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An Outlier Detection Method Based on Neighborhood Approximate Accuracy

ZHANG Yuting', FENG Shan®

(1. School of Computer Science, Sichuan Normal University, Chengdu 610068, China;2. School of Mathematical Sciences, Sichuan
Normal University, Chengdu 610068, China)

Abstract: Aiming at the problem of outlier detection of mixed attributes, this paper proposes a method for
outlier detection of mixed attributes based on neighborhood approximate accuracy. First, a heterogeneous
neighborhood relationship metric is defined to represent the proximity between mixed data. Then, a
specific neighborhood approximation accuracy is defined to construct the neighborhood grain outliers.
Further, a neighborhood approximation accuracy-based outlier factor is defined and a neighborhood
approximation accuracy-based outlier detection (NAAOD) algorithm is proposed. Finally, the effectiveness
of the NAAOD algorithm is evaluated using the UCI dataset. Theoretical research and experimental results
show that the NAAOD algorithm is effective for detecting outliers with mixed attributes.

Key words: outlier detection; neighborhood rough sets; granular computing; neighborhood approximation

accuracy; mixed attribute

51

i}

BRE AU 22 T ARG I A5 R VR R A B A IS WA, A A T R
JERN IR A T o A oA T A O 0 A B, AR B A A R T 5 TR B TR v 4
RCRA 5 B0 0 3 12 oy T )P BB B SR B, BT A A S A 0 e R 3 5 s P A A R R O 0 5 SR

HEEWH: BHRALPEIL4(61673285) 5 MU)I4A FFERHEEL 4 (2017JQ0046) 5 PU I 48 #L B T A SR BL2= 5 42 (15Z2B0029) .
I %5 B #: 2020-08-05; 1817 H #1:2021-05-06



REAE F AR T AR R R 60 B B S A ok 1019

FEIFHI R

BT BAE N — AT B T 1,8 EE SR 228 (1) AL BN v =2 H AR, a0 USRI b
HEAVRURE S SERE A TR 5 (2) LR BETH5E 0 HAS , A i 23 I BaE . Hoop, 20 BORDRE 42 30 8 )
E 28 T N T R AR AL 8 426 FURH DG 23 A S I 58 o AR, B0 I B AR 8 32 kA BE A 304 B
PR Ja PERCHE A A B T 2 Rl B TORLRE A2 00 T ik o i, R T 2 OMDRE A SCHRL 10 1R APRE 530 1 8
FEUR X G B B A O A B A I . SCHRL 1L FDRDRE 30 5 e SOXE 5 5 8 B2 DA s A D o Sk [ 12
FHRUBS 82 SR Jm FE ™ T —Fh o7 i o SCHRL 13 52 7 6 1 MRS 0 0 B B i B A I o SOk [ 14 142
Hh TR T T ARURS A BRI o AELE AT SR AR A OC AR 11 Uy 2 S R AL RO IR Y Yy HE T
b BRBR PR R R E 4

A0 SRR SR A RRAE e 1O RE A A R A R PR B S . B, SCRRL 17 4R T T AR A
(AR S B BEAG TN o SR, X S B B MR SCRRT18-21 142 i 1 T 1) TR 5 JA P O 1) A
Do A3 28 7 32 459 R 2 pE AT SeOR s 32 A 1 B R R DU AR B IS UKL A R e T A A0 BT fBOR BE AN
A3 SRR J3 AT, T IR A RO RS R A O s T A TR T A e A Y R
o AL

BT R B Ja R B AR SRS I ) R, A SO 3 T — i T A ST ARUKE BE Y B AR AR I 5 ¥ (Neighbor-
hood approximation accuracy-based outlier detection, NAAOD) . 1% J7 i DA 108 57 A8 41 48k 56 £ B F 42
T4 4a 2 42 48 J AR 445 B & 48 (Neighborhood information system, NIS) , P41 ek 5 (00K B 25 5 X 7 R AE
XTREREE . XIS H R M, NAAOD 534 BE A I T 2% f i A 21 5 79 28 B

1 FEiR
BRFEEREL=(U, A, V,f), Kb U={a, x5, -, 2, ), BEE A V=] V, V., W&
a€A

MEEGAUXA>V, Ya€ARMYee U, f(2,a)€V,o HA=CUDR FERGELNRKRL, filid
HDs=(U,CUD, V,f), K C={ci,co, w0, AD={d }o HItiRT M, BWBSCHI|-[h&ES
.

