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ODIC-DBSCAN: A New Analytical Algorithm for Inliers
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Abstract Outlier detection has been focused on the discrete points of cluster edges for a long time. When the number
of clusters is less than the actual number, or the outliers are disguised within the cluster, the detection of inliers becomes
more difficult. Therefore, a new analytical algorithm for inliers ODIC-DBSCAN (Outlier detection of inner-cluster based
on DBSCAN), which is based on DBSCAN (Density based spatial clustering of application with noise), is proposed. First,
on the basis of establishing the distance matrix, the set of k effective radii for the set of points is obtained through the
proposed Radius Obtaining Strategy, and the density matrix is constructed accordingly. Then, the point-set covering
model is established and the idea that the covering multidimensional cube with adjacent effective radius can cover the
point sets is proposed. The Lagrange multiplier method is used to obtain the optimal ratio of the number of covering
multidimensional cubes, and the group of point ratio thresholds is obtained. Finally, the method of outlier detection based
on ODIC-DBSCAN is reconstructed, and the fusion phenomenon of the clusters is taken as the terminating condition of
the algorithm. The experiment verifies the ODIC-DBSCAN algorithm through three kinds of point sets: the synthetic
point sets, the public clustering benchmarks and the UCI real-world datasets; the clustering process is demonstrated
and the performances are analyzed. Besides, experimental results show that comparing to other clustering and outlier
detection methods, the ODIC-DBSCAN algorithm is able to determine the inliers more effectively.
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YRR I SRS R R O B
CMCy=Cy=2Cy o
S
YBT3 S Uk CMC,, CMC, i

ST 3ot 5 T 5 R A M, X A 4 9
SR R T AR e

b B 5 BRI o O R A
TP, S 2 R I G, A S
SH e %S DBSCAN S0k R4 K, ot
BT

B B TR 7, MICHIRIOTE 1 2 2
PR s PRI G PR 0 A B

B IE PR TT: A5 SR P W o £ R
B AT (B p = UL, pis ARUHE % A
RN E A T2 LY s LR T
Ny > Ny, > -oo > nyps IF B HAAM
MRS v, TEUL (py, 1) SR T ARG R 8
ST I, B, RUEAE St

m =", - (Sﬁ 'prl) + Ny - (ST2 'ﬁrg)—i_

i, A7 RE

-~

factor 1 (7)
c ot Ny - (S D)

factor 2

WidhrLE

SR iR N AR IR

B2 AR FAR

A A P AR R i 2 AR AR 4L, o, m
NEIEH, (S, - p,) N PR & 2GRN /U
BH, n, N0 S 2 e RO, DI 1 b Ridk
N5 S L1 IS B Ve A /g5 % v
AT AR 2 PR I 1 AR R BT H AR, A4
AGIBRER n, Boh, ®E p, SR NIEFAIEH
JE, B 2 BRI ORI, 5 20 AN R 78 i 2 iR Kk

HIRA.
Wit 2. FEESRREEGH RU NG 24
RB i

518 1. W4k P fE RY AT AME, C
REGLZYAES, HC BT mE P WEMS
P AR A RANE W 2 dE R CMCy, CMCy,
o, CMCy, [AREE 2 8 e P

fife®e: 1) &40, C B ridE P, fi Vo € P, A7
HE G Lk CMC € C, ffiff x € CMC (r). 2)
C ARG RAUAL, n (S, 28,
n € {0,1,2,--- | N}, SZhrmh/e 55 2 4k F A
[F:124%4 Radius.

gl B R W 5 A7 R & € B (Heine-
Boreltheorem) iE WAL, ASCANHIEN]. 5 20]
BB ERES Radius W T 4 P OFTESS A
Mghie. BILTFEZEITS L RES Radius HANFF-A42
A AR RE .

WHE 3. B ARSI, AR N AL 0 41

TEAR r BUNRARAE T, B 2 gk Re g e 4
B mE, A n-mr? =n,. BT =r/o, WAE
fEn-m() =1/o})n-mr? =n,, diltr FRA
g SE AR W8 TR) 4 5, IX AR W7 o 2 AR 1)
R AR R Z RN, PR T 402 r DT —
FAPI, MRS W 2R 2

W R POAE T AL BR IR ) AT e R
dimensiong Wi Ki/MES WK MaxV,, MinVy,

)@

BAR K | | TN, (0
i YE || A2
cMe, CMC,
1) FRE S 2 Yk

2) R 5 2 Y ih BA R L
3) AN i 2 el o3

7 YR FIE R RN

Fig.7 The example of division cover in covering multidimensional cube
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WA K P AR YE RE N A [MaxVy, MinVy).
B O A Sl ST SO el 5 N 3 S S N 6
[MaxzVy, MinVy) 112 4ERR K45 ).

MHEEZYEER R r e R, HO < r <
1/2Max(MazV , — MinVy), d = 1,2,--- ,d. R
NN TR B R KA — . i T 2 iR
g, AL oL

1) % r = 1/2Max (MaxVy — MinVy), W
Space ... N Space, = Space,,, FR%Z ARG HE 5
A,

2) Y 1/4Max (MaxVy; — MinVy) < r <
1/2Max (MaxVy — MinVy), W 2 - Space.m. N
Space, = Space,, XRMWNZ YRR 35 RS
[A].

3) Hr < 1/4Max (MaxVy; — MinVy), 5%
r < 1/4AMax (MaxVy; — MinVy), W n-Space .pmeN
Space, = Space,, Fix n 2 HEAAREE & AL
]

I Spaceome 5 Space, 3 MK N i 2 YA
5 s, 2R e N T RORYEEAE
Wo1/4 B, RS EE R, AEENEL P ES
MG ik, TSR S R AT IR I, B
BN RURLER 25, 4R R AR SR 27 ) s

X HUR r B REFR N IR E i (Distance fil-
ter), #& ODIC-DBSCAN [{J55— Ik A\ S5, 1k
P07 55 2 AR AR RN, e 2, i 3 AT
AL AR SR P ot — 0L R R 2 A
HOoMAE 7 55 % s vy, Pt R & — e s tE. 1
R SR 1T N 2R, 5 2.3.2 TR AL
RARWE ST, MRS 55 2 4E R 1) 2L
HCREFF L.

2.3.2 mttElfE

FANANRBEE b BWEEHE E+ 1 BERX
&, AT UARER R UL — Ry G 22 0 th 260k, & A
U(npk+1anp) = E7 k> 07 /ﬁ\:':'j E j"j;ﬁ'ﬁ 1ZEH32£
AR T B BEHE oo AHAREE BEMRIIOC R, WA 8
Fis.

