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Abstract

As one of the most fatal malignant tumors globally, the early and accurate classification of skin can-
cer is crucial for clinical auxiliary diagnosis and treatment. To address the challenges of insufficient
multi-scale feature capture and inadequate focus on discriminative fine-grained lesions in existing
convolutional neural networks when processing skin lesion images with variable morphologies and
sizes, this paper proposes an improved deep learning classification framework integrating hierar-
chical context aggregation and multi-kernel feature collaborative learning. First, targeting the
multi-scale characteristics of lesion regions, a Hierarchical Context Aggregation Module (HCAM) is
designed to dynamically extract and fuse cross-scale global context features through spatial pyra-
mid aggregation and depthwise refinement mechanisms. Second, a Multi-Kernel Feature Fusion
Module (MKFFM) is constructed, which utilizes multi-branch parallel depthwise separable convo-
lutions with increasing receptive fields (from 1 x 1 to 7 x 7) to adaptively capture local texture fea-
tures at different scales, breaking through the limitations of single convolution kernel information
extraction. Furthermore, this paper introduces a global-local dual-branch feature aggregation mech-
anism guided by spatial attention, and combined with the CutMix mixed data augmentation strategy
during the training phase, it effectively suppresses the interference of complex skin backgrounds
and significantly enhances the generalization ability and robustness of the model under data imbal-
ance and small-sample scenarios. The five-fold cross-validation experimental results based on pub-
lic datasets such as ISIC 2018 demonstrate that the proposed model significantly improves the clas-
sification accuracy and F1-score of various skin lesions, providing a highly robust and interpretable
technical solution for computer-aided dermatology diagnosis.
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AR, B R R A R A Bk TS, O™ R N S i i R R A 3L P )
21 HEgEih, REAER EIPE FBRIL T AN EGEIT 10,000 . IRRBFERY], KIKEHESERS
Hpizhr BEsUIARR, 25 RedE B WURIUIF Kb AT Ik DIER, 88 B T ARG R AT ik 95% (2] fEH M
ImARAE L, AT TAAE QI I, @ F AR RATE TBG M BREL[3] (Dermoscopy) A N —
FHIEQDE AR AR A, BENE I B SRR AR T SR e, A 2 A 35 WL 4% 8 2R B IR AR (I OW 454 5 31 00
A, SOy R A RO I E BT B AR, AR R RO AR TS . S0 (A EAFAEAR
AL AU CR IR Z 57 /), LRI AEA AR BER ILS 57 GE N Z 5 K), AR GEIRME B R A=
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FATSH, BT T B R 3 AR (5], 7R KRR MG R A, 3B 2% ) (Transfer Learning)id i fll i Tt
WA SH, AR T B2 B EARE M S K I SRR 6], B0, Gu 25718 1 H T84k 5 o
WAHAT % 17775, MAE ImageNet b TR ZR 76 4 Mo B IR FE B R I 25 73 K384 s Celebi 55 A2
7 EE T MR AL B 73 2 T7VE(8], AR PR L B A BR 18 A 0 B JHos BRAG  70 AS R X3, R S A
SCREFENL9]73 3o AZTTIEAEPREA KA TS T — @ RCR, (ERBT L3R, FIERBOS R E 3
Ballerni 5[ 10]J045 & KNN 7p 28 880 AL 00 (0 . B ARAEREAT & LA BE, 7E 5 8% W3 Wi i) R
TS TR 74% IR T

S IR B 55 2] J5 AT B2 Wr b AT 1 B Jig, (B3 I DA T PR IR Bk SR e AR
RIEZ AN BRI AL B e o B 22 5 EOK, A48 CNIN SR B — [ 58 R B AR, S BLIRT I S
JBAR R T 28 1) 4 Jay 5 460 5 /N JRUBE 9 A 1 Jey B A BE SRR AIE s HLIRR B St 5 B . e IR
PHEASER. UE. MESEREYT MRS, HREOSAA 2 ZSARINRE, FBHEERE SR
HUTE R S TR s 55 A2 I PR AR (00 P P o 300 S o SR S0 g (Bt R R AR i D T R
PR AR (IR, IMEAEIREN S B R I N U5 .

