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Abstract: As a typical nonlinear dimensionality reduction algorithm, ISOMAP can realize the dimensionality reduction
based on the corresponding relationship between the high-dimensional geodesic distance and the low-dimensional spatial
distance. However, the classical ISOMAP algorithm is heavily affected by noise making it difficult to maintain the topol-
ogy in low dimensionality. To address this problem, an optimal density direction based ISOMAP algorithm is proposed.
Firstly, the algorithm screens the optimal density direction of each data along the manifold direction by filtering its natural
neighbors, then composes a vector with the data and its neighbors. After that, the local neighborhood distance is reasonably
scaled according to the angle, direction and length of the projection of the vector relative to the optimal density direction.
In this way, the geodesic distance is guided to be calculated along the manifold direction so as to reduce the sensitivity
to noise. In order to verify the effectiveness of the algorithm, 2 types of artificial data sets and 5 types of measured data
sets are selected as the test cases. [SOMAP, LLE, HLLE, LTSA, LEIGS, PCA, and ODD-ISOMAP algorithms are applied
on data sets respectively. Moreover, K-mediods clustering algorithm is performed after dimension reduction. The dimen-
sionality reduction effect of each algorithm is evaluated by comparing the clustering accuracy and the influence degree of
different amplitude noise on the accuracy. Experimental results show that the effect of ODD-ISOMAP algorithm has been
significantly improved comparing with the other 6 common algorithms, and it has stronger resistance to noises as well.
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HLLE 0.875/10 0.855/10 0.847/10 0.812/10 0.792/10 0.782/10
LEIGS 0.938/6 0.911/6 0.890/6 0.868/6 0.837/6 0.808/6
LTSA 0.924/10 0.906/10 0.861/10 0.841/10 0.811/10 0.796/10
PCA 0.856 0.834 0.814 0.803 0.753 0.723

VE: PCARLEEJUOTikZHN0.95, e4t—H10.001.
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%3 BHEASAFNHIELGCAK
Table 3 CA values of algorithms on difference datasets
CA/klp
Hik Iris Seeds Wine Vertebral column 2c QCM Sensor Alcohol
ODD-ISOMAP 0.906/25/0.1 0.930/25/0.1 0.787/10/0.004 0.809/7 /0.08 1.000/10 /0.025
ISOMAP 0.893/30 0.915/25 0.708/10 0.728/7 1.000/10
LLE 0.900/30 0.880/30 0.708/15 0.738/15 0.920/10
HLLE 0.867/26 0.876/40 0.787/10 0.670/45 0.920/10
LEIGS 0.773/23 0.910/20 0.730/10 0.751/3 0.880/5
LTSA 0.853/25 0.891/15 0.764/28 0.702/60 0.960/6
PCA 0.886 0.915 0.702 0.676 1.000

VE: PCARLVEEJEoaik & HN0.95, 4t—H10.001.

k4 BHEATPR P 1L Seeds A LACALE
Table 4 CA values of algorithms vary with noises on seeds dataset

CA/klp
(=878 5% 10% 15% 20% 25%
ODD-ISOMAP 0.881/25/0.15 0.816/30/0.3 0.726/14 /0.3 0.687/64 /0.3 0.647/30 /0.3
ISOMAP 0.851/25 0.706/25 0.572/25 0.572/25 0.507/25
LLE 0.801/30 0.697/30 0.597/30 0.537/30 0.477/30
HLLE 0.771/40 0.667/40 0.597/40 0.602/40 0.567/40
LEIGS 0.776/20 0.627/20 0.587/20 0.572/20 0.537/20
LTSA 0.821/15 0.786/15 0.701/15 0.687/15 0.667/15
PCA 0.841 0.711 0.522 0.562 0.483

VE: PCAKLEE LTk 2 HX0.95, e4t—HY0.001.
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