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Extended isolation forest algorithm based on random subspace

XIE Yu, JIANG Yu', LONG Chaoqi
(School of Software Engineering, Chengdu University of Information Technology, Chengdu Sichuan 610225, China)

Abstract: Aiming at the problem of excessive time overhead of the Extended Isolation Forest (EIF) algorithm, a new
algorithm named Extended Isolation Forest based on Random Subspace (RS-EIF) was proposed. Firstly, multiple random
subspaces were determined in the original data space. Then, in each random subspace, the extended isolated tree was
constructed by calculating the intercept vector and slope of each node, and multiple extended isolated trees were integrated
into a subspace extended isolation forest. Finally, the average traversal depth of data point in the extended isolation forest
was calculated to determine whether the data point was abnormal. Experimental results on 9 real datasets in Outliter
Detection DataSet (ODDS) and 7 synthetic datasets with multivariate distribution show that, the RS-EIF algorithm is
sensitive to local anomalies and reduces the time overhead by about 60% compared with the EIF algorithm; on the ODDS
datasets with many samples, its recognition accuracy is 2 percentage points to 12 percentage points higher than those of the
isolation Forest (iForest) algorithm, Lightweight On-line Detection of Anomalies (LODA) algorithm and COPula-based
Outlier Detection (COPOD) algorithm. The RS-EIF algorithm has the higher recognition efficiency in the dataset with a large
number of samples.
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Fig. 1 Score heat maps of

different algorithms on sine distribution data
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L0NEAEAES , AR IE BN 1R .
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Tab. 1 Synthetic datasets used in experiments

FIGEES P qERE R EREE A%
DS_One 2000 2 4 0.50
DS_Two 4000 2 4 0.25
DS_Three 6 000 2 4 0.17
DS_Four 8 000 2 4 0.12
DS_Five 4000 4 4 0.25
DS_Six 4000 6 4 0.25
DS_Seven 4000 8 4 0.25

LUK, S 0 0 092 RO B ok 11 R R A I R0 e
(Outliter Detection DataSet, ODDS ) ARk FEH A 94~ HA
IR 2 4k SRR AT 9200 . PEIR A B B (5 R n 3k 2
JIE7R o 30K BRI 5 AR 20 3 1y A AR AR Bk ) 3 A B
A , T LA G- R MRAR SCARk PR fE

F2 LWEMAKODDSHIRE
Tab. 2 ODDS datasets used in experiments

bUEIE S HEAL Y AN /%
Lympho 148 18 4.10
Glass 214 9 4.20
Arrhythmia 452 274 15. 00
Satimage-2 5803 36 1.20
Annthyroid 7 200 6 7.42
Mnist 7603 100 9.20
Shuttle 49 097 9 7.00
ForestCover 286 048 10 0.90
Hitp 567 479 3 0. 40

B 5, AT 9255 Python3. 8.3 25 A2 X L, 15 AT 7
Windows 10F:/E 248,12 GB NAE, Intel Core i5-4200H CPU @
2.90 GHz WIHEHLF & o th T S2se b BT S i s M
A 3L S B TR B A R A B R T B RO T S
AT 42 R AT L 45 R B 3 AR R 1 A S OO B B
YL 100 B4 55 256 419 s I .
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Fig. 2 Score heat maps of different
algorithms on multivariate distribution data
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T i 4 EE 4R R AN, e B R R L R
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W 3 () BB, RN SR A R 4 AR S b L i
A7 sF ] 35—~ 8 2 3 FEL N B 284k, (H RS-EIF Bk 138 47
i (] R AR I D F EIF Bk . I BUZ I 4 0 R e T Tk B
HBE SRR R B AN K, B 78 A PRI TV 8 N [R) 448 i 4

Pt FIIB AT (A 22 5%
167
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.~‘A'
= A -o-RS_EIF

_-a

41 o ’__u—”—
o7
I

0 T T T T
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Kl 5
(a) FEAHCEE N BT I TH) ) 50
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! 7
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~ o
!
o
1
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Fig. 3 Impact of quantity and dimension on
running time

Zx BT, TR IR 4 BE B EE AR v, R ELF L 5 RS-
ETF 53035 B[] 454 24 3% B0 Ay B A A 00t (%) 385 Jon s e o 185
R AR AS A ] (9 8500 45 b, BIF 3303k 0 B[] JF 2 &2
T RS-EIFH%,
3.3 5EHMRERNEZNLER

AR A FEA R 55 22 1B AR ForestCover 5 Hitp #%
IR 1= 9373 S M2 5 N R 3 B PR A REAC B 3 /0 i B0l
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COPOD B A7 X b, 33k S A5 78 1 ff ] PyOD JBEP4 528
SR T I iForest 5374 {8 FH BRI S 44 T ELF 5594 5 RS-
EIF S35 14 0 S5 G0 0 5 508 Ry b i s BRI 2 56, o 1 O it
AL, RS-EIF 53k 1 725 [) 2 8 150 5 S X 17 50408 2 ) 4 8 11—
2 LODA B3 4 By PUSCiE 5 B AL 8 U 53 1) 1 A S
Hk[23 4 A9 105 100,

