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Abstract With the development of artificial intelligence, vision perception technology provides new
methods and implementation ideas for the control of forest pests. In this paper, a forest pest identification
framework based on depth perception neural network is proposed to detect and identify Scolytidae . The detection
system contains feature pyramid structure, deformable convolution structure and non maximum suppression,
which the pest identification model is 96.32%. Compared with traditional methods, this method can accurately
identify forest pests and effectively reduce the consumption of unnecessary resources.
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Fig.2 The collection methods of image
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Fig.4 General framework of forest pest identification algorithm



A H I . JET ResNet W45 1/ NGE HUR SIS 127

il Filil &l

Pl 5-1 BURPAIE T Bl 5-2 & FFIE TR
Fig.5-1 single feature map Fig.5-2 multiple feature map
[ 5 FHEFREUTR N 4544

Fig.5 Feature extraction and prediction structure
132 BERLEZH el FERVPUINES P 5 —
DRPR R An ey b 2 H AR e, AR 58 B
PRI A N RS 1, S BOHTE ISR 4 st b 22
IRAER AP b ) 3 BUBARAZ A =AY T Ip ik 2
PEAT RCAG G 0, T8 0 O A AT R R
A Ei e B S P RE 22 1Y A0 & Aol 5 HURT RE HY IR
ARARAE B s SR T T AR T B AR A L
RO, RTARMAERELSL, AR
TN, DT TETEAR L B8 58 bl 3 s el
b, AU 28 rh g | A— 222, il K
2% LA 3 N BRI 05 30 R A AR BUE B AR, AT
BGRB8 AL T A2 3 W BE T

AR B A RAE Sl o X B & p, B
R i i, Zad 2SR wEE ER
FRFEAE AT LA i T 2

y(po)= 2 w(p) X (Po+p,+AD,) . (4)

pyER

ot {Ap, [n =10, N i 8 9 5 B
i, N BRI Gk RO
mts &
(& 11
B 11
Y N =
ms B
T e
== ~
i NFFAIE o AR AE 1

E 6 LB RTIILTE
Fig.6 The realization process of deformation convolution
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Tab.1 Quantitative table of forest pest detection algorithm
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