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The Analysis and Improvements of People Clustering in Video
Student : Ching-Kuo Hsu Advisor : Tsai-Pei Wang
Institute of Multimedia Engineering
College of Computer Science
National Chiao Tung University
Abstract
Face clustering has been widely studied in recent years. In the past thirty years,

there have been developed many papers and applications about this subject. Face
recognition for security system and face detection for monitors are primary
applications of this subject. For now, there does not have a perfect method, so this

topic is a hot development direction for multimedia engineering in the future.

Recent research focuses more on a video instead of images. We can extract facial
images which appear sequentially in a video, and convert these images into image
sequences. By this way, we can improve face clustering techniques. We focus on face
image sequence similarity as the main research topic. We experiment on many face
clustering algorithms and analyze experimental results. We illustrate how each

method works in any cases, and some ways to improve these algorithms.
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1.1 wH5EEh

N e AT SRR A B TR AT =+ S R TR S SR B
BARRABISE - ATAAEPRZITHIEY At 28 - DA Ba R as (M s - AR
& R EFIAY TR -

FEFFEHIIE MR BAE—BZ R IE R AL & AMIE—E# A
i - TR =R E Ml e LR HY S - WA I PEas A PRIy - IR
RNEAERE > S MSIEEETSR RiGERR T « AR SR L ArA Mt
B R B EE - S EUR RN - iSRS B /A E AR > FiTLL
— (iRl A AR B o AL - TR ZRE T — M a R - 515
{2 I Z IV AR DU B8 > BABIIR AFIERZ R = 5 C =2 E AUMIE -

ORUR M — R o i B Z B BRI EE ] (knowledge reuse) - i {5
TYEEIERE e EAUAINE ARG T S EIRVEIR A —E G iy - I8
FIF AT ket iy b & & (Clustering Ensemble) » ZIai Bl 7 BB EDL - S8R
GHIRES - BB E 2 VIRR R - HE PR TR R E SR SR
G urn)yTE - FTEUR e RlRl—BFEVIRE - AERERE G SUT - $0 BIE YK
s - ML T M & s T RIS B Ya 800 2 [E — BB IR RBE FEE R
ML B R IR S S fE T A D

AT S % (Affinity Propagation) Z 4T 265 7 #ef2 HHAVETEEA » IR &R (data



point) .~ EJAIAH ELEE (similarity) /3B - RIS & 25 RE Ry B E RV EE o0 (exemplar) »
HUBRLE R REH R R 1 R YT - ATAR SRR 225 [ (preference) il 5 By
R EAFERE B Y o iz Bi(median) - PR Lot — (uniform)iy 225 FE(E v] DAGEAT
HMERE R BAFRRIR > IANRR S E R ] DR R E AR L RS
FIE LR BREER

[FI6F By 1 ELRE LR B TR R GRS - TN A FEEEEN
Average Link BEATAMETE" K 275 [ {EAHATAY LA (54 (AR (DUREE A et o {1 By
Ho{El % O PRSP EAEATAY 2B (E)” Y Single Run » it 1 PRaTEd
oIt sl T IR T o BRAR (TR B VA BRI SR 2%
AT ARSI (B b I BT

FRAFIY 3 A A2 ARI(Adjusted Rand Index)£2 NMI(Normalized Mutual
Information)» A Ry &5l HY 5 [RR [F] - BT LA FT AR PRa T A R IE R E
fi NABHESE RSN > _HRESOM S SR 2
CIYE JiiAlhi

ARG S HI ZE R - AR AT S8 B T AR L RIR L - WL TE L
WA E ] - PR R Sy BRI TRE - BIANATAD ERERR P A [ 275 R n] USRI
TE& FAFR BRI BRI T AT > LR bR MIEYEm A
1.2 SwoCEE
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BUE SURERET
2.1 A3k (Face recognition)