A1 B IR 5 2 AEAR 1) B 50 N AR 43 0 A
(p1, p2) 5 (r1,ra), WP ATE 55 2 YEARRENS SR 7
i VBRI, P A A E O R N 8 P, R 8 T,
WM& AR A p =Tl (z(p1,71),y (pa,72))
R, WEY py 5 po 1E7E 55 s A2 R SR ).

XU RS — R p, W2

_ — 2 — 2
M= Ny Pp T+ Ny " Prgr " Tegn (8)
~~
factor 1 factor 2

Py, RONBE— AT FERIFR K~ 3w R e 23 Ue i
FANHRIUCRIR L, by, WESE, ULory HPAR IR

EICE N S B H s DT 2 [REE. P R A
FTREH m. AEREADNARENT, T EEREAR
Bt LU n,, /0, KA.

n(r/_)

PAx, ¥,)
px,¥)

nr)
8 Juzedl h ik

Fig.8 Indiscriminate curve

SEXREU AL n,, 5 n,,,, WA
R, ZIIBRIRS RSB AR 1 i 7] K 2R PR AR
U NHEZLUFH S 1) RO R £ 2)
BRECEIG MDBAR. XN RS & T8 22 00 i 2
ke, IR LR EESR R R SR B

-1
I v
v (npk,npk+l) N <np * n, > 7
k k+1

w>0,v>0 (9)

BREU 2y =1/z, (x> 0) FIJEX, TEARLUR &
R, S B eR ORI E 1R 4. BRI R
b, WK n,, 5 n,,., IWREBCY—XZSH (0, v),
S E T R RN AAREAE vy B I
WAEE 8 v, BORI, thdedim T n (r); v K
I, HHZE ™ Y  F 0 (). S E0R S ST S
P R OO TR R 08 3 2 A e K ) i, Il (B A
FPag 3Rk, 2o At (10):

{'u = {’L|7’ € max (abs (P(zi,r,), p<m7z+1»rj>))}
v= {Z|l € max (a‘bs (p<wi7Tj+1>7p<wi+17Tj+1>))}
(10)
HRZ TCRRAL (9) ELIHRSAT (8) TFIIBKAA, 5
AP H 11k, ¥ 2 MRES 1 ANAWREMR
A I A 2 + 1 MR IC AR ] . 7
AN LA TR, R aE ks B H R 3L

L (nPk-H 2 Moy s )\) =
U (nPk+1 ) nPk) + )\ (\Ij (nPkJrl’nPk)) (11)

Horb ) LA HIERBas BT H 2, U R sRAEAL i)
BN g B H IR, W (n,,,,n,,) W (8). @
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SN U, U hik B H e 08 -

L (nl)k+17npk7 )‘) =

NpMppin
HNpy ) + VN,

A (npk - pmr? 4 Nppyq pk+17r7'2+1 - npoim‘,)
(12)

WGk AL, B2 g
Pr+1

Moy,

oL B Mn?)k+1 + )\ﬁkﬂ'T}% : (:u'nkarl + Vnpk)

= 2
, (:“npkﬂ ‘2 Vnpk)
OL _vn, + APp 1T hs1 (IU/nPkJrl + Vnpk)

anﬂk

onp,,, (pmpkﬂ + l/npk)2
(13)
4 L k5 0L 0, WA (14):
Pk P41
'un2pk+1 = _)\mﬂ-ri : (//ank+1 + Vnpk) (14&)
I/nIZ)k = _)‘ﬁk+17”"l%+1 : (,Ulnpkﬂ + Vnpk) (14b)
5 (14a) 55 (14b) fEHL, M 455
Moyt Vﬁkri
T 2 (15)
oy, HPk+1T) 41

P (15) ML EL R Lo At

1) #iEa (15) ki, =X (15) ar AR,
Posr /e (CHEHBH (1, 0), PIIEE By, Bross, 2K
1y, Tepr BIFHIE. BRI 7 rh, PARI 52
M BB R — 48 AR, ny,,, AT EGHIR/NH S &
BRI ppry P, RS K+ 1 B BEYOE; ny, W
AR . IXARBLT B H 2 L6 52 B AR AR % B 1) [/ AH B2
W, HREDE T ny, . PHAUGKR BBOR 12 B 12
HSEB5 NN T ny,, FHARGERIE/N BRI EH, AL
LB ERZEWRIEIE T (B), > Prya), AL
SEMARE L 5 2 PAR Y T7 K R R B & N, ny,, A%
BT n,,, ARSI E W SFH B k+ 1 BT
AL L A2l (15) AR, A
[> V, Pppy < Prs 1 > T AEIEIERE B 0y, /g,
WHNT 1

2) %383 (15) K& L. a) AHE X n,,, /1,
kWG RAESE P, DU b+ 1 %A
KA rppr MW 5 2 454K CMC (ry1q) )
BHEE kBRI EAR vy MR 5 2 i 1A
CMC (1) BHZE. 92br EIXEIRT L P PR
DATRFRE n,,,, TNEEN P, WEGZYEEY
N, NEEA p), W7 o5 2 dEAR 2 IR R, BIP2E 7
i 2 AEAR I T AR SR 5 SR A A A UE L. @751
S npy [T, R T AR P BT Py
[PV E S 5 % 0 oy, WAL LA, TR0k 55 B A

Droyr BIERMN B H 5% RN b, W ERAL R
HOH B A, P, K LU RRAE DLEAS KU X &R,
FAt ry, AR e B RECH AR BN 5, IEE
ZBEFR A A L (Point ratio threshold, PRS).

n

Mo g, (16a)
nﬂk

Bovir o oy (16b)

nﬂk

X, g, /1y, RRTEAHAR S LT 1 S LL B, pt,,
TRV @ ABFTON B, tE R HZ A PR T
(R e, Rl T, X (16a) EoR @ WA
AN AR R B K T3 R LB, 0 i e
B, B A TR il o, 30 (16b) MRS A
FHORAR T B B 22 K, 1 s A T T 2 IX 5

LRI kR, Bk A2 th 4
R, MIARN 2 Ik — 1 ANAHAR I 2 b i, Fx
J s LB {E 41 (Group of point ratio thresholds,
GPRT).

