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Abstract

Various time series representation methods have been proposed for efficient time series clustering and classifi-
cation. Lin et al. (DMKD, 15, 107-144, 2007) proposed a symbolic aggregate approximation (SAX) method
based on symbolic representations after approximating the original time series using piecewise local mean.
The performance of SAX therefore depends heavily on how well the piecewise local averages approximate
original time series features. SAX equally divides the entire series into an arbitrary number of segments;
however, it is not sufficient to capture key features from complex, large-scale time series data. Therefore,
this paper considers data-adaptive local constant approximation of the time series using the unbalanced
Haar wavelet transformation. The proposed method is shown to outperforms SAX in many real-world data
applications.
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1. M2

E A7E AAE ARY EF9 TS teiA a3 28 WS A3y H2 Vs € AR

Fx] AL AAE AEE v XY (high dimensionality) ¥ ¥ % (high frequency)? S53&

Ad A5 2 WESITE oY FHS A5 FRFY FUlol FAAQ FFE vHA T o]H HHE T

&3t A5ty 8] dast AR Tlet FeAez SUFeAh wEbd A Ald] B¢ AlAE B
Z ulo o‘j

FoF T3] BHE EEH0E A A5 a9k S A9 F4 PRl tEiA B2
T7F AP U gzl A2 o)Ak F2]o M3k (discrete Fourier transform; DFT) (Faloutsos
S, 1994), ©]%t ge]E8 W3 (discrete wavelet transform; DWT) (Chan¥} Fu, 1999), piecewise
aggregate approximation (PAA) (Keogh 5, 2001) 52 Ztol B 4= glom AuZQ AIAE RS}
tisl 4= Aghabozorgi 5 (2015)& #z3}7] vlghch
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PAA, w =5

PAA, w =10

Unbalanced Haar wavelet Transform

Figure 1.1. Example of and unbalanced Haar wavelet transform for a time series. PAA = piecewise aggregate
approximation.

°] % Keogh 5 (2001)°] A|¢Fe PAAL AAGE 5UT 279 AIHE(EF)E e 5 2429 A
JHUEE FFFo2ZH AAYE HolEY AEE SAT s PHOE 4 FFE o83 A
AR A7ZE S 4 QT °] WS 7IREC. 2 Lin 5 (2007)2 PAAE ©]&3to] AAL =
43 & o)Al /}J%E‘ g2 WE3= symbolic aggregate approximation (SAX) WFH-S A kAT
SAX ¥ile AUS aaor 29 Bt ozl SAX o g HHH XA DL a4 (hashing) 3 A
P Eg (suffix tree) 5 o]4F dle]H | s AL+ HAE A2 (text processing) 2} AEH K sto
ZRE doj 722 9 ¢SS E8F 5 & FH o]

A g SAXE 2 7HA AARE JHATE SAXY] Ao AIIWES 5 w(Fe B lg)d] &
AT, we] Fh2 ARERbl o3 Ao F oz AA Y tlo|Ef ol 2JE(data adaptive) 3] ¢k7] wfEol
we] ZA7] wet Aol FA3 gt 5 itk tiREEe AdE o83 T 4 o] 7R gl
= HOJ-EAE] o]& H¥kA (bias-variance trade-off) & SAXOAM T HAT 4= Qo). =, A A|A L
i3t JH O] S Hastelr] fsiE we 2 A siof sHAI T, ol& A 49 a3E At
A& £°] Figure 1.1-2 w¢ Ztoll 2 PAAS] o & Btk we 3ol 54 3%, PAA% w2k A
JHES] Jodo &3 AALY HES SntEA B3R Zotd wel S F wiel, 1002 243}
P uf Boh AAGY HEs SvtEA 29k JSS 3 4 ok SR ]’»4 4 2 24
o) 27} BANAE FEA 0B 52 4 glo] HH9 wE FE AL SAX WAL ABE o o] 1)
% Fasith

H 7= Fryzlewicz (2007)) &3] #|o+d o]xt &3 Haar —rJ] o]E-8 W3} (discrete unbalanced
Haar wavelet transformation; DUHT)& o]&3lo] =4 HgF =2 HslE 7o o]&2 (data de-
pendent) &2 AMFete] AJADE ZAFS= WOl disiA Attt o & E91, Figure 1.19] e
PAAS] oo} FUT AAI G| 3] E7 3 Haar Hlo] 83 W3S A28t 292 AALEL2 6719 5L
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Table 2.1. Notation for SAX

X A time series. X:{Xl,...,Xn}.

