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This paper presents the research results of comparing the suitability of four different chiller performance models to be used for on-line automated fault detection and diagnosis (FDD) of
vapor-compression chillers. The models were limited to steady-state performance and included
(a) black-box multivariate polynomial (MP) models; (b) artificial neural network (ANN) models, specifically radial basis function (RBF) and multilayer perceptron (MLP); (c) the generic
physical component (PC) model approach; and (d) the lumped physical Gordon-Ng (GN)
model. All models except for (b) are linear in the parameters. A review of the engineering literature identified the three following on-line training schemes as suitable for evaluation: ordinary
recursive least squares (ORLS) under incremental window scheme, sliding window scheme, and
weighted recursive least squares (WRLS) scheme, where more weight is given to newer data.
The evaluation was done based on five months of data from a 220 ton field-operated chiller from
Toronto (a data set of 810 data points) and fourteen days of data from a 450 ton field-operated
chiller (a set of about 1120 data points) located on Drexel University campus. The evaluation
included a preliminary off-line or batch analysis to gain a first understanding of the suitability
of the various models and their particular drawbacks and then to investigate whether the different chiller models exhibit any time variant or seasonal behavior. The subsequent on-line evaluation consisted of assessing the various models in terms of their suitability for model parameter
tracking as well as model prediction accuracy (which would provide the necessary thresholds
for flagging occurrence of faults). The former assessment suggested that parameter tracking
using the GN model parameters could be a viable option for fault detection (FD) implementation, while the black box models were not at all suitable given their high standard errors. The
assessment of models in terms of their internal prediction accuracy revealed that the MLP
model was best, followed by the MP and GN models. However, the more important test of external predictive accuracy suggests that all models are equally accurate (CV about 2% to 4%) and,
hence, comparable within the experimental uncertainty of the data. ORLS with incremental window scheme was found to be the most robust compared to the other computational schemes. The
chiller models do not exhibit any time variant behavior since WRLS was found to be poorest.
Finally, in terms of the initial length of training data, it was determined—at least with the data
sets used that exhibited high autocorrelation—that about 320 and 400 data points would be
respectively necessary for the MP and GN model parameter estimates to stabilize at their
long-term values. This paper also provides a detailed discussion of the potential advantages that
on-line model training can offer and identifies areas of follow-up research.
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BACKGROUND
Large centrifugal chillers are typically the single most expensive piece of equipment in
HVAC&R systems. They are well suited for automated fault detection and diagnosis (FDD)
where the economic benefits of proper operation and control may justify the added cost of the
FDD system. There are numerous research papers and about a dozen textbooks that specifically
pertain to FDD in engineering systems (for example, Himmelblau 1978; Pau 1975; Patton et al.
1989; Pouliezos and Stavrakakis 1994; Gertler 1998; Chen and Patton 1999). Many of these
techniques could be applicable to FDD of HVAC&R equipment and systems. However, such an
application is relatively new and has yet to acquire the maturity and sophistication gained in
other engineering fields. This is borne out by the fact that there are only about two dozen papers
on HVAC&R equipment and only about a dozen on chillers and unitary cooling equipment that
pertain to FDD. A source book by IEA (Hyvarinen and Karki 1996), an exhaustive literature
review by Comstock et al. (1999), and a review chapter by Katipamula et al. (2001) are the only
recent review publications in the HVAC&R area.
A basic requirement for the widespread use of model-based chiller FDD is the ability to identify an accurate performance model of the chiller characterizing its fault-free operation. Such a
model can then be used to detect faulty operation by tracking the deviation of the residuals (or
innovations) between model predictions and actual performance and flagging occurrences of
faults when these deviations exceed preselected thresholds. The numerical values of these
thresholds can be selected based on statistical considerations (for example, the 99% confidence
level), fuzzy logic, or heuristics. Let us start with listing the various qualities desirable in a performance model, followed by a discussion of the potential additional advantage that on-line
modeling can provide in the context of automated FDD of HVAC&R equipment in general and
chillers in particular.
A good performance model should have the following desirable qualities (Sreedharan and
Haves 2001; Jiang and Reddy 2003):
a.

Model structure or functional form should be suitable, which would include
i. generality of the model,
ii. physical relevance of the model parameters, and
iii. proper behavior of the model residuals.

b.

Model parameters should be
i. stable, i.e., not change much when different data periods are used for model identification, and
ii. “efficient,” where “efficiency” is a statistical concept suggesting that model parameter
estimates should have the lowest variance or standard error (Reddy and Anderson
2002).

c.

The model should be able to accurately predict future values of system behavior, where
“accuracy” implies both low bias (measure of systematic deviation) and high precision
(measure of random deviation). Model bias is characterized by such statistical measures as
mean bias error (MBE) or mean absolute error (MAE), while precision can be characterized
by any one (or all) of the following:
i. high internal prediction accuracy (or low simulation error), i.e., high R2 or low coefficient of variation (CV) determined from the training data;
ii. high external prediction accuracy (or low prediction error), i.e., low CV determined
from the testing data; and
iii. tight uncertainty bands of model predictions.
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The model should have other qualities in terms of training data, such as
i. few number of regressor variables (model parsimony),
ii. short length of data set adequate for identifying a sound model, and
iii. low computational effort needed to identify model parameters.

Inverse models are generally more suitable and widely used for FDD (and optimal control)
than, say, calibrated simulation models (referred to by some as “white box” models). Further,
inverse models can be divided into black-box and grey-box models (see Jiang and Reddy
[2003]). A previous paper by Reddy and Anderson (2002) provided a reference on different
steady-state linear parameter estimation methods and evaluated different inverse methods with
application to field-operated chillers. By far, the vast majority of HVAC&R models are assumed
to be time-invariant models in that the model parameters are considered not to vary with time or,
more specifically, with time of day or day of the year. Because this issue is relevant to proper
appreciation of this paper, let us briefly discuss why time-variant models should be considered
at all in the context of HVAC&R equipment modeling.
Time-variant models are those whose model parameter estimates (not the model structure or
functional form itself) change in time. Under certain cases, they can provide more accurate system performance prediction with less modeling effort, but usually at the expense of increased
effort in parameter updating, which can be done periodically off-line or continuously on-line.
Any engineering model is bound to have a certain amount of “internal noise” (Sinha and Sen
1975) or mis-specification error, i.e., error in the model structure because it is impossible or
unfeasible to include all of the parameters likely to affect system performance (Reddy et al.
1998). For example, proper control of, say, the air-handling unit (AHU) in a building requires
explicit knowledge of the building loads at relatively short time steps (of the order of minutes).
These are notoriously difficult to measure or model because of their pronounced transient
behavior, and sophisticated modeling is warranted. For example, Braun and Chaturvedi (2002)
suggest a multi-resistor-capacitor electric analog model for the overall building with
time-invariant physical parameters for the purpose of load control using the thermal mass of the
structure itself. An alternative approach is to use a simpler time-variant linear lumped model
whose parameters are updated on-line (for example, Zaheer-uddin 1990; or Wen and Smith
2003). Such a training technique is also referred to as adaptive, since its model parameters adapt
to temporal changes of the driving functions.
Another example of time-variant models providing more accurate modeling is in the area of
monitoring and verification (M&V). Consider the baselining of an AHU retrofit. It is natural for
an AHU to undergo seasonal changes in deck temperature scheduling, economizer operation,
airflow changes due to VAV operation, control changes, changes in room thermostat settings,
etc. Such changes are often not explicitly captured by the model (for example, HVAC deck temperature measurements are not often available and so cannot be used in the regressor set of the
model), resulting in the model coefficients assuming different numerical values when estimated
using data from different seasons of the year. This is because the process experiences natural
changes with time (called “structural” changes in the statistical literature) that do not imply
faulty operation, but shortcomings in the model formulated are such that parameters affected by
these natural changes do not explicitly appear in the model. This aspect of HVAC&R systems
undergoing seasonal changes that result in model mis-specification has been pointed out by several studies, for example, Reddy et al. (1998) in the framework of heating and cooling thermal
loads of a building and Reddy et al. (2001a) for cooling systems. Thus, even if a model fits seasonal data extremely well, it is likely to have poor predictive ability during other seasons of the
year. Also, a model fit using data from the entire year is likely to have large standard errors of
prediction, i.e., a loss of sensitivity or precision of the model. Thus, the method of retaining a
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simpler functional form (i.e., the structure) of the model while allowing for the possibility of
making adjustments in the model parameters on a continuous basis has the potential of providing tighter fault detection (FD) control limits; herein lies the usefulness of time-variant on-line
models.
There is a third reason why time-variant modeling may be necessary for FDD studies of
HVAC&R equipment: for model training during ordinary day-to-day operation. There are situations when (1) the chiller under study has just been installed, or (2) when FDD-related instrumentation has just been installed onto an existing chiller. One approach is to start with a chiller
model initially trained off-line with manufacturer-provided data or from factory-witnessed tests
(Corcoran and Reddy 2003) for that particular chiller type and let the model parameters adjust in
time under actual chiller installation and performance. Another approach is to collect some data
in the first few days (or weeks) of operation, make an initial estimation of the parameters
off-line, and then let the values of these parameters be modified on-line as more performance
data are forthcoming. In such a situation, the question is: how does one determine that the initial
data collected are adequate to initiate on-line training and not lead to divergence or local convergence of parameter estimates? Also, how does one determine whether a model trained over a
certain period has reached the accuracy and precision (or “efficiency”) that it can hope to
acquire? These issues have been to some extent addressed in a previous paper by Reddy et al.
(2003), where the notion of an overall index characterizing the information content of monitored
data was introduced and discussed with relevance to both FDD and M&V applications. Thus, in
this instance, the time-variant behavior of the model parameters is not due to “structural”
changes in system behavior, but rather due to inadequate length of the initial data set.

