ETNEE]

54 RopIEY 14 §

19349 22 344 344 PID z1l<>17l"3 AL %
SRS g e @ Aoy, ek S i
i3t a7el 1960 o] F Aoiriye) vjohA wac=
B7eta shehade] Hapa 5o Qlstd, shehgale
A& o 2 PID Alo]7]el] &&Edt G F

oJubx] Eata A}t 229 Ze] 1979 Canada Shell
Al A FCC (#8535 Fv ) 24 vl 2l
2740 (MPC, Model-based Predictive Control) & 4
FH o A&7 Alglzr REGH (1] AorHe) F23
i}ﬂ%ﬁ of =4 7] AFHRT o] F MPCE AM 7 8
3 aaAlele] EEVH R A E FAsken, el
% ojm) *“?%4 MPC ZZAE7} T =|al E dx +
&l Zof git}, o9} o] MPCel| thet & B L 3ehE
AA 9] & AA B &8 TgE4 dF% v¢ ST
817 sFalslo] 19909l SWHA] MPCx 8834 Ao
o] Aolx}t 93 U TH2, 3). MPColl tig A7) oA
2 ﬂ*éﬂﬁloﬂ oMy, o] F g Aol &3 AT
l*daziloﬁ EFA T A28 AoArPEe) =3
1 gtehga & glolu WA, AA], A&, 28 F

< ez ksl 57) AlEEdt
L) 5@%@4 AT A9eead s S0z &
OM 712 (BT), 2918 AaA 71&
o] FRA sl ARkt om, MEAR]
4&@4 ’\ExﬂE E‘r%—s—%ﬂ% Holu} A3 sl 4 29 5

FZ AP A

R BAR 2 #ile) $7 717) Aaski. BTY NTS)
A2 PR 2Fo ) Ba) 450 ndlo] AgtEojof g

multi-scale Rdlglo] A g 3lr] o Bol| A 3let-z8}e]
e B 1 Bl vl EAdol ) St WEke R
o]58l7] AlZE Zojtt, oleidt T o] HHAol= A=
R vy EA7E E = Wl glow, 71E9 7IHER

= g a7t ol dk, olBldt gEkEg Aole] et
Ao} Wl 8- 4= = WH L2 simulation-based

jynamic programming (SDP)e] A28 FE& ¥n

Aowm B =l o hdE avhetnat gt

Ao}, scheduling, planning® %] sequential
2 apsles dxYold A8 49 functional op-
timization (FO) 22 ## g} &7} F8=™, EF dynamic
programming (DP) BA|2 Wglo) 71ssitt DPE FOY

B 2L A F3H= minimum principle® €8] 822

& Arghs Aol At E3) DPE #H A A ofd ALk
A= AoidHo) A HHQ) FHE FoAe F71
A9l o}Hgo] it DPE Bellman (4)°] 195749 A& 2
AL 208 ©]F White (5], Dreyfus®t Law (6],
Whittle [7, 8], Ross [9] % #HT Bertsekas and
Tsitsiklis [10)el o]27] 7}4] W& A& A7 7}
Hol gt} ey DPe ¥4 byl 2375 Eol® Al
Migo] F243] Z7)ele 298], ‘curse of dimensionality’
EAE 71 o] 12 §-8o] 3] A gt o] g, o] &
o] f-2 Moo FHHNE ATAIT HATL S840
7458 MPC (Model-based Predictive Control)7} 3
AAAE sl oh(3). 18]t scheduling 5 B4 #
o] wj-$- Aéti HrEHFrt £ BAlolAl & nhgd it
o] glAT Blo] Afadoltt. 22 olelg v Ao EAIE
< 433, DP9 ‘curse of dimensionality'e] 414
588 4 9l 49 neuro-dynamic programming
(NDP)ol &= 71'Ho] 33 HopllA &#s] A17] A
Fefmglon, DPe) 8] ARden vt NDP=
reinforcement learning (RL)°lghe ooz EeiA
71% &, FAE ALSsle] AR AdelolA] HAAolE
A= =4S T WHES BHSE &2 ALy
2 vk NDP&
Samuel’s checkers player’