X A PAA for a time series. X :{X1,...,Xw}.

X A symbol representaion of a time series. X = {Xl, . o }
w The number of PAA segments.

a The number of symbols(or alphbet size).

SAX = symbolic aggregate approximation; PAA = piecewise aggregate approximation.

oS4 B FEE TS AAILE ZAEY 2AME AAEE A ALY de 2ntEA 2ds
€ Ae F9E 5 ok ol¢ Aol DUHTS] 3¢ Z AlaEe] 2717k th27] wfgoll 3423 2
%91 S4% 7Fssith. meba, o= PAA Al E¢F Haar flo]E3 HES o] &dto] Ads H4

dozH SAX-J RS HET 5 JSS Hogrh Hu FAHCE & =2oXE 7]E SAXA
PAA ™4l &7 % Haar flo] &3 M-S o]&3to] AALS] S Fadte AAE 23 WHe Al
ok AR 2 7)E SAX S 2] ReRA AIWUES] £S5 275K o AALSY w4 B
"591 Wslo] whel AALY Ade FAERE 7)E WHET 9 AA L] tii R EAS o

F9h 2R A5 FINL 5 Uk

E =79 AL oS3 2ok Al 230 AE SAXS E7 Y Haar flo]E3 W3l ojsl] &7)stct. A
3FNAME B3 Haar flo]83 BEE o83l AHE F4se £4H SAX S Alteta, Al
4730 = H2F o] EF(1-Nearest Neighbor classification; 1- NN)E]- A=A %3} (hierarchical
clustering) & B3 712 W3} B =RolA AE WAL Hasy 1 AsS AEdtt uHgom
Al 5= B2 =FollA Akst B AAT} =@ ths) o]ofr| st viF-gsith

B GoAs B =20 a4 9l SAX @ DUHT| thsiA] 7+eks] 2708ta 4] %38 (notation) S
g2l gich
2.1. SAX

Lin 5 (2007)°] 9Js] A|¢+E SAX-2 PAA (Keogh 5, 2001)E Eaf XYL £43 & o4 A
2z wges AAd 53 Wolth. Table 218 SAXS AdWslsd] AREHE T7WHS 8
3 Zolth. ¢4 AZ 2 WY (o ffsets)&} A% (amplitudes) & 7F AJAL-S wlastr] S
3}(normalization) F & PAAZ W33t PAA9] 23] 4ol no] AIAIE X = {X1,..., Xn}Ew
Lo 2719 AIUER WWrojA a1 Zzke] NIHES] B2, wAbde] WH X = {X,,...,X,}
M &, X9 iR 24 oo Ao 93 AtEct

Fa B7oz 548 A9 ARt theel A4S B9 QEdAan WREt. WA 47 LES
Folo2 o], 42 9o Lt TR (breakpoints) i, fu 1S 2

rlr
o
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Table 2.2. A lookup table that contains the breakpoints that divide a Gaussian distribution in an alphabet size
(a) of equiprobable regions

Alphabet size (a)

A 3 4 5 6
B1 —0.43 —0.67 —0.84 —0.97
Bo 0.43 0.00 —0.25 —0.43
B3 0.67 0.25 0.00
Ba 0.84 0.43
Bs 0.97
o / 2
- / c
o b
T T
0 20 40 60 80 100

Figure 2.1. Example of symbolic aggregate approximation for a time series.

mlo

BESe GOz FYHY By = —o0, fa = 00|t} SlE E0], Table 2.2+ 489 7l (a)ol W
FEAY FE HolErh

a7l 7ol A ABES oy, 5 = 1,...,a8F B 3HH PAAR WEE AALL X, 7} &8 727k
ARz AFHET}. Bk g < X; < gjolghd

Xi = Oy (2'2)
Aol o g XAt Figure 2.1 SAX Y o, Zo] 962 AALE NIWE 4 w =28, il =27
a =327 SAXo| o) Mastid 87)9) ER(string) S 2+ o4k AR {c,a,a,a,b,b,c,b}E WIF

SAX W% £ AAD Q9 Ct the3} o] Aejd 725w MINDIST oj3) 72 & Axtsln
°olE 7INte® A AyA.

