20234 11 A | A R A= 54 % 4 11 )

doi:10.6041/j. issn. 1000-1298.2023. 11. 021

E T i# MobileNetV3 Y7k 5% 12 5l = EY

Eax" #xs' B &
(L AR ARl KSR 15 i B B M 5106425 2. 7 T B0 B4 Il TR A S5, 1 510642
3. VRYNTT AT A 5 BLA AT 98B . I 518129)

FEE - B XK RE I R 5 Jr ik HER B A 5T A AT S BB 2 0 1 I T, A SO T — i M i 1 4 A OK R 9 R )
R 5] #k &7 CA ( Coordinate attention)— MobileNetV3, 3 i i i (1 3 £% 2% 2 SR W 56 36 T A5 AL (i1 45, 42 T T A5 AL i
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Rice Disease Identification Model Based on Improved MobileNetV3
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Abstract; For the problems of low accuracy of rice disease identification methods and slow convergence
of models, a high-performance lightweight rice disease identification model was proposed, referred to as
coordinate attention ( CA ) — MobileNetV3. The training of the model was optimized by fine-tuning the
migration learning strategy, and the convergence speed of the model was improved. Firstly, a ten species
dataset was created, containing nine rice diseases and healthy rice leaves. Secondly, the CA module was
also used to embed spatial coordinate information in the channel attention to improve the feature extraction
and generalization ability of the model. In addition, the improved MobileNetV3 network was used as the
feature extraction network and the SVM multi-classifier was added to improve the model accuracy. The
experimental results showed that on the rice disease dataset constructed, the initial MobileNetV3
recognition accuracy was only 95. 78% and the F1 score was 95.36% , and then the recognition accuracy
and F1 score were improved to 96. 73% and 96. 56% , respectively, after adding the CA module, and
then the SVM multi-classifier was added, and the recognition accuracy and F1 scores reached 97. 12%
and 97. 04% , respectively, the number of parameters and the time taken were only 2.99 x 10° and
0.91 s, which were significantly better than that of other models. The experimental results showed that
the CA — MobileNetV3 rice disease recognition model proposed can effectively recognize rice leaf diseases
and achieve a lightweight, high-performance and easy-to-deploy rice disease classification and recognition
algorithm.

Key words: rice disease; improved MobileNetV3; convolutional neural network; attention mechanism;
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A [T B M 3 1055 x 10° hm®, K R
6.6 x 10" t ZEM L4 3. 0 x 107 A KRS 19 177 2 7=
At AR OB 3o 70% B BEE S BRI K RS HLE K
2 R M 7R 77 o, AL , PR SRS TN HF 7K e 1) 9
TR T B X5 VYR I, ORI K R A 7 A R
PS8

UT AR, BB TSR ALAE (R 7K T 1 5 LA BB
BB H AR B9 AN W 2 25, B X6 7K et o 35 1) 6 1A
T TRORHE R, Rl Jr ik E 84 P JE
TR GE AL B A 18 7K et g 5 A A R T IR
PO £ A5 Y 1) ARG o Ak TR G AL H R
18 7K A 9 3 AR 5 32 v, 1 2 2 G Ok X K R G
PR T T U RRAE , 5 1) 3k S8 RpAE I 25 4% Fh o3 26
B3, U0 SCFF 1A AL (Support vector machine, SVM)
PR (Decision tree, DT) 25 fl 401, 1 X /K Fif
) ek Z AF , PRITIMOY 480 Hg gt 7 — A2 T (4
HSCHRFAE 1) 22 2 B A8 #h 22 R 2%, o A0 55 40 4>
SUHVERAE Y BORE 2 LA K 70 A B AR AE Y RO Z
RS X KRG AR R T 1 B O
(Histogram of oriented gradient, HOG) B4 45 1E , 31 LA
HOG Rk A A YNGR 1 SCHF 1o L 2K 8 14 5] T
— AU ERI 0 43 2525 . BIKASH 5 4241 T
—Fp & F W K 5 m i ML ( Twin support  vector
machine, TSVM ) ¢ A (1% 7K F 95 3 BRI H A, 1
M K-means 5k 73 F F B4, il K R 36 2R 0
[4 ( Gray-level co-occurrence matrix, GLCM ) 3 $2
FRIE , fcJo i X 1] s LR T 4 26

