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Abstract

The tooth-marked tongue is a crucial objective sign in Traditional Chinese Medicine (TCM) that re-
flects pathological states such as spleen deficiency and the internal retention of dampness and fluid.
When extracting such subtle morphological features confined to the edge of the tongue, existing
deep learning models often suffer from a “spatial smoothing effect” due to excessive network depth.
Furthermore, Global Average Pooling (GAP) tends to dilute weak abnormal signals, leading to missed
clinical diagnoses. To address these issues, this paper proposes an image classification method for
tooth-marked tongues based on a High-Resolution Feature Preservation Network (HRFP-Net). This
method introduces an Early-Exit mechanism that truncates the lightweight backbone network (Con-
vNeXt-Tiny) at a shallow layer to preserve high-resolution physical edge morphologies. Simultane-
ously, Global Max Pooling (GMP) is employed to construct a peak signal detector, which accurately
locks onto and extracts locally abnormal activated regions. Experiments on the public Tooth-Marked
dataset demonstrate that HRFP-Net effectively overcomes the problem of edge feature obfuscation.
Itachieves an accuracy of 94.42% and a remarkably high precision of 97.06%, with an F1-score and
AUC of 93.40% and 97.73%, respectively. Its overall performance is significantly superior to main-
stream CNN and Transformer models. While reducing network redundancy, the proposed method
achieves high-sensitivity capture of subtle tooth-marked signs, providing an efficient and robust
new approach for objective computer-aided diagnosis in TCM.
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HERTE “HiZ” Pl, WIREER MR KR 5 560 BRI 2R ME, AR
AR HES) R IA A R . AR EISHOBEIT WAL, PR RS, ks AR
WHARTE KA BZ W R G0 OO 2411 IR 7T 1]

REGRHZ M4 (CNN) B E ) Z BT H R, BERIRERBES H A in 2% R [2]. 4
TR AT LG RN TR (BN S5 k), X — RS AR & R A T _E 8 T4k AL
.53 F (Fine-Grained Visual Classification, FGVC)H)7il4 . F-JitiR )= M4 (1 ResNet. DenseNet %) FE ik
FEIE N X 28 PR B 5 22 U0 SRR A Ja i S, IX R G 51 R S APPIE RS, 5 AR IR 2 RAR
FEBR JZRAE P8 AL B R R [3] [4]0 LAk, bl T SRR I PRECHE 8 5 Bk Z AR R B EARTE, 24T 55 FFE I
Il 55 W H 4% 5 17 (Weakly Supervised Object Localization, WSOL) Ikl . # /9 2% 2 3 FH 4 =T 1 it
H(GAP)FHATHHIER &, BAERIA R BN, (HIXFE WSOL &5t N 5 s bR w5 S T
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IR R A s, ERIEIRIE2[5]. RE IS5 NIRRT R AR R &
KTRANR RN RE I, AR T s TR IR S S BOTR[6] [7]

RFTRBCIR 2 IO 265 4 55 ) 30 S AR RN, A SO FEaE AT 2, B8 T — P T i 40 R Ak OR B I 4% (HRFP-
Net) (I IR & B 43 250578 ARSCHI B TTHR W -

1) HRH AL TR B I 4% 5 FLU1AR H (Barly-Exit)HL] . $E0 AR 2 IR S, R s E T
2% (ConvNeXt-Tiny) iR JZ BT RHEAINT, O/ B 5 70 P2 10 2 AP A0 99 5, A 28008k S A0 02 SR AIE A2 TR BE I
A 7 2k

2) HRSLHET 4 R iR KA (GMP) I R B AR AR Sl - L GMP A Dy 2 [aJ e R0 A U 285 5 A A% S 1)
GAP, il X 28 570 115 1 5, K HE BV T I i R Z R R T AR SR, 7 4 45 v G 2 1) ) B R P A1
TR,

3) SEEULFHIAEBhIS W fE . 7E/A TFHY Tooth-Marked $d4E I 1 S2i6 % B, HRFP-Net £S48 4%
RO N IS T 94.42% 1 i 22 A0 97.06% A miks i %2, B R T F W/ MIKE CNN 53
Transformer FE5Y, 54545 & 4D PR S FH AR