24 ODIC-DBSCAN

ODIC-DBSCAN Sy 1% /0 JE AR 5 LE
AL 0 B 1) 25 SR A, B A% Lo R AT R E (1)
PRAN AT 3% BE AR AR 5 K T B, G SR % e AR 1k
KR B, U Bz AN I R 2 i s R
Wb TN Gy 2 IE B A T R8I 238 4y, DALtk
ARG ILPANY 78I, WA DR AR A %I
I E SLAZ R R T

EX 5. %05 (Core object). # LA z; AT
TG, tE5E Radius TAHEEAE vy, 75 B AU
HH Z R T 1A BRI S B, WIRR z; A AZO%)
%.

AR AR A A0 FUAE R, LR 2 AR BIR
WG MEREI&AE (W DBSCAN ) epsilon 5
MinPts, BUASCHEH 0 s LE ) B2 ki, 1%
(Ao~ Sedh . REMINE, R &N RN —
AN AXINGHERR A BRI LS. SR 0 Bl RO 12 5
AR AE— L, DR A e 2 5 ) B S 6t TR = AR R ).
DRI AT, U TR TR AN 2R L 20 1F RO LG BIE,
HRERAE T RGNS, A 1EIEAL IS 3o 7%
S, AR AL ARSI TV, s AN
L2 8

S 1. W EE 3 T AR

TERRRE L TAE T, 45 % — A 2 A B E
(Ef fective Points Threshold), /%A %%
S (L) A SRR H LA, B T AR
BRI, DUVRA A N R, A USRI (R 2 R 5%
553 3).
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HROSAE Ef fective Points Threshold &
ODIC-DBSCAN HIEMZE A8 % BAE T
WA 58 42 2 A1 BRI, mTRERR AN E 20 RO — HE.
SEBR b, B )R /N B AT WA IR, BRI R
BRI A% R O YR 1 4 SIS I
(Ef fective Points Threshold) Bl 90 % AR Toix;
I RSO, oA TG A, WK% S R
50 % LA T RAW].

LIE 2. ERIAT ODIC-DBSCAN Hi:, FRR
WA F AR B H B R, B A R I A
GRS 1L

IRAL R AT G0 1 IR B S R A 15 A T
Rh-GILG, WA B AR E, WRESAH S E R, 6
W, AR R E—R ) IDX, /5 R5RKM 2%
iR HREE RO LR IDX 1504, Wil
RAERS, JFREE R, HmaE 9 pros.

mbEEA

i/NT A

A

PATEBUZ ORISR

T T T lf ] ODIC-DBSCAN i
| EKES e iy
| l [
H] IDX 57 0% o
Sl it

B IR

|

BT

BATRA

03 IDX 590075, Fill

9 ST ik DA RE

Fig.9 The procession of outlier detection

2.5 HBIEERES

PP G5 KW 20 S LR JUAS SR 2 1) R 2 R B
2) FREFF A BRI, 3) KRR, 4) %%
FERE; 5) v S LEBI{E; 6) ODIC-DBSCAN 592,

1) BEE A FER TR R A4 O(n?).

2) IR FF O R EE B I R 2% E A O(n);
DI¥E B —IR, $R R A BRI BE 2 SO R AL Al

3) AR IS I [ S 2% P4 O(n); HRY

n O/ “GRIERT A SRS P n, LR 3
B AE AT 2 DI 1R PR 2 A

4) BRI RS k- O(n). Hdn b
MAERIRL k W4ES Radius AR IEH.

5) THE ALY, Lot TR A A4

6) ODIC-DBSCAN ik m EE N k -
O(n). SEbr b, BF S AEREAE A S H 4% N\ DB-
SCAN, EHEHZIE. O(n) Mt n A LT,
FHRBEAIE DI AL kAN EEIN, PR s L
4.

Wik Ll 4, ODIC-DBSCAN Sk i 1] 55 %
FEAR 205 DBSCAN #[Al, ¥4 O(n?).

3 KW55

ALK oy =AY S A AR R
S R 2 R B R 5B 84> 4 ODIC-DBSCAN f)
PEREINA: FLHEAE UCT B8 1)y 4E 5l h R I 2 44
UM 55 I TR 0% 35 =30 2 R 75 A 5 AR TR ST A
LRV Tl E

52 ¥ % DBSCAN. AP. DPC. ReCon-
DBSCAN. ReCon-OPTICS 1E A #% W AT S48
FxE EE 525 64, % LDOF . F-ABOD. LOF A}
OPTICS DYFhSIEAE Ay f% (0] T s U B % Bl
S, IR A TR R AR SRR . ZEE REINR
5B NST s A Hp, JE B UCT AT 3 AN BLSEEL
WS RN FN 3 35 benchmark; 7E#% LA A
Rl A e T AR R A 1~ 3, HE R4
A5 AE NS N 38 4 45 .
3.1 FEIRENKRE

FEYG AL -2 SR IR ms (1) 7 v b, A HAA AR
PERI B S, 10 (a) S PANE, HIEES 28 2.
10 (b) & =AME, LA F WA ESE 10 (a)
AT, B AN 2 TRV E 35 220 10, & 10 HRaEAN g
AF 100 AN, A LLBEH LA )7 0 AR k.

1 2 3 4 8 12
(a) MG HAREE (b) FyiEigE 2
(a) The constructed point set 1 (b) The constructed point set 2

K10 it s R o

Fig. 10 The constructed point sets scatters

TERE P 11, AR B B H S A R R,
R R 1 X 2000 HI%ERE DistRatio ¥
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. B 11 FRAE 1~ 2 TIERE N, A5 R
g bt Ho 7 ETFBLR A, PSRN S H S
Z P PR EE R AE BT BT AR PR AN TR 1
AHELPE B, Ao 22 )R b T BR324 R E S W 1)
FEAEH, bRl T2 WA ERT BIFE R, XL
B AL R KR IR, BRI AR SRR s
IXUERE BRI . HERR. AHN ST, £ 0~ 1 JulH
W, R IR ECH O 950 4N 7E 1~2 il F,
SERI IR A H 86 AN i 2~ 3 R, £ H b 661
A, 3~45 ) BEEEH 430 4.