Everingham A1 Zisserman [1]52H HEM{EA S HIER SR TIOR8
TE— R E NP EE— B R AR RCHY (unlabeled) 2 5 > T DUE I S (E A YE A H
HAEE YR 7 N - Everingham F1 Zisserman [2]2 (752 7 F B B8Pk AV IT74 -
&he T B R (computer vision) B 2522 7E (machine learning)fy 7 A 2K ZEF H
fy -

Hu Z[3][4]%2 H A SANP(Sparse Approximated Nearest Points) i fli &2 5: G2 3¢
ak(image set classification)» Turk #1 A. P. Pentland [S]#& {82 Eigenface zic fi A fs
HERENTTVA » R Rt O R SR AT R - BT R0 2 K TE El (upright)
a] DA A 14 it 45 ] (characteristic view)f zit Y BE & =5 2 2k 47 B Liu Fil Chen [6]
P HH R B8 FE 141 (adaptive) By 5 FE B R fE AU (HMM > - Hidden Markov Models) 2
FHEA s (video-based face recognition) » B] DL FI[{E A #5(majority voting)
HYFIR o Chu Z[7]%e Bzl 5 =t (KDT > kernel discriminant transformation)
A G5 N ik (image set-based face recognition) - BB~ 2RI E Y
HITHYES R EZ (5 A B stk 7 3£ (still-image-based face recognition method) 8152 {% &2
NBEHETT 72 © BREDE E Rl G: (training image) S iR - KDT JERIARRHEHE
FEERFE RMERE A0 - Harandi <2 [8]42 ik B #EZUEEE (transductive learning) # I 1E

TG NIRRTk > A AR A SR BB — 2 (B ¥ K] RE (image-set to single



image matching problem)iita fy BLAIAHBE Y 25 & (set matching using canonical
correlation) -

Ahonen %£[9][10]#2 t{ F1 /530 — T R##(LBP - Local Binary Pattern) R A& —5&
b5 5 (face image) » Jil5& A BadfFakAY IERESS - LBP HIRE S 2R KPS B 2 He (E
B (B4 S R ST TR (A AU > AR AT 8 {[Ef3) - Fllla% LBP {555 0 % 255 -
Cevikalp 1 Triggs [11]42H T {82 affine hull 5 convex hull {7252 {545 (image set)-
DAt P 2% TR & (R s (5 5 = TR IR 52 2 (dissimilarity) » ZR¥EF 52588 0 B -
FefMry e Eh B Belt A [1]R M E e (i - Yang SE[12]52H T i H
2DPCA(two-dimensional principal component analysis) (ARG M J574 » Il EEE:
2DPCA il PCA(eigenface) » I 534 AlE (B (2 EHYR A -

2.2 N[5y 2% (Face clustering)

Yamamoto < [13}£& R d LASEBEA (DS R (R i B 738 75 7A(SSC - simiilar
shot-based clustering) » =5 — e 772 {5 I B2 BEAH (DUSER 48 » 55 A8 5753
FnfsE FH 4/ SRR P HY 2 B(FTC._face thumbnail clustering) - Le ZE[14]H]
SIFT(scale-invariant feature transform)Z 4= (s {52 (image feature) #1771 & A
Ryt > El Khoury S m] PR BN BLAR 2E4r & B sl BV T - Setktisg R o
FRH SRR (keyface) » (£ SIFT #E{THgEEUCEC (face matching) » FH =4 B Jj[E
(three dimensional histogram)#i: & (dominant color) 534 AR U (clothing

matching) » fz1&45 & SIFT FiEi(feature) ~ S ~ =4 E 7 B B1HR S5E 1 (feature)



T =P EPE g 7rEE > Zhang FH2 &S & 5= (context) i) A\l 73 BFHY 574 > Chu

F7REE4EEE =& E 2R (local feature point)ifiEh Afg 73 BFHY 774 ©

Huang Z[18]52t “tHEZEES - AE AP AUMEEIEZEE “HEAY) - AFEZEE"

