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Classical linear regression analysis by the method of Ordinary Least Squares (OLS) considers
errors to affect the dependent variable only, while it is implicitly assumed that the independent
or regressor variables are free of error. This assumption is frequently unrealistic, because measurement inaccuracies in the regressor variables are sometimes very large. If these variables
are correlated, which is often the case, model coefficients identified by OLS will be biased. This
issue may be of secondary concern if the model is used for predictive purposes only, but it is
problematic if the model coefficients are to be interpreted as physical quantities and used for
diagnostic purposes. A modeling approach that can overcome this deficiency is the Error-InVariable (EIV) regression approach, which can provide unbiased parameter estimates even in
the presence of errors in the regressor variables (under the assumption that the errors are unbiased and normally distributed) and when the regressor variables are correlated. This paper
describes this method, and, based on precise chiller performance data measured in a laboratory, illustrates the benefit and advantage of the EIV method over the OLS method in the framework of the Gordon and Ng (GN) chiller model. It is found that biased parameter estimates are
very likely to occur when OLS is used for identification using the GN model even when
well-maintained field instrumentation is used. This bias in parameter estimates can be minimized or even eliminated when the EIV method is used instead.

INTRODUCTION
Regression analysis is widely used in the engineering science to describe empirical relationships between measured data. The most widely used method of regression analysis is the Ordinary Least Squares (OLS) method, which minimizes the sum of the squared residuals (Draper
and Smith 1981). However, one of the basic assumptions in OLS is that errors are present only
in the dependent variables, whereas the independent or regressor variables are free of error. This
assumption is frequently unrealistic, because sampling errors, measurement errors, modeling
errors, etc., may imply random inaccuracies in the independent variables as well (van Huffel and
Vandewalle 1991). A consequence of neglecting the errors in the independent variables is that
model parameter estimates obtained by OLS are biased [see, e.g., Draper and Smith (1981)]. A
possible remedy that could remove this bias may be the use of Error in Variable (EIV) models
(Brown and Fuller 1989; Casella and Berger 1990; Draper and Smith 1981; Fuller 1987).
If the purpose of the model is purely predictive, then a model determined by OLS is probably
as good as the EIV model for the mean predictive value (Draper and Smith 1981). However,
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estimating the associated uncertainty or confidence intervals or bands is an equally important
issue. Because the prediction errors are calculated as the sum of the squared distances between
the dependent variable and the model predictions, the sum of squared residuals will be unrealistically small when using OLS. This also implies that prediction confidence intervals estimated
by the OLS method will be misleadingly tighter. This issue is of concern in certain types of
applications, for example in fault detection using control chart techniques (Box and Luceno
1997). How to estimate prediction confidence levels in such cases is treated in advanced statistical textbooks (e.g., Fuller 1987) and is not the focus of this paper.
In many applications the accuracy of model parameters is important, especially when the
model parameters have to be interpreted physically. An obvious example is the use of physical
models for Fault Detection and Diagnosis (FDD) of engineering systems. This type of
model-based diagnosis has reached a certain maturity in the engineering field (Chen and Patton
1999; Gertler 1998) and is also being increasingly adopted to the FDD of HVAC&R components and systems (e.g., Grimmelius et al. 1995; Han et al. 1999; Haves et al. 1996; Karki and
Karjalainen 1999; Lee et al. 1996; Ng et al. 1997; Reddy et al. 2001; Rossi and Braun 1997;
Stylianou and Nikanpor 1996).
The objective of this study is to evaluate the benefit in using the EIV model approach as compared to the OLS method. The evaluation is performed in the framework of a steady-state linear
chiller performance model proposed by Gordon and Ng (1994, 1995) and later refined by Ng
et al. (1997). The Gordon-Ng model (Gordon and Ng 2000) is derived from the laws of thermodynamics to which realistic approximations have been made in modeling the various heat transfer phenomena occurring in actual chillers. The great benefit of the model is not only that it is
linear, but also that its formulation is such that the model parameters have a direct physical
interpretation.
Comparison of both parameter identification approaches requires that the “correct” physical
parameters values are available. Published data by Ng et al. (1997), who made very careful and
meticulous performance measurements on a chiller in the lab and also determined the physical
parameters of the same chiller by direct independent measurement, are used. Different noise levels can be added to the chiller performance data to mimic the larger uncertainties present in field
measurements. Such data allow investigation of the extent to which OLS and EIV parameter estimates differ from the “correct” values as the noise level is increased. Because the physical parameters are measured explicitly, whether or not the parameter estimates are biased can be evaluated.
Aside from comparing the parameter estimates themselves, tests with different noise levels can
provide guidelines of how accurate the instrumentation for field monitoring ought to be to obtain
reasonably accurate and unbiased physical parameter estimates using a specific model. Furthermore, simulation studies with both the OLS and the EIV methods can provide an indication of the
extent to which sensor uncertainty influences the variance of the parameter estimates.
The EIV method is described first, followed by that of the Gordon-Ng model. The lab chiller
data used for the comparison are then described. Different methods to obtain the EIV estimates
are discussed, and estimation and simulation results are presented. The final section provides a
summary of the paper.

