45 % 4

7 1 2R A M S Vol. 45 No. 7
2018 4E 7 A COMPUTER SCIENCE July 2018

ETZESLEMEFH ISOMAP &%

=ET B ¥ O[HR
(BAAMBEAFELEIREFER BKE #H% 7121000

E§t

H B FEEFRHASOMAP) k2 — A4 2 B R 9 4F &0 £ 0B M 24 ok L 38 ad 4R 4 & A AL A K 1) 64 i) 3
BBHRAFFEHRAN AMEAS LT A GR LT @GR AR, 2EEFEA T, WM HELTELIEFESRSE,
W T B B 69 F L aT ek LR S AL R B R R 09 F R 5 A . F 3 ISOMAP SF ik B % 6 1K 4 A A7 & =
HBREIATEN, 453t — 5 5 ARBHIHREEHEA, R E—F LT FE%EHXEF 4 ISOMAP(Density Scaling Factor
Based ISOMAP,D-ISOMAP) 3L %, fe4 %89 ISOMAP H:4E 8 T .8 4, 4135 4 AL A K 3+ JE— A By 3R 55 B % 4k
B RE, EMNMLEHGTFIRY K ABMARGHANERZ G MLIEH R AXHAHF AT LR T RR;
B AT RER AL ERFRGBWIEBENE F LT g, MM IE B A F AR KW R B,
T B EB R BAAAREHFETAR N RE S ELLRGH v, RATANAREMR, ATHESEF UCI &
BEIOIBREREN EHBENTALFRELR T @, DISOMAP L 2R E2B A B EHEHLEL AT 0

A
X ISOMAP.#HB 3T . FHEHGHAF .53 g
hEESES TPI181 XHRARIRAS A DOI 10.11896/j. issn. 1002-137X. 2018. 07. 036

Density Scaling Factor Based ISOMAP Algorithm

LI Xiang-yuan CAI Cheng HE Jin-rong
(College of Information Engineering, Northwest A & F University, Yangling, Shaanxi 712100, China)

Abstract ISOMAP is a widely used nonlinear unsupervised dimensionality reduction algorithm,and preserves the coor-
dinate transformation from high-dimensional space to low-dimensional space by keeping the geodesic distance between
the observation samples. However, practical data are inevitably corrupted by noise. Since the calculation of geodesic dis-
tance is sensitive to noise and does not consider the density distribution of dataset, the geometric deformation of the
ISOMAP algorithm is happening after dimensionality reduction. For this shortcoming,according to the idea of local den-
sity,a density scaling factor based ISOMAP algorithm called D-ISOMAP was proposed. In the framework of traditional
ISOMAP algorithm,local density scaling factor is first calculated for each observation sample. And then the original geo-
desic distance of two samples is divided by the product of their density scaling factors. Finally. the improved distance
matrix is obtained by the shortest path algorithm. Since the improved geodesic distance is reduced in the larger density
region and enlarged in the smaller density region, it can achieve a good effect in noisy situations. The experimental re-
sults on artificial dataset and UCI dataset show that the D-ISOMAP algorithm is better than the classical unsupervised

dimensionality reduction algorithms in terms of visualization and clustering of data sets.

Keywords ISOMAP, Manifold learning, Density scaling factor,Noise data, Dimensionality reduction
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Fig. 1 Geometric description of data points(k=2)
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Table 3 Density scaling factor
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Table 4 Standardized density scaling factor
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D-ISOMAP 5 iy B AR AE o B Gk 1 s,
&1 D-ISOMAP &
WA REARSE D= (x, %000 v x ) A8 B H kAR 25 A1 4680 o
i ARG D IR ZS W BB Z= (2002000 o2 )
bug

Step 1 fori= 1,2,++,m do

Step 2 Wi x 1Y k 4B ;

Step 3 T x 8% B R T 55

Step 4 x5 kAR R 2 () 1 R S 15 Dy BRIC BE S B L 9
4 R i e B S LAt A Y B B B B N ST K

Step 5 end for

Step 6 ] JH 5 I A2 B T H S AR BE W RE AR L IR] A BE S dist(x0x) 5

Step 7 % dist(x;,x) fEN MDS Sk B A
Step 8 return MDS % 1 (1) 4

4 LWHERSHM

J T HAE D-ISOMAP HvL 9 T g, A8 SCHY B br 2 i iR
BT S 3 — - A B A5 1K A R AE 23 1) b, 3 3 K-Means 8%
TEAR 2 FFAE 53 (8] P 58 R AT 55 L IR i LR R 5 MDS,
LLE,KPCA,PAC #l ISOMAP 3ix & 25 it [y Jg Wi B W 4 55 1
HEAT H AR 5 TR s, 55 R SR G 1Y T MR R 2 O 1k
Peaks Clustering™* #E47 ST XF Fb . DL G UF FIF 472 55 1k 02 15 fig 42
Fh IR 53 Hb o R — S ] WAk R R 2 W R 28R
SR v A T R LA B S o o A T i 559 1 R 7 Sk o A e R 2 A AR
MSE IR . S5 56 4% B2 PR 55 A Python 2. 7,

4.1 HEEIHRA

S 2R FH B B A AL HE N T B A R B S AR 4 L X B
AR LN EES B E R, AN T AR & 3 FE 3(h)
FE 7 » B SEBUE SE S IR T UCT ML~ B3l i iy 6 AN i
RBIRE LR T A SR B ENREA . Sl 3R 3
Pt 88 K/ B @ A B 2% 5 gl

x5 HIRERFR

Density

Table 5 Information of datasets
A% N JB B |
Synthetic Control Chart 600 60
Tonosphere 351 33 2
Banknote 1372 4 2
Semeion handwritten 1593 256 10
Vertebral Column 310 6 2
Breast Cancer 569 30 2
Galiss 750 3 3
Swiss roll 800 10 2
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Table 6 Comparison of clustering performance in terms of Rand index on eight datasets
. Rand index : :
MDS LLE KPCA PCA ISOMAP D-ISOMAP Density Peaks Clustering

Synthetic Control Chart 0. 84 0. 86 0. 86 0.85 0. 86 0.88 0.77
Tonosphere 0.55 0.73 0.59 0.58 0.57 0.70 0. 60
Banknote 0.51 0.79 0.52 0.52 0. 64 0.84 0.65
Semeion handwritten 0.83 0. 87 0. 86 0. 86 0.87 0.89 0.87
Vertebral Column 0.57 0. 50 0.55 0.57 0.59 0.66 0.63
Breast Cancer 0.77 0.83 0.77 0.77 0.76 0.79 0.67
Gauss 0.99 0. 96 0. 88 0.90 0.99 1.00 0.99
Swiss roll 0. 66 0.81 0.66 0. 66 0.74 0.99 1.00
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Fig.4 Two-dimensional embedding results of Synthetic

Control Chart dataset
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Comparison of clustering performance in terms of Rand

Table 7

index on different noise intensity for Swiss roll dataset

Rand index

MDS LLE KPCA PCA  ISOMAP D-ISOMAP
1 0.66 0.99 0.66 0. 66 0.97 0.99
2 0. 65 0.74 0.66 0. 65 0.76 0.85
3 0.63 0. 63 0.65 0.63 0. 64 0.84
4 0.61 0.62 0.63 0.63 0.64 0.64
5 0.59 0.50 0. 60 0.58 0.59 0.56
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