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Abstract

This paper gives an overview of different methoalsdollector parameter identification and uncettain
analysis. The parameters for two uncovered coltentmels have been identified based on measured dat
of a 50 M solar heating system under continental climatee fiodel parameters are determined using
two different parameter identification methods glabal optimization method and a matrix method
(Multi Linear Regression, MLR). For a steady statedel according to EN12975, the standard multi
linear regression has been implemented based dedkesquare method. The results are similardo th
parameters identified by (Rockendorf et al., 20fk)temperate climate, except for the heat transfer
coefficientb;. For the parameter identification of the iteratimen-linearized model (Frank, 2007) the
global optimization algorithm, particle swam optraion with constriction coefficient algorithm
(PSOCC), has been implemented in Genopt and couptadhe simulation tool TRNSYS. It runs stable
and gives plausible and reproducible results, hewetis more difficult to implement and has aden
running time.

1. INTRODUCTION
The thermal behaviour of solar collectors can sxdeed by mathematical models. With experimentally
or theoretically determined model parameters, tbdehshould deliver the thermal power gained by the
collector for given boundary conditions. In intetinaal standards (EN 12975, ISO 9806 and ASHRAE
93), test procedures and mathematical models aeribded that establish the collector efficiency emd
specific boundary conditions. The EN12975 provithegee different test procedures, the steady-stste t
(SST) under outdoor and indoor conditions and thesgdynamic test (QDT) under outdoor conditions.
(Fischer et al., 2004) and (Kratzenberg et al. 52@@mpared the SST and QDT for flat-plate collesto
and pointed out, that the QDT offers a much morenglete characterisation of the collector.
Furthermore, the QDT has the advantage of allowfiregexecution of more collector tests within the
same time period and using the same test equip@enthe other hand, the QDT requires a somewhat
more demanding effort for the parameter identif@maand their uncertainties. (Rojas et al., 20@8nd
that the three different SST methods accordingNalE975, ISO 9806 and ASHRAE 93 provide similar
results for the collector parameters.
The collector parameters are determined basedeoaxperimental test results. The EN12975 prescribes
multiple linear regression (MLR) as the paramet@entification tool to be used. However, the
identification of collector parameters by fittingetm to measured data is a mathematical minimization
problem in a multidimensional parameter space ambe performed using different methods. Several
parameter identificatiomethods of different complexity have been propaosdierature:
e Multiple linear regression (MLR)

0 Least square method (LS)

0 Weighted least square method (WLS)
« Dynamic parameter identification
« Artificial neural networks
e Generic optimization program
(Perers, 1993) remark that the MLR method basddSccan be used to identify collector parameters, bu
without statements about the uncertainties. A coispa between MLR based on LS and a dynamic
parameter identification method using the Levenbdayquardt Algorithm (implemented in the DF
program (Spirkl, 1990)) is presented in (Fischealet2003). The authors of the study show thah bot
methods lead to more or less the same resulthéardllector parameters.
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(Mathioulakis et al., 1999) developed a methodoltmyythe evaluation of uncertainties in the resols
solar collectors tests according to the SST metimdSO 9806. This methodology is based on
experimental uncertainties and on the implemematiothe WLS. (Miller-Schéll and Frei., 2000) and
(Sabatelli et al., 2002) remarked that the MLR esgion based on the LS is not the most accurate to
determine collector parameters and their uncertaiibr SST method in ISO 9806. The advantageef th
WLS in comparison to the LS method applied for @BT is shown in (Kratzenberg et al., 2006).
(Kalogirou, 2006) reported that artificial neuratworks (ANN) can be successfully used for collecto
parameter identification. For this approach six ANiNdels for flat-plate collectors have been devetbp
and validated.

In this study parameter identification is presenéith the use of measured data gained under cartéihe
climate for two different uncovered collector majehe steady-state model according EN12975 and an
iterative, non-linearized model (Frank, 2007). faeameters of the steady-state model were idedhtifie
using the LS method. The results are comparedeag#rameters obtained under European boundary
conditions (Rockendorf et al., 2001). The paransetérthe iterative model are determined using plarti
swam optimization with constriction coefficient atghm (PSOCC) implemented in the optimization
program GenOpt (GenOpt, 2009).

