55 43 %55 10 ] BOfE ¥ W Vol.43 No.10
2022 4 10 A Journal on Communications October 2022

ETRREFIEERXEHETRIEREARNEZX

R, BRI b, R
(1. #LRZEERES TSN, Wik #5258 066004;
2. LA T EHUE AR S RGN E S, Wik BE L 066004;
3. HACE A TREE A =, AL B2 066004;
4, AL RHE IR R, WAL RE S 066004)

OB AEEREREEEFEANTRESH. WINERESN NG, fEH 7T sl R s
TR AL ok, A kT EVERE B G R B E EMATE, RA KD-Tree & 51 BB 451471 5
FARXT R K T48; A, RAFEMESRRN T ESNERRESLE G dAh, @ T HOHSTEE . Posz
JE VAAE B RBE TE IR TSR 20 0 4l X G (S R RE R o 7 N LB 4 A0 B S il g _E b T IR S AT SEBR I, IS
— B2 MR E A SR AT B2, A IE R TR AR 8] R R B6AIE T B R R I A Rk

KRR BRI HITISMETRA S K4S O MR

PESES: TP311

XERFRARRD: A

DOI: 10.11959/j.issn.1000-436x.2022193

Outlier detection algorithm based on fast density peak
clustering outlier factor

ZHANG Zhongping*?, LI Sen', LIU Weixiong', LIU Shuxia®

1. College of Information Science and Engineering, Yanshan University, Qinhuangdao 066004, China
2. The Key Laboratory for Computer Virtual Technology and System Integration of Hebei Province, Qinhuangdao 066004, China
3. The Key Laboratory of Software Engineering of Hebei Province, Qinhuangdao 066004, China
4. Hebei Normal University of Science and Technology, Qinhuangdao 066004, China

Abstract: For the problem that peak density clustering algorithm requires human set parameters and high time complexi-
ty, an outlier detection algorithm based on fast density peak clustering outlier factor was proposed. Firstly, k nearest
neighbors algorithm was used to replace the density peak of density estimate, which adopted the KD-Tree index data
structure calculation of k close neighbors of data objects, and then the way of the product of density and distance was
adopted to automatic selection of clustering centers. In addition, the centripetal relative distance and fast density peak
clustering outliers were defined to describe the degree of outliers of data objects. Experiments on artificial data sets and
real data sets were carried out to verify the algorithm, and compared with some classical and novel algorithms. The valid-
ity and time efficiency of the proposed algorithm are verified.

Keywords: data mining, density peak clustering, outlier, k nearest neighbor, centripetal relative distance

Wim BHA: 2022-04-12; 2= HE: 2022-07-08

BIEEE: 4%, 1033772004@qq.com

BEEWH: IFXARMFEETEYINH (No.61972334); HEZMHLFAREERIIIH (No.20BJ122); JH1b& 61T RE/I38TF
THRIZEE T I (No.20557640D);  VUIAEKH R GERIE TR ETBIMH (No.x2021134)

Foundation Items: The National Natural Science Foundation of China (N0.61972334),The National Social Science Foundation of
China (No.20BJ122), Hebei Province Innovation Capability Improvement Plan Project (N0.20557640D), The Intelligent Image
Workpiece Recognition of Sida Railway (No.x2021134))



510 1)

BT I TR

B ERT O B R - 187 -

0 5IF

B A5FE 1 2 O A v i B I O AT
o, eI S AN A B AN
) o T SRS DU AR 2 7 254 B b R I B B R
2, REIEZ T BB . BT, SR
I L FHAEAR 224008, 0 Tl e 2k Ak ik g p 1,
WRAERE I AR, 0 o P S AR 1
e 5 B R A e TR 2 5k, AR
FHH T BT IEE AR R
(A R R R ) R

[ Breunig % H R B BN T (LOF,
local outlier factor) 5% 5, &1 % B S8 S A
DU L RRCA 8 T st AL NPT 5 4003 B #4411 14 7 1)
o ZIEIER R O AR I I B B A i Sk
SR vH B S EE X R R R, AR HE X BT Ak )
DX 5k ok Ja) T 3 B o, A Ak A A X8
BT A 1 AR T I R T A
S mER, BERETENRE, EFREN
R SRS I RV O A B A e R U 7 A A AN T
BB — 4% o FLAZ 0 BB R N B R HEAT R 2K,
T A AL T TS A S R D B T G N
PR . MiZOBAE B, Rk 2 KA
RS AL, /N RS I SR B A A R A
B X4k, X 2 REVEA S AMER S, T LT
F 3 I U $ERE 58 5 0 PE QA 45 A R AR A
by DT HR o B AR 1 A e
B

Rodriguez 548 H 7 — R B A 5 248 08
RIRBEE— % FIEE IS (DPC, density peak
clustering) %% . DPC Sk — B 5 my U 52K
S, AT DU TR B DA A B RS, AT
YR (B SR L i — A R R, R
A LAY T S AR SR R JE O Ry SRS R U A
B Hh o FE vy LT 0 At v 85 B 0 R R A0 1 B
P xt RAE MBI TR0, X R T RN
2 REUE AR R s i VTR AR TR T 5 4B 21 P S
RIERIRE L. FET HAE R R LR, DPC
BRE 2 BB sURIE FE IR SR8/, 5346, DPC Bk
ERENIBEPATEZ RN, Kk, AE&M
RTINS B2 3 A B[R] 34 %6 J2 T 2% F& , DPC BE T &
A BB SRINE LA A .