2. 7%
2.1. HRFP-Net 2 {&%24
EAHE R W48 5 BT N R AZ RIS, AR T &0 R0 4 B 4% (HRFP-Net), &

PERSHIRH T IR O BRI M REGE . P 19T, HRFP-Net i (22K K 28 i g AV ASERRIL. 2 )%
B 5 50 R =N B
Backbone

Input — (ConvNeXt-Tiny with Early Exit) —> Spatial Aggregation —> Classification Head

Stage1 | Stage2 | Stage3 | Stage

384x384
[ES
— Binary
R%_ —_ —> —» Classification
\ (Tooth-marked
\ vs Non-tooth-
Peak Detection marked)

Input Image Early Exit Feature Map Global Max Pooling ~ Feature
at St);ge 3 (24x24x384) (GMP) 2’3%35)
High-resolution  Avoid Spatial Smoothing
feature « Peak Feature Detection
preservation

Figure 1. Overall architecture of the HRFP-Net
1. STFHERE WS D RAE

1) FMFRAESRE: i 384 x 384 [FRIHEILEIG, R EES ConvNeXt-Tiny /4 TRZ[8]. j#
i BRI H (Early-Exit) L, 8RB & Stage 3 (T 6 ANERLLAR), Wit 4 HEh 24 x 24, i@
HON 384 I W RIE

2) ZEMES: RALRBEKIMGMP)X 24 x 24 [FRHEEIBETFEYE. GMP 78 IR,
M\ 576 ARSI 1] i b B O R R ZL R S (S 5, A LT 384 MERHRAE I &

3) Mo S AL BN R B R R AHLMLP) A 2Kk . BRI R A — k. 4
PR (B 128 4E). GELU Wi B . BEHL I (Dropout %23 0.4) Jr — 4y A2, B & it OB %
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HRFP-Net Jlid “H/Z#lk " 5 “WAERE" , ERIERADZHERKFER, W& 7L TSm0
TR AR ) v RO 3 B

2.2. HEAGFHERERF IR G

TEHARAT S5, IR 25 B 3RECE & 4 A8 S SR, R & B9 B AE R R T AR L
HUCAR, i AR SR PR T AL G AR BT A SR (NI 5 T L) . AR SRR Z M 4 (1 ConvNeXt-Tiny)7E
SERE IR LR 22 i 2 IS 18 R SRk, H: Stage 4 238 384 x 384 (I N BRI BSR4 12 x 12, X—it
FEEPET Tl SCRIE, 2151k T ER “EFE AR, SEUN BASKUN 007 IR 12 Sk ] Bl 1E & 4
LRk, KIRHISS 1R 2 AL R USRS

N v 2 S AR T A R 2 AR F 5, HRFP-Net B8 b 51 N T 51138 Hi (Early-Exit)HL]
[9]. BART S, BAERHESR I B AT BT, &7 5800 PR RIFE Y Stage 4, [ R % Stage 3 45
SRS B T HEEE N 24 x 24 (RFIEIE, K (AT B R 144 (12 x 12) KIE$ T 28 576 />, X
AMLARRE T X 4 E5 AR 5 T S A i 10iE SUBCZ Y, RO Z M FIRE T AN RmIME R, fSEd
GBS RS L E AL, FREUERUE AL B E T IR ST R A Al

23 BERE: ETF2REXBHHEIEERHIE

TESRHEL 24 % 24 W@ i R RS IE G, WA RIES SRR =ik &R N — g, EREHM
2530 K A R P YA (GAP) . GAP TEALFE A RRHIE R RIS, AR 7E IR & VU3 A E 2 3 JRi PR
VIR Z B 0 A b R 2, AL EEfl/ o 5 RF GAP TR R, (IR XSk A i i Al 5 5
W REIER ARG S W7, SEUER IR BUR, 551 KIGIKIFZ .

