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Composite particle swarm optimization with nonlinear effect in

dynamic environment
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Abstract: This paper presents a new particle swarm optimization model, called composite particle swarm optimization
with nonlinear effect (CPSO-NE), to deal with dynamic optimization problems. CPSO-NE partitions the swarm into a
set of composite particles based on their similarity using a “worst-first” principle. Inspired by the notion of the composite
particle phenomenon in physics, the elementary members in each composite particle interact via a velocity-anisotropic
reflection scheme to integrate valuable information for effectively and rapidly finding the promising optima in the search
space. Each composite particle maintains the diversity by a scattering operator. In addition, an integral movement strategy is
introduced to promote the swarm diversity. Experiments on a typical dynamic test benchmark problem provide a guideline
for setting the involved parameters and show that CPSO-NE is efficient in comparison with several state-of-the-art PSO
algorithms for dynamic optimization problems.

Key words: particle swarm optimization (PSO); composite particle; velocity-anisotropic reflection; self-adaptive step-
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HERFRACHA(C, Ne)
Begin
Ly gz := swarm_size
Ly = GG TR R 1178
Fori:=1 to N¢
C, =9
Fori :=1to N¢
T worst:= LM ZEHE 1
Ci := C; U{Z worst }
Ly size = Ligize — 1
Ly = L1 — {Zi worst }
A=A € Lt (Fj # Tiworst)
For j :=1to Ly 4, do
WHLE 5T worst [MRK R B

End for
Fork:=1to2
T = 7E Ly 38 15T, o B 5 J5230E
AR
C;:=C;u{x}
L ize := Ligize — 1
Ly:=1L; - {fi,worst}
End for
End for
End .
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Fig. 1 Construction of a new composite particle through the

velocity-anisotropic reflection (VAG) scheme.
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swarm_size — 1

No = [P

I RE TR SR T R

N; = swarm_size — 3 X [—Swarm,gslze -1 ].
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VAG [ 5 43 5 [ S [ AR T 404 AN [ 4 2 e A
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1 E(P
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Rstep,adp — Rstep (1 - Dentropy (CS)) ) (9)

HACSE P HE. R, S 0d B WU 20 KnT DA
TG TG A IR B O S O A U R, DL R R
His R 21 A
b) JoIRKRL T IR FE: Je R Tt AR T i
HAMER BRAME, X8, e B AR k£
S B R AR N S IR, 2 AN B )47 3
=
3.2.3 ILPRiz F(Resonance motion)
LGPPSO, REANKL T4 “INFH ARG
“ORFF N s 17 Fraks)), iIXAE, R A — Lk
T ) DX AT e A 2N, 3 ORI 22 R A K
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SR IS R0 P A 3 45 52 5 kL1 53 A il B R
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3.2.4 KA1 M [ 2% 4¥, (Detection and response to
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Begin
t:=0
HRTEEA R
For 7 := 1 to swarm_size do
For j :=1to D do
v :=rand[Vinin, Vinax)s

Tij 2:rand[Xmin7 Xmax]

End for
PO £ ()
pi = T3 f(;) = [(Z))
End for
Dy := argmax{f(p;)|i =1,--- ,swarm_size}
pi
f(ﬁg) = Hla.X(f(ﬁ;)), fRecord = f(ﬁg)
Repeat
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If f(ﬁg) 7é fRecord then
For ¢ := 1 to swarm_size do

T ()
End for
End if
IR 238 AR T(C, Ne)
For k := 1 to N¢ do

/IVARMLH

Zl = T — Raep¥ X (Zhworst — T37)
P £ (2F)

If f(Zf) > f(Zhworst) then Ty := T}
End if

TEC), ke $ 85 22 UKL, 024 S Bk
FTp pioncer
End for
1158 5P,
For ¢ := 1 to swarm_size do
If f(Z;)>f(p;) then pi:= T, f () :==f ()

