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Images Classification Based on Spectral Decomposition
of Graphs Using Probabilistic Neural Networks

TANG Jin, ZHANG Chun-yan, LUO Bin
(Key laboratory of Intelligent Computing and Signal Processing of Anhui University, Hefei 230039 )

Abstract This study applies graph spectra and probabilistic neural networks to the task of supervised images
classification. At first, corners are extracted from images to construct Delaunay graphs. These relational graphs have proved
alluring as structural representations for images. Then graph spectral decomposition method is adopted to get eigenvalues
and eigenvectors of the adjacency matrix. Graph spectra can preserve the primary structure of graphs. The spectrum of these
graphs will be used as feature vectors for classification. At last probabilistic neural networks will give the classification
result according to the vectors . As for the classifier, PNN has high speed of learning because the learning rule is simple
and new trainings patterns can be incorporated into a previously trained classifier quite easily, which might be important for
a particular on-line application. Experimental results show that this method can achieve the best result of images
classification.
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Tab.1 Classification result of obj80 and obj41

AEIE VGRARS BRRERR SOREAR BRE(%)
CME 20 52 4 92
2 70 15 79
RBF_Network 20 52 3 94
2 70 12 83
PNN 20 52 1 98
2 70 3 96

%2 Chalet 5 CMUFEJ4HER
Tab.2 Classification result of chalet and CMU

SRFE YHEHRR BRREAR BORER ERE(%)
CME 20 121 8 93
2 139 41 66
RBF_Network 20 121 9 93
' 2 139 36 70
PNN 20 121 0 100
2 139 1 99
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Fig.4 The obj80 sequence and corresponding graphs
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Fig.5 The obj41 sequence and corresponding graphs
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Fig.6 The chalet sequence and corresponding graphs
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Fig.7 The CMU sequence and corresponding graphs
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