EX A B G o,1 BAS V2, e UMYBE C, 0y (x)={ a0, €U, Ay (2, 2;,)< e}k x, 1B
AR5, e B, Ay (22 ) RIE B R, X V2,2, 2,€U, f1:

(1)AB(I,-,IJ-)>OQII»:IJ,AB(]."[,I]‘) 0;

(2)AB(x[,Ij)ZA;;(Ij,JC,»);

(3) AH(I,»,Ik)<AH(I,.,Ij)+AH(Ij,xk)o

BN, T AR T CRYIR A RGUE B i (Heterogeneous euclidean overlap metric, HEOM )

Jy:HEOM (. y) /Zw y)o Hr
1 S, e )8 Cy, e ) RTINS
0 N RIEME HS (2, ¢))=F (y, ¢;) I
A{(>(x,y): 1 PR FRIEYE HY (2, ) f (3, ¢ )if (1)

| /(2 e)= 3|

max, — min,,

Ko, e MR . w88, (1) AT [ i b BUEUE bR FR s 2 SO YRR SR o 0 (2) KT IE i
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THE B2, o B AR BORE e = O PR f o A 2K

Vo, €U, 0(x)¢ D H | 0p(a)=U, #{oy(a) e, €U EHIBBMU. U FABBERN, 715X
reU
. s 1 Az, z)< v
RRLIEM (N )= 7 =) oy o BN, AL L A P RE AR B U AL

Op(a )OI, o, (x)=0rl,rfd . rl)e

B2 TN BB L T VXS U, X B FEMAN, X={2/0,(x)=X,z,€ U},
M B EIEMAN, X={x|0,(z)NX#* T, r,€U }.

A ORURE SRS 00 Ve R ARG R . AN, XS XS N, X, XA BNX = N,y X — Ny X, i1 5558
R 28 G0N i PE A

EN 3 BTN BABEGE RS VX S U, X8 B-48 At s B Bl oy (X )=

B, 0<ay(X)<1o ap(X)=1H XI BAFHAZE, ay(X)=0oN, X=T. HH, X=0
B oy (X )= 1o AT FHOR S Wi A A v i R A A B 2 P T A FH T 0 G T A5 780 g A e

2 ETMEBUEMUBENESEERRN

2.1 WX

T B /N J5e A — AR % B0 4 T v A R B2 R AR R S — . [W HEOM, 5 #4648 3¢ R JiF it
(Heterogeneous neighborhood relation metric, HNRM ) 7] %€ SLUNF -

EX 4 W4T, Yo, a,€U,B={c¢;.c;,,c; (1<[<m)=C,x; 52, REG K HNRM 4 r] =

N, X|.

HNRM| = Mm;, o
U o WERBRIRHE S (2,0, )= (y.¢,)
0 o JARFRRIE RS (2,007 (yoc;)
- ‘f(I, Cj/y)if(y’ (‘jh)‘<€ﬂ_c'ﬂﬂ?§&{ﬁ)§‘@
| f ()= f (e | > eHe, IBUE R 1

Sy, 2 (2) AT [ B o A ) g P AL 45 X R 2 SR RE L e — el L R e R R
RO ENSHEUE . i, SCERLI8JER T T B A A N AR Y e B v, B

(2)