Methods for calculating uncertainties are descrilbedause of their significance for the model \atlwh
process.

2. BASIC CONCEPT OF CALCULATION OF UNCERTAINTY

The 1SO “Guide to the Expression of UncertaintyMeasurement “ (GUM, 1995) establishes a unified
method for evaluating and stating measurement tainges. The fundamental idea behind uncertaity i
that the value of each measurand can only be detedmwith an uncertainty due to systematic and
random errors. A brief description of the GUM meth® given in the following (cf. Adunka, 1998).
Systematic errorare similar values under identical conditions dadve from e.g. a defect measurement
instrument. But even if all systematic errors cobél quantified exactly and eliminated, the resafts
repeated measurements would not be the same. Siésrasually scatter randomly around the trueevalu
(of a perfect measurement). The causation of thesdom errorsare not correctable with the present
measurement equipment. The measurement result éstanated value and depends on random errors
and inadequate corrections of the systematic errors
The uncertainty gives us an interval around the smesment result in which the true value of the
measured quantity lies with a certain probabilfjg(rel.c). An uncertainty is thus not the samams
error. According to (GUM, 1995), two complementangthods of uncertainty estimation should always
be used. These are classified as type A and typetBods (VIM, 2004):
* TypeA: method of evaluation of a component of measuremecgrtainty by a statistical analysis of
quantity values obtained by measurements undeataipiéity conditions
« Type B: method of evaluation of a component of measuremaoértainty by means other than a
statistical analysis of quantity values obtainedr®asurement
The type A and type B classifies the method of uagay estimation and not the source of the etinat
causes the uncertainty. Nevertheless, type A umogytalways deals with uncertainty caused by ramdo
errors and type B uncertainty may deal with uraiety caused by systematic and random errors.

uncertaint

a) X b) )]

Figure 1. Comparison between systematic and raratoons; a) major random error; b) major systematic
error; ¢) Uncertainty is not the same as en ediffiefence: measurand and true value) (Glembin9200
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When a measurement is repeated under the sameionagdihe best estimated value for the true vaue
the arithmetic mean valug with the related Type A uncertainty, . A(X):

N

%. (%):  Unype A(7<)=\/N(+_l);(xi-7)z (1)

As is evident from Eq. 1, the type A uncertaintyhie empirical standard deviation of the mean ard c
be reduced by increasing the number of measurements

Unlike type A uncertainty estimation, uncertaintstimation of type B uses an assumed probability
density (a priori probability) which is connectamt £xample with the used measurement instrument. To
compute the type B uncertainty the variance of pin@bability distribution has to be developed. Ukstia
sensor specifications furnish the accuraayf the sensor, which is the maximum deviation frive true
valuex. Within the range between the upper limitx+a and the lower limig=x-a each value has equal
probability. So the type B uncertainty can be dalimd by the variance of the rectangular distriuti

_ a_z_ /(311‘31)2 )
uType B(X)_ 3 - 12

If a measurang depends on several measured valggswith their own uncertainty, then the combined
uncertaintyu.(y) is given by:

X =

M=

Il
iy

uc(y):Ji( jt@u(x) 222§f gf UK (X 9 @)
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The correlatiorr(X,Y) is a common measure of the relationship betweenramdom variableX andY,
which is defined with the covariancev(X,Y)between the variables (e.g. Montgomery, 2003):

r(X,Y)= o,y =0_“XOY_ L Cov(X,Y)=0,, = E[ (X= 1, )(Y- )] (@)

X=Y

The value of correlation lies between 0 (no coti@g and 1 (strict correlation). If no correlatids
present, the second summation term in Eq. 3 witdye.

uc(y)=\/i( J (%)’ ©)

=1

Assuming a Gaussian distribution of the measurerpemtess, the uncertainty tells us that the true
value of the measured quantity lies within. around the measurement result with a probabifit§896.
However, it has to be noted that most measurenesults are usually given the expanded uncertainty
by multiplyingu, by a coverage factdée

U =k (y) (6)

Preferably, a value df = 2 is to be used. In the case of a Gaussian disibdollows a confidence
interval of 95%.

