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ABSTRACT: In order to solve problems of low efficiency and long planning period of image
characteristic index—based scene matching area adaptability screening method, an adaptability
screening algorithm based on convolutional neural network (CNN) was proposed. By taking six
types of typical scenes, such as cities, deserts, and farmlands as objects, image characteristic in—
dexes including gray mean square deviation, elevation variance, number of independent pixels,
and maximum peak ratio were constructed to form relevant datasets. Then, a scene matching area
adaptability screening model of classified CNN was designed to analyze the influence of iteration
times, training sample number and pixel number on the accuracy of model computation. Accord-
ingly, by selecting proper iteration times and numbers of fully connected layer neurons, the pro-
posed algorithm was verified on datasets. Results showed that the proposed method can effective-

ly improve the efficiency of matching and adaptability screening of typical large—scale scenes.
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Tab.1 Architectures of Inception V3 networks
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Fig. 1 Curve of the relationship between the number of

training samples and the model prediction accuracy
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