4- =

B

0 S(I)O 1 000 1500 2000
S TEELA
K11 Bk 1 R RIERES >
Fig.11 The distance division of point set 1

K 12 S r #1110 (b)), FERI I iR A1
gEIR BRI LT 22 B0, 2 AR AR R
J¥, BB R R 1 Bk,

#1 BEEX

Table 1 The meaning of gradient

fir B

ey i vl LA=ANRE 11 P9 B0 s R 8 D 5

S —BR AT DA% 1. #% 2 T (R0 85 X %
AT DU 2. % 3 [AIEE B A0 5

O BRI LARR 1. 5% 3 [0 RRE B X 5

BT 11, 12 PR, a) Bk 12 SRR S fE
VI S ERIVAR a4 €/ 0E DDA NG I -3 SN T ERE S
WHAERE.

3.2 ODIC-DBSCAN REM

AATHN ODIC-DBSCAN [ g fil— L6 g 7Y
WA, B4E 1) ZEEURIEMT; 2) 84T IR 70 . 2
PSR B R

1) SE86 kB UCT A JF 3085 4 (http://
archive. ics.uci.edu/ml/datasets.html): Banknote
Authentication (BA). Chess 4 Breast Cancer
Wisconsin (WDBC). £ = 2 %4 48 1) i kb 2 Hp 3%

I FIREIR 7 v MR s (AL i 28) 4 R o0 £k
P, AORBE 10 45 ESFEARAE NI i AT R . =
MR ERIIFEARLH S4ERE 500 0 772 X 4. 1679
X 36. 367 X 30.

151
Iy 8 ¥t

121
& g
o
&£ 64

3_

0 T T T

0 500 1000 1500 2000 2500 3000

PRE LR H A
Bl 12 Bk 2 NIERE
Fig.12 The distance division of point set 2

2) LEIF 74 eh, B PR = benchmark
(https://cs.joensuu.fi/sipu/datasets), 43 5 WA A
RN, ANFRECH, DL FIZERE N 1347 i [a).
321 SEEURMESH

ODIC-DBSCAN Z:4 5. 1) B &5 10 0k 4+
2) FRTE N (R AR, JEE 3 RHHR AR, fE R
RSHINTEI T, 73 B 87 A= IS 5 H

2 IR TAERLSE M) m E B AR, AN A
ZHC AT S5 RS 45 5. R R 3k T 41, ODIC-
DBSCAN {EAFZEI 0N, 0 8 7 Ao A
5E , Kol 25 SRR S HOFA UK.

SRR 1) BRSO S R BE B AL S
PEA e b F AR, (RN A [R) BCH A A [ ) 2
K. nEHE AR 2, B R E ) 1/5 I, T
A, WIANRE = AR BACR. 2) AROSHHES
Bonk g R w2 HA AN, S8R e T
BT R R BRI, AR AR AR L DRI ] UK
I, BEFEZSEREN, ISL S AEA Wk D, T 204
—ERELIN, A R R AR ARG OL T, A
ST U H 2 AE BT SE).

TAh, AT RO A AR, ST R H B 1
SR b, AR BRI, R T alE, RE
A 00 P DI R A YT 7 2 TR PR i 5 R . 3K
B ODIC-DBSCAN XK 1 % 1 12 Ak
TR
3.2.2 BEIXBITRIE 4R

SRV TR IR T 1 i O 2R 8 . FH A% AR 4% 7
1) =2 benchmark, fLFGAN FIBEL, &% H DL A 4E
FEEAR 0 %5 2) WiFREs B R EDVE (DPC 5 AP
B, A2 AR R, I dIE AR AL
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1) A [A) R

Kl 13 R T AN AR ISR AS RS S AL T 1)
AT ] DPC Bk riatT RN B Sl Ui A1 1 %
L, FFETTEA, FEPAT O EEH R AR U R
BEPE T HAZ AT N S R ) SR T S R AT
1M AP 502 BARPAT I TR A7 B, (H R R4 SR 2K
ek, FEABIEM. ODIC-DBSCAN H A& 75 %
AT AN ZIEFRIEAR, AW [ 4 )5 i, TR #0000
G PATY 78 T7 15 AH IR L7 VR AL AL 2 i
TEPR R R AR, I IR T AP .

2) ANFIEEH S5A A 4 B

TEA IR EPEEAR T, SREENIB AT I
(AP 14, 15, H. =38 benchmark 75 & R 41
[A].

MEA Rl DB 82 B, f ok EEE ) AR AL 2
ODIC-DBSCAN i FE 7r %%k H 5 4E B2 1Y bench-
mark W43 2] T AR BT, 3K T2 KA B 1
I3 A0 SE H A BOR B m . BRI AR A R AR T
A R 23 A RE 38 AT I8 (8] R 52w AN T] 20 AE 18] 13
M, oA B RS 95 MK, TBIRE 2y ik

ODIC-DBSCAN 7¢Iz AT I 75 35 2% JBAT B AN R 2
() P B 20 1) 8, s AT I R A K T AE ) 14 v
benchmark X} N ¥ 50 H 82>, s A3 i o, 1847
IRGIREREE 5N

T R A O S SR AE IS AT I R R 40,
T MATLAB W [RIST R A RS, FEEXS LEE 13
PR 5000 ML, DL 14 FiRECH N 5
AR, PN B AR 1) B0 H se A Af R, (B0 7y
A F4b, AR PIREC 1 IR,

N 3 TRl I, TR R AR T, T
Wi ATANE, FEE AT R A2 B T . Gl
Fe P, TR A EEREAE BRI X%
AT AATH (L 2 38 20 4T). AT 5T T R AR,
BB — MZ DX S e, FHRILAT ), SR8 F-4640
JRIR RN &5 AR SEAE Ryt N, JF4kel T340 )%, E A
SERAAE. WTLURIN, R H B, Sk
W%, VRN R E AR 2 LT, 1% A2 PRk 5
A0 B K 55 Al N P s B K R AT BT B
B A I T TR T RO P K

2 PHET A R BE B RO
Table 2 The sensitivity of distance filter and effective points threshold

e BA Chess WDBC
EEI%%ﬁ_Iljii Y N S ) Y N > W N 3 Ny
B ROTBE P H HROTBAE ST R H AR VA (g5
0.2 552 0.2~0.6 645
2 0.2~0.9 6
0.3~0.9 8 0.7~0.9 136
0.2 545 0.2~0.6 645
3 0.2~0.9 6
0.3~0.9 27 0.7~0.9 136
0.2~0.3 497 0.2~0.6 645
4 0.4~0.8 86 0.2~0.9 6
0.7~0.9 136
0.9 21
0.2~0.3 497 - 0.2~0.9
5 0.4~0.8 86 6
0.9 9
0.2~0.3 497
6 0.4~0.8 143 - 0.2~0.9 6
0.9 9