JL4E DPC ] LA B i akch SE e R, (R

PR fE— 2 @, %, T DPC BIAFEitH
SRR R, tPEA R e AR PR AR, 1R
07 B) 52 2% P () [R] IR0 K 7 IR &2 2% B2, DPC
BEIHE B 2N O, X T — e K R o
£, HEFMAR ™ E N E, SCER[20)38H 73T
X % 114 2% 55 06 AE 2R 2 (DPCG, density peak clustering
based on grid)5i%, FETVHELEIE X R R I
K P AR SRR B 1) U7k A0S DPC Bk
THEEAR XN R ER B 77, Miidem 7 5k
HOHE. IR, DPC HIEAEWIGA I 75 21 B AT EE
B d AR BN TR E O, TR T8
WriE & d EEBUR, N TRERS SBEEEE
B . Huang Z5PUHRE HY [ 58 B FE 06 A AR W 1 PR
HRREVE, ZEE R AESH & Wi % Al
THR B DPC B3 (3% FEAG v, AN 75 228 e B
PRES d., e T — M EE TR A AL R VL R R
O IE BT R B AR R KL, (HIZITELE
THI 0T — S5 i HL /N SRS ) A S B AR I, e DL AR
RF IR PORS B

AICEXT DPC SEERT )5 A% . b e By
(B AN IR R o ade B e REUBEAT 1 Sk, R
B DPC HyE5 e kARG &, $RH0 7T
PR % FE I JE R B HE KT (FDPC-OF, fast density
peak clustering outlier factor) [¥JEBGHE S &%,
fi % FDPC-OF Hik. ASCHEILETEE NN 2 M
AT TAE. BB, AR DPC Hikit &
REFL: BB, BT REF L E ST A0 AHE
XTERES, T4 5 TP 8 P e (] SRR B 1A 1
(IR FOF) SRZIEH R R SRR . A
FETERELE T

1) AXHE R k i£48 (KNN, k-nearest
neighbour) Hy2ACE DPC Sk 2 FE A T 4)
B T BOERMTIEE do, A k 4ER (KD-Tree,
k-dimensional tree) % 5| &4 4544 T 5 %5 B AT R
() k AT, FEAREVE I A B A

2) A F JR 0 R S A R S ) SR R B Bl ik
BRI, BERNAEBERIE .

3) X DPC vk iAH o iR s A7 ootk
ST EE R, I 45 A R X G A X ER RS
DA B35 1a) 0 BB 58 ST RO AR BR RS, 24 n
CoAE S BE B AR 8 PR IX 2 MR AR, SR 7T
PR T A R 04 A BR S B I IR R 21 i A o R ) S
HAREE .



© 188 -

5

palll3

R 43 %

1 fHExI{E

1.1 HEIEERELE DPC HiE

2 IR 2R K-means P2 hil id 45 4]0 2K
HoL AT AR R B R A R KL, BT A
MRS IO B PR R B B SRR L, SRR
U0 A 2R T A RO Sy A o Ester PR T
DBSCAN (density-based spatial clustering of appli-
cation with noise) %, B LUGAE R IR 734 15k
PEEAT IR, (HRWAHRE —NMEERE, AmE
R AR T 2 1 R (M 75 7. Comaniciu 2544 HY
T MeanShift 53%, KM I #% 0 77 AEEEE 5
I FEROR I 7 e, B RIS L. (2
BB m e & — D AWk AR L fE, i) 5 2% L
fH. DPC HIEMRE T UL EANE, H I fE R, 2R
ZHUL, ATEEA, IEHBB A FTEAR KN
)7

DPC Hik iz 0 BAR R T — M, RIE(E
BEAR AT EE RS, R PLEE S AAR
IR A2 B2 BB 0 R T, O Hax se iRkl
55 A 5 A v SR S T B o B A )
AR BOR . AR R I, DPC Sk 2
THEL 2 MiEbr, — MREBIEN RIREEE, 51
SEHHERT RAAHXS FRE, X 2 MR 2 £y
P R IA IR dy tHEAR . RE, R R HRE
JEEARR O R B R SR ot SRR, DA £ 3R
Frbte: G, FEEEEE R R B R ECE
PRES HEL R E L, TERERE

EX 1 HEAERI T pl pie%s
X5 x; PEASUTIEE B P9 B2 A a0t R AN
Hit s

pizil(dﬁ_dc) ey

o, n AEAREPEER XN RN dy AR
Box F x; Z B IR R BE RS s #k T PR 55 . 75 BEAE B2
FHER AT HIER E s 2 () AR EREL, £ x<0,
7)) =1, #Hx=0, M y(x)=0. fajERp, Ak
FEES d. BT 412, p il i8R sk ot BAE
A7t Bl P9 F A B S R AN

EX 2 HFIGEEEMASIEE o 5 8%
PTG x; 55 HAth 53505 B bE e K e x5 ) e A
. HirHESm T

8, = min (d,) )
J:Pi>pi

T p KR &, R TR 6 WER
H 5O R MR, Bl 6, =max (d;) . H
BERMRZ, X x, N DPC s 4R % K
B, DPC FXSPE B K ARG k I 4REEES, [
UL IR 2S00 ) DPC AR BE B8 2 3R 5 K HIME .

