . SRR B SO SURFIE, R AE
By HARRIAN R 5 BB O B S AT 55 R R I BRI RFIE R IE R ), % LI M CNN A5 AlexNet,
VGGNet. GoogLeNet. ResNet .

AlexNet H Alex Krizhevsky 5 A7E 2012 42 H 1 —Fh CNN P25 2214[20], ‘EAMCRA T ReLU ¥
TERE AL G R AL, IR TR, SO R KM OR B BB R, BRI . A, 2
EHEIRAEHZ GPU T, ML RE M R )Z IR R, [FIRES]I N T Dropout AL BAKIEJ# /i 40
GG, FEEARANZ AR T AR DR AR XS T /5 S5 H I I 28 S 18 X 28 IR B AR N 0k, S8 F B AR
EEREZ, BB R, FUCRHESEHRE 7702 800 R AR 2

VGGNet [21]H1 48R 2L JUA AL T 2014 4R IR MR E BB A M 2 —, wilid kS HEE
INERZARE KRG, 456 ReLU BRECHIHR AL S, 254775 Bt [7] iy SO RS2 B9 47 K. i 2% BRIE
BH 7 ASE FH /AN PR SRR H9 0 D 28 58 B2 P DA i TR UR, (RSB AR, A o L ARt AT B B,
Bk 72 W 28 5 HAH LU A S R

GoogLeNet /& 2014 - Google #2 H: 1) —Fh & SRR & WX 45 [22], ZIRE S ST BB Rk iR+
P—ANEEREAEL ., EHETERZE. WZEMEZA Inception BEHHBBLA R, & ORESBZTIANT
Inception HEHR, &G B R L% AE [R]— E 30 H U — MU KN, T GooglLeNet () Inception ik
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MIFFATAIAH 1x 1. 3x3, 5x5 BHMZ, FRXLAR] 4 3 AR E Btk RIAT R AN [E]
REERIRHE. Hrb, BUNIBERZE SRR RN, BRMERZE SRICKEREE EE, =&
PrlE) R 7R 2 ROBERFAERIARE JT . AL, 2N il B WG #2848, B ReMETE I ZRRY Bef
Hh ) 2 S0 A b 5 ) B BURHE, DB EEAL RR IR AE, B IENME AR o (2B A —5E 1 R
P, BT IHT R ZEONE R, AWk ZEMZE S —, KAEIE R 5 2] 77 T 5 AN 0 5 22 58 (1) Y 48 R
o

ResNet #& 2015 4F HH AT 5t Bt R e 9L B [23] 58 Hh 1) SRR A oy — P X 2 224, Hoizo0 iR 51N T3k
FETERE, AR T IR JZ 28 6 BT AN X 45 1R Ak iv] /8, A CNIN BB 1] BER 2 B . Hh & R
B 2 — /& ResNet50, 2 24 L 50 )2, HEAMRZEIMESIM R, AMUAE IR B A
HH BRI OB X, Z M AR TE I I ZRAeoE, T BT e 08 . (HAZ A i TR H BB A2
(RFRZE G, FERFAEZR L Z AR DT A XS T 5 220 51 N 22 73 S ¥ 1) ResNeXt-50 (32 x 4d) R 5t s8N
AR,

ResNeXt-50 (32 x 4d) [24]7E 1 B4 ResNet HEZE (3R L5 N T G, ZM B AR ERN NS
RN 539 32 NPATAHIFEI AR SR )73 30, BN XNA 4 MR, AR X SO i T R &, A
BEIMSHE AT MR THRHERIE, R N 28 IR RFIE SRR T A B 2 B 58

DA b &SRB B % AR E S, BARRT sk 2 fra.

Table 2. Comparison of five convolutional neural networks
2. AMERMEWEITEE
AlexNet VGGNet GoogleNet ResNet50 ResNeXt-50 (32 x 4d)
H B s [ 2012 & 2014 & 2014 & 2015 4 2017 &£
P ReLU B & Inception Bibk MG, ol - B