RO SR AR FE 55 IR 17 L,  HRFP-Net #7371 GAP, #1fij 5] N4 J& i Kithib(GMP) [10]. GMP 7
24 % 24 {7 AP T 2R B OER g, AP LR T R MIEEE SRR o EATOGERHER 4
SRR, T A iR 9 2% R PR R IE R T S, BT R PR B R i 2 A SR S S X, X —
FugE CFINRHEHLE] TERGEETAN: 24 x 24 [ R SR AL T S5 AR AR T 23, T GMP 47 5%
MAREHER R EA RAR M ikt ", MWERRE CRER T R BUTE Rl i 2R R i A Bl 2 5 R & e

3. W
3.1 BIESE

AU R Kaggle AT Tooth-Marked & S 8dla4E 1o 28U HEILE S 1250 sKIEMG, Ho iR
546 7k, AFKIRE 704 7K. Sy PRIESEIG AT ZIUNE, i SR A8 [ BENLAT T T % 8:2 Ry LL Bk 7 v il Rtk
SRS, BAA s 1 s,

Table 1. Sample distribution of the Tooth-Marked dataset
= 1. Tooth-Marked #iBEH KT

eS| BEA S I 254 (80%) KHIF£E(20%)
£ 14 JR (Tooth-marked) 546 436 110
JE ¥ /R (Non-tooth-marked) 704 563 141
Mt 1250 999 251

hitps://www.kaggle.com/datasets/clearhanhui/biyesheji.
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H1F HRFP-Net XI/MNAZ LA REBUR, ALt 1 “aig Rtk rsu g omsems. 2
BB, MRS — 433 400 x 400 J BEHLEET A 384 x 384, NGBS Y SRR GR 55, S0 LR
TR 5 07 A, AU IR 0.5 MIBENL/K-F 5 3 ELR . fERAERT B, PR ERMHE0Y 384
x 384, ZIE it b8 (CenterCrop), LART 1L MU A RAFEMOE SMIBR . ), PTfy B AT
THRHEI — A B

3.2. IRIMEESSHRE

ARSI FET PyTorch JR 252 SJHESE, 795K NVIDIA A40 (48GB Z77) GPU Lilk4r. HALYIZRIEA
KH(Epoch) it 50, #tAb¥E K/IN(Batch Size)ly 32. fiifb#sikH Adamw, A EE %k (Weight Decay) 30 1
x 107, FF K 4x5%18 K 5% (Cosine Annealing LR)Zh A& 1 24 5] %,

SRR SRR E [ OR B 58 N 4 2 IS, AR 7R 22 S5 ST 356G . ConvNeXt-Tiny (15
HHIE 8 2 (Stage 3 2 BN 21BN 1x 1075, 1 H 2 LA H R AR 5 0 R F R %N 5x 1074,
1% bR R AR E IR 22 U451 2K (Cross-Entropy Loss), F T 1E S FEAR[1.0, 1.15] 0925 A DAL i dicdE
AP

IZRITBESIN T Mixup Bdfla 3 52 550 11] (o= 0.2) ASRTHEARLIZ AL RE J7 0 BEAN, ARSI AE M 2% A 7
BE T 4R T AL (GAP) 5 4 R B K b (GMP)HEAT X L, PAFR FEAS [H) 2 [H) 56 A5 SR ms 5o A IR 25 R A8
HISRPERE 17 FRAESRUERY BUR T ISR 38 358 (TTA), 8% 5 46 5 5 05 B T 45 SRR 548, #E—
AT 73 R E R
3.3. ¥ iEHR

N TR H A T A A R A RS R I, ARSI B 1 R 3 S sl v 11 DY A
PENFERR: HERGZ (Accuracy). A5 (Precision). 73 [81Z& (Recall) Fl F1 73k (F1-Score).