HAF > FTPURIRIBZES 8 BISZEAI Y78 - Tao Ml Tan [19]32t T &

NP A R E R - 1] DU R AR ER SR 5 [T BE 572 - ot tieR ]

7y B [F 28 R —dBET 55881 - RS AT SRR AV IR (£ A SR 0B > &

& A HIEE e Hi a2 B AR HAY > Kayal [20]Re A s > B 5 7A 55

52 A NG SRE {T B B M EERE 220778 Z [RIRY (B9 (% - Kayal [21]A1 Zhang

F[22]4& AR T s Eh A i@ oy BERY 5% » Foucher £l Gagnon [23] 24K

Orfanidis Z£[24]+¢ H Bl R GE% 47 Ef (spectral clustering) & F > A K438 Czirjek &

[25]3 et A f (ML T3 F AR/ 225 ] (video indexing) 75 EIFfE A > Cul FE[26]#R 5

AN B g B Es T g Eh=CH H SEEC & 4 (interactive photo annotation system) » Li

Fll Tang [27]5eth Al SR 2% (SVM, support vector machine) 5\ f: 7 BF1 5%

iU N e -

2.3 FHRBEFB(Affinity Propagation)

Frey A1 Dueck [28]3: 5 f2 tHAT AR EHE 7 BE 5725 > 45 I 5 AR HoAth o3 B

I I LAV sEE - HERE 99%LL ERYIFR] o Wang FE[29]45 Y 1 AT AL (EHE

A RA (BRI - P REERE Bk [ (preference) o] LR HY S A HY 73 BEGE R -

i ELAE By (oscillation) — EL 4 5t A4 « ERUBL L, T JBJEI A (adaptive) T A



(BE > BB SS R A o BEE R - BifH e (A% (damping factor) DL &

()

EE#f) o Lu A Carreira-Perpinan [30]F5 4 T p IR il (pairwise constraints) @] [& 7
WA{EA FE YIRS S BN [E B AT LUE B Y SR ST A ERE 708+ - Givoni
1 Frey [31]fett 77 42 Ei5 A (binary variable model) & EATAN &R 73 EE > LA
AR E BT HES -

2.4 FHEBAS (Clustering Ensemble)

Strehl #1 Ghosh [S2]#2H | LR S HUES: - #EHBES R BRSSPI
tH—{E H a5k (consensus solution) « B fRAE RS Y 5Rm) e 5= 5 SRR (robust
clustering) » B DAFEF oy Ff4h S0 B (quality of clustering) » 37 Z2E Kl EE F
(knowledge reuse)fJ%F 5z o Topchy SE[33]45 H s e & 245 4% ([ 45 Fi (partition)
DA I8 i e L Y A £ T 7 R MR EIUER (sampling) 2257 B (clustering) e
& o Minaei-Bidgoli <5 [34]#2 Hidk& H &0k} EE 42 HILER (data resampling) 5K iy E1 % &
(ensembles of partitions)ry) /7% - Bl Bas LB Gl - BN

(component) 73 HII YA S & SAR S 1Y Sy BB Z [al & et (tradeoff) A (4 -



F=2 gEBIIE

3.1 B
3.1.1 ELERER#G:

EAEE AN o TOEEERER =" & 83 & - EENEAZ
REE R NAE R PR - I BB SN FAIET:  §T5F - JeiEing 360p
fy.wmv i > D 3fps BEERE - I “Free Video To JPG Converter” & » f¢e2H
FEEL T 7427 SR (G (CEBRINHERR R BEAY 15 5215 » F3H OpenCV (=l & —
7L PN A=

£ Single Run iy 3 & e » FFIEIIATT S5 o= &
o S tHERT 529 (EERSI » BRI Ry B EE o
® F=AHERE 463 (EEEY 0 FAEsr R 10 B -
® SUUZHERLA 1000 {#l 51 - FEAE 37 16 B -
3.1.2 #Ir NfERs]