3. COLLECTOR PARAMETER IDENTIFICATION METHODS

Identification of parameters in a model by fittitggm to measured data is a well established protess
methodology to determine the regression coeffisigmtalways the same (Adunka, 1998). An objective
function is defined to quantify the difference beem measured data and the model. Afterwards, the
regression coefficients are determined so thavahge of the objective function is minimized.

Thus, the identification of collector parameters rbgtching them to measured data is a mathematical
minimization problem in a multidimensional paramespace and can be performed using different
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methods. Nevertheless, the quality of parameteerdehation critically depends on the quality of
measured input data. Hence, the international atdsdorescribe the operation points of the colleato
well as the boundary conditions regarding the megqouénts of the evaluation model and the data aisalys
algorithm (e.g. MLR). Consequently, the SST has ynarore restrictions concerning the boundary
conditions than the QDT. If an investigation (evalidation of a model) differs in this boundary
conditions, a detailed analysis of measurement dabag statistical methods is essential. With this
analysis it is possible to estimate the qualitythe parameters before the real parameter idertidica
procedure for the MLR.

e Multiplelinear regression (MLR)
The basic assumption of the adjustment theoryesttkal disorder of the measurements, their normal
distribution and the maximum likelihood principlEhe target of parameter identification is to locate

model withk parameterg; to represent an array Nobservations(zil, Zyyes T s y) with the largest
accuracy:

¥(Z,....2,)= )( {( Z,..., g) v f( 20 @) ,1P1---1»J) 7)
If each observation can be described by Eq. (8)rditettionship is called a multiple linear regressio
(MLR) model. The responseis related tk regressor variablex; = fj (z1 ;V) and the parametgy

are called the regression coefficients, represgrtia expected change in respopger unit change ig;.
¢ is arandom error term.

Yi = Rt B+ pl+..+ px+e
. . 8
:po+z pX% *& i=12,..n ®)
j=1
The model specifies a hyperplane in the k-dimeraispace, which has generally non-linear shape. In
other words: The equationfs‘ (Zl ZW) = X behind the regressor variablggan be highly non-linear.

The least square (LS) method provides an obje&tivetion L, which must be minimized with respect to
Po:» Pu--»Px 1O estimate the regression coefficients in theRvhodel:

n

L=ia2=2(yi—po—j2ilpj>ﬁj2=2(ya—9i)2 ~ min ©)

i=1 i=1 i=1
The residual is defined as the difference betwdssewationy, and the fitted valuey, . The residual

mean square error (MSE) as well as the standarthtd®v of the regression coefficients is given by
(Kratzenberg, 2005):

: ~\2

Z(yl - yi ) (10)

MSE=2——  s(p])=,/var
— (p)=yvar(n)
For the steady state solar collector test modektfieiency of the collector is expressed by (Rookarf
et al., 2001 and prEN 12975-2, 1997):
T -T
o=, (1-b,)~(+ 5o T ay
with the net irradiatiorG’

G*:G+(£la)(EL—0'T:) (12)

In the LS method, the parametegsb,, b, andb, are fitted in a way that the sum of the squareat®ns
between the model resultg, , and measured resultg,, is minimized (cf. Eq. 9):

LZZ(”mei_nmq i)2 - min (13)

n
i=1
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Therefore Eg. (11) must be transforme into thegiesf Eq. (8):

2 (T XZT) (TX3 T)
Moo = Mo =110 Vo~ b oyt (14)
Pt()) (:)1 pz G E G

It must be noted that the LS method is correct enta the assumption that the uncertaintynf, is the

same for all data points. The problem with thisrapph is that, in reality, the uncertainty fgy,,

measured at low radiation e.g. is larger than tieedainty of those measured at high radiation.

That is why an alternate algorithm, the weightesiesquare (WLS) method, will be discussed. The WLS
method calculates a minimum based on measuredsvahe their uncertainties as well as on the model
parameters and their uncertainties. Thus the abgefiinction changes to:

Xz_z o I)_z[”men‘”mm] (15)

i=1 U, i=1 U (gi)
In this function, each square difference is dividgdthe square of the uncertainty of the correspand
data pointi (Kratzenberg et a., 2006):

vyl )

The uncertainty analysis for the SST is descrilmg@iiiller-Schéll and Frei., 2000) and for QDT in
(Kratzenberg et a., 2006).

e Dynamic parameter identification (DF program)