g5 b, B T AR Gt S LA BE H R K R A
I AIF 5T AR AT T — 8 B R, TRUBIRS BE A BT 4 &
(E 2 HATH AR AN R R B - T T T H R AiE A9 2o 2 L
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01 72 BB 5 B2 BRI AR 2 ph 22 B R R thoE 1, A (W)
AR AP I 2 0 BRUIDRG B2 7 AR R . T BT AR AE
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A1 AEARE SR BURE ) b S B L S AR E T L iz f e
JIH SR T A B4 BURFAE ) DLk 50 S8 9 ) 5%
HEINT1578) .
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16 FI Inception Sy JEACHE 22, X H 47 1 0, IF 1t
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Tab.1 Rice disease dataset composition
i 2 K& i FEAR ESEL/ iR

a A T P A 9 479
b 20 T 1 2% B 380
c 2 T P A 337
d LA 1738
e R B 5 965
f i O 1442
g G 620
h 7 0 A 5 1594
i it B 1 764
j M 1088

(f) ppssr (g) th%e

2 KEMAREIRAER
2.1 MobileNetV3 & HY

MobileNetV3 #& 1 4k £k %7 Ji] MobileNetV2 #
AU e TR T 4 S A BRI 22 BB LA TIE
Him b ryFete, Mt T bottleneck 4544, A SE
B, 51 A hard-swish 0T bR AL, B J5 0T I 2% 235 1) F
RO AR HE R T TR . AR W UR
MobileNetV3 1434 large A58 5 small 551 | A 3¢
R I L1 J2 MobileNetV3 —large 5151, H 251 245
k2 Fion .

P A [a) K R o R B I R B RE AR P

Fig.1 Sample images of different rice diseases

% 2 MobileNetV3 — large Z5 15 %]
Tab.2 MobileNetV3 — large structure

A BAE SE fife  WMiEmRE K
224% x3 conv2d - HS 2
112% x 16 bneck,3 x 3 - RE 1
1122 x 16 bneck,3 x3 - RE 2
567 x 24 bneck,3 x3 - RE 1
56% x24 bneck,5 x5 vV RE 2
282 x 40 bneck,5 x5 Vv RE 1
282 x40 bneck,5 x5 Vv RE 1
282 x40 bneck,3 x3 - HS 2
142 x 80 bneck,3 x3 - HS 1
14% x 80 bneck,3 x3 - HS 1
14% x 80 bneck,3 x 3 - HS 1
14% x 80 bneck,3 x3 Vv HS 1
142 x 112 bneck,3 x3 Vv HS 1
142 x 112 bneck,5 x5 VvV HS 2
7% x 160 bneck,5 x5 Y HS 1
72 x 160 bneck,5 x5 vV HS 1
7% x 160 Conv2d,1 x 1 - HS 1
7% x 960 Pool 7 x7 - - 1
12 x960 Conv2d,1 x1,NBN - HS 1
12 %1280 Comv2d,1 x1,NBN - - 1
VT FORIINE R, - 7 FOR R IR R

2.2 CA — MobileNetV3 &5l
J T MobileNetV3 R 4% iF 17 oie 7k, #2 3 CA —
MobileNetV3 [ 4%, #& (R &5 #y 7n = R WA 2 T 7R,

T 56, 78 MobileNetV3 {4 W 2% 45 ¥ th 4 J5i A< SE &
BRI SR S CA 1 2 7 AL A B, 48 7 )
XA E AR B AR . KK CA — MobileNetV3
I 265 A A R AIE $ BRI 4%, B BOAS B B RRAE T
SVM 733 dn il 4k, - SVM 43 26 81 0 e Jm 19 40
KJE . KL 4y L [FE A L T CA — MobileNetV3 1