FE A\ TARRC 5 B AR 21 > i OpenCV 2 IEy A fs &t » Heffa] LU
I NERERY] > TR AT E DL R
o SRSy GA Ry lEl— N (BAS)
o \IEHyINE— B ARE SR HEE
® AR A/NNZEZE /D40 X 40 pixels

Fa EHRe: - AR YIREELENT 4 2 40 > JER ARRREH A/



#2740 % 40 -
IR e B R R I IE A -
3.1.3 Bl BRI
HAIE AR G T e A
1. Histogram Equalization
2. Histogram Equalization + Gaussian Bandpass Filtering
SERIESARRYSTIE - FERIRIAEZ A1y — 4 Gaussian eER(05X(1) ~ (2))4H &

i B 1 88 (bandpass Filter) 216 o (S R BRI 2

(x—cx)2+(;y—cy)2
2O-ZZOW

fiow = €XP (- ),size AR, 0, (1)

(x—cx)2+(y—cy)2

2
20hign

frigh = 1= €xp (— ),size =9X9,0phign =2 @)

3.1.4 EEREEME SR
LAHISD ( Linear Affine Hull based Image Set Distance)

FH—{&l{); e (affine hul) (= —{E 24 551 (image sequence)  F51H Y24
(image)/E /35 BLHYHRF {Zm) & (feature vector) » &5 51| i J5; 52 & (dissimilarity) F ()
B Z TR 2% (T EE R (geometric distance) 2K E » HefMfs SBR[ E =2 (Y
T2 -

3.2 EITE
3.2.1 Agglomerative Hierarchical Clustering (F&E=R4EEE)
—BiiERF S —YIRS  R—E  B—[BlE R R R N EEC RIC HE T & OF

9



FHEE T & E SRR e MRy 1E - F— [l & G HFEERIREC,

HASEECHVE R A A LU =

® Single Link :
d(C,, Cs) = min{d(C;, C5),d(C;, Cs)} (3)
® Complete Link :
d(€y Cs) = max{d(C;,Cy), d(C;, C; )} (4)
® Average Link :
d(c,,C;) = n:-inj d(C;, C;) + n;fn]_ d(c;, Cs) (5)

oo il 4 R RS CFIC B SR AR ES, -
3.2.2 Affinity Propagation (AP » 378
A EANAEYEEAERE  IRIBFTEYIRE - B BT R &
HIRE T A H YIRS R VB AE I AE L ©
FHEIH—Eem s -
® Exemplar : EErhp
®  Similarity : s(i, j)FRPEG 1 A0 ] AUMHCUE
® Preference : p()FmEG | /E BB LIS EE
® Responsibility : r(i, )RS | EETERPIEG | VB LIRS
®  Availability : a(i, )RS | ZEEVIRG | {F RHEF R LHVEGIEE
® rflaRyEH AR

10



r(i, ) = s(i, j) — maxy.;(alk, ) +s(i, k) (6)
a(j,J) = Xk=;max{0,7(k, )} O
a(j,1) = min(0,r(j, j) + Lx=j; max{0,r(k,j)}) ®)
o XVIES I FTEAEE T e R AR
¢; = argmax;r(i,j) + a(j, i) (9)
R PR | BE TR S SRR ER
R S Bl S B 002 ST
3.2.3 Clustering Ensemble (3854
Pl Average Link Sils #f5 @RI BRI - il AR ER: i e e & okl
0 EE e BER SRS ERIREIREE R  RIEPIRS | 70 | $EE=R IR
HE . AREFEYIR SR BRI e s  EREERS
Wiz OIS, ¢ BT SR BB ES RE E BB LR AT o BB EE RS (tun) R
FHI Average Link BaTH{ (S5 53 B o PP —{EA/NFyn X nAYAERE - F8 5
co-association matrix - HhggE(1 )T ERFR NS B j AT R TAE 2/ D (EE &
WO ER—B - AR R GHYE RS - co-association matrix {F f 55 FEEL T EEHY
I 2 FeE 4 e (dissimilarity matrix) o
3.3 SrRERAERHE T E
3.3.1 ARI(Adjusted Rand Index)
(e —EEA nPIRVES > X = {X1, X, X} Fy ground truth > Y =

