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Abstract: Remote sensing image detection and segmentation technology usually needs to extract image features and
mine the deep features of images through deep learning algorithm. However, traditional imaging features (e. g. , color, tex-
ture, spatial relationship) cannot fully reflect the semantic information of the images, while single/sequential algorithm can-
not fully exploit the deep features and the contextual semantic information of the images. Aiming at the above challenges,in
this paper,the spatial relation features are mapped into real dense vectors by word embedding , which are combined with col-
or and texture features. Further, we propose a new parallel algorithm referred to as attention graph convolution networks and
independently recurrent neural network ( ATGIR) based on graph convolution network and independent recurrent neural net-
work under attention mechanism for remote sensing image detection and segmentation. Our algorithm first assigns probabilis-
tic weights to the combined features based on attention mechanism;then extracts deep features based on the features with
high weights to generate labels with directions by using graph convolution network ( GCNs) algorithms, extracts contextual
semantic information of the images by using the independently recurrent neural network (IndRNN) algorithm;finally, our
algorithm realizes image detection and segmentation by using Sigmoid. For remote sensing image detection and segmentation
of populous euphratica forest as an instance , we prove that our feature extraction method and proposed ATGIR algorithm can
effectively improve the detection and segmentation tasks.
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25_A_GCNs 95.91% 89.37% 81.71% 85.37% 96.23% 91.82% 71.95% 80. 68%
25_A_IndRNN 96. 15% 88.05% 83.71% 85.83% 96. 28% 92.02% 70.97% 80. 14%
25_A_G_1 96. 36% 87.27% 85. 54% 86. 40% 96.35% 93.13% 72.07% 81.26%
25_ATGIR 96. 8% 92.85% 82. 84% 87.56% 97.2% 85.81% 81.95% 83.84%
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49_CNN 96. 09 % 89. 79% 81.27% 85.32% 97.03% 89.34% 73.35% 80. 56%
49_LSTM 95.57% 93.61% 77.07% 84.54% 96. 85% 92.36% 71. 89% 80. 85%
49_CNN-LSTM 96.31% 91.51% 81.59% 86.27% 97.28% 86.49% 78. 42% 82.26%
49_P-CNN-LSTM 96. 94 % 93. 48% 80. 85% 86.71% 97. 8% 92.52% 76. 08 % 83.50%
49_A_GCNs 96. 43% 93. 08% 74. 85% 82.98% 97.26% 92.36% 75.28% 82.95%
49_A_IndRNN 96. 58% 88.34% 84.31% 86.28% 97.53% 88. 00% 78.91% 83.21%

49_A_G_1 96. 52% 88.01% 83.96% 85.94% 97. 86% 85.07% 84.25% 84. 66%

49 _ATGIR 97.43% 91.61% 84.77% 88. 06% 98.23% 81.95% 89. 83% 85.71%
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M R1Acc MRIF
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HIZE S AIHL, RS2 AR VIR 49 1 PR BT, Ace 71 F
{E A i, RG22, UM 9 .25 KR
Rt G ROR B AR B A SR, SRR A R 2.
Bl 6 mT LA H, SRR BYI 49 1 BRI R
i A R i B R B AR R anlEL 7 B

49 ATGIR

J5iE 9 ATGIR
K7 AR ER RO E

25_ATGIR 49 ATGIR

HIPE 7 e 1R R XS] AR Y, AR B D
9 BEIG BRI, OR P P R A 2,9 R IR B
FRHIE RIS LR B, S B BIROCR B2 ; 180k
DI 25 BB G BRE, mT LB 7 Y e s ,.\éﬂlmiﬁc/" f
R PR R ROBE B384 R R AL R LA B0 22, 1

Ns JZHUBf AR FF IndRNN JZHONAE 3K IndRNN JZ 5]
1#FF GCNs 2R Eﬁii%ﬁﬁ“&ﬁn% 6 IR,
#6 FRARBHRRE

R1

et

GCNs_1layer 96.65% | 87.86% | 84.67% 86.24%

GCNs_2layers 96. 8% 89.31% | 84.57% 86. 88%

GCNs_4layers 96.83% | 88.99% | 84.62% 86.75%

IndRNN_11ayer 96.45% | 89.56% | 80.77% 84.94%

IndRNN_2layers 96.71% | 87.18% | 87.30% 87.24%

IndRNN_4layers 96.95% | 89.17% | 84.23% 86. 63%

ATGIR 97.43% | 91.61% | 84.77% 88. 06%

B
Acc P R F

GCNs_llayer 97.75% | 83.32% | 83.94% 83.63%

GCNs_2layers 97.85% | 86.45% | 82.14% 84.24%

GCNs_4layers 97.83% | 86.85% | 79.44% 82.98%

IndRNN_11ayer 97. 6% 87.77% | 78.23% 82.73%

IndRNN_2layers 97.78% | 85.76% | 80.92% 83.27%

IndRNN_4layers 97.98% 83.2% 85. 18% 84. 18%

ATGIR 98.23% | 81.95% | 89.83% 85.71%

H15% 6 Hl A1, 24 GCNs JZHH IndRNN 250880 3 2
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