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Study on dermoscope image classification method based on PiT
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Abstract : With the advancement of computer technology,the existing Transformer has been expanded in-
to a network structure for processing computer vision tasks. In order to improve the early diagnosis rate
of melanoma and the cure rate of skin disease patients,this paper proposes an improved network model
based on PiT (pyramid pooling transformer) to realize automatic classification of dermoscopic images of
seven skin lesions. The model of this paper is mainly composed of the PiT module and the anti-interfer-
ence module. Pit inherits the advantages of ViT and uses pooling to perform spatial size conversion to
improve the robustness of the model. The pre-trained PiT network has a large number of natural image
features,and the PiT part of the network can provide the required image features for downstream classi-
fication tasks. In this paper,an anti-interference module is designed to resist the influence of interference
factors (such as hair and foreign object occlusion) in the dermoscopic image,thereby improving the per-
formance of the model. Improve classification accuracy. Experimental results show that the classification
accuracy , precision, recall,and F1-score values of this model on the ISIC 2018 verification set are as high
as 91.58%,83.59% ,89. 92% ,86. 34% ,and the number of frames per second (FPS) reaches 85 Hz.
Compared with several existing advanced classification networks, the classification performance and mod-
el efficiency have been improved,and it has relative advantages, which proves that the model in this paper
has certain practical value.
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Fig. 2 Structure diagram of pooling layer

2.2 JFHMER

P Tk 5 G o PR 2 e kX 32 B R BN
RS e AR ISR AP 5 R R E LA Xy AN [ i S
B R R AN R & X R e FBURAR
FAXEN R CHE R . MR IR R T3, A S
B T AP PR POk 5 v R R R
PR B 2 T 4 S AR W i R T LA Cstrip
pool attention mechanism, SPAM) ™ 1 zh 75 34 7 oA
¥t (dynamic relw)™, 24 —14k (layer norm, LN)M1®



+ 508 -

FHA B7 1hof 85 T 2k B8 4 4 ) 0, Ky By 0k 3 406 #E I
g3 i v OGS 43 I 246 e B A R R AT B AL 5
(Dropout) #4724 AL, Bt T A B v Bk BR3%E 42 19
AR & T EUR  E R R M P T AR P
PRE & 1 FiR . T SPAM IS 25 0% R Ak
2 A BEH AT EE AN A

D) Z5JE it 13 2 S ML

FIE U 4k 7K T 42 Ja - 29t Ak 1 B A AN A RE AR
D b A R R AR G R L X T IR RO B 0] Y 9
U REAR G- 1l OV Jmy B A4 1 A5 L R B E SR T4 R
S 85 b A R B s S5 T St R T X AR AN A 3 B AT
K TH5 , BB AR L M 3kt A 500 A7 8 () Ve 0 B (1) % 42
FIB I — A 52 i G R B, 3 R K il Ak A
1T Ak R A R AN ) 4 i 23 E) R SCfE R DLk
NP K F T W A2 BF 00 H W B n] R M — Fh
y=ak I B S || N Y S NG EZ S Ui
YIZRH) Transformer 2Z J5 , 5234 378 F2 25 (] 4 561 A
WA AR TIRE . ARIE A I QB 3 TR

fom——————————

3 ERmtsmE

Fig. 3 Bar pool structure diagram

2) AP pR%L (dynamic reLU,DY-RelLU)

ReL. U J&— ] Fo. 20 5 K B9 932 F 7 8 i
25 W) 245V R 1 800 R B, Re LU J2 #5028 110, W] 52 3 b
28 W 25 AR Ze Ak 6 T o A B L HOAS B AR s Al s
A5 AT Bl 2 AR AR TR A C R 0 AR AR T
DY-ReLU ZZ1 1 AHXT T ReLU HZ3m 7 /> &
BT B ADH A R OR  RAE AR 7 R R N R
TR 400 5 . DY - ReL U J& — 4> 4 B ok %, 1 K 4
FiR .

DY-RelLU 3= %240 &l BY 3006 o8 20 Q () RS
PRI foco (o) s 47 Bl RBSC OO A T2 T 380 BT R B 2
B G PR foco (o) 322 ISR 1T B A0 300
l':Elo fb(;;)(x)ﬂ%:ii'\‘j"]:
Ve = fow () = max, g {al (D2, +0(x) ), (D
A, x, Fmi x A5 CEEMHRA a0 Q)
W2 At . BT,

[alsomsalsmesal soesal 50y bf e b 10 = 0(x), (2)

WHI - B W 20224 33k

L K o BEs B4, C Fon il s 4.