FVE FR bR B AR A KR

1) #EffZ (Accuracy): AR TN IR 6 ORE ARSI S S AR BRI L, BT BV B A AR 2 S R

TP+TN
TP+TN+FP+FN

2) FEHhE (Precision): P A # IR & BIREA h, SEBRICIE AR S REA R EL B o

Accuracy =

Precision =
TP+FP
3) AlrlZ(Recall): AT A b AR S IFEAH, WA TR R 50 R LL, Sl 7 RBERUG IERE A
HIUR R
Recall =
TP+FN
4) F1 734 (Fa-Score): KR AIA R FIAAF 5L, BRUE LSRG WAL AE IE SAOFE A 7340 1 R B4 1
fEo

y Precision x Recall

Precision + Recall
FIRAK T, TP (True Positive)fCF FTRHM:, BPHRAL IE A B A 5 IR FEAEG TN (True Negative) {83
FERAME, BB IER TN A AE T IR S REASL; FP (False Positive)fXFRARFH M, BIgHIRH A IR E AEN IR &

1=
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FEAZL; FN (False Negative) XA BH M, BEABE R 750 H 1 S s A IR 5 FE A4
3.4. ML SLER S

AT B AEAS SCHRE I A0 R AR B X 2% (HRFP-Net) 7E i R T IR BT &5 L BB St S, A7
ATFH) Tooth-Marked 4 FREAT 7 AT (6] ELSES6 . ARSRIRIE N 1 4 FhE EME 4 FE HLAT AR 1)
F AR Ry FE 2R (Baseline), CL4E 1% G5 (1) IR FE G AR PP 242 9 2% (ResNet-101 [12]+ Inception_V3[13]). T H
FERJIWLHIIALSE Transformer(Swin-T) [14], PSR K$E H 1 —F45 & CNN 5 Transformer [5G 3HE
G L[15]0 ERERITEMNRER b BAR VRS Fadsxt b4 Rk 2 Fow.

Table 2. Performance comparison of different models on the Tooth-Marked dataset (%)

52 2. TEHRBIZE Tooth-Marked H3EEE HHOMEREXTEE (%)

WaReNL T ¥ 1 % (Precision) 4[5 Z (Recall) F1 44 A % (Accuracy)
ResNet-101 89.12 87.97 88.54 88.78
Inception_V3 92.60 90.32 91.44 91.34
Swin-T 91.88 91.81 91.84 91.98
SCHR[L5] 1% 93.43 93.15 93.28 93.61
HRFP-Net (4 3L J71) 97.06 90.00 93.40 94.42

I 2 SEEHAE RN AT, DA LR Z

B, T HEAWRIEMS)ZH 1 ResNet-101 F1 Inception_V3, A HEHI) HRFP-Net 7£ % Ti4i &
fabr LI9HUS T RERTE, WERRIE R T 94.42%, Fi 030 F] 93.40%. X 45 B S EDE T ARSI
OB EARUIRIX R “ R NIRRT B, ARG MIRE SRR 2 BN 2 O FIR-E T
KFE, FEOCHEMD M N REY S P E R R R . ARSCR A B 1R 1 (Barly-Exit) WL B R T
KGR R4 02 5 HE 3 RRAE, M SE BB B i 1 5 1R T 2 R A8 X 3

Fok, SRR AR B SCHOBIR Swin-T B84 LR SCHR[15] TR & 25 FH L, HRFP-Net AR (R #f
TR TEREIL S . CHAEE R, AT LIRS 1 2 (Precision) myik 97.06%, LAZEX L34 805 T
XA . AR RS i R RS R Ty “ IR I R E AT SR, A R TR (iR
CYRRAEMSR . EilRRP R HIg s, X —m BB RE LR SRR A, Re A R0k G iRk
YA R LB O EE A

LEERAE, AN HRFP-Net 537 7 HER IR 2 W4 (105 FUEER,  DLUSE IR a7 1 25 440 L s 20 R R AE
TREE S, AMUPEAC TR R TUREE, IESRIL 7 AR 73 2R RE, 7840 B0iE [ R R R IR
Oy ARG IS S R B .

