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Skin Tumor Classification Based on Improved MobileNetV3-Small

SHI Xing, FANG Rui, LUO Ming, LIU Tian-Kai
(College of Computer Sciences, Chengdu University of Information Technology, Chengdu 610103, China)

Abstract: Many skin cancer diseases have obvious early symptoms. Currently, the diagnosis of skin cancer mainly relies
on medical workers with professional knowledge, bringing the problems such as long time consumption and low
reusability. In response to these problems, a lightweight skin disease recognition model based on imﬁroxkd MobileNetV3-
Small is proposed in this study. Firstly, a CaCo attention module based on cc“)ordinate attention (CA) mechanism is
proposed, Secondly, for the uneven distribution of the samples of skin-cancer d-atasets, a combination of multiple loss
functions is proposed to enhance the learning ability of the niqdel for cases with few samples. The improved
MobileNetV3-CaCo model has an accuracy, balance aceuracy, and model parameter quantity of 93.39%, 86.35%, and
2.29M, respectively, thus ideal recognition results are achieved.

Key words: skin cancer; lightweight model; attention module; joint loss function
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10 GB & F, WA & N: CUDA 11.7. Python 3.9,
Cudnn 8.2.1. JF%H PyTorch 1.13.1 VR JE 2 STREZE LA
J% Ubuntu 18.04 #:/F R 4.
3.3 1N ER

NT A TH P MobileNetV3-DA 57 {14 g, A
SEAG IR BRI R (Accuracy) FeUE (Specificity)s R
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BACC) S48 br 7 A VEAT ALY (iR AR T A
X (8)-3k (11) Fras:

TP+TN
Accuracy = (3
TP+FP+TN+FN
TN
S . . - 9
pecificity TN+ FP 9).
TP -

Sensitivity = Recall = T ' (10)
BACC = .Slensitfvizj/ + Specificity (an

2
o, TP, FP. FN F1 TN %3 5 AR HBE o A
AN 6] Bz g 16 7y R AE L g vk, Hor, TP (true positive)
AR ESEAE N IEREAR BRI EREA B, FP
(false positive) fF H JAA N SREAMH I N IEREACHY
¥, FN (false negative) {3 B SZ{H N IEFEAE I
A REA HI KR, TN (true negative) 1878 2L S A ikt
AR H ARSI 5 REA B AT R R AR R, 4
BERUAE AR 1 S B 28 B0 R RS AR, A AT
FNEZ R AL

3.4 MobileNetV3 S5HEH =B EEXTEL

2 1 22 (5 TSR, D 2 P4 A 4 0 e o

B LR, A T 25 5 B T A R R AR 1
1L 7. He 20" N BEHLWIEAMAT BRI L F I 26 A8 R
w22 02 SR T COCO SR LT H AR K IR 7%
14> BT 2, 25 5 SR I 45 5K W8 7F E KR AT %% b 500
AN R I mT LT SRR IR B2 T, 38 BE R il — L& H AR 4L
P A in) R, () B 38 TT A A AT . AR SE G R R
TEAN R IR AR 10 SR B T X AN [F] 2 50 & 1 MobileNetV3
DA K ResNetl8 AT, S84 sk 2 fos.

Sof A T 27 A0 E /Y ResNet18 5 MobileNetV3
BT EREL, 36 2 R 25 SR B, 7RI 25 SR mE AR [ 1) 4 Ol
T, ResNet18 1114 RER AL T MobileNetV3. iX & KN
BIE A 2 S, AR RIS L. [F
FE, J3 36 F T 25 S 0% 1) ResNet18 5 Mobile-

NetV3 FAARAL H Tl 25505 1] ResNet18 5 MobileNetV3
BEAT HUB. 3% 2 85 2R3, 78 FLAR IR SRS AH (7] 1) 15 450
T, A5 R I 5 S M L A A T 2R SR s R A B
HIZARE ).

2 AR NS B H

Ko AEM R PHIMER BAS 4
o (%) (%) =M
ResNet18 (without pre-training) 89.88 80.67 11.18
ResNet18 (with pre-training) 91.48 84.23 11.18
MobileNetV3 (without pre-training) 87.17 . 73.71 2.18
MobileNetV3 (with pre-training) 90.88 N 8344 2.18

T A AR A A 22 P 4 MobileNetV3 14
At 0 AR R R STRER HEAT LU B SR SRR Lo
£3%HE 6.

K3 OAFABRPEREX L
FRAY HERIZE (%)  PEHETIYE (%) BREZHE M)

ResNetl8 91.48 84.23 11.18
ShuffleNetV2 91.38 84.25 5.36
GhostNetV2 88.88 78.63 6.16

EfficientNetBO 91.29 83.42 5.29
MobileNetV3 90.88 83.44 2.18
1.0
f — ResNetl8
0.8 EfficientNetBO
\‘ — GhostNetV2
ShuffleNetV2
b 06 — MobileNetV3-Small
B 04
0.2
0

0 6421824 30 36:42 48 54 60 66 72 78 84 90 96
AL " IZRE K
X (a) VIZEAR R

4
1.00
095 |
©0.90
N ( — ResNet18
ﬁ 0.85 — EfficientNetB0
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