End if
End for
Spr = {Zx_pioneer|k = 1,2, -+, Nc}U
{Z indep/n = 1,2, - - -, swarm_size—
3Nc}

For 7 := 1 to swarm_size — 2N¢ do
Bi(t41) = wBi(8) 4 Ex (7 () =i (1)) +
eaif % (7 () — %, (1))
Ti(t+1):=7(t) +vi(t + 1)
End for
For & —ANCH )l SR do
LS IORE 1 BRI RS B i 2
¥ 53 AN PIAS B GURLF8 B)AH ) B
End for
EHr St Hp,
End repeat

End
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3.2.5 KP4 Hr(Complexity analysis)
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s AKXIAT I H
LF]
T(N)= S (N —3i +2). (10)

i=1

Wl U, 1 FR 1) d 22 (P IS ) B2 4 /2 O (N'2).

76 0] DL 3R (1 55090+, DASA S5 CPSOM & %
HO(N?), MEP5CESOM. M) 5 2% 11 HO(N),
AT T () S 56 0 AT AT A& S I T R R R 8 T
CPSO-NEfPEfig. DAk, AH bb T S0 5035« 1E A0
R AR AL S, CPSO-NE B4 #E VF 57 %8 U, (H it 1
5 1) 50 25 38 N MR T, 0 e v ORE 7 TR) RRCEG B E
(1) 7 1R S G R I e M E K. CESO%.
VUMK A 2 M M O(N), W THT 1) SE 56 43 4 H nl A
HIEZ VL 1 BE S 2 99 T CPSO-NEM T fE. Al it
SV FE T SRR, AR i 1) S A N T
TH OR8] R EG R 28 1) 7 VA s Ak IR 5 02
HOMEI.
4  SZEOHESY(Experimental study)
4.1 BN EE(Dynamic test enviroments)

15 R B A AR ENR ) 8, B Branke ™48 H (14 3)
I ) /5 (moving peaks benchmark, MPB) 4% 32 51
F. 7EMPBHY, W [¥) T3S A B B RN 58 B 47 0.
DAL e T A Bl — R AR A AR B SR U 3h 25 )
JOLEAT RV A . 6T 22 4E TS S 16 1) ] L
ik -

F(@ t)= max, 5
W) X (a5 (1) = X ()

Hi(t)

, (1D

o H, (6) FIW, (¢) 53 ) 2 Ve ARLafE LI 1) 1) vy AN
B JE, X () R At 2 P B IR 5 AN &= A
A SO, VAR AR B AE (30, 70]) 2 1) BE AL AR £k, 1A
(1) 58 BEAE[1, 12 2 A BE AL AR 1h. A5 AN W AR DAAR fb 55
.S By .

4.2 S5 v (Experimental design)

ARSI I 32 S KA B A PR BE H AhT
DAL PR RE. SR 1ALSE8 AT T B S ORI 5 1
XFCPSO-NE#)) 25 1 BE 19 5% M. 55241 52 56 X CPSO-
NE5 SCHR [91H 18 52 &5 ki 1 BE 5 7:PSO-CP, 3k 47 Eb
5, i EH LLERKLL = 0.01 X (Xpax — Xomin))
Wy IE AR, W B IE N D KO . A,
XJCPSO-NEFH IL fihafh b AL 1% % H 1L AT 2h 25 P
RELLBC. 4P EEMIR W R 21N JEDASARL AL, 4
S 0 380 AR A B, AR AN R] ()45 5 28 BB SRS, 1% 5
TR UE S22 ) N B 25 BRI — R o a2
D AR S S T R IR S T R IR Ik T R AL
VRN EOBAIE B & — Bl 2L 3K AEDOPs [ PSOAR
RI(CPSO). #3402 5 g A Wl iz itk
LRI SVE(MEP) B SE 447 5 7 STk [16] 7 4