OBJECTIVES AND SCOPE
A previously completed ASHRAE research project (1043-RP) included (1) developing a
dynamic chiller model able to simulate the transient performance of large chillers, as well as (2)
collecting laboratory performance data from a 90T centrifugal chiller (both transient and
steady-state) under 27 different operating states under both normal and faulty conditions (under
different fault severity conditions) (Comstock and Braun 1999). The present study was a follow-up
of this research with the following objectives:
a.

b.

to identify/develop and compare four different mathematical models for chiller fault-free
operation in terms of their suitability for on-line training using different sets of monitored
field data. This would include comparing the initial length of monitored data needed to initiate on-line model training. Since there are several on-line training methods in the published literature, this research was also required to identify a couple of relevant on-line
training techniques that would allow such models to be trained during day-to-day operation;
and
to determine whether on-line training can improve the sensitivity of the fault detection process by capturing any “structural” changes in chiller behavior that can be associated with
seasonal or other changes. The improved sensitivity will yield tighter uncertainty bands for
model prediction.

The scope of this research in terms of model evaluation was limited to steady-state modeling
of the chiller under fault-free operation. Because the time scale for temperature, pressure, and
flow of large chillers to reach equilibrium is much smaller than the time scale of the driving conditions, it is reasonable to assume chiller operation to be quasi-steady-state or step-wise
steady-state. This is also consistent with the current thinking that FDD methods would initially
be used to track steady-state chiller performance prior to dealing with the more complex transient situation.
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Further, this research was limited to the use, as far as possible, of existing sensors, which
large chiller manufacturers routinely provide as part of their built-in instrumentation capability
(see Table 1 for a list of representative instrumentation). Further, the scope of the research did
not involve introducing intentional faults into the chiller system so as to create fault models for
different types of faults. Finally, the application of these models for fault detection or fault diagnosis or fault evaluation or for optimal control of chiller operation was outside the purview of
this research. Such extensions and application areas need to be undertaken in future studies.

MATHEMATICAL MODELS SELECTED
The following chiller modeling methods were selected for evaluation.

Physical Lumped Parameter Model (GN Model)
Physical models are based on fundamental thermodynamic or heat transfer considerations.
These models are usually referred to as gray-box models. Often such models are preferred
because they generally have fewer model parameters that appear in a functional form. Furthermore, their mathematical formulation can be traced to actual physical principles that govern the
performance of the building or equipment. Hence, the current thinking is that the model coefficients tend to be more robust, leading to sounder model predictions. Also, fault detection and
fault diagnosis (at least at a subsystem level) often can be done simultaneously.
The generalized Gordon and Ng (GN) model (Gordon and Ng 2000) is a simple, analytical,
universal model for chiller performance based on first principles of thermodynamic and linearized heat losses. The model predicts the dependent chiller COP (defined as the ratio of chiller [or
evaporator]) thermal cooling capacity Qch by the electrical power E 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 Tcdi, fluid temperature entering the evaporator Tchi, and the thermal cooling capacity of the evaporator. The GN model is a three-parameter model, which, for parameter identification, takes the following form:
T chi
T chi
( T cdi – T chi )
( 1 ⁄ COP + 1 )Q ch
1
 ----------- + 1 --------– 1 = a 1 --------- + a 2 ------------------------------ + a 3 ------------------------------------------ COP
 T cdi
T cdi Q ch
Q ch
T cdi

where the temperatures are in absolute units.
Table 1. List of Instrumentation for Chiller #2
Symbol

Units

Description

Tchi
Tcho
mch
Tcdo
Tcdi
mcd
E
Tc
T2
Te
pc
pe

°C
°C
kg/s
°C
°C
kg/s
kW
°C
°C
°C
kPa
kPa

Chilled water inlet temperature to chiller (at evaporator)
Chilled water outlet temperature from chiller (at evaporator)
Chilled water mass flow rate
Condenser water inlet temperature
Condenser water outlet temperature
Condenser water flow rate
Electrical power drawn by compressor
Refrigerant temperature in the condenser
Refrigerant temperature at compressor discharge
Refrigerant temperature at evaporator
Refrigerant pressure in the condenser
Refrigerant pressure in the evaporator

(1)
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If we introduce
T chi
x 1 = ---------,
Q ch

( T cdi – T chi )
x 2 = ------------------------------,
T cdi Q ch

( 1 ⁄ COP + 1 )Q ch
x 3 = ------------------------------------------- ,
T cdi

T chi
1
y =  ------------ + 1 --------- – 1 (2)
 COP
 T cdi

the model given by Equation 1 becomes
y = a1 x1 + a2 x2 + a3 x3 ,

(3)

which is a three-parameter model with no intercept term. The parameters of the model, Equation
3, have physical meaning:
a1 = ∆s, the total internal entropy production in the chiller,
a2 = qleak, the heat losses (or gains) from (or in to) the chiller, and
1
1
a3 = R, the total heat exchanger thermal resistance = --------- + --------- ,
C cd C ch
where C is the effective thermal conductance.
The authors point out that Qleak is typically 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.
Linear Empirical Model (MP Model)
We also evaluated the use of classical linear empirical modeling (i.e., statistical multivariate
modeling) as a means of on-line model training for fault detection. Since steady-state chiller
operation is only being considered, it is redundant to consider dynamic models such as ARIMAX time series models, which also fall under the category of linear empirical models and
which are well known in the statistical and engineering literature, for example, Box and Jenkins
(1976) or Chatfield (1984).
Whereas the structure of a gray box model is determined from physical reasoning, the black
box model is typically characterized as having no (or sparse) information about the physical
phenomenon incorporated in the model structure. Thus, a black box model describes an empirical relationship between input and output variables without any consideration being given as to
what occurs within the box.
The simplest empirical model for the chiller COP is a first-order linear model of the form
COP = b 0 + b 1 T cdi + b 2 T chi + b 3 Q ch .

