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Abstract: To address the issues of feature redundancy and insufficient generalization in Vision Transform-
er (ViT) models for melanoma image classification, we proposed an enhanced model that integrated dy-
namic feature selection and contrastive learning. This approach aimed to improve classification accuracy
and clinical diagnostic efficiency. Specifically, a dynamic feature selection module was introduced, which
adaptively enhanced key features while suppressing redundant information using a learnable weight matrix.
Additionally, the InfoNCE contrastive loss function was incorporated into a multi-objective optimization
framework alongside cross-entropy loss, thereby improving the discrimination of inter-class features. Fur-
thermore, a feature importance guidance mechanism was embedded within the multi-head self-attention
mechanism to achieve collaborative modeling of local details and global semantics. Experimental results on

the ISIC2018 and ISIC2019 datasets demonstrate that the improved model achieves classification accura-
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cies of 83.27% and 80.17% , respectively, surpassing the baseline ViT by 1.83% and 0.49%. Ablation

studies confirm that the dynamic feature selection module reduces computational redundancy by 18.7%,

while contrastive learning increases intra-class feature similarity by 23. 6%. The proposed method signifi-

cantly enhances the recognition capabilities of the ViT model for melanoma, offering superior classification

accuracy and robustness compared to mainstream models. It provides a high-precision, low-redundancy au-

tomated solution for early skin cancer diagnosis, demonstrating significant clinical practical value.
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Fig.1 Block diagram of optimizing vision transformer for melanoma classification
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i=1ye{l,2,C}
Hr, Cl2 om0t .
SV T LAGE 3 A A A i o A G A E
L= Lz + AL poxce. (13)
XA 02— S8, T 75 58 W
1k 5 InfoNCE #1209 5Tk BE o 38 28 P 4> 1 2%
T 55 Y W RE 1 5 0 1w 0 R R A A 57 S 5 S
Br, DA HEAT A6 28 SO 8 RECH[0.5,0. 9], %) 1
]I BB 0. 1,0. 5130 FE N A9 22 4L 4 5
95 45 0 0 P P R R A O 0. 1, BERLTE U
W H PR FELE G YRR AR br ik B B AR
XFPIR A Bl 2% pRBGE T T8 K R A T EHs
Fl— 5 A O AT 55 . 383 5] A InfoNCE
2%, 55U B A A R B b2 ) B I 0 R
27, 7 28 AR 40 2% D) £ A58 B TE P2 0 43 AT
% FMHER Y XA G W E R TR
LB J7, I 3K B0 0w 0 o3 2 e Pk () A BE T
5 43 N TR A RIGE RS

4 MEE5%

4.1 HPEFRIRE

A 5% R 00 B0 42 TR [ TSTC Bk K 2E A
ISIC2018 #% 45 4" 5 ISIC2019 % #& &£ .
ISIC2018 £ 4 A Wk 55 7 28 Bz IR i , 3L 10 015 9K
EIE AL 4E 6 075 5K 24 8 2 4 i MR8 (NV) (1 099
sk R M A A (BKL) | 327 5K Ot 1k ¥ M 1k 9%
(AKIEC) . 142 5§ 1fiL 45 P B2 Bk 28 (VASC) (115
K Bz Bk 27 4988 (DF) 1 113 7% 2B (5 £ 9% (MEL) il
514 ik FLE 4 (BCC) &, BT A 15 ¥k 24
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B B 3, RSP 2 600 pixels X450 pixels.
ISIC2019 B ds B FE P w26 ) B3k AT 797 R, g
2 142 5K fz B B A 4k 9 (SEKDA) B A, Hofl 25 51
FEAS & A T, B FE 9 524 5K NV, 986 ik

BKL .2 480 5k AKIEC .1 000 7% VASC .1 150 3k
DF .8 114 3k MEL #1 3 234 3k BCC B A . 5236
AN BOHE 4E 0 80 % BEAS H T UINR,  Ax
20% FHF I, BAR 3 PO &0 W 1.

