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Few-shot skin cancer detection based on many-objective optimization

ZHAO Jia-hui*, WEN Jie'-?, CAI Xing-juan*', CUI Zhi-hua'

(1. Shanxi Key Laboratory of Big Data Analysis and Parallel, Taiyuan University of Science and Technology, Taiyuan
030024, China; 2. Shanxi Key Laboratory of Advanced Control and Equipment Intelligence, Taiyuan University of
Science and Technology, Taiyuan 030024, China)

Abstract: Due to the long-tailed distribution characteristics of skin cancer data, quickly identifying rare skin disease
samples with small amounts of data becomes a challenging few-shot problem. The detection method based on
meta-learning can quickly learn meta-knowledge from the majority of common classes skin disease classes and use prior
knowledge to improve the model’s ability to detect rare skin diseases. However, the bias in the quality and distribution
of public skin cancer categories leads to the risk of overfitting in the pre-training phase of meta-learning, and
meta-learning models based on traditional networks struggle to handle fine-grained skin disease problems. Affronting
this issue, a many-objective meta-learning skin cancer detection model is proposed. The proposed model optimizes the
distribution of common classes (base classes) by considering various classification performances of the skin cancer
detection model, thus obtaining quality-enhanced training samples. And it adopts the ResNetl12 network structure
integrated with the CCNet attention model, which can significantly enhance the ability to identify fine-grained skin
lesion images. Additionally,an improved many-objective optimization algorithm with discrete grouping strategy is
designed to efficiently solve the proposed model. Some experiments are conducted on two public medical datasets,
ISCI2018 and Derm7pt. The proposed many-objective skin detection model achieves detection accuracies of 67 %,
79 %, and 82 % respectively on binary classification tasks with 1-shot, 3-shot, and 5-shot learning,which validates the
effectiveness of the model.
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4) p’ = Crossover(P);
5) @ = Mutation(p’);
6) ¥ Q" HIEEANANMASIA Classifier() 5 loss+ FPR. G-mean 1l
kappa;
7 R=PUQ;
8) 7E Rt HARAMATIH—1k;
9) IHHE RPEA HARRIH— AR,
10) THEAEAMBEIRTT RS H LN R E IR,
11)  ((R1, Ra,...) = Fast NondominatedSort( R) (& [Al — %
AR SCACHE P I BEAR S 3R);
12) & R IIEAMERTT RS — ST MR,
13) TEIEN R MBI T A8 BRI
14) fERPIET R E RS T — R P W R P /MR —20;
15) Gen = Gen + 1
16) end while
17) return P

4 ZWEREHEK

N T AIEBA AR SC AT ) SaMOMeta-SkinID #5 7%
FE/NFEAR 5328 DA S AR T 1 Jik g 0305 86 2 BT 1T A
RO, % ISIC2018032) 1 k96 $4# £ A Derm7pt 331 %
PEIEHEAT — R S5, F 0B I e AT A THI VP A,

4.1 REEHIESE

ISIC2018 Fll Derm7pt /& P A~ A 1 1 B2 195 12 31
oy FH A 4R, 1SIC2018 7 10015 5K Ax v 15, i 56
THRREZ R AR SO R 2 4 AE N, RN
2. Derm7pt & L 2 000 5K K%, 78 55 20 2 7 .
WP 2 1 13 AE R, HR B, X /N E
BN FTIRAL T 8 MIFEA BT,
42 SLIIME

AR SLIGAE — & 34 Intel® Core™ i5-12490
LbFEZ% (2.5 GHz). Nvidia GeForce RTX 3060 GPU (12
GB A7) F1 16 GB RAM [ HL G F 347, AH OGS % ln
1.

®1 IRIMFRE

parameter description
input 224224
batch size 128
max epoch 63
optimizer sgd

loss function

cross-entropy

N-way 2
K -shot 1.3.5
N-query 15
train batches 200
objective functions 4
decision variables 4.13

crossover

discrete grouping

training episodes containing 4.13
encoder ResNet12
learning rate 0.01
weight decay 0.000 1
learning rate decays at epoch [30, 60]
episodes per batch 5
momentum 0.9
mate learning rate 0.001
cosine scaling parameter 10