1258 oA O R 5 N M 29 45
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X REFIPSOMIAR Y, B2 S Kl Fep = ¢ = 2.05,
PR FEw = 0.729844 191 ki1~ (414G A7 B AE T
[Ximin, Xmax] = [0, 100] 4 BE LA 24, b B R A%
W E 4100, % FCPSO-NE, X T #14h Wb 5 K
Rgiep = 6(R(9)). X2 5 LB PSORE R, SR A AH W
SCHRHP AR SRR B SRRSO IE AT 301K, 18
1T IREE AR AL SCVF A 10. 24 T I8 2 VP A 55925 bR B I
RAE g 7 1 H OB, K Branke 7 HY B 4k 40 25 4
N B TR TR bR, R B B BN, W3 MK
0. OS5 BAAMEAS B HEAT B 2R 22 G ik bb g, “+7

“7ER ‘T AR IR IRCPSO-NEAL T« 2 F 8 A

4.3 FNAIHE T K S 5 B (Parameter analysis

for CPSO-NE in dynamic enviroments)

4.3.1  FhEEHR ) 2 N (Effect of the swarm size)

AL SIS H A2 DR RS 6 CPSO-NE3))
A PERERT RZ M. X AU A SORT100M) R BEAT T 52
5. ShSMIESHRE N : 450D € {2,5,10}, WE&(E
MIN € {1,10,100}, b5 EES € {1.0,2.0,5.0},
ARG E = 5000(HERHS5000 38 WA PE A PR AR
H1IR).

SEEG S5 R AR .

A 1 REAFBIALE CPSO-NE£ ) 3 A 4FAE 49 3) 45 9 AL(E = 5000) F 69 B Kk £ 547 f £
Table 1 Offline error and standard error of CPSO-NE with different swarm_size on DOPs with £ = 5000
and different environmental dynamics and complexities

S=1.0 S=20 S=5.0

D,N
Size=50 Size=100 Size=50 Size =100 Size=50 Size = 100
2,1 0.21+0.01 0.314+0.02 0.34+0.02 0.53+0.03 1.01+0.04 1.24+0.03
2,10 0.62+0.03 0.67+0.03 0.92+0.03  0.72+0.02 1.61+£0.06 1.32+0.04
2,100 0.58+0.04 0.56+0.04 1.73+0.05 1.01+0.03 1.71+£0.07 1.67+0.04
5,1 3.02+0.06 3.414+0.06 5.02+0.06 4.124+0.04 5.04+0.11 5.3240.09
5,10 1.03+£0.10 1.31+£0.06 2.43+0.07 1.98+0.06 3.42+0.08 3.20+0.13
5,100 2.72+0.11  2.04+0.07 3.084+0.08 2.08+0.08 3.13+0.06  3.06+0.05
10,1 4.01+0.11 4.044+0.07 5.62+0.10 5.124+0.07 7.21+0.12  6.13+0.08
10,10  3.52+0.13 2.12+0.08 3.05+0.09 3.37+0.08 4.82+0.07 4.62+0.06
10,100 3.174+0.11  2.62+0.09 3.42+0.09 2.944+0.06 4.094+0.06 3.72+0.06

MEEIH] ELE H, 75 R 2 B 0L, FIRE 4100
PIRhAE LA A sL g0 25 . X TS = 1.0 Ll
DOP, MR IS0 W] SRAFEL I 1) S 50 45 3L, IF HAE
FIT R, PRI A 100 AR HE 152 22 3 A BE R
EOSRIIR
4.3.2  VAGHLH IR (Effect of the VAG scheme)

h T 5 AR VAG HL il 75 A [F] 8 & B 2T XS
CPSO-NEZ) 2 VE it (1) 5% Wi, XIVAG HL il 1 A [H]
WCE AT I [ 52 2 M Rytep = 6.0; HIGE NS
$ Retep WIE 4 6.05 AN ATAR[ 15 T WL BA KL 25 4 Bt
S5F 7] 2 5 T TG OG(VAG R 1 1) 4% 43 T #E[0.0, 1.0]
0 [ Y BERLAE ). SREe 45 2 Wk2., K24 AN
VAGHL il J& A 1 FH VAGHL ] if CPSO-NETE A [F]
BIAFFE M)A 1) BB = 5000) 7 (1) 2 2k 2 5
FrifEZE.

