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Abstract: Objectives: Point—annotation—based weak supervision can substantially reduce the cost of pixel-
level labeling for remote sensing image semantic segmentation. However, the supervision signals provided
by point labels are extremely sparse, which often leads to insufficient category—level semantic representa-
tion, blurred object boundaries, and omission of small ground objects. Meanwhile, complex urban scenes
contain diverse land—cover categories with significant scale variations, irregular spatial distributions, and in-
tricate boundary structures. Single—source remote sensing imagery is usually insufficient to fully characterize
the spectral, textural, and spatial structural features of different ground objects. Therefore, integrating
complementary information from multi—source remote sensing images has become an important direction
for improving semantic segmentation performance in complex scenarios. Nevertheless, the existing multi—
source weakly supervised methods still lack sufficient joint modeling of local detail complementarity, global
semantic interaction, and boundary structure constraints. To address these challenges, this paper proposes
a detail-global feature fusion and structure enhancement network (DGSE-Net) for multi-source weakly su-
pervised remote sensing image semantic segmentation. Methods: DGSE-Net consists of three main parts,
including multi-scale feature extraction, scale—adaptive feature combination, and decoding output. First, in
the multi-scale feature extraction, the image encoder of segment anything model (SAM) and a ResNet18
encoder are employed to extract multi—scale features from the primary source data and auxiliary source da-
ta, respectively. Second, in the scale-adaptive feature combination, a detail-global multi-source feature fu-
sion (DGCF) module first models local spatial detail complementarity and global semantic interaction inde-
pendently at different scales, thereby improving the consistency and discriminative capability of multi—
source features. Then, a structure—aware edge enhancement (SAEE) module introduces Sobel edge priors,
neighborhood-weighted denoising, shallow local convolution, and deep window attention to strengthen
the representation of object boundaries, spatial structures and small targets under weak supervision. Third,
in the decoding output, a cross—resolution feature integration (CRFI) decoding module is adopted to pro-
gressively aggregate the enhanced multi—scale features, recover spatial details, and generate semantic seg-
mentation results. Point-annotation—based weakly supervised experiments are conducted on the ISPRS
Potsdam and ISPRS Vaihingen datasets. Results: Using only 0.01% pixel-level point labels, DGSE-Net
achieves higher segmentation accuracy than the comparison methods. Ablation experiments further verifly
the effectiveness of DGCF, SAEE, and CRFI, demonstrating that local detail enhancement, global cross—
source semantic interaction, structure—aware edge enhancement, and cross—resolution feature integration
all contribute to performance improvement. Conclusions: The experimental results indicate that DGSE-
Net can effectively exploit complementary information from multi—source remote sensing data under ex-
tremely sparse point supervision, providing an effective solution for fine—grained semantic segmentation of
high—resolution remote sensing images with low annotation cost.

Key words: weakly supervised semantic segmentation; multi—source remote sensing images; point annota-

tion; feature fusion; structure enhancement
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Table 1  Accuracy Comparison of Different Methods
on the Potsdam Dataset/ %

JARTE bR %25 IoU
PONEAIRES N 23
OA ToU R § TR
mlo K iR Hiv A At

HRNetv2  80.44 53.70 70.95 14.54 67.94 49.87 65.20
UNetFormer 6.32 40.39 48.86 0.69 47.49 41.02 63.90
DBFNet  79.05 50.47 69.26 10.08 62.26 46.98 63.75
AESAM  81.29 52.48 67.75 8.72 57.37 60.98 67.57
CMFNet  74.15 42.11 63.52 1.15 47.51 41.91 56.47
FTransUNet 75.63 43.99 61.48 8.65 40.21 48.21 61.41
PAMSNet 80.16 52.72 69.63 16.27 62.36 50.80 64.55
DGSE-Net 82.69 54.07 72.20 9.15 65.72 55.72 67.55
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Fig. 4 Visual Comparison Results on the Potsdam Dataset
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Table 2 Accuracy Comparison of Different Methods
on the Vaihingen Dataset/ %

JS¥IN 2N %29 ToU
X H s s Nifs (53
OA ToU g i
mlo i Jzi50h i N

HRNetv2  77.25 55.12 66.62 74.04 49.24 64.35 21.33
UNetFormer 78.98 56.68 69.20 76.57 50.15 66.25 21.24
DBFNet  76.58 54.63 65.76 73.87 48.83 63.05 21.65
AESAM  77.78 57.72 66.57 77.12 48.77 64.00 32.16
CMFNet  75.59 52.01 66.19 73.33 44.30 62.07 14.19
FTransUNet 78.66 58.60 66.90 79.83 47.94 66.58 31.77
PAMSNet 80.46 61.00 71.30 80.94 54.67 65.81 32.29
DGSE-Net 82.19 63.46 73.51 82.71 56.59 69.27 35.24
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Fig. 5 Visual Comparison Results on the Vaihingen Dataset
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Table 3 Ablation Experiments of DGCF and
SAEE Modules/ %

JERUN RN %25 ToU
DGCF SAEE Wi %
OA  mloU o #HR L RRORE
K 1 ik
78.41 56.46 67.60 79.28 52.81 63.05 19.58
NG 80.83 59.27 74.47 80.97 54.83 64.70 21.38

v 80.00 59.59 71.43 80.75 51.41 66.26 28.09
NG V8219 63.46 73.51 82.71 56.59 69.27 35.24
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