Teinforcement learning (RL) on
(11J4 DP in the con-
text of reinforcement learning (12, 13), Heuristic
dynamic programming [14]), Z8l1 ‘explicit con-
nection of RL to DF (15) 5] 4 & Ztn 1 $-& A%
Sol es] MREEJ T Ba-Fopl] AgHogt. HTele
Kaisare et al. [16) 5°] NDP <32g]&e] AJESEE
Fol7] Y3t simulationg ©]4-3 SAE (Simulation-
Approximation-Evolution) ¥x&8l&S AL, ol&
AERNG7N A4t dRxsir| & ot

ICASE MAGAZINE, Vol. 10, No. 1, January, 2004 59




2. Neuro-Dynamic Programming (NDP)

2.1. Dynamic Programming (DP)
DPe oJd 854 349 4 HAsl 249 it v
slojol Bt FEZAE AAE £t o] o)Xt F

5743 3% sl
x(k+1)=F (x(k),u(k)), x(0)=x, (1)

et 2 HBARE Aastehe A UE, uk),
k=0, N-1% T3k $28 A58l BAE 4454,

T = Y 60Dl + 4,

o714 o= A el A9 costoli, one HE costE
Uehdich AAe AdHg AFsr] HeMe =
Ao Gyt Faste, HAA A=

72L& 23tcost®E sk A-7F Bt

plxth)uth) = (xtk + D)= x, ) Q(x(k+1)=x, )+ Sutk) RAu(k),

o = (x(N+1)=x,) M(x(N+1)-x,)

(3)

714 Aulk)=uk)—u(k—1)oln =z,
epdh,

SRR

2 (2)9] BeRxe] A2 dee] 27121 xel vt
3 #ko] Eebd AL At olA of g & gdsto] k
AR A e} HAcost-to-goE TR Zo] Helsial

N-l
Ji (x(k)) = min [Z O(x (@), u (D)) + 9y ]
" i=k (4)

J (x(k)) = min [«p(x(k), u(h)+ Y, ¢(x(i>,u(i>)+¢N]

= min[(x(k),u(k) +J;,, (x(k+1) |
= min[ $(x(k).ulk) + 7, (F(x(h).u(k) .
Sy (x(N)) =,

o] 4 Bellman Wg4ele $.28), o WA 4g A
e ulk) 7 o (k) o G2 APH B2 A0 549
Qejel Aoi7k oiT, No| Favjels F7h A3

735, #AA cost-to—goT “FETe] Frrt B FojH, o]
o Bellman %322

J* (k) = min [ gx(k),uk) +J (x(k+1) ] =
J*(x)=min [90eu)+J" (F(x,u)) ]

6)
s} o] 7hets} ek

Bellman #5419 8 J*(2)8 didoz de AL
E8a 49 (o, 4% S5 24 cost) & Al nE

&S T 5 go] Wi, dRtd o g FXAE 7o
A gk 4 (5)8] A= k= NoA] E&stadbackward
Z Zoj U eudl, ofdf uf AJH vt S (2 (k)& BE
7Vedt e 3ol wig) T8l Folok stu R o] FR|E| = 4
g 29 b7t F7FebA Aldbeke] AeH o F53
A Ak A (B)AME J (@) & &7 HslAe 2E 7t
ztel]l 3k ke Alite] apHn Qe o] A5
7} S7vel AstErel A|eH g FFeEA He sYe &
A& 714}, ©] A& ‘curse of dimensionality 23
Ham o] 2 Q3] DPe AR H83h7] o8 Wio=r

Q14 woj gt

2.2. Simulation-based dynamic programming

o]21& ‘curse of dimensionality &) A4 & =5317]
A8l NDP7} =l en sjehgst Hotole 1 #Al
o] &% 1 Ut} NDPE RL (reinforcement learn-
ing)olgl ¥E271% &, J' (2)E simulation £ 4%
ol e]&Esle] st W& BA S

NDPY #8& AgFom 3Pste Wyl shiz,
Kaisare %°| simulation®] <A% 49 Simulation-
Approximation-Evolution (SAE) ¥4z l&E Aj<ts}
AvH16). o] HE-e HA cost-to-go J (x) & T2 el
simulation H®|E1E o] &3l &5A|17|H, Ald 7AAIA
Wi wion Ty 14 SAEY ME& BHH(17].

r Different 1.C.

Dats
Training Data X,
] Process X, u, ¢
N
Jky=Y #(i)
. Approximator (NN, kNN) -# -
with up oy v g ) Avreimaer J
Sor unvisii T g
Bellman Equation
= ming(x,u)+ J (F(x,u))
Cost-to-go 2 No Bellman Iteration
Functi New Data: x, J*!