%3 ODIC-DBSCAN EA [RIRASEAN ) 73 A3 (K St 4 I IR 4774015
Table 3 Time details of ODIC-DBSCAN on the point sets that have same scale but different distributions

ODIC-DBSCAN ()

K b SRR (F5) TALBE (FD) ExpandCluster (iZ47 &/ I 18] /BT i i s A 43 L) HoAt
AR VLA HIFARE AT RS

95 M 14.719 4.339 4999/0.399/4.3% 4999/0.715/7.6 % 4999/6.511/69.6 % 0.04

5 M 3.718 1.631 2980/0.182/28.4% 2980/0.378/59.1 % 2980/0.010/1.6 % 0.43
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ENRIEINA

1

IR /s

IR /s

1100

I
—A— AP (18 =10)

1000

—E— AP (I =20)
—W¥— ODIC-DBCAN (%1% = 10)

900

—4— ODIC-DBCAN (%48 =20)

800

[ orc

700

600

500
400

300

200

Ik 2k 3k 4k Sk 6k 7k 8k 9k 10k llk 12k
RERHLE

K13 AFEFEAEAFEREE benchmark R #3247 [A]
Fig.13 Time of algorithms on scale benchmark
00 - ‘ — — 2200
i —A- AP (3518 = 10) 2000
907] “W-AP(%ft=20) il [ 1 800
%0 [ ODIC-DBCAN (ag/rk =10) |t
| [ ] ODIC-DBCAN (%1% = 20) 1600
707 1400
L1200
- L1000
7'~ 800
L 600
- La00
- [200
N
1 2 3 4 5 6 7 8 9 10 11 12

RIS

B 14 RESEARRBESH benchmark (3517 7]

Fig.14 Time of algorithms on cluster benchmark

320 T R e
3007 ~@-DPC ol [1000
2807 —A— AP (%18 = 10) L
260 7] ;AP (&R =20) 10 | 7900
240 ODIC-DBCAN (% : 10 L1800
2207 [ 1ODIC-DBCAN (i#ft = 20) s/l o0
200 s
180 600
160 - 500
140 7 '_400
120 I
1007 300
807 - 200
60 100
401 — L
20 — o
0- ||

2 3 4 5 6 7 8 9 10 11 12
YR

13

14 15

K15 AFSFBAEANFYERL benchmark R RIIE 1T [A]

Fig.15 Time of algorithms on dimension benchmark

ENRIEINA

It 1] /s

AHE] /s
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e

{1 45 %

HE

3.3 ML EYHM 53 EL

AT 5 TR RKM Tk
17 %7 b6, M DBSCAN. AP. DPC. ReCon-
DBSCAN. ReCon-OPTICS TiRE LS H A
(R 1001 73 Sl A 6 2 5 BB DU HH P08 () AT i
35 ODIC-DBSCAN 7 LbA:.

1) HR (Hit rate). i%f{H &7 503 1y b %
W R P T I SR AR & Outliers, —AH
SR B ICAL O R DO, (Detected out-
liers of binary results), qE BT H KL 58
DO,,;, (Detected outliers of non-binary results), Il
DO, N Outliers,

DO,,;, N Outliers, non — binary type
2) SRoPO (Sum rank of pre-set outliers).
EX 6. TS ik F M (SRoPO, Sum
rank of pre-set outliers). %4 P W n, 1
AL AL, A AR A B v A R B R R
MG (2, outlier — ness;) —JCd, ¥ P WHT A &
1% outlier — ness M £KHEF, WAL E A4
LR BT HER 5 rank;; LT SRoPO =
Sore, rank;
T4 R T 3.3.1 1 HHE 3.3.2 RS

HR— binary type

R4 FIERFSHHEX

Table 4 Symbols and its meanning
(s I=9'8
k BB A
Top-n AUER, T n ARG EE RS LA TR A
per DPC Sk i 2 percentage RRFTA S
HEE P N BRHES b SR A L
pre AP LK, Rl it preference, TkifiE
BEHCH
cn REH cluster number
para ODIC-DBSCAN 2% parameter: (Fi&iik, 17
R AH)
ToDR ReCon-DBSCAN, ReCon-OPTICS WKLk
¥7: Threshold on density ratio /8% ¥ LB
DO, nDO I ML G AEA 5 Ho v H
DI, nDI i RsE AL st & 5 1O N H

3.3.1 FRAAIIL SN XT EE

B tE vt b TR%K ODIC-DBSCAN 7t I
B AATE TR % IS A R, T T = A
A, B AR EE WA 16 Fios.

K16 s HEEE

Fig.16 Construction of point sets

TEE 16t AR ARG L, 7R A s
WG, HE A28 T SR HE, MBS
5 OG22 8 T Ao B, BdagE 1) SR b R
527 AN, MBI B i 5082 A, KTuf 1 R
T ER, IR N AT (0.025, 0.025). Fdl 4k 2) AR Ak
2546 AN, KETE AR AN 14385 AN, ¥ 1~ 5 JEHIN
R, #n A {(0.025, 0.025), (—0.725, —0.225),
(—0.775,0.225), (0.775,—0.225), (0.775, 0.225)},
gk 2 JLUh 21 15266 A, FdifE 3) ShEIAL R 557
AN, FETE A 19776 /S 8L, 1% S AR B 7 205
4R 2 AHIF, LTF AT 20078 4.

1) ODIC-DBSCAN

K 17~19 7~ T ODBC-DBSCAN 784814
e 1~ 3 g . WEHE 17 45T R, JE
W B X I SR G R, Wit s A AL AL 7R
X, AR £ 5552 A, S528 I A
(0.025) AH EL, ot £E 1) mURK SR AT AR #i i 1) 5 1P
DRI AR H T 5 TAE AIRAZ. AT ) A
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Fig.18 Results of ODIC-DBSCAN in point set 2
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Fig.19 Results of ODIC-DBSCAN in point set 3

XL G ISR BEA A, 55 A AT AN R RE
(7 1, SRR A R Al AT 7 B i ok, & 18+,
ODIC-DBSCAN Sk AR Mt T IERI KLU,
[FIRE 23 3 NI R XML G AT s
FOCBOE M, 35— MERRIKIAGAL. IX UL R %
BEAERE LGN, PSR 73 0 1 S8 A5 BOR i .
PRI 19, Bdadk 3 AR I ER, 7RI D