MINDIST (Q,O) - \/g 3 (dist (Qc))2 (2.3)

4714 dist e Thge] Aol oja) AejHy,

dist(as, ay) = (2.4)
Bmax(i,5)—1 — Bmin(, 5)> otherwise.
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Table 2.3. A lookup table for the MINDIST function when a = 4

711

o a2 as [e %]
ai 0 0 0.67 1.34
asz 0 0 0 0.67
as 0.67 0 0 0
oy 1.34 0.67 0 0

MINDIST®] A4+ Table 2.33} o] dist $49] o] et o8-8 w5o] 3 Fozm wzs) A
'o‘l— Ea o]p]_

2.2. 7% Haar 0|28 Yigt

AE A9l Haar Jlo]E3 W3 Hlo]HE o]& £3i(dyadic decomposition)3d}7] W&o Zo]7} 22] 7
SAFQ AA LD tisiA e FolHE ks tdo] 9tk Fryzlewicz (2007)°] A3t 273 Haar 0]
22 4B 2T Haar WE] ¢y 0 0 710 o) 2FY Haar WE)S] A4 g ()E AAL 4
2o AR s, A3 b, FF eoll A thEa4 o] BojHrt.

1 1 51 I 1 51
b—s+1 e—s+1 {ssisb} e—b e—s+1 {b+1<i<e}-

BFY Haar WElE Yy o)) = 0, X, ($a b, o (1)? = 19 37 A3
X ={Xy,...,

s, b, e(l) = ( (2.5)

Z1A et FARoZ AALE
Xn}, n > 20l thet] £ Haar HE| S Aok W2 th334 2t

(S1) s01 =1, e0q =no2 A WA A2 2¥S vk 229 A 94 91

rlo

bo,1 = argznax }<X, wso,1,b,eo,1>’ , be{l,...;,n—1}

o2 Aojdrt. 2W 27 Y Haar WElE ¢!
(S2) j >0, ke{l,...,27}ol thated 7 F 7} o) R

= ¢50,11b0,1180,1i gejHrt.
< o ok 22 A4S wEnh

(a) bjk — ik > 1OV, sj41,26—1 = Sjk, €j+1,2k—1 = b 2 ST}
(b) ej —bjg > 2012H9, sjp1,2k = bk + 1, 541,26 = €1 2 F 2| T
1 =2k—1%EE]=2k9 o]t AL} SdHLS

bjv11 = argrbnax |<X7 ¢Sj+1,z’b»ﬁj+1,z>‘

2 Aojdn. 28d B9 Haar WEE /T = Vs b e = B E T
(S3) © o] WEZF B4 A ¢S wi7bA] (S2)9] HF-& WHESiTh
(84) F7HAo R 11 A4z () =0V laccny & 7R WEE Fo3ih

FEAALD X = {X1,..., X, } ol th3te] B8 Haar A%, djps X2 28 Haar W, F o] U]
Aog

= Qo).
dip = (X

LT, (2.6)
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aE AALE X&

Xo=Yd? (i), i=1,....n (2.7)
Ik
2 ®2AEch B X e =160 — s + 1) 3020 X2 3, o] 8% Haar W8-S 53l
k€3, ’ ’ gk

1=s

sjkejk_ZZd/k/ K@), =Sk ek (2.8)
J'<i K
= tehd 4 gtk metdl 4 (25)9 4 (28)9) BRI, B#Y Haar WL Tha 2719, jol A
Z W7 579 Wstol ulek AALLS Balshe Sgolet & 4 Arh (Backs} Pipiras, 2009).

E0W Haar A9 A2 g2 w4 Fwo 22 W3}, & xo|=2 48 5 Qivh. wabA AAL
o] 4 B £F9 HIE F AWIEF AAEES 2R HEiA kol2E sidE - e EXY
Haar Al529] 22 &S AAMF grh. o598 A3 2ol st= dAA 2] (hard threshoding) & ©]-§
sto] 22 B4t3 Haar A5TE A AT}

o

i = djI(|dji| > N). (2.9)
o714 A X, A= DA YA X (universal threshold) ¢l
A=0v/2logn (2.10)
olth. xo]=7} A AALDL A (2.7)0NA djp S djp 2 WATFOZH TR} o] 2AMEHTE