THEL R R % B AR X BE B8 J5 , DPC SIEMR IR IX
2 AMEAR RO R I, DUE R RS,
Z U B RIS AR 2 DPC BVEIZ 0. 1 28 A
GRS A B DPC —4EEHRE A i 1 s
BT ATEUE I, 158110 5 5dixt G55 Bhr T 5%
A5 Y IR FE VB DX 3, DR s A RS

®
® e @ @
©Q006
©Q 56
0 3 o
® ®
®

E1 DPC —4:¥¥5 A

i DPC Jo#a A1 DPC X FH B BT 2t (1)
DPC WK 2 Fron, ME 2 afBUREL, Bk,
AR 9 5 F1 10 SHHEXT B 1) DPC J&y 3% 5 4E 5 £
i, AREATTAE SR B A BT A AT B R ORI X
S, XARABT 10 SEIENRERAEREF ) DPC
Jr R % B Nt K AR, DPC Jayl 2 B L H K s st
FALT H—AES, 19 FEEE X GOt e A
H DPC Jm B BE s KAl , BRI 10 5508 % R
DPC HHXTEEES L 9 ‘S R1F2, HINAFG DPC 5
X OIERE: IR, BT 1 SIS
DPC J&y 0% FE (1 B R AR, PRI I8 e i e 5 B o] LLAR
FRIESEH 151 10 51X 2 NP f)E, 26~
28 SRR G B A B S AR BE B AN ) DPC
JREREE B, ST R B K S 1 O B s Bk
A% o

I YR e R S O 13k 2 S, DPC 5ik
V7 B A v ) 4 00 B o R e B PR S LR Y
RRF O TERREF RS . DPC Hikun s 1



10 FRABA SR T PR 2 P VA SR S B DR A S A AR +189 -
Firk. BERHIERIR, BRI o MEZA L EX 4 KNN BHERE den. den AL x
T e Bk T ) KNN BB R 5 0 R LA S
AR

10} O) 1 k
m———— 4
ol den, =7 S dist(xx,) @
05 ® WIS 2. BURR S x 1) KNN 38R den,

“oile 551 KNN BB d, 1051
B U 1 KNN BRI, BRI A
e bR 5.2 IR ICHRS, 11 2R Bk O
0 @ S T R MUMCRAR AR . VAT 20 2 A A
1 2 3 4 5 6 7 8

p
2 DPC #5E

Bk 1 R DPC Hik

BN WIHEIELE D MBI d.

il o MR

1) foreach xe D do

2) THE x5 AR A X G TR K R R

3) end for

4) foreach xe D do

5) K MERIBTEEE d. 715 x 1) DPC J&5

B
WE:

6) end for

7) foreach xe D do

8) i P HdEtk D

9) KA (Q2)iH 5 x [ DPC AHX

10) end for

11) H4ETH A5 H ¥ DPC % A DPC AH
SXof B B AL 4k R A

12) AR TR 3 BN T R 2 vt DA S B R
He

13) R 4 rh ) A% 0 5080 0 R 70 e 22 R
AL R L

14) SEREREIFRH  MRE
1.2 kifd

EX 3 k ITAFEE B (KNN-dist, k-nearest
neighbours distance) d;. d;7&f5 x; | H KNN H T
Bl R EE R . it Sl s

d = 1 > dist(x,,x,) 3)
HorAr, KNN; WEHEX R x; 1) kIR S dist(x;,
X)) B G, T o 22 TRV S, 38R FH R PR

PEAE R R M PRE TP N T 3 s R AR AR
PEAE ERE T, ASCRA KD-Tree 2 51 845 4514
KA KNN BEEG I SO, o oo B S gk A7
AR, ME KD-Tree; )5, 4R 1% KD-Tree 3RHL
T AFEA KR . @It K KD-Tree & 5| Gt K iH 5
BAEXT R KNN BRES, RN S50k I 1] 52 2% BEAR
% O(nlogn)

2 FDPC-OF Ei%

2.1 REZFEIEERLEZ

BXf DPC S s BG40 W E BN EE 5 2
LA R BN T B O i el e, AR MR
FH KNN Ja % A E DPC 592 R 2 FE Al it
MG 7 N T B AW S 4, ik T DPC
SREFN T AT 1 2 R B e e e ELASE P R
5 5 AN ER S R R AR — FR ARk E R0,
WS T NNIERBCRE PO AT REH I ) . 53 4h,
N Tk DPC VA [A) 52 4% B v ) 1A e, A SCHE
TH5 KNN & i B i 2, KA KD-Tree K5l
Kl S5 AL R BT H S B X G kAR, FRREE
VR RN R AR, IF BAETESAR R B A e, A
A R kAR, AT RAR N ER B
TEREER,

EX 5 KNN HMHESE 0. o 2fE8E0%R
x5 k ITAR A A KNN 5% BE b e K A xf
FH R Hi R

o = {min(dist(x,.,xj))|x_/. € KNN,,den, > den,.} 4)