N, BOE R IR B W . WIRSEE R LU
i, ODIC-DBSCAN 7 # & Usl Tk S 1A

2) DBSCAN

20 JE/R TAEARZE (AN MinPts) T
B LE 1 ~3 () DBSCAN X545 5. DBSCAN
AW Z (384 epsilon A, WHE MinPts) )5,
SRBAREL T RIS, B I
B SAAR RO 2. X2 R DBSCAN [
B E EAEY 7S, T MinPts 4B, S5
AR AR, MK 2 (8], T AT A
AR RERTIN Y X PR R VA RE B — il
JE 444, 1 ODIC-DBSCAN .43 45 5 iy ke il fi
T RATX DBSCAN S 1% 00 % % FUB itk AT
TN, A TS M4 1E, Mg, %3
MR AR, Ak, ODIC-DBSCAN 4
TERENS 2% S HEAS SR T (5% BE o0 A, SRR G R )
PRI B s A, Gl DL SRR, AEAT A
W2k G50 BRAL.

3) DPC 5 AP

DPC 5 AP I XL f i U g5 Rk
5 Eox. DPC 8k, &5 p B, 6 BEKIIXTS
HARSE AL LR R, RS 1 p/6 B/ n
AMEAE R IR S. Horh position 7R TRV 1AL
R p/o MHAEIEH M FIHEF 515, 534, CORE
R JETRHAEN S EH, R, 54 —2 54
CORE & (L%, 1X 2 S48 HALO.

SEIG ORI, WY per 4E 1% ~2% XAl N, Bk
HE ™ A2 T PNy BI00Rs i 2 X 3 43 AN TR 1)
oy, AR — N ER. X UL DPC LR S HUE B
IR, TSRS IR T8 per (RARTS, [R]85
d. (Cutoff distance) s 115 BEARZS K 2 h AN )
(P 5 FLUOR RO IIERE, 58Ul TR L.
FEAZ S R R I v 3 1 2 DX 3k 1 3 R AR A [X 4,
M HALO Rk, $6H EIE M S B e IR I Ho
PAN[F) 2 B 1 () A AR SR 2R a5 .l IRl oK g 4%
KT AR 5. 546, DPC S ek A 7% n) 97

#5 DPC 5 AP {ERHUEEIE 1~ 3 AOkSE R
Table 5 Detection results of DPC and AP on synthetic point sets 1~ 3

Point sets bre AP
cn per CORE HALO position pre cn npr
Synthetic 1 2 1% 1585:1411 1278:1805 78 —200 3 -
2 2% 1295:1 664 1358:1672 162 —300 2 -
Synthetic 2 2 1% 1009:1 105 7197:5955 92 82 68 75 65 —100 6 -
2 2% 1668:1228 6425:5945 89 62 60 110 64 —150 5 -
Synthetic 3 2 1% 2688:1631 7770:7989 48 40 58 32 37 —100 8 -
2 2% 5082:688 10028:4 280 58 39 37 34 47 —200/— 300 4 -
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Fig.20 DBSCAN Clustering results of point sets 1~ 3 with different parameters
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SRR RO L R DR 0 e R AU SR AR R
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W, AP FEAE R R B AL B AR R
R, (R AEARAL RO A o, T 28 a6 15
MG, B 2 3N NAERR I N 5.

4) Re-Con DBSCAN 5 Re-Con OPTICS

K 6~T7 R TR E TP Re-Con
DBSCAN 5 Re-Con OPTICS H.y:4E Syntheticl-
3 Hl AR T AN 25 R . %0712 BT Recondition-
ing approach $&4It 7 —FAE T8 B LU g, HA
HHE ODIC-DBSCAN HAMIEz 4. R
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HONZITERIIN, (eps, eta) Z2Hont 27t i 55 g
E BT 75 AN AR /N 4%

MR 6 R E AT A BEAEAN R S E0T s
FRCRANE], Bt R 3G 0, AR AT T H
M 28186 o, HGE T 1R A N 7. AT — 2 1 4 )
0. 3K IR R i 5 R P ) % 5 L SR AR B 8 e 6
AN TR) 35 S e AN 7] (1) %5 55 IR, T e % LR 22 3%
FERMTR T3 B, EIriks S8 A e, 14
IMAER A RSP FARS IS R, Hak, BT
TR IR % P A7 A 43 1) 23 (1 XSRS, L2 31 % B
T it X35k 1) -4, DT S 4 2 1100 5 8 TR0 1 AN R il A2 7%
PN, 1503 B (R R 45

142 7 OPTICS #JF L&k, ToDR #nH
LR W RO T AR H 2 L, e N2
JaH A8 EECH MinPts } 8, Wl ToDR = 10 W}, 4k
JEVE ISR R ECH b 80. X HHAE 1~ 3, M
Lbis{E ToDR #K, A2 HR BOK, X 2B Y
A 5 11F) V99 2 3 B 1 %6 8 2 TR I, A1 38 Xk () ST
RS SRS, A6, Ay Rk B PR X 2
HH BSR40 93 A1 3 11, B AR50 4 1 % K 85
2%, NILFkIEAE ToDR h 10 ~ 30 [A1A846 )5, AL A
L WU B P 0328 A 2%

Xk 6 5% 7 0k, OPTICS 1Y% B LT
VER R IS RO TIUR, 54 2 B LU B (386 o, 1o
V(1) i P AT i 5 ) L 1 228 5 DR kg ANt R A KT
Vo] L 111 A0 B9 2 e R LU BRAEL DS, TS0 5
I AR 3 DX 3 P 38 20 s AR IR 2, 3
SEEAS I e ) BEAIK.