(4)

Some work has been done by previous researchers in this area, and it has been found that a
second-order linear polynomial model is more appropriate (DOE 1981; Braun 1988). This “standard” empirical model (also called a multivariate polynomial model), which we shall refer to as
the MP model, is given by
2

2

2

COP = b 0 + b 1 T cdi + b 2 T chi + b 3 Q ch + b 4 T cdi + b 5 T chi + b 6 Q ch + b 7 T cdi T chi + b 8 T cdi Q ch + b 9 T chi Q ch .

(5)
The above model has ten coefficients, which need to be identified from monitored data. These
coefficients have no physical meaning and their magnitude cannot be interpreted in physical
terms. Usually one needs to retain in the model only those parameters that are statistically significant, and this is done by step-wise regression (see any statistical textbook, for example, Draper
and Smith [1981]).
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The MP modeling approach has the advantage that it can be used in a routine manner. However, collinearity in regressors and ill-behaved model residual behavior often justifies another
empirical approach where the analyst transforms the variables so that a simpler (preferably linear) model is obtained that may overcome some of the problems of poor statistical estimation.
This approach requires a certain amount of skill and is data specific. Such an approach, called
the VT (variable transformation) model, has been illustrated in Reddy and Andersen (2002) but
is not studied here.

Physical Component Model (PC Model)
A new chiller modeling approach based on the component isolation method was proposed in
parallel with this research (Jia and Reddy 2003). This approach, called the physical component
model (or PC model) approach, allows a baseline or fault-free model of each of the primary subcomponents of the chiller to be identified from the performance data of the numerous sensors
available. The basis of the PC model approach is to characterize each and every primary component of the chiller (the electrical motor, the compressor, the condenser heat exchanger, the evaporator heat exchanger, and the expansion device) by one or, at most, two performance
parameters, the magnitude of which is indicative of the health of that component. A hybrid
inverse model is set up based on the theoretical standard refrigeration cycle in conjunction with
statistically identified component models that correct for nonstandard behavior of the characteristic parameters of the particular chiller. Such an approach has the advantage of using few physically meaningful parameters (as against using the numerous primary sensor data directly), thus
simplifying the detection phase while directly providing the needed diagnostic ability. Another
advantage to this generic approach is that the identification of the correction models is simple
and robust since they require regression rather than calibration. This modeling approach has
been evaluated with two chiller data sets (Jia and Reddy 2003; Reddy et al. 2001b). Essentially,
six characteristic parameters can be computed at each time step from a chiller instrumented with
the type of sensors listed in Table 1.
Overall Chiller Performance characterized by the COP
Compressor
Motor side efficiency
η m ≡ W in ⁄ E

(6)

Polytropic efficiency is defined as the ratio of power consumed by the polytropic process (Wp)
to that consumed by the actual compression process (Win).
η p ≡ W p ⁄ W in

(7)

Condenser and evaporator
The overall heat loss coefficient times the surface area of heat transfer (UA) values of the condenser and the chiller (or evaporator) from knowledge of the inlet and outlet fluid temperatures
and the amount of heat transferred.
Expansion valve
Orifice plate blockage (CdA0) where A0 is the total cross-sectional area of the orifice and Cd is
the fluid friction coefficient and is a function of refrigerant velocity, i.e., of the refrigerant flow
rate.
These characteristic parameters are not constants but vary with operating conditions of the
chiller. They can be computed at each time step from chiller measurements shown in Table 1.
The final process in the development of the fault-free baseline model of the chiller is to identify
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corrective correlations to be applied to the standard refrigeration cycle for each of these characteristic parameters from the monitored data. Previous studies based on fundamental heat transfer
and thermodynamic considerations (for example, Braun [1988]; Gordon and Ng [2000]) suggest
that the three variables Qch, Tcdi, and Tchi are most pertinent for modeling part-load chiller performance. Therefore, the following empirical correlations are determined from available experimental data (when coolant flow rates are constant).
Y = f ( Q ch , T cdi , T chi ) or f ( T cdi , T chi , T cho )

(8)

where
Y = [ COP, ( UA ) c , ( UA ) e , η p , η m , C d A 0 ]

Second-order polynomial regression models such as the MP model given by Equation 5 are
used with each of the six response variables.
Evaluation of model sensitivity to measurement noise has also been done in accordance with
propagation of error analysis (Reddy et al. 2001b; Jia and Reddy 2003). The objective of this
analysis was to gain insight into what type of instrumentation (industrial grade or commercial
grade) and number of data points (whether one-time data or 15 minute-averaged data) would
provide a level of accuracy suitable for the FDD process. The analysis indicates that one-time
measurements are unsuited for FDD, even if industrial grade sensors are used, in case the physical component model approach to FDD is adopted. Only if 15-minute averaged data or, better
still, 30-minute averaged data are used for model training and fault detection would the sensitivity of such an FDD supervisor using commercial-grade sensors likely to be satisfactory from a
practical implementation point of view.

Artificial Neural Network (ANN) Models
There exist a large number of models and combinations of models that fall under the artificial
neural networks (ANN) genre (Haykin 1999). This study is, however, limited to the evaluation
of two types of commonly used ANN models: the multilayer perceptron (MLP) and the radial
basis function (RBF) networks. Both the MLP and RBF can be modeled as three-layer networks
with one input, one hidden, and one output layer. The basis of these models is described in Pericolo (2001), Pericolo et al. (2002), Reddy et al. (2001b), as well as in Niebur and Dillon (1996).
First, to the set of independent input data vector x1, …, x3 (regressors), we add a bias variable
x4 = 1 and select the dependent target output data Y (chiller COP) as
X = [ T chi , T cdi , Q ch , 1 ] .

(9)

RBF model:
The RBF model essentially involves a nonlinear regression to determine the weights Wj, the
maximum distance between the centers (d), and the mean values of the classes cj.
N
2

Y = ∑ W j exp ( x – c j ) ⁄ 2σ

2

(10)

j=1

where variance or spread σ = d ⁄ 2N , where N is the number of hidden nodes.
For RBF networks, the output vector Y and, thus, the error function, is a linear function of the
set of weights W only. This linear regression task can be solved using the pseudo-inverse
approach or iterative approaches including recursive least-squares.
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MLP model
The MLP model essentially involves nonlinear regression to determine the weights Wj and
wjk.
r

N



Y = ∑ W j tan hβ  ∑ w jk x k
k = 1

j=1

(11)

with coefficient β usually chosen as unity, and r the number of hidden neurons or weights.
Note that for the MLP, the error E(w, W) is a linear or nonlinear function of both weight
matrices w and W because the output y depends on the weights Wj. For this study, the nonlinear
error minimization is achieved using the Levenberg-Marquard algorithm.
Pre- and Post-Processing
Since the activation function (tanhβ) of the nonlinear sigmoid units of the MLP saturate at +1
and –1, the input and target data for the MLP net needs to be normalized such that each input
vector component falls into this range. Let the maximum and minimum component values be
defined as follows:
 µ

x max = max  x i µ = 1…M 



(12)

 µ

= min  x i µ = 1…M 



x min

Then each input vector component xi, i = 1, … n, will be normalized as follows:
norm

Premnmx

xi

2 ( x i – x min )
= ----------------------------- – 1
x max – x min

(13)

In statistical analysis, data are usually normalized such that they have zero mean and unity
variance. Matlab’s neural net toolbox provides this function called prestd.

Prestd

cent

xi

 µ

x i – mean  x i µ = 1…M 


= --------------------------------------------------------------- µ

std  x i µ = 1…M 



(14)

Note that this normalization may produce training data with components outside the [-1, +1]
interval, which again may be mapped to the saturated region. For error comparison, the data are
post-processed to its original range.
ANN model types evaluated
We implemented the following neural net models using predefined routines and training procedures provided by Matlab’s Neural Net Toolbox. A description of these models can also be
found in standard textbooks, such as Haykin (1999), as well as in Pericolo et al. (2002) and
Reddy et al. (2001b).

Multi-Layer Perceptron Models:
• Model HN1, … HN20: MLP with one hidden layer, number of hidden neurons varying
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between 1 and 20; data normalized with premnmx.
• Model HC1, …. HC20: same as HN1….HN20 but with data normalized with prestd.

