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Fig.3 Structure of MobileNetV2 model

1.3 ECAEE AW HIELR

AN TR AH A7 3 R 28 1) DX A3 R AR rp AR AR TS 35
S DX REAE DX RN I FLRRAE 22 A B
SECE AU SR R A 38 T AR 2 R R R
T S ML BE A 8% T e 3 e X 0 R E 4 A
F1(E4).

: ko i
et (= §
9 — | I= ) - !

NI | 1x1xC =) xixc o T

. ’ |

-+l

7
E4 ECAtEHRZEHE

Fig.4 Structure of efficient channel attention
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Fig.5 Structure of citrus pest classification model
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Table 1 Test results of 4 classification networks

A=

(5)

(6)

2.1

in citrus pest data set %
Fi iy Hif A I FEJLES HIHIIES
Model Precision ! Recall Accuracy
MobileNetV2 92.17 91.77 91.62 91.95
Googl.eNet 92.24 92.13 92.12 92.19
ResNet18 91.28 91.09 91.11 91.23
ECA _MobileNetV2 93.96 93.68 93.59 93.63
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PR I 2RRETT
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BRI N . LR AFPBAY () 2400 7 s B
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Table 2 Complexity comparison of 4 models

it B g T RIS TR R/ MB

Model Params FLOPS Model size
MobileNetV2 3.50x10° 327.49<10° 8.71
Googl.eNet 6.62>10° 1511.3310° 38.1
ResNet18 11.69<10°  1824.03x10° 42.7
ECA _MobileNetV2  3.50<10° 328.0610° 8.72
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Fig.6 Class activation heatmaps of MobileNetV2(A) and ECA_MobileNetV2(B) model
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Fig.7 Display diagram(A) and operation flow chart(B)
of classification and identification system

MG F BRI RE D FEE NG FER
gt ER AL BERLHE TR R B 45 2R 4
PO RS, ARG A B AT, 7T DL $%
o BLAA S 3 SR R AR sl s T-HLAR D P 9
Oy R AR AR TE T L Y TR B o ) AL
ECA_MobileNetV2 X b 1% 5 247 F0 , 345 F il
P2k HL AR S 5 T B 2 9. 224 73R [B] = R G 7
TR AR B REFERS 22.0 ms, 15 A2 U0 A TR
S PERT R o Zead R epLl, AR R g n] v
J PR A A R S A SR RO R 55, S AR
BN R YRR P EY S R S
3 i #

ABFFELL 10 JEMH & BB 4, Jiek 4 191
5 T LR A A AR T dO A OF X SR A A
PRI 9807 v SR THEE R IZ AL RE 0 AR T oA
R AR BT R I 2% BT Y AU

FH A 1 3 P2 3 T 25 5. o 7F MobileNet V2 #5571 )
FLhb FA N ECA &= i #LHl , 2T ECA _ Mobile-

NetV2 & T 1 AR % 3 R se U0 TR . ACHt
58 ECA _ MobileNetV 2 5 %1 75 5 sl {4 i 4
IS UE 1 R 5 B 93.63%, i A T Y 4> K RE T
ResNet18., GoogleNet, MobileNetV2 iX 3 Ffi #5 £l |
ECA_ MobileNetV2 BRI S 40 77 518 B EORITEL
TR /NG5 3.50 X 10°,328.06 X 10° 1 8.72 MB , H
0 5 2% B W 155 T MobileNet V2 B B i) & 24 i | &
GHE ThSITE & T, R ECA HEEIIHLEITE
AN IR AT 2 BE IR AT T BEAT O848 I 45 %)
DX A R AE B ICRE ), 1 AR R 1 5 R
SRR RN G A TR A

AR5 38 2 P AT A i o B AR B A A
bt b2 R R YRR R ) X A T E
P56 R B T R T LA L, SR ECA
TR AL RE A2 Jin i 5 HURRAE AR, AR AR SN 2K
1 3 HURFAE , R B RAAR L A AR A A R, 9/ 75 S A5 3L
b PR AR S AR 1 T . AT B E R
ik &R A F KRG, I ECA. Mo-
bileNetV2 B B L R G . Gl & &l
R, LR G B ARG E 2 OiEe, 0F H R G R0 #
PRSP Bk R 22 ms, il AR 5 R
S A TR

2 % 3 ik References

[1] AR BRI AE , W 2  FR AT AR > & e g stk e [ 7] AR e
KA 24, 2021, 40(1) :58-69.Q1 C T,GU Y M, ZENG Y.
Progress of citrus industry economy in Chinal[J].Journal of Hua-
zhong Agricultural University, 2021, 40 (1) : 58-69 (in Chinese
with English abstract).

(2] JAAEAR, 1l F 4, RN AR ISR I 2 A T A BBl
ALT] W B FE AR, 2009 (1) = 38-39.ZHOU H Z, XIANG Z J,
QIN X J.Occurrence and damage characteristics of Bactrocera
citri and its control techniques [J]. Hubei plant protection, 2009
(1):38-39(in Chinese).