£1 ISIC2018F1ISIC2019 £ iE EE IR S 7

Tab.1 Sample distribution of ISIC2018 and ISIC2019 datasets
. ) . BERM RUMEM Ot AR Rk O HERAN R .
AR e i P e ks JiR g 7% i3 ARG M Aitkis Bt
ISIC ylERs 5304 880 262 113 92 890 411 8012
2018 PURENES 1341 219 65 29 23 223 103 2003
ISIC e 7619 789 1984 800 920 6491 2 587 1714 22 904
2019 ML 4R 1905 197 496 200 230 1623 647 428 5726
4.2 SCIGIRIS P —2% Prec%s%on X Recall ’ (16)
S 7E Windows 10 8 /E 2 G5 30 485 F #E 47 . Precision + Recall
K ADAMW 4k 25 #1 GPU Jin s, %) @l & F fiE Precision:TPTi_fFP, (17)
It 16 £ AR A1 InfoNCE 481 K 1y VIT BR 53 S B0 P
HEAT U 2 RO . BRI AR RS 4 T Python3. 9 4 Recall =m0 (18)

L % 4 T Pytorch, Tensorflow2. 0 Fl OpenCV 4
rPERERI . BARSCE SRR 2.

*2 AEMXBSH

Tab.2 Specific experimental parameters

Parameters Numbers
Lr 5’
Epochs 10
Batchsize 32
T 0.1
4.3 iFMHIERR

PEM 48 bR e A 5 R B A ) B AU B O AT R
B SCHE L ZE L O T AT 50 UE AT 2 o R R A
BRI, A SCIHEFIRAR HR AR 00 A 4 L AT T IR A
BT . BARTF AR SCRA T A A VAL 48 A5« 1fE
i % (ACC) FFAIE T £ T A (AUC) (F1 43 %L
(F1-Score) A % (Precision) DA & A 7] 2 (Re-
call) o X 2645 b5 2 [F] A4 B 1 IFAG 455 AL P fig 1) 4
THESE o THE IR AR R

TP+ TN

ACC= )
TP+ FP+ FN+ TN

(14)

1
AUC:J TPR(FPR)dFPR, (15)

0

Forb s TP SRR 1E 8 0 O 1E 28 i AR A K, TN %
71N 1A U Ry 17 28 B AR AS B, FP 3R 7R R Ml T
WA TE 28 AR A B0 BB ), N 36 7 4 152 b T3
W2y 17 2 R A E (BB )

HER R (ACC) E X IE B F0 i i BIG 8K
5 G B A L, U b e YA A T
M MERR R o ARAE MR T AR (AUC) )2 5 i
T WCE R AE R AR i 2k (ROC Curve) N B9 i
TR PYAT 4 206 4% 7 8 1 180 1 5 N i 255 1 g o
ROC #h £& i & #f % & FH $£ % (True Positive
Rate, TPR) 5 & B 4 % (False Positive Rate,
FPR) Z [A] (9 5C 2 , WAk 43 26 4% 16 AN [) 19 {8 T 9
ZEAPERE . F1 280 (Fl-score) fE N R HUE FKS
B B 0 BT B, 4 00 oy Al 1t 53 2 2R MR R Y —
AT AT FE bR . B IEPR E A i % (Preci-
sion, B S50 > 1E 2 09 BE A vh S BR Ry TE 26 19 L A
A 19 R (Recall, BIFSE B Ay 1E 288 B AR AS 45 1E B
FIUIN Ay 0E 2 0 B A ) Y RS X B, A R T
P Z G &R o il it 25 5 is X S P $5 b5
FRATTAT LI A5 7Y g M R R AT 4 07 0 TR, T AR
P R 2 AT 55 0 5 5K, A BT M b R R A Al A Y
Fmg, LIk B mefEvEGE .