1% 1. Architecture for offline computation of cost-to—go

approximation.
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FFNAY A%

SAE €¢2n8lE& 274 “Simulation Part s "Cost
Approximation Part’®] T ¥-5-0 2 uhdo] 2t} zt Al
oA &A1 E A et] AN 21(6)2] HA cost-to-go

7)Z dojol Hl3, o] F el M= o] A zof tigt
#HA cost-to-go #ET °] & T P AN &
Q= ZAP | (arppoximator) & T8h= Ho] 44 94

°o|t}. Simulation part® HZ °] ZAZ|E £317] g
cheket 2719 dlolel & A7 Fdoloh 1Ty v
Aol digt HAs)= Uy @Ei :IL"‘Q F enz

ol that 2 Ao], TL& 2o
el el 2-83le] F27] 44, U(
=t} o] o visit®

ol
)
HA cost-to—goE A

Y *JEH%}t, z(t)
Ak 5L 2o R Bl
2(7)3} 2ol Alakatd (16, 17).

J(x)=J(x(k)) = Y 0(i) (7
1=k

A7 N2 ARE: FAdel 2238 =g 7ok fr}

SAELnel&e] F A BEL “Cost Approximation

Part’o|t}. o] #-#-& simulation partellA] g wlo]E
25 cost-to-go Tt Aezte] AAE TAkS
E FEoltt ol HalAe HA 29} JALolo] BAE EF
& 3le 4_7354&-“""} 22 SAI7E dasit g
TARE BAIE J (r) 2 skak olAl #F cost-to-go7t A (6)<]

Bellmanﬂc} 78’517% wEsleof ghhe AMEE o] 83,
J(r)7} Bellman‘jwé’“ & WESEEE o3} 22 Bellman
)7F B Wi7kA) (16, 17).

iterations J'

JTMx) = min [¢(x,u)+J' (F(x,u))] (8)
SAE gmalgolla] ARREl = 241719 A Allof71e] s
o AR AR HEE gt} 2AE ZA £ AP (global
approximator) ¢} =% ZAH1(local approximator) 2]
T E2F7F AT 32 SApE RAY FARdS T
gt 2 AP E 7P o] ARRElE AR E 2R 94t
o] 7¥aahut 1 ghel AlE|=rt Wal Shere] B2 tlolEl 9
7rE 9 a R e wol )l B3k Bellman iteration
He 1Y ¢ gk BANE 2tn o 22y
Ak & = AL =0t vl w2 n, gadelErt
HE2 Byd g ort gloke Axo] vt wbel S5 AL
*E? } ) 2 9] k-nearest neighbor(kNN)& A}
= AT 2V 7PhE- iAol ER s kRS A A
5 21}%;«% dlo|ElelA] ol o} 2 o] &-3le] ZAksHE Hio|T}
KNN-2 5343 8|8 = 7 o8 ¢ o, ghgel &9
7he AlRER L-Eo] A9 girke Aol sint. 21733 21l
Hlste] Bellman iteration®] 4 7154¢] 82 A2
HaE]o] glont, &g dlojelo] o] oA 33 ]

o8| & Zr=tl(querying) 875 AtEo] Folzlt},
g querying S a4l g g dlol8 & 3/ B
8l 9lojot 5= el UAH(18, 19).

SAE$}H Zo] gimulationd] @438 NDPHH-E simu-
lation-based dynamic programming (SDP)&} dl+=
t), o]A SDPY 2 714 A& o5 A Bt gt

3. Published Examples

3.1. Playing Tic-Tac-Toe
20009, R.S. Sutton® Reinforcement Learning 2ol

(20] ¢lah, ¢4 73t NDPA& o 24 Tic-Tac-Toe
A& 'é_l__ k(g 2).
X O
X

2% 2. Playing Tic-Tac-Toe

o] A7) 14 29} o] Fojnl 3x39) 38 I (state
space)¢tell X & OF A7t 471E, Xvh 0 3A4&
o]g-dtae] 7hZt, ‘ﬂi e S WA A et
= 77]°lth. o] A7]°) NDPE 2 &3l7] fjelAe, $41
7710l Wit 7hedt AlE] ZEe] B|lAEE ZAdsloF &
o}, 7zt el (state) oA ©]2 7Hsdo) 71 & 27 o
Skl A A28 AR, dA) Ade(z) A ol 7heAd

o] 714w AR SAVIESE S Mgz Ay
o] & F 2ol AL FHE (z),)0)tn & o, o] wj
old 7hsAle] thE SAR stod dAGE g 2(9) 9
o] #3351 ©rH 20,