11



{0, Yy, - Vo BTG ET S BERE L » Smy, B EIRE B X, FIY, A9BSR  a fib; %y

FIEAEX A, NHIRGEE - Al

n;; a: b;
%iiC, 7 -[Xic, ¢, 1/ch

ARI = : .
Usictie g ¢ 1-miclis; ¢ 1 /eh
2 1L=2 ] =2 1L=2 ] =2 2

(10)
3.3.2 NMI(Normalized Mutual Information)

& E— i ground truth X FI—{Ef PG HY - BE4E SR Y - Seat B fIay 734w (Bl
HEEE 2/ DEEBIHTYIRS) - BT R FIR RS (entropy » HX) = —X; P(x;) In P (x;) I

ji & i (oint entropy » H(X,Y) = — X, ¥, P(x, ) In P(x, ¥) > {55

MI(Mutual Information) = H(X) + H(Y) — H(X,Y) (11)
MI
NMI = s (12)

3.4 LBP(Local Binary Pattern)Ei HOG(Histogram of Gradient) /48

3.4.1 LBP 4148

KR53 > EERER 8 (EAbE « AIFULEERERNNMERIE 51 &

A& 0 > J il 8 bits §Y 7% - 21215 0~255 HYETJIE » Frisfl ez B

HIFRFERI & -

3.4.2 HOG 44#

HE—6 X 6V TS BT (FFRRESNERYRIE ) - 8 — RV T RS

GAREE - ZREBGHAETE - el A% ER R E -

12



BIUE FERGER
4.1 =EihR P
4.11 ERHZ
KPS S G AR e - 4808 3.1.3 SR SRR (G RIR R -
2. LBP (Local Binary Pattern) H#ziep51 » 4848 3.1.3 {2 Rt s2 (5 AR 3
3. HOG (Histogram of Gradient) #5551 > 448 3.1.3 $2 £V Mt 52 (G Rl 3
4.1.2 Ground Truth(E:%)

FrIErEE 2 45 Ground Truth - AEERAYEFIES 18 (i /A » DAk 15 {EE
NBREIHE (40 S AR EGET-58) » PRIEE 2 45 Ground Truth 435177 19 Bf (3
NBRHGERT 1Sy 2[5 —RE) B2 33 Bf (IF \HGH RIEI# & B Fy—Ff ) o Hp A AE
WENMSRIE AR IEE S BV - SR RIRA - MikErEBRESE bR T
DALLESE N R H A 8055 DA » FRFATRS 51155 R A 4E(38 BH) RV E iR
B o

I TR R LER s AT
® i 1 : {5 Histogram Equalization FymifpaiE J7=(
® i 2 1 i Histogram Equalization + Gaussian Band Pass Filtering %

B 55
® ARI1HINMI_L: (FFHE4AEMEQ9 Bf) - /£ 4.3 %77 Single Run {1y ARI

g1 NMI > 1F 4.2 81 4.4 F7R5% 10~72 BEASEH ARI B2 NMI

13



® ARI_2 B NMI_2 : {EHSE —4HEAE(33 £F) » 1F 4.3 327w Single Run 1Y ARl

#1NMI > {F 4.2 8 4.4 F5755 10~72 BEET ARI £ NMI
4.2 BEBR 4T BEA(Agglomerative Hierarchical Clustering)3#7

AT WA TR AT R R Y P R 5 R 71 > DURAPIRY LBP B2 HOG 5 {#eR51 -
W =rEPE @ BE% - 77 10~358 B » AT TEEREA AT -

{SEFHRTRER 1 Ay SR yIR B RGN 4.1 8152 4.1 © FhR3EE —FElE)E
TR HOG ERAIIFRER £ 47 » RIS 52T - LBP ERBIRE A= » PRI IRAFTRY
R ERRHIRIEEE 720N HOG R s iR —5Rs4 {4 - LBP &B%11] Complete
Link (YRIREAT - cPiE%1E1 HOG 51 Average Link Y AR ZREE1F -