20 WL, A SCH IR 1 OE N VAGH LR+
P B AR DRI B8 # A B i 25 R X R W
W S5 5 TS AL i 6 % 14 55 CPSO-NEX DOPs ]
K AR BE

# 2 CPSO-NE& & ik £ 5474 £
Table 2 Offline error and standard error of
CPSO-NE

S=1.0

WEZH WIS
3.8240.06 4.7440.05
1.4640.08 2.36:0.09
2.5140.08 2.47+0.11

5=20
W2 bENLSH
4.25+0.06 4.95+0.07

2.05+£0.07 2.49+0.08
2.94+0.08 2.98+0.08

S =50
W2 BNLS
5.95+0.09 5.87+0.12

3.46+0.15 3.21+0.14
3.14£0.17 3.09+£0.12

K
19.9440.18
10.84£0.22
11.2540. 31

FE Y,
5.1 3.41+0.06
5,10 1.31:+0.06
5,100 2.04+0.07

D,N :
TiFHT
23.43+0.35
14.92+0.41

15.75+0. 47

&R
5.1 4.12:+0.06
5,10 1.98::0.06
5,100 2.08-:0.08

D,N -
TS
30.76+0.49
18.92+0.51

28.774+0.67

FIE R
5.1 5.32+0.09
5,10 3.20+0.13
5,100 3.06+0.05

T34k, IER2AT A, AR T A A 5 k(R AS
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T AT AT (1) B SR AL R0 B AT B WL 4y 1 Y S AL
H), A E 2 HIVAG 16 5 A4k i
(S = 1.0H1S = 2.0)1k e AL, 1 A2 AR AR
KEF(S = 5.0), FA FEHLA 5 1) R HLER e
ZHPIVAG I VE e B 4T, AR08 B2 A RN, A
FH et A5 — 52 FEBE b S Wb e WAr SICRE 5 1 kr 1
THPEAE AR T S PO ) PR R, 97 A n B4
KIS, 3557 Gy AT A3 22 205 o) DR 1 5 A B 10 4
MR PR, XFRRHEAFSESHNA
T8 N VAGHL A B T I bk SV AR B a8 H 858 1)
P2 . W BA R AT L, w2 K W E
XFCPSO-NETE 8y & PR 455 v 1) 1 fi L A 3 24 .
K UE X 4518, % Regep £1[0.1, —10]50 Fl W 54T T
D sEs. g5 5L K2,

25T

20 A
151 3

10F R

THHAIE

5_

0T 1020304050060 708090 100
Ry
2 AN[A] Rsgep I I CPSO-NEZEAN R U6 4 1) 3 25 )
Bi(E = 5000, S = 1.0, D = 5) P I E iR xES
FrifEZE.
Fig. 2 Offline error of CPSO-NE algorithms with different
Rstep on DOPs with £ =5000, S = 1.0, D = 5, and

different number of peaks

MR L, 7 BR R B 06 IS Rggep 11 4] 465 1H X
1E4.0f 3T BE 73 2 B4 10 25 R X R W] g AR AL
H W TR B AR BRER. SR, 42 T 1010
B, A K HUAE6.OFf T B 38 &, IX R W AE 55 kL
TR SR 22 AR T R R B 22 RS T R
(KA Al S T ). 7 Rstep = 0.1F1 Rypep = 10318
Wi 15 00 T PERE IR %2, Y Rgtep = 0.1H), CPSO-
NERE K 2 I, X3 EUBEA R AN BE 18 M B PR 5.
Y Rstep = 1030, 7= 2RIV 2 TR A FI T 5%
PEERER, (H 2 S P 8L
4.3.3 IR 1E 3l 3K B 1) 3 N (Effect of resonance

motion)

CPSO-NE'" 5| Bt f] &) — b S g o2 F AR 12 3y
T, by T WFSTAE ) A8 PR R A A2 B 6 CPSO-
NE: G #5201, X T AR 2 2 ) CPSO-NE#EAT
TSN, BI3RIEA; 4 T R AR ZE R 2
FEPE PS50 25 L. I 3FA 40T W, FE A4z 5 35w

RE5 1 22 10 1 4 1F 72 BLARK /K1, 1E T i CPSO-
NERATE A M8l T RE.