Radial Basis Function Models
• Models RBE-0 (and RBE-1): extended network trained with the first half of the data sequential in time (and using even time step data points from the entire data set) and tested with the
second half of the data (and data from the entire data set consisting of odd time steps).
• Model RB-0 (and RB-1): same as RBE-0 (and RBE-1) but using a simple network
• Model GRNN-0 (and GRNN-1): same as RBE-0 (and RBE-1) but using a generalized regression neural network.
It is pointed out that in order to study the performance of RBF networks, we added a second
data set of “shuffled” data. This is done to accommodate the fact that RBFs will not be able to
extrapolate data for the two selected training and test sets, which are slightly different statistically. RBF models with extension “-1” were trained using odd numbered data points (1, 3, …
809) for Chiller#1 dataset that contained 810 data points and tested on the even ones (2,
4,…810). This procedure ensured that training and test set have similar statistics. This is, however, not practical for on-line chiller performance model training. The range of validity for RBFs
needs to be studied in a future effort.

Final Remarks
The selection of the chiller model types was largely based on their widespread use (except for
the PC model), and because of the fact that they covered a wide spectrum of different model
types (black box and gray box, empirical and physical). A final and practical issue, especially
suited for on-line parameter estimation, is that, except for the ANN models, the other three are
models linear in the parameters. This would prevent the problem of local convergence during
parameter estimation since linear estimation has closed form solutions and does not require the
use of search methods as do nonlinear optimization methods.
Note that the chiller models, except the PC model approach, use the chiller COP as the only
response variable to be modeled. Since the training ability depends on the model type (linear or
nonlinear) and not specifically on the variable chosen to be modeled, the conclusions of this
study could be extrapolated to other chiller variables with similar functional forms.

ON-LINE PARAMETER ESTIMATION SCHEMES SELECTED
Background
Model training methods have been historically separated into off-line and on-line (Sinha and
Kuszta 1983). The essential difference lies in whether or not the model parameter estimates are
continuously updated within the sampling interval, i.e., the time it takes for the data collection
system to record a new system performance datum point. Hence, two practical considerations
come into play: speed of the computational algorithm compared to the sampling time and memory needed to store past system performance data. Whether this processing or updating is done
at the level of the local controller of the specific piece of equipment or in a central processing
unit of the system is immaterial. A few decades ago, and especially in electrical engineering
where sampling frequency was very high, the need for fast computational algorithms requiring
as little storage of past data as possible were critical considerations. This led to the need to
develop and use recursive methods (as against traditional estimation methods called batch) for
on-line estimation.
The requirements for a recursive model are well stated by Sinha and Kuzta (1983).
1. It must not require the application of a special input to the process in order to be used with the
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process under operation, i.e., the method should apply to nonintrusive monitoring.
2. It does not require the storage of all the data.
3. It uses a recursive algorithm so that one does not have to wait for the accumulation of large
amounts of data to make the identification possible but may start with an initial estimation of
the parameters, even after the first set of data has been obtained, and then keep on updating
the estimates as more data arrive.
4. The amount of computation required for each iteration of the recursive algorithm must be
such that it can be carried out within one sampling interval.
Hence, the conventional wisdom was to consider only recursive methods (as against traditional block methods) for on-line model training. Recall that the difference between both methods lies in whether the entire data set is used to re-estimate the parameters (batch) or whether the
parameters are incrementally adjusted as newer data come in without having to reuse the old
data (this qualifies as recursive). However, with modern day dramatic advances in memory size
and computational power, coupled with the fact that sampling intervals for thermal performance
of HVAC&R systems are of the order of one hour for M&V and of the order of one to fifteen
min for load control or FDD, one is not constrained to use recursive methods for on-line estimation; a nonrecursive or block estimation method would be equally appropriate. Though their
computational algorithms are different, the model parameter estimates identified will be exactly
the same since they use the same basic statistical formulae. We have focused in this research on
recursive methods with the full realization that the easier to implement traditional block or
off-line estimation methods would be equally practical.

Recursive Methods Selected
Recursive algorithms for adaptive model schemes have frequently been used in a number of
scientific fields, e.g., adaptive control and signal processing. There are innumerable papers and
publications dealing with this subject; to name a few directly pertinent to this study are the
papers by Isermann et al. (1974), Saridis (1974), and Sinha and Sen (1975). A more elaborate
literature review of journal publications on adaptive training as applied in the general field of
engineering is provided in Reddy et al. (2001b). There are several textbooks that present the
basic statistical foundations and the algorithms of implementing them, the one by Sinha and
Kuszta (1983) being widely used. A textbook by Hsia (1977) presents algorithms for single-variate and multi-variate systems based on recursive sequential least squares, real-time least
squares (or exponential weighting scheme), and Kalman filtering. Pouliezos and Stavrakakis
(1994) present several approaches for modifying the recursive least-squares algorithm to make it
suitable as a real-time fault detection method: use of a time-varying forgetting factor, use of a
Kalman filter as a parameter estimator, and use of a sliding window of data. Constant trace least
squares and recursive weighted least squares (also called decreasing gain least squares) are also
discussed. A monograph by Mangoubi (1998) provides a concise treatment of recursive estimation and failure detection for dynamic plants, treating both Kalman filtering and robust filtering
methods.
As discussed earlier, on-line updating is used when the system is subject to “noise terms,”
which can be due either to “internal noise” (i.e., model mis-specification effects not explicitly
accounted for in the model structure) and/or noise in measurement of the system variables. Two
distinctions in terms of scope between the published engineering literature and our specific
problem need to be pointed out. Many of the on-line training evaluations reported in the statistical and engineering literature assume higher order system models, while ours is a zeroeth order
model (i.e., a steady-state model). Secondly, the traditional literature deals with data sets with
relatively large amounts of noise to signal ratios (from about 20% to 100% [Sinha and Sen
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1975]), while for chiller modeling it is usually only 5% or lower (Jiang and Reddy 2003).
Hence, data sets of chiller performance can be considered to represent low-noise data.
A detailed off-line analysis of the chiller data sets (Reddy and Andersen 2002) revealed that
despite the strong auto and cross correlations present among the regressor variables of a field
operated chiller, using the OLS method provides parameter estimates and well-behaved residual
patterns as good as those obtained using more advanced identification techniques such as ridge
regression or weighted regression. Sinha and Kuszta (1983) consider the least-squares technique
to be the most efficient for low-level noise. However, as pointed out by Pouliezos and
Stavrakakis (1994), for proper fault detection, the procedures should be oblivious to old data in
order to be able to detect parameter changes soon after they occur and should perform the necessary calculation fast enough for real-time operation. Based on the above studies, we have
selected the least-squares algorithm since it is the most efficient approach for parameter estimation for low noise levels (as would apply to chiller performance data sets). The estimates converge very fast and the amount of computation time is smaller than with most other methods.
Consequently, the following on-line or adaptive methods were deemed most pertinent for
on-line chiller modeling:
• ordinary recursive least squares (ORLS), where all data are given the same weight in readjusting the parameter estimates, and
• weighted recursive least squares (WRLS), where more weight is given to newer data.
The most important and widely adopted scheme is to assume a constant weighting factor with
exponential weighting called the discount factor or the forgetting factor W ∈ [ 0, 1 ] . The algorithm is often formulated using the exponential smoothing factor λ = (1 – W). It is clear that
using a smaller value of W (i.e., a larger value of λ) results in weights that die out more quickly
since more emphasis is placed on recent observations. Such a choice results in an algorithm that
reacts quickly in time but suffers from lack of stabilizing and averaging effects associated with a
larger value of W. Determination of a suitable forgetting factor W is important because the
amount of forgetting (or memory) will greatly affect the way the monitoring methods are interpreted. According to Ljung (1999), typical values of W are in the range of 0.98-0.995. A low forgetting factor (say, 0.95) will put a lot of weight on the new observation and forget old ones
faster, while a large forgetting factor (say, 0.99) will forget slowly and thus have a long memory. For a detailed treatment of forgetting factors and recursive modeling methods, see, e.g.,
Sinha and Kuszta (1983), Poulizeos and Stavrakakis (1994), Mangoubi (1998), and Ljung
(1999).