(Spirkl, 1990) has developed a dynamic parametentification method and implemented in the DF
program. This iterative search method uses the ilmargy Marquardt Algorithm, which has become the
standard of non-linear least square routines. Retaiescription of the algorithm can be found ire@3,
1992). A comparison between the MLR based on LSthaddynamic parameter identification method
has been made in (Fischer et al., 2003). The aatifdhe study reported that both methods leackoln

the same results for the collector parameters.hEurtore, the DF program has the advantage of high
flexibility with respect to the input data as wa#l to the collector model.

e Generic optimization program (GenOpt) and PSO algorithm

GenOpt is a generic optimization program, which imines an objective function with respect to
multiple parameters. The objective function is deteed by a simulation program (e.g. TRNSYS) tlsat i
iteratively called by GenOpt. The program has ealip including local and global multi-dimensional a
well as one-dimensional optimization algorithms.rtRermore, users can easily add their own
minimization algorithms to GenOpt's library. Thengeal working methodology of GenOpt has been
described in detail by (Wetter, 2001).

The PSO algorithms are population-based probabilisptimization algorithms first proposed by
(Kennedy and Eberhart, 1995). The PSO uses a simpddanism that mimics swarm behaviour in birds
flocking and fish schooling to guid the particles gearch for global optimal solutions. A detailed
description of the algorithm can be found in (Rolal., 2007).

It must be noted that the PSO does not provideifsgaions concerning the uncertainty of the locate
optimum. To calculate the uncertainty the followingethodology is performed. After locating the
assumed optimum using the PSO, a local minimizatiethod (Hooke-Jeeves algorithm) with the initial
values of the assumed optimum is applied. The Hdelexes algorithm works with a given increment
whichis comparabléo theaccuracyf a measurement instrumewtith Eq.(2) the uncertaintis given by:

uGenOpt: v 22/3 (17)

In this study the particle swam optimization witbnstriction coefficient algorithm (PSOCC) is used t
identify the collector parameters of an iteratimen-linearzised model for uncovered collector gitgn
(Frank, 2007):
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qusemo:a(Kt(e)mbt+ Kdl:Gd)_(U ﬁ+ U EBIJ(TP_ T)‘
oT, (18)
6,40 (To -Ti)~U(T,- T)- Cor e
The objective function is defined as the sum olierdquares of the difference between measured @aherm

output (¢, e ; @nd the model predictioq,, ., ; divided by the uncertainty of the measureu'(ct']use me i)
for each time step:

" [ Qe me = Ause mod
_ use me i use mo |
TE () )

The thermal output of the collector is calculatathwhe following well known equation:

quse me_ V,OC ( out Tr) (20)

If the measured input data (flow rate, density,cffieheat capacity and temperature difference) are
independent from each other, the uncertainty ohteasured thermal output can be calculated by:

6= =) o B o 2 )| o Sz 9
= (e =y (AT V) +(Vp D)) +( m D) +( oo (@ )Y

(21)

4. MEASUREMENTS

A test plant with 50 fhuncovered collector (Solar-Flex) is operating aarad to a district heating net in
Bishkek (Kyrgyzstan). The following measurementadhave been recorded as one minute average
values: global-, diffuse-, and long wave irradigrit@wv-, return- and ambient temperature, absofioer
rate, air humidity and wind speed. In the presamdysthe period between 11.08.2008 and 30.09.2608 i
analysed. All calculations are made with 10-miraiterage values.

For the SST method only data vectors are considbegdulfil the conditions of EN12975. Howevereth
wind speed does not fulfil the norm, but variesnssn 1 and 2 m/s. For the parameter identificatith
GenOpt all data are used.

Figure 1 shows a day in August 2008 with a typeaibient temperature and irradiation profile. The
water inlet temperature of the uncovered collegdar below the ambient temperature level. Duth&o
unusual operating conditions, the useful power gdithe collector can be larger than the irradiance
resulting an “efficiency” above one.
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Figure 1. Typical day in August (Bishkek, KyrgyzstaAmbient as well as collector temperatures eofi
(left). Irradiance, useful power gain and efficigrmé the collector (right)
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5. RESULTS

In the next subsection a multi linear regressiosedaon the least square method will be applied for
determining the parameters of the steady state Imbd¢he second subsection the parameters of the
iterative, non-linearized model are identified wizlenOpt.