4.4 xfLEifse
TEAMIE ST b O i 4 S B Bk A VIT BB 5
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U R S R AR B RN R AT T R . AR
T A2 AE TR AR DL R R [ A R AR
R LR R . AR 3R, AT LAY I
& ) 43 JEAEE R AR R AE 23 0] Hp X R [R) 28 B AR 11
SRR L SR, A5 SN RE AR A A IR 4% L RRAE
DX A3 BEAR s 20 2805, 45 R REAS O BT B Wb 1 2R
FLERY RRAE X o B R S . X BV R R T
TR A 43 AT 55 v (0 A RE AR b o
F3IMEATEL I T A SR AE
ISIC2018 F1 ISIC2019 X 5 A~ 0 £ 1 114 & B
B8 45, B2 F5 ACC, AUC, F1-Score, Precision LA
F Recall, M3 3 v Bl v] LAV B b & 1, FR A7)
P& 1 Rl A R AIE 0 3% B2 R F InfoNCE 451 2K pR %L
R VT BG4 JEBE AL £ 1SIC 2018 245 42
R T R rERE . RIS AL
YE B % ik 83.27%, AUC 1 K 84.11%, F1-
Score 2 82. 130, K5 %8y 83. 16 %4, [A] i 4 ] <

4
PE P
2 g
S2 B
= a4

] .

1 2 3 4
Feature 1 Feature 2
() FEA S EHTREE (OF == ES=p=AE]

(a) Schematic diagram before
sample classification

K3 BEAR g SRR s R

Fig. 3  Schematic diagram before and after sample classification

(b) Schematic diagram after
sample classification

Wik 7 82.07% ., JEAEAEISIC2019 Bdli 4 |,
AR SCAR A A ] R — 48 AR L B AL T SwinT-
SRNet(fi£ 0. 18%) ,fA 4 AUC . #E#i % | F 1-Score
DL RORE B 23X DU AN G S A3 b, AR SCRY B R 2
T AT T AR AL FE A S0 TE T e Y Pk R
I

£R3 AEIEBZAEISIC2018 £ 3B & Ry REEL &

Tab.3 Performance comparison of different models on the ISIC2018 dataset

ACC AUC F1-Score Precision Recall Params FLOPs/ms
ResNet50™ 78.32 79.45 77.90 78.12 77.68 25.6M 6.5
Vggl9™ 76. 85 78.10 76. 20 76.73 75. 68 143.7M 48.5
ResNext™" 79.98 80. 34 79.12 80.00 78.50 37.6M 35.6
Vision-Transformer 81.44 82.13 80.78 81.05 80. 45 86. 1M 17.6
Swin-Transformer'*” 82.35 83.02 81.60 82.14 81.08 88.5M 15.4
WaveFormer 80. 95 81.62 80. 15 80.73 79.68 3. 1M 6.7
MetFormer™” 82.11 82.84 81.40 81.96 80. 85 231.2M 57.4
SwinT-SRNet™" 82.87 83.70 81.92 82.50 81.35 90. 9M 50. 3
Ours 83.27 84.11 82.13 83.16 82.07 89.3M 27.2
x4 TEEBEEISIC2019 HiEE LAY HERE L&
Tab.4 Performance comparison of different models on the ISIC2019 dataset
ACC AUC F1-Score Precision Recall Params FLOPs/ms
ResNet50'! 76.12 74.89 75.68 76.10 74.25 25.6M 6.5
Vggl9™™ 77.45 76. 32 76. 85 77.20 76. 50 143.7M 48.5
ResNext'™" 78.92 77.85 78. 50 79.00 78.10 37. 6M 35.6
Vision-Transformer 79.68 78.75 79.10 79.80 78.55 86. 1M 17.6
Swin-Transformer”” 80.02 79.10 79.65 80. 10 79.20 88.5M 15.4
WaveFormer ! 79.85 78.92 79. 30 80. 00 78.80 3. 1M 6.7
MctFormer"*” 80. 05 79.00 79.70 80. 20 79.25 231.2M 57.4
SwinT-SRNet"™" 80. 10 79.15 79.95 80. 50 79. 30 90. 9M 50.3
Ours 80. 17 79.23 80. 22 81.56 79.12 89.3M 27.2
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R VEAlG T $ A5 D 174 fift R R O R oy SR L
H Grad-CAM 5 R Az it T #4 &, 7R T B84 o
R R ST X B 45 90 R T Wk B ik
9 A8 AR K LT VL ) Grad-CAM #4 A

4R T ARG S H X N B Grad-CAM
R R WL PR 7 i) o AR R A58 56 7 11
DXl (20030 43 ) 5505 7 X3l B S, AR AR R
TEBA RN T AR X, A KRR A B
TIE 7 ASE Y 1) fige R RE ) RN A FEROR .