REGRESSION WITH EIV
Regression with errors in variables (EIV) is also known as the measurement error model, see
for example (Draper and Smith 1981; Fuller 1987). The model is a generalization of the simple
linear regression of the form
Y i Z α H βX i H ε i

(1)
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where Yi is the dependent variable(s), Xi is the regressor(s) or independent variable(s), α and β
are the model parameters, and εi is the error term, which is assumed to be normally distributed
with mean 0 and variance σ 2ε .
The main difference between OLS and EIV is that the EIV model is applicable even when the
variables are not known with full certainty (i.e., have inherent uncertainty). Instead, the regressor variable is taken to be a random variable with the mean Xi. The general EIV model assumes
that observed pairs (xi, yi) are discrete sampled realizations of random variables whose mean
values satisfy the linear relationship
E [ Y i ] Z α H βE [ X i ]

(2)

Posing E[Yi] = ηi and E[Xi] = ξi, the relationship given by Equation (2) becomes
η i Z α H βξ i

(3)

which is a linear relationship between the mean values of the random variables. The variables ξi
and ηi are sometimes called latent variables—quantities that cannot be directly measured. Latent
variables may be not only impossible to measure directly, but impossible to measure at all. If we
are regressing Y on X (i.e., modeling Y as the response and X as the regressor), we can define the
EIV model as
Y i Z α H βx i H ε i
Xi Z ξi H δi

2

ε i ∈ N ( 0, σ ε )
2

(4)

δ i ∈ N ( 0, σ δ )

where N(0, σ2) implies a normally distributed random number with mean 0 and variance σ 2.
There are two different types of relationships that can be specified in the EIV model formulation: one that specifies a linear functional relationship, and one describing the structural linear
relationship (Casella and Berger 1990). The linear functional relationship is as described in
Equation (4). The parameters of interest are α and β, and inference on these parameters is made
using the joint distribution of (Xi, Yi ) conditional on ξi.
2
For the structural model, the dependent variables are modeled as ξ i ∈ N ( ξ Iσ ξ ) . As in the
functional model, the parameters of interest are α and β but inference on these parameters is
now made using the joint distribution of (Xi, Yi ) unconditional on ξi. For physical systems, a
functional relationship is generally the most appealing, as the dependent variables can be controlled to some extent. Only models of this type are considered.

