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Age Estimation of Facial Images Based on an Improved
Non-negative Matrix Factorization Algorithm

Yu Qing, Du Ji-xiang
( Department of Computer Science and Technology, Huagiao University, Quanzhou 362021 )

Abstract Automatic age estimation based on facial images is important but challenging in face recognition research. An
improved NMF ( Non-negative Matrix Factorization ) algorithm was proposed to implement the age estimation of facial
images, which employs linear discriminative analysis in the features derived from NMF, keeps down the base images that
have the best discriminate ability to form a new subspace. Then, after projecting the whole training sets images to the

obtained subspace, the RBF neural networks was used to extract the aging information contained in most facial images to

estimate age information. Finally, experimental results demonstrate that it is an effective method.
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Tab.1 Results using improved NMF and traditional NMF
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88% 0.09099 0.178 07 0.26091 0.35655 0.44792 0.528 35 0.588 05 0.65002 0.70404 0.7472
Pk i) NMF J7 3
90% 0.114 65 0.21695 0.31090 0.41981 0.4987 0.57574 0.6408 0.67011 0.717 61 0.7577
92% 0.11869 0.221 24 0.32393 0.43478 0.5250 0.59873 0.6573 0.6897 0.7270 0.778 6
84 % 0.071 15 0.14695 0.23523 0.30228 0.37997 0.44185 0.51386 0.58518 0.656 29 0.7145
88% 0.088 64 0.17285 0.25676 0.32969 0.41636 0.48492 0.55997 0.627 13 0.68994 0.734 4
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