% % SINT Dropout;  EAI/NERUZ,  (BREBR), £ EHEERMRRIE N CHB WA, @it
FErl WGPU %k, iR MMZEZMER  FZ2NZ03 EMSKIEEEH A o o

PR QLT T AT B it
‘ E&m ’ i s N
w7 gy, & DA I SRR T

M NERE  SHERD, I BESIIZREIR M

fogy | NRRESER o e Rk, ® %, kit S0 G RITRHL
E, BUGPU MERISHE i o memkammbin b, soppgan FOKHEN, PEREBIHR
T R U nﬁii'%ii s SR E A Ao, AR T ResNet
BRI LRSS
USRI o e SHBOUR, B RERIHIG
e o BEBOSIER, Eaiﬁgﬁ% PRt SEEOR, BHERR SRR 2, %
" WHERIGE RS 52, SVRBEHE BRSO Z MR PR
P AR B A R R FikRE ST IR BRI
3.2. B

£ CNN BT S R, 3R THR R TN E RE Sz AL RE J1, WIF 7530 8 B AL EE . S0 AT
AREE LIRSS RS EEE 2 AT AT G, PAORR R AR A R AR S5 T AR e M S R
NTIRFBR R, EREEE, WEFCE AT R AT AR G SR AR T . R A B 3 5 T
JUfAZH, KT-RIEE[20] #eBY . 48 MEH[25] HEER[26]55 48R T LA He, BEf5HE SR AR AT 1A 45 3 ]
BHEIENAE T BRILZAh, AP g9, RE R X LR . T R A5 R e
FEATFEDCIE A N &R . B Rl 0 SR AR I R e A AT — R A e, A 38030 4 b A i (R 1 5
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FEARTIT G INBE Z FE0E, MR K2 AL R T 7t

TEIRBE % ST 55 T BRATTH B B 2R AT R R, AP FR B E U 2R 72 25 5 s [ A AR
B2 I, iR BETN RGBT L, 2 A X R R T — e A
TIE IR FEAT RS o R P10 T DA I 1 2> H0 2 T (R A R B D 22 BRI AR IR s e SR A AR R
FEAFEIS KA FORFE LR E RS o R 7 V080 AR B R ) R AR DL R,
SMOTE [27]. ADASYN 5, JCRFFE 72 i gl 220 BOERFE AR SO SR SCI S P4, 2 FEREHL R
FERISE T BRI RRAE T 10, TEERRFEID K-means 5. C W E %%, Hih, SMOTE it e bk
PEAR B FE AR A 2 [A) HEAT SR AT A B 1 B BOFE AR, AT J DB ARAE 23 7] ADASYN 73 NITE
SMOTE Jfith AR FEAR K 204 & AR RFEAS, %o 2D B8 00 A7 DX S A B 22 B ROFE AR o B ATL KA d ik
BEATLIN R 38 23 22 SR FEA B AR L g, i 5 T 3R S I R R 7 2 I i 5ok 22 O AR AT SR T e B
RYEREAS, W TE SR A A B 1) TR B R T BR AR B SR AR 50808 0 A R A, B B VI SRt e e PNz AR
7o FERUE PR BE[28] )2 38 i AR 2% eR 0T 51 NI, AR B DG/ H, (R AN A R AN Y,
Al R AR DR TRUR, A2 HERRIOCERRE, ROMPEAC TRz AR J1. MBL Bk
RBAT T FRRN S F R P A7 b 3 RIH & B LB A, TR S R TR RS 2P VA
SEAIARVE, Bl Qiao Xu S5 ANTERYEEIRIE 2 S B AL R QB M HL B T BSFCM YA KRR 5L (D bor-
derline-SMOTE SLiLFIBR C MMH TR T RAERELEA) [29], A &k 7 H0s 22 7] K 25 2 A
Al

UeAh, AT IR R EE, 1 2T E AW SRR DL B R S 8, ) A BE ARG FE T BRIE
(SGD). #h&E kL. Adam. RMSprop %, BEALELEE N FEELE — R PERP T EBE R, JFHE T R
RITAEFHSH, SMAEEBONHEAR, (AURSOR RS 5 % )RR wm, AAREZRRE. e
RGN T BRI, 1R R BT, BRSSO B . Adam TR B LSS T shEVEIH
&R S FR LA, T DO I [ B R A 5] Sk i R B I R AR S ME AN SRk 3 . RMSprop TUiE it
B FESF 7 RIREUINBLCT BRSNS A 5 21 %, BRI IE N A A S5 3T oK .