Xt BB, ASCHRE T ML NS B BT S Z2FIE LG Y M 4 (Hierarchical Context and
Multi-kernel Feature Fusion Networks, HCMFNet). 1% /7% LA EfficientNetV2-S i W%, Hil5I AL R
JERFESZ AR SRR U], BB IR T 7R 5 A% BB 10 LR ) S A RE T, R BB R GRS i
%4> A AKIEC. BCC. BKL. DF. MEL. NV. VASC tkZ.

2. XTI 1E
2.1. PR

DL EfflcientNetV2-S fA g JERt, 2304 H T HCMFNet A58 S St je 8% (10 70 2RAT 55, HRI28 454
wmE 1 R . M EERRHEIRICE T4, 42 BT SCRGBRIHCAM) . 28 RHE b & b
(MKFFM). £ T2 AR 1A R - R0 30 A B DL K 4y 2548 (Classifier) FLMZ 03B 73 4R . A5
S5 )2 B S ZAXRRHIE Rl G I 2% (HCMFNet) & K TJII 251 EfficientNetV2-S S UK ZE SURF
e, B JEiE s 2 B R SCRABRPHCAM) S 2 A% RFHERL & B (MKFFM) 23 53l SE 3L RUBE 42 J) bR S03k
W52 R RS SR ko ERFERLA PN B, MR T A - JRERUs SC 2R, R 25 a0 i Y
P T S P SR AR VE A AR AE R IE, B G S M 2 AERHEE NS 2R E . fEH A
J% Dropout ZEHJ17325%%, SEBINT AKIEC. BCC 2513 Bz JHims A2 (ks e 225

Hierarchical Context Multi-Kernel Feature
—>»  Aggregation Module —» Fusion Module
(HCAM) (MKFFM)

Classifier
(Linear+BN+GELU+
Linear)

Input Image ] EfficientNetV2-S
384x384 (Backbone)

Figure 1. Overall architecture diagram of HCMFNet
B 1. HCMFNet Bk 4515

22. P EETXEAER

BB PG h B A GRS AE R L B %, HOR AR DX S5 o] Bl e LR AR AR OO B, XAt A
PG IESR O RE A 2 3 BOSRAS RI B 2k . O 1 S vl MR i B M 22 Yo B O TRUA 22 RUBE AR B
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fiE, FETXT Sun ZE[ 113 M & PR AR B E DU ES Chen [12] 848, $2H 722 E I3RS
#i4(Hierarchical Context Aggregation Module, HCAM). 4114 2 frx, HCAM =E B il 557 A Bk k. 17
TR A /2 NS B = (8] 4 715 5 4 2% (Spatial Pyramid Aggregator, SPAYM A ST sk Rl G R A LT
SCHR AR HIIR FE 2 B4 4E 2% (Depthwise Refinement, DR). AH L T KRG 5 51 K& “ PSRN 7 Bk = 4
1B )G BRI M ASPP B, AHEFUT TS Z B R SCRE B (HCAM) & L H B = R A 35
AR 7RG B (SPAVIR & F TR, Jel Rk BIVREE 25 23] 73 9 VYA ST 5 S (6 % D8 T 4
9 ClA), BREA AN, HARar ORI A B I N i AR 23 18] 73 R a3 R 4 2 )5 I 1724 1/4 #0178,
HAEPERFE M NETENA 3 x3 RESRESHEH—LBN)Z, M58 sl A E KR 7P i
TR 1 x 1 BAEBIRYE GELU BUE, 7RI FR RS 80N 1 [F] B 52 30 R =y 0 210 4/ i JE Gtk B SCORBK
fE ALY |, HCAM f£ SPA 22 J5 Jo88 Ik IR FEFIRANLZ(DR), A H 3 x 3 IREBIREXUE 1 <18
ST B SR 22 X 4, 0T 5B 5 I 2 ROBERFEREAT 8 R POE BRI L3R, Bk T 204 )R
T LT3 5 O A2 G 20 15 AR R ) s R T