A PHYSICAL MODEL FOR CHILLER PERFORMANCE
This section outlines the universal thermodynamic chiller model proposed by Gordon and Ng
(1994, 1995) and later extended by Ng et al. (1997), which will henceforth be referred to as GN
model (Gordon and Ng 2000). Both the OLS and EIV methods were applied to obtain estimates
of the physical parameters appearing in the GN model. The GN model is a simple, analytical,
universal model for chiller performance based on first principles of thermodynamics and linearized heat losses. The model predicts the dependent chiller COP, defined as the ratio of chiller (or
evaporator) thermal cooling capacity by the electrical power P consumed by the chiller (or compressor) with specially chosen independent and easily measurable parameters such as the fluid
(water or air) inlet temperature to the condenser, fluid temperature entering the evaporator (or
the chilled water return temperature from the building), and the thermal cooling capacity of the
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evaporator. The GN model is a linear three-parameter model, which, for parameter identification, takes the following form:
1
 ---------- H 1 Q ch


T
(
T
Ó
T
)
T
COP
1chi
chi
cdi
chi
 ---------
H 1 ---------- Ó 1 Z a 1 ---------- H a 2 ------------------------------- H a 3 ----------------------------------- COP
 T cdi
T cdi Q ch
Q ch
T cdi

(5)

where the temperatures are in absolute units.
The parameters of the model given by Equation (5) have physical meaning:
• a 1 Z ∆S , the total internal entropy production rate in the chiller,
• a 2 Z Q leak , the rate of heat losses (or gains) from (or into) the chiller,
1
1
• a 3 Z R , the total heat exchanger thermal resistance = --------- H --------C cd C ch
where C is the effective thermal conductance of either the condenser (cd) or the evaporator (ch).
Typically Qleak is an order of magnitude smaller than the other terms. Though small, it is not
negligible for accurate modeling. It should be retained in the model if the other two parameters
being identified are to be used for chiller diagnostics (Gordon and Ng 2000).
The following variables are introduced:
1  ---------H 1 Q ch
 COP

T chi
T cdi Ó T chi
T chi
1
x 1 Z ---------- , x 2 Z -------------------------- , x 3 Z ------------------------------------ , and y Z  ----------- H 1 ---------- Ó 1
 COP
 T cdi
Q ch
T cdi
T cdi Q ch

(6)

allowing the model given by Equation (5) to be reduced to
y Z a1 x1 H a2 x2 H a3 x3

(7)

The model has also been extended to apply to the case of variable condenser flow rate (Gordon
et al. 2000).

DATA
The data in this study, taken from Ng et al. (1997), are from a semihermetic reciprocating
chiller with a nominal cooling capacity of 10.5 kW. It consists of 30 high-accuracy measurements of Tchi, Tcdi, Qch, and P, taken within a laboratory test loop. The units of these variables and their measurement accuracy are shown in Table 1. The measurement errors of the
different variables can be assumed to share no common elemental source (i.e., the errors are
uncorrelated).
Table 1. Experimental Uncertainty of Various Performance Variables
for Chiller Tested in Laboratory (taken from Ng et al. 1997)
Variable
Tcdi
Tchi
Qevap
P

Uncertainty
±0.05 K
±0.05 K
±0.2 kW
±0.01 kW
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Figure 1. Measured Chiller Data Tested in Laboratory
The x axis denotes the observation number, and the y axis the measured quantity.

Table 2. Mean Value (E) and Standard Deviation (S) of Measurements
of Physical Parameters in GN Model
E[R]

S[R]

E[∆S]

S[∆S]

E[Qleak]

S[Qleak]

2.689

0.177

5.518 × 10–3

2.16 × 10–4

2.723

1.016

The data are plotted in Figure 1 to provide a sense of the range of variation in the performance
variables. Besides measuring the four performance variables, Ng et al. (1997) were also able
to separately measure the individual physical parameters of the chiller (∆S, Qleak, and R) by
means of intrusive component-level high-grade instrumentation. The mean and standard
deviation of these measurements are shown in Table 2. The corresponding values obtained by
–3
OLS to the original performance data are R Z 2.505 K ⁄ kW , ∆S Z 5.55 × 10 kW/K , and
Q leak Z 4.38 kW .
These values are close to one standard deviation (except for Qleak, which, as stated, is very
small and hence difficult to measure accurately). They are consistent with each other, which
indicates that both the performance data and the GN model on one hand, and the independently
measured physical parameters of the GN model on the other hand, are of high quality.
Table 3 demonstrates the extent to which the various measured variables and latent variables
of the GN model are correlated amongst themselves. Correlation among regressors influences
the parameter estimation, and attention needs to be paid to the correlation strengths. It is evident
from Table 3 that the latent variables are very strongly intercorrelated, more so than the basic
measured variables, which is a clear drawback of the GN formulation from a parameter estimation viewpoint. The GN model (Equation 5) could be reformulated so that the corresponding
latent regressor set is less intercorrelated, but the ability to interpret the model parameters in
physical terms, which is the essence of the problem under study in this paper, would be lost.
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Table 3. Correlation Matrix of Measured and Latent Variables of GN Model
Y
X1
X2
X3

