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Abstract: To address the problem of low accuracy of building extraction in high-resolution remote sensing
images due to the diverse shapes and sizes of buildings and large number of parameters in traditional seg-
mentation models, a Lightweight Multi-scale Difference network (LMD-Net) based on encoding-decod-
ing is proposed. First, to avoid the invalid parameters caused by the degraded model performance due to
the stacking of single feature processing units, a lightweight differential model is designed to improve the
performance by integrating the functional differences of codec structures. Next, a Multi-scale Dilation Per-

ception (MSDP) module is introduced to enhance the ability of the network to capture multi-scale target
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features. Finally, the double fusion mechanism is used to effectively aggregate the feature information of
the deep jump connection and deep decoder to enhance the feature recovery ability of the decoder. To veri-
fy the validity and applicability of LMD-Net, the open source WHU building dataset was used as the data
source to evaluate the accuracy and efficiency of LMD-Net and the common semantic segmentation net-
work as well as the results from recent relevant literature. The results show that LMD-Net has obvious ad-
vantages in both efficiency and accuracy, which not only greatly reduces the parameter number and calcula-
tion amount of the model but also improves the intersection ratio and accuracy by 3. 23% and 2.57%, re-
spectively. Consequently, this model is advantageous in the field of building extraction based on high-reso-
lution remote sensing images to generate an urban spatial information base.
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Tab.1 LMD-Net Network Components

T HE B T, 3 R 7 3O R 7 8 4 T 45 i B % 7Y

Stage Level Module type Filter Output size
Input 3X 224X 224
Level 1 BlockA 3X3/64 64X 224X 224
Downsampling 3X3/128 128X 112X 112
Level 2
BlockA 3x3/128 128X 112X 112
Encode )
Downsampling 3X3/256 256 X 56 X 56
Level 3
MSDP 3X3/256 256 X 56 X 56
I " Downsampling 3x3/512 512X 28X 28
_eve
BlockA 3X3/512 512X 28X 28
Level 5 Upsampling 3X3/256 256X 56 X 56
.eve
DIM 3X3/256 256 X 56 X 56
| 6 Upsampling 3X3/128 128X 112X 112
_eve
Decode MSDP 3x3/128 128X 112X 112
Upsampling 3X3/64 64X 224X 224
Level 7
BlockD 3X3/64 64X 224X 224
Output 1X1 1X224 X224
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Tab.2 Segmentation accuracy of MSDP on WHU dataset (%)
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Fig.9 Visual segmentation results of MSDP module
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Tab.3 Experiments comparing complexity of each model

Group  Model  Params/M  MADDs/G  Flops
1 SegNet 29.44 61.36 30.7G
2 U-Net 32.08 77.53 38.81G
3 ENet 0. 36 1.05 434.83 M
4 ESFNet 0.68 1.69 850.33 M
5 ResUNet 13. 04 109. 07 52.12 G
6 EMD- 10. 42 81.68 39.23 G
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Fig. 10 Contribution of SPFR mechanism on the WHU

dataset
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Tab.4 Comparison experiments of segmentation accura-

cy of different networks (%)
Model ITou Pre R Dice
U-Net 83.61 90. 09 87.57 88.78
SegNet 79.45 86.76 85. 24 85.96
ENet 81. 34 87.91 86.92 87.37
ESFnet 76.45 83.95 83.54 83.72

ResUNet 84.49 89.19 89.48 89.31
LMD-Net 87.72 91.76 91.04 91.38
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Fig. 11 Forecast map on small buildings
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Fig. 12 Prediction map on large buildings
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