Spatial Pyramid Aggregator(SPA) Depthwise Refinement(DR)

AdpMax 172

Nearest Up -
Nearest Up
Nearest Up

@ (i o O -

AdpMax 1/4

AdpMax 1/8
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Figure 2. Hierarchical context aggregation module (HCAM)
E 2. 7B ETXRERR

2.2.1. FE&FIER S8 (Spatial Pyramid Aggregator, SPA)

T AR AE B AR TR 23 A B 2 RUERRE . O 17 AN [R) Bz BP SR BB 4 sy B R SOfE B 9Tk i 5
TUAR, SPA HEHURH 18 4 41 5 7 [A) 4 P R AL AR 45 & 1 SR

B, MRARRIEE X, , X, X,, X, I@EE4EESS 5 FA N NMRSLI 53, BN S iETE
BN Clhe WTHE—DNDX X, BEIEFH 3 x 3 FIREE W] 5 B 5 (Depthwise Convolution) PAfx B J5 46 55
HER T RS BFRHE. S TFHR=ADE X,.(ie{l,2,3}) s N T ARAE B S SRR A M IR D8 R M
REHR BTN T AN R 46 R T 1) & B B Ktk (Adaptive Max Pooling), FFRFAE B 73 #2703 RFE 2 JR K]
11722 1/4 A1 1/8. BEJE, X FREEERFHERAT 3 x 3 WA /2B, JFH Y il 484 fE (Nearest
Upsampling) ¥ FFE EIVKE 28 J506 73 HE 3 K/ e iZd B n] | PR

X, =DWConv,,, (X,) (D)

X; = Up(DWConv,.,(AdpMaxPool, , (X,))). i< (12,3} @)

Hrh, DWConv,, (.) FoR 3x3 IREZ R 0 B, AdpMaxPool (.) %o HI& M Kitifl, Up(.) R4l
ERFEERAE . AR RERHERR G, RS 73 S H A I TE 48 52 b 3E4T $f 4% (Concatenation), Jfil
o1 x 1 BRELIEEENRRSERRAEKS. BE, £ GELU BuG R, I ikzidEs
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(Residual Connection) 5 R4 A X AHIN, 152 SPA B )%t :

Yyps = X +8(Conv,, (Concat ([ x;, X, X3, x3]))) 3)
b, Concat (.) R ERIE, 5(.) %7 GELU U R

2.2.2. FERIEMLEE (Depthwise Refinement, DR)

HIR SPA BLHUE MU R I 142 R 2 ROBERFAE, 5 R k8% BRI oo b P 0 S 0 A7 AE R A AL HLT A
7S (B S5H o g 11— A2 38 0 e 2 (B ) AR AR g, R S et ] A S48 3R 1) 1 = 38 B R SCER &R
AILAE SPA Z Ja 5IN T IR B4 b 23 (DR).

DR B = B3 i Ry 50 SRR B L AL Sl SR R 484 o i B A B, AR eI Y,
FARIRE L —A 3 x 3 BIIRE AT o B BRI AELL R 1 x 138 5545 (Pointwise Convolution). V% 1] 4}
B9 AR R 08 £ DR 7 (B ARF AR AR DML I (R B ORR AT SR, TSRAEM IR 1 x 1 BARZ B ) GELU B iR
BN 7R E A R LR Rk RE T, BRI F R R UE R . e, i s E R Ak
JE FHE S RS

Y, =Yg, +Conv,, (PWConVlxl (DWConv,, (Y, ))) 4)

i3 SPA 5 DR MIZIBREE ), HCAM BEHAMUBE 86 W LRI AL 10 2 RE 2 /TR, B REAEY
WA AR 2R R RSO 5, AT 9 Ja SRR BB AR R 1E 73 SRR At 1 58 BRI Y 1R STRFAE