Xi=) distn@), i=1,...,n (2.11)
7,k
F74on, 899 Haar W8] A4 BFEE Fol7] 98] thdel A4 2718tk B no) s}
o], j >0, koll &#3to] dEHCR
mase J Dk Z St e = by } <»p (2.12)
ejk—Sjk+1 er—s+1

A HES s DR 45 p € [1/2,1)0] 2AATHL AR o] £7o] WEHW B#Y Haar W
A

£ A ol ABSIATE U, BT o Aol 2L B34 ABE o
ke 549 SAX whol oA 274t

3.1. MK

Table 3.1-& A3 ¥hg e Awelen] 85 s /M 2ok Aolth. $4 A5 AAL X =
(X1, X }7F 20152 ), 0)7 AADE 279 Haar 90122 WAL o]gake] Thez} 2o] W
aaiy.

Xi =) djrhjr(i), i=1,...,n.

gk
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Table 3.1. Notation for the proposed method

X A time series. X = {X1,...,Xn}.

X A unbalanced Haar wavelet transformation for a time series. X = {Xl, R )E'n}

X A dimensionality reduction of a unbalanced Haar wavelet transformation X.
X = {Xi,..., X}

X A symbol representation of a time series. X = {Xl, R Xw}

Xd A duplicated symbol representation to measure the distance between two time series.
X4 = (X, X}

S A segment defined in the interval of (n;_1,n;].

w The number of segments before duplication.

w? The number of segments after duplication.

a The number of symbols(or alphabet size).

No ny N2 Nw
Figure 3.1. Example of unbalanced Haar wavelet transformatlon for a time series.

A7 dipe A (2.9)9 4 (2.10)0& S8 YAAHD Ao=, om] 4] (2.10)°
Donoho$} Johnstone (1994) 9l & &f| A o+ ¥ Q1 ¢ 3 Haar A5, d; 1 593
absolute deviation; MAD)Z A3ttt £33 Haar o] &3 HIE 53 W3lte A
ure 3.19] A H FLI w4 B 7= wle] AIWMER rojRitt. mebi T35 AlaE
o &= A AIE ERIE, X;2 BT FYU3 A5 e 7HAEE, 4 AIIHE T st 3wk AR
ol n AP NALS w APz Fadrh AL, 73 (nj-1, ny]olA Aol=e AaWUES S,

Swel 3 (oS} nee 247 03 n o & Aoitt), S0l £oh= o8 ZRJAEELS thai &

w 1o
EH
M
rL
)
)
rlr

Xi=a;, j=1,...,w. (3.2)
Sa" AAGS 718 SAXSE T UHer 4 (21)% 4 (22)F ol&ste] oliisidr.
FHoR n A9 AAL, X = {X1,..., Xn}E AGS Byl ] w D] o4t A&, X =
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3.2. Hele| At

A ket whulo] o)) W AAL, Q=1{Q1,...,Qu,}9+ C ={C1,...,C0 .} It N2 T}2
A9 o], qu} weE + Anw E AALe) AE AL A F ALl A Ede 7
A3} do), wlE A EE wSojofait). o 7t AIHEE TERAFE T AA D] TRA] e
FATE {no = 0,n1,...,n0 = n}S Aoz 12 5 ek AL AA 77 (0,n]S F

go] 7EAY FRFORHE B 2L S, 5 = 1,...,wle Ak =, AIWE S 7
(nj—1, nj]ollA Aeldct. 2w th2o] Aojd 4

Ql=Qi iff Qies;, j=1,...,0" (33)

o SI30 H42E A (duplicate) o2 Qe Q' ={Q,....,Qu.} = Zelt 249t % A
Coll M E SA5 83t T AALL 35 TRAL 4] FUT 2718 AAe
Aol B}, Qolk 24T F AALE AE SAXS AP 5 4 (2.3)914 715 52
The] Aol ofs) A 4 v

[UIO U>’

wd

DISTANCE (Q é) - \j 3 (ni—nic1) (dist ( % C*gl))2 (3.4)

1=

dist e 712 SAXT FY3 $£4] (24)0|th o E Eol, A AAL Zol7} 25%1
{a,b,¢,d}2 784 {5,10,20}-2 F3A C = {a,b,c,b e} FEA {5,10,15,20}
Aok 7Hgeak 2% Q9 Cx 24 v FERS /1 s get ARE 4@
th ol2 487 YA TEH @@@«a {5,10,
th. = Qoll WaiAE 103} 20 Abojol| 158h= P2 2o
Q% = {a,b,c,c,d} 7} Atk o]= C7} 7}7<] Je FERIAE AL AR F
(3.4)0l o3 Aels 7 4 At