B X B o KNI P 0 S 0 e R AL

R HNAT i KAESE S maxden Y, 2R)EH:

x; 5 maxden HHC A B X G TR S 1R R IMELAE
y‘j Xi B‘J KNN *HXHLEE% @i EIJ

W, = {min(dist(x,.,x ; ))|x‘ ;€ maxden} 6)



« 190 ﬁ {

palll3

R 43 %

EX 6 FRPORFEFEIR cen;o cen, TEEHE X
% x; [ KNN J& 3625 B A1 KNN AE XA B8 e i,
EAmT

cen, =den,w, @)

3%] KNN A% E den;w KNN FXTEEE o,
DA TR0 SRR bR cen; J5, AREF P I UGR kS
ANHIRESH ¢ 168 cen; HOKHIAT ¢ MEHRXTBAE
N . B A rh R R B R BRI
43 e 380 2 2 LB B il PR SR R L SE R R . PR
LIS L (FDPC, fast density peak clustering)
SRR 2 B

H3%2 FDPC Hik

HWIN  WIIREIESE D S8k U RREH ¢

i o MK

1) tRIEHFESE D #E KD-Tree

2) foreach xe D do

3) #R#E KD-Tree FIAQG)IFHEBIEEXN R x 1
KNN Ff &5

4) end for

S)foreach xe D do

6) K@) x [f) KNN &%

7) end for

8) foreach xe D do

9) R G AE(6)TH 5 x Y KNN A B

10) end for

11) foreach xe D do

12) RAAT) S x BSOSk EbR

13) end for

14) F4 IR SRARFR cen I ¢ KA XT
FAE L L

15) 4 Hdha A b e A OB 0 R 70 T 28 B B R
BT B R

16) 5EMEET M ¢ MRE
2.2 FDPC-OF HE g

A S R R U A SR S B B AR A
FDPC-OF k. fE5EUREF LG, N T HIFHZ)
| 2 B RE — S8 A AN [R] R R ) H i A B
FRPE, gtk — 2D pRod 85 FE AR SR 28 ) KNN A
Xof BE B REAT A

EX 7 CPYRGOEEE davg. davg fEEE G

A o 55 RO e R R . R
LUEN

dw&:Lde@J» (®)
mx,eCI

Hr, m RREE GRS RN dist(x., x)FE

TNEAR AT G AN P 8 SRS I JR R Lo, Z RN EE S
EX 8 [HOAHXEEE discen;. discen; 15 %(#E

XFG x; [ KNN ABXS PR 25 oo, F1H & 2R 10~ 1)

OEEE davg IHAE . 5= F

= ©)

davg,

Iri) o R T P B AR 4 b 200 ) TS B RUE — SR
I35 2 () e 2 BB EFAEE . FDPC 4Bl 4>
M 3 Frm. ME 3 aTELEH, 24 SEIEN RN
SR BRE R, AR BE B N K AE s 25 SEHEN R
SRR B A A, FOAFDOT B LA B SRS ) T 4
PTG, 30 KNN A PR A A B R bR, R
S B AU ) M AL DX S T A o R
I, ASCAE KNN DO EE B I ERAil B3R 1 P31
OEEES . BT 25 SHEEEXN R T AMEKSE, KNN
AE XS PR B 5 e ) 5 S 1Y) - 24 e 0o 2B 1) B AR TEOR
TIZRA RS ERERAIE, A2 7B
SRR

discen, =

5

@
DEOL O
O )

(B
SJo)

©® O o
® 0 © ®
® © &
3 FDPC —HEXCR /M
EX 9 YUl I REE AR T FOF,.

FOF, 18 5048 5 2 x; B Al O AHST BE S discen; £1 KNN
Jay il B den; I EUAE . Hit &

®

(10)

WEE BB, ARSCH BRI HE R
KD-Tree, #&J5 MR 1% 2 5 45 ¥ 5 8 3 1
KNN Jaj 55 B o 12 Ja) 8 5 FEE RE AR 47 s 3R s ol xo
IR DI E R . — R, Bl
Ak T SR R AR X . BRSO
XFER B T RO SHHE N R R R,
BEFE — L HAT A A 5 P 1) H0d S A B0 1)
P, 38 B AR TR G ARG B S 2 B IR UK A



510 1)

TR ARE s T BRI PR SR B IR T O R U <191

Z. B, PR I R R B T REAR A M
ZE B R R, WSO SR T
BRI RUEA RN BERE s, B B B P
JERTEREE TR o D RAENETE s, FER
VRSER ST o B HIUAR 2 AR 4R S s 2040 2 1) 1 400
NRBER . FEASER Y, N7 Rk
FDPC-OF FUATEA [FIH 4R LA 2, o HIHL
B AR 4 B 9 2R © A B B B R 2 HOIROE -
FDPC-OF SEINEE 3 Fior.