2.3. SRR SRIR

BRI ke G P A 2RI R E Z R, HIAGRASAMN . £ G e — RST SR AE DL
() B 4R R A P R A OUL 0 1 (B R P 48 TN B A L) AN 4 Ry 5 W 5 A (L AR AN R R P R THIRR
Bf). GoogLeNet[13]ilid 5] N Inception FEHLSLIL 2 REEFFEFEAG, A FR ST FIGREAE R G,
RAETH T ML RS 2 R E B RIFRERE T, FENCRHRC T S8 E . RIA ORI T 2R G
BEHL(Multi-Kernel Feature Fusion Module, MKFFM). #8047 51 N 2 PRS2 B IR FE AT 70 G AR,
EANERBEASHERNTR T, K7 2 REZ AR B Mg IS s . MKFFM B R S5 8
Kl 3 iz . ALSEIH Inception B EARIEIE IF4T 24y SOOI 7 2 REERMIESRIL, (HHRAPRESIZ, £
WK Z 2SR SHENTEE2RIEAEK, HamER S TR S i bl & 8 18 [ 5 ) 1 R TR VE
(Inter-channel Interference). 52 #HLG, A& THI MKFFM BERAER 7 AT 7% G0l : H5RiE
TE R SR A B IER, BT E Tl IE I 51 V) 55 (C/4) SRS , 4R AE 2% (8] ff s B Sz DY AN AT 40 32,
R4 YR IR FE ] 4925 45 8 (Depthwise Separable Convolution). IXfH453 X118 5 x5 F1 7 x 7 BRI
52 553 SCRE S DASRAR 1) v S AR il SRR AR R RBE R B (1 NV MEL) ) WS BRI, 0% 1 82—
ZARHUE BRI . B, 76870 3 2 BIER G B ERIE s B (PWConv) 5 GELU WUE k£, 5& 4785
HIE AR LM H S S AR B o . XA R THAE SE B 2 R 2 4EHOR S OB [F] I, A EE
$ Inception REfE 2 A0 kB b B A EEARRT LTS S S (OB I AL 8k, RIRS T TR SR+
P X SRR 2 S BRAFAE 1R 4 0 e

X T4 8 N RE B X e RO, O 7 BRAR TS0 53 2% o SRR A W0 48 2% o) Z AL I RRIE R IE, 8
Fef I NFHEN B IELE S SV 0 4 DMFRMEE: X, X,, X,. X,, BATFRHEEREESC
C/4.

B/, X 4 ADTHRAE B AE NI FAT BRSO 75BN A REE ) B R E R,
DU 243 R T RS A 1 x 10 3 x 30 5 x 5 f1 7 x 7 IR 5 A4 (Depthwise Convolution, DWConv).
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RIEGARE SN RIS ST g7 R A8, AORIERD 7 S50, A %0k 5 1 AN R 8 IE 5 S
B, EREGIRZ G, B3N 1 x 1 1Z 5 &R (Pointwise Convolution, PWConv) LA SEH]
IS RS B, R KE S #EE 0 — 1k (Batch Normalization, BN)All GELU & B £ LA sRAE LR MR
KR ST. DA SCHRFAE AR #ie o 75 53 0] FH 2N (5)~(8) T

—» DWConvixl [— Convixl —» BN [—» GELU [—

— DWConv3x3 — Convlxl —> BN — GELU [—

Input Feature Map(x) }7 —@&pnoat——» Conv 1x1 b

—» DW Conv5xS [—» Convixl —» BN —» GELU [—

“—» DW Conv7x7 —» Convlxl —» BN |[—» GELU [—

Figure 3. Multi-kernel feature fusion module (MKFFM)
3. SIRHFHER SRR

Y = 5(ﬁ(PWConVM (DWConvM(X)))) )
Y, = 5( B(PWConv,,, (DWConv, (. )))) (6)
Y, = 8(p(PWConv,, (DWConvy 4 (,))) %
Y, =5(p(PWConv, , (DWConv,,, (X,)))) (8)

