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Abstract: Objective Accurate monitoring of forest resources at the individual tree level is fundamental for forest ecosystem management.
Unmanned aerial vehicle (UAV) visible light (RGB) imagery provides a cost-effective and high-spatial-resolution data source for these wide-
area monitoring tasks. High-spatial-resolution imagery comprehensively records the fine contours of trees and the background habitat of the
forest. Utilizing panoptic segmentation technology for unified interpretation enables the synchronous extraction of all forest elements.
Nevertheless, interpreting highly closed-canopy forest scenes remains a critical challenge. Traditional deep leaming approaches often
decouple semantic segmentation for bac ound elements and instance segmentation for individual trees, ]eadmg evere pixel-level
classification conflicts and spatial t, consistencies. Furthermore, the limited spectral information in GB
severe spectral confuswn &g'cent trees. To systematically address these challenges, this study %IF&QS < o-
segmentatlon mo g SC Mask2Former. Method The proposed FSC- MaskZFormer

mtrodu § rchitectural improvements tailored to the unstructured features@

FTA) module is incorporated into the feature extraction pathway to compensate fo

quently causes
orest panoptic
baselme by
qu cy-domain Texture
icro-texture details caused by
spatl 1 downsamphng, essentially functioning as a learnable high-pass filter in the feature space @Xﬂn critical edge gradients. Second, an
Instance-aware Query Contrastive (IQC) head is integrated at the output of the Tran
distance between spectrally similar tree species, imposing an anisotropic constrai &

decoder to maximize the inter-class feature
feature distribution to enlarge decision boundaries
and fundamentally suppress category assignment conflicts. To evaluate the model, a densely annotated dataset was constructed using UAV
RGB imagery from Gaofeng Forest Farm in the Guangxi Zhuang Autonomous Region, supplemented by data from Genhe City in the Inner
Mongolia Autonomous Region, Jixi County in Anhui Province, and Hengzhou City in the Guangxi Zhuang Autonomous Region to validate
model transferability.Result Comprehensive experiments demonstrate that FSC-Mask2Former significantly outperforms existing mainstream
networks. The model achieves an overall Panoptic Quality (PQ) of 57.0%, a substantial gain of 11.0 percentage points over the baseline.
Most notably, the foreground Recognition Quality (RQ) reaches 56.0%, representing a 12.0 percentage point increase. Visualizations

confirm that FSC-Mask2Former effectively separates touching instances in high-canopy-closure forest areas, precisely delineates boundaries
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