.@ ﬁ‘\i t % N S SCOPUS, Z5EHTI
~ - A E., REE E

Journal of Applied Optics

EH TR ZAR R EF B SR 5

Blaxm BB AFHE NF

Automatic detection method of forest diseases and insect pests based on spectral images

ZHOU Xiaoli, ZHOU Lijun, YI Lita, LIU Yu

SIHASC:

JRIGERH, IS, B8RS, S, L TOLRE IR A ARMOR HU3E A Sl B, DG E, 2023, 44(2): 420-426. DOL: 10.5768/JA0202344.0203009

ZHOU Xiaoli, ZHOU Lijun, YI Lita, et al. Automatic detection method of forest diseases and insect pests based on spectral images[J]. Journal of Applied Optics, 2023, 44(2):
420-426. DOI: 10.5768/JA0202344.0203009

TFELR I BE View online: https:/doi.org/10.5768/JA0202344.0203009

T RO HA S R

Articles you may be interested in

ETHEBAGHS EETRE M B B ISNERRE T

Depth estimation of monocular infrared images based on attention mechanism and graph convolutional neural network

R, 2021, 42(1): 49-56  hitps://doi.org/10.5768/JA0202142.0102001

ETHES T HFEXSERE R FITE

Casting X-ray image segmentation based on deep learning

I Y622, 2021, 42(6): 1025-1033  https://doi.org/10.5768/JA0202142.0602003

SEWER PAE T REB TR R AR

Remote sensing image fusion based on deep learning non—subsampled shearlet

I3 G2, 2018, 39(5): 655-666  https://doi.org/10.5768/JA0201839.0502001

FETWER Y PTNERREGIE L 53H]

Semantic segmentation of night vision images for unmanned vehicles based on deep learning

NI, 2017, 38(3): 421-428  https://doi.org/10.5768/JA0201738.0302007

SEMIEEBAVUHAE RS K TS EERE TNk

No-reference image quality assessment method based on visual attention mechanism and sharpness metric approach

13 6. 2018, 39(1): 51-56  https://doi.org/10.5768/JA0201839.0101009

Y Fast-RCNN I H A G- A0 5

Binocular vision vehicle detection method based on improved Fast—-RCNN

I3 162, 2018, 39(6): 832-838  https://doi.org/10.5768/JA0201839.0602001

PSEE (EFAVIN

Jo
S
an
e
¥
,E?t
=
il
E


http://www.yygx.net/
http://www.yygx.net/
http://www.yygx.net/cn/article/doi/10.5768/JAO202344.0203009
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0102001
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0602003
http://www.yygx.net/cn/article/doi/10.5768/JAO201839.0502001
http://www.yygx.net/cn/article/doi/10.5768/JAO201738.0302007
http://www.yygx.net/cn/article/doi/10.5768/JAO201839.0101009
http://www.yygx.net/cn/article/doi/10.5768/JAO201839.0602001

5445 5 2 W A
202343 H

Mmoot
Journal of Applied Optics

Vol. 44 No. 2
Mar. 2023

X E 455 :1002-2082 (2023) 02-0420-07

e TO6IE F B B AR AOR HLF B SR s ik

Bwem', J & F A%, 2 F?
(1. B RL IR U0 THE AR AR L SR LR AP A SR b, N SE T BT BRI T 0255505 2. 1942 W DG SABF 58 7, BV 74 %2 710065)
B BRAERARRSHAEER , BEE, REFARG P T KT XBEFHARBRET S,
BB, T A ZIL-F R AR R F, Tat R4 B se i rau, 45 P, &t
T—HEATSL2AEABRENKRARREFGREFINE, FLT —E2H0 K4, BERAMNE T
S, AR EREF T M, TR R Fom KA, R 2 RBITT 57,
XgiE: KRG AR RERAF T ZE AN
hE 5 %S TP39 SCHERER S A DOI: 10.5768/JA0202344.0203009
Automatic detection method of forest diseases and insect pests
based on spectral images
ZHOU Xiaoli', ZHOU Lijun?, YI Lita', LIU Yu?

(1. Forest and Grassland Protection and Development Center of Ar Horqin Banner, Ar Horqin Banner 025550, China;
2. Xi'an Institute of Applied Optics, Xi'an 710065, China)

Abstract: The natural forest areas in China are widely distributed and the terrain is complex. Relying on the
traditional patrol detection method of forest rangers to prevent and control forest diseases and insect pests is
inefficient, so it is difficult to find early forest diseases and insect pests in time, which may miss the best time
for prevention and control. In view of this problem, a deep learning network based on multispectral image
detection of forest diseases and insect pests was designed, and a set of detection software was developed.

Through the UAV hanging flight experiment, the built deep learning network was used to complete the

detection of infected areas in forest areas, and the detection results were analyzed.

Key words: spectral images; forest diseases and insect pests; deep learning; attention mechanism
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Fig. 1 Processing flow of forest pests detection based on

spectral images
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between healthy trees and infected trees
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Fig. 7 Detection results of close infected area
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Table 3 Results of ablation experiments
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