(3] gkaali, BEUnk, oot , 45 A A= 7 i b i A 245 08 45 25308 172
AT (1] WAl B2, 2022, 63(2) : 206-209.ZHANG Z H,
HUANG X B, LIANG J, et al. Analysis of pesticide use and drug
trace load in citrus production base [J].Journal of Zhejiang agri-
cultural sciences, 2022,63(2) : 206-209(in Chinese).

(4] okaketE VRS, 2R, 45 b el b o 24 247305 25 e A0 1 LA
SR WIS G b B LA [T ] A 2554 5241, 2019, 21(S1) : 931-
940.ZHANG Z H,WANG W,LI H J, et al.Pesticide trace capac-
ity model for planting land and its application in comprehensive
risk rating[ J].Chinese journal of pesticide science, 2019,21(S1):
931-940(in Chinese with English abstract).

(51 ZBEEE, X, 1) f0, 45 . =l R el S 5 ot A e A /1N S5 g B



% 33

TRMSFR 55 LTI MobileNetV2 A7 3 43200 7 ik

167

[6]

[7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

KB A A T MY PRI 2241, 2021, 48 (4) + 839-847.
GONG B Y, LIU H, XIANG M, et al. Effectiveness of sticky
traps in trapping oriental fruit fly Bactrocera dorsalis and the nat-
ural enemies in three kinds of orchards[J].Journal of plant protec-
tion, 2021,48(4) :839-847(in Chinese with English abstract).
TR, BRI, TR B TLAR T AL B R AR TR
PRI LT ] OOl R %24, 2017, 39(1) :85-93. ZHANG
W Y,JING T Z,YAN S C.Studies on prediction models of Den-
drolimus superans occurrence area based on machine learning[J].
Journal of Beijing Forestry University, 2017, 39 (1) : 85-93 (in
Chinese with English abstract).

SO, AR R 22 85, 45 T 900 AdaBoost 43 28 R 1R AF
Py i RN TE LT, P R WLAGAE 4R, 2019, 40(8) 127~
131. LU L J,KUANG Y C,CHEN L X, et al.Research on pest
recognition based on cascaded AdaBoost classifier [J].Journal of
Chinese agricultural mechanization, 2019, 40 (8) : 127-131 (in
Chinese with English abstract).

P R A ST N A i RS B Uk AR
IR P F 5 [T ] [ R 2l 4, 2014, 30(28) - 72-75.
YANG S X, ZHAO H Y, BAO X H. A study on the forecast
model of Dendrolimus superans butler occurrence based on artifi-
cial neural network [J]. Chinese agricultural science bulletin,
2014,30(28) : 72-75(in Chinese with English abstract).
TS, R, EAGE , 5 TR T YRR CART B33 ) 1t 7 95
TR 53 B7 (7], AR AR, 2022(1) :45-47 HAN Y H,CAO
L J,WANG Y Q, et al. Analysis of pest prediction model based
on decision tree CART algorithm [J]. Modernizing agriculture,
2022(1) :45-47(in Chinese).

PO R I AN TR EC KRS B I (D] R AT
B B A K2, 2013.HUANG J R.Detection of Craphalocrocis
medinalis Gene and Nilaparvata lugens (stl) damage in rice us-
ing spectral data[D]. Nanjing: Nanjing Agricultural University,
2013(in Chinese with English abstract).

LIW Y,ZHENG T F, YANG Z K, et al.Classification and de-
tection of insects from field images using deep learning for smart
pest management: a systematic review [ J/OL]. Ecological infor-
matics, 2021, 66: 101460 [2023-02-10]. https://doi. org/
10.1016/j.ecoinf.2021.101460.

LI W Y, WANG D J,LI M, et al. Field detection of tiny pests
from sticky trap images using deep learning in agricultural green-
house [J/OL]. Computers and electronics in agriculture, 2021,
183: 106048 [2023-02-10]. https://doi. org/10.1016/j. com-
pag.2021.106048 .

GINES R BT H L4 T CNN-Transformer A9 4L 5 Bi
Bt o ek Tr i [T ] AR PRl R 22241, 2022, 41(4) £ 168-169.
AN X S,SONG Z P,LIANG Q Y, et al. A CNN-Transformer-
based method for sorting citrus with visual defects[J].Journal of
Huazhong Agricultural University, 2022,41(4) : 158-169(in Chi-
nese with English abstract).

FRAKS , 5750, e, 45 B T B e I 25 11 5 sl 432 [T ].
rhEAAL AR, 2022,43(11) :188-194.CHEN J Q, WEI D P,

[15]

[16]

[171]

[18]

[19]

[20]

[21]

[22]

[23]

LONG T, et al.Pest classification based on convolutional neural
network[J].Journal of Chinese agricultural mechanization, 2022,
43(11):188-194(in Chinese with English abstract).

ZHONG Y H,GAO JY,LEI Q L, et al. A vision-based count-
ing and recognition system for flying insects in intelligent agricul-
ture [J/OL]. Sensors (Basel, Switzerland) , 2018, 18 (5) : 1489
[2023-02-10].https: //doi.org/10.3390/s18051489.

