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Abstract: As the most lethal type of skin cancer, early and accurate diagnosis of melanoma is essential to improve the survival
rate of patients. In recent years, deep learning technology has shown great potential in the field of melanoma classification
and diagnosis, providing new technical support for clinical diagnosis. This paper systematically reviews the research progress of
deep learning in melanoma classification, focusing on the technical evolution and clinical application of core methods
such as convolutional neural networks, Transformers, generative adversarial networks and recurrent neural networks. Firstly, the
characteristics of authoritative datasets such as HAM10000, ISIC, and PH? and their value in algorithm development are
summarized, and the preprocessing methods and enhancement strategies of different datasets are analyzed in detail, which
provides a high-quality data basis for model training. Secondly, the improvement strategies of different deep learning models
are deeply analyzed, including network architecture optimization, multimodal feature fusion, and data imbalance processing.

In addition, the role of multiple learning strategies such as transfer learning and ensemble learning in improving model
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performance is also discussed. Finally, the limitations of current technology are summarized, and future research directions are

prospected, including the application prospects of multimodal large models, federated learning and lightweight technology.

Key words: melanoma; deep learning; convolutional neural networks; Transformer; transfer learning
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Table 2 Key features of commonly used datasets for melanoma classification
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35% , H AT 3 28 S A Ve B R PR TR SRR FR 2 2]
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3 o e T MR P AR Bl A AR 7R 5 %, 7 1S1C2020
s AT 2 A PR B R PR T 40% , W]
1 /& HIPAA (health insurance portability and accountability
act) B AL BR . TR AL AR I T, Uddin %5 N3¢t
) MobileFed HE Z K J1 11 72 1 5 10 B 4 AL 45 5, £l
MobileNetV2 7E 5 2% B2 7 5 2 AU RIS JEE 3K 22 FPS, H.
Kot 3 vy B, 2988 11 R 591 F1-score f# 7 0.87, X BLHF5T
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TER BRI . UK, SR TR 27 S HE SR S B R 7 AL
071N ey W O el S N T 7 A w7 L
1) 22 BRG] ), B IRR
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SRR AL T X A RRE TR R ), AR AR A G 5] 2
FR . SEER R 2RI AR 2R 7 2 Y o 2R
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S AR IR W) Clark 1T 2% A1 Clark 1T 25 53 2 i
BRI B, Fl-score M 0.72 #2155 0.85,
222 RABSEIL S RHHUINZRR G

RNN 7 28 (A 255 18 500 b i U 2R AL A
RUPERE A OCHEIATY WS E TR X B0 BEAN R B
AR T Z MO 75 . Divya BTN &
HYR AL SR Rl T 5 AU R B E AT A AL SR
W 3 S AL AE A AR RE B A R R ) 2% 2, 7 PHY
I B EE 2B T 91.16% 1Y HERR K, 7] I i 455 1 )i
SGREFET 40% . Ma %8 N WEEH T XU A 2 2 3
P2 2 T A58 B [P 50 728 . TR & ik
(I B 50 3 B v AL BT AP AEA 2, T %)
Brl 25 FIEK A 2% > fill A RNN, BE [R] B 37F 47 i 2 (B 4 4
o HALES5

AR O sR AL AL 5 R TR B ) I ] gt i —
AAHES) T RNNAER AR /2K P RESE T . Monica
BASOBR Y T —Fh btk i T 142 0 5 57T (gated recurrent
unit, GRU) #E 8 , 5% | Swish-ReLU #47% R B R 15 48
1) tanh 1 sigmoid PR, A7 R G il 1 BB BETH 2R 0], [m] iy
4k & ResNeXt101 ., Xception £l InceptionV3 45 Fiil i)l Zk
CNN BLAS R B 2 CRHIE , 7 1S1C2020 F1 HAM10000



Hh | &N

2622 Journal of Frontiers of Computer Science and Technology i+ ENEFEEHR

2025, 19(10)