20 ‘ :
8 P i3S |
16\ — HisikiEs

0 100 200 300 400 500
IEARHEL
& 3 AN [i) 244 S IS CPSO-NETE B 78 9 J (B = 5000,
S =1.0,D =5, N = 10)F 5 AEkE.
Fig. 3 Dynamic performance of CPSO-NE with different

integral movement scheme on the DOP with £ =

5000, S = 1.0, D = 5,and N = 10.

00— meso
I ; — PSO-CP
0.407 .
o
# 0.30
R
% 0.20

0 10000 2000 3000 40000 50000
YA
P 4 S[R3 A S I CPSO-NEZE B 4% ) FL(E' = 5000,
S =1.0, D =5, N = 10) R 2 FE1E.
Fig. 4 Swarm diversity of CPSO-NE with different integral
movement scheme on the DOP with £ =5000, S =

1.0,D =5,and N = 10

4.4 CPSO-NE5PSO-CP,.zh At it Lt #(Com-
parison with PSO-CP; in dynamic enviroment)
345 11 T CPSO-NEFIPSO-CP, 17E &) 2 ] it
PSR g5 R AL, Sh AMEE SR EN: D = 5,
N =10, E = 5000, S € {0,1.0,3.0,6.0}. M\%*3
AL L, 0 TR — AN 1S, A TR ST I E B
CPSO-NE#[ I T PSO-CP,. iX % WJCPSO-NEH 5|
UNGOE-Res A R (AR e E B NES ST -1 N lKiél

TEBNAS IR (A 3.

4.5 5 H fib BEHL I 2R H 30 A1 B8 LB (Com-
parison with other random searching algorithms
in dynamic enviroment)

A ZH 52 B 6 CPSO-NE-5 H: AihaFh B L 48 & 5
7L (BIDASA, CPSO, MEPAHICESO)) 5l 2 4 fg
fTHeR.
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4.5.1 AFEZAEFEEDOPsH [ b3 (Comparison
on DOPs with different dynamic)

2 AN R AR A 5 B 5 R A X PS OB v Mk g 11
S, £ E = 5000f18 € {0,1.0,2.0,3.0,4.0,5.0,
6.0}I4M F5S = 1.0M1E € {3000, 5000, 10000}
(K44 R 43 WA T 5206 KT X RIS U, D = 5,
N =10. 8505 n WARARIES.

MRARIZRS 0] W.: 1556, SRR T Py
SR BRI A JR e A0 1 O, A8 Ak ) 3 4 o e
FRAE AT A B R ERRE ). fEPTE 3
A%, % % tF SPSO-PD, MQSO, CESOAICPSO-
NEH] AL T-RPSO. X i3 B 1H IR 85E oh A4 50k S i

A Bl T2 B PR Aot fe A 1 BR A

%, fERZHDOPsH, CPSO-NEfL T HAh 5
W X R BOAE T AR R O S i 5] 12
FIPSOH A M. JEH 2 I EE U I FE ), 4
IE B s B s 13 SO I8 &G M 15 B, VAG
MUK Bh T 5 AR I g b 8 R Ui i A 2 i
SR — A R e LA

5=, fE— 85, CPSO-NE 5 CESO(i i,
2 E=3000, S=1.080E =5000 , S =6.0)%5 KA.
J5 DR E T B 355 40A8 TR 2 I, VAGHL AN BE 52 4
3 H R AR 2R SR, e A AR A R AR
I 32 B VAGH LK ) A B AR 2 A 5 TAEI .

