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Abstract Large object size difference in unmanned aerial vehicle (UAV) aerial photography makes it difficult to take into account
the segmentation effect of objects of different sizes in the receptive field. A dual-stream feature aggregation network (DSFA-Net)
with two branches to extract low-level and high-level features separately, is proposed for such problems. In the encoder, a low-
level information extraction branch with three serial ConvNeXt modules is used to preserve more low-level features by generating
more channels of features. In the deep feature branch, the coordinate attention atrous spatial pyramid pooling (CA-ASPP) module
reassigns weights to feature maps in the channel dimension. It makes the module focus on segmentation objects of different sizes
and deep-level multi-scale features are obtained. During the decoding process, the bilateral guided aggregation module performs
resolution aggregation between the low-level and deep-level features. Our method is evaluated on the AeroScapes and Semantic
Drone datasets, the mean intersection over union is 83.16% and 72.09% respectively, and the mean pixel accuracy is 90. 75%
and 80.34% respectively. The proposed method is more capable of segmenting objects with large difference sizes compared to
mainstream methods. It is suitable for semantic segmentation tasks for UAV aerial images.

Key words semantic segmentation; feature aggregation; dual-stream architecture; coordinate attention atrous spatial

pyramid pooling; multi-scale feature extraction
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Fig. 1 Network architecture and partial module. (a) Overall network architecture; (b) ConvNeXt block; (c) coordinate attention block
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Table 1 Comparison of evaluation results of different models on

AeroScapes dataset

Method Backbone mloU /% mPA /%
FCN™ VGG-16" 67.59 74.53
U-Net'"” ResNet-50"" 75. 84 83.31
PSPNet'” MobileNetV 3™ 58.15 63.86
PSPNet" ResNet-50"" 60. 57 66.72
RefineNet ™" ResNet-101"" 63.09 70. 82
DeeplabV3+""  MobileNetV 3" 78.01 84.3
Deepl.abV3+" Xception™! 77.49 85.03
DADA™ DeepLabV2™ 81.53 88.75
DSRL™-E ResNet-101"" 82.48 89.72
Proposed Xception ™ 83.16 90.75
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Table 2 Comparison of evaluation results using coordinate
attention block at different locations of CA-ASPP

Location mloU /% mPA /%
4 79.35 87.29
5 79.41 87.53
6 79.55 87.67
4,6 79.71 87.90
1,2,3,4 78. 86 87.68
1,2,3,4,6 79.62 87.88
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Fig. 3 Comparison of prediction maps of different models on AeroScapes dataset. (a) Picture 002001 _049; (b) picture 038032_032;
(¢) picture 045002_049; (d) picture 310019 _016; (e) picture 311000_004
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Table 3 Evaluation results of ablation experiments with different

improved methods

Method mloU /% mPA /%
77.49 85.03
CA-ASPP 79.71 87.90
ConvBranch 78.96 86. 84
BGAModule 79.45 87.38
ConvBranch, BGAModule 80. 85 88. 04

CA-ASPP + ConvBranch +

BGAModule 8109 8596
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Fig. 4 Comparison of prediction maps of different models on Semantic Drone dataset. (a) Picture 002; (b) picture 056; (c) picture 119;
(d) picture 311; (e) picture 412
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Table 4 Comparison of evaluation results of different models on

Semantic Drone dataset

Method Backbone mloU /% mPA /%
FCN'™ VGG-16 54.61 63.63
U-Net" ResNet-50"" 57.38 68.45
PSPNet'” MobileNetV 3" 45.43 54.08
PSPNet'" ResNet-50"" 42.81 51.55
Deepl.abV3+""  MobileNetV3™" 55.31 64.56
Deepl.abV3+"" Xception ™ 55.48 64. 00
Proposed Xception™” 72.09 80. 34
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