Pl2 AR5y )2t RNN BBy 1
Fig.2 Architecture of bi-directional hierarchical RNN model
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A S AR A% - R BB LA S ek 0 2B 2 REML A 42 T
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TR 1Y) GRU S 4 T A 84T PRI BSCRIVRFAE B2 B 24 i
AL T HRRAE 22 2 3 B . AR FE T it — 2B 25 & T i AL
PP TEE S RS EIRR A HOAR , 3O e PR
HUZ ARRE 7 I RIS, G 2 4 T P 980 2 25 T (e H
FISHERA I | I PRI SR H B A 5 (038 B S g
2.2.3  BURLAL T AR AR LAY

SRR ZR Y R B T RS R T L A%
5 (1% 35950 Bt 18R] 3 D7 2 A LA 97 B2 5k o & 2% R AIE
Tomasiello AT A "4 H Féy A0, RN A58 7538 20 61 1) 22
ROBE )RS3, ST X5 A8 e 1 o AR o A A st
B AR DR A S e MR 40k 3 st 110K -
WU T2 B ST SN AT Y 2 kAR Ak s
7 S 290 6 8 B 1 R 2 R AR AR 5 K S DU S B
1RBTERE ML RS A . AR ) R R T 45 L T 1T
4 T AR TE TR T L BEAS 35 0 b 2 RN
TE BCN20000-Temporal 455 I B 50 ELE H o 115
TN R M PR €5 2R R 1Y) 43 S T SR B 34 3] 93.4%
2.2.4 B ey B S AR O

RUAEHAS T 35 9, RNN 75 28 (7 2008 3h 28 20 i
HT T A T Rk o e g Y ) R A K 81
AF A8 TSR3 R R - X )25 1 100 250 B, B2
AR A RNN 22t 23 T i 38 BB e, S — A%
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FEXFIR B, , AR AT R H A O 3y 1)«
TR TE AL T P S YR 48 R (1 55 5 AL RNN A2 (R,
It [ SR S FOARML A 2 S5 44 FribE S50 HO2
S ML A I B 5 2% 2 HE SR R A% AP S 3
AARIHTHR T, 523 2 b B s B9 B LR T s B 2 4R R
Transformer-RNN JE & 4484 , 454 Transformer B K B4R
AR E 7 R RNN (I PR RS UL . (A R Y
J& B RNN ST 58 4 AR TS R B AR ARG &l ok i
IR JiEE DNA 5553 2 90 6 sl 5 Wl , 7 B omoas e
1) PR R B A RS PP IR R o X S8 7 1) AN UAT
PR YOS BOARRIN, i T BefE A — AR RE TS
R, B ORI SRR R L
2.3 TERONHUZ (R 3R 0 Jor P i RIRRN

A OO T 26 3 ok HRR LN AL, AR £
R REWIRE T 2R NER R . 5
BIAUAR LY , GAN 7 & 27 [R5 Hr v e 30 E SR f 4 —
7 T BB A= B e o 1 1) 5 L PEMG 2 fi BR A e TR R, 7
— 7 T XN 2 R R A F RE T . Al GAN
ZRRE A= s RO ) g A S A TR R g, Hoh A
i WAL LA A= 38 LAY B DR LR 1 51 g DO
PEFHILHERN ELAH R BE ST o X PP R AR {95 27 1 i
(22T, S A5 25 K 1y 43 2R Asifl
230 HEEZ DU Y Sk 1 B

1R 458 GAN TE I 2 MG Az 1 A7 7 G5 IX R AT
BRI Y IR R . Gowthami AT BN H) ) SAAGAN (self-
attention augmented generative adversarial network ) 1]
PEHAEAE RS A g g L B AL, i B2
FUTE 43 P 2 28 S B X dal . 1204578 /E HAM10000 4%
Pa4E A= WY E14% FID (Frechet inception distance ) 4344
KB 18.7, WEMN TAL G Ik . #E— 2D By Sy o kit
TE-SAAGAN (texture-enhanced self-attention augmented
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generative adversarial network) *if 3 % ] 1Y 20 HL 5 AL
B, i A iR AE S B 53 26 AT 55 vh A R R 42 T 2
98.82%. Il RRUH S50 o , BB JRABEAE X0 £ il ]
1R B HER 2R 53.8% , F23T BEBILAS DU K-, JIE 5K
TR R B S . X AR R A B T
g 161) P S0 5, ol /N AR A I O] 1 U RO 4R T
15.6%,
232 (RAESEIE WA Il Zia etk