=-£§

q

(2 > o &
> ro o2 @

{0

15,20}l oA ol4t AE-E thA] Z
o] ¢ glemz AEE EA }0# e
)]

St dol7} Hof

uz

MG
i

i P.S|

L=l |

T}

B~
0

|

7t

0

4.1. 2|28 0|12 227

UCR archivesZ5-E] 287]2] d|o]E]Al (http'//www cs.ucr.edu/~eamonn/time_series_data/) & ©]-&
stod Albek W} 7129 SAX W, A AALl &l F-F2tI<t Al (Euclidean distance)& 2§
@ ol o) A2 o% BRE ?3%‘}0%} SAXSE f22tie A2le] A3He Lin 5 (2007)0
o AE ARESth 71 e vl E Aste] A = Lin 5 (2007) 001412k 5°‘6}7‘ﬂ as
1022 AA33Ict Table 4.12 H 2 o] 79 235 Bt of7]ol4] SAX wi SAXe| 9
3 WskE A AL A AIUE +5 eI, mean w9t mean wle 27 A Qe Wyl o8 W
2 A AL B MIVE o A ALkE S8 Zol7t 23" AlAE E?‘;J B AIWE +&
Uehdt}t. EU error®} SAX error, Proposed method error:= Z+z} 22| t]er Aglo 3l L EF&
I SAXe| tigt @ EFE, AHst ol gt L RFES vErdth Z oAl thet o ApA e A
HE 9ojlA] 53 UCR archives AFo]Eoj| A &9l 753}t

Figure 41 Table 4.19) A58 2oF) BoiEch 1909 ole)% 412 Qolo] 2210 HEL A
gt Aol vaE & AR e BREo] o Wrhe 2 Kglt) Figure 4.2+& AlQkgh H*%-‘Jr SAX =
WY 4EFES v e 2Holth. Figure 419} np7A R ol & A3 Jool 22X HEL A<kt
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Table 4.1. Comparision of 1-NN classification error rate on 28 datasets

Time SAX Mean Mean EU SAX Proposed

Dataname series w w w? error error method
length error
Synthetic Control 60 16 4 6 0.120 0.020 0.120
Gun Point 150 64 47 74 0.087 0.180 0.153
CBF 128 32 5 9 0.148 0.104 0.126
FaceAll 131 64 20 35 0.286 0.330 0.395
OSULeaf 427 128 63 116 0.483 0.467 0.483
SwedishLeaf 128 32 21 37 0.211 0.483 0.362
50Words 270 128 53 94 0.369 0.341 0.343
Trace 275 128 26 47 0.240 0.460 0.510
MiddlePhalanx OutlineAgeGroup 80 32 15 23 0.481 0.568 0.285
ProximalPhalanx OutlineAgeGroup 80 32 13 20 0.215 0.263 0.200
ProximalPhalanx TW 80 16 13 20 0.293 0.320 0.270
Two Patterns 128 32 22 39 0.093 0.081 0.150
MALLAT 1024 512 172 291 0.086 0.197 0.159

Wafer 152 64 51 81 0.0045 0.0034 0.0031
DiatomSize Reduction 345 64 61 108 0.065 0.212 0.128
FaceFour 350 128 120 196 0.216 0.170 0.170
Lighting2 637 256 96 168 0.246 0.213 0.246
Lighting7 319 128 51 88 0.425 0.397 0.411
ECG200 96 32 17 29 0.120 0.120 0.120
ECGFiveDays 136 64 35 51 0.203 0.161 0.156
Adiac 176 64 30 51 0.389 0.890 0.731
Yoga 426 128 68 124 0.170 0.195 0.194
Fish 463 128 69 126 0.217 0.474 0.371
Plane 144 64 21 37 0.038 0.038 0.057
Car 577 256 93 169 0.267 0.333 0.317
Beef 470 128 89 140 0.467 0.567 0.367
Coffee 286 128 49 73 0.250 0.464 0.107
OliveOil 570 256 130 149 0.133 0.833 0.600

1-NN = 1-Nearest Neighbor classification; SAX = symbolic aggregate approximation.