T A Ll AN RS D A R i B R LB
ik 455 A0 7E S T DX A 25 S, DT DT A R AR (1 fi
BERE 1 Aoy 2R B o r 4 AR A A b e
Xof 5 A8 X35 B4 v B ST IR T H A 4 AT 45
B P AT g

Grad-CAM heatmap

Original image

B4 T Grad-CAM $ A Az B ]
Fig.4 Heat maps are generated using Grad-CAM technology

4.5 HRLLIE

Shy 565 IE T 4 A R AR R O R A Rk L A Vi
sion-Transformer 4 B Al HE Z8 | 76 FR 435 52 56 21 b5 —
MR ETHE T BT A SR R 438 — HEAT I il S
5, PP AT PE R Y B AR . SRR A R AR
TH5MEG6.

™ 5E, % M Vision-Transformer 3 2k #5 A (/€
it F 3¢ U 451 00 ) 4T 52 56, 7F ISIC2018 B4 40 4
A 8144 % M HERR A TE ISIC2019 ¥ 46 £& |
U5 T 79. 68% MIMERE .,

B J5 , 7 S AR 5] A InfoNCE i 2k bR 4L
(IR =2 X+ 1InfoNCE,1=0. 5) , 2> Z i
FAE ISIC2018 FI ISIC2019 ¥4 4 14> W& T+ &
82.15% M179.90% , B UE T Xt kb 2% >J %t FRAF X 43
FE AR AR AR .

T2 A6 DR A R R Rl St R A 07 2 2 g

RS FEISIC2018 ¥ iR &K LK HAKE
Tab.5 Ablation experiments on the ISIC2018 dataset

Fl1-

Model ACC AUC Pre Recall
Score

ViT 81.44 82.13 80.78 81.05 80.45

+InfoNCE 82.15 82.95 81.35 82.00 80.80
+HRETRE  82.73 83.50 81.85 82.65 81.15
Ours 83.27 84.11 82.13 83.16 82.07

&6 FEISIC2019H ¥R LI H ARSI
Tab.6 Ablation experiments on the ISIC2019 dataset

F1-

Model ACC AuUC Pre Recall
Score

ViT 79.68 78.75 79.10 79.80 78.55

+InfoNCE 79.90 79.05 79.85 80.20 79.50
+HFAEGG S 80.05  79.15 80.10 80.80  79.80
Ours 80.17 79.23 80.22 81.56 79.12

(APS AL fift P 22 SUIR A3 2% ), o 0 56 A 7 A 500 4 I
A3 4R TF 2 82.73% M 80. 05 % , & WA 5 5 45 4F
i 398 WY A R OGS B R A

I Ja G R AE O A B 5 InfoNCE 451 2K bR
BBk =& X +InfoNCE) , £ B 7¢
ISIC2018 % 4 4 I ik B 83. 27 % ) i i %, 1F
ISIC2019 #4648 1 W HLAS T 80. 17 %6 1 1 %
TEWT T 45 A6 Ak 5 4 % R 5k i 0 B 1] P8 4.

BT R R A A AR S B B AR
T o JEME R, A SCHRE T — Al A B A RRAE O
5 InfoNCE X} He 5t 2 i itk 2 Vision Transform-
er(VIT)BERY, DUEE T+ 43 JE0G B 55 B0 70 45 s 1k
B F VIT 288, 51T 7 4% AF 8 22 0 B A A
B 2 ak 25 % B2 50 I G B R AIE R Ak 5 0 4
il 5 AL B 51 A 220 B X6 L 2 ) SR, AR Ak 2 ) 4
AEF) S . 78 ISIC2018 5 ISIC2019 ¥4 4 1Y
S I L AR A B R AT BIIA E 83,27 5
80.17%, # 3 £k VIT 2 A & F+ 1.83% 5
0.49% ;¥ AUCE#R T = 84. 11 % (ISIC2018)
5179.23% (ISIC2019) ,F1-Score 43 4] 1% 82. 13%
580.22% , Ki i K 5 A [l F& ¥y f F 32 o A A
(ResNet50, Swin-Transformer 25 ) o 1 filt 22 16 1
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