Model Implementation
A scheme involving monitoring of prediction errors can be used to determine if a fault has
occurred. Along with the prediction errors, one could use control charts, e.g., CUSUM charts
(see, for example, Box and Luceno 1997) with specified control limits to determine whether or
not the prediction errors are due to chance or if some fault has occurred. The variance of the prediction errors is calculated as the sum of the squared deviation between the model and the measured output (MSE).
n

2
2
T
1
σ̂ = ------------ ∑ ( y k – θ̂ X k )
n–1

(15a)

k=1

A normalized index can also be used, namely, the coefficient of variation.
CV = σ ⁄ y

(15b)
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where y is the mean of the n observations of y. Note that the normalization has been done with
(n – 1) and not with (n – p) where p is the number of model parameters (as shown in most traditional textbooks) in order to be consistent with how ANN models are normalized so that intercomparison would be more meaningful. The difference is negligible for large data sets such as
considered in this study. Note also that the CV is analogous to the noise to signal ratio widely
used in the electrical engineering literature.
The prediction errors are then compared with the uncertainty of the model, e.g., the 3σ levels.
The estimate for the prediction error variance can be obtained from initial model training and be
adapted continuously as more fault-free data are forthcoming. The monitoring of the prediction
(or simulation) errors can subsequently be done by a control chart. Using 3σ limits with the
premise that the errors can be regarded as independent, normally distributed, random variables
implies that 99% of the errors can be expected to fall inside the confidence limits. Whenever the
prediction errors fall inside the confidence limits, the system is assumed to be in fault-free condition. If the prediction errors start to increase and fall outside the confidence limits or have
other systematic (non-random) behavior, one should suspect the occurrence of a fault.
Fault detection can also be performed by monitoring model parameters instead of model predictions (Box and Luceno 1997). Furthermore, for a physical model, such as the GN model, the
parameters may also be given a physical interpretation, which is considered a distinct advantage
in diagnosing the fault. The model parameters can be recursively calculated, i.e., both the
expected value of the parameters and the corresponding variances can be updated on-line.
The values of the model parameters and the associated uncertainties are given by:
for OLS:
for WLS:

T

–1 T

θ̂ = ( X X ) X Y
T

T

–1 T

θ̂ = ( X W WX ) X WY

2

T

var [ θ̂ ] = σ ( X X )
2

T

–1

T

var [ θ̂ ] = σ ( X W WX )

(16a,b)
–1

(17a,b)

Again, the choice of the value of the forgetting factor is important: if the memory of the
model is long, the sensitivity to changes in the parameters, θ, will be small. For shorter memory,
the sensitivity is larger but implies greater variance on the parameters, var[θ], and therefore a
possible risk that the model will adapt to faulty behavior, i.e., changes in parameters will not be
detected due to larger uncertainty bands. Further important aspects in monitoring model parameters are as follows:
1. The number of parameters to be monitored equals the number of parameters in the model (for
the GN model there are three parameters). As the number of parameters increases (as for the
MP model), the monitoring becomes more complex and more difficult compared to a single
measure such as the model prediction errors.
2. The determination of uncertainty bands becomes more complex as the number of parameters
increases, especially if the parameter estimates are correlated. This is known as “the curse of
dimensionality,” and important aspects such as colinearity between parameter estimates must
be considered.
3. If the assumptions for OLS are violated, the statistical properties of Equations 16 and 17 may
not hold and the calculation of uncertainty bands may be erroneous.

EVALUATION RESULTS AND DISCUSSION
Two data sets representative of field-monitored steady-state performance of large centrifugal
chillers are used in the framework of this study. Chiller #1 data consist of 810 hourly observations during an entire cooling season, while the Chiller#2 data set consists of 15-minute data
over a 14-day period. Both of these data sets have been described in Reddy and Andersen (2002)
and Reddy et al. (2003).
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Off-Line Comparison
The “Background” section of this paper listed the various desirable attributes of a good performance model. Let us first review previous work and then evaluate the various chiller models
in terms of their predictive ability and their model structure in the off-line context.
Previous studies (Reddy and Anderson 2002; Sreedharan and Haves 2001) found that the GN
model and the MP models were comparable in their internal and external predictive abilities.
The GN model requires much less data than the MP model if selected judiciously (in fact, even
four well-chosen data points can yield accurate models as demonstrated by Corcoran and Reddy
[2003]), though the correlation structure of the GN model is poor (the regressors are highly correlated). However, this applies only to designed experiments and not to field-monitored data that
are highly correlated in time since one has no control over the time sequence of the incoming
data. It has been shown by Reddy et al. (2003) using Chiller#1 data that the GN model, because
of its ill-conditioning of the regressor matrix, results in a sequence of 300 data points essentially
having the same “information” content as 20 “independent” data points. Jiang and Reddy (2003)
tested the GN model formulation against more than 50 data sets covering various generic types
and sizes of water-cooled chillers and found excellent internal and predictive ability (in the
range of 2% to 5%).
The statistical indices summarized in Tables 2 and 3 provide a comparative overview of the
internal and external predictive abilities of the GN, MP, and ANN models when applied to both
data sets. The coefficient of variation (CV) and the mean absolute error (MAE) indices have
been separately calculated for the training data set and the testing data sets (assumed to be
exactly half the total data length for each of the two data sets). The results for the MP and GN
models indicate that internal and external prediction errors are not only close to each other
(which indicates good model stability) but are also very accurate (about 1.5% and 5% for the
GN models and 1% and 3% for the MP models) for the two data sets (chiller#2 data set is more
noisy partly because it is 15-minute data). This is consistent with previous studies, for example,
Reddy and Andersen (2002).
Complete details of how the various ANN models listed earlier fit the two data sets can be
found in Reddy et al. (2001b), Pericolo (2001), and Pericolo et al. (2002). We found that ANN
models with more than one hidden layer did not provide any additional benefit over the one hidden layer architecture. Hence, the results of the chiller COP model comparison only involve different RBF and MLP models with one hidden layer. It is clear from Tables 2 and 3 that the
GRNN-0 model does not track the test data with sufficient accuracy over the test period, indicating very poor tracking ability and lack of model robustness. We also note that the various MLP
models (HN6 and HC2) are excellent (CV about 1%) and are essentially similar during both
training and testing periods, indicating good model stability. The MLP model with two hidden
neurons, normalized over the training set range with prmnmx showed the best results for
Chiller#1 data set. For Chiller#2 data set, an MLP model with six hidden neurons is most accurate, though one with three hidden neurons, though slightly poorer, would also be an acceptable
candidate. On the whole, ANN models perform slightly better than the GN and MP models.
It must be noted that though the characteristic parameters of the PC model approach have a
direct physical meaning (such as, say, COP), the regression models are black-box models using
the multivariate polynomial model such as the form of the regression model in Equation 5. In
that sense, the parameter estimation procedure adopted by the PC model is similar to that of the
MP model based on COP. The main advantage of this approach over simply using chiller COP
for fault detection is that it provides better diagnostic ability along with the FD process in that
the subcomponent, which has developed a fault, is immediately identified.
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Table 2. Summary Providing a Comparative Evaluation of the Various Models When
Applied to Chiller#1 Dataa
Model

CV(train)

CV (test)

MAE (train)

MAE (test)

%

%

MP
GN

0.95
1.45

1.13
1.63

0.0376
0.0160

0.369
0.176

ANN-HN2
ANN-HC2
ANN-GRNN-0
ANN-GRNN-1

0.89
0.88
4.02
0.33

0.90
0.99
12.5
1.63

0.0338
0.0336
0.1090
0.0090

0.0404
0.0424
0.4750
0.0582

a.Only the best ANN models for each category are shown. COP is taken to be the response variable.

