F605 F2H/2023F 1 A/HSEFEHER Wit

iyt Bl B FFIHRE

P N SR VE FNFEST 1l A B V) e L e
AHELRAT, B8, I BRE AL

Jlljwﬁ%ﬂm? ‘ﬁﬁ?kﬂém, S BEBH 5500255
SEBHRK LR TR A R A |, I 5 BH 550027
‘ﬁd‘l\llﬁﬁ G B KB R 55 bifrﬂ%ﬁf&n, FeMl SEEH 550018

B4

WE  BERERENRE S Z AN E T, P AR SEIORI 5458 . B A TR 4 2% o) 3 B IEUMG T SC o) B0 07 2l 7 ok
Bty 30) i 1) A5 235 0 AL X AR R 265 v 0 AR 1) 235 A R0 86, AT TE A R MO 1 I, SRy 1 48 o S i 1k A0 2R M
BB — P I TR BB I S o) 1 TR A B 2R I 4 JER RGO oy EI Sk o O TR O R AR R B B A, e
SegNet B | $ [ 18 [ 142 7 7 A0 223 18 22 RUBE R AE il & 9 45 (D-MMA Net) , HH D-MA block >R 13 T 5 1 19 [ 38 b &
JUBE AR AR A1 2 ) 1) AN EE 3 7 b o S () ROEE R AR R AT 3R I, LAARAS B8 2 3000 s Gy SRR . Ry itk — 28 A Ak 2 e
PRI FE T Sobel i1 2 A il 33+ I BRER 1T 2% ) (4R B AR OB B . s JR i A0 M5 B 5 2 RO IR SCRRIEARZS A, L3 e %
[EH5 25 [ 4y PR G e 1k o S0 28 A1, 4 B30 41 12 43 0 0 o 25, 0 T AN R R i 3 BE AT B 1 0 IR, o
KR G BEREMG; ZEEREREG R fREm G 15 U

FESEXS TP391 XHiRERS A DOI: 10.3788/LOP220525

Remote Sensing Image Segmentation Network Based on
Adaptive Multiscale and Contour Gradient

Niu Mengjia', Zhang Yongjun', Li Zhi', Yang Gang®, Cui Zhongwei’, Liu Junwen'
'College of Computer Science and Technology, Guizhou University, Guiyang 550025, Guizhou, China;
*Guiyang Orbita Aerospace Science & Technology Co., Ltd., Guiyang 550027, Guizhou, China;

‘Big Data Science and Intelligent Engineering Research Institute, Guizhou Education University, Guiyang
550018, Guizhou, China

Abstract Remote sensing image segmentation algorithms are susceptible to interference from environmental factors,
such as object occlusion and uneven illumination. Existing deep learning remote sensing image semantic segmentation
methods usually adopt an end-to-end codec structure. However, they still suffer from inaccurate segmentation for the
structure and contours of high similarity objects. Therefore, to improve the algorithm robustness and classification
accuracy, a deep convolutional neural network remote sensing image semantic segmentation algorithm based on contour
gradient learning is proposed. To improve the quality of the predicted feature maps, the adaptive attention-based
multichannel multiscale feature fusion network (D-MMA Net) is proposed based on the SegNet model network. The D-
MA block uses an attention-based adaptive multiscale module to adaptively extract different scale features according to the
learned weights to obtain more effective high level semantic features. To further refine the extracted object boundaries, the
contour extraction module, a learnable contour extraction module, is proposed based on the principle of the Sobel edge
detection operator. Finally, the contour information is combined with multi-scale semantic features to enhance the
robustness of the spatial resolution of the image. The experimental results show that the proposed method improves the
segmentation accuracy and produces good segmentation results for irregular object boundaries.
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Table 1 Configuration parameters for profile extraction module

Layer Output size Operator Stride  Size
Branch-1 256X256,64  MA block 1 1
Branch-2 256X256,64  MA block 1 1

Down layer-1 128X 128,64  Conv-block 2 1/2
Branch-3 128X128,64  MA block 1 1/2
Branch-4 128 X128,64  MA block 1 1/2

Down layer-2 64 X 64,64 Conv-block 2 1/4
Branch-5 64X 64,128 MA block 1 1/4
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Table 2 Model ablation experiments on Vaihingen dataset
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Table 4 Comparison with other networks on Potsdam dataset unit: %
IoU
Model impervious o low F1 OA mloU
surfaces building vegetation tree car
U-Net 76. 44 83.22 65.92 58.03 71.87 83.12 77.45 71.10
SegNet 83.63 91.72 74.70 71.67 78.00 85.31 87.45 77.94
ERFNet 61.46 74.78 51.83 45. 85 17.07 80. 57 72.35 50. 20
PSPNet 83.59 92.99 76.28 73.09 77.11 85.78 89.78 80.61
BAM-Unet-sc-*" 88.59 89.13
ResUNet-a 92.09 91.50
Proposed model 85.39 93. 64 78.82 76.48 81. 57 91.65 92.18 83.18
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Table 5 Comparison with other network indicators on WHU
building dataset unit: %
Model F1 OA mloU
U-Net 89.33 87.59 83.01
SegNet 93.73 92.53 88.76
ERFNe 89.33 87.59 78.72
PSPNet 93.28 92.15 87. 26
DeNet ™ 94. 80 90. 12
MA-FCN™ 95.15 90.70
Proposed model 95.81 94.06 92. 30
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