GAN VI i A F e 1 A2 il 29 i R 1 FH 9 32 250
B, 7E GAN YN ke A 58 77 1, ARS8 B i
A St DRSS 2 Y5t RIS R 91 2K ) 8P DG BB AR B A
Harini [4] BA "7 $ i 1) SACCGAN (self- attention cycle-
consistent generative adversarial network ) HE 423 i3 5 1
F¥ 38 Ak 5807 (archerfish hunting optimization algorithm ,
AHOA ) B 25 B 451 5% R BB, 72 1SIC2019 Kdli 45 1
SEPUN SR AR U BR > 40% ) [RI s KB 15 4 A %
FERIAE 7% AT o AL AR 5 04 Pp IR i A5 A 7
R, AT R A A R B AR R AR g(x)
glx) , BRERAT R B 25 a(x). alx) , R AAEN
G FAT 55 IR B 99.5% M MR 2, AR kb R
VG B e bR 2 B bR K. Ahmed %5 S 5F
T BER B AL A7 (improved squirrel-based genera-
tive adversarial network , ImSq-GAN) , 7R Jili Chebyshev
WS 5 | AL GErs B il i TR Pl 1 o 4 R & g
77, WG RS, SEE R XA PHO A
G3 BUER I8 96% , 5 B A I ik i A2 8 PEbR i 22 /N T
0.03, Rl fEsi ki G L e BRI

PR LA BAL 3 AHOA TES S MR RACE
T, DI 2k B HE MR R P T 32% 5 1] ImSq-GAN il
IR PRI, 70/ N 4R HAM10000 _E 345 93%
1 F1-score, Sz i TS A & APk . YATIEST B # R
B, FilA A R se L 5 IR NS 1 IR &AL R IE
R T GAN Y ZRFeoE A BOR 1R, I HAE SC i1
BRI RS 5 b B e i — 2D Bk
233 BAT55 Brln] 8 I A IS L

AR TR OB ) i RN H L Zegair T A & 1Y)
5B S A BB M 45 HE 2R (auxiliary classifier genera-
tive adversarial network, ACGAN ) il i1 5| A %l Bl 43 2%
S T AE RS A 2R PREIL AR, 7E 5 000 f5 T SEREEL
PE4E I Fl-score ik 0.93, AL 4 GAN $2 7} 9.4% ., % HK
AU b S 55 40 ) a8 0t 78 R 3G s s T RS
87.56% MR , 2 K 38 Jm R T2 96.46% , k3%
PEF ResNet50 F5fL G fbil

Lakshmi P BA DR FH R AR IR M 25 (deep
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convolutional generative adversarial network, DCGAN)
Al PR R IR BE R, 458 I 5l G ) - Ak ) i AL
HHE 7 27 7 R R AR T2 97.8% , Il i ROC
MRS UE 1 & OSSR AL RE T g s8R .
T AR B ARG PRI IE : ACGAN A B 1497 151 2 ok 40 A
PRI B2 JPR “7 2 2 /R 5 , DCGAN 4 JS 8 i 4k
JRBESFHLI T A REBUEHE T 2 96.5% . AR TiE L 3D
PRBOSHTN R & B 2 i, TR R 5 B PR 2 4L
P SRS, RO FIE RISy T R s R e
SCRE, T B 38 50 251 DCGAN ZEH &l 3 7w .