0 o W R b
e, =1 std(c; (3)
“;” ¢ B

s std(e) N BHERRHERE s AT SH. Wk, () MBI  UH 7 T A3, B H T
Cils R Y

MR RFEE T IR AR O R S T HAR O R M2, X VC,, C,=C, N, . =N_NN,_,

B C\, C, & C 43 50 Ry B R AN AR BRI 45 0 T P 45 o BT 150 00, % 4 o 40 A T R 46 X
BT

(1) 8¢, ( ma
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(2) &¢,( ﬂ J.,

(3)0“(““;2(95): (~1(«r)ﬁé‘(:2(1)o

o€ URNU L-4BIOCFR AT 4 () — L AR IR o T o () 40 0B 2 S5 B 189 26645 80 0T LA SE 47 8
A o — R, T R T SR AR BB A R DA T 0B R AR T 40
R {1 48 AT RS € JE

EX S HEMFHIEMEE VB C. G={0,(x)lr, €U}, ECC— B, §,(2,) XF Ny 148 B
VA B2 Al R

N, o,(2)]

ar 04(2,) = (4)

‘Vrag(l'f)
I8 T AIOKE JEE P O 2 B DR SRR B WO U o — O UE, 0 () X — AL AR B 28 3 DU B2 AR M1
i 0 (e, VAT Oy S 8 o8 8 AR B 0 T 42 LU DS B 8 A IR 710 7 B b AR . XHIR A )R
P, ] 4R 3okE 25 B B (Neighborhood granule outlier degree, NGOD ) F14B 3k ¥ LA & 25 B [H T (Neigh-
borhood approximation accuracy-based outlier factor , NAAOF ) A & ¥ & o 1 & J& 1 45 22 40 30kr i) 25 B
FRRE, 5 B4 e X R B R
EN6 SE=C—B={c,,c.,,c.|C—B|=2), 04(2,)€ GFET Ny NGDD [ i X Wy

3
’6,;(3:,)’ ag[dH(I,»)}Jrj:zla,;,w)[ﬁg(xi)]
u| Et1
S oy ()W — 41 4B 388 56 2R 14 3T {RUORS B2 AR B 0 (2 )X 4B I3 R FE /s, AT R 0 (2 ) AT M 3% HL
BIREIE R o BEiE, NGOD(0y () K, AT RABERE 0 (2o ) B 520 P 03 it o, A B HEAE . 2 F NGOD
P18 I8 T BIOHE B A DX 1, IR S XS 42 2, 19 NAAOF & SCAnF
X7 x,€URLBSOL IR BE B 7] SR

m

2(NG()D(8<Q>( x;) )X W“;,)(x,»))

=1 (6)
IC]

RERE W, (2)=1— [0 (2 )/ U] B8 BUEE I W, U—>[0,1]. 2, € URIC,EC,

lb}](x,-)l/J\?*H?&E‘J/ﬁ\ﬁﬂéﬁiﬂﬁ*ﬁ?ﬁﬂ‘, x AT U A BN G2, Bk T Y R AN
a E R, 2, (9 48 00T ARURS BE B 1 Y 7 NAAOF (& )k o 310y, (,)I/|U| IF L 5 AR AT 42 746

iniﬁﬁu*ﬁ B ) o R, X 45 G B BEE e Al e € U, NAAOF ()= g Bif o 9 224 1 40 48k 30T 1LUKS i
BIRE o
2.2 WMNEZTBREERE

BRI

BA:Is=(U,C, V,[), SBHEHBE ., MBS

i 2 B AT O

(1) O~

(2) Ve, HHBHRRHFEM (N )

(3) forj<=1tomdo

NGOD(0,(2;))=1— (5)

NAAOF(z;)=
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(4) TR B RIEFEM (N (o))
(5) TR BB PN E a ([I Ie)
\\E:C—B—C—{(/j}—{c‘,l,ch,-'-,c‘(,w}

(6) for k<1 tom—1do

(7) AP RIEFEM (N (e ;)

(8) HH BB PN E o >([I,-l»7)

(9) end for

(10) 5 ABIRL B BEHE NGOD (8, (2,) )

