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Multi-Scale Residual Edge-aware Fusion Model for Weakly Supervised Hyperspectral
Classification in Desert Grasslands

WANG Sen, BI Yuge”, HE Changbin, HOU Zhanfeng, NIU Jingjie, LIU Yaxuan
(College of Mechanical and Electrical Engineering , Inner Mongolia Agricultural University , Hohhot 010018, China )

Abstract: Hyperspectral land-cover classification in desert grasslands faces two major challenges, i. e. , heavy reliance on manual la-
beling and inaccurate boundary recognition. To address these issues, this study proposed ResSpec3D-Net, a weakly supervised clas-
sification model that integrates multi-scale residual and edge-aware structures. The model builds on the U-Net framework and incor-
porates a simplified Res2Net module for multi-scale spatial-spectral feature extraction. To further enhance joint spatial-spectral rep-
resentation, a lightweight 3D-LDC Block—composed of 3D depthwise and 3D pointwise convolutions—was introduced. In addition,
an entropy-based edge-aware loss was designed to capture uncertainty in boundary regions, improving boundary recognition without
requiring pseudo-labels. Experiments on 15 desert grassland hyperspectral plots showed that, with only 1% labeled pixels per plot,
the ResSpec3D-Net model achieved an average O, of 98. 5%, Kappa of 97. 8%, and F,-scores of 99. 5% for vegetation, 97. 1% for
litter, 97. 8% for bare soil, and 99. 8% for others. Ablation studies confirmed the contributions of each module to accuracy and ro-
bustness. These results demonstrated that the proposed model maintained high boundary sensitivity and classification accuracy under
low-annotation conditions, offering a promising approach for hyperspectral remote sensing applications in the desert grassland ecolog-
ical monitoring.

Key words: Hyperspectral remote sensing; Weakly supervised learning; Edge-aware ; Multi-scale residual ; Desert grasslands; Land-
Cover classification
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Fig. 1 Spectral curves after ground-object correction
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Fig. 2 Technical framework for hyperspectral land-cover
classification in desert grasslands
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Table 2 Results of the ablation experiments

Bl#  Res2Net 31_15(3 Edge—aware Loss 0,/% Kappa/% F 1% il /s Z 4t /MB
1 N 96. 8+0. 5 95.7+0. 1 95.220. 1 33.0+0. 6 0.07
2 N 97.7+0.5 96. 80. 4 97.0+0.6 33.420.3 0.07
3 N 98. 1+0. 3 97.120. 1 97.3+0.5 33.2+1.2 0. 06
4 N N 99. 1+0. 3 98.5+0.9 98. 8+0. 7 32.5+0.6 0. 08
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Table 3 Average classification accuracy of different models across 15 plots
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Fig. 7 F, -score evaluations of different land-cover classes
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