Table 3. Same as Table 2 but for Chiller #2 Data
Model

CV(train)
%

CV (test)
%

MAE (train)

MAE (test)

MP
GN

2.91
4.82

3.15
5.10

0.104
0.0044

0.271
0.00486

ANN-HN6
ANN-HC2
ANN-GRNN-0
ANN-GRNN-1

1.53
1.90
2.08
0.19

1.32
6.11
6.47
7.93

0.0562
0.2140
4.90
0.323

0.0498
0.261
9.75
0.343

The monitored data allowed us to compute at each time step the six characteristic parameters
from the basic set of variable shown in Table 1 for Chiller#2. The goodness of fit of the overall
model is indicated by the Adj-R2, RMSE, and CV values, while (SE/Estimate) denotes the standard error of the model parameter divided by its numerical estimate. From Table 4, we note that
the models for UAch, UAcd, and ηp are very good, while models for ηm and cdAo are very poor,
which is consistent with the error analysis presented in Jia and Reddy (2003). Further, we notice
that though a forward step-wise regression scheme was used, the relative standard errors are
very poor, indicating poor precision or efficiency of the estimates. As a comparison, the GN
model parameters had relative uncertainties in the general range of 5% to 10% only for
Chiller#2 data set. This suggests the need to develop better performance models for these characteristic parameters rather than simply using a polynomial model such as Equation 5. Finally,
we have been able to identify another important aspect of the PC models that adversely impacts
their usefulness for on-line model training, namely, that the same regressors are not selected
when different portions of the data set are used for model training. This is indicative of poor
model structure, i.e, the model lacks generality. This observation has also been found to apply to
MP models (see Reddy et al. 2001b).

Computational Schemes for On-Line Evaluation
On-line evaluation involves looking at model behavior as data come in incrementally over
time. As described above, we would like to compare two schemes of updating the models recursively: ORLS and WRLS. The added benefit of the latter over the simple ORLS is that it has the
possibility of providing more accurate predictions over the immediate time horizon, thereby pro-
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Table 4. Forward Step-Wise OLS Model Statistics and Model Parameters for the Five
Physical Component Characteristic Parameters Using Second-Order Polynomial Models
with the Entire Chiller#2 Data
Model statistics
Adj-R2
RMSE
CV %
Parameter estimate
(Std.Error/Estimate)
Intercept
Tcdi
Tchi
Qch
Tcdi^2
Tchi^2
Qch^2
Tcdi * Tchi
Tcdi * Qch
Tchi * Qch

UAch

UAcd

ηp

ηm

CdAo

95.3%
11.91
3.6%

74.4%
34.94
6.3%

98.5%
0.00811
1.3%

47.2%
0.2529
26.3%

57.4%
0.0187
28.7%

-3.713x107
(27.2%)
-6281
(14.3%)
272297
(2.7%)
-900.3
(2.9%)
1.5879
(28.3%)
-497.2
(2.7%)
-0.005589
(3.1%)
19.158
(15.3%)
-0.08846
(12.3%)
3.3159
(2.8%)

1.358x106
(7.3%)
-9199
(7.3%)
-

3612.4
(19.0%)
-

-6635.55
(19.3%)
-

-25.85
(19.0%)
0.0813
(21.9%)
-0.000699
(39.2%)
0.04532
(19.5%)
4.12x10-7
(28.9%)
0.001624
(35.4%)
3.907x10-5
(5.7%)
-0.000249
(25.6%)

46.244
(19.7%)
-

218.26
(19.6%)
-1.5313
(18.9%)
-

-0.3013
(8.5%)
11.517
(9.7%)
-4.359
(40.6%)
8.418
(40.0%)
-

0.0404
(20.3%)
-0.03864
(48.3%)
-0.08229
(20.9%)
-0.00110
(6.2%)
0.001146
(6.3%)

0.00268
(18.4%)
-1.14x10-7
(15.9%)
-9.278x10-5
(3.8%)
9.75x10-5
(3.8%)

viding tighter control limits, resulting in a more sensitive FD process. This is applicable, however, only if the model parameters are likely to change on a seasonal basis. The benefits and
disadvantages of using these two recursive methods will be investigated under three different
computational schemes.
1. Ordinary incremental window (called ORLS), i.e., an ever-increasing window length to
mimic the manner in which on-line data will be collected in practice. Specifically, we started
the computation with an initial set of a few data points (10 for the linear models and 50 for
the ANN models), which was increased one observation at a time until the end of the data
stream was reached. Note that the internal MSE of the ORLS is calculated using all previous
data points until the current value.
2. Sliding window without weighting scheme would essentially involve preselecting a data
window length (three cases have been assumed based on previous work by Reddy et al.
[2003]: 50, 100, and 200 data points) and sliding it over the entire data length. This can be
viewed as a general form of moving average in that seasonality is captured since data points
outside the window are not used during model training. Note that the internal MSE for the
sliding window is calculated using data contained in the window only.
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3. Weighted incremental window (called WRLS), which is similar to (1), with older data
being discounted or partially forgotten by using a weighting factor W (which, based on published studies, such as Ljung [1999], should be in the range 0.96-0.98). Hence, the criterion
of model evaluation will not be the internal MSE but the external MSE or external CV over a
short time horizon into the future (25 and 50 data points have been arbitrarily assumed in this
study).
In the case of neural networks, the nonlinear error function may have several local minima
and, thus, off-line and on-line training may yield different neural net weights, thereby providing
different solutions for the monitoring problem. When discussing on-line training for neural networks, two different directions can be explored. First, the neural networks can be recursively
trained using recursive Levenberg-Marquard in the case of MLP (see Ngia and Sjoberg [2000])
or orthogonal recursive least squares in the case of RBF (see Obradovic [1996]). Second, the
network can be conventionally trained, for example, by using batch Levenberg-Marquard, but
the data window size and window position can be varied. We have chosen the latter approach in
this research because of its reduced sophistication and greater ease in model training. Further,
we have chosen not to evaluate weighted least squares for estimating ANN weights because of
the increased computational complexity that seems unwarranted at this stage.

Tracking Model Parameters
As stated earlier, one approach to fault detection is based on changes in model parameter estimates. A model such as the GN model (Equation 3) is particularly attractive since the model
parameters have physical meaning and allow diagnostics to be performed along with fault detection. Here one needs to study, not only the convergence rates of the model parameters (i.e., how
fast they converge to their long-term value), but also their relative SE characterized by the ratio
(SE/Estimate), which would determine the detection bounds. The convergence rates and relative
SE of the three GN model parameters are plotted in Figures 1 and 2, respectively, for Chiller#1
data under three different schemes: ORLS incremental window, sliding window of 50 data
points, and sliding window of 200 data points. Similar plots (Figures 3 and 4) have been generated for the MP model given by Equation 5. As expected, we note that generally the 200 sliding
window results are more stable than the 50 sliding window results. Secondly, we note that both
the GN and MP model parameters fluctuate wildly initially and sort of stabilize after about
300-325 data points are collected. The first two parameters of the GN model (Figure 1), as well
as the middle plot of Figure 3 (coefficient b2 of Equation 5), show little or negligible seasonality; the other parameter estimates keep varying. This may not necessarily imply seasonal
changes but may have to do with poor statistical estimation (see Reddy and Andersen [2002]).
This premise is supported by Figure 2, where the variation of the relative SE for the two sliding
window schemes is higher compared to the incremental window values. Hence, there seems to
be no benefit in opting to implement an FD scheme based on the changes in the model parameters under a sliding window scheme. However, the detection threshold for the incremental
ORLS scheme looks promising, since the relative SE values for the three GN model parameters
asymptote at the low values of 0.6%, 2%, and 0.8%, respectively. Thus, tracking the GN model
parameters under an incremental scheme seems a better choice than a sliding window scheme,
provided, of course, that an FD tracking scheme based on model parameters is being considered.
The MP model parameter estimates (shown in Figure 3) appear to vary more than those of the
GN model (see Figure 1). Further, the soundness of the MP model parameters, i.e., their uncertainty or relative SE (as shown in Figure 4) is extremely poor (much poorer than those of the GN
model parameters shown in Figure 2) and exhibit large fluctuations. Finally, there are ten parameters to track (as against only three for the GN model). Hence, the MP model seems totally
unsuited for fault detection using the model parameter tracking approach.
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Figure 1. Variation of the Estimates of the Three GN Model Parameters (a1, a2, a3 of
Equation 3) Using Chiller #1 Data Under Three Different Online Identification Schemes.
The X-Axis Shows the Number of the Observation in the Data Set, and the Y-Axis of the
Three Plots for Each Frame Gives the Numerical Values of Each Model Parameter Under
ORLS Incremental Window (Shown in Bold) and 50 and 200 (Dotted Line) Sliding Window Schemes