mutation polynomial mutation
popsize 20
generations 50
4.3 BUEXTEESIR

L8 97 NSGA-TII. VaEA. HyPE. EFRRR fll
DGO-NSGA-III T M 2 H b5 73 R EIE I ROR. Fh
VR IEAT 20 I, B BME AR N BERL R 22, SR &5
L2 2, DGO-NSGA-II L fE#1 Al . G-mean Fll
kappa % 3 WUHE bR 14 7 HU45 0.4104.  0.8857 il
0.779 4 KB LA, 275 & W46 75 K &, DGO-NSGA-
TIL V5 [0 PR B T RS 20 A0 SR A B S il i FLAth B
%
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*2 FRIBEZMESRIER

algorithm loss FPR G-mean kappa
NSGA-III 0.4299 0.0610 0.8762 0.758 4
VaEa 0.4186 0.058 7 0.883 1 0.769 2
HyPE 0.4315 0.0584 0.8816 0.7672
EFRRR 0.428 1 0.0572 0.878 6 0.764 6
DGO-NSGA-III 0.4104 0.0563 0.8857 0.779 4

4.4 RXNEFIEEKE

T B UE BT B B A AT XS TR A AR,
HEAT 20 RS S5, LA [ 22 X F1E 2 B bRl
A I R B e 4 R LR 3, A L T B R A X
R 52 X ¥49 50 38 SORIASAU, — gk 1] 58 X, B ko 4158
YA R # . G-mean Al kappa R HIX 44~ H b»
R R A AR, IR SE T B B 2H 5 S B A X
3738 18 (A7) DX 33 SR BUAS (] ) A8 S mes, mI DA 1
Ak AL R AB 2., A8 RS Jo i AR
B

#3 TRXZRBEHILLE

algorithm loss FPR G-mean kappa
BEREY 0.428 1 0.0565 0.8886 0.7655
M 28 X 0.4199  0.0554 0.8785 0.7754
BISAEX 0.4370  0.0601 0.8771 0.7578
Bl —HEH] 04261 0.0576 0.8856 0.769 5
B 0.4176  0.0515 0.8936 0.7756

45 MAXTEEILIE

i3 DGO-NSGA-II 3K 19— A i A, JF M ik
HU T HB 4 AR 3k 47 e g, 45 3R BOR, AN A 43322909
40711924 75 4 TG Ar b ISR R I f . B Ak
&R IERICN0.049 1, LT MAGH R R E;
G-mean i£ 0.899 8, 4b P 28 7| A - 17 %0 R £ U ; kappa
A0 0.803 4, B BAR T BE ML 7> 248, R R KA
Fabr b, MK 562628913956 1957 & it — %, (H 45 &
B G bR, A 433229094071 1924 1 S A4 2 B SE AR
DAL, 108 4312 N AR AR g /N A Bz TR g A DU ) i N
XA T AR BRICR IR R 55 o BuE s = 7
T ) SRR 35, i 4.

F4 TREIBRTZHILLE

Ak loss FPR G-mean  kappa
43322909 4071 1924  0.3749 0.0491 0.8998 0.8034
5626 2891 3956 1957 03723  0.0500 0.8978 0.7997
4204 2957 4148 1976 0.3836 0.0506 0.8966 0.7973
4440 2975 4076 1924  0.3775 0.0506 0.8967 0.7972
4088 26104130 1701  0.4028 0.0514 0.8950 0.7942

4.6 1EBIEIGITEESLLE
PAT — R AN RI AL B RS2 56, 44> H AR E A

S Z W 7 3R 5. 45 B 27 A L YT U6 ResNet12,
37 FH H 95 48 46 1) DGO-ResNet12 45 784 78 B 4 1A 45
Fr A BB, UE ST TR SR MR T
CCNet-ResNet12 £ #i 77 fi5 b b A ek, & B H A A
W AE F; 38 4 W5 4 1) DGO-CCNet 15 B B 75 1 Fe {18
B, 36 AIE 1 B e A6 AR 2 AL B bk TR R

1.4

— ResNetl2
1.2 DGO-NSGAIII-ResNet12
. — CCNet-ResNet12
o — DGO-NSGAIII-CCNet-ResNet12
E 1.0
<
> 0.8
%
©° 0.6
0.4
0.2 . .
0 30 60 90
epoch
(a) loss
0.20 — ResNetl2
DGO-NSGAIII-ResNet12
— CCNet-ResNet12
) — DGO-NSGAIII-CCNet-ResNet12
= 0.14¢
<
>
&
= mv\d\w__
0.02 L .
0 30 60 90
epoch
(b) FPR
0.95
(o]
= 0.85
<
>
g 0.75
Q /
g | — ResNet12
o 0.65F o DGO-NSGAIII-ResNet12
/= — CCNet-ResNet12
J/ — DGO-NSGAIII-CCNet-ResNet12
0.55 . .
30 60 90
epoch
(c) G-mean
0.9 W/\f_.\/\/*—’_
<
>
< DT
o
o
E — ResNetl2
DGO-NSGAIII-ResNet12
— CCNet-ResNet12
— DQO—NSGA[lI—CICth—Rccht12