Hrh, DWConv,,, () BRGEZL KN kxk FIREER, B() FonitEH—L#E, () FR GELU i
THRE. FEERMR, 301 T 1< DRSS B T OREREE RE RS, 43 2 3. 4
43 1 ST R RS . SRR R LA R A R I A 15 B

FEIAT 2 R RFESR IS U /ln“lm/\ﬁj\iﬁ’ﬂ’%uHz'é?:?%Eﬁiﬁéﬁgiiﬁﬁﬁ%@oncatenation) W
ZIFAR CAMEE. Oy TRk G A R B R IEBE T IR B R &, BIHCRH T — 4 1< 1 IR &
(Feature Aggregation)d Hf 4% /5 FIRHIE AT IBE L FE AR G WG, 9 1 Bk SRy R (16 BT
KSR B R IR RS B, SIN TR, KRG EIRES FIAMA X A, 153 H s
iﬁtﬂ:

Y, = X +Conv,, (Concat([¥,,%,,,,%,])) 9)
5 LRTk, MKFFM MR FDEEYR 5 15 2 AT S (AFAR A Rl i [ AeF SHe 0 B2 Jok 5 P o e
SRR SRR IEE, MR- T T W48 0] 5 44 HL 2545 B s b IR 10T e
2.4. LAY
TE B W R IR PR R R v, % 2 e JHRT 28 1) R 6 22 S B R (B s BRERE AR AR 22, 17 B R 2 498
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o LB 75 AR REAS AR He AR 20 o X Fh-K 4941 (Long-tailed Distribution)Fl ™ 2 {2 5l AN V-4 1] B, i 154% S i
RAENZRIN B S 2 BT, TN 2D B0 e 28 ) R BBURR B2 R P R, AR SC MR Ak 2 il
SR RN AN 4E R R AT T ERE AL, St T B EE T A BE LR A (Weighted Random Sampling) 5
CutMix [ 1478 & 157 25 1 [5] 1 DL AL SR

24.1. BT AR MR A
T WARAS EH BRI S AT 80k 453 2K R 000 152 O S T BT, AR SCHE B B B L 1 M9
o ISR T S I FEA BEL R IR R Bl AR, Hr AR ON:
1
W= max(Ni,l)

Horr, W ROREE | KRR REAR BN RAEAE N, AR IR 280 IR A a4

BE 5 A I ZREE BEAT A TR IR ANA BE LR AE o 31X — SREWE ] I 2% 7E 4 — NI ZRath R (Mini-
batch) F#RERR T « 78 /0 MU S B HERAE A . H T4 AR 280 23 A0 o T34, BERER AL 7T B
B R FIARHE ) 2 3 2538 X35 2% (Cross-Entropy Loss), JG i #4151 N & A= 45 A FE I . b 58 SO 2%
JE XN

(10)

l@E(ﬁ,y)==—Z;J@10g(ﬁc) (11)

Hep, CRNFENEEL  y, NSRRGSR E, D, Ty 2% 4 ) B

2.4.2. BT CutMix BYIEN LRk HiE
B2 RGBSR B A B RIR Y, EEMSE SN G N T (2 1L R
77, FEAE L T ] (1 23 18] X 3R 2 ) B A AR, ASCE N R A2 5l N T 2T CutMix
(AR 38 R 5 B Ok R AR . ARV B, B TN BRMR S T BN R 28 (R SRR AE, A
RV 2B R ANREFT B — 58 O P, T RARBE BHE M AL G 2 M — PGk . AURE
A I BB R R L, 58 A
Lo = Aoy (7,5,)+(1=2) Ly (954) (12)

P ORERDG BHEE R A TR o JE DA E AR R SN, ANOUH RO AR 1A R S e
JRI S B — R AIE (0 Tk FEE AR, 33 i A B 28 K PR 25 (Soft Labels)f Tt 17 M 2% P 5814 S 1T IR 2 5 B Mt