%343 FDPC-OF Hik

MIN  WIEEAREE D S8k URCREHE ¢

MWt o MNEREA

1) AREE 2 MRS D TR, it oA
EoEN

2) foreach ceCdo

3) RARXE@)HE ¢ KPR O

4) end for

5)foreach xeD do

6) KA ()T x By a)CoAH T R B

7) end for

8) foreach xeD do

9) KA A0)TH 5 x TR 2 FE A
RE

10) end for

11) B 7 HE B bk 2 B2 e 1 SR 2R 1 B A 18] 1

12) T o M RAE A BN
2.3 FDPC-OF B L%

FDPC-OF H.y%k 1, KD-Tree & 5| Bl 45 fg
R AR SRV IS T S AR B, AT i fey B 025 o B
R, FET KNN RN REAT 5 B A T RE IR
U RIS BE N R AL DX A AR R . AR Lk
2T IR, AR RS R 1) DR, K KNN
FEOOT 2 55~ 247 [ o P ) BB A Dy ) oo A X R
9 6 B0 4 AE — e B AN [F) 5 20 A i) e 4 b
TROK B R s () B EARRAIE o IR I T B PR B B Ui 2R
SRR R TR 2 A o R B REAR L, I I
TS, FH T o N ESHE A
2.4 FDPC-OF HiEE#14%

FDPC-OF SEMIN A R A E FZ BT 2 4
FOP S 1) AT B R KNN R & %5 A
& KD-Tree, HFHR N Omlogn), H n A%
R MBI RN B 2) HHE BN R PO %
FE AL R B BE R T FOF(x) , I[85 248 O(n) «

i

K

Y

It , FDPC-OF % vk & W 6] B 4+ N
O(nlogn)+ O(n) = O(nlogn) -

3 KB5S

NT VMG A ST FDPC-OF Hikrveae, &
TG B SRR AR AN TR Fk AT seae, SRk
BT TURRAS [ 1 B 1 skl S0 8k 47 0 L S, 4
}& COF (connectivity-based outlier factor) Hy3:%%),
NOF (natural outlier factor) 512, RDOS (relative
density-based outlier score) 5:7, LDF (local density
factor) #3EP . IForest (isolation forest) ik,
NANOD (natural neighbour-based outlier detection) 5
HEBYHI MOD (mean-shift outlier detector) $iEP!, sz
W NEL 1 pos.

*1 SLIRIRE
L/ EE BN ZH
CPU 2.60 Hz Inter i7-4720HQ
Ti#/GB 512.0
W 17/GB 16.0
RIS PyCharm
AR Python 3.8
AL T A PyCharm

3.1 SEIGTTERR

ARSLER R SEAT RO SRR L 3 AL RE TG
TebR, 20N KR Pr, AR DR
IBGHHESR FLAE, THEIRENA3)FR; 1817
. o, KSR AEER, F1 (H45G THE
M 1% Re IR LA Pr ALFLERIBUE N 0~1,
FAEMRFR B R SRR SRR o

TP

r= 11
TP+ FP (b

Re= P (12)
TP+ FN

Fl:2Pr><Re (13)
Pr+Re

Hor, TP MM, FRoRFIEIERRIN Y BB 5 10
AN FP OB, 27 B v Aar U DAy B A A )
AN PN CNBRBIPE, RS0 B R ksl oA ik
AN

FDPC-OF BENAH RS HOR B R k 48
WHE =5, HENERREPON, BERIHEES
=2,



© 102 ﬁ {

i 43 %

XL EE A G S B AN R . RDOS B Al
COF &z, k=5; LDF ik, 6=05, k=5;
NOF 5% NANOD Rk NS 5% Forest 5
11 MOD B35 R FH JE SCR BRI B
32 AI#uEsE

N T B8 UE AR S RVEAE SRS [ 1 R > A T
BB RIATIRE T, ASCE B 4 Rt 4N T
it D ~Dy BATKTEESEER:, Hd, ORRER
Ko Dy ~Dy IMEHRFFEWIEE 2 Frs.

50 5 10 1;52'02'53'035
(b) HIHAED,

o o °

X
(c) BARARD,

- ERRrn
" G L e et
OOy ppiatn e T 9

e

oo e

0 05 10 15 20 25 30 35 40
X
(d) BHRAED,

B4 g NTHERSE

*2 D, ~D, HYEUIRHFE

Bl e FEANEUA R YA B
D, 1256 43 3.4%
D, 1043 43 41%
D; 1000 85 8.5%
D, 1372 72 5.2%

FDPC-OF Hyk 5 X b EfE N T8 4%E
IRE A ZE R 3 Frs . WK 3 W LLE i, FDPC-OF
FVEAE 4 PN TEIESE B Pr ¥MELE 95%LL I,
BEMRTREDE, 5L D B Pr mik
100%; fE£#E4E D, LW Pr 5 LDF HiEMH %,
BITE 97%L_F . FDPC-OF BiL7E 4 Fh N\ T Hdk 4
BB R SR AR E ML TR R R, X H T
FDPC-OF Hyk&i & RAEH OISR E 1 O
AN BE B, SR T BOEAEAS R R A s 4 )
3

%3 FEEEEATSIEE FHBHE

ik D, D, Ds D,
FDPC-OF  100.00% 97.67% 87.05% 95.83%
COF 86.04% 95.34% 76.47% 93.05%
NOF 95.34% 41.86% 57.64% 75.00%
LDF 93.02% 97.67% 84.70% 81.94%
RDOS 97.67% 32.55% 58.82% 84.72%
IForest 53.48% 93.02% 76.47% 26.38%
NANOD 48.83% 32.55% 71.76% 18.05%
MOD 83.72% 93.02% 76.47% 88.89%

