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Abstract To improve the effect and classification accuracy of semantic segmentation of remote sensing images, a
two-channel image feature extraction network combining with ResNetl8 pre-training model is designed. Images with
multiple features are combined, and the combined feature map has stronger ability to express features. At the same
time, batch normalization layer and maximum pooling with location index are adopted to optimize the network
structure and improve the classification accuracy of surface object. The accuracy and Kappa coefficient of this
method are compared with those of other neural network methods by experiments. The results show that the
proposed network structure achieves an overall accuracy of 90.68% when the number of data samples is small, and
the Kappa coefficient reaches 0. 8595. Compared with other methods, the proposed algorithm achieves better
semantic segmentation effect, and greatly reduces the overall training time.
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Fig. 10 Partial original images and display of flipped and rotated images
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Fig. 11 Visual classification results of remote sensing images by different classification algorithms
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Table 1 Obfuscation matrix of classification results of

proposed algorithm pixel
Category Vegetation Building Water  Road Others
Vegetation 9225390 3939997 187818 75047 281427

Building 783726 12505800 50563 126407 290737
Water 182936 9015 2069612 6761 29298
Road 20196 50490 5049 3256576 176714

Others 83475 144690 8348 41738 2672437
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Table 2 Classification accuracy and R .. of different algorithms

Classification accuracy /%

Algorithm R kapy
Vegetation Building Water Road Others OA

FCN-8s 71.88 71.43 70.09 69.97 71.23 71.30 0.6603
Unet 80.92 80.27 80.10 79.89 80.52 80.44 0.7522
SegNet 83.66 83.18 82.64 82.52 83.07 83.21 0.7810
Channel 1 81.16 81.23 81.47 80.97 81.32 81.20 0.7623
Channel 142 89.56 89.78 89.58 89.16 89.76 89.63 0.8406
Ours 90.77 90.82 90.18 90.30 90.57 90.68 0.8595
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Table 3 Convolution kernel parameters, single forward
propagation time, and training time of different

algorithms

Algorithm Total number of Forward Train

parameters /10°  time /ms  time /h
FCN-8s 134.3 221 5.56
Unet 23.6 56 4.72
SegNet 29.4 78 4.88
Channel 1 15.3 50 4.55
Channel 142 30.5 108 5.06
Ours 30.5 116 2.90
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