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Abstract: Objective Due to the combined effects of climate change and human activities, the frequency and scale of forest pest

disturbances have been continuously increasing, significantly affecting the structure and services of forest ecosystems. Accurately

identifying regional forest pest disturbances and analyzing their spatiotemporal characteristics of outbreaks are of great significance for the
protection of forest ecosystems. Method In this study, based on Landsat 8 satellite annual time series data, with Chaoyang City in Liaoning

Province as the study area, we comprehensively analyzed the separability of forest canopy temporal spectral characteristics for fire, logging,

and forest pest disturbances. Adjusting the control parameters of the LandTrendr algorithm improved the "sensitivity" of extracting weak
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forest disturbance information, and ultimately, the random forest algorithm was used to extract the spatiotemporal information of forest pest
disturbances from 2013 to 2023.Result The results showed that: (1) The temporal spectral characteristics of mediumé Eolution satellite

images can effectively distinguish fore disturbances from fire and logging in Chaoyang City, providing a Qasi: ing regional
forest pest disturbances. (2) Te &afellite images can effectively extract spatiotemporal information ariels and be used
for forest pest disturb Mification. The overall accuracy of forest disturbance identiﬁcatiw\@ﬁsp{@u ba méfjkoring in this

study were 0. 3ﬂ 1, respectively, with Kappa coefficients of 0.785 and 0.850. (3) F@k‘dl s § g City are mainly

ﬁs’a ons, primarily occurring in Jianping County and Lingyuan City in the west, cow)@&or 67.97% of the total pest
disﬁance area in the city. The forest pest disturbances in Chaoyang City exhibit an "intermittei%’\é reak phenomenon in the temporal
dimension. Conclusion The study results can provide data support for forest manage offer methodological references for the

classification of different forest disturbances and the spatiotemporal monitoring of ‘%@ﬁ st disturbances.

due to,

Key words: Forest pest disaster, time series data, spectral analysis, LandTrendr algorithm, random forest algorithm
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