FDPC-OF 5% 5 X REfE N THER S 1
Fl 1% 4 fior. W& 4 WJLLEH, FDPC-OF &
RAE 4 NN TEIRE LM FLAERIMELE 93.5%0L
b, EFXTE VL. LDF Bk SEESE D, EXY FI
{65 FDPC-OF 5iEM%, ¥TE 95%LL I; RDOS
FERESIEEE D A Dy B F1 RIS, 1E
D, I F1 fH &L 96.6%, {HIEEHELE D, 1 D; 3%
BIARME: NANOD HIETE 4 NN TS Fikkx
PIARHA, MOD kA 4 NN THIEE LRI
€. MEE EFE, FDPC-OF HikM FIAEAL T XL
B, EARN THARSE B e e 10 B R m A
R, PREAT DAUE B ASCBEVETE N TAR4E HINE
Rtk



510 1)

BT I TR

B ERT O B R 193 -

F4 ATRAEBEZEEAIFEELNFE

Rk D, D, Ds D,
FDPC-OF 97.72% 95.45% 85.05% 93.87%
COF 85.23% 93.18% 75.29% 91.84%
NOF 93.18% 40.90% 56.32% 74.15%
LDF 92.05% 95.45% 83.91% 80.27%
RDOS 96.60% 31.81% 58.05% 82.99%
[Forest 52.27% 92.05% 74.71% 25.85%
NANOD 47.72% 31.81% 70.11% 18.35%
MOD 81.82% 90.91% 76.44% 88.44%

SRR AU B R AN 3.4%~35.9%, JEME
NN 4~34 A, PRUE T B s b g DL BE B 11
JEPEAN B Z FEME RN Je 8 50 47 Hb A 36 A SO
125 DA Bont b B2 1 S A A b ) B R AR U
1o HSEEAREMBIRFFE R 5 iR .

FDPC-OF 5L 5 X e BEAE N THIR S L1
AT R 5 Bros. AE 5 ATLUE i, FDPC-OF
BUETE 4 PN TR SE B AT R E AR
0.29 s, fRFXFELE ., TForest Bk T AFE T
RS RIS R MRS, AR () 4 o 2k
P, ENTE R4 LIs /T [ #g KT FDPC-OF %
i%; COF Hik. NOF #HikL. RDOS Hi%kLL K LDF
TR B RS BRI RS,  PR R R
J:FEZ /K O(n*), 5 FPDC-OF %A IForest &35
HEOKZEIR; MOD BEAE 4 KNN 23805 O i
R TEIERIE, AEIEE 4N, ZE
AP ) 52 2% B 22 A K39 0 - FDPC-OF A (E N T
B4 IS AT MRk B AT b, X2
tHT FDPC-OF B3EfETHE k AR T &R 51 45
¥, AT FRAI T BRI [ 2 2 B2, A} FDPC-OF
SR I FR TR A

—e—IForest ——COF ——NOF —— RDOS
—*%—LDF  —+—FDPC-OF—#—MOD —e—NANOD
10
9 -
8 -
2 7r
=
= 6f
£
55T
4t
st
o
1
0 Y + M
D, D, D, D,
sk

5 AFRGEEN TEHE Lz 7 6]

33 EXHIEE
AR 4 FE 1 UCH 1 2 S i 42025 47 5

58, 437 & Ionosphere. Iriss Wdbc A1 Vowels. H

x5 B STHRE SR MY SR AE
BaEsE  BEANEUAS BYEAEUA ERESA U R
Tonosphere 351 34 126 35.9%
Iris 110 4 10 9.1%
Wdbe 390 30 33 8.4%
Vowels 1456 12 50 3.4%

FDPC-OF Hik 5%t bR vE 7R s34 Lk
MHEWE 6 Fizm. MK 6 AILLEH, FDPC-OF
HIALE 4 PhESEEEAE LG Pr MEZHN 80%, &
TP, 1E Iris #R4E b, NANOD HiERI
B Uf, Prik®| 80%; £ Wdbc $#i4E I, FDPC-OF
HL) Pr 5 NANOD 581 MOD 5iEMH%E, ik
=118 . FDPC-OF BETEAFIHUAE . AN [F] J& PEAN £ LA
J AN A B A B AR 0 S M B A B R E
SR el Ve

xo6 AFRBZEEIIMIEELABHE

B Tonosphere Iris Wdbc Vowels

FDPC-OF 91.26% 70% 78.78% 78%
COF 77.77% 60% 36.36% 50%
RDOS 53.17% 60% 15.15% 4%
LDF 87.30% 70% 33.33% 48%
NOF 69.04% 50% 12.12% 26%
IForest 63.49% 50% 57.57% 14%
NANOD 73.81% 80% 78.78% 52%
MOD 84.92% 60% 78.78% 42%

FDPC-OF 515 5%} b vk 78 B s 4 4 i
Fl {40 7 fion. MR 7 aLAE Y, FDPC-OF %
TEAE 4 PPN BRI FL {ERIMEALE 78.6% LA
b, BT ERAR Y . LDF 594 AE Tonosphere PA X Tris
AR B FL ERIM R, WMELE 75%L E, A
TEHRHHEE LRI —M; NANOD 575 A1 MOD
HOEM) F1 AR, 16 4 DESCHERSE FEAEAN
BRI, NANOD SyL7E Iris B854 L0 F1 {H%
B, &%) 80%, MOD HikLfE Wdbe $#idk b
MFI5 FDPC-OF HiEME, Nfkmifi. Mk
"%, FDPC-OF HiL{E F1 ISR H EA
BRI, G REIhEETREbR, A SCHE H ) FDPC-OF



© 194 ¢ s

¥ ik

43 %

HEEANFRMEREOEE L EREN SR SR
W, KA PAIE A S FDPC-OF SyAfE H 5L
BEE L Refs e s ROt H B R .

