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Extraction of Dead Trees from Shelter-Forest Based on
UAYV Multispectral and SOLO Model
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Abstract ; Aiming at the decline of three-north shelter-forest caused by low mixed proportion of tree species, insufficient
irrigation , uneven spatial distribution and frequent occurrence of diseases and pests,a method of extracting dead trees based
on SOLO generated by UAV multi-spectral band under few-shot is proposed in this paper. The UAV is equipped with a
Micro MCA12 Snap multispectral camera to obtain high spatial resolution images, derive and labele samples of multispectral
visible bands(band 5,band 3,band 1). Based on the selected top 10 band combinations according to the best exponential
factor ,the dataset is expanded, and finally dead trees of shelter-forest are extracted based on the instance segmentation
SOLO model. The experimental results show that with the addition of health tree samples,the SOLO model AP based on
ResNet-101+FPN is increased from 61.3% to 63.8% ,and the combined ResNet-50+FPN AP is increased from 60.7% to
63.6%. At the same time,the effectiveness of this sample enhancement method is further verified.

Key words: UAV multispectral image, optimal exponential factor, sample generation, SOLO model, dead tree extraction
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Fig. 2 Partial display of instance segmentation effect based on SOLO model
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