(1) HARE W, (x)

(12) end for

(13) for j<1tondo

(14) A LB BT U B B HE 7 NAAOF ()

(15) if NAAOF (x;)>> u then

(16) Og<~ O5U{ x;}

(17) end if

(18) end for

BIER IR ()M E R (n X n), XWEE(3~12)FH B m X(m+ 1+ (m— 1)X n), 5
(13~18) WM E Jyno WK IBE R (0* +m* X n+m*+m+n—m X n). W, B¥:mEE
PN O(m®n), 25 MIE 2R O (mn ),

3 BIEXREER

SEH DASCHER [ 14, 18 1900 b #8175 v S BL i, O 538 T AR K A9 5 TR TH B RURDRE 52 (9 25 B A% DU (Outlier
detection based on granular computing and rough set theory, ODGrCR)"™' J& Tk 1% (Granular comput-
ing, GrC) My J7 ¥ 5L T HUBE s J8 1 58 %2 (Rough membership function, RMF) % J7 ¥4 i T4l )&
P B9 5 T 1585 (Distance, DIS) #9777 27 LI BGE TR 4 8 2k 19 28 T 40 38047 50005 19 B 46 9 (Neighbor-
hood information entropy-based outlier detection, NIEOD )"/l & 45 4l & 2% 5 J3 5 19 55 BEAG I ( Neigh-
borhood value different metric-based outlier detection, NVDMOD) /& g #47 %F b, LA IE NAAOD %
AR . B JE, A SCERL L8 TP B T 6 A B A s Aor i 540 4 (A AR EE IR & e v ) o 3 S 55l
#2439 F Cred .Germ \Heart .Lymp . Whe Fl Yeast, #f— 4, B A1# 51' % AMG B RE L Jse Jsu Jsi
Tsw Rl Isyo AT OB, [A) SCHRE 14 J00 SREM , 23 S0l DA B 1 s B0 4R rh e B 2 7 4 e A S o 4 ds 146
) B AR AR AR AR Qe 1R .

DL S #F 5 3 R (Coverage ratio, CR)' BRI TR B 0 B O, (X)J2 X v g B HERT £ (9 %
%, O (X )J2& 3508 B AL, U'\'J‘Osm(X)ﬂ Os, (X )| BPAG W 5 i B 52 B B 8. 5 F1, CR(k)=
05, (X)NOs, (X)I/0s, (X)) N EHEREE R B, TROZ) AR, CR (k) #ER R 1 fE M4
TESR b k= O (X )| B 0 AT 26 30 0E y fie 2 0F L5 1

Xt F NAAOD, NIEOD%I]NVDMOD%%,,E\%Q‘M* WE 0.1, 2] HAP KA 0.1, m&, &Il
G Y (R GrC B W R I 25 SR o B W B uk 3 1, FE MRS 45 07 851, Lymphography
F1 Wisconsin Breast LancerXﬂ‘%E"JE PEAE S G VEARFRIE TS L BR Yeast $04E 45 , J MDL 55 Hit 4k %%
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F1 KBHIEEHR

Table 1 Description of experimental data set

FEOHET % H L 1 AL L A
BE 5
1 C, Ci={zeUf(x,C)="0"} ; . 296 25
2 C, C,={z€Ufc(x,Cy)=2} 229 16
3 G, Gi={x€Ugfs(x,Cy)=1} ; 5 600 9
4 G, G,={x€U,f;(x,C;)="A152"} 531 4
5 H, Hy={xeUylfu(x,Cs)=1} ; ; 137 10
6 H, H,={x€Ulfu(z,Cy)=1} 131 4
7 L, Li={z€ U, (x,C;)="no'Vf, (z,Cs)="n0"} . s 90 5
8 L, L,={x €U, (x,Cp)="vesicles'V [, (z,C)="no"} 105 5
9 W, Wi={2€Uylfw(x,C,)=2} 0 0 42 5
10 W, W,={x€Uylfw(x,Co)=1} 454 23
11 Y, Y, ={x€U,fy(x,C,)€[0.52,1]} . . 402 5
12 Y, Y,={x€U,lfy(x,C;)=[0,0.41} 948 5