Tchi

Tcdi

Qch

P

1.0
0.91
0.96
–0.88
Y

–0.002
1.0
0.92
–0.99
X1

–0.248
0.96
1.0
–0.90
X2

0.750
0.63
0.441
1.0
X3

Tchi
Tcdi
Qch
P

PARAMETER ESTIMATION BASED ON MOMENTS
In this section the estimation of model parameters and different ways of determining and
accounting for the influence of the measurement error on the independent variables, are discussed.
In OLS estimation, the regression parameters are determined by
T

–1

T

β OLS Z ( X X ) X Y

(8)

where X is a matrix of size n × p (i.e., p independent variables, each containing n observations)
and Y is a matrix of size n × q, where q is the number of dependent variables. Using OLS [Equation (8)], the independent variables X are assumed to be free of error. If the variances of the measurement errors are known, the bias of the OLS estimator can be removed and a consistent
estimator, called Corrected Least Squares (CLS), can be derived (Draper and Smith 1981). The
CLS corrects for the extra source of error in an EIV model and can be considered to be a
method-of-moments. Assuming that the correlation between errors in the dependent variables
and the errors in the independent variables are uncorrelated, the estimator becomes
T

2 –1

T

2

β CLS Z ( X X Ó S xx ) ( X Y Ó S xy )
2

(9)
2

where S xx is a p × p matrix with the covariance of the measurement errors and S xy is a p × 1
vector with the covariance between the regressor variables and the dependent variable.
The difference between OLS and CLS is seen directly from Equations (8) and (9) and may be
interpreted graphically (Figure 2). It is well known that OLS provides the parameter estimates
that minimize the sum of squared residuals, assuming all the uncertainty to be present in the
dependent variable only. The CLS, on the other hand, accounts (corrects) for the uncertainty in
the independent variables as well, and thus minimizes the distance given by the ratio of the
uncertainty in the dependent and the independent variables, as seen in Figure 2.
When no measurement noise is present in the predictor variables, the OLS and EIV estimators
produce the same results. This is seen directly when comparing the equations for the two estimators, Equations (8) for OLS and (9) for EIV, respectively, as the correction terms vanish. For this
kind of modeling problem, the results are entirely based on the assumptions, and the assumptions may or may not be appropriate. It is only possible to use a statistical method when one has
a good idea about the nature and location of the measurement errors. As a rule of thumb, if the
noise level in the independent variable is less than about one-fifth the noise in the dependent
variable, then there is little benefit in applying EIV regression as compared to OLS. The
one-fifth rule has been suggested for the simple regression case, and should not be used for
multiregression with correlated regressors.
Another simple conceptual explanation is that Equation (9) performs on the estimator matrix
an effect essentially the opposite of what ridge regression does (see, e.g., Chatterjee and Price
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Figure 2. Difference in Residual Minimization Schemes Adopted by EIV and OLS
*Denotes empirical data points; solid lines are estimates of OLS and EIV models, respectively.
This figure illustrates how the intercept and slope in the model with one independent regressor
will change according to the distance being minimized (dotted lines). If model parameters
(intercept and slope) can be interpreted physically, OLS would give biased
parameter estimates.