4 3 CPSO-NE5PSO-CP, /£ R 3) A 45 4R 4 3) 25 B F(E = 5000)F 8 B &k £ 5474 £
Table 3 Offline error and standard error of CPSO-NE with different VAG strategies and without VAG on DOPs
with &£ = 5000 and different environmental dynamics and complexities

S 0 1.0 3.0 6.0
PSO-CP 0.87+0.07 1.31+0.06 2. 21+0.06 3.22+0.14
PSO-CP;  1.15+0.07 (+) 1.65+0.08 (+) 2. 72+0.08(+) 4.73+0.11(+)

# 4 CPSO-NEL H ik £ R 5% 4930 & FA(E = 5000, D = 5, N = 10)F &) B &% £ 547 £
Table 4 Offline error and standard error of algorithms on DOPs with £ = 5000, D = 5, N = 10, and different

shift severities

S DASA CPSO MEP CESO CPSO-NE
0 0.92+0.07(+) 0.97£0. 06(+) 0.89+£0.06(+) 0.95£0.04(+) 0.87+0.07
1 1.69£0.06(+) 1.73+0.06(+) 1.62+0.05(+) 1.68+0.05(+) 1.31+0.06
2 2.15+0.07(+) 2.19£0.06(+)  2.14+0.07(+) 2.27£0.05(+) 1.98+0.06
3 2.75+0.07(+) 2.79£0.08(+) 2.67+0.06(+) 2.64+0.07(+) 2.21+0.06
4 2.92+40.07(+) 3.07£0.09(+) 2.784+0.08(+) 3.23£0.07(+) 2.61+0.11
5 2.9440.08(+) 3.12£0.09(+) 2.83+0.09(+) 3.35+0.09(+) 3.20+0.13
6 3.31£0.09(+) 3.39£0.09(4+)  3.09+0.09(+) 3.94+0.11(~) 3.93+0.14

%5 CPSO-NE5 HAbF ik AR A5 AFA(S =1.0,D =5, N = 10) P BLRIELE L5 FEE
Table 5 Offline error and standard error of algorithms on DOPs with S = 1.0, D = 5, N = 10, and different

number of evaluations between changes

E DASA CPSO MEP CESO CPSO-NE
3000  2.39+£0.13(+) 2.37%0.13(+) 2.26£0.12(+) 2.18+0.08(~) 2.17£0.08
5000  1.69+0.06(+) 1.73+0.06(+)  1.63+0.05(+) 1.68£0.05(+) 1.314+0.06
10000  0.93+0.06(+) 0.98+£0.05(+) 0.80+0.04 (+) 1.09+0.02(+) 0.97+0.03

4.5.2 A [H i fEDOPsH ) X %8¢ (Comparison on

DOPs with a different number of peaks)

WH9E T PSOSIELEMR I A ARG EEN €
{1,10,30,50,100} HE = 5000, S = 1.0f1D =
SHIBNATERE. SEg 45 R ILAR6. W3Ken] )WL, CPSO-
NE{E T S A5 B8 T HABPSOSL L. X

S VAGHL il 1 5% T CPSO-NEFR i f¢ 415 i 1) R
01, FEARTE By s B 0% ook 0% S0 B N R AR 4 30
R4 R AR 5. CPSO-NEKfif £ 16 DOPs
(DL FA U BH FLAR B AN A2 5ol Ay SR At 2 06 i) i i v
(17, AE UG (0] (1) R B AR /NI, O Y S 7 VA
H T HR R BN 2 16 1) 1.
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% 6 CPSO-NEL 4t ik £ R R4 3h &5 FIA(E = 5000, D = 5,8 = 1.0) P #1 B Kz £ 547 £
Table 6 Offline error and standard error of algorithms on DOPs with £ = 5000, S = 1.0, D = 5, and different
number of peaks