FE3GG I T 5 AR A I T 5 R R B TR 25
FLv: B IR] 2 48 DA e U1 2 30 45 SR TR Y B O 5 kG o R
(ACcuracy score, AC) M 7Rt ] sklearn €2 H 44 40 5 K&
TS RS E TN A SR AR . @i 3 T LUK TEREAR
KT 1000 9 B 4 rh RS-EIF 895 (EIF 50k (RS B 5
iForest 5 % . LODA B 3£ . COPOD B M L 0 B & H T
2~12D A RS 315 A A S8 R BAE RUTT 85 b IR
W35 25 HAL 3R . BRIk Z 41, RS-EIF % 5 EIF 1k
T IX BeH 4 55 B RS B I A 22 R T S AT Ak R L T

RS-EIF &k (i 17 [ #1320 F EIF |53k . RS-EIF B kY
TR B33 (R AT 38 2 v AU B0 10 Do PR v 303k 2 4
BEALEB S T 2R AT S, AT AAT SR 44 R 7 A
I, RS-EIF L AR T EIF SRR I Ol A7 2 A 80 . e
AN REA i 2k /D A B3l v, RS-ETF 803k (008G i 1 AR T
EIF 536 {0 5 HAl 3 Fh sk X B mT L& B, JHORS o 2 8 2
SB35 T iForest B35 00, S HC BIZ B A0 J5 IR 0 w1 e R R AR
b,

ZEA A M LIS S5 JE AT A1, RS-EIF B3k B B ] 45 75 &2
IR R 4R L3/ F EIF 59k, BRZY R R 60%., 78 52508
% -, RS-EIF Bk 5 EIF Bk AH 22 R K (R 7E thoR R B 4
T AT AL T iForest 255 \LODA 551% 5 COPOD B . IRt
Z b, B F RS-EIF 5Lk 75 2 7E 143 8] /P alb 4 70 25 5 100, 1
RS R A REHLAE 5, DR UL, B4 i > A 0 304 g
T RS-EIF LA R 0 B (R AE D BB UG 46 1 RS-EIF 71k 5
EIF B340 Lid 20 A AR 2 o

#3 RS-EIFEESHMEZNERMACILEER

Tab. 3 Comparison results of time consumption and AC between RS-EIF algorithm and other algorithms

, . RS-EIF EIF iForest LODA COPOD
HgEs FEM /s AC FEM /s AC FERT/s AC FEHT/s AC FEHT/s AC
Lympho 0. 056 0.789 0. 659 0. 960 0.171 0.527 0.039 0. 847 0. 068 0. 967
Glass 0. 057 0. 862 0. 404 0. 957 0. 164 0.743 0. 036 0.912 0. 049 0. 860
Arrhythmia 0. 309 0.872 1. 867 0. 854 0.291 0. 858 0. 059 0. 875 0.872 0. 857
Satimage-2 1. 067 0.952 4. 874 0. 987 0. 422 0. 829 0.151 0.908 0.573 0.916
Annthyroid 1.274 0.911 4.341 0.925 0.234 0.871 0. 095 0. 853 0. 090 0. 870
Mnist 1.423 0. 882 6.715 0. 901 1. 144 0. 808 0.165 0. 865 1.354 0. 848
Shuttle 9.128 0.991 32.853 0.928 0. 854 0.952 0.635 0. 876 0.738 0. 969
ForestCover 27.004 0.931 94. 442 0.979 3.838 0.853 4.979 0.901 8.772 0.901
Hitp 43.189 0. 996 151. 169 0. 995 4.452 0. 884 5.518 0.929 6. 566 0. 904

4 %i% S (References)

AN iForest B35 1) b 25 5T A T 5 BB 6 R R S
WAHURATF A %5 BIF S0 A P2 0] 1 JEARL, 32t ZE B AL
-7 0] v feft B ATLER SF- T E AT B 25 9 RS-ETF 33 o x5k
N i) A A 1 7 0 AT, T840 ) AL G A
55 4 B 20 4R TR 59 0 2 2 40 S R G e T o A5 i
(Ve

SRS LE R EAIE T RS-EIF Bk A 70k 5 = (B[R] T 3 R 2K
PERE NI LW /> T EIF 5k AO4E . 72 LS H9 ODDS %4l
% bW RS-EIF B35 15 HoAth 4 B0 43 BIXE HG T RSB0 S5
[ FFES 025 5 A5 S50 8  TERE AR TR i 8 s 4 b, RS-
EIF B RS 00 B2 5 EIF S AT (B ARAL iForest 31 \LODA
5 COPOD B3 Ut , RS-EIF B3 (R i 1 - 4 T2
SANE 38 AR T T B ETF SR80 2 60%
185 oA 3 Fp AT E, B RITF A AN (S AR 3 . BRIk, AR SO
$2 RS-EIF 53 16 0 — Fod A v R B 2 o 5a 46 1) = B 5
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