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Remote sensing image segmentation based on multi-scale feature fuzzy
convolutional neural network

MA Xiangyue', XU Jindong', NI Mengying”"
(1. School of Computer and Control Engineering, Yantai University, Yantai 264005, Shandong, China; 2. School of Physics and
Electronic Information, Yantai University, Yantai 264005, Shandong, China)

Abstract : In order to solve the uncertainty of " same spectrum of different objects, the same object with different spectrum" and the
low utilization rate of large amount of spatial information in high-resolution remote sensing images, a fuzzy convolutional neural net-
work model based on multi-scale features was proposed. The fuzzy learning module was added to the long jump connection to re-
move noise features and ease the uncertainty between classes. The multi-scale features were fused by atrous spatial pyramid pooling,
and complete spatial context information was extracted to improve segmentation performance. The experimental results showed that
the overall accuracy of the model on Potsdam dataset and Vaihingen dataset reached 92.65% and 93.19% , respectively, which were
significantly better than the existing popular deep learning models and could significantly improve the semantic segmentation per-
formance of high-resolution remote sensing images.
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Table 1 [, comparison on the Potsdam dataset

0

B fw
iy HIRY) B B IR eS|
FCN 0.73 0.87 0.60 0.62 0.71 0.32
SegNet 0.74 0.79 0.72 0.61 0.66 0.49
U-Net 0.73 0.87 0.65 0.65 0.72 0.51
EaNet 0.81 0.93 0.70 0.72 0.76 0.61
MaNet 0.84 0.90 0.78 0.74 0.79 0.60
MF-FCNN 0.90 0.90 0.80 0.85 0.82 0.63
F2  Potsdam FHEE 1Y F, X H
Table 2 F, comparison on the Potsdam dataset
o i
% =Y R B IR =W
FCN 0.85 0.93 0.75 0.76 0.83 0.48
SegNet 0.85 0.88 0.84 0.76 0.88 0.66
U-Net 0.84 0.93 0.79 0.79 0.83 0.68
EaNet 0.90 0.96 0.82 0.84 0.86 0.80
MaNet 0.92 0.94 0.89 0.87 0.88 0.85
MF-FCNN 0.95 0.95 0.89 0.92 0.89 0.87
3 Potsdam BIEE [ HAFHHFRXT 1L
Table 3 Precision comparison on the Potsdam dataset
K RS
iy IR B B IR eS|
FCN 0.77 0.93 0.71 0.86 0.85 0.98
SegNet 0.78 0.89 0.79 0.92 0.86 0.97
U-Net 0.79 0.94 0.74 0.87 0.90 0.94
EaNet 0.87 0.97 0.80 0.89 0.89 0.86
MaNet 0.92 0.92 0.85 0.93 0.89 0.89

MF-FCNN 0.94 0.93 0.88 0.95 0.92 0.95
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Table 4 Recall comparison on the Potsdam dataset

pom A nl &
% Y KA ) RE 3]
FCN 0.94 0.93 0.79 0.68 0.81 0.32
SegNet 0.93 0.87 0.89 0.65 0.74 0.50
U-Net 0.90 0.92 0.85 0.72 0.78 0.53
EaNet 0.93 0.96 0.84 0.79 0.84 0.75
MaNet 0.92 0.97 0.93 0.81 0.86 0.81
MF-FCNN 0.95 0.97 0.90 0.89 0.88 0.80
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U-Net 0.68 84.60 0.17,0, 5% 92.65%
EaNet 0.76 89.18 3.3 Vaihingen HEERBERE S
MaNet 0.78 89.87 Vaihingen £{4f5 4 Ja) #5144 14 73 1 25 R a0 151 6
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Table 6 1, comparison on the Vaihingen dataset

o b
i Y B &) (R i
FCN 0.82 0.82 0.69 0.64 0.66 0.43
SegNet 0.81 0.73 0.77 0.69 0.60 0.48
U-Net 0.89 0.88 0.77 0.79 0.75 0.51
EaNet 0.88 0.92 0.72 0.81 0.71 0.64
MaNet 0.90 0.92 0.76 0.83 0.71 070
MF-FCNN 0.91 0.93 0.79 0.86 0.67 0.72

# 7 Vaihingen 455 L1 F, XL
Table 7 F, comparison on the Vaihingen dataset

o o
i HHY) RE Y &) (R e/
FCN 0.90 0.90 0.82 0.78 0.81 0.57
SegNet 0.90 0.85 0.87 0.84 0.75 0.60
U-Net 0.94 0.94 0.87 0.88 0.86 0.73
EaNet 0.94 0.96 0.84 0.90 0.83 0.77
MaNet 0.95 0.96 0.87 0.91 0.83 0.82

MF-FCNN 0.95 0.96 0.89 0.92 0.90 0.91
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Table 8 Precision comparison on the Vaihingen dataset

B RS
% Y B B A A
FCN 0.93 0.85 0.77 0.87 0.91 0.47
SegNet 0.91 0.76 0.84 0.90 0.80 0.55
U-Net 0.94 0.90 0.84 0.96 0.91 0.73
EaNet 0.93 0.94 0.81 0.94 0.87 0.77
MaNet 0.95 0.95 0.84 0.94 0.94 0.74
MF-FCNN 0.95 0.95 0.89 0.93 0.97 0.88
# 9  Vaihingen ZUHR4E [ AYH MIZX L
Table 9 Recall comparison on the Vaihingen dataset
o AR
i Y RIEHY) B RS W)
FCN 0.87 0.96 0.88 0.71 0.71 0.72
SegNet 0.89 0.96 0.89 075 0.70 0.65
U-Net 0.94 0.98 0.91 0.82 0.81 0.73
EaNet 0.95 0.97 0.86 0.86 0.80 0.79
MaNet 0.95 0.98 0.90 0.88 0.75 0.93
MF-FCNN 0.96 0.97 0.88 0.92 0.84 0.94
# 10 Vaihingen £4lE % FH9F1 1, F1 0, Xf 1L
Table 10 Average /; and O, comparison on the Vaihingen dataset

AN FH L, 0,/%

FCN 0.64 86.28

SegNet 0.68 85.27

U-Net 0.73 88.13

EaNet 0.78 90.79

MaNet 0.81 92.26

MF-FCNN 0.81 93.19

3.4 HENAL S BIHEAT T Al 76 ME-FCNN &4l 1, 735 2%

AT UE MF-FCNN 1 FLM 5 ASPP 740  F% FLM 5 ASPP, nJ#ifkiX 525 R anixl 8 .9 i,
P, ABFFETE Potsdam Z0H55E A1 Vaihingen Bl 45 I o JEIEAE MRS MIRCR A,

(a) R AA (b) HAE (c) £BEFLM (d) Z:BRASPP (e) MF-FCNN
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Fig.8 Ablation experiment results on the Potsdam dataset ( global)
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Fig.9 Ablation experiment results on the Vaihingen dataset ( global)
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