N DASA CPSO MEP CESO CPSO-NE

1 48740.07(+) 4.9440.06(+) 4.84+0.06(+) 4.93+0.07(+) 3.41+0.06
10 1.69+0.06(+) 1.73+£0.06(+) 1.62+0.05(+) 1.68+0.05(+) 1.31+0.06
30 1.824£0.06(+) 1.83£0.07(—) 1.78+0.06(+) 2.15£0.06(+) 2.02+0.07
50 1.93£0.07(+) 1.9540.06(—) 1.89+0.07(+) 2.26+0.06(+) 2.14+0.08
100 1.6440.05(+) 1.73£0.06(+) 1.55+£0.06(+) 2.18+0.08(+) 2.04::0.07

4.5.3 AN[F 4 FEEDOPs|P) 3 (Comparison on DOPs
with a different dimensionality)

SRR YERE D € {5,10, 50} IDOPsHEAT T 5592

FPEREWT I, ZHORE R E=5000, S=1.0, N

= 10. LI AR WERT. WERTT LG 2, /£ 5
JE VA K 3 2515 JEH CPSO-NEA H: At 5532
HATHELF AR RE, H 32 2 2 B 3E W 1 VAGH.
TREMS R AR 2 MR R 2 Y R A ).

% 7 CPSO-NE5 H 4 ik ERR B 6930 S P A(E = 5000, S = 1.0, N = 10) P ¢4 B Kix £ 5ArfE £
Table 7 Offline error and standard error of algorithms on DOPs with £ = 5000, .S = 1.0, N = 10, and

different dimensionalities

D DASA CPSO MEP CESO CPSO-NE
5 1.69+0.06(+)  1.73£0. 06(+) 1.62+0.05(+) 1.68+0.05(+) 1.31+£0.06
10 2.284+0.07(+)  2.37+0.06(+) 2.21£0.07(+) 2.9240.04(+)  2.1240.08
50  19.45£0.26(+) 20.07£0.25(+) 19.12+£0. 25(+) 24.80£0.25(+) 18.25+0.32

5 458 (Conclusions)

A AR S A (R R R Sl A A ) 8, At s 2
e AT A b IR N LEE, 5 B I AR TR
A B0, SR AR J5 B R A 3 A5 PR B v R R
) R RO A5 FIURH B A FH LA R 2 P Ve {1
N T S RS B SR B RR ] “
S Mk E R SR EER 5N FE T

1) AN SR ] 78 2> 325 3 BT A R
T OCIIE N AR U S) I A E A B AE B A BT
EFES G N K (e I KR IV E 27 T WS b
VARSI AR AR RS 5 St pUN DAY JA N
EARUE TR B DX W 4 R g O, A Hh K
SR T 7E S AR P R SR A

2) JLYRIZF): A B 2 R AT X Rl e S 47 b
TRE AR 2 LIRS g R s 14 B 14 T 1
1B AR R, R LTS i UR 3 RS EPSO
SR, JEE SR A S AL 3 2 LA E AR /N 1
AR AR

T B AE $2 H ICPSO-NE, H 2h 25 3K i)
HHAT T SHU T S SRR LL . N SEIG 45 ]
DL: 1558, BINEAT P EEAH ELAE R HLEN R R AR
AR T3 s AL TP PSORIPERE. FLvk, 2
VAGHLIT Mgt PSO R P AE A2 A 2% 1, TR T

ZUESN AR IR, 5 =, 3 N5 K A S s X
T-CPSO-NE 3. FR 55548 40 HAT IR I () 2R 25 DY,
AT AR LA g oAt R 1 o P A R T DAAR Y
A AT S R I 8 G Fh RS S5O T-PSOAE B A& A
BE ()P e — PR (1) SRS

— 3 W9 AT W] {48 17 AL CPSO-NEfi) £
R, 9> S HOS FIEI G TT. Sy Ak, e oot
SRR I R, IS S ARk A A
SEBE P 22 4 TR A SR R A% SRV HEAT I g b
R — I = L T AE.
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