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Abstract Outlier detection is one of the hot topics in the field of data mining. The existing detection algorithms are
mainly applied to the cases where outliers lie in initial attribute subspace or various linear combinations of underlying
subspace, when the outliers are embedded in local nonlinear subspace,it is very difficult to detect the outliers effective-
ly. To solve this problem, the shortcomings of typical spectral embedding algorithm for outlier detection were firstly
analyzed,and then on the basis of local density,an outlier detection algorithm based on spectral embedding and local
density was proposed. The algorithm which uses iterative strategy can efficiently screen unimportant eigenvectors and
discover eigenvectors that are relevant for finding outliers hidden in local non-linear subspaces,and the local density-
based spectral embedding from a previous iteration is used for improving the similarity graph for the next iteration,such
that outliers are gradually segregated from inliers during these iterations. The simulation results show that the detection

accuracy of the proposed algorithm is better than other typical algorithms,and it is not sensitive to the parameter set-

ting.
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Fig. 1 Outliers embedded in manifold
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Fig. 2 Outlier detection results of different spectral

embedding methods
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Table 2 AUC comparison of different algorithms on all datasets

HEE LODES HiCS OutDST  FastABOD LOF
Glass 87.32 60. 40 16.61 60.05 78.26
Pendigits 94. 40 62.42 82.89 66. 39 52.55
Ecoli 89.29 81.34 26.50 87.32 86. 30
Vowels 91.14 92.17 40.01 63.67 94. 67
Cardio 72.08 63.02 30.78 94.52 59.67
Wine 96. 60 48.50 92.43 82.50 62.18
Thyroid 68. 40 76.82 51.20 55.58 67.14
Vertebral 58. 20 56. 60 48. 20 34. 80 59. 39
Yeast 81.40 59.48 69. 89 84.55 56. 44
Seismic 63.43 60.58 66.79 70.91 57.39
Heart 59. 06 52.10 56. 25 40. 14 30.28

BEAE  FRATIE DL BT A E R rh 0 1 10 26 1 £ A ok S0 50
Xt 4, ok F F1 A543 ™ S i A RS B2 11 48 A R X BT A
AT PR RE FLEL . F1 A3 4002 G0 31 2 vh Ok iy ik 4 S A
G 0 13 1 — T 48 At TT DL AR 2 A5 A O 1 6 R A TR R 1 —
T3 B W I R AE R 1, dse /MBS 0. 7R [R) 5303 78 i A 3K
PPN F1 A5 R R E 3 Fial, He4 i w4 i 13
S FBARFR IR, AT LB F), LODES % 15 i ks RS B2 1 48 T 1
i Bk, BRRE . LODES Bk7E 9 AN EE 4 T HE4 B

2, HICS 3L 7E 4 80 4 T HEA AT 2, OwDST HikfE 2 4
e T HEZ BT 2. FastABOD S35 76 5 S HE 4 T HE 4 1T
2,LOF S 7E 4 A EIE £ T HEA BT 2, 300 7843 B 0iE T A 3¢
ST A S R

&£ 3T 10 KR A F1 A5

Table 3 Comparison of F1 scores of the first 10% data points

KA E LODES HiCS OutDST  FastABOD LOF
Glass 0.263 0.132 0.132 0.197 0.132
Pendigits 0.285 0.097 0.007 0.017 0.081
Ecoli 0.328 0.188 0.047 0.328 0.328
Vowels 0.328 0.328 0.000 0.133 0. 400
Cardio 0.351 0. 185 0.033 0.597 0. 206
Wine 0.777 0.079 0.341 0.253 0. 000
Thyroid 0.055 0.166 0.026 0.047 0.111
Vertebral 0.185 0.111 0. 000 0. 000 0.111
Yeast 0.358 0.159 0.153 0. 441 0.119
Seismic 0.131 0. 140 0.107 0.196 0.103
Heart 0.161 0.000 0.062 0.000 0. 000

4.4 BEEBRENN

AR DT T &R kMRS T 280k (AR, Hoh
b T R EAT AR BB . B 4 AT A R R AR AR R
EXMT AUC 5 S8k MKR, NEAFUAER. BT
OwtDST Bk, KRB R S8 £ 19 HURE IR, X 2
LODES $7k & HAth B fE B i 35, OwtDST Bk X T &
Bk AEFH R MRS L R ESR G, W 2 SRR E &
2t 5 JR) % B 5 AL AN FE A 1 1, 3 28 0 4 KR R AIG S A
KB hE . T LODES 8 ik 4 2 80 £ 09 808 K X2 B
LODES 573 7T 45 4 Ab 3355 #3338 220 53 1% 1) AR AL 13 o 7 2 3R
XS I8 Aol L AT R A A YR 32 AR T T I R AR R o
G M R ARAE 9 30 W B A7 A0 R 5 B0 B OR 247 O 1Y £ T
SO B R TR B R B T B R AR T 1 o

100 100

O 050 Y A
S \/\/ Sosof T —
< <

025
—=— FastABOD) 025 —=— FastABOD
o —e-HiCS —e—HiCS
~+~LOF ~+~LOF
=% OutDST —#*—OutDST
025 —+~ LODES 0 —+~ LODES
10 20 30 40 50 10 20 30 40 50
ANN ANN
(a)Glass (b) Pendigits
1.00 100
—
075 4 075
—
8] 18]
S 050 —e—FastABOD| = 050
< —e—HiCS <
—+LOF 025
== OutDST s
025 = e FastABOD)
LODES —e—HiCS
0 ]—LoF
—%=OutDST
0 —~LODES
10 20 30 40 50 10 20 30 40 50
ENN ENN

(c)Ecoli (d) Vowels

Pl 4 A IO B 7 X e AR B ke Y R

Fig. 4  Sensitivity of outlier detection algorithm to nearest neighbor K
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