] 4% 25 H4)
2.2.1 Bl A CA FEZEHHLH

1 T MobileNeTV3 i {i J () SE s W% & T
R Rl I U R =N e o A IS AU 2
PR s T X AR R X R g5 e
fr B A5 . T ECA 5 2 LA SE 4 B Jy J i 3k 47 ok
LRI ] = LK S R B MR
BUU BRER SE MU BT TE  EA R B R
% R R A L R, O T e R R R )
2 S R K R G A R A, 6 %
JEAARAE E . B A SCHI A CA W 2 1 HLH ok ik
it MobileNetV3 % MobileNetV3 4 # §1 i) SE #i3k
Fifie h CA Hidh

CA T2 7 HUR A A AT LA 41 3 5 5 1 15 8., 78
AT LA 007 B A T X e 1% R A b A
BT R RRUE , [F B CA A (1 5 RSt
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Fig.2  Structure diagram of improved MobileNetV3

INFFEARSCHESR . CA BRI S5 k4 R
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— YRR G A ) R K BRI KO O ) Y A CRE AR
G3NRAG A 2 AN ST B T ) ECHUVRRAE [, AT A AR
SEEE TS B A AR AR B RS B R, M4,
IR G il AR SRV TR — > 25 R) 1) 4l R B B AR 0%
(Al B R B8 0 D3 — A4~ 25 6] 5[] )OS o o0 15 B
e, AT A 2 A gyl bR I AE S A
FRAE A 3 , fe 45 37 A A B9 RRAE I, AT AT LA
XIS B bR 45 T K

CA TR AHLH A+ E S RN E 3 s, X
By N —A> Cx Hx W R RAEE, Hoh € i 4y,
H A FReAE e B, WO RRE R SE L . CA M — i 4 )
A PRAE 5 4 S — X AST) 5 ) b 1 — 4E 4 Ry Ak 45
P, I 58 7 ] B RRAEAS B E T DR 1 x 1 45
FRRELE AF 5] > C/rx 1 x (W + H) [ [ R AE 14
Horr e Sy T 4 p8E A AR o B S R
()4 F &1 43 i SR 2 A 1l B B AR T R R
1 x 1 R 0] 2 J5 ok /9 4 B2 938 3 Sigmoid J{I bR
BB TE T ) R AR AEE, &5, B TR
AH R ) ER AR iy AR AE LR 2 A B 0 5 1) AR 18]
B 4 o B 4 1) i R AE T
2.2.2 fli[H SVM 732545

MobileNetV3 [ £% 52 & B 3 i %5 1k 55 2¢ 25 4
AE| SVM 432 2 b DL 58 oK e i i 5 19 4 25
FRRAS SCBHE SR 29 1 x 10 g 4%, L34 43 Fh 2 11
s G AA JL A WR REAS I3 A IF AR 15 A K figk 7] 7
BT RE S AE R AR 250 1 SVM B3k 2 3 F 45
Ty IXUIRS: e /MR D D i % 3k e DL 3R 4 U1 2 B0 20
SR 1 3 481 A TR A, TT LA AR TR A 3z AR BE 1
BEAh , SVM 43 28 503 1] DL 3 oR S — 4 ™ A Ak n) 5t
PRIt AT DL 2 B0 A ek B8 4 Je) e 0 g T At 43 2
TR R Z R T 2088 2% ) 1 SRms 52 9, R otk H g
ARAG Jmy # S5 A 1 o

Clrx1x(W+H) Concat+Conv2d |
v

Clrx1x(W+H) BatchNorm+Non-linear |

C><11><1| con‘l:zd | | Cuiad |C><1><W
' '
C><H><l| Sigmoid | | Sigmoid |C><]><W
CxHx W
v