N

vm'u' (ZL'],) — volu'(

l’k) +a (U(}M (ilfk+1 ) —v* (ﬂfk )) (9)

Y55 9]
A ohekdt YEAE g 9dl= Aol & . TR %
o] el doje] 2 2HA] =W, slte] Aol $1x|8l-& of
ol of| yEE Halof 71 o]d leide] 2R B
worshe) 71 dbgko B vjobzh 4= Qi) o)X\ AR R
FE] Qi gkl wpepa] ot wakE A% 1 Eﬂoﬂ
2o} AfollE old 7FsAde] M & AE 3
EAo|tt) Y] HE2 go} AdE A& ol F
NDP2| 7F¢ 7]8°] = Zoltt. =5 5837 27)
23t 7492 chess A7 & & &

J

_J
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i, A NDP 489 & o2
ATHI0, 11, 19].

3.2. pH Neutralization Process

Ao #2A YA Gz o 2ZA GukEATH < Zﬂ‘ﬂ
E o], ¥ =FdAE 20039 Kim et. al. o] =

H Z834% o2 E7]2 17, 22). p
51_14 24w A, A ,7}01]

Wglez  osixcl A3 skt A o] sk

de] ARgH o] itk tido] He pH F33 2
drhe AHESIG A,
AT} wa

7]—0:1 7] }\}.

V‘

Ll =1
a3 33 23 FEE) 2 HNOse %

HEgol(g,) 0 2% NaHCO:9] Fihe:
A& (g,) 2.2 NaOHSF NaHCO37}

230)
T e

o714 7} W4

x=f(x,0)+g(x,Du+F,(1)0

c(x,y)=0 (10)

= e 2ol Aejer),

q, W, —x)—q,x, 1 Ws—x

T [ql(Whl xz)_quZ]'g(x’t)_;[W“_xzjl’
g9, 0

F(t)_— 0 q 9:[Wa1 sz]T.x:[WM Wb‘*]T

u=gq, y=pH4 pK|=—logKa PK, =-logkK,,

-[OH"], -{HCO;], -2[CO¥], ,

[co%y, .
142x1077%

W, =[H"],
W, =[H,CO,], +[HCO;], +

c(x,p)=x +10"" —107" +x,

3t} o] FF & 25°C el A °]£°1 4R Yy 13107 11077
o) gHEdto] drte P& Zm 2YE, “‘*”/}
WS e AL S, ol 20 5 919l pH 58137390 tsted, SAE 902 3E 4 31
e ® 1o eI 21]). HolZ 8 A tpoF} 2o AR Ae 4 g} 2B 2
AZIL A3 2 g 0] 83 S 117 404 o] w2
T A Ao m 1415}3 A& & F dud, F
Z&H Pl Aloj7lio) &4 $L2 Aodxg BdE & F
ATH 17, 22].
TAp o
7 —=
69 ( ,."'
e - ﬁiAE NN ‘
1% 3. The pH neutralization process. 65 ,-"
6.4 ::
it 1. Operating conditions of pH neutralization process. T - ; s s - : v )
Symbols | Values | Symbols Values time [min]
v 2500 (m) | [q] 5%8103 %ﬁg& (a) pH change
4 9.0 (ml/s) =
9 6 (ml/s) lg,] 0.01 M NaHCO;3 7
002 — SAE]
% m/s) | lal | oS N o [ A
S oors
dutd oz 7Ha ZE7] wee FEYoA EtHor E‘
Bao] £9en, AL Weses Talel g 2 sl
AL oJujgit) o] uf wke4t e FA) Ko FAjsto] ’
IR S sl & £ U, o2 g FHTolA wkeER N T R
%k(reactlon invariant) /d-& =Yste] ety 4 s fime [min]
95kt A110)3% ol oot e (b) Input chang
T Gl i e g g ¢ QS
o|t}H 2 point (pH 6.37).
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Py SRR T PN Y

input, U { i/sec)

time [min]

213 5. Comparison of results between PI control and SAE
by NN with respect to multi-step set point change.

I3 5o Bxo] ARAE-E ofg] Ay vyt 2%
&4 Aol (servo control) & ZA$ol= PIA7] B
= 3l ol ti gk A Ao
a8 6) 2 2" PI

due]Eel Iy
5’\;\5]’[17 22].

