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Intelligent diagnosis of psoriasis vulgaris based on deep learning and improved fuzzy KMeans
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Dermatology, the 980th Hospital of PLA Joint Logistic Support Force, Shijiazhuang 050000, China

Abstract: In order to address issues such as the decline in diagnostic performance of deep learning models due to imbalanced
data distribution in psoriasis vulgaris, a VGG13-based deep convolutional neural network model is proposed by integrating
the processing capability of the improved fuzzy KMeans clustering algorithm for highly clustered complex data and the
predictive capability of VGG13 deep convolutional neural network model. The model is applied to the diagnosis of psoriasis
vulgaris, and the experimental results indicate that compared with VGG13 and resNetl8, the proposed approach based on
deep learning and improved fuzzy KMeans is more suitable for identifying psoriasis features.

Keywords: psoriasis vulgaris; improved fuzzy KMeans clustering algorithm; Visual Geometry Group 13; deep convolutional

neural network

= e M BEH R . 11 T 04 1
T e P 50 R P AR

R R AR 1 o G e g e PR R S R R AR AR
X S I 1 0 9 0 4 T 50595 3

i SRR A e e ARSI A TR L AL B
B RARRE R L L R R LB 2 5 S EOC o 0 2
AR AR B s D) IR ST i
: BRBIRIN © o SIEIEAIR o o e e L BB A X 7
R N R T e AL, URTIEGIB AT 30
PR I TR DRI st (5 W B T 45 54697 BB ARt

FL AR 4 T B 5 30 K G0 R 7 Rt e \
e s % 5 3 A TS B 4 0 50 BB

AT s R R S SO AR Y OV

e et W X T8 RV A X T
’ - AT 52 0L A 202 )

TR A S 75 T A FLAT R B
S TS 5 20 T B 2 2 AR BV P 52

[ B #912023-07-11 AT B8 S B — LR R ) P e Z B R 2 . [
(£ £ B [0 B2 R 50 %1 (20190470, 20231294) A, - YA T o RRE IR A5 A — 2 R JER g i a2 |

[1EE BN VAT, WL, BIREIN, BF 587 1 < 4R 8 0 B 250 2 I AL, 3% AT RE S B E W) A 12 W B AR AE
PERE B BTEE  E-mail: shily890@126.com



- 254 -

WIXE . AN, B FTIF A R S0 50 % A A T Bl
AW ie IR W T8 BUAR TS . 12T SR
I % AR o R OIS AN IR 8 0, X 7E — o R FE I
AIREFATE MM . 13  AERE LG O T, #1250 Y
B 9 AT R T B B I R R R AS o X v K B AR A
PEAT Z2 W2 EAT Wb L R A R HE R At g R 46
X R R AT BE e — R . S 7E R AR
JEE I ) v, S AR S 0 4 R T BB BH 8 545 5
B2, R BOE RS W R T A B AL, {8 5 i — 2
Ak

RGeS 8 TR JE 12 Wy 1k 3 E AR iR
[ RN 11707/ 575 TR .7/ 4 AR ) NI IS Y [y e 1] 3
BRCRAR G IRE AR I 5 A — R ), TR R
AERKE IR FIL, AT e Bk n i, w4
Sk E NIRRT T 2R EE T N TR R
(A T BV B I W i o FEEISL , Ray 557 4
HP 2 %) U-Net 45881 54 0 T8 i s 1 12
WrA T 55t SE et A 3l 530500 A8 R R IR R b 00
AR P B 2R ARY AT DAERR R 0 DA TR s S e A8
FEEE . Roslan 55 2 — B 5L T 46 B 28 I 28 A 4R
JBRRIZ W T8, 20k SE S Bk, 207 0 Z2 A UL AR
B9 54 N2 WERT K . Raj % #2115 —Fh
FETUREE 22 2 4 A SRR BOHESS , A7 B TR AR S
I KB AN [R] B AR DX P R £ RS % U2 T AR s i %
AR FREE , [REHAS B AS  >) 5 BUR 40 BB R, %
T AR T B ILTS (- B2 W e 22, GRS T SR
S Bh S A= HEA T2 W . Arunkumar 55O F—F
T 0] 43 85 B FH Y MobileNet T 3 27 #5814
AIZWORS BE A m P B A R, 2l 5 2
AVREE 25 S BER A XT G, 1% 7 TR BRI TERAIR 1 %
TEFF 5 B LAl A 25 5 LA BIRUAR DL A IZ TR | X
A BT Al TR s AR S e iz W . 7R
W, 5 TR B 22 2 ik R B iz Wit s /b, %8
AP A A I R 8 I £ 11 g IR 9
S D R A R B ST U RS A TR A )
A ) Bz JR s 4 0 SR O vE S . SR, B TR S e
()RS AT W] BE TR A [A] B0 H0  AAS [m] B2 7 LA 2[RI A
Z5 AFEAFREE R BRI 55, nT e S 80
PEAE A e A 22, 1 TS M TR B 2 2 AR (912 W
RELLSIZACBE I o AUz Il e 45080 % T Ak 34
W B FH SR AR W e A By 5 B AR 78 i FH B o
75 1) B s 25 A 4 T BSR4 B R P 2 i DA
Kz ALBE TSI Tto! " it F —Fh i 1) KMeans 53 7
XoF it 22 5 A0 R4 2R 28 LA B ARSI 43 A1 B9 4 25 o Yuan
Azl g b P HF KMeans 58 285 1 40 7 728 s 2§k
B 9 5 ) R 2, O BUPS B  0OR