3.3.2  FRIBIFNAL =46 3 bk
AT B ODIC-DBSCAN 5 oAb JL B %5

5 5 S8 T 18 UL R AR ST s A W 7 9k 56 e D) I ST A
() £ % #€ /1, M A LOF. LDOF. F-ABOD —
RIS LKW &k, 5 OPTICS. DPC. ReCon-
DBSCAN. ReCon-OPTICS PY&%s ff 5 2K Jy a3t
ATXTLE. R EEISR b, IR 3.2 Wik =2k
NTFRYERRAE. X ELSEie g sk 8 iR,

X8 R T AHSIE ERM B SFOTEEA
TFEARAE 1~ 3 Bkl g F. 7k (BRI DY 7
4, LOF, LDOF 5 F-ABOD =834 K7 s
W75 M OPTICS 1E% BEER K AR IR,
FEAERT I b BT P SIS R SR 2 v R A

AHERR =R AR R A G AR 2= 7, RS
Z ] () SRR ) DR 25, AR AR R A TV T,
BEE S5 k SEK, Kl Top-10 45 5 HA EFHifk
Frfsemia#®. Hrp, LOF 5 OPTICS gefui i 5E
Z 1055, BRI S HEP A (SRoPO) 8%, Wi
FLAR AN 21 (1) R 1 ISR P AR A e e K IR AT
f. LOFD 5 F-ABOD 4 sl e 7538 T i B 5 4
(PR 2 T RIS A AT 0, RS A A T A
PR E AR I T vk, e TR B A I T R A
A H R FE PRI S5 R LR K E R, SRoPO
WIFAERE k3 sl X3 1) pyRAE
B (x, outlier — ness) 45 RXTZH kW W BUK;
2) frl g5 Y5 k AMELURs e, SIS A 45 R A
Wi S BOR . 1 Chess HE4EH, $dkE 0 E 2
AN 1~ 7, HIS B DRI, A7 R AR ) X i
BOR. EAE AR DY LT, K&l SR A R B 4k
1. 3 RAR RUT.

%6 Re-Con DBSCAN STIL/ERBHUAEEE 1~ 3 (150 45 R
Table 6 Detection results of Re-Con DBSCAN on synthetic point sets 1~ 3

Parameter Synthetic 1 Synthetic 2 Synthetic 3
(eps, eta) ToDR npo HR npr npo HR npr npo HR npr
0.7 75 0.1412 - 79 0.1612 - 69 0.1324 -
0.8 175 0.3296 1 163 0.3327 3 176 0.3378 2
(0.08,0.011)
0.9 329 0.6196 1 256 0.5224 3 269 0.5163 -
1 280 0.5273 - 226 0.4612 - 234 0.4491 -
K7 Re-Con OPTICS SHAMMAIMARIL 1~ 3 K411
Table 7 Detection results of Re-Con OPTICS on synthetic point sets 1~ 3
Parameter Synthetic 1 Synthetic 2 Synthetic 3
(eps, MinPts) ToDR npo HR Npr npo HR npr npo HR Npr
10 345 0.6497 - 365 0.7449 - 345 0.6622 -
30 450 0.8457 - 457 0.9327 - 460 0.8829 -
(0.08, 8)
50 475 0.8945 - 467 0.9531 - 481 0.9232 -
70 476 0.8964 - 471 0.9612 - 490 0.9405 -




2124 A8 R 45 %
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Table 8 Detection results of six OD methods on three public higher dimensional datasets
Hiflitk
e MR R TOP-n, TAE R g5 R
k LOF LDOF F-ABOD OPTICS DPC ODIC-DBSCAN
Top 10 SRoPO Top 10 SRoPO Top1l0 SRoPO Top1l0 SRoPO per HR para HR
Banknote Authentication
5 6 160 2 2291 2 3326 8 154 1% 6/10 2,09 8/9
10 8 81 4 643 3 2514 8 368 1.50 % 7/10 4,0.9 8/9
15 7 217 4 485 3 1962 8 89 2% 8/10 5,0.9 8/9
20 7 83 4 655 3 1472 6 149 5% 8/10 6, 0.9 8/9
Chess
5 1 324 2 1860 1 10 542 5 170 1% 3/10 2,09 10/136
10 4 308 2 521 - 10019 1 243 1.50% 3/10 2.5,0.9 10/136
15 4 626 3 401 - 9350 1 301 2% 4/10 3,0.9 10/136
20 3 765 2 447 8326 1 394 5% 4/10 3.5,0.9 10/136
WDBC
5 1 729 1 1275 1 1907 5 113 1% 6/10 3,0.9 5/6
10 6 76 4 378 1 1673 5 145 1.50% 6/10 4, 0.9 5/6
15 6 85 5 132 1 1626 5 203 2% 6/10 5, 0.9 5/6
20 5 91 6 112 3 1459 5 233 5% 6/10 6, 0.9 5/6

*9 T HZLLH ReCon-DBSCAN 5 ReCon-OPTICS HidifE =K 4 b v 45 1
Table 9 Detection results of density-ratio based ReCon-DBSCAN and ReCon-OPTICS on three real-world point sets

Parameter e 1 e 2 Btk 3

ToDR for RADBSCAN ~ ToDR for RA.OPTICS  ooon  ReCon- o ReCon- - ReCon- - ReCon- ReClon-
DBSCAN OPTICS DBSCAN OPTICS DBSCAN OPTICS

0.5 20 160 10 - 5 - - - 6

0.6 30 170 20 3/14 5 2/88 1 - 5

0.7 40 180 25 4/48 6 10/550 1 2/1 4

0.8 50 190 30 6/240 6 10/1354 1 3/8 4

0.9 60 200 35 6/597 7 8/365 1 5/159 4

1 70 210 40 5/196 7 - error - 4

ODIC-DBSCAN J& T A, AU Hds 5t %
e e oL A AR e JLA R JE . ik, 1%
JiiE R T R AE . angdRAE 1, Y
AR BAETE 5~ 6 B, K21 9 ML A
8 ANAETRBE I A, TERCHER I () i 45 2 ) 5L
by LR 45 AR R 2 Ak, ODIC-DBSCAN 51k
R T A T AT A, AR S BT e I e )
FEALE 126 AR IEH AL X, SRS s
(PRSI EL AT — S 5, T] A R G ) e e 4% i (G
RUAT RS FLAT A0 T 1E S P B AR 1 7 R ),
ODIC-DBSCAN & T A n i 5 o5, I an i
X6 PR A FEEAE Rl £ 2 I RS AN L A TR S — . &5
DL A5 R A I, v LUK IAE B SEH R 4L

ODIC-DBSCAN X} & 18] (AR AL AR AR SR A R,
XA T HEVEE R T A E R R R, A

[F] A D B 2= 42 6 B AR R AT SR 2, A b By I A
kG
4 4E5iE

b X A e AT A N 5 3 28 gt i 9IS R
) A, B M T R R A AT R R ODIC-
DBSCAN. 1% Jj vkl o yidd 3 TAF 5 28 R E )
Ptk BERS RGN PR (R4 T I . S o
I A AR VE 2 SU A AR AR A T A s o R
SRJA R AR B AR Y, R A B 3t iR R
WA, i th R LE B B a2 2 DBSCAN A% 00X
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GoE X, B IALBEEE R S fi ik DBCSAN Sk A 45
, SRR T RS BLGIN, L R A R
DR AR AR R A SR B
S AR k. A S PN TS T 1)
BB 2) Bortite. EREBHT, T HRE)
TR B 22 2 A R T AR U 1 SRR B, AT
SRR G R U AERCRIAL R,
T DR TIAL B B FOA RIS BR R PR AN RN,
TEARUE L5 2 PERE LR b, IE ARSI A% A IRSL R, A
AL s I 5 S I

