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Abstract With the development of the media technology.more information is stored as the pictures. It is a topic problem in the
machine learning field that how to distribute the right label to lots of unsigned pictures. And the image clustering has wide appli-
cation on the face recognition and the handwriting number recognition field. Because the pictures are always stored as nonnegative
matrices . the nonnegative matrix factorization algorithm (NMF) plays an important role in the image clustering. But the disadvan-
tage in NMF algorithm is that the algorithm processes the data in the original data space which may produce a terrible result
when the data have errors. To address this problem, the proposed algorithm is the nonnegative matrix factorization algorithm with
a hypergraph based on per-treatments (PHGNMF). The PHGNMEF algorithm introduces the per-treatments and the hypergraph
into the NMF algorithm. In the per-treatments, the algorithm uses the grayscale normalization to eliminate the influence of the
different illuminations firstly and then the algorithm can extract the low-frequency information of the pictures by the wavelet
analysis. The wavelet procession could also reduce the dimensions of the data. The algorithm constructs a hypergraph for the data
to save the neighboring information which has an important influence in the clustering procession. At last the results in five fun-

damental data sets confirm the effectiveness of the algorithm compared with fundamental algorithms. The results show the in-
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crease of accuracy is 2% ~7% and the increase of normalized mutual information on some data sets is 2% ~5%.
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Fig. 6 Result changes when A changes iR FA) B S e A &
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Table 3 ACC of 20 experiments
HiEE Kmeans it & R PCA GNMF PHGNMF
Yale 0.4070(0.0225) 0.2661(0.0154) 0.4027(0.0398) 0.3127(0.0170) 0.4758(0.0317)
YaleB 0.1048(0.0051) 0.1634(0.0052) 0.1016(0.0059) 0.0874(0,0021) 0.1973(0.008 1)
JAFEE 0.8332(0.0494) 0.3297(0.0198) — 0.8297(0.0579) 0.8698(0.0357)
ORL 0.644000.0358) 0.2931(0.0094) 0.6756(0.0422) 0.6313(0.0231) 0.7156(0.0282)
USPS 0.6522(0.0130) 0.2414¢0.0038) 0.6519(0.0232) 0.5933(0.0155) 0.7187(0.0376)
#d4 20 WIEKEH NMI
Table 4 NMI of 20 experiments
B & Kmeans R % PCA GNMF PHGNMF

Yale 0.4593(0.0216) 0.3299(0.0131) 0.4777(0.0345) 0.3567(0.0151) 0.5203(0.0262)
YaleB 0.1435(0.0049) 0.2756(0.0047) 0.1428(0.0055) 0.1572(0.0054) 0.3144(0.0076)
JAFEE 0.8616(0.0321) 0.3562(0.0244) — 0.9001¢0.0198) 0.8522(0.0294)
ORL 0.8198(0.0133) 0.564000.0072) 0.8490(0.0170) 0.7907(0.0116) 0.8560(0.0125)
USPS 0.5915(0.0063) 0.1741¢0.0062) 0.5813(0.0065) 0.6267(0.0204) 0.6088(0.0174)
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