1991). Ridge regression modifies the dispersion in the numerical values of the X variables in
order to reduce the adverse effect of multicollinearity on the estimated parameter bias, but CLS
tightens the variation in an attempt to reduce the effect of random error on the X variables. Thus,
whereas ridge regression is a “numerical trick” used to overcome problems due to multicollinearity in the parameter estimation, CLS has the opposite effect and is interpreted as an EIV
approach to account for measurement error in the independent variables. Whereas ridge regression is only appropriate for problems involving multicollinearity, EIV is reasonable regardless
of whether the regressor variables are correlated. Note that the EIV method may worsen the
numerical stability of the estimation procedure if the regressor variables are correlated.
The estimates obtained by βOLS and βCLS for the GN model can be compared. Computation
2
2
of βOLS is straightforward using Equation (8). In order to determine βCLS, S xx and S xy need to
be calculated. This requires knowledge of the measurement errors, and one of three methods can
be adopted:
2
2
• Computation of S xx and S xy by propagation of errors
2

2

• Computation of S xx and S xy by applying stochastic calculus
2
2
• Computation of S xx and S xy by stochastic simulation
These three methods are discussed and compared in the following sections.
2

2

Computation of S xx and S xy by Propagation of Errors
For a model (or a function f ) such that Φ Z f ( δ, γ, λ ) , and with δ, γ, and λ measured with
known uncertainties σδ, σγ, and σλ, respectively, the uncertainty σΦ in Φ can be approximated
by the standard error propagation formula based on a first-order Taylor Series approximation
(Coleman and Steele 1999):
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∂f ∂f
2
2 ∂f 2
2 ∂f 2
2 ∂f 2
σ Φ Z σ δ  ------  H σ γ  -----  H σ λ  ------  H 2cov ( δ, λ ) ------ ----- H …
 ∂δ 
 ∂γ 
 ∂λ 
∂δ ∂γ

(10)

where cov(δ, γ) is the covariance between the variables δ and γ.
Though the measurement errors of the four basic variables (Tchi, Tcdi, Qch, and P) can be
assumed to be uncorrelated (i.e., their covariance terms are zero), the errors in the latent regressor
variables [i.e., x1 , x2, and x3 as defined by Equation (6)] are not uncorrelated because they share
common measurement variables (e.g., x1 and x2 both contain Tchi and Qch). Equation (10) can be
used to compute the correction factors for the model. Because there are three regressor variables
and one dependent variable in the GN model, nine correction factors need to be computed.
2

2

2

2

S x1,x1 S x1,x2 S x1,x3
2
2
2
S xx Z S 2
x1,x2 S x2,x2 S x2,x3
2

2

S x1,y
and

2

S x1,x3 S x2,x3 S x3,x3
2

2

2

S xy Z S 2
x2,y

(11)

2

S x3,y

2

where S x1,x1 Z σ x1 , S x1,x2 Z σ x1 σ x2 , etc. The determination of the elements of the matrix in
2
Equation (11) will be illustrated with the GN model. The calculation of S x1,x1
, which is the correction factor for the term x1x1, will be shown. From the GN model given by Equation (5), the
regressor variable x1 was defined as
T chi
x 1 Z ---------Q ch
Applying Equation (10), the following correction factor was obtained (because the measurement
errors of the basic variables are uncorrelated, the covariance term is zero):
2
2
2
2
2  T chi 
1 2
S x1,x1 Z σ x1 Z σ T  ---------  H σ Q  ---------- 
 Q ch 
 Q 2ch 
2

(12)

2

where σ T and σ Q are the variance of the measurement error for the temperature and the thermal load, respectively.
2

2

Computation of S xx and S xy by Applying Stochastic Calculus
2

2

S xx and S xy can also be calculated by comparing the expressions of X TX and X TY for both
noisy and noise-free variables, and then applying stochastic calculus. For the GN model, the cal2
culation of S x1,x1
will be shown. Because the variables in this expression are measured and thus
contain error, the measurements are T̂ cdi Z T cdi H ε 1 , T̂ chi Z T chi H ε 2 , Q̂ ch Z Q ch H ε 3 ,
and P̂ Z P H ε 4 , where εi denotes the measurement error for the different variables, which is
2
assumed to be normally distributed with mean 0 and variance σ i . Thus, the expression for x̂ 1
can be written as
T chi H ε 2
x̂ 1 Z --------------------Q ch H ε 3