B3 CA W L i o A v e

Fig.3 Flowchart of calculation of coordinate attention

i T SVM 173 B ROCR IR AL B I T SVM
BT T C AR RSy, Hoh € JT T 45 0 2
PR RAEA IR RE L,y 0T P A ek Y B
HZ, X T SVM S8 &, H i JF A 48— 15
¥ PRI A STl TR 5 B L AL 805 (PSO) ok i &
SVM S8t fe g o FARORE, ¥ C Ry i
B AT i 0, VE S PSO 1 KL T, K 7000 RS
LEVSRER AN S QSN AR DR AR =S LNN; AR S O]

fitness (x) 2%2 (f,.(x)—yi(x))z (1)

Af fi(w) SERUIEIEN HYHH
m—— R AR AL
PSO FATE B — YR AU BT b, AN Wy 5B KL 1
C Ay BIE, B3 38 B d Rk AR U K sl 7 3 ik ]

B, BB A N

yi(-x)

v =woy ey (p—ai ) +on (g -a ) (2)
Wiy =0y by (3)
A w— WA
N A = LI KA Y
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g MR E AL %

it bR XS C My AT AW AR, B e]
ARAT AL 192 K, LR AT 54 10 K R o 5 3 26
2.3 EBFEI

AT AT 4SS 7Y vh AR AT R ) 2 80 2N, T I
B RO SRy o SR, IR R 2 B A AT 55 #8
AT LUK R 65 R B R AR BEAT N S5 0 SE RS 4 S BB
figp e IR A AR, T8 2 > AT LA ) — LB AR 25 5
BT 55— A ge ™ R [ R A 22 ] A — et
PE A B 2Z AT SR RURRAE , BT LT LA E 2 7E 3R
AR R0 A R AT 38 0 U G i A0 RS TR RE Al P X Y i
A 55 FEAT FHIN SR, X BE AT LAk 31— A B4 1l 2Rk
RAE R SCE R . I, 8 T S A A
FRac s , [R] i DR GIEASE 0 e 307 A 55 b A RIS L, AR
SCR T M o7 1 SR AL A ASE TR - e 15 R 45 3 20 45 U
AR 7 A D A R A T % 2 ST A T 6

3 XBWEERSW

3.1 XBTEE

AT AH 19 52 36 7 5 18 4R 21554 Intel Xeon
E5 —2620 v3 4hbHH %S NVIDIA RTX3060 12 GB &,
16 GB N 1£ ; ¥ 4 ¥ 5% >4 Ubuntu 20. 04 & %; , Python
3.7 i TR BE 27 2 HEHE S Pytorch,
3.2 EEEIEAR

T REA Ry B W DY A SCHR Y O R R A
AR, RS2 A2 AR FLE 4 FFA0
FEFR" XA SCHR B9 CA — MobileNetV3 17 4 fig
Al
3.3 g

T 45 Lh MobileNetV3 Sy JE o #F 17 1 il 55 3, DA
HE IS SO 7 vk A st . RS R RS 2 )
5 ASTRN R I HLH BEAT I RS . R n AR
SCHE AR 5 Aty ik AR A AT R, S
Bt KN B Ol 32, kAR IR (epoch) ¥
200, FFA 12524 5R AT Adam f 4k 8520, 2% o) R ik
4 0.001,
3.3.1 (HRhsLE

W 3 JIHLH] CA BEUE: ¥ SE B FIHH SVM
B Softmax 4 25 2 iE 47 74 @b S0 56, &5 R ik 3
IR