WPl SAXHT 4E80) $TH: A2, 3 AU9 F4EM B2 U GEEL WastE 2
AAGE A5gEo R 2 Agviek 3201 (bit)o] v e] B B She W, Ak P} SAX
of oI5 ol4t AR WMEY AALS] HAAE 74 A2 T [log,a =T BRE Bk Wb 45

=2 o
=

*JLOM A OW LI ol 7|& SAXE

)
to
M
el
o
o

EFES HolAR T Aol7} vule AL AT
4] B ATUES] ol Ol YFEE BE dlolAolA A& e A ol 9EEel %
th A AL As) AL Bolt 23T Fo B ATHES] ol P FFES 8719 vlolE]
AL AS|3HR AL o] 71E PUHT UGB £ AS BAL 4 ek F2eAT Aels) ]
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SAX vs. Proposed Method Euclidean Distance vs. Proposed Method

1.00— 1.00—

0.754 o 0.75 °

Error Rate of Proposed Method
Error Rate of Proposed Method

050+ % 0.50+ ® .
@ @
* L e ° r, o
s e ° °
S » 0.25 .
e @ [y ]
°, & '. 4 ¢
® - L ®
° @
000 ® 000 ®
T T T T T T T T T T
0.00 0.25 0.50 0.75 1.00 0.00 025 050 0.75 1.00
Error Rate of SAX Error Rate of Euclidean distance

Figure 4.1. Comparision of 1-NN classification error rate on 28 datasets. 1-NN = 1-Nearest Neighbor classifica-
tion.

Before Adjustment of length, After Adjustment of length,
Mean Number of Segments Mean Number of Segments
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Figure 4.2. Comparision of compression ratio on 28 datasets.

D3RS wf, Atet o] tha =2 S REES Ho|Xuk fF Tt W2 A5 g A ¢l
om Abst o] A= A8 A7), a8 1022 1T AAE, a9 FE 2ATFOEZN LEFES
<& AR W2 AIARY] A Sacta okt dEE MEjeR

33 A5S FH7Eek7] Y3 gple] AR E 7R3 J= UCR archives2HE]2] Control Chart A}
gol A AEA FF3H(hierarchical clustering)2 433t t}. Figure 4.3-2 Control Chart A&
2RE 2350 &3, ASFAY Al 7R AFl disiA ASA 2R3E s 29E RoaEY §F

33 &3 AFE SukEA 23] ok A 8 4 ok vk, Aleks
ut2 A FR3}sl) o] PAAE |83 A 471 3 J)r;(q o249 /‘]74101«] =

7] W22 2 Figure 4.4%} Figure 4.55 v|wd oz Hrl Has AsE 4 Q)
7% Haar 0] E£8] 932 2159 e € SA4 wet Asld & 7)o =2 A5
SHlE2A B9 AL EAT 5 Tt

o
¥
:N_g
O, o rln M ow
r:l: | o
rTomr Mooz % My
_?1_',mlo><
tlo rlo

>
(ol
)
jl
lo
5

flo
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Proposed Method SAX Euclidean distance

—

_ I
WV W g AN
VA Wi
W%
MWW
W
M}
A

Figure 4.3. Hierarchical clustering of the control chart dataset. SAX = symbolic aggregate approximation.

Normal class Cyclic class
v 4 )
Ll -
o ] o ]
c 7] o ]
0 7 0]
e o
| T T T T T T T ! T T T T T T T
0 10 20 30 40 50 60 0 10 20 30 40 50 60

Figure 4.4. Normal and cyclic class converted by the piecewise aggregate approximation.
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o
=
o
n
S
w
S
=~
S
o
S
o
S
o

2 =AM SAXY FAEES Hastr| el = d Haar Hlo] &3 ¥ l st e Fashe
TA4E SAX e AGstt. 27 Haar dlo]E3 WS X}Efl doll wet Wakge 37l
A

MY 4 W Hrh ZAE3E w4 P 2AgEES AFEty. E7 3 Haar Tﬂ Ol‘j W22 PAARTE =
2 QAT AR Y E AIHEY S (w ) A= SAXS] RS AE Al A

S =
252 EAL W3] AR o2 7)o MadERZ Ymoz2 A 583 dd JHE BHES A a391F
02 AhE F4%TE ol T BEFS A Hs TS 7PHge UCR archivesS 2 FE{9] 2}
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