S RIS B F 93, 9
(regulatory control) &) 73§ %= (
Ael7] Bl 217272 o] &3 SA
A
2

Fe A B Hol= g B

—— SAE-NN
™ e -1}
N
760 HA
[
f HAY
HERY
74 HEY
H N,
T H N
7.2 : .,
(- H ey
’ |
i e
68- H o
3 <
N S
6.6 N
6.4
o 5 20 25

10 15
time [min]

(a) pH change

8.5 ya 1
l"
4
B I
5 i
g i
g 75 :
— {
=) {
S T
o
= H
65 H
i
R .. —— SAE-NN
. T Pl
5.5 : . -
o 5 10 15 20 25
time [min}

(b) Input chang
¥ 6. Comparison of results between PI control and
SAE by NN with respect to disturbance.

28 79 299l neural network®] % ZA17) o
of =& ZAl71el k-nearest neighbord® & A48 7%
£-91d], k-nearest neighbor'dyl-& kol izt &
FolH NAFEYE AE W 22 HES BT 3
= B & dvk17, 22].

6.9
58
T ey ~—— SAE-KNN
) SAE-NN
6.6
65
64
&3 o5 1 15 2 25 3 35 a
time [min]
(a) pH change
ooz
0.02+}
T — SAE-KNN ;
k] SAE-NN
S oors.
=
o
a
£
001/ .
"t

0.008 B :
o os 1 1 2 25 3 35 4

® time [min]
(b} Input chang
718 7. Comparison of results between SAE by kNN and SAE
by NN with respect to set point change (pH 6.37).

A gk woll Alkze] Sl Aol 71Ee e
(state variable) ¥H2 2+ cost-to-go ak
ﬂiﬂi uol] tht FJHE FuEFRA

152 z—q.%é}lr: Ro] &utEH
_,.7}o}z] & A5E0 Ve A9E BY5(ad 8), °]
o) & B A= A = dsS

| === SAE by KNN with two state
761 — SAE by kNN with theoa state B

pH

1 15 2 25 3 35 4
time [min]

(a) pH change

~e= SAE by KNN with two state |
—— SAE by XNN with threa state

Input, U [ Uisec]

time [min]

(b) Input change
. Comparison of results between with using two
states and with using three states with a re-
striction on » (& . = 0.0025 (/sec), Unrestricted
case 4u ., = 0.025 (I/sec))

_
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75, - - EERR -

—— SAE-KNN with 3 states
-== P

73¢ -
A
Y
H LY
,
\

H
H
H

PH
-
%

H
69 H e
68+ L

67 - - - et — —
]

time [min)

(a) pH change

84 !

82! H
H

78

Input, U [ Visec]

76"

H | — SAE-KNN with 3 states |
74- 3 =Pl ~ i

-

72

time [min)

(b) Input change
23 9. Comparison of results between PI control and
SAE by kNN with respect to disturbance (A decrease
of 15% in W)

3.3. Microbial Cell Reactor

2003 Kaisare et. al.7} 3 3 =8dM = o538 %
BHE 7 A ENtET] e A E v x Alofe) e IR
I TH16). o A2E A E R, Klebsiella oxytoca®
A2ral7] A3t AE w2713 glucoset arabinose® 9
FAaE Yoln e HAde e w2 7&?"“‘@—4 5 7K

AAAEE gte TRt d 10). o] 3AAE 34
TR E 2AFo A F T TRO B S Y
FEE FAHA sk AL Aole] Aoz ata \3}[16]

i 2. Key variables and parameters of the system.

$; | Glucose (gm/L)

85 | Arabinose (gm/L)
Key enzyme(s)-1 (gm/gm dry wt.)

State Variables e

e, | Key enzyme(s)-2 (gm/gm dry wt.)