%3 EHTF MobileNetV3 {8 5t 216
Tab.3 MobileNetV3-based ablation experiments %

coordinate X ) )

s . SVM g AR A FLE
attention

1 95.78 95.32 95.40 95. 36

2 Vv 96.73 96. 86 96. 27 96. 56

3 vV 96. 35 95. 49 95.44 95. 46

4 Vv Vv 97.12 96. 81 97.29 97. 04

M 3 R A S B CA 1 & B
BEHCRT SVM 5, B B ROR # A — a2 42 7, 1 7E [ 1
SR 2 Bl g i 2R 0T A O 5 R ) E A R A B
97.12% ,F1 {35 %) 97.04% , &= T Bk 5% i Hovp—
T 7 25 5 SR AT AT 5 6 4% B0, T i 7
SVM 4326 i I} 75 2 485 A9 rp 4 B 1 48 A 71570 T
SVM 4325 25 19 I 2k, BT LA Y1 5 s R) Lo 38 o A5 Y
MobileNetV3 T — 6 {H 5280 7 5545 19 43 FER0OR .
YR58 WU, R K R 35 B A7 R AR 1 I 18] A A 5
F0.91 s, 25 & T FH KT ShuffleNetV2,
2.99 x 10°, ff RAFF A B i) B & A6 7% 8l % 4 B PLBI Y
RO NSRRI TER & LB AR, Sk
B CA — MobileNetV3 Jffdi ] SVM 432K gy 42 4
PEREDL THIAA R AL,

3.3.2 Y% AN g

TRz 20400 3 7 20, 23 ) 2 R 45 B A7 4 TR
EORI %2 EEZEN 2 S 80GE®% Jri (Ful
migration ) , F i F A5 7Y 25 4 T AS ff AR Y i)l 5 =
Hory B IR J5 1 (Reuse model ) , DL K 25 25 ¥ 7 4
FRUZ B 300 J7 125 (Fine tuning ) , A SCR A T H 7R 45
BB A BUZE BB ik o 1 AR SR B
T3 BB ARNE, 43 5k iR 3 B o~ ikl
Y53 ASBLTY A # LA SCHCE JE ) MobileNetV3 5
U Shy B AR A [ 1 S 30 R0 s 45 2% 0 T kAT 5K
B, SER A R WK 40 3 FE R ) OISR S 5
RN AR A 2 WL IR 4.5,

x4 3MIBAEHMLELRER

Tab.4 Experiments of three migration methods on

test set %
PSR BT HiRTES AR TR FI {8
Fine tuning 97.12 96. 81 97.29 97.04
Full migration 96. 45 95.96 96. 29 96. 12
Reuse model 96. 92 96. 53 96.73 96. 62

MIEN 4.5 rlE h FEMFE SC 50 2600 R o 2
BT R RS BE B, T4 B O 5 R BE R A, i Lk
WSHOTER FLEWRRE 3 ATk . £22
BT R J7 kv R Y B A 0 0 2 B0 2 3l 1
INGRAR R, A e Z AT G5, BT UARXEAT £ %F
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Fig.4 Loss variation curves of three migration methods

on training set

Fine tuning
Full migration
Reuse model

20 50 75 100 125 150 175 200

AN
KIS 3 Pl A% J5 ik A 95 i A b ofE i 30 A0 A i 26

Fig.5 Accuracy variation curves of three migration

methods on validation set

PR OE AR 1) 2 8, 78 8 ISR 7 v v A AL A
RS EEALR B BB B A A SRS B B K
BF ) T A R ik AR — S ) B S BSR4 it
KB 25 15 280, S 2L & 68 0% P
F S AR S 80, AN, o T ik e R A v S
G A RRZ BEAT E T U 5, (R A S ERE 08 T 3 G AR
SCHIFFE /K R IR BT 55 o 25 SE 50 4 N84
AT AR SO 9 00 B 7% 2% 20 O ik Le At 2 F
e TR AR
3.3.3  R[FEIEE S HLED SR

TEIA M I L, SE B (ECA £ H Fil
CA 5 He & e % W09 3 B WL W, 76 A S,
MobileNetV3 vy SE 5% e % 46 2 m] DLl 42 7 5 150
A B CA B, R T A SO G CA B
(A R, R () S 30 5080 A+ () A 780 285 ) R HG At 2%
T % B ¥ 5 A 1 5 MobileNetV3 FlfH] ECA itk
¥ MobileNetV3 1 (%) SE & He (g #85 BU 17 LU AL 7E
A T) S 0 5 A () A 78 55 ) R A 25 1F T, SR T B
P BB 2 2 O 2, VIR 200 A JE 5, X 3 R )
LA 43 2 45 5 22 R ¥ 0 1 1 (1 6) 2 epT L
WA SRR R, Hrh, EX AL L
TR W IE 0 o R AR . L4

