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[ Abstract |

fields. However, due to factors like imaging distance, lighting conditions, objects, and environment, there is a problem of semantic

Semantic segmentation of remote sensing images plays a crucial role in agriculture production, urban planning, and other

ambiguity in remote sensing images, which leads to uncertainty in segmentation. A multi-scale context attention ( MSCA) method that
combined pyramid pooling with attention mechanisms to better utilize contextual information was proposed for this problem.
Additionally, this method significantly reduced the computational complexity and memory usage of attention methods. Experimental
results on the ISPRS Potsdam dataset demonstrate that the MSCA method achieves superior segmentation performance for target
classification with ambiguous semantic information in remote sensing images while almost not increasing memory consumption and
maintaining consistent inference speed.

remote sensing image; semantic segmentation; attention; multi-scale contextual information
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Fig. 1  Structure chart of PSPNet
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Fig. 4 Comparison of feature fusion between PPM and MSCA
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Fig. 5 Comparison of the detailed structures of PPM
SSCA and MSCA
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Table 2 Experimental results of different methods

. ZRE  EES mlU/ Mem/ FPS/
TE L vy omm a MB (B
baseline X X 77.81 3117 40. 53
PPM vV x 78. 20 3 891 33.65
SSCA x 4 78. 48 4075 33.07
MSCA vV vV 78.72 4078 33.08

s x BB AN BB s VR IR X B

3.5 XRHERESH

g T AR SORERY 1) A R AR SO PSP-
Net DI M DeepLabV3 + 1E ISPRS Potsdam %{{E4E b o
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¥Ifdi ] ResNet101-d8, SEHZ5 SR 3 fraw, w] DL
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HAE I ZRnt Z 4 H T 186 MBI N A7, FPS L R [ T
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Table 3 Experimental results of MSCA and mainstream methods
e #H 0 R E ToU/ % mloU/ Mem/ FPS/
Imp surf Build Low veg Tree Car Clutter % MB (Mies=)
PSPNet 87.44 94.03 76. 64 79.33 93. 07 41.24 78.62 5 890 21.74
DeepLabV3 + 87. 40 93. 82 76. 60 79.28 93.07 42.00 78.70 6 047 20. 04
MSCA 86.97 93.32 77.28 79. 54 92. 82 46.38 79.39 6 076 21.55

¥

.B

RGB T PSPNet  DeepLabV3+  MSCA
EEN ) e ) .
Imp surf Build Low veg Tree Car Clutter

Bl 6 A AHLAY B AR 0 o B 45 5T AL XT L
Fig. 6 Visual comparison of segmentation results with

cluttered object targets
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