Complete Link 1) NMI B3 524 » =& 5342 F Single Link FYZEF 72 o

14



(©)

(b) (d) (f)

e 4-1 + &8 FiER I 1 A Db Ryl =106 oy RV B BRas R théy - (@)4SRiEEE

1 HYIRPEER 7 i Average Link §y ARI Hi&R(RI4HEEAE) - (D)&SRipEIE 1 HYPKFE 5251)

i Average Link 1y NMI [ SR (RISHEEAEE) - ()« pipaRE 1 HYBRE 5 51/f5 Complete

Link 5 AR h4g (R4HFEE4E) » (d)ALRHTEZER 1 AYHKPE S 51 fi Complete Link /5 NMI

&R (R ZHEEE) - (e) & FiTE B 1 1Y SKFE 5211 i Single Link iy AR i 45 (R 2 ) -

(NZEHTZEE 1 7Y FKFE 51 Single Link (Y NMTHRER(RI4HFEAE) » 4L~ d
£ —AHACEREIE - BRI AT IREE AN E

F4-1 : &R 1 1Y RPE RS ~ LBP ~ HOG i =l B A Ay Ehnss =
ARI_2(AL) | ARI_2(CL) | ARI_2(SL) | NMI_2(AL) | NMI_2(CL) | NMI_2(SL)
PR 0.309 0.295 0.176 0.663 0.669 0.566
LBP 0.231 0.262 0.086 0.604 0.643 0.484
HOG 0.333 0.331 0.233 0.676 0.701 0.618

(EHIATRER 2 HUs R SR IN B BRGE IR AR 4.2 © Bhadt i A ambr I —4H 5

A

Complete Link AIIJE LBP 511 ARI ZEH 241

M B F T Gaussian Band Pass Filtering » JE# T = A E{EAEAYE0 57

LBP 1 HOG iyt Zpk 45T >

{##3 HOG 5112 =

15

PP ERFIE Average Link R4 - HOG S%I1[4E Single Link FEIH &4 »

IRFEERFIEY NMI R BT - 3

ET

T AR RIS - [FRE




1 HY%5 5 » LBP &2%1f Complete Link HYZE] 4T -

MRS ERFIEL HOG 251

Average Link ] ARI ZFH 547> Complete Link (17 NMI FFR 47 = #E52 F Single

Link By A7 -

BRLI =

Complete Link 53R o

HiEEE 1 £F Single Link FR#E »

B 2 1F Average Link Ei

F24-2 : KHIRHE 2 #YKPE RS~ LBP ~ HOG [ =fElEE s By Ehnss R
ARI_2(AL) | ARI 2(CL) | ARI_2(SL) | NMI_2(AL) | NMI_2(CL) | NMI_2(SL)
PR 0.390 0.330 0.168 0.701 0.709 0.569
LBP 0.209 0.337 0.061 0.578 0.674 0.438
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AR ARI 1 ARl 2 NMI_1 NMI_2 HEE
1/4 0.351 0.366 0.690 0.722 29
1/2 0.351 0.366 0.690 0.722 29
0.346 0.362 0.691 0.726 31
0.358 0.375 0.704 0.740 32
0.355 0.371 0.711 0.746 34
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% 45 GRFIEEH 1 09 KPSEE%1f Ensemble AL By & Es4E 5 LI K, B Single Run AL

2 LhER
HUBEEL] ARI_2 NMI_2
1/2 0.318 0.656
3/5 0.327 0.666
2/3 0.315 0.662
3/4 0.284 0.645
4/5 0.270 0.629
Single Run AL 0.309 0.663
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f9757% > i Single Link fil.Complete Link flzfigmei i FHAE & S SRR A4
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% 4-6 - KRB 1 HYIKPE ER IR Ensemble AP(Y—{E MRS )R B BRET R L

