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Intelligent Constant False Alarm Ratio Target Detection Method Based on ResNet
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Abstract: Conventional constant false alarm ratio (CFAR) detection method usually assumes that the clutter and
training clutter of the unit to be tested are independent and distributed identically. However, in the actual radar working
environment, the strong clutter shows non-uniform characteristics, and the statistical characteristics of clutter vary
greatly along the range cell, which makes the detection performance of the conventional CFAR detection method
decline in the complex environment. In order to solve this problem, this paper proposes an intelligent CFAR target
detection method based on residual neural network (ResNet) through clutter statistical feature extraction and
classification by the deep learning method. First, the training set and test set of ResNet are established based on radar
clutter data. Then, the ResNet is constructed to extract intelligent features from the data, and the statistical
characteristics of the clutter are obtained. The trained network is used to test the test set, and the statistical features are
classified by the Softmax classifier with an adjustable threshold. Finally, according to the classification results, the
intelligent CFAR target detection is realized based on the classification results. Experimental results show that
compared with the conventional CFAR detection method, the proposed method has better adaptive ability and
detection performance.
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