6 3T MobileNetV3 Al AN [a] 7 7 1 ML 45 31 59 18 5 S0 14

Fig.6 Confusion matrix obtained based on MobileNetV3 with different attention mechanisms

LU SR

%5 ET MobileNetV3 iR [ 5 1 4l 3 b K36 45 R

Tab.5 Comparison experiments of different attention

mechanisms based on MobileNetV3 %
5k HER R R AR F1 {8
SE 95.78 95.32 95. 40 95. 36
ECA 96. 35 96. 33 96. 10 96. 21
CA 96.73 96. 86 96.27 96. 56

M S A W, o T T oG R B U
BB T CA BB gy B8 B0 73 K B FL (% A0 8
B 3 BB  R AR R R B ] T CA
R B A TR AR A T A AR B BN R T R A AL

PLEEE R OCHER R AR LB A T T RAE i
W46 A5 A MobileNetV3 ( B2k A SE #i3k) i 73 S8
JEF F1{E K. BT SE #LH R ECA B AR 2w
ISR ES PO ey N S i L VAN DS W T O
R 3 W 30 3 R T A M 2 A — 4 R AE S A
FE B TR R KSR T AR IR X K R AL bR
17 B A5 B A 3K, PG el B SE R ECA A58 B i) A5
R AR,

6 TR VA B I B SO BT T 3R 1 i
ANFVREAS  TE X ) 26 0 B0 i R T 55 R R AR IE 0 43
Frgcat . M 6 FIE R CA BHLIE #7325 1 B0
SERZ N RTAEA h (A5 B ) hh 6 S FEAR B
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4o % BT MobileNetV3 1 7K Fi o5 25 P 1) 451 AU 223

FEDRIRIIREA T (@R B ), Al el THEA h 1y
o RFAEAS G W] 2, O @ AR 80, BRI LD IR R AT
SRULEF LW T EHE R HEA b SRS AR AE
A BRI , (B R R A 73 28 A AR ATS AR L 5 mT WL, H:
b 25 TR (Lt A — A 50 i 1) 0, 3 P TR D5k
REN R Yo

Xt HB 395 T AR AT R A AL B AT AT L
T UL B AN [] 3 35 0 AL ) B A SG E A DX I,
BT BT R %7 Tk i T B R A S s e
( Gradient-weighted class activation mapping, Grad —
CAM) S2BE . HilE 7 al &y, CA FERIIHLE L 7
Hb 2 A3 38 T 7 BL ] T RE G T o TR L Ay
R, X 2 N O CA TERE ST HLEI B 2 A FF A7 1) —
AEFFAE S i FE T LA RO A 4 8] AR AR AR B R G F)
A SR PR, DT ol A4 A5 T8 i A 5t 7 o TR
T ISR Y X 52

(a) Bz (b) {EHCARLEL (c) fHHECARIH: (d) i HSERAH:
K7 3 s 2 S ALl Ak 4k
Fig.7 Visualization feature maps of three attention

mechanisms

3.3.4 [ HN S5

16 B 1% 4y 25 ) B 1, ShuffleNetV2'™ Al
MobileNet F 51| Jg& 2 A~ b €6 1) 5 0 206 FUM &
W 2%, BT LLER Ol 4% 5 AR B A B 8 ik & b
AlexNet'™ VGG — 16" Fil ResNet — 50" J& 3 57 AT
55 i A AR 1 4 BRI 28 I 4%, E 98 43 2R AT
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Tab.6 Experiments of five models on test set

FERF/ MEWR AW A4 FL{H/
ik S ) ) )
s B/% B/% K% %
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