rermeereeeenn, Sbete P Data flow i
3 Model parameter flow -

— >
Y5

Y

Bl 4 DY-ReLU i A TEE

Fig. 4 Dynamic ReLU activation function diagram

Qx) i SE S B, X T A U LR UL, DY-
ReLU ik A B R KN 8 X8 X 20, e f A% 1% 3| 42
Jr s Al 2 S B A AE RS Rk 1 A4 g2
GZJZ I B A RelLU) i J5 R H sigmoid #F 17 Fr #fE
1k . s 25 SR oh W) h (R Bk 25 B9 AR, H i A
E2vyS

ac(x) = o' +2,0al (x), (3)

be(x) = B + 2,00 (x) €]
Ko B R R al FOE BRI TE AL A, KR TR
ZEVO R P FEHIAR & o B Al A BN S

DY-RelLU A 3 #25#. DY-ReLU-A,DY-Re-
LU-B.DY-ReLU-C, AICHE T HEIREEE DY-
ReLU-A: i A %5 () o ¥ 5 3 18 3 =2 [6] 79 70 B e 1
WS PR DY-ReLU-A #1 % T DY-ReLU-B 3§t i
AN BAEAR T 1 B b B A B 4 Y &5
HIFHEENE 5 B,

&
<N

N\
N\

=
K

)
<<
=<K
AN

(2)

Dynamic Relu model

(b)
B 5 DY-ReLU-A [FIE[E:(a) DY-ReLU-A = a5

BEHZREE; (b) DY-ReLU-A iR 2 E
Fig.5 DY-ReLU-A schematic diagram: (a) The Dy-relu-A
space shares the schematic diagram with the channel;

(b) DY-ReLU-A flow chart



WM BN T PIT YRR ER 5K ks

2.3 RXBIAKRE

i P 22 43 AT 55 P S BIOR B 1Y ) 8, AR SCR
FH 28 SURR L G o B0k 4 5 85 70 19 43 S ME B %, 28 X
Ji 15 % R R ik 2 h

Loz =— > p(a)logg(a) (5)
i=1

o sm FoR BRI BEA KL p () D9 7 Fh B IRAR A2
AU E LA A HE R, g (o) Ry 7 Bl R A8 2K A
T oA R

q() I FRIBEHK N
Wi o v
(o) = T T o (6)

S el
A on Ry B TR A8 S RVE, v, RN HE @ Tl R TR e A8
KA T ox, (e, € Ry AV B 55 @« AN IR 4R
fiE s d KBRS R AR 4 B w, RN 5 — A i 4% 2
HACEE w W95 5 31,0 R B

TR 388 2o T ) 2 % T = e 700 A L 7R
AR Leg W/ p () Fl g () Z 6] B 43 A 22
iER NI /Y =10 el R T
3 XKBERRDM
3.1 XHEMERHESE

A SZH R ] Pytorchl. 5. 0 % B 2% 5 HE 22, 4 72
155 & Python3. 7. 7, Windows #:/E &2 %, B K N
NVIDIA GTX 1660TI 6G, kb # #% # 15 9400F, %
FHE B 2 Bk %12 1 2 ( The International Skin Ima-
ging Collaboration, ISIC) 2018 4F fz Ji 45 K12 43 25 %
FF Bk R 8 9 2N FEECHE 42 TSIC 2018, %804 48 [ B
A SR AR I A HR s B I S ol B B R R B A
HEATVE BRI FRIC . ISIC 2018 43y 8 012 3K il 445 4 |
500 FREGIELLFN 1503 ik 4 , A A B 46 b B A
L8 7 Fhom AR 28 R R R B IR RO AR A AR e
(Akiec) \ Jz JIk £F 4598 (DO | 5 55 40 i 98 (Bee) | B A
Z98 (MeD) L B M A0 (BKD | IfiL 45 95 78 (Vasce) | 2B
FAME (N, 7 A Bz R BR AR 3 A B8
LR AR 1 PR,

F17THMEINNREKRE I NMREE LN HER
Tab.1 Distribution of seven categories of
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Tab.2 The precision,recall and F1-score compared between the P2T model and the PiT model

The evaluation Ours PiT
. ) Vasc . Vasc
index Akiec Bcce Bkl Df Mel Nv Akiec Bcce Bkl Df Mel Nv
Precision 0.81 0.89 0.8 1.00 0.79 0.95 1.00 0.65 0.8 0.85 0.88 0.76 0.94 1.00
Recall 0.81 0.92 0.82 0.73 0.75 0.97 0.8 0.88 0.84 0.73 0.64 0.73 0.96 0.79
Fl-score 0.81 0.90 0.84 0.84 0.77 0.96 0.92 0.75 0.85 0.79 0.74 0.75 0.95 0.88
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AR, R HMER R KGR . G B R Fl-score YA K
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Tab.3 The classification evaluation results of each algorithm on ISIC 2018 validation

set are marked with the optimal value in bold

Methods Accuracy/ % Precision/ % Recall/ % Fl_score/ % FPS/Hz
Ours 91. 58 83.59 89.92 86. 34 85
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Fig.7 Performance test graph of each algorithm in ISIC 2018 training set and test set:

(a) (b) The accuracy iteration graph of each algorithm on ISIC 2018 training set and test set;

(¢) (d) Loss iteration graph of each algorithm on ISIC 2018 training set and test set
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(b) Confusion matrix of PiT model classification results
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