SLLTHG RREAR  TIME 55 0 200 5 22 ROBERFIE RS 7K B
IFEEAETERRIN [T ]. A0l TR, 2021, 37(23)161-168. XTA H
M, ZHAO K D, JIANG L H, et al. Flower bud detection model
for hydroponic Chinese kale based on the fusion of attention
mechanism and multi-scale feature [J]. Transactions of the
CSAE, 2021, 37 (23) 161-168 (in Chinese with English ab-
stract).

AR 255\ B4 AU 1 B T HLI Y Xeeptions Aol 3 R
BIPELT] AR B AR 55 B4k, 2022(6) : 46-51. SHEN H F.
Xceptions forest pest identification method combining octave con-
volution and attention mechanism/[J].Information technology and
informatization, 2022(6) : 46-51(in Chinese).

AT BB, BRUEEE, AF | 1) OB 22 38 591 g He U1
AR (1], Al T 2 4, 2022, 38 (8) : 169-177. WEN C J,
WANG Q R, CHEN H R, et al. Model for the recognition of
large-scale multi-class diseases and pests [J]. Transactions of the
CSAE, 2022, 38 (8) : 169-177 (in Chinese with English ab-
stract).

LR R, w5 E T U ShulfleNet V2 58 (1 7%
o HUE U T 8 ] A LR 41, 2022, 53(12) £ 290-300
PENG H X,HE HJ,GAO Z M, et al.Litchi diseases and insect
pests identification method based on improved ShuffleNetV2[T].
Transactions of the CSAM, 2022, 53(12) : 290-300 (in Chinese
with English abstract).

XBEAR IR AT, 4 LT Ak 2 T I e I A
DI RAL B RS [T]. B 5 B S5 E AR, 2023, 21
(1):47-53.L1IU X H, YANG C Y,XU R Z, et al.Location priva-
cy protection of smart grid MEC based on reinforcement learning
[J]. Electric power information and communication technology,
2023,21(1) :47-53(in Chinese with English abstract).
SANDLER M,HOWARD A,ZHU M L, et al.MobileNetV2:
inverted residuals and linear bottlenecks [C]//2018 TEEE/
CVF Conference on Computer Vision and Pattern Recognition,
June 18-23, 2018, Salt Lake City, UT,USA.Lake City: IEEE,
2018:4510-4520.

WANG Q L, WU B G, ZHU P F, et al. ECA-net: efficient
channel attention for deep convolutional neural networks[C]//
2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) , June 13-19, 2020, Seattle, WA, USA.
Seattle: IEEE,2020:11531-11539.

WRZS  IKRIR AL 4 55 1AL 3 d R 2 e e J 220
A A LT e AR B2 2013, 52 (16) - 3827-3835.
YANG J J,ZHANG Q D, PENG C H, et al.Preliminary report

on general investigation of Citrus pest species, occurrence and



168 LRI I NI <3 4 842 %

damage characteristics in Hubei Province [J]. Hubei agricultural scale very small object data set of agricultural pests for multi-tar-

sciences, 2013, 52(16) : 3827-3835(in Chinese with English ab- get detection [J/OL . Computers and electronics in agriculture,

stract). 2020, 175: 105585 [2023-02-10]. https://doi. org/10.1016/;.
[24] WANG Q J,ZHANG S Y,DONG S F,et al. Pest24: a large- compag.2020.105585.

A classification and recognition method for citrus insect pests based
on improved MobileNetV?2
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Abstract Pest infestation reduces fruit quality and causes economic losses. Accurate identification of
citrus pests is conducive to pest control. However, as the features to distinguish these pests are not obvi-
ous, manual classification is time-consuming and labor-intense, while advanced algorithms have high com-
putational costs. Therefore, it is necessary to develop lightweight and accurate identification tools. In this
article, a data set of insect pest images containing 10 types of pest images that are most harmful to citrus
was constructed. A network featuring lightweight and high precision was developed based on MobileNet-
V2 and the attention mechanism ECA. Moreover, an edge computing APP was also developed that can be
run on Android phones. The ECA attention mechanism was embedded in the tail of the anti-residual struc-
ture of the improved MobileNetV2 network to enhance the cross-channel information interaction ability and
improve the feature extraction ability. The results of testing showed that the ECA_MobileNetV2 model
had a classification accuracy of 93.63% for citrus pests, 1.68, 1.44 and 2. 40 percentages higher than that
of the MobileNetV2, Googl.eNet and ResNetl8 models, respectively. The parameter, FLLOPS and size
of model was 3.50X10°, 328.06X10° and 8.72 MB, respectively. Its complexity is only slightly higher
than that of MobileNetVZ2, and it can run in the form of edge computing on mobile phones. It is indicated
that the developed intelligent recognition tool can quickly and effectively classify and identify different types
of citrus pests.

Keywords citrus; citrus pest; deep learning; attention mechanism; MobileNetV2; citrus pest moni-

toring
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