K81 Single Run AP(H— WA R 25 TE) Z EL#L

HUEREE B ARI_2(1]{H) ARI_2(#]{H 4 ) NMI_2(¥}{€) NMI_2(#){H 4 f&)
1/2 0.295 0.323 0.602 0.648
3/5 0.320 0.333 0.622 0.649
2/3 0.340 0.333 0.648 0.658
3/4 0.354 0.367 0.655 0.686
4/5 0.365 0.380 0.667 0.703
Single Run AP 0.356 0.370 0.670 0.700

A7 Epipa 1 HyIRPEERFI ffe Ensemble AP (A {DURE R et o (ir B (& i v 2
HIE) A E S A LA R Single Run AP(HE{DUREREPE SRz 88 i Ry 275 1) Z EL#R

HugkttBl | ARL2(FR{H) | ARI_2(1/2) | NMIZ2(JR{E) | NMI_2(1/2)
1/2 0.352 0.320 0.726 0.647
3/5 0.305 0.327 0.699 0.647
213 0.314 0.349 0.722 0.674
3/4 0.330 0.365 0.745 0.695
4/5 0.331 0.374 0.747 0.702
Single Run AP 0.318 0.380 0.750 0.719
T AREL A [E U EE Bl 225 TS (6T Ensemble AP U523 » BBRSER 1%
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72 4-8: &SHIR I LAY PPE SR 51 DR [E] 2% FE i Ensemble AP (19 & 545 5 > median(s)
FoNBUUSAERE 8 > “WME" BRI 2 EEYME

Hkg BRI 3/5 3/4 4/5

ARI_2(median(s)) 0.271 0.242 0.236
ARI_2(median(s)/2) 0.343 0.337 0.336
ARI_2(¥]{H) 0.350 0.339 0.339
ARI_2(F)1H 4 £%) 0.335 0.340 0.338
NMI_2(median(s)) 0.655 0.660 0.658
NMI_2(median(s)/2) 0.683 0.696 0.692
NMI_2(¢){H) 0.680 0.678 0.682
NMI_2(¥)1H 4 £2) 0.676 0.691 0.692

B 1% AR LI iEE FH 75 f <% EE Y Ensemble AP £ Ensemble AL fYFR3R > Elass

R 4:9 - TER S TBE S — (H SRR RS AL Ry — 77 2 iR 2 LY

Ensemble AP > S B£&EAAL (R Ensemble AL > [NEEFTRE Ak MIHURS S TEHY

7534 5 B8] LIEE Ensemble AP fyFEEH %S Ensemble AL - ARI 34y - BEFHTS—%

2 R HUEREL i = B T 525 NMILETER Sy > BERRAE (DL AR e r i ey — 57

Z— i R 2B S AR EEP Rl A 2% -

2 4-9 © KRR 1 By S5 DAR [E] 27 FE i Ensemble AP B9 & B 5 DA R Bl
Ensemble AL 7 bE#% > median(s)ZZAH LIS (18 > “FHE" FIT—2FEY)
B > AL 711527 Ensemble AL ~ & 545 R

H g BRI 1/2 3/5 2/3 3/4 4/5
ARI_2(median(s)) 0.315 0.271 0.246 0.242 0.236
ARI_2(median(s)/2) | 0.323 0.343 0.338 0.337 0.336
ARI_2(g)1H) 0.348 0.350 0.349 0.339 0.339
ARI_2(¥IMH 4 %) 0.336 0.335 0.337 0.340 0.338
ARI_2(AL) 0.318 0.327 0.315 0.284 0.270
NMI_2(median(s)) 0.682 0.655 0.651 0.660 0.658
NMI_2(median(s)/2) | 0.675 0.683 0.691 0.696 0.692
NMI_2(¥]{H) 0.678 0.680 0.687 0.678 0.682
NMI_2(¥J1{E 4 £%) 0.680 0.676 0.684 0.691 0.692
NMI_2(AL) 0.656 0.666 0.662 0.645 0.629
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