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Abstract: This paper proposes a pest recognition model based on lightweight DCP — ShuffleNetV2 to solve the problems
of high complexity of model, large amount of computation and reference. The model is improved from feature extraction,
feature fusion and lightweight. Firstly, to learn context information effectively, the Pyramid Split Attention ( PSA)
module is introduced to extract multi-scale spatial information and cross-channel dependency. Secondly. to enhance the feature
fusion capability, the Stage module of the benchmark network model ShuffleNetV2 is modified to Cross Stage Partial
(CSP) structure. Finally, to compress the number of parameters and computation, the regular convolution is replaced
by dynamic convolution for the model. In the experiment, a data set of Forest 30 was constructed in the “Millennium Xiulin”
of Xiong’an New Area. The experimental results show that the pest identification accuracy of the DCP— ShufflenetV2 model is
92.43%, and the number of parameters, computation amount and memory size of the improved model are 0.13 M,
24.53 M and 9. 53 MB, respectively. Compared with the ShufflenetV2 network model, the pest identification accuracy of
the improved model increased by 3. 11% , and the reference number, computation amount and memory size were reduced by
62.83%, 42.48% and 15.13% ., respectively. Compared with the current commonly used classification model, the
average recognition accuracy is increased by 5.39% , the number of parameters, computation amount and memory size of

the improved model are reduced by 14. 32 M, 1 035. 80 M and 35. 98 MB on average.

Wk B9 2023 44 A 13 H B lul H 2023 4 6 A 5 H

* FEEIE . FHEK HRPI ARSI E (32171799) 3 10 644 MOl A & 5B #2431 %130 B (2001023)

S E R, B L1998 4E A LA E N L AR WF ST AR s BE ST O 1) A A 4B B 15 ) . E-mail: 1137618513@ qq.com
WIRAE R LR, £, 1971 4R 4R WL O N B L o2 W58 07 17 R f5 B Ak . E-mail: wkj71@163.com



%13

BRI 4. BT DCP—ShuffleNet V2 4 5% £ 2% 25 bk 48 51 )y = 191

Keywords: pest identification; DCP— ShuffleNetV2; attention mechanism; CSP structure; feature extraction

0 3l

FEMO A FAEY 24 K A A 12 784, 5 khm
I 10 AR A TR R, Ho AR AR U (5 HE 618406,
Aol HE — B AR ™ e bRl Y f B Rk R
I BEE BT BUE S W R A MOl AR S R S
T EE, RRESREN M e .

PRGN B335 ] 43 A A% 8 14 TR R 3 7 3 R ik
TFURBE 5 ) 0 BRI ik . A8 48 0 UG R O vk
AN R AR B 1 OB IR AT TRAL B AR S BRI
1 FERARRAE , B IS8 AR R/ IN R 8 55 L 4 U ik
A5G /N SR AE e | JR 5 (B AR 20 LBP . B 3 A K R
CCM HUK B A2 46 FE GLCM 25, 9K Jm B 42 B 5 fiF
AV I HLER 2 ST BRI EAT 0 R0 s
SOV HR T A T IR /N I Sl 0 B AR A R S [ 3 £
AR DL SOR IR FRAE 20 G BURRAE ] 5 ] SVM 4328
AIEAT 5 28 A H AL B S PR TR AR BT 35 L FE R AE T 5
AN R SRR R T 17 A A AR
& E AT AR CELE R BG AT K A B
i R A5 2R e T 0 4 b AR AR 40 $2 IR A 5
PEATAY 2 SR B 91. 7%, R 7 B AR R 4R
B v s B AR B 3 3 i 3 G 32 0L L T B R AE
P18 9 A RO T 50 4 Y B8 ok U R A R AR
fIE W] R T ZE B R .

HH LG AL Be A BILER 27 >0 B0, il 25 B0 o 1 s 1 =X
B AT AL RE AR T IR E 2 S Bk Z B HH
[, 38 A P 5 AR 22 2% CONIN [ 3 42 B PR 4% J2
ik, Dl 3 3 1) 07 28 A 3l o8 0 2, BRI i B
PR, LR B T — b U R Al
2908 5 SR 2R B R AE 6 [ Y 181 i B T B RG
JE A 93.81% ., Wei SR T —Fh 3L F 2 KRB RHE
fill & (MFFNev) AV E Y 3 B J5 i, X T 12 R 1
Wy R A R E RIS A T 98. 2% . Khanramaki &5
HE R T AlexNet, VGG16 ., ResNet50, i i # 2% > #E47
TYNZE IS B2 2T B B vh A B e A 25 1 iR R
Xt F A0 E UL AT R v A R AR B 99. 04 %0, M F
il CNN J5i: . Yang 560738 2 5 /N 09 T 55 LA A 280 b
Bt SqueezeNet FER, YRR AE TP102 | ¢ 2 R 514
B VL SR AR TR 25 2. 3%, T B AR B

UG FIRTRBE 2 ) S A RUIE 55 oA B Ar
RN AELR 2 T BMOIL F BUU A T 3 5 R 22 ik
AR H B 2h 15 A5 1 1 BB 2R L A i o B R Az B
(EREN: 1PN e EA T RNE 2§ N N S =N

il

BELE LR B R A I 0T R R A A A A
I3 —J7 HAE H AR B vh 2 80H Jupy R 90 6, 5 15 R R B
P ICARARL, I H 2 1] 25 S /0N B R 5 BEAE AR 2 i A5 B
T SR AR SCHE MR B R AR RS B G B2, R, 4
Al FECRUEAE R R A I O T BT T2 5 Ah 2 B bl 448 ) 45 A
TR 7 P 28] 52 o P 5 v L 28 ol g 0% 5 A 14 ) BT

B X i e ) 1, AR SRR H—Fh 5T DCP— ShuffleNet V2
(R 5 B G0 AR O 1k S RE 8 A DR A 2 e 1 TR 1 9
FRIE LT i — 20 h MR R S B TR

1 REHERES 4 E

1.1 EHBEGRETEEHE

H Tl 2 BEAS , R BE 2 2] 76 ARl 35 s 3L v i Ry
Faz %) ™ 5 R L b 30 28R AR 3 B 4
Forest30, B R 4 Hb o5 0 M 22 37 X “ T 4F 75 Ak
(39.005 156°N,116. 047 255°E), 1£ @ SR G FR 55 F fif
FHEH FIF K 19 APP i % 47 IX T 4F 75 bk A W 0 & &
7R AR 30 28 B, & 22 100~150 5K IF A 3
& & 55 2% i 1 iR

Internet
[Foarp R =6 HEamEz5]
WIF1/4G

E1 BERERRE
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Tab. 3 Performance comparison of different models
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Fig. 9 Comparison of thermal activation diagrams

with different attention mechanisms
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Fig. 10  Effect diagrams of pest identification applet application
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