¢ | Biomass (gm/L)

Manipulated Variable | D | Dilution rate (hr')
Controlled Variable ¢ | Biomass

Parameter so; | safeed rate (gm/L)

3# 20l A zRle] 8 Wg 9 JJra}ulEi o] ekl
o] wj A& o] e (state)

AT E 5h=
FEEE L5t 6709 AT (x = [s,5.e.e5c 92,f] ) E
A&t
Bifurcation Diagram at D = 0.2 hour-1
oae 7 Stable S .5,
JI ——- Unstable $.8.
0.08 /
I
I 4
Il
0065
ll
w £
) —]
0.04 y S
)
0.0z
] 3.2 0.4 o 0.6 0.8
ST S2f

19 10. Steady state bifurcation diagram for Klebsiella

Oxytoca growing on glucose and arabinose

A28 o e 2)(11)e] 4 T4 4 Fol it
A91AA 5719 ODE Rdlal oz A€t of of Alxwle]
o|tAl A& A (diauxic growth)S& FH3}7] 95l
o] -3 mdlo] AMEATH23).

cybernetic modelings

das, _ .
—= D(S, -5,)-(rv,) i=1, 2.
de
—t=(r,u |- Pe —re +r i=1,2
dt (f‘ I) ﬁl (11)
de
E‘z(rg— )C
se h SC Ul ro= M Sr ¢
A7, T Tmaxtnn), TH K eS| e
S,
r, =0 ——
' K +S B, =RV v,

SAEY .TLE] z"ﬂ’ﬂ A9 single stage cost® T2
FEE ook #(5) o FEe I U el A8 Abg
sto] 2 (12) 9} 2] Boatint.

¢ (x.u)=0fr—x(5)} + R{du} (12)

A goto] Ao E P A

2 % 304 sIMPC (successive lineariza-

o] A)2Hlo] SAEUY T EE
=28 11 %
tion based nonlinear Model Predictive Control)S’Jr

Bl wSRTH16). ©] AIdA] SAES &S AHE-g A
o] sIMPCell Hlgl 4 v ZIAERAZTS & F A
o} X3 cost-to—go <AFEke] Wl cost-to-go®] <AL
groll gk st WS HoluA =W, o] 8 ol /2
SAEY | o] AstE 452 HolA] @& A-57t il
=, SFEA B2 Yo E Fo] BloluA] EEE 53
ghpoll A S 7FekAY, F7HQ BAME Fafste] A2
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o

tEAt2E cost-togo &kl At wkd ?E}Sli’ﬁ SAE
FnelEolgS e FANL 4 Aok ol d £HE 71
SAEZ | Fo) ALt A= FaL, H]%(cost)E Ze 2L
AE 42T e Basta Yo (T4 11, & 3, (16]).

Modified S-A~E Schemes ¢ s siMPC

— slhif
=== Breendrictine) U
== b oaprarditn) G e age
— Tofies jolte

" i Ao e o

b g T

ditdtiong rate shi™

{18 A

it ofurss

7219 11. Performance of the modified schemes as compared
to sIMPC control law (thick line)

3 3. Details of successively linearized MPC algorithm
v/s S-A-E scheme and its modifications.

Control Numberof |  Cost Numberof | Total cost | CPU Time
Algorithm data points | Iterations | hidden nodes | (atx(0)) | (seconds)
SIMPC NA- NA- NA- 2254 1080.3
S-A-E Scheme 1200 4 5 2418 98.7
w/ Restricting 1200 2 4 9.06 1277
w/ Add Sim 2088 4 § 937 795
w/ Policy update | 1395 1 9 1032 74.12

4. NDPS-89 83 9 o A%

AR} EANAM DPe] $-24-2 A4t Zxd dart
AUk 2y AEd & gle AdEeE O E&o] 59
A g o] AW Ao AHdoltt ol et DPL] FAE 5 E +

€ $A4 P22 NDP7F 70 2 A7 slojsker,
dAEA 1 A v)f- 3G Ho)th. NDP= oj] &+,
Axza], SCM (Supply Chain Management), 541
HIES A 5 vhekat okl 43 or 3§ wojgon
188 Hole A% woAm vk 53] Samuel's
checkers player (11}, backgammon “47] (24, 25,
26), acrobat [27), elevator dispatching (28] 3} 2+
EH‘ EAQ benchmark EAlAE 7129 Pz
9 & ZHAE AAEEL At

~ %01]"1 ‘d% v}t 7‘01 5}5‘*“—8‘ olm] T4 £&

9ol B Ao 7 297

Fab7] ofel & Ae M a 84 EE U R B4 2 Yeptn

9ith. NDP= o8 @ 2AE g + e 384 i
olm ojm} YENHE7]9] Ao (16] Hxte] o} TheFdt
v Aol Tl Alo] A8 (18, 22), 2AEDE &

A8F
Ao oJAr A% (19) 52 Falod 2 H849E FE vt
e} ok multi-scale Aol thgt NDPe] 2182 Barg v}
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