(13)
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For parameter estimation, the element x̂ 1 x̂ 1 (element 1,1 in X TX) becomes
T chi H ε 2 2
x̂ 1 x̂ 1 Z  ---------------------
 Q ch H ε 3 

(14)

The noise-free counterpart to Equation (14) becomes
T chi 2
x 1 x 1 Z  ---------- 
 Q ch 

(15)

By comparing Equation (14), where noise is included, with the noise-free expression given by
2
Equation (15), the correction factor S x1,x1 is determined to be
2

x 1 x 1 Z x̂ 1 x̂ 1 Ó S x1,x1

(16)

2

The calculation of S x1,x1 can be done by applying stochastic calculus, assuming that the errors
are independent with mean 0 and variance equal to the square of the measurement error. For two
sources of error, ε1 and ε2,
E [ ε1 ] Z 0 ,

E [ ε2 ] Z 0 ,

E [ ε1 ε2 ] Z 0 ,

2

E [ ε1 ε1 ] Z σ1 ,

2

E [ ε2 ε2 ] Z σ2

(17)

and all higher-order terms (equal to or higher than 3) are equal to zero. The standard deviation is
given by
2

2
S x1,x1

2

2

2

2

σ Q T chi H σ T Q ch
Z ---------------------------------------2
2
2
Q ch ( Q ch H σ Q )

(18)

2

where σ T and σ Q are the variance of the measurement error for the temperature and the thermal load, respectively. Although Equation (18) may seem complicated, it can be computed with
standard computer software such as Maple V or Mathematica. Furthermore, the method can provide insights as to which measurement errors are likely to contribute the most to the correction
factor and thus are most important to reduce. Finally, it should be noted that the expression
given by Equation (18) is slightly different from the approximation found by the method of
propagation of errors [i.e., Equation (12)]. However, the numerical values are almost identical,
and in this study the influence of the approximation made by propagation of errors has been
found to be negligible.
2

2

Computation of S xx and S xy by Applying Stochastic Simulation
Finally, an estimate of the correction factors may be found by stochastic (or Monte Carlo)
simulation, also known as bootstrapping (Davison and Hinkley 1997). The method may be useful if the data at hand are assumed noise-free and one needs to investigate how increasing sensor
error will affect the parameter estimates. The following equation is used:
x1 Z x̂1 Ó S x1

(19)
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where x1 and x̂1 are noise-free and noisy values of the variable x1, respectively, and Sx1 is the
measurement error.
The correction factor can be estimated by adding noise to the noise-free data x1 and then
repeating this simulation to obtain a large data set (e.g., 1000 values) of noisy data x̂1 . The correction factor for each series is then found by
2

S x1,x1 Z ( x̂1 Ó x1 ) 2

(20)

Finally, a consistent estimate of the correction factor may be obtained by averaging over the
total number of simulation runs.

Comparison of Methods for Computing the Correction Factor
Stochastic simulation is probably best if the data at hand are close to being noise free and the
purpose of the study is to investigate the effect of neglecting measurement errors in the parameter estimation. This method is less useful if the data at hand are considered noisy and the purpose
of the study is to obtain corrected and less biased parameter estimates. This is not an issue for
the two other methods, which may be used to investigate the effect of neglecting measurement
errors in the parameter estimation and to correct for parameter bias in noisy data.
The method of propagation may be the most attractive from a practical viewpoint. Many standard programs exist that can provide estimates of the uncertainty due to errors in the variables
and thus an estimate of the correction factors. The stochastic calculus method also gives correct
results but is not as well known, is more tedious, and perhaps not as straightforward as the propagation of errors method, even though general-purpose mathematical software can be used.
In general, using stochastic calculus when the measurement errors in the regressors are correlated is recommended. If this is not the case, it may be more attractive to use the method of propagation of errors. Finally, if the purpose is to get a rough estimate of the effect of measurement
error on the parameter estimates, the method of stochastic simulation may be the fastest and
most attractive method.