Fl3 T BE 4085 R DCGAN AL

Fig.3 DCGAN architecture for melanoma classification
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FARMW GG A7 BTN T B AR 19 2 A 258
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2.4 Transformer 7E244 298 0 Jorp i P A 280k
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eI R ZRE I AL B2 W B ARk R, 5
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(AR A IR 2 AN 8 3R 437 A5 DG S W Rk
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803 FIh 16x 16 B P HN I 223K 10 2 bl S
THEIEAR BN SCEE, SR, B ViT N B
“F PG AT P AR, « B 2 5 s e 5 350 0 A5 XU 34
i, DL E R LR B TR TR . X SeRR
PRAEAF 5 TF & T — RGVE X R AR 2 Wi FR b

Transformer 28 {4
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2.4.1 AR S IE TE

UTAFEk , Transformer ZEA4 75 8 (5 394 71 S SUlsl e 2
I L, LSSl e i 2 BRI AE IR A A S 4l
Transformer 224~ H 4 J5 6], Tada 1 BA“JT % 1 BoT
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AEHEHLAE 71 1 Transformer [ 4 Jay EUAR A 3, 3 1o 3 i
SREF=WAL B2 SRV E kTN SRR IS d o ¢
ISIC2019 $dii 4 58 0.91 1 Fl-score, HiAE i (17 2
JIAEE MG RSB T B

5 ik [F] A}, Cirrincione 58 A F 5T 0ESE T 46 ViT
LK 17, R H VIT-Large BE# 7E 1SIC2017 445 46 I
AT 94.8% 11 73 FS HEAf 2%, SR FRe 54 49 S 3k )
0.928 110.967, % ViT-Large 1% /1 3£ F 307 MB 24U 1Y
SRR I A BRSO 16x 16, YINZRA R 4%
5238 K 2] R (W) 4R 1E SE-5) , Bit & RandAugment
Bl S5 bR 8- WAL, 7E 45K A100 GPU _[JfAT
WIZ5 500 %8 , FEIF 29 28 h, e ZAE ISIC2017 M 3046 ik
2| 94 8% MERG R , (HAL I 512x512 [RGB A7 753K ik
16 GB, i i i BB S Re . sl Rty
SRR IE 45878 T VIT 7678 0 50 21 F 3R
23 [H] G R W AERE T, Rn 2 X ks AN 1 5
J i, Z YT IR , X — e 0 35 00 T 58 CNN
D5k (EASTER YIS, VIT X B R BE % b i D i 26
SR EEE  TEAN A A R AR I R EVERE B SN
A AFFE B0 IR A AR A b PR — 4 HLA BB
Tada A1 A XF He B2 56 o, HAR S 19 BoT IR A 444 7E
ISIC2019 ¥4 |- %514 55 ResNet50 2 7F 2.1%1E i %
FEBIAE I S AR P R 51 5 T Fl-score £ /51 4.3%, 1]
AR AT HTIESE , 3 Fh et 32 B8 a8 [ T AL %
R S TIOR S A8 s AL SR A, LA U R] 5 B R
P& A b v B B T G 87% , 4l Transformer ZE 4 $2 Tt
12%. ZTU ST B E RT3 B 3P A 8 o 76 BEAESE
SERPIAROE AL B2 W b R B AR

XS AR GERAHES T A ERE R4 T, BTl i
T 7 RS S AT A Lol 3 R R S it R B T
19% , R I RS2 B R T 52 BTkl A . 4T, 2T ix s
WFFE S Sl il B2 W T2 O F A SEBRR B B, A s
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2.4.2  ZHEEBERTY R

BRI IS WA 5T 52 J P 2R B — KR
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AR TR SRR P 5 5 , S IRG T
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W1k B TR AR SURMIE ; () SRR T
FIWL ST AR ZE -G 1 IR BRI, {81 Gk AS K DU k-
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W
243 JARALFFIESR AL
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SimAM) % £ 3 15 454 Swin Transformer 192 R AL 11
H R SHLE S SimAM FEH Y s S FFF AR 2 AR, 78
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5 EET, Xin 558 42 H (1Y) SkinTrans P 253 11 £
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[#14 Swin-SimAM (¥ 54k W 2% 4 4