» Parameter identification for the SST model usng MLR method based on LS
Probability plots are extremely useful and are roftiee first technique used in an effort to deteemin
which probability distribution is likely to provida reasonable model for the data. The observations
not even approximately lie along a straight linjrg a clear indication that the data do not faolla
normal distribution.
Figure 2 shows a normal probability plot as wellaahistogram of the residuals, indicating a normal
distribution of the residuals. Thus, the MLR based_S can be used according to the objective fancti
that is given in Eqg. (13).

distribution of residuals

normal probability plot of residuals —— normal distribution
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Figure 2. Normal probability plot of residuals {}edind histogram of residuals (right). Period under
review: 11.08.2008 - 30.09.2008 (only data vecémesconsidered that fulfil the conditions of EN12p7

Table 1 presents the collector parameters of teadgt state collector model (cf. Eq. 11) under
continental and temperate climate obtained by theRMnethod based on LS. Eg. (10) was used to
determine the standard deviation of each collegtwameter. The results are compared to results from
extensive tests carried out by Rockendorf (200he parameters are found to be of a similar order of
magnitude, except for bl. Bl refers to the heat lEefficient, so the heat transfer is smallertfar
energy gain (situation under continental climatayl darger for the energy losses (under temperate
climate). A possible cause is that if the colled®mwarmer than the ambient, the collector heags th
overlying air layer, which becomes warmer and ggedf the collector is colder than the ambieng, #ir
layer heats up the collector and relatively coasnia and the colder air stays down, therefore tha he
transfer rate could be lower.

Table 1. Collector parameters obtained by SST ucaletinental and temperate climate. The standard
deviation of each parameter is given in brackets

temperate climate

continental climate (Rockendorf et al., 2001)

o 0,823 (0,032) 0,843
b, in s/m 0,036 (0,028) 0,028
by in W/(nPK) 5,91 (1,79) 16,49

b, in J/(K) 5,53 (1,28) 4,07
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The resulting efficiency curve is shown in Figured® the left side of Figure 3, it can be seen éharge
share of the efficiency values are higher thantis Ts caused by the fact that also the enthalpthef
ambient air is used for heating the fluid. The agerefficiency for the considered timeframe is 008

the right side of Figure 3 a comparison of modelied measured efficiencies is shown, and correspond

reasonably well.
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Figure 3. Collector efficiency curve (left) and qoamison between measured and model collector
efficiency (right). Period under review: 11.08.200#0.09.2008 (only data vectors are considered tha
fulfil the conditions of EN12975)

e Parameter identification for theiterative, non-linearized model used GenOpt

The following section describes the results of gheameter identification with GenOpt for the iteraf
non-linearized model. First, the global optimizatimethod PSOCC is applied, followed by the local
optimization algorithm Hooke-Jeeves. The Hooke-dsealgorithm starts with the global optimized
PSOCC parameter values and leads to a slightherefitimum, because of the smaller steps. The
objective function improves with 0,4 %. The uneenty is calculated with Eq (17). The results are

shown in Table 2.

Table 2. Collector parameters obtained by iteratiem-linearzied model under continental climate

PSOCC Hooke-Jeeves
Uy in W/(nPK) 0,488 0,010
Uco in W/(m?K) 9,056 9,775
Uerin J/(nTK) 6,856 6,860
L in W/n? 1,598 E8 1,592 E8
Time of simulation in sec 700 50

In Figure 4 a multi dimensional parameter spagerésented with the objective function in dependence
only of Uy and Ug;. This is a global optimisation with the PSOCC noethAlthough there is a
concentration of points near the optimum, the atigor still tries to find an optimum outside this
concentration as can be seen in the Figure.