30 60 90
epoch

(d) kappa
E7 4/ BfREMYSEhL

75 J6 I ZR B BE, 4 /S I 45 455 84 7E 1S1C2018 Al
Derm7pt H45 £E 1) 2-way 4T 55 b0 BoR i 9] B 32 T
(WL 6 FIFR 7). 1576 > SLU6 R I, BE 45 AR 2 11
18, AR R P R . R A A 2 R B S
AR G 8 R T 28 [ £ 1) S B A A, TR 7 7 45 28 IR
R, X —BALER A B L EAR R T 50 E.
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method loss FPR G-mean kappa ACC
ResNet12 0.6278 0.0892 0.8135 0.6428 0.7322
DGO-NSGA III-ResNet12 0.3602 0.0475 0.9030 0.8096 0.8572
CCNet-ResNet12 0.3490 0.0479 0.9017 0.8082 0.8562
DGO-NSGA III-CCNet-ResNet12 02711 0.0348 0.9293 0.8605 0.8954

< 6 ISIC2018 TLIIZRFERIEL &

method K -shot avg. AUC/% avg.accuracy /%
1-shot 60.90 £+ 0.36 60.83 £+ 0.28
ResNet12 3-shot 65.23 £0.32 67.14 £ 0.29
S-shot 70.78 £ 0.31 71.84 £0.26
1-shot 62.42 £+ 0.35 62.33 £0.29
DGO-NSGA III-ResNet12 3-shot 68.13 £ 0.34 69.76 £+ 0.28
S-shot 70.90 £+ 0.30 73.14 £ 0.28
1-shot 63.64 £+ 0.38 63.56 £ 0.31
CCNet-ResNet12 3-shot 69.59 £+ 0.34 70.30 £ 0.27
5-shot 70.78 £ 0.34 73.92 £ 0.30
1-shot 67.54 +0.45 67.38 £ 0.25
DGO-NSGA II-CCNet-ResNet12 3-shot 78.38 £ 0.42 79.18 £ 0.37
5-shot 80.22 + 0.36 82.73 £ 0.29

=7 Derm7pt TINGIERILLER

method K -shot avg.AUC/% avg.accuracy /%
1-shot 61.16 £ 0.92 61.89 £+ 0.46
ResNet12 3-shot 66.10 £ 0.37 67.97 £ 0.37
5-shot 68.23 £ 0.38 71.71 £0.25
1-shot 61.77 £ 0.36 62.104 0.28
DGO-NSGAIII-ResNet12 3-shot 67.14 £ 0.31 69.17 £ 0.25
5-shot 69.51 £ 0.45 73.33 £0.72
1-shot 61.72 £ 0.39 61.96 £+ 0.53
CCNet-ResNet12 3-shot 66.64 £ 0.33 69.54 £ 0.25
5-shot 69.53 £ 0.41 72.16 £ 0.22
1-shot 62.64 £ 0.46 63.46 £0.29
DGO-NSGAIII- CCNet-ResNet12 3-shot 69.53 +£0.32 70.65 £+ 0.25
5-shot 73.10 £ 0.35 75.11 £ 0.78

%F - ISIC2018 Al Derm7pt 4 /> £ 48 4, 4 T (1)

4.7 FPELITLEEMERIRER

S0 6 S8 SRR T IRIRE B 4 B AL R )
BLAT T 51N AT DL 2 4w i B 1 e, AR T &, 72
ISIC2018 %4 4 I, #H L J5i 46 ResNet12, I F £ 4 418
£ ) DGO-ResNet12 15 B 7 BT A5 VAl i b b R I HE
e BN 3 3 9L ) CCNet-ResNet 12 1 7 7E #4543
fatr B A . A 555 T M 1 DGO-CCNet-
ResNet12 &R HU1S T F £ F6 4%, H 1-shot.  3-shot £/l
5-shot f¥] 733 AUC 43 il =1 14 67.54 % 73.38 % #l
79.44 %. Derm7pt B4 5 b 1 45 F B AR BE AR, (H L A
& 3 5 1S1C2018 — F(, UE 5L 7 F s 4k Ay 2 il
H P EIVE e RE SR T

