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Abstract: This study was on superiority of the non-negative matrix factorization (NMF) algorithm for applica-
tion of information extracted with aerial images. First, NMF was used for aerial image information extraction,
and then this data was compared with a principal component analysis (PCA) in which r (the number of rows

or columns of basic matrix) and E,,.(the number of eigenvalues) were given different values. Experimental results

showed that the run time of NMF with r = 20 or 50 was less than that of PCA with an Ei,,, = 20 or 50. Also, the
recognition rate of NMF with r = 50 was higher than that of an E,,,, = 50. The experiment showed that non-
negative matrix factorization had advantages of a short time period with a high recognition rate. [Ch, 10 fig. 2
tab. 7 ref. ]
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Figure 1  Unmanned aerial images
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Figure 2 Images after NMF, corresponding to the case r = 10
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Figure 4 Images after NMF, correspond ing to the case r = 50
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Table 1  Running time and CPU time corresponding to NMF algorithm for different r

r BFT I [ /s AP g b B o I ] /s
10 28.016 0 9.687 7
20 30.351 0 13.502 4
50 40.106 0 28.907 0
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Figure 5 Segmentation image of Figure 6  Segmentation image after NMF

original image
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Figure 8 Comparison between PCA  (left) and NMF (right) Figure 9 Comparison between PCA  (left) and NMF (right)
corresponding to r = 20 and E,,,, = 20 corresponding to r = 50 and E,,,, = 50
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