HR A DAL B N AR AS 7] 2 3 B 58 iR R T
P AR B R R AR 4 A AN Al T B R BUN TR
22 RIS W R N B S5 ), AR SCH H — P e T
e BB KMeans % 28 75 19 VGG13 (Visual
Geometry Group 13) VR FE A5 P 28 [ 25 LD | I L
;T 5 BUAR JE R 02 Wi AT 55 b, 480 SE IR BRHIE
RIJE IR 2 S B A e R B T AR BN
TREE 2 ) i

1.1 VGG13 RESRME M %K

VGGNet 1Ehy —Ff g |32 (i FH 19 UR B 6 Bl bl 8
D 2 BT py A R AT AL e A 2 . T
L5219 VGGNet Fr i FH 178 )2 B B 45 2540, o0 T 42
FHAETRY A 4 BEASCR A ST A VGG 13 ALy 10
MERZ LR 32 42 R A AL, AL S5 F A 1
TR o AR SO FH A AR AR 0 5 R #A 5 S VGG B
PR 1, 7E Rl —A> VGG e (i R 5 B = S5 A AR ]
BRI KN A 353, Hob K o0 1, A5 2 4 R Y
i A5 A RE AR A A R TR — VGG BN 24~
GRENHSSEM ., #H—1VGGIME: e, il
FAR /N R 2x2 Bt 3 4 DA 2 A 20 K i AT e K b
FEHAE , e B ) A A AR R 2 85 % ] A v A5 76
ZALRE ) o TEIRE B 3 i 2 2 5 AR SO Al
{1 1] Dropout #4125 5T LA 0.5 PR BEHL 26 3% R ik
BRI A R . e, 1 SoftMax J2 4% 4 33
JZ R A A A X AR TS 9 12 W 4 R SR
1.2 MR KMeans B E %

AR SC T Y RSO KMeans 535 #E Krishna
USR58 F KMeans S8 28 B0y (9 3800 1, 321
— PO A B B A SR R T DA R I Y
RetE O, HENEN T A A AR T
1545 KMeans M LA FR G 2 SR 242 20 FEACHE

EMmEREREREREE M EAREEERE.
RATEAR 5 Eh 25 B A FLIN e 5 e K 1 AR 2
Bl L L850 KMeans 5 1 i T H R
(9 58 i SR J BE AR O o AR A A B A B —
Bt 00 DL A B R 2 A RS O R
LR IE B o A T e 1k ) R, AR SCOKE A% G Y
KMeans 532 Jr {8 FH i — 15 i) 58 0 OC ZR el it BB A
SR 255 A R A SR E G R I S BGR R
FEHRE o M0k 1 AR 8 O i 0 UBOGR 8 FE HE BE Aff
THR R AL AR SCHE H —Fh e i RS EA R,
HAXNTF

> (Affi] - x)

(1)
3 A

Cetr, =



2 KMeans - 255 -
Input conv3-64 conv3-64  VGGBlock-1 conv3-128 conv3-128  VGGBlock-2
conv3-256 conv3-256  VGGBlock-3 conv3-512 conv3-512 yGGBlock-4
ey
4‘ e t- o
\‘ conv3-512 conv3-512  VGGBlock-5 Fully 4096 Full 4096 d F“lly-fgggecce
1 VGG1345#4[E
Figure 1 VGG 13 structure
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Figure 2 Flowchart of the proposed method
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Figure 3 Some pictures
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Figure 4 Comparison of the loss values among different methods
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Figure 5 Comparison of the accuracy among different methods
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