Fig.4 Overall network structure of Swin-SimAM

PERGEEERE ST o I PRIOAIE /R | 33 B4 AR i A 70 £ AN )
BRI AUF R AR ) UG L ARFER e T RE , S SR L 2R Y
WA AR S WHR L TR ARE

IR IR A AR R R R AR S B T PR RE R
Tb, 36 5 RGNT T X 4 3 Transformer A5 4404 (1) 1%
THRE S S PERE R I, W] IWLILAE T80 512 Wk 1 ] 512
T A4

#5 Transformer & &30} L

Table 5 Comparison of Transformer hybrid architectures

s HEE SR 181C2019 A HAET
- BLIZEH B/MB Fl-score (5 FH/GB fle®et:
BoT* SIBERERE =W 86 091 62
ViT-Large™  Fpfi2kid® A 307 0.89 168
TS S+ L
Swin-SimAM™” ?im/if/[ /] 145 0.93 94 i

2.4.4 Y BEER S BA e 2

JAETT RS [, Transformer 7E I AR E HAT3 T I
KRG - 120, A B 512x512 B 43 HER RGN, bR A
BN ATk 16 GB L3 M GPU 25 ; Hk,
AR X B 5 B W P S AR A R, AN [ 5 ik ]
e FEE8% I PEREI B0 s 14 , T/ MEAR T = N AR B2
Gyt G .

B0 I BB PR R B 24 D s SR S TR
IR E LG, R R 22BN O ) B
O(n lg n) 5 705 > FRME 12 /D S FE AR PGS BT 55 5 LA
SRR G | S I 257 7 o B 2 e g Al A sE A 48
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4 VAT BT B FRAR 60% 1M AN i 2B 52 i P 6E , A PR SE
A I PR TE B . AR, B -1 5 AR A A R 8
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AT WFFE M, Transformer A4 7 2 S 4R Bl G
rhR I RS T . BN, Chang 58 AT & 1Y RaT £
R ) 8 G R EOGIE 5 R BE A 7E Mel-Spec £l
B ST 99% M HERA 2 ; 1 Zhang 5 A\ — 20 Kk
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PR 2R R BRI A A i A R, S RS 43 28 AUC
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BTN S48 2 2 B30 1) 4 Jry eSS B8 07 , W RE Lk i
T B0 I S IS W ERI Y OCsEE . i, BEBSYIZR
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2T, Transformer ZEF458 13 A 75 S ML SE 84 Ry B
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T ER R ORBNIZE REUER T 18D F 4
FHEA AT R, GBS TTIR 1 32% 1) DS )4
TIEHEJR 1156 em ™ AT 1 520 em™ 42 4 I J5 26 11 R i
ik, 5 PR SRR 14 8 o AT 25 5 U I A o
Il RIS UIE i 7, A58 R G0 1) 5 1AL 2 P BRI 21 (£1.2% )
B E AR T AR S R G (£3.8% ) , UE S H 5 114 1 PR 1
FHE

GAN Jyfift the B2 2 IRHG B A Gl ) LR A4 1 BT
. Gowthami TR Hi ) SAAGAN HEHLAE B B2 fik
B EHSAEXUE M, BT B R R 2 A U3 s 34X
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i AR AR, T2 EREXS LT B BRI 15
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53 55 T Gowthami 55 AP X5 4t A= i 09 265 D) 38 585 %
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RIS UE R AL T F B B BRI UESE TRl 2
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0 IR A I PR EBEXEN 1] I W A HA 1 2 3 3L
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MedCLIP AE S8 15 X6 b2 =9 %6 55 B2 ke B 511 TR SC
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Table 6 Comparison of performance of melanoma classification models based on deep learning
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5 CycleGAN YiEf8"% 2J 45 B npiiliE
Fig.5 Example of CycleGAN combined with transfer learning
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Table 7 Comparison of transfer learning strategies
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K6 BEDLM 44
Fig.6  Architecture of BEDLM
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Table 8 Milestones in evolution of melanoma classification technology
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