AW 5T, EE BT B2 ) SaMOMeta-SkinID
B 5 2 Fh 3208 D R A 2 2] U7, AL 45 G-Conv+
Baseline++. Reptile. Prototypical Networks VL } Meta-
Baseline. 1| F ISIC2018 Al Derm7pt % /> K4k £&, % 5
RIVEREREAT VAL, 45 R SR, A B EN AR 2
] 5-shot SE 46 /R 14 BE AL T 3-shot, 3-shot XA T 1-shot,
XA U, B2 HE /2, SaMOMeta-SkinlD 5 7
FEAN A SEU0 E B N BFa b 35 B i 0 A S AR Y
JRE LT H ARSI I D A SR R R i dn A
5-shot ¥, SaMOMeta-SkinID 523 1 $5 #5 (11 35) #: ff
% 82.73%, )X 4% Prototypical Networks [1]°F-J AUC i
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REE 5 AT 5% % B AR N AE R R I 5400 3605

e, BRI 5 A SR T AR BB AL. Wi dE S 45
— B HIESE T BT EE HHHE S R, R 8 FIEK 9.
% 8 FTEISCI2018 BRENT L it S /AR S S 4R A

method K-shot avg.AUC/% avg.accuracy/%
1-shot 61.3 62.6
w/G-Conv+ Baseline++3!  3-shot 72.8 69.3
5-shot 79.1 79.4
1-shot 60.3 58.0
Reptile!™ 3-shot 73.1 73.4
5-shot 79.6 76.2
1-shot 65.7 64.5
Prototypical Networks®®!  3-shot 75.8 73.5
5-shot 82.9 79.7
1-shot 60.9 61.8
Meta-Baseline!'®! 3-shot 65.2 67.1
5-shot 70.8 71.8
1-shot 67.5 67.3
SaMOMeta-SkinID 3-shot 78.3 79.1
5-shot 80.2 82.7

9 TEDerm7pt BUIBREXTLLIF L S/ AR S SR EY

method K-shot avg. AUC/% avg.accuracy/%
1-shot 60.8 59.5
w/G-Conv+ Baseline++3!  3-shot 62.6 62.3
5-shot 69.8 65.2
1-shot 59.7 60.2
Reptile!™! 3-shot 64.1 65.7
5-shot 71.4 70.5
1-shot 63.7 64.1
Prototypical Networks!'*  3-shot 65.3 66.8
5-shot 72.8 69.5
1-shot 61.1 60.8
Meta-Baseline!'®’ 3-shot 66.1 67.9
5-shot 68.2 71.7
1-shot 67.5 67.3
SaMOMeta-SkinID 3-shot 69.5 70.6
5-shot 73.1 75.1

TEXF Derm7pt H4 S 347 53 A1 F, 19 00 %% 1) 2 A
A 2 i A IR AR i 0 38 o, AR 1 1 e oA
RLEE T, TE M EHE 4 b, AR AL 3R B SaMOMeta-
SkinID, tH7E BT A7 S50 8 B F # e 7 oA Ay, &
SRTE Derm7pt £ 48 45 - 1) 52 1A M i 15 7 1S1C2018 %1
Pt LRI IR EEAT I R B (H X R 1 A SR Y
TE AL BRAN [ 8 28 (10 240 KL P BTG K0 £ I 1) B A P AT
TERLPE.

SR SR, T8 18 2 7E 1SIC2018 $i ¥ 4 iF & 78
Derm7pt £ #5 4E |, A3 J5 1% SaMOMeta-SkinID 7£ G
OSSR Re I IS T A LAY X g — b

BRI T AN ST A S s A7 AL BT B BG40 AT 55 1)
PR e AN A R0
5 & #

AICHEH T R 42 B ARG HIARE AR 35 5
W5, DA T 70 2 SRS AR I R JoR e (1) 66 ). 12 S )
H 2 B 4 ARG 8 A 9 4 43 2R U R AR AL, 3@ it 1
L DR A I S AR ) S A0 O A R, SR 1
T B SR AR T I A R R A A
X 4k FE FEE AR i RE 1, 5 N T CCNet v & /1L
il A, DGO-NSGA-IIT H% 3K fiff = 24, 3845 1 sl
B 5. S 4l BRAIE S, AN SO S TT DL AR T/
T A 2 SRS 00 255 SR, S /42 7R SR A
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