2658 1
20234E8 H

BAETHE  SOFTWARE ENGINEERING

Vol.26 No.8
Aug. 2023

3B RS :2096-1472(2023)08-0020-06

DOI:10.19644/j.cnki.issn2096-1472.2023.008.005

E F iy MobilenetV3 ;R I+ R EE IR A F A

Eiate, KB

(R R LK FEEMHFHRFR, HF 20
D4 1904235213@ qq.com; wull@ gsau.edu.cn

730070)

B AL GRS ) WG R PR 280 K AN TE ELAE RS sl ity S 8 14 () A, 4 1 T — A 3 ele b (9 2
1 ¢ MobileNetV3 L8RS 0 55 F#E4TIR 5 . I PyTorch HESR 3% 26 377 5KIE . 4% 6 = 2 = 2 B LLA
R BAREE , L MobileNetV3 IMEEAEHI R SER, 51 AEB 2% A 2SI BB, 00 48 RS R 2540, JE iR AL 1E A 7
WG] . Gad 2R3, 40150 fh 2R sl S AR 2 oy, I 2R 45 I ER 3R R 95. 72%0, IR 4R L A MER 38
93. 41% ; Zead Bl 1 MobileNetV3 [0 45 A5 X 32 S0 R 3 AR IR B 3SR 55 4, S Hs> ) vy SE PR S e
P T R AR TR,

KRBT M2 2% s MobileNet V35 IR 24 3] s i = s 25 T B R

&5 K-S TP391 XHFRERD A

Research on Image Recognition Te 1
Diseases Based on Impr

4
y for Apple Leaf
obileNetV3

WANG gah Lili
Y4

(College of Information Science and Teghn
X 19 5213

Abstract: Aiming at the prob
terminal due to too large weig
identify apple leaf diseases
Based on the MobileNet

the original model is adjuste

Gamsu Agricultural University, Lanzhou 730070,China)
com; wull@ gsau.edu.cn

traﬁional deep learning network model is not suitable for deployment on mobile
1s, this paper proposes an improved lightweight MobileNetV3 network model to
mework is used to select 26 377 pictures and divide the data set according to 6:2:2.
rk model, transfer learning is introduced, dilated convolution is added, and the structure of

form a new model for training and learning. After several iterations, the loss curve converges

and the model is successfully trained, with an accuracy of 95.72% on the training set and 93.41% on the test set. The improved

MobileNetV3 network model performs well in identifying apple leaf disease images, providing technical support for future

deployment and promotion on mobile terminals in future.

Key words: neural networks; MobileNetV3; deep learning; transfer learning; dilated convolution

0 3|= (Introduction)

RUE AR Ml ZEA ol — B E 0 37 H 2 A, 72
ERETZ2F0EREET, R IRA SiEE 2% 2 REN I
i, Al B RSS2 R R AN 8 32 B A S, R
SRIRATT TR IR SL AT K AR % 2 (& T DR AT A LB
AT TSR OB R I B AR . A 3k, SR B4
ARIELR Y K8 Hp WS By B i I ROR . R R E VLIRS
PHRFEARMLE S ok TAEHE N T 28R 57 252 F W 5

WieHi H 381 2023-01-10
HEWH H AR5 H (20CX9INA0IS)

MR BEREG . R  TE SRR A E S0 R X4 R 5l
ity (4 o 8 2y >R R BRI LA A6 75 3 4 T 4 0 1 LAKG:
N B ASSHRUAS ER /N B 5 0 ) 25 B R g [ 3B R TR I, AR
LAV MobileNetV3 (WA S SEAl , 38 1 X A 7Y 72 2544
JEVREETT RO VR, 3T T AR TR G B AR, S T AR
% sl ) e e A P 5 AR 7, oS8 B R .
1 #tHXM 3 (Related research)