2.4.3. RENHI SEZERRERI S X L R R I E PR S

FE DN B2 A PG ™ B (KRR A AT I, AT U4 Hais n 2B B iy B ke 4% 1 400 2 i 1 BBt LR
(Weighted Random Sampling)H/Li, 1 JF 592 )2 [ B N5 25 2R £ (40 Class-Weighted CE)o iX— i3 %
1E T 5EJZ AR I N AT BB E TR B EE,  TEIIZRW AR 5 51 Rk It JEl B 38k 50 A A 5
NSRRI, 7] It 2 AE R 22 5288 9 18 SR E AT ) 95 HC e AR SRR AR (V2 AT s T IR B AL R A
FaE M@ ZNINMTI) mini-batch BEESIR, AEFRHESS ORI 2R IRBE BE R SEIN-~F18 H AR . AR, iZRAENL
Hl5 INZR 5I N CutMix Ho8f 3 58 A7 76 525 B R R P R ROR: # BLRAE G K R 8 E R A CutMix,
H T 2 BRI RE R A, AR BRURTR & BUR 48 K 2 B0f RN 2 BRI o Rt ek
FEF-1f mini-batch 5, CutMix RE88 KIER N “ ¥/ D (U0 MEL. AKIEC) 0 51l #4993 Job B R 3 7] Rk i
BE2HIFE IR S BIMEER, XSRS 2% 2 2 1 B A0 5 TS HER S R HER AR i 4, ik
T I AR RO 2R (1) bR A5 (Soft Labels) A 20T 17 v BEAH LSS AR I PR P S 5, Sl 1 #2405
B SR RANFAT I DU HR I 7
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3. XWE o
3.1. SCEAEREE

ARSI Sy windows BR1E R4, £ AMD R9-7945HX 4bFE 2571 NVIDIA GeForce RTX 4060 (8 GB
BADI R AT, (EF Pytorch HEZL. WL ZRAIHLIA /N Batch Size) BN 16, EillZE%
(Epochs) W€ A 50, TR VEAl 45 SR 10 ™8 Ve 5 W, AR S0 A% 18 5 5 H7 28 X GIE(Stratified 5-Fold
Cross-Validation)#Lifill, &I/ BN (REF T 5 28R M B LLF], B2 B M PERE PR EL 5 Ut gs i)
SIS o AT AL 2 3% P B RIS (1) AdamW S35k, HI4G2 31 R 8EE N, B 2 (Weight Decay)
RECEE N 1x107 . [FIR, RHRTLIE K5 3] I FE K #S (CosineAnnealingLR), #iz/N23 2] R N BN
1107, DABE BRI TR IR JE IR N R de it . 532K R BICR: F AR HE I 28 A 45 2K (Cross-Entropy Loss).
3.2. BIEENR

AR SR 1SIC2018 $24E ) HAM10000 #454E[15]. Wide | fon, ZEHRAEM S 10015 KA IR
b (s BV R S5 AR BRI B R B R, SRR RS 7 R LR B R R AR R AR ANMRENY)
M FIR(MEL) RYAEMAHEBKL) R MIEBCC) S A J2 b N8 (AKIEC) L i A2
(VASC)5 R Bk 4F 4878 (DF) »

Table 1. Classification and quantity of lesions in the dataset

=1 BIEERESERHE

2SR S L€ i ey i Ei 3 (%)

AKIEC A A A AN _E B A 327 3.27
BCC BL A g 514 5.13
BKL KA A AL 1099 10.97
DF Bz kA 498 115 1.15
MEL BOERE 1113 11.11
NV TR R 6705 66.95
VASC IR=RERTE'S 142 1.42

3.3. TFIEER

TR E B VP A BRI FE 2 IR ALK 4y R R, AR SCi% FH VR VA HE I (Confusion Matrix) A7 AE 1)
Z WM HE T PR PR AT SR G M E . LB SOFMAEIRET, B eI NREFEFER UM EA TR . HIEHI(True
Positive, TP). {i 1E4(False Positive, FP). ¥ f1{5l(True Negative, TN).5 {5 1/l (False Negative, FN). %
I, AR BATR PYAS S8 FiR i R 3 UE AR AR PR A R -