Figure 2. Same as Figure 1 But for the Percentage Relative Standard Error of the Three
GN Model Parameters (Equation 3)
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Figure 3. Same as Figure 1 But for the Three First-Order Linear Parameters (b1, b2, and
b3) of the MP Model (Equation 5)

Figure 4. Same as Figure 3 But for the Percentage Relative Standard Error of the Three
First-Order Linear Parameters (b1, b2, and b3) of the MP Model (Equation 5)
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Finally, there seems to be little effect of seasonality in the GN model parameters (see Figure
1) and their standard errors (see Figure 2), though the data set covered five months of chiller
operation. The estimates seem to improve as more data are collected, but their numerical values
seem to stabilize after about 200-300 data points while their standard errors do so at about 400
data points.

Internal Predictive Accuracy
On-line implementation of the MP model using the chiller COP as the response variable poses
a problem right at the onset. The GN model provided a definite and unchanging model structure
with only three model parameters to identify. The MP model, on the other hand, being purely
empirical, has parameters which may not be statistically significant when applied to different
data sets. Hence, proper analysis related to the MP model approach requires identifying and estimating both the model structure and the model parameters using a forward step-wise OLS
regression scheme (Reddy and Andersen 2002). While this poses no problem during off-line
estimation, it is clearly an issue during on-line estimation where one cannot allow the model
structure to change in time since then recursive estimation equations would no longer apply. The
only recourse is to retain the entire model structure of ten parameters (as given by Equation 5)
even if some of the parameters in the model are not statistically significant. This is what was
adopted here.
Figures 5 and 6 show the variation in the interval prediction accuracy (quantified by the internal CV) with the data period for the GN and MP models using Chiller#1 data set for the ORLS
incremental scheme and sliding windows of 50 and 200 data points. It is clear that there is some
benefit in using sliding windows since the CV values are lower. This is more pronounced for the
GN model than the MP model, where using a sliding window of 200 data points lowers the CV
from over 2% to less than 1.5%. On the other hand, the MP model has lower CV values, about
0.9%, while the GN model asymptotes at 2.1% for the incremental window. The jagged variability of the sliding window of 50 data points is unacceptable for FD, and a sliding window of 200
data points seems to be a better choice. However, the CV plots for both GN and MP models
under the ORLS incremental scheme stabilize only after about 300 data points have been collected.
As discussed earlier, the same type of limitation as that of the MP model also applies to the
characteristic parameters of the PC model. Hence, we have only looked at the model prediction
(and not at the parameters) of the various MP models for the five characteristic parameters. We
have selected (UA)cd as the characteristic parameter on which to perform our evaluation since it
has a CV of 6%, which is higher than two parameters and lower than two others (see Table 4).
Figure 7 shows the variation in the internal prediction accuracy with data period using the
Chiller#1 data set for the ORLS incremental window and sliding windows of 50 and 200 data
points. We note that the internal CV fluctuates wildly for the sliding window cases and is totally
unacceptable. This plot was based on models using all ten of the MP model parameters. Table 4
assembles the parameters, which are statistically significant when the entire DUK chiller data
set is used. Previously, we had found that including statistically insignificant parameters in a
model, such as the MP model, results in very large variations in model parameters when limited
or correlated data are used, and so an FD scheme based on this option is not practical. In fact,
even the model predictions are likely to be unstable (a fact that is well known in statistics and is
one of the reasons why methods such as PCA and SVD have been proposed (see Draper and
Smith [1981]). We provide evidence of this by plotting the variations in CV of the model for
(UA)cd using only the six statistically significant parameters indicated in Table 4 for each of
these variables (see Figure 8). It is clear from Figures 7 and 8 that the model’s stability and,
hence, the variability in CV has improved enormously. This is a clear indication that retaining
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Figure 5. Variation in the Percentage Internal CV of the GN Model with Data Period
Using Chiller #1 Data Under ORLS Incremental Window and 50 and 200 Sliding Window
Schemes

Figure 6. Variation in the Percentage Internal CV of the MP Model with Data Period
Using Chiller #1 Data Under ORLS Incremental Window and 50 and 200 Sliding Window
Schemes
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Figure 7. Variation in the Internal CV (%) of the Condenser (UA) Parameter Using the
Physical Component Model with All Ten Parameters of Equation 5 (Shown in Table 4)
Applied to Chiller #2 Data with Data Period Under Incremental Window (Shown in Bold)
and 50 and 200 (Dotted Line) Sliding Window Schemes

Figure 8. Variation in the Internal CV (%) of the Condenser (UA) Parameter Using the
Physical Component Model with Only the Six Statistically Significant Parameters (Table
4) Applied to Chiller #2 Data with Data Period Under Incremental (Shown in Bold) and
50 and 200 (Dotted Line) Sliding Window Schemes
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only the statistically significant parameters in a model makes the model less unstable when relatively small serially correlated data sets are used (such as the on-line case). This seems especially valid when the model fit is poor (CV about 6%), while for the MP model it was about 3%
only. We conclude that given the variability in internal prediction CV, it is perhaps safer to
adopt an incremental window in this case since it is more robust.
Coming to ANN models, only MLP models (with one hidden layer only) were used for
on-line model evaluation because of the instability found when RBF models were evaluated
off-line. The CV values of the MLP models are excellent (about 1%) and exhibit least temporal
variability in CV as compared to the other ANN modeling approaches (see Reddy et al. [2001b]
or Pericolo et al. [2002]). Not surprisingly, for the DUK data, the model CV of the MLP with
three and six hidden neurons as well as MLP_2_50 (i.e., an MLP model with two hidden neurons using a data set of 50 points) have the lowest CV values (below 1%), whereas the models
MLP_2_100 and MLP_2_200 average slightly above 1%. For the incremental window algorithm, again, the higher order models exhibit a more stable behavior with an average CV in the
order of 2.1% for MLP_2_ORLS, 0.8% for MLP_3_ORLS, and 0.3% for MLP_6_ORLS. The
smallest models with two hidden neurons and sliding windows present the most volatility. Overall, the best average CV is achieved for the MLP with six hidden neurons using a sliding window of 50 data points (MLP_6_50 model) with the lowest average of 0.09% and the second
lowest standard deviation of 0.15%. Since overfitting is usually a concern, MLP_3_50 with an
average CV of 0.17% and its standard deviation of 0.37% is considered the best choice (see Figures 9 and 10). It combines the computational advantages of a small model size with a small
window size.

