saamyanuidy fineuamensminisiduiskand

T




Weamyneuidy fineuamenemimsiduisend

AR

AAMDEAOONG
\)(\tb (7 i

7|
M OJ &~

‘o a é a ¢ y (Y] o
!!U‘U‘iﬂﬁﬂ\‘ﬂﬂﬂ'INﬂ‘iZ‘U‘U!"lﬁ;l'm!ﬁﬂﬂTnﬂﬂlﬂlU!%?)Ndi’)ﬂﬂi%ﬂﬂ%]ﬁﬂ1ﬂ

WU Wrsdszan e Ganssuinih)

Snenfinutiiudunilsvesmsnmmundngas
WayamlSvanquiuda mndsunaluladndsny
‘ anwdanudunadennaz ag
i Inendemaluladnszooundisuys

N.f1. 2554

AENITUNMIADUINNTNUS

a a 4
U52HUNTTUMIADUINGIUNUT

(3. 39 ONT Novlson)

oS a a L4
ﬂiiilfniLLaZf]'ﬁniUﬂlﬁﬂBTJﬂﬂTuWNﬁ

(3. NYHUNA N3ANT)

I a a J
........... e ﬂi'illﬂ'liLlﬁ$ﬂ1%1iﬂﬁlﬁﬂy1'}W61uwuﬁi’Jll

&? .................. NITUNIT
...... Z/0\ NITUNIT

......................................... NITUNIT

o 2’/ a [ o
(A9. DUNINY ANNUDTAU)

Fudnsveaninedoma luTadnszvomndisuys



@

a a 4 ) a L4 a Jd 4 LY
W10 INOTHWUS HUU91009 TAUINNVIT LUV AR INAILU VSO UADN VIS UL

U
YN 42
Y A @ aa
O UWIWUNNT NY51l52na
P da a
2191356M1USn A3. NOHUNIA NIANT

a L4 a
A3. BIYND LIUINN

nangas Usranqulinga
TV ma lulagnasanu
AR : ma T lagnasanu
Amz L wasnudunadouiazag
WA, 2554

UNAAL

246180

Aamemswan I lueweminTan nldsuainmswiasmgudnlseins Iwihauialuguaie
fouvarwumnnziaa Wumsnszanemswan 1w (Distributed power generation) INARKAR

< 2 a o w a 1 a @ 3 a
lflf}d“vg"l‘*ll‘l‘l'lf’\lf’lﬂ(small Power Producer - SPP) °]Nll‘llu']ﬂﬂ'lﬁ\3waﬁ"lllkﬂu 90 LUNTINA LINSHHAA

U

TW#1vu1A@En1IN (Very Small Power Producer - VSPP) wuiamadsnan liinul wnziad

@ ' g @ ' @ d a @ ;‘
uuInaena1uve 19 ldndsnumyuowsy Fiwoa wasnuan waduae ing waah
o Aq ¥ o a da s S o w =
uaan  luszuu VSPP lfiwadudseniag sunesmesinnudingy wonnnldou Tvdh

@ [ . J a  J o o w
asauihuihadouds SiuquszuumadumeeiadliiaulndyamasInihgege arugu
@ o 4 J 4 a @
aaun ihadu 1 IdawdedmuavesmsiFoudeglnssinisnia i wuunszaeiuszun
o ) 2 a = - S o a % 7o
mes e lihauuiasgiu SdimsfnyuieadsuuusiasessudUesIABS NUTZ U
Wowanszuud it ldhmnewganssuvesszuuluanngmsiaunuuaieg neumsaiis
v 5
STUVIZI TITINMINURNUMIAIVAUTZUY
a a (.c:y o a I'd I'd o a Jd1 o o ]
InTNUS U IMUUIA0WeIBUNESINes STV DWATLIAdNABA VST DUTes Mg THHh
o ' I v @ o =] a
Tuanzmshinuaig Taoldisnmsmondnusiszuy Tumsneasunudoyadiudunnues
a o P 'V W [ o 9 a L4 a oY 4
sunesmesiFouaenuunasie Iihnszuaass shmhiumuunaaaduaeiag Auevivye
a o LY o ' 4 P . L
YBIBUNIBINBIADNY INaANAZ Iz VUA 18311118139 Point of Common Coupling (PCC) 3a
a 4 Y o w a J 4 @
sunanaziemMya lumouvewsiiu nszud wazmas IMihvesdunesmesvuin 1,500 ina

o ' Ao ;’,'
11az5,000 3@ wisdeyaiiaumanuasemilu 3 ga fie Joyagadou JoyagansIaden uaz



