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Abstract: Deep learning segmentation method is one of the hot topics in the field of remote sensing
image segmentation. The mainstream deep learning methods include convolutional neural networks,
transformer neural networks, and a combination of the two. Feature extraction is an important part of
image segmentation. In addition to using convolution and other methods to extract features, recent

research has focused on some new feature extraction paradigms, such as graph convolution and wavelet
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transform. In this article, the region construction attribute of clustering algorithms is utilized, and the
improved clustering algorithm is used as the backbone feature extraction module while the convolution
and visual transformer are used as auxiliary modules to obtain richer feature representations. On the
basis of the module, a new hierarchical remote sensing image semantic segmentation network (NHNet)
is proposed. The performance of NHNet semantic segmentation is evaluated and compared with other
methods on the LoveDA remote sensing dataset. The results show that NHNet based on multi-feature
extraction achieved competitive performance, with an average intersection-to-union ratio of 49.64% and
a score of 65.7%. At the same time, ablation experiments show that the auxiliary module improves the

accuracy of clustering algorithm segmentation, increasing the average intersection-to-union ratio of

NHNet by 1.03% and 2.41%, respectively.

Key words: remote sensing images; semantic segmentation; clustering algorithm; convolutional

neural network; self attention
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Fig.1 Network structure diagram
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Fig.2 Structure diagram of feature enhancement module
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Table 2 Evaluation of metrics on LoveDA dataset

I BRRER

ik i /% KWE/% I
BiSeNet V229 BiSeNetV2 40.30 60.60 56.94
STDCL3 STDCNet 45.19 65.24 61.12
SegFormer-'*) Mit - BO 47.37 65.60 63.42
DeepLabV3+[191  MobileNetV2  49.61 67.31 65.69
SETR - MFPD)  ViT - Base 33.64 57.07 48.91
NHNet NHNet 49.64 67.25 65.70

¥ : BiSeNet. bilateral segmentation network; STDC. short-term

2.5 iﬁ Eﬂ ﬁ}f;ﬁ dense concatenate; SETR. segmentation transformers; MFPD.
Zl—‘ﬁ(@ﬁ?ﬁ Em%ﬂ%ﬂgﬂ}%iﬁ NHNet ':F' T *ﬁ multiscale feature pyramid decoder,
#£3 LoveDA #IE&E FHXWHER
Table 3 Experimental results on LoveDA dataset
I/ %
VRS Eri et
GBS IR I8 K3k it b PN B
BiSeNet V229 BiSeNetV2 46.89 45.73 43.89 42.57 21.83 38.89 42.29
STDCEL30] STDCNet 50.13 53.81 49.60 57.61 17.58 41.52 46.05
SegFormert!] Mit - B0 50.79 60.28 52.16 60.08 25.56 39.86 42.89
DeeplabV3+111  MobileNetV2 51.09 59.42 52.59 63.47 32.24 38.85 49.61
SETR - MFPD!? ViT - Base 46.22 35.46 25.86 51.11 9.74 29.95 37.16
NHNet NHNet 52.54 61.92 50.07 64.28 32.97 41.50 44,17
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