®71 TRBZEEZHEELMFE
Hik Ionosphere Iris Wdbce Vowels
FDPC-OF 89.14% 70% 79.09% 76.47%
COF 76.36% 60% 37.27% 49.01%
RDOS 53.17% 60% 14.92% 3.92%
LDF 85.27% 70% 32.83% 48.03%
NOF 68.61% 50% 11.94% 26.45%
IForest 62.01% 50% 56.71% 14.65%
NANOD 72.48% 80% 77.61% 52.90%
MOD 84.12% 60% 79.09% 42.15%

FDPC-OF ik 5 Xt b B E 7 s A 4 L
BATI WK 6 ffiac. AE 6 AT LLE Y, FDPC-OF
HVEAE 4 BN B 4E LIS AT I TR 3 E AN
0.16 s, PRT HAh T Eb 559% . £ Tonosphere LA K Wdbc
¥4 -, FDPC-OF %k, COF HikLL K IForest
HEAERRNIBITER, BITREDF 1s; 75
Iris IR b, SHARERSITHR A LA AT
BATHR, BATHEET 1s; WTE Vowels 24
£ LB T AL FDPC-OF 5% L ) TForest 53112
ATRF DT 1 s LAAR, AW SEERIEAT IR R,
HH NOF %%, RDOS #3%:LL . LDF BykfisiT
B [AIRE I 40 so AN SCRVATE AL HE KA 4L 1
THREE TR e AT s %, R E L1
AT HRRLEREAR BT AT AR, BRI A
ERITEE SRR R

——IForest —»— COF ——NOF —»— RDOS
—4%—LDF ——FDPC-OF —#—MOD —e—NANOD

45

40t

35t

30t

251

BATH /s

St /
O & e

Tonosphere Wdbs Vowels

Iris

Hihisk
Bl6 AN R AE FL L £ L KIS AT I ]

4 ZHERIE

ARICE Jesr i 7B FEIEE RIS DPC HEAIH
SR TEAR, Rl B WA SRS ARV () 52 2 B v A
K TREN TR E S ST TR, %
T R I R R, ] K IEARSRE
AR B B A TR B B A, (R 51 B 45
Pl PR B TH R AT AL, RO IR D T SRR 1)
RHE, JrkE T BN d.. ASCE TR
ORI BE RS, 2 H T ST POl % IR SRR SRR
TFRZIE AR R REARE, MMfEH 7T
R P U M SR IS B A O ) B A ORI B . X
PRI IR B A Je e R EAT 0 b, B N T BE S
FVE SRR 4 b (1 sL 3G E ], FDPC-OF LR &
2354 THT HAST DU L B

S K

[1] RAMOTSOELA D, ABU-MAHFOUZ A, HANCKE G. A survey of
anomaly detection in industrial wireless sensor networks with critical
water system infrastructure as a case study[J]. Sensors (Basel, Swit-
zerland), 2018, 18(8): 2491.

[2] AVDIIENKO V, KUZNETSOV K, ROMMELFANGER 1, et al. De-
tecting behavior anomalies in graphical user interfaces[C]//Proceed-
ings of IEEE/ACM 39th International Conference on Software En-
gineering Companion (ICSE-C). Piscataway: IEEE Press, 2017:
201-203.

[3] NGAIE W T, HU Y, WONG Y H, et al. The application of data min-
ing techniques in financial fraud detection: a classification framework
and an academic review of literature[J]. Decision Support Systems,
2011, 50(3): 559-569.

[4] FK, BIR, F2, & ETINRFGHASRENERARE
WIFEEL]. W5 158 2404, 2021, 7(4):18-29.

JIY M, YANG W D, LI K, et al. Container intrusion detection method
based on host system call frequency[J]. Chinese Journal of Network
and Information Security, 2021, 7(4):18-29.

[5] ANDRYSIAK T. Sparse representation and overcomplete dictionary
learning for anomaly detection in electrocardiograms[J]. Neural Com-
puting and Applications, 2020, 32(5): 1269-1285.

[6] ROUSSEEUW P J, LEROY A M. Robust regression and outlier
detection[M]. New Jersey: John Wiley & Sons, 1987.

[71 BARNETT V, LEWIS T, ABELES F. Outliers in statistical data[M].
New Jersey: John Wiley & Sons, 1994.

[8] KNORR E M, NG R T, TUCAKOV V. Distance-based outliers: algo-
rithms and applications[J]. The VLDB Journal, 2000, 8(3/4): 237-253.

[9] KNORR E M, NG R T. A unified approach for mining outliers: prop-

erties and computation[C]//Proceedings of Conference of the Centre

for Advanced Studies on Collaborative Research. [S.n.:s.l.], 1997:

219-222.