PARAMETER ESTIMATION USING THE GN MODEL
In order to study the effect of the noise level in the performance variables on the unbiased estimation, a set of unbiased model parameters is required. The mean values listed in Table 2 have
been identified from experimental data (containing uncertainties shown in Table 1) and will be
used as the basis of comparison. The data presented earlier are thus assumed to be noise free, even
though this is not strictly true. With the “correct” physical parameters thus determined, the estimated parameters following OLS and EIV can be compared against this set of parameters.
Table 1 assembled the uncertainty in the four performance variables as dictated by the instrumentation used. These accuracies are representative of the best (i.e., lowest uncertainties), one
could hope to achieve in the laboratory. In the field, the associated uncertainties are bound to be
higher, and consequently, different levels of errors need to be introduced to this basic data set.
Normally distributed random numbers with different levels of standard deviation (to mimic precision error) were generated. Biases to the measurements themselves were not introduced.
Biases in measurement often appear in practical measurement installations (e.g., measurements
made too close to a bend in the piping). If the magnitude of these biases can be estimated, correlations can be made. If the magnitude of the bias is not known, there is no rational means of
making any corrections to the estimated model parameters, and the parameter estimates are
likely to be biased. For applications such as FDD where the fault-free and faulty operation both
use the same sensors, the effect of such biases in physical parameter estimates would be small if
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not negligible. Following Coleman and Steele (1999), the error introduced will be assumed to
include both bias and precision measurement errors.
In an effort to be realistic in how the lab-measured data are corrupted, the same magnitude of
relative uncertainties of the four variables shown in Table 1 was maintained, and the same multiplier for all four variables was used. Hence, a value of 1.2 would imply that the uncertainties of
all four variables have been increased by 20% from those given in Table 1. A value of 0 would
imply that no noise has been added to the set of 30 observations. For the purposes of the evaluation performed, normally distributed noise ranging in magnitude from 0 to 2 (with step of 0.1)
was added to the basic measured data. The selection of the upper value of 2 was based on what is
considered to be realistic uncertainty levels to be found in well-maintained field instrumentation
relating to chillers. No noise was added to the latent variables Y and Xi themselves.
Before the estimation, the latent regressor variables were scaled so that the magnitudes were
of the same order. This was merely for numerical purposes, to make the parameter estimates
more stable and to reduce the problem with correlated regressors. The scaling does not affect the
physical meaning of the model parameters. Other, more effective tools to avoid multicollinearity, such as ridge regression, cannot be applied as the physical interpretation of the model will be
compromised.
The parameters for the data at different noise levels using both the OLS method and the EIV
method were estimated. For the EIV parameter estimates, the correction factors were calculated
using all the three suggested methods to ensure that all three methods yield equivalent results.
The parameter estimates in the GN model, ∆S, Qleak, and R, are shown in Figures 3 to 5, when
both the OLS and the EIV method are used for different magnitudes of noise added to the measured data. The estimation for each parameter and noise level was repeated 1000 times using different noise sequences. The mean and corresponding 95% confidence intervals are shown in the
plots. When no noise is added, the two estimators produce the same estimates, as expected.
More important, as the noise level increases, the OLS estimates drift away from their true values. When the magnitude of the errors is greater than about 1.4, the true parameter values fall
outside the 95% confidence level and may be regarded as being statistically different. Because a
multiplier of 2.0 is representative of the uncertainty level to be found even in well-maintained
field instrumentation, it is clear that unbiased parameter estimates are very likely to occur if
OLS is used for identification using the GN model. This is not the case for the EIV method: the
mean value of the parameter estimates are very close to the true values, even when the magnitude of error is as large as 2.0. This example illustrates that when magnitude of the measurement
error is known, consistent estimates can be obtained by the EIV method, which avoids the
biased estimates problem that plagues the OLS method.
The practical implication is that the GN model physical parameters estimated by the OLS
method and used in a control chart (Box and Luceno 1997) setting to detect the onset of deviations or faults in chiller performance are likely to be biased and lead to misinterpretation and
false alarms. Parameters estimated by the EIV method are likely to yield physical parameters
much more consistent with those determined by the chiller manufactures under careful in-house
lab tests using high-grade sensors.
As expected, it was found that a larger sample size led to more accurate estimates and tighter
parameter confidence bands. Also, the uncertainty bands of the EIV method are slightly larger
than those obtained by the OLS method; this is a consequence of the well-known fact that a
reduction in bias implies an increase in variance.