246180

Joyaganade tiondeyanisnaasin1lszulaniunszuIuNANAMAas LAz anA
WSouisudeyasietusmnnuuuines denuuuiiaesiinnummzaniiganudanizms
MU INNITHIITUIANVYNABINUGIVOIMV U109 (Goodness of Fit) AI1AUANI DI
HUVIBDY (Model order) ﬂ'm'amﬁﬂwmﬂuazmmﬁu%ﬂﬁmmuuu 219909 (Final Prediction

Error - FPE 1a¢ Akaike Information Criterion - AIC)

Tududu Wszuusunedinesaauluanizasn  wuuuiiass s u talailuasingy
Ao ﬂ'cjmmuﬁwamﬁmﬁ'uﬁm'su 4 vy Iaol¥35Auto Regressive with Exogenous (ARX) Auto
Regressive (Moving Average with Exogenous (ARMAX), Output Error (OE), Box Jenkins (BJ)
uaznejmmn"lﬁtflm%mﬁ'ui‘hmu4 uuy 1933 Nonlinear Auto Regressive with Exogenous
(NARX), Hammerstein, Wiener, Hammerstein-Wiener uﬂnmnﬁu"lﬁ'maaﬂ‘ff"'/hﬁ"ﬁ'uﬁa
15 :111mmm"lmﬂut§m’fu 5 Wﬁuﬁa Deadzone, Saturation, Piecewise linear, Sigmoid network
1102 Wavelet network  Hauaasiuiiedunedinediauluaoiuzas wuusiass il
duiguausanianiuuuFady 1u1$1909 Hammerstein-Wiener Serulianiesuionginssu
vosszuuldd dmnnugndesuesiuuiinesgelszinm 90% SduvesuuSaesd uaza

() ] £
ANUAANIANAINTIITOUNG 8 LY

dusemn naneuRuanugnasslifunuLiaesdiansai dnawis lunuisei1dld
IMATIA Cross Validation Tasmsmusmugadeyadmiumsaeuazmsnaaeulivainnais
ASOUAGUADIUNITEII39UDIM MUY Tﬂﬂ“l%'ei’fay,amnﬁnnzmﬁmzmuﬂ 6 anzlu
M TBULAZNATOULUVTIN0Y Hammerstein-Wiener WAUAAIIUNAYA Cross Validation ¥4

v 9
HUU$1a0ANUYNABUNNTUDSF

»
=

Tudaududwlsdeyanldlumsninuuiiaes "lﬁ'mammuun51amﬁqunu5uwﬂ-
11 NAR151AE7 (Single Input Single Output Modeling: SISO)  HALHULBUNANABA W3-
1WA AIWA NS (Multiple Inpuit Multiple Output Modeling: MIMO) Famsiraesszuuiian
wlsnanedaez Idnarlumsmuuuiaesiininn i udneiuewganssuldlndimseszuuaie

& a = a o444 v d 2
IHBIATNUNTITNIITUINIIIIUADININSIVDIASLDYANINUU

o a Jd . o a 4 av
HUVIIADIAUAAI AT Hammerstein-Wiener ’L’Hlﬂiﬂ%Wﬁﬂﬂﬂuﬂﬂimﬂﬂﬁﬂa'lUﬁﬂ1')$ 1137398
VA v do @ [ o 1 @ Qy o Y
Llﬂﬂ\‘l')1‘ﬂﬁﬂ'l’)$ﬂﬁﬂ'¢]‘l’lﬂ1ﬁﬁulﬂﬁ'l‘i&’ﬂ‘ﬂ@ﬂﬂ"‘] aNICFING uazﬁmaz%mmum Ll'lJ‘lJil']ﬁ’ENGl‘H

d‘ [ o w = 9 o w a 4. 9 "9
anugdadiuus sy nszud Mg i fou lddudyanuis innnugndesganiidesas 8s