LS

3% 2. ODIC-DBSCAN

BN, SR P, PHESHERE dist, A5 LLBI{E4] GPRT,
%44 Radius

#Wi. IDX

1) Function [ IDX, isnoise | = ODIC_DBSCAN(P,
dist, GPRT, Radius)

2) for den_for = 1:(size(GPRT, 1)) /b 1+ /
3) fori=1:n J*¥REEP n A AR/
4) if “visited(s) JFRI, BRI/
5) visited (i) = true;
6) N = QueryNeighbor(i, den_for);
JFTEREL 3, BTG AR/
7) N Ratio = QueryRatio(i, den_for);
AT EREL 2, ARid@*/
8) C = C+1; JHIERE I —*/
9) ExpandCluster(i, N, C, den_for);
[ RS DCERA RAL, 5 11 47/
10) endif end for
11) end SR TR

12) function ExpandCluster(i, N, C, den_for)

[T RRE L ITEREYAE @ BT ERI X/

13)  while true

14)  j=N(k);

15)  if “visited(y)

16) visited(j) = true;

17) N2 = QueryNeighbor(j, den_for);

JFIRIA] R AR e+

18) JN Ratio = QueryRatio(j, den_for);
JFIRIE] G T A/

19) if JNRatio > GPRT (den_for, 3)

[HhR0@* )

20) N=[N N2j; /*&3F. §raxi@/
21) end if

22) end if

23) if IDX(5) ==

24) IDX () =C;

25) end end while

26) end /5% 1 END*/
27) function NR = QueryRatio(j, den_for)

[T RRE 20 BMZ R AL, B @/

28) N1=find(dist(j,:)<Radius(den_for + 1));
29) N2=find(dist(j,:)< Radius(den_for));

30)  NeighborR=numel(N1)./numel(N2);

31) end J<FH%L 2 END*/
32) function N = QueryNeighbor(i,den_for)

J*FERA 3%/

33) N = find (dist(i, :)< Radius (den_for));

34) end J*T A% 3 END*/
35) end of Function /¥*FUNCTION END*/
R R ERILAE DY 7 T (FER SR AR L 2 vy BlFRId

O @, @ ®@). bxic@ (3% 2. 11 17) #£ DBSCAN [JF:A

R T — A2 for TEER, XA PR IR 58 IR S E

PR EE B, B R ZE I &R H (— 8K

16 10 LAN), B PR A4 R 7t Hhos 1 2 00 5 Kb, Awid

@ (LT 27~ 31 47) WAV HE S i, BT ) eR

¥ 3 QueryRatio, s2bric @RI N2, WHE T HEs SAFREE

TRBAEMAE. F52@ (B2 T 19 17) B TR0 SR

ik, JRUG T B I A AT R A E R KT E MinPts

e BRI S MAY A ARt @i g R AL g A

B EE 5 20 1 P B O R AR TR BB AT § IR 78

X3, B T R 2 vk JE

BL 3. BT

HWN. IDX

i . ClusterFormate, clusterNum, ClusterFormate,

cluster_Content_return

% HN P EIEEHRE S5 Cluster Formate

% ol N #¥E &5 M ClusterFormate, % 1) 30 H

cluster Num, fEFIN % cluster_Content_return

1) Function [ClusterFormate, cluster_Content.
return] = DBSCAN_ClusterFormate(IDX)

2) IDX _stats = tabulate(IDX);
J*¥GEt IDX R IRR S ATtEIL*

3) U ARANMERD AL, LA ClusterThreshold,
4) for i — IDX stats

J*for TRERTHE £ 75 A0S T MR LA/

5) if IDX _stats (4% AN s8CH L) >
ClusterThreshold

6) Clusters(i,:) = I INZHEEH;

7) i=1i+1;

8) end if

9) end /*END FOR*/



and outlier detection. Information Systems, 2013, 38(3):
317-330

2126 H Zl) e ¥ {5 454
10)  if isempty(Clusters) JEE A IR AR/ 10 Tao Y, Pi D. Unifying density-based clustering and out-
11) Cluster Formate = [0 0 0]; lier detection. In: Proceedings of the Second Interna-

s dbes R Ak b 55 py A0k tional Workshop on Knowledge Discovery and Data Mining.
12) else [FREARES, IR BRI SRR N A/ .
Moscow, Russia: IEEE, 2009. 644—647
13) Cluster Formate = [Clusters];
14) end if 11 Gupta M, Gao J, Aggarwal C C, Han J W. Outlier detection
15) if (ef fectiveNum/size(P)) > for temporal data: A survey. IEEE Trans on Knowledge and
Ef fective PointsThreshold Data Engineering, 2014, 26(9): 2250—2267
16) Cluster Formate = Cluster Formate 12 Aggarwal C C, Yu P S. Outlier detection for high dimen-
sional data. In: Proceedings of the 2001 ACM SIGMOD In-
/*ﬁﬁﬁ%%%ﬂ’]ﬁﬁ H l]ﬁﬂléxﬁilﬂﬂfﬁ*/ ternational Conference on Management of Data. New York,
USA: ACM, 2001. 30(2): 37—46
17) else 13 Ji B, Pei J. Outlier detecti tain data: object
. ) iang B, Pei J. Outlier detection on uncertain data: objects,
18) Cluster Formate = [0 0 0]; instances, and inferences. In: Proceedings of the 27th IEEE
et St Lt . e International Conference on Data Engineering. Hannover,
JFTE R IR I A2 WA B I B (1 R+ / Germany: IEEE, 2011. 422433
19) end if 14 Yu Yan-Wei, Wang Qin, Kuang Jun, He Jie. An on-line
20) end of Function /* FUNCTION END*/ density-based clluste.zri'ng algorithm for spatial data stream.
Acta Automatica Sinica, 2012, 38(6): 1051—1059
(T, £, JBR, A, — R BN 2 M BRI A 2 R
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