External Predictive Ability
Perhaps the most critical evaluation test is the external predictive ability of the different models. We would like the models identified from the training data to accurately predict future system behavior. The results of the batch evaluation shown in Tables 2 and 3 indicate that the
models are robust enough not to cause false alarms. However, we would like to evaluate this in
an on-line context. The results of the external predictive accuracy of the GN models and the MP
models are shown in Figures 11 and 12 for three computational schemes: (1) ORLS incremental
scheme, (2) sliding window scheme without weighting (200 data points), and (3) WRLS (forgetting factors of 0.96 and 0.98). Two different time horizons (25 and 50 data points) have been
assumed while generating the two frames in Figure 11.
First we note that there is little incentive in using WRLS. The uncertainty is increased drastically along with a lack of robustness as evidenced by the increased volatility. Secondly, the CV
is more stable for the 50-point time horizon than for the 25 (Figure 11), though the mean trends
are similar in magnitude. Thirdly, the MP and GN models are comparable, though the former
has slightly lower CV values. However, these values of 1% to 1.5% are within the measurement
noise of the instrumentation, and so in that regard these models can be viewed as being equally
good. Finally, we note that the incremental scheme is to be preferred since it is the most stable
and accurate overall.
As for the necessary initial data length, we note that about 400 data points are required for the
GN model to reach its long-term stability, while it is about 320 for the MP model (see Figure
12). Note that this is specific to the two data sets used in this analysis, which were highly correlated (serial correlation of about 0.90). A previous study by Reddy et al. (2003) showed that 300
data points of a data sequence highly correlated in time is only equivalent to 20 “independent”
data (this is probably the reason why the sliding window results using a 200 data window proved
inferior to the incremental window scheme). Hence, the quantitative conclusions of this analysis
have to be interpreted in this light.

408

HVAC&R RESEARCH

Figure 9. Variation of the Internal CV (%) Under Two Sliding Window Schemes Applied
to Chiller #2 Data; An MLP Model with Three Hidden Neurons Trained with a 200 Point
Window Size (Dotted) and ORLS Increasing Window Size (Solid)

Figure 10. Variation of the Internal CV (%) Under Two Sliding Window Schemes
Applied to Chiller #2 Data; an MLP Model with Three Hidden Neurons Trained with a 50
Point Window Size (Dotted) and 100 Point Window Size (Solid)
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(a) Future Time Horizon of 25 Data Points

(b) Future Time Horizon of 50 Data Points

Figure 11. Variation of the External Prediction Accuracy (Percentage CV) of the GN
Model Under Various Training Schemes for Chiller #1 Data for Two Different Time
Horizons
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Figure 12. Variation of the External Prediction Accuracy (Percentage CV) of the MP
Model Under Various Training Schemes for Chiller #1 Data for a Time Horizon of 25
Data Points; Three Training Schemes are Shown: Incremental Window (ORNL), Sliding
Window without Weighting with a Window of 200 Data Points, and WRLS with a Forgetting Factor of 0.98

Both Figures 11 and 12 exhibit two large spikes—one around 300 and the other around 580.
This could be due to noisy or spurious data or perhaps transient data. It is interesting to note that
Figures 5 and 6, which show the variation of the internal predictive ability of the GN and MP
models capture the first spike but not the one around 580. This indicates that the model has
adapted to this data change and therefore did not cause the internal predictive CV to increase.
Such spikes would generate false positives had an FD scheme been implemented. This behavior
suggests that an important issue for proper and robust FD is the need to properly filter and clean
raw data being collected.

SUMMARY AND CONCLUSIONS
Qualities desired in a good performance model have been listed in the “Background” section
of this paper. The four chiller modeling approaches (three of them linear while the ANN models
are nonlinear) under three different computational schemes, namely, incremental ORLS, sliding
window without weighting, and WRLS, have been evaluated with monitored data from two
large chillers in terms of their suitability for on-line model training of chillers under fault-free
operation. Our conclusions, which are to some extent specific to the two chiller data sets used,
are summarized below.
1. Only the GN model seems suitable for FD using model parameter tracking. These parameters
show little or no seasonality effect. Because of the poor regressor correlation structure of the
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model, it is better to use an incremental window ORLS scheme than sliding window schemes
(we have only looked at window schemes up to 200 data points—it is likely that longer windows would have shown better results). The GN model parameters need about 400 data
points initially to reach their attainable accuracy (in terms of both precision and efficiency).
The detection thresholds look promising since the (SE/Estimate) values are in the range of
0.5% to 2%.
2. The black-box models are totally unsuited for FD using model parameter tracking. Not only
does one have to track ten model parameters (as against three for the GN), but these are statistically unstable and the detection thresholds are very large.
3. We have investigated various ANN models of two different generic types. The RBF models
were found to be very poor in that they lacked robustness. Though the internal predictive
accuracy was very good, they extrapolated very poorly. The MLP model with one hidden
layer and three hidden nodes, though slightly poorer than one with six hidden nodes, is recommended as the more suitable model for baseline chiller modeling.
4. Direct comparison of the internal and external predictive abilities of the modeling approaches
was done both under off-line and on-line scenarios. The results indicate robust model structure with very little “internal noise” since all models have comparable internal and external
predictive accuracies (CV about 1% to 2% for Chiller#1 and 2% to 5% for Chiller#2). The
GN models are slightly poorer than the MP models, with the MLP models being best. However, these CV values are within the experimental uncertainty of the collected data, and in
that sense, all models are equally appropriate.
5. A great advantage of the GN and PC models is that the parameters have physical meaning
and can directly provide diagnostic insight while performing fault detection. In this regard,
they have an edge over the black-box models.
6. There seems no special reason for using WRLS. The results are poorer than using sliding
window or ORLS incremental window schemes. This suggests that the chiller models have
no inherent structural deficiency and that seasonality is not an issue. Hence, model parameters are likely to be invariant provided adequate training data length is available.
7. The ORLS scheme is found to be the best candidate for an FD scheme using model prediction thresholds. About 320 and 400 data points are needed for the MP and GN models,
respectively, to reach their long-term accuracy and stability levels. However, this is specific to
the two data sets analyzed and, hence, should be treated accordingly.
The analysis also revealed the importance of properly filtering the raw data (this issue
acquires increasingly more importance as higher frequency data are collected) when steady-state
models are to be used for FD. Otherwise, the model may generate false positives and undermine
the confidence in the entire FDD process. Finally, it is important to note that the scope of this
study was limited to evaluating different chiller models under steady-state operation and under
fault-free operation. The models have not been evaluated with faulty data in order to determine
whether they can detect faulty operation and, if so, the level of their sensitivity. This field of
enquiry is currently the objective on another ASHRAE research project.
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NOMENCLATURE
CdA0
E
m
N

=
=
=
=

n
Q
s2
T
UA
W

=
=
=
=
=
=

orifice plate blockage coefficient
electric power consumed by chiller
mass flow rate
number of hidden nodes of the ANNMLP model
number of observation data
heat transfer rate
actual variance of the model error
temperature
overall heat conductance
work, weighting or forgetting factor,
weights for ANN models

X,x
X
Xˆ
Y, y
a,b,θ

= regressor matrix or variable

cho
in
m
p

=
=
=
=

= mean value of X
= model-predicted value of X

= response vector or variable
= model parameter or model parameter
vector
= activation function for the MLP model
β
ε
= random error
s2, σ2 = estimated variance of the model error
var
= variance of model parameters
η
= efficiency

Subscripts
cdi
cdo
ch
chi

=
=
=
=

condenser water inlet
condenser water outlet
chilled water side
chilled water inlet

chilled water outlet
inside, transferred in
motor side
polytropic

Acronyms
ANN
COP

=
=

CV-RMSE, CV =
DUK

=

FD
FDD

=
=

GN

=

MAE
MP

=
=

MLP

=

artificial neural network
coefficient of performance
of chiller
coefficient of variation of
the root mean square error
Drexel University Korman building
fault detection
fault detection and diagnosis
Gordon-Ng chiller model
(Equation 1)
mean absolute error
multivariate polynomial
chiller model (Equation 5)
multi-layer perceptron

MSE
M&V

=
=

OLS
ORLS

=
=

PC
R2-adj

=
=

RBF
RMSE
SE

=
=
=

WRLS

=

mean square error
monitoring and verification
ordinary least squares
ordinary recursive least
squares
physical component
coefficient of determination adjusted for degrees of
freedom
radial basis function
root mean square error
standard error or square
root of the variance of
model parameters
weighted recursive least
squares
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