246180

HamsS1nesdnzIngawsni llvuatesnmeesszuu 1a Wellililusunauvinmeusn
nnuuuiiaeslidlwFadu matdamsidfidudady (Linearization) lagldinaiia
a 4 " 13 a @ o
ABIAPNAAS First-order Taylor's Series Approximation 19 IALUUS100UFUTUNAGNT 910
° a 9 Ya o 9 a a 9 o {

nuuiasuguduldins e lasldnguimsnuguiadumiladunisanlou msnou auss
a d' 1 a 2 ] . a o d
15972100910 Bode plot MIABUAUDIADDUNNUUUHILINIIY (Unit step) N3ADUAUDIDUNAH
M3sn1 Inauaza1s N15n Nyquist Plot 1182 Nichol’s chart

o °

Tudaugane 1ddszgnanvuiiaeslunmsmgaunimIni TasilSouiisngiladuuseau
o @ 4 [ I's Y a ' 4 a @ L4 a
nszua Maeli anwd sersioueauazdunage measueilinussnunazasuelnnszud
(w c’! { U :; b o a0 Y A [ U a :i
luannzasdmazanzding  wungun i ldanuuusiassdialndifesiuansei
[ 9 o v a o o w A v @ a 4. a 1 a
3o 18 wamsiassmmsiiimeima IMfhddaisunudyaiuess imanuranaialinu 5%
o a o q a -4 a P
a$eanuiulslumatianismsmuuuiiaouielseiuNanIENY YOITTULIYAALAIDINAGN
" by v v
Wouaenuszuus e Tas lusuudesfaniszuuase uenaini uuusiassdemusanlaou
o ) Y £ R A a3
annzmsmauvesszuuldidulaudesms saeziduilse Towiaeniseunu dennag

’ v b Y
wazm Iims Tl msudamansgnunzinavunuszuy I neuRaaIszuV5

g

o o a v @ o " a
1WA wuuseeslawin/msmsasnusisyuuszu liFadu

Do

a o o 4 @ 13 ]
Hammerstein-Wiener Model/fJ‘uL’mimﬂilLUUL%ﬂMiﬂQﬂUS%UUMHuw



Dissertation Title Dynamic Modeling of Grid Connected Photovoltaic System
Dissertation Credits 42

Candidate Mr. Nopporn Patcharaprakiti

Dissertation Advisors  Dr. Krissanapong Kirtikara

Dr. Dhirayut Chenvidhya

Program Doctor of Philosophy
Field of Study Energy Technology
Department Energy Technology
Faculty . School of Energy, Environment and Materials
B.E. ‘ 2554
Abstract

246180

This research proposes about dynamic modeling of grid connected photovoltaic inverter by using
system identification approach. The advantage of this approach is use only measured input and
output of system and it does not need the prior information of inverter. The system identification
modeling of inverter is divided into 2 stages. A first stage is experimental and collect input — output
data of inverter. The next stage is data processing by mean of statistic and mathematical theory.
Finally the optimize modeling with represent the system will be obtained and use to analyzed or
system evaluation. We choose 2 sizes of inverter for modeling follow as small size with 1,500 Watts

and large size 5,000 Watts.

The research experimental is classified into 4 sessions follow as First session, PV inverters are
tested by steady condition. In this condition 4 types of linear model and 4 types of nonlinear model
are chosen to evaluate the performance of model. Th;e result of modeling found that nonlinear model
can generate output of system with high accuracy than the linear model. The best model which can
represent system with low order equation and high accuracy is Hammerstein-Wiener model. A
Hammerstein-Wiener model has structure with nonlinear input part, linear part and nonlinear output
part. The structures of PV grid connected inverter are composed of controller, power electronics and
sensors respectively. Comparatively, a controller and a sensor have nonlinear behavior and power
electronics circuit represent the linear system. With this reason, the Hammerstein-Wiener model is

selected for explain the behavior of PV grid connected system.
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In this session, PV inverter under various conditions are experimented and modeled. The Step up
and Step down transient condition are designed for imitate an uncertainty behavior of solar
irradiance, temperature, load and utility. An Islanding condition is experimented for represent a
behavior of PV inverter when the utility collapse. The experimental setup is implemented and input-
output parameter are collected and transmitted into the computer. The Hammerstein-Wiener model
is selected for modeling both conditions. The result found that the obtained model can generate

output which has accuracy more than 85%.