The measured and modelled collector output on & dweisis are shown in Figure 5 for the total
considered period. It is clear from the graph thet model matches the measurements well on the
majority of the days. As can be seen in Figureh®, major difference between measurements and
simulations is at night. During the day the valoegespond well.
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Figure 4. Identification of collector parametersiiginimization problem in a multidimensional
parameter space. The diagram shows the objectnatidun in dependence btf,, andU.,

1000

12 9004 " collector output, measured “‘“ﬁ:;ﬁ.p—
L] cgllector output, measured + collector output, model i ” -
10 H difference between measurment and model 800 & ';
7 h—d A‘l
3 700 _E‘f T
81 S 600 b 2,
2 2 :r-'
5 500 . *
6 k3] =
& 400 ey 2
= - "
o Py
4 g 300 i .
200 = 3 T S
sl e )‘* s
24 100 "‘h_.u__g'- n . L
LN L
aload v
0 0 ‘
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 0 2 4 6 8 012 14 16 18 20 22 24
days time

Figure 5. Comparison between modeled and measutetatn Period under review: 11.08.2008 -
30.09.2008 (left) and a typical day in August (tjgh

The MLR-LS method has several advantages compeBei®pt. It is relatively simple, fast and easily
applicable, since it has been integrated into repstadsheet programs. However, it is restrictdohéar

and non-iterative methods. Furthermore the regresisoEq. (14) should not be correlated. Also, the
uncertainty should be the same for all data potht, condition is generally not satisfied in sdiaating
systems.

GenOpt is much more flexible regarding measured datl models. In contrast to MLR-LS, uncertainties
can be included. Furthermore the coupling of TRNSN& GenOpt runs stable and the results are
reproducible. A disadvantage is that the optimisajprocess requires more time, minutes for GenOpt
compared to seconds for MLR-LS.

6.

SUMMARY AND OUTLOOK

The parameters for two uncovered collector modeigeibeen identified based on measured data of a
50 nf system under continental climate. For a steadie staodel according to EN12975 the standard
multi linear regression based on the least squatbad has been implemented. The results are sitoilar
the parameters identified by Rockendorf for temimectimate, except for the heat transfer coeffickeh

For the parameter identification of the iterativendinearized model a global optimization algorithm
implemented in Genopt has been coupled with thailaiion tool TRNSYS. It runs stable and gives
plausible and reproducible results, however, in@e difficult to implement and has a longer rugnin
time.

It is planned to analyse the sensitivities of ttentified parameters by applying the Morris aldorit
which is integrated in GenOpt (Kusyy, 2008)
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8. NOMENCLATURE

a accuracy of a sensor, different units

a accuracy of a sensor (lower limit),
different units

a, accuracy of a sensor (upper limit),
different units

b heat loss coefficient, W/(iK)

b, wind speed dependence of the heat loss
coefficient, J/(mK)

b, wind speed dependence of the zero heat

loss efficiency, s/m
c;  effective heat capacity of the collector,

J/(nTK)

C, specific heat capacity of the fluid,
J/(nTK)

E, long wave irradiance, W/m

G hemispherical irradiance in the collector
plane, W/m

net irradiance, W/
G,; hemispherical beam irradiance in

collector plane, W/fm

Gy, hemispherical diffuse irradiance in
collector plane, W/fm

k coverage factor

K, (©) incident angle modifier function for
beam radiation

Ky  incident angle modifier function for
diffuse radiation

L objective function (MLR based LS,
Genopt), different units

Ouse me Useful power gain (measured), W/m
Ouse me Useful power gain (modelled), Wim
T, ambient temperature, °C

T average fluid temperature, °C

T, inlet temperature of the collector, °C
T,  outlet temperature of the collector, °C

™

eff

o
,7me
,7m0

LS
MLR
QDT
SST
PSO
WLS

average temperature of the collector
surface, °C
sky temperature, K

regression coefficien} € 1..K), different

units
standard uncertainty (type A or type B),
different units

combined uncertainty, different units

expanded uncertainty, different units
heat transfer coefficient on the back side
of the collector, W/(1TK)

wind independent part of the convection
heat transfer coefficient, W/@i)

wind dependent part of the convection
heat transfer coefficient, J/¢K)

wind speed, m/s

regressor variables, different units

measured data, different units

increment Hooke-Jeeves Algorithm
absorption coefficient

objective function (MLR based on
WLS), different units

density, kg/m

emission coefficient of the absorber
surface

random error (MLR)

effective emission coefficient of the

absorber surface
zero heat loss efficiency

collector efficiency (measured)

collector efficiency (modelled)

Stefan-Boltzmann constant, Wif
Least square method

Multiple lineare regression
Quasi-dynamic test

Steady state test

Particle swam optimization
Weighted least square method
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