SUMMARY
The objective of this paper was to demonstrate that unbiased parameter estimates can be identified by the EIV regression approach when (1) measurement errors are present in the regressor
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Figure 3. Comparison of OLS and EIV Estimates of Entropy Rate
with Increasing Noise in Measured Variables
A value of 2 for the x axis indicates that the uncertainty values of all four measured variables
shown in Table 1 have been doubled.

Figure 4. Comparison of OLS and EIV Estimates of Rate of Chiller Heat Losses

VOLUME 8, NUMBER 3, JULY 2002

307

Figure 5. Comparison of OLS and EIV Estimates of
Heat Exchanger Thermal Resistance

variables, and (2) these variables are strongly correlated. It was demonstrated, on the other hand,
that OLS estimation leads to biased model parameter estimates whose magnitude of bias
increases as the measurement error is increased. However, in order for the EIV method to yield
fully unbiased estimates, the levels or magnitude of the measurement errors, assumed to be random and normally distributed only, should be fairly well known in advance. Otherwise, the
method may suffer from the same type of problem that the OLS method does: biased estimates.
From a practical standpoint, even a realistic guess-estimate would be better than using OLS, the
degree of lack of bias being in proportion to how accurately the measurement errors in the
regressors are estimated.
The need for such a procedure in the framework of chiller FDD was discussed. If the purpose
of the chiller model identified from actual performance data is to predict future chiller performance, model parameter bias is not a critical issue. Although a model identified by OLS will
probably predict the mean value of the response as well as that of an EIV model, the prediction
uncertainty or confidence bands will be underestimated. However, when the goal is to interpret
the model parameters in terms of physical equipment health or performance, as in the example
of the GN chiller model, then model parameter bias assumes a new importance. The EIV regression approach is clearly superior to the OLS method. The evaluation of both identification methods is based on precise chiller performance data, measured in a laboratory, to which different
magnitudes of noise have been added to mimic field conditions. An important finding of this
study is that biased parameter estimates are very likely to occur when OLS is used for identification using the GN model, even when well-maintained field instrumentation is used, an issue
which has direct bearing on automated FDD.
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NOMENCLATURE
model parameter = ∆S
model parameter = Qleak
model parameter = R
thermal conductance of the heat exchangers
of the chiller, kW/K
E
mean or expected value
n
number of observations
P
electric power consumed by the chiller, kW
p
number of regressor variables
Qch thermal cooling capacity of the chiller, kW
Qleak heat losses or gains from or to the chiller, kW
R
total heat exchanger thermal resistance,
K/kW
S
standard deviation
Tcdi fluid inlet temperature to the condenser, K
Tchi fluid inlet temperature to the chiller or
evaporator, K
X, x regressor variable(s)
Y, y response variable(s)
a1
a2
a3
C

Greek Letters
α, β
ε, δ, φ
σ2
ξ
η
∆S

model parameters
error
variance
latent variable, or unobservable state
variable
latent variable, or unobservable state
variable
total internal entropy production in the
chiller, kW/K

Acronyms
COP
CLS
EIV
FDD
OLS

coefficient of performance
corrected least squares
error in variables
fault detection and diagnosis
ordinary least squares
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