The next se;siori, accuracy improvement of modeling is concentrated. The two techniques are
studied follow as cross validation techniques and Multi input Multi output system identification
approach. The goal of cross-validation is to estimate the expected level of fit of a model to a data
set that is independent of the data that were used to train the model. An inverter of a grid-connected
photovoltaic system has been tested and its model determined. The inverter operates in six steady
state conditions and their modelings is done using Hammerstein Wiener Model and leave one out
cross validation techniques. The average percentage accuracy of system identification with cross
validation data and no cross validation is 81.89 and 63.83 respectively. A multiple input multiple
output model is realized that a relationship between each input-output of parameter should be
considered simultaneously. A single input multiple output (SIMO) model, multiple input single
output (MISO) and multiple input multiple output (MIMO) are investigated. The experimental is
implemented and more input-output are collected and modeling approach is operated. The accuracy

of SIMO, MISO and MIMO are more than 90%.

The final session of this research is studied about modeling utilization. The obtained model from the
prior part can be analyzed by using nonlinear theory. The nonlinear model is linearized and then the
linear theory is used the analyzed. The system analysis which composed of time response, frequency
response and stability analysis are characterized. The electrical output predictions from model are

studied the power quality analysis based on IEEE standard.

Keyword: Dynamic modeling/System Identification/Hammerstein-Wiener/Photovoltaic inverter
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Vdc
Idc
Pdc
Vac
Iac
Pac
linv
Igrid
Iload

THDv
THDi
PCC
SN
TF
ZPK
X0

Y()

.Y (4
EMITYANHYU

ANUBUIA

QUNYN

ﬂ‘I‘IJ!’Jmt]'iJ (sampling time)
Resistance

Inductance

Capacitance

Inductive reactance
Capacitive reactance
Direct current voltage
Direct current

Direct current power
Alternating current voltage
Alternating current
Alternating Power
Inverter current

Grid current

Load current

real power

reactive power

apparent power

frequency

Total Harmonic Distortion of Voltage

Total Harmonic Distortion of Current

’

Point of Common Coupling
stage space equation
transfer function

zero pole gain

d o
NRBIAMSANIUE (state vector)

d o
NNNDITUUINVIDDN (output vector)
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W/m

second

Henry
Farad
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ue)
A()
B()
&0
D()

DEN
Z(z)
P(z)
tr

ts

ARMAX
BJ

OE

u(t)

y(t)

A(q)
B(q)
C(q)
D(q)
E(q)
nb

nf

nnmaé"ﬁiymuwmmu%’m?a&yupmmmu (input or control vector)
wnsnaelsaorusrsonadn (state matrix, dynamics matrix)
L?J?'l?ﬂ‘l?ﬁnﬁ’h (input matrix)

LUN3NFU180N (output matrix)

LMﬂ?ﬂ‘fﬁﬂuMN (feed-through or feed-forward matrix)
numerator

denumerator

Zeros

poles

rising time

settling time

overshoot

steady state error

mean

standard deviation

variance

Auto Regressive Model

Auto Regressive with Exogenous Model

Auto Regressive Moving Average Model

Auto Regressive Moving Average with Exogenous Model
Box Jenkins model

Output error model

Input

Output

Time shift operator
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nk : = IUIUAW U (Time delay)

NARX = Nonlinear Auto Regressive with Exogenous Model
HM = Hammerstein Model
WM = Wiener Model
HW = Hammerstein-Wiener Model
Dz = Deadzone estimator
ST = Saturation estimator
PW = Piecewise Linear estimator
SN = Sigmoidnet estimator
3
WN =" Wavelet Network estimator
u = input function
y = output function
r = #20A0DY (regressor)
Q = nonlinear subspace
P = linear subspace
|2 = linear coefficient
D . LEJWT‘V!GIB’E]NI."TM (output offset)
b = dilation coefficient
a = output coefficient
c = translation coefficient
f*) = Sigmoid function
as = scaling coefficient
aw = wavelet coefficient
bs = scaling dilation coefficient
bw = wavelet dil_étion coefficient
cs = scaling translation coefficient
cwW = wavelet translation coefficient
iH®) = scaling function (radial function)
(@) = wavelet function (radial function)
fit = Goodness of fit
AIC = Akaike Information Criterion

A% = Loss function



FPE
THD
Vrms
Irms
FCLV
FCMV
FCHV
FVMC
FVLC
FVHC
SISO
MISO
SIMO
MIMO

Final Prediction Error

Total Harmonic Distortion
Root Mean Square Voltage
Root Mean Square Current
Fix Current Low Voltage
Fix Current Medium Voltage
Fix Current High Voltage
Fix Voltage Medium Current
Fix Voltage Low Current
Fix Voltage High Current
Single Input Single output
Multiple Input Single output
Single Input Multiple output

Multiple Input Multiple output





