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Abstract A scene classification algorithm of remote sensing images based on the integrated convolutional neural
network (CNN) is proposed. A back-propagation network is constructed to measure the complexity of scene
images. The classification of these images is conducted with the CNN based on the complexity level of each image,
thus, the scene classification of remoting sensing images is achieved. With the proposed algorithm, the experimental
verification of the open data of NWPU-RESISC45 is conducted and the classification accuracy of 89.33% for Type 1
test and that of 92.53% for Type 11 are obtained, respectively. The average running time is 0.41 s. Compared with
the VGG-16 model for fine tuning and training, the classification accuracy by the proposed algorithm is increased by
2.19% and 2.17%, respectively. Simultaneously, the prediction rate is increased by 33% . Thus, the efficiency and
practicality of this proposed algorithm are confirmed.
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Fig. 6 Accuracy and loss value versus number of
cycles in training process of BP network.
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Fig. 7 Confusion matrix obtained after classification prediction of dataset by integrated model
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Table 2 Performance comparison among several algorithms

Method Color-histogram BoVW VGG-16 ResNet-50 Proposed Competition
Accuracy /% 27.52 44.97 90.36 90.59 92.53 93.41
Standard deviation 0.2184 0.2051 0.0673 0.0657 0.0593 0.0451
Prediction time /s 0.62 0.47 0.41 2.26
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Table 3 Average accuracy comparison with

those of other algorithms

Accuracy /% Accuracy /%

Method
(experiment 1) (experiment 1)

GIST! 15.90 17.88
LBP™ 19.20 21.74
Color histograms'?] 24.84 27.52
BoVW+SPM" 27.83 32.96
LLC™ 38.81 40.03
BoVWwWH 41.72 44.97
GoogleNett? 82.57 86.02
VGG-16™ 87.15 90.36
AlexNet™ 81.22 85.16
Two-streamDFF* 80.22 83.16
ResNet-50 87.69 90.59
Proposed model 89.34 92.53
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0.62 s, 7 R UERH KK 90.36 %0 ; Y51 ResNet-50 45
AIFEI AL b Y 35000 B 8] S 0.47 s, i B RE LG
VGG-16 BERIE4R T T 1200, 20 K UER AN 90.59 05
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Fig. 9 Classification accuracies and prediction time of various models
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