it TSR A LA B 452 AR 114 i R AR 8 2 =0 B AR 1 i, RIS



265558

FIRILEE BT 2 1 MobilenetV3 35 i Fr i 35 L TR I+ A 21

P ARTEAE Y R E RSO T R R, T
A5 2850 380 ot B IBOI BB €5, | TS R RIS 8 45 7 1 B AR L SR P S
Frii S HLSYMD FARIHR = 04T [ s, ™5 4 e oF
PR b2 At — 2 e g R IR T VGGL6 M4
BRI 3 iR 5l AR 2 20 19 AR, RS2SR o
HEFTURN S Ry T TR B 0 245455 580 of 504 o AR, SR H T —
T 2 ol 422 100 2% 1 PR 5 L IO 466 1) s 280 R 4 A 00, B 15 )
87. 88 VAR M MEN B, 2% AR 40T 5@ b 57 B T VGGI6,
InceptionV3,ResNet50, ResNet101, DenseNet121 fi{) 5 Fj I8 &
B RN 28 I 45 90 B PSR L BRI AR 2540 6 R R
B4R 0 TR R BE IR OR AT 5T BRI AT
2T A BAAE ImageNet 3035 4R F A ACE 24, 8 38 %t
L 5 R T E R e AR BUR AL B 5 A, 25 SR, it 1
P2 2 1Y DenseNet121 [ 2% i P e B AL FEw %
Al R4 58 99, 73%.99. 73% Fl 99. 87% ., SR
R T —FPRilA Xception & DenseNet FIZ8 4 25 ) XDNet
TR 2E 2] W45, 4 SE-DEEP #i8e, ¥ B A5 W 1B 13 738 1 1) SE
(Squeeze and Excitation) #8 Bt 55 % B 1] 43 B & U &, 3%
SE-DEEP #iHfil A Xception W 4%, ¥4 i SEXception [ %%, #&
S 18 i S kA g AL iR, #8 SEmini Xception R4,
4 HL R T S R BT B SR B AT 4, S5 R
IR 2 ) HE A SR IR B 96, 5296, I TR 2 W vE 1 Rk &)
85.81%, JHIGARA T T —Fh LT MobileNetV3 (9%
it A SN 5 . A TR R 2] 1 B b gk Sk et
MobileNetV3 #iRY , 7EE T 5| A 25 T & AU A ML E5 4 , R

078 i LA TR PB4y W 1 3 o 2 ) o @5 0
R A B RAR hy 43, 57 M&ﬁ?&ﬁﬂﬁﬁ%l’é‘l%ﬁ‘%ﬁ&

FH IR T THLH S PAEL (Gated Liner Unit, GLU) ’U”%%J%m g 2k, Ak R R A g

0. 27 s, T I B A0 0 1k 2 A o 2 SR A
FEY E BT R T L VGGL6 A5 3, R R I M
ARV AE Y8 T AT 4325 M AR R
IR MER R 100 2R 0 (E L A R
TR, HLAE BB T L I
96.8%. A LHFFCEUS T H KM FREREEE ¥ 0w
W R, F LGRS 3l . RCRHB RS
T MobileNetV3 #128 P 2% , Il FTR B2 2% > 53, % DL iy 5 Fh
SES R E A TR U T A IR B

2 MobileNetV3 [ 2& #& ! {&] /) ( Introduction to
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Tab.1 MobileNetV3 Small network structure
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Fig. 2 Diagram of dilated convolution
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Tab.2 Number of diseased leaves
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Tab.3 Model evaluation index

g ¥/ % HBlE/ % F1{ti/%
] 0.92 0. 96 0. 94
A 0.93 0.91 0.92
KBS 0. 90 0. 82 0. 86
K BER 0.87 0. 94 0. 90
B 23 95 0. 90 0. 89 0. 89
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Tab.4 Model perfor“ parison
Mo RSKBUMMELS  DWMIRC WS
MobileNetV3 0.39 94. 23 92. 36
ShuffleNetV2 0.41 93. 45 91.78
MobileNetV3-S 0.31 95.72 93. 41

5 %52 (Conclusion)
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