JAIN A K, MURTY M N, FLYNN P J. Data clustering[J]. ACM

Computing Surveys, 1999, 31(3): 264-323.

[10]



510 1)

TR ARE s T BRI PR SR B IR T O R U

©195 -

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

ESTER M, KRIEGEL H, SANDER J, et al. A density-based algorithm for
discovering clusters a density-based algorithm for discovering clusters in large
spatial databases with noise[C]//International Conference on Knowledge Dis-
covery & Data Mining. New York: ACM Press, 1996: 226-231.

KARYPIS G, HAN E H, KUMAR V. Chameleon: hierarchical clus-
tering using dynamic modeling[J]. Computer, 1999, 32(8): 68-75.
BREUNIG M M, KRIEGEL H P, NG R T, et al. LOF: identifying
density-based local outliers[C]//Proceedings of the 2000 ACM SIG-
MOD International Conference on Management of Data. New York:
ACM Press, 2000: 93-104.

PRI, Xbe . 3T X0 4 f 8 IE AR 7 5 R 7 S0 0], 815
22417, 2020, 41(8): 130-140.

YANG X H, LIU X M. Local outlier factor algorithm based on correc-
tion of bidirectional neighbor[J]. Journal on Communications, 2020,
41(8): 130-140.

ZHANG K, HUTTER M, JIN H D. A new local distance-based outlier
detection approach for scattered real-world data[C]//Advances in
Knowledge Discovery and Data Mining. Berlin: Springer, 2009:
813-822.

WANG LN, FENG C, REN Y J, et al. Local outlier detection based on
information entropy weighting[J]. International Journal of Sensor-
Networks, 2019, 30(4): 207.

SCHUBERT E, ZIMEK A, KRIEGEL H P. Generalized outlier detec-
tion with flexible kernel density estimates[C]//Proceedings of the 2014
SIAM [Sn.s.L],
2014:542-550.

WAHID A, ANNAVARAPU C S R. NaNOD: a natural neigh-bour-based
outlier detection algorithm[J]. Neural Computing and Applications, 2021,
33(6): 2107-2123.

RODRIGUEZ A, LAIO A. Clustering by fast search and find of den-
sity peaks[J]. Science, 2014, 344(6191): 1492-1496.

XU X, DING S F, DU M J, et al. DPCG: an efficient density peaks
clustering algorithm based on grid[J]. International Journal of Machine
Learning and Cybernetics, 2018, 9(5): 743-754.

HUANG J L, ZHU Q S, YANG L J, et al. A non-parameter outlier
detection algorithm based on natural neighbor[J]. Knowledge-Based
Systems, 2016, 92: 71-77.

MACQUEEN J. Some methods for classification and analysis of

multivariate observations[C]//Proceedings of Berkeley Symposium on

International Conference on Data Mining.

Mathematical Statistics & Probability. Berkeley: University of Cali-
fornia Press, 1967: 281-297.

ESTER M, KRIEGEL, H, SANDER J, et al. A density-based algo-
rithm for discovering clusters a density-based algorithm for discover-
ing clusters in large spatial databases with noise[C]/International
Conference on Knowledge Discovery & Data Mining. New
York:ACM Press, 1996: 226-231.

COMANICIU D, MEER P. MeanShift: a robust approach toward
feature space analysis[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2002, 24(5): 603-619.

DANG T T, NGAN H Y T, LIU W. Distance-based k-nearest neigh-
bors outlier detection method in large-scale traffic da-
ta[C]//Proceedings of IEEE International Conference on Digital Signal
Processing. Piscataway: IEEE Press, 2015: 507-510.

TANG J, CHEN Z X, FU A W C, et al. Enhancing effectiveness of

outlier detections for low density patterns[C]//Advances in Knowledge

[27]

[28]

[29]

[30]

[31]

[32]

Discovery and Data Mining. Berlin: Springer, 2002: 535-548.

TANG B, HE H B. A local density-based approach for outlier detec-
tion[J]. Neurocomputing, 2017, 241: 171-180.

LATECKI L J, LAZAREVIC A, POKRAJAC D. Outlier detection
with kernel density functions[C]//Machine Learning and Data Mining
in Pattern Recognition. Berlin: Springer, 2007: 61-75.

LIU F T, TING K M, ZHOU Z H. Isolation-based anomaly detec-
tion[J]. ACM Transactions on Knowledge Discovery from Data, 2012,
6(1): 1-39.

WAHID A, ANNAVARAPU C S R. NaNOD: a natural neigh-
bour-based outlier detection algorithm[J]. Neural Computing and Ap-
plications, 2021, 33(6): 2107-2123.

YANG J W, RAHARDJA S, FRANTI P. Mean-shift outlier detection
and filtering[J]. Pattern Recognition, 2021, 115: 107874.

FRANK A, ASUNCION A. UCI machine learning repository[R].
2010.

[HEZEE ]

EF (1972- ), H, HMREAN, F
EAIIPNCE & € P WL PPN
i BRizin . e8RS .

=K (1997- ) , B, WEAOAN, #il
KA, BT A R .

X {HuE (1997- O , 5, TR,
(1IN e e SO a3 0| W (SIS & ik 11

&, WALBHINTE A B I, 3T TT
A RBHRRAR . R3] XHREESE .



	17-220216- às.pdf