TN 22 (Accuracy ) HEf Z8 AR AU 4 R A 73 2R I G AR IERARE FE, RO IERA 4 SR REAH S FE A 4L
L. ot A X prs:

Accuracy = TP+IN (13)

TP+TN+FP+FN

K551 % (Precision, P)FE B % 5 fE AU TN ARV “ EuERE S 7, RIAERLRL Py S0 D ISR AR A
o, SEPROAIERFEART IR B EA X G)FR:
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TP
TP +FP
H 151 # (Recall, R)H 815 5 fE EALB ARG IERPEA K “ A 4RE )7, RIFEPTA B0 AR IE SRR A
WA IEM TR IER R . IR A @) s :
TP
TP+FN
F1 {E(F1-score) tH Ty 5 H MR EEAFAEM BHIZIHI R R, ASCEIN F1AENE N =& KA1
B, MTERatm BRI KRR . Rl 1E T B AT G I BHa SR, F 1B RE RS 5 72 00 e ok
BRI B S B . B AR RS FR:

Precision =

(14)

Recall =

(15)

Fl-score 2% Pre?c?swn x Recall (16)
Precision + Recall

3.4. SKIGLERINSH

3.4.1. THESELE

N A TH 36 AR A ST R A AL HCMFNet 945 250t A8 3 5 26 #1036 B 28 9 2% (ResNet 5 471
ShuffleNet-V2). F¥i Transformer ZEH4J(Swin-tiny, ViT-Base) A K i & R Bz g AR 4k & 1 15 B4
HH(SOTAERIAE ISIC 2018 £ 45 BT TR xS Lhs s, HAkgh Ransk 2 fon. 78 ISIC 2018 $ifi4E
A B B0 R A, ASCHE H ) HCMFNet AR TEREIL I B3 . H S RHER 2 (Accuracy )ik F] 88.8%, FHER
T3 FH M 4% ResNet50 (82.4%) LA S UL AR 4TI % F# Y Zhang (86.1%)¥75 BHEHETF; [FIRF, FHORGH02 (Pre-
cision) & 90.2%, LRI STFL (85.1%)2F 7 5.1 ANE 4, WiZSULAra xR, B HKE T
HCAM 5 MKFFM R HLE T 5 L S HESE el PR KRR AE D7 T ) bk RE ) fEfT E KR Az
16711 F1 fH(F1-Score) I, HCMFNet 1A 2] 81.8%, SHTHTINARMEA! STFL (81.9%)4b T [F %5 = /K F . X1,
HCMFNet 75.6%11 4 [5] Z0% 3 T STEL (85.2%)F1 CAGNet (78.3%), 31X 2¢ HH 8 ks i 28 10 T TR ZE M KR8
PURN, AR R R TR T 2 SRR AR A B HE A e SR, AR SRK i 2 ST DA — 2P

Table 2. Comparative experimental results on the ISIC2018
= 2. 1SIC2018 FHEEITEL LI LER

Model Accuracy F1-Score Precision Recall
Resnet34 81.7 67.2 69.0 66.8
Resnet50 82.4 70.1 71.3 69.6
Resnet101 81.9 68.7 68.9 69.2
Swin-tiny 80.0 61.9 62.3 62.4

ShuffleNet-V2 80.3 68.9 73.7 66.9
ViT-Base 77.8 56.9 60.9 55.0
CAGNet [16] 85.3 77.9 79.3 78.3
Zhang [17] 86.1 79.5 83.2 76.6
STFL [18] 85.5 81.9 85.1 85.2
HCMFNet 88.8 81.8 90.2 75.6
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3.4.2. JHRRSELS

NHE— AR TR RS e 24 S O 4% 485 W R I R SR O ke, AN I SRR TR E R SOR A
(HCAM). ZHZHFE A BEL(MKFFM).  CutMix 34 8 55 5 ms DL K 23 [R)3E 2 D A Bl 3% (Spatial Atten-
tion Map)iH AT T RGITH ML b BTN TEHEZE 1A (Baseline, X R EfficientNetV2-S FF
PEEL A JRREAE) I A, SR AE U8 I (Incremental) 1 SR IS AK 20 51N 25 el AL e, 368 Jo f Ll 4% T RE 4
FR(WT Accuracy. Precision. Recall. Fl-score Z5)[{A24k, Al o5 I HRAE B2 R A8 43 8 AF 55 Hh (R B SZ STk
PEIE SR AE . AHOCSEIR 45 ik 3 fR.