NT B RE N G B I LA, AATSINT 2R R T, L O A T v
Dropout [30], %77 V2F FHTE W 28 Il 2R 78 b BE AL 2 75350 43 1 48 70 SR ek > B 20 4 i R I IR AR S s S
Batch Normalization, il 15— X 2 & ZRFAE I o0 A e g, AT BR YIRS 18 il dhfa e
B2 MIEN R [31]; Brikz SNEG FAZ RIS [32], 4R (R U0 UE 4 1 PR R A F 4R T I 45 S s
RERE AR R 1R N 2, XA BB S JRD IR TR IR 22, I RETT A T B U

ZELRTIR, TEBRRE ML PR A, B I RE AR TR KT 2 T E AR LA N . WS
B A R AR, BRI P, EREASERAL . Ik S Sy T e, R R T
TR S IEAERE . (ERARR R, ARAEAT S5 45 s A BOE R AR I 35 6 0& AL SR, XA R 5 ikdk
ITHEHEE, EERRE 225 FE B 0 T 6 ) 52 A 1t B o

4. HRBMARE

Ma C 25 AKH YoLoVs BRI RATElE, HHER LB RS IR A, Hp e i
SEYHEAT TGN, AR IS Wk 52 HEAT 038, 2 BRI AR (PLGC) HANARRE AT 22 (I PLGC)4,
B I 45 ARG B W 70 A AT G i, IS REGE . Bl 355, JEEX 5 Mg
ARG AR X[33], RAE—E R B 1l GO IR SRHIE 9 B2 22 5 50, X TR AR — € 1)
PR - Ak, 1ZBIBNE R ke [ TR AR e 5 PLGC A19E PLGC 540K, ML Hp /&
Qe B B R I SE R A 3R [34] [35], Wi 1M HEAT 14 55 088 Fi e A2 K% B e X ok R AR it — 2B 7
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Li Yuan 25 AT T —Ii2 . WSS, #5710 Mo BRE5EEES5H, 450
%5 | DeepLabV3+. APINet. transferg =M%y, Jf 540055 7 D0 B (GC)MIEHE BE(NGC)Z 5#
VENIAE AT AR AIE . =AML R I A& R EVG R H5G 2, GC BEME RRINE & ELE
B I K BB R R, X RIS ST LMEN GC 2 Wifia € T A[36], 35 A2 B2 %01 78 A 5
VSN e /N B A e AN M A PR A = SR LN T e ol

Xiaohe Sun [37]58 A HUAEALEE T 1389 5K 25 W & I RS R 1543 sk ARSS B 52 i (1)
5K, {EH Grounding DINO 54 SAM Sk SEILE ARG R 7l 7%, I T Swin-Transformer #4% 1
HCHAL, 25 SRAE IR T AER R 87.93%, F1 %k 0.9072, BhAh, A EHEAT T BT AN B
SERAF R 85.18%, [HI%: 85%, F1 4r%L: 0.8507, SMEREIEMIRIRE 1+ nl M, IR 7 iZ%E
R T 45 B e i Bh i i B B .

kSRS N [38]YR4E TR ANTE. Hp I, ROMEEE &, IR, B+ Z4RmEEESE
(5 G B A4t 3140 5k, M EEI2BE, 153584k AUC: 0.808, #ERIHR: 0.753, RIET: 0.850, HFHF)T:
0.683, ZMAMABIFRE AT, LN ERANE, HFEUGEN T & %5 B i 2 ma S %5k
R, W ES AR ) BE TN A E R B IRERE L.

5. &5

GiEpTd, AR NS WI R R, IR S AR BT R A ROt A B L
LI 5505 B ORI, U2 AT LASEBIGH e B A2 A VPAS 7R TRl (0 97 2 5 U b R B KV 0
ARRMT TR EY KA R, RBETIRETOHEMAUERIEZ R ), R RS 885 HAb B 246
BEE T, PIABEANAE NS T — UM S 15 5 B g RS B 3 i B2 W AR e AR S [l B 0T 72 [39], 4%
RSN T B SRR BRI, LilZ)E RGMEFTERTIE 98% [40], KPARHIZ LT TN
B EE AT, ROR AT SR EE— B AR &R, BT I BUR e IR R A AN R R, TSI
JEF BT 285 (GAN) AL Rl ey o 8 5 il ity 3t A9 e Ml 4 (0 [RI I SR AR At A DUARRAE R AR A B 7,
LR RS B R ERIBREG AT I, ERGEEWAR. AN, RSB s Sl ]t —2D
SIS FPAEAR I 2% (TN I 105 SusAsta 3, ST 2805 T A VP A

SE
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