3.5. iHRISCIE 5 34R

9 VRN A ST 0 HRFP-Net o Lo LI (W24 BT 5 2 6 2 SR 7 A A it
TR RS . K E A5 T =R 4 AR U1 2 (Stage 2. Stage 3. Stage 4)LA
JPFEEEILAL /77 (GAP . GMP)RHEUIL e 5y JEHEREIRU I . Ik SC S0 PP VA 25 S 2 3

MR 3 Y MR OB S IATLE, T DL U B 7 AL 16

1) IR Stage 3 7R (RRHO B V05 5
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IR 28R JEE B2 LR SE R AR o AR G0 SR LR AR 7Y (Stage 4) K 22 WK T SRFE S BUL SN A i 5 T, A7
TEVERENASN. [z, M FH1I8 SR (Stage 2) LA W = 7 Hi e, (HIRBOZHY 518 LR AEIA 2, TiEX
P IEE AR S BSURA, F kS 70.24%. M2 R, AL Stage 3 ST A SEEL MY S
VB SRR (35 4 P47, 7E1R B GAP RS R B i1 92.38%0K T1 4 95.96%, IF ] 1 {4 85 1% 2 = 70 RRAE ()
B,

2) ZFARAFEM: GMP HLHIHE 45 R R A i

KH GAP I I 7 [8] 247y 86.36%, X KA T4 5 4 W Hamas ik RS SRR T F i 1E
WA S, SERMRAIRE . MASH Stage 3+ GMP HE&(TE5), AR EARM T “aAIE{ER
TS, ] Do 28 st ~P 0 0 75 B B 0 S o BB DX 3l SRS AN AR T 93.40% I e a1 Fa 7348
HAERE 2R =ik 97.06% 0 R, K BUBEE (7 [9156) B 3E 32 7 & 90.00%, 7843 iERH T GMP J& Ab# 2K
AR 55 (1 S e

Table 3. Ablation study on core mechanisms of HRFP-Net (%)
Fz 3. HRFP-Net #2 DAL H AL SEI6 14 REXTEE (%)

A5 44 (Model Variant) HEH 28 (Acc) F 1122 (Prec) A 7% (Rec) F1 2351 AUC

1) Baseline (Stage 4 + GAP) 91.63 92.38 88.18 90.23 96.00

2) Baseline (Stage 4 + GMP) 92.03 94.12 87.27 90.57 96.81

3) Early-Exit (Stage 2 + GAP) 75.70 75.79 65.45 70.24 80.37

4) HRFP-Net (Stage 3 + GAP) 92.43 95.96 86.36 90.91 97.49

5) HRFP-Net (Stage 3 + GMP) [Ours] 94.42 97.06 90.00 9340 9773
4. gEig

ASCE R HIR T IR A A G TS D IR ZE A TS 7 WS 5 2 B I A AR B ), 32 H
Tl A R AE R B ) 45 (HRFP-Net) o 38 it 75 2 5 (61T I 25 (ConvNeXt-Tiny) % 2 51 A - HIE H (Early-
EXit) WL 345 & 42 7 S ORI AL (GMP), B R Th i85 P 1 5, K HERUE T R AR . 7E Tooth-
Marked £# 45 _F 152563 ], HRFP-Net IARAR I P48 TUAR B T 94.42% I HERfH R F =ik 97.06% 10 HS H
o MR RS 2 AR T e R GH B2 T 0112 KU, TIEBR T 12 R AR SR AR 1R ) ) Lk
B,

Kk, BATRFE— DY 782 P OBHRE IR RTE G 2O IR 584 Rz R, HRRE %
EEW SIEERE” RMOT B RRAE . U S A RO S SARIER R . kb, 158 TR AT
HIFE, HRFP-Net Al HLIE /08 TEHE QR T B4, b R 2 SO A2 B WAL A2 32 A U] S mT 4T 154 e
ST
I

AW FCHTE Y Tooth-Marked & R EHEE A KIET Kaggle V& MIATF ol FHEWRE . ZHIRELE L
FERAT SR, O BRI T TS I E A SRR, SEARERR T ATA AT Re U B AN A
SO BURE B (EE4 . FE . BER TR BRSNS IS . AW U RS SRR IR AN AT ]
B AR T TS, 7R IR I B PR RL i XU o BIF 90 4 ok R ™ K S8 AH DS R B 2 5 N T8 Re RIS R
G
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