Table 3. Overall ablation experimental results
3. BINHRAINLE

EfficientNetV2-S HCAM MKFFFM  Cutmix SPA  Accuracy F1-Score Precision Recall

v 84.9 75.6 86.5 69.5
v v 84.7 76.3 81.9 72.1
v v v 84.6 76.3 84.5 70.5
v v v 4 85.3 77.0 85.2 71.5
v v v 4 v 88.9 81.8 90.1 75.6

FEW R SEE h, LR B (Accuracy84.9%, F1-Score75.6%)Z B Al {H 73 [0l R Aw ik, &5 51 N Bk
Ps, HCAM 5 MKFFM 456 B 1AL RHIE R A BE 715 -7 1 (Precision [HIF+ % 84.5%), T
Cutmix 45 B om 3 — B ARl 7R K72 4L 8 J1(Accuracy 1 85.3%); %%, A1V JI(SPAVR BRI
Wk T BN R YRR R, (E13 58 B Accuracy (88.9%). F1-Score (81.8%). Precision (90.1%)4!
Recall (75.6%) i8R, 7850 UEW] T 2 455 Hein 5] SREWE 78 R JBR I8 A48 73 SRAT 55 v 1) 2 A 285012k o

3.4.3. RiBHEK

A FAEMSLIMREE EVPAS T b G 2 RBERHE J5 e B L o X 2%, 3PS T 88.82% M4k &
e . ] 4 TRIEHE PRSI, SRR ARRAE S Y HRE A 7 R I R AN IRE (N, 0.99) 5 JEC 41
JE(BCC, 0.84) LRI, [FIRtae A 20R 5 KM A% (BKL, 0.78) F1 L& 7 A8 (VASC, 0.71), I8IE T 4>
JZ ERCRAMHCAM) ZAZHFHERL A (MKFFM) L 23 83 55 7 ML 75 Jl B8 GBI A ARRAE T THI 19 2850k
SR, SR NZR 51N T A BE AL R A SR R AR R AP, /D E 17 2 B RS Y iR A - AR SR A7
fE. BRI S, ARV GRS LR & B0 I PRAR B8, R0 43 M4 8 0 (Rl RTR VB AR, R
M FL T 5] NAHRLEE R RT LG 2% 2] B PR GBI AT 2SRl G, DAE— 20 S0 v B AR AL B JBks 738 4 53]
e

4. &g

o) R A B i AR T A 5 % BRI BEAS A I R PR AR, AR T8 7 —F ik T 2 ROBEAFAE
BG5S R B L GRS EfficientNetV2 S 20 RAL . sl QI L S N 702 B R SCRE B
P(HCAM) 5 Z R FFHIE RS BLHL(MKFFM), W28 832 BUFRL & 1tk 4 /R 2 R BB & FE,
ZE[A)E = LR AN A AR A A RE S B A TG 0T ¢, KSR AR IR MO R B I Ve SRR AiE . L4,
SEETRE ARG . CutMix JRA HE DL LS T AR R 1 IR BB AL R A (Weighted Random Sampler),
AT AEAE WX 2% i B o Y SR P D 2 T KR A ORI “ 2B T . R T A8 SURAIE 5
SEMRREE VAL R, S TR R R T FRCR R, BRI T &% B R AR 1 o R R 5 iz 4k
Ae 7, R PR Rz JERJes 1 S 3 0 2 5 8 e A B2 W (CAD)BRAIE T —Fh s &k, mTSE R 7 %o
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Test Confusion Matrix (Acc: 0.8882)
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