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Target Recognition Using Neural Network Based on Contour Features
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Abstract: In order to achieve automatic alarm for source of threats, an automatic alarming
system is established using BP neural network. A feature extraction algorithm using contour
fragments are proposed to solve the problem that the edges of the target extracted by frame
subtraction is repeated and affected by changing background. Firstly, K-mediod clustering is
used to remove repeated edge fragments. Then the matching cost between fragments to be
recognized and validation set are computed combining with fragments growing method to
eliminate the fragments of background. Then the fragments that have the minimal matching
costs are extracted to obtain a codebook of edge fragments. Then improved normalized
moments are calculated to generate the feature vector. At last the feature vector is inputted
into the improved BP neural network for classification. Experimental results indicate that the
algorithm is suitable for typical rigid target recognition. The averaging detection rate is up to
93.5% and averaging computing time of single frame is 3. 67 ms for guns in experimental
video. For cars in motion segmentation data set from Berkeley the averaging detection rate is
up to 98. 2% and averaging computing time of single frame is 5. 26 ms. The algorithm
proposed in this article has a high recognition rate and good real-time performance.
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Fig.5 Result after deleting edge fragments of arm
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Fig. 7 Block diagram of experimental system
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