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Abstract

An algorithm based on three objects for kinship authentication is proposed, which uses the facial features of
parents and one of their children to determine the kinship between them. According to the biological principle of
gene overlap between parents and children, the facial key features of the children and the facial key features of one
of the parents are similar. Based on this, the idea of reconstructing the facial features of children using the key fea-
tures of the parents’ faces is proposed. Comparing with the Euclidean distance between the facial key features of
the parents and the facial key features of the child, the key features of the smaller Euclidean distance are chosen as
the approximate features of the facial key features of the child. Metric learning has been introduced in the aspect of
similarity learning. Starting from the perspective of local features, each key feature is measured and studied, and
then the cosine similarity function is used to obtain the similarity of the key features of each pair of samples. The
obtained similarity values are taken as the attribute values of a pair of samples, and finally the support vector ma-
chine (SVM) is used to perform fusion classification at the highest decision level to obtain the final accuracy. Com-
pared with the existing method of kinship authentication based on three objects, the proposed algorithm can achieve
better performance.
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