(68 M A | A B M 3 08 T Woeka 45 5 09 B3 H0ME T 35, 3L B ORI R 80k 3. DIS B3R I BR
[ B 5 B 5t 0 e /N e R A — b T b 2

NAAOD 5k 5 X} LB e AR T4 B Xt b2 L 2 s . R 2 P Al LLE ) NAA-
OD Bk 6 MR G JE A 74 Bl TR ML SR . #ln, 78 C, B, NAAOD ik 3 558 h
88.00% , 5 NIEOD #1 NVDMOD H i #1451 % T ODGrCR . GrC .RMF 1 DIS 5 i , H A 5 % 43 5l
1 60.00% .28.00% .64.00% .68.00% ,#/N T NAAOD B i 5 % . Kk, A St ik iE TR A
R € Ny T AUl

I AN, NAAOD 535 76 75 A hr AR &8 M8 IO TR B 3% . 3£ 2 B8, NAAOD B %

F2 WHEIXBER

Table 2 Results of comparative experiments %
B+ 4 NAAOD NIEOD NVDMOD ODGrCR GrC RMF DIS
C, 88.00 88.00 88.00 60.00 28.00 64.00 68.00
C, 87.50 87.50 87.50 75.00 12.50 75.00 56.25
G, 33.33 33.33 33.33 22.22 22.22 22.22 33.33
G, 50.00 50.00 50.00 25.00 50.00 25.00 25.00
H, 90.00 90.00 90.00 80.00 70.00 90.00 80.00
H, 75.00 75.00 75.00 50.00 50.00 50.00 50.00
L, 100.00 80.00 60.00 100.00 80.00 60.00 80.00
L, 100.00 80.00 60.00 80.00 80.00 80.00 80.00
w, 100.00 100.00 100.00 80.00 80.00 80.00 80.00
W, 91.30 86.96 86.96 78.26 73.91 78.26 78.26
Y, 80.00 80.00 100.00 100.00 80.00 60.00 60.00

Y, 100.00 100.00 100.00 80.00 60.00 60.00 60.00
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2 /43 Bk 4 B L B 2 30 1006, B ik T
H 0t 20 B B SR, X F A Oy o OB 8o
RN T B AF T 1000 FH, @il % 20 LUF 70r
NAAOD S AE K M A SO A M ey 2 O]
KP4 T Al 0 Bk Ll bk 4 BT ] & o}
NAAOD 5 s fig A A4k HAR B A% {6 T 1k 2 30f
WAk o

BIfE A 7E NAAOD BE il F HEMIEM . ¢ 0

W, B 5 0 T F5 % 5 RO 552 0 45 4 1 B 0.0 0.2 0.4 0.6 0.8 liO 12 14 1.6 1.8 2.0

B 1 COM WLBEAE b JCRE B S A T R WA N 8RB A B L
Ml 2 1A% . & 1 AT LA AR K 340 K Fig.1 Variation curves of coverage rates with parame-
4 1 B AI U R SRR SR 2 B i T ters Ao € and W dutasets

Mgy W E, o n] LU B0 T A 8] 64 2o 5 nl

ITEZ A SHAME T BUS et (E

4 LEFRIE

BT AR BIOMDRE B2 HE 4R, B 28 TR A R G 0 1) B, T T AR MU ABRG B A LA 3 R
O B EAG I 7 3 . ORI BER TR T B E AR E B HNRM BE 5, RO 70 8 M G 75 B itk , feAb
FEVR A OB AR . B ST 45 B, NAAOD 225 AE A R0 BB b5 FR RITR 4 7 8 v SR 42 . 3%
TR I =S P S B 2 BF 5 TR A2 A8 10 b K G B R A I 9
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