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Abstract: Malignant skin lesions have a very high cure rate in the early stage. In recent years, dermatological diagnosis
research based on deep learning has been continuously promoted, with high diagnostic accuracy. However, computational
resource consumption is huge and it relies on large computing equipment in hospitals. In order to realize rapid and accu-
rate diagnosis of skin diseases on Internet of things (IoT) mobile devices, a real-time diagnosis system of multiple catego-
ries of skin diseases based on inverted residual visual geometry group (IR-VGG) was proposed. The contour detection algo-
rithm was used to segment the lesion area of skin image. The convolutional block of the first layer of VGG16 was replaced
with reverse residual block to reduce the network parameter weight and memory overhead. The original image and the seg-
mented lesion image was inputed into IR-VGG network, and the dermatological diagnosis results after global and local fea-
ture extraction were outputed. The experimental results show that the IR-VGG network structure can achieve 94.71% and
85.28% accuracy in Skindata-1 and Skindata-2 skin diseases data sets respectively, and can effectively reduce complexity,
making it easier for the diagnostic system to make real-time skin diseases diagnosis on IoT mobile devices.
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None 86.01% 6.76 MB 0.140 4

GoogLeNet

Seg+IR 90.10% 6.32 MB 0.193 8
None 84.64% 22.8 MB 0.308 7

ResNet34
Seg+IR 77.88% 22.7 MB 0.5499
None 85.84% 45.75 MB 0.2551

ResNet50
Seg+IR 63.39% 45.8 MB 4744 6
None 85.02% 138 MB 0.361 4

VGGl6
Seg+IR 94.71% 15.18 MB 0.123 7

2i BTk, KT AlexNet Al VGG16 14 2545
AT DLORE UF b S N AR ST S T E
VGG16(Seg+IR) 7 F A [FIEAff 2 FI4 2k 2 45 LU A
T AlexNet ¥/ AL LT, iy HIHK/N A 15.18 MB
SEUFER SR & LiRmistr, A SR &3k 3
T VGG16 [ eist b 25 4544 .

3.6 ARIEZERERERTEE

h T ARIUA S IR-VGG i i2 W R gt i
G FETE R R RS e, RS R T
IR-VGG M2 5 HABAH S HIERAINT LG, 29 ool A
R AR S BRI T LR . b Ik 7 Ak AL
REALAE FH (V) 77 VR RN S0 &5 51

H1 5 v, ASCR IR-VGG 73 K48 11k
WR AT IL 3] 94.71%, {E 6 Fhor il chfE4% 58—,
2 HF 44 50— 0 SR [12] 9 42 07 S48 )
MSM-CNN F51iE5r252%, MR 96.3%. MSHL
HHKE, IR-VGG FHEA KBTS HERA
15 MB, et i il MSM-CNN
FREP R TR T 2lE. 2 RN KT
%, SEUL BB U E S EEIEEER, L
RIE N A IR R R A . Btk mT I,
AV 3 AR 0] DAAE CRAEHER R I RT3 T
KK R S50, ATl S
JRI 2 T R S8 1B 7 %

3.7 GHRA

W sk DA S G AT R, A SRR R A R 3 2 A DU

3 T BN Bz IR PR A s Ak DX i AT 3 R, IF
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%5 IR-VGG M4 5 H i K B AN b
EAHTI LI Sy FAEAY HERf SR AR

SCHRBIITHRTT % BN-CNN 89.3% / Ty
SCHR[121T#2 77 % MSM-CNN 96.3% K EIES ]
SCHR[1519THE 77 % Resnet50 86.7% 46 MB Ty
SCHR[13)ITHR T & Resnet152 86.28% 117 MB Iy ST
SCHR[141FTHR T % VGG16 (iT#) 91.07% 138 MB o Jnful

ASCAREY IR-VGG 94.71% 15 MB eIl

K I L5 Tt Vel A% S ) i AN A A 30 DS 408 =) S R 4
JRRFAE, AT EAAT 8 v B W A I e e Af =, L
X i I8 PR A K 1R B R PR ARG I BEORS A o K
B IR-VGG HE AL TT LR 758G i 1) 12 I 45
R, T LUK BEAR T SE SR A AE . SO
FAb T EANLE , ASCOE G T 8~ 37
i 55 AU

4 HRIE

N RRAL S8 B R 12 Wi H S IR AR R SER
PEZEI I, i A JLBEYT IRSS i, SEIR 3L
BRI BT RS AR R, A SCEEHE — R T
IR-VGG M2 73 K i sEmf iz W R 4. e 4
VGG16 750k, GIN Rz TR 4y
H AR AR RIS, AL T R R 12
HER R AT, T H M S5 E L VGG16 %
KT 90%. fEX¥idE SkinData-1. SkinData-2 it
AT SR A R B, A SCHT R A 22 3 0 A
94.71%. 85.28%, Lt VGG16 71T 9.69%. 5.61%,
A SO i AR ) o S B8R VGG16 (1) 1/10.
& B AR SO R A V1 A5 8 AT SRR S I SR e
TEOLT, AT DA U R R s S 2 W i), S
A A SRS IR SS TR T — P AT R T &
[ I} Ji B2 2 g ml DA A S A B A R (R I I B
Beuli, AWMU EAENIAG T R, R
() E 8 RIS 46 L A 22 W0 ) 5 35 3 18R AT 4
PEAZIRFI A>T, AT J 56 4 PR 4 B I P 7 TR 2%
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