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Abstract

The paper presents an online adaptive strategy for the fault detection and diagnosis of centrifugal chiller systems. The strategy is developec
based on six physical performance indexes. These performance indexes have the capability to describe the health condition of centrifuga
chillers and particularly to account for existing chiller faults. A set of rules for faults and their impacts on the six performance indexes
are deduced from theoretical analysis, and then serve as the fault classifier. The benchmarks of the performance indexes are provided b
simplified reference models, whose parameter identification is simple. In addition, an online adaptive scheme is developed, by analyzing
uncertainty coming from both model-fitting errors and measurement errors, to estimate and update the thresholds for detecting abnormal
performance indexes. The FDD strategy is validated by both field data collected from a real building chiller system and by laboratory data
provided by an ASHRAE research project.

0 2005 Elsevier SAS. All rights reserved.
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1. Introduction more, chiller performance degrades naturally and different
kinds of faults (component faults and sensor faults) may oc-
Fault detection and diagnosis (FDD) are important in cur in the course of operation, which might result in a great
process engineering and have attracted a lot of attentionwaste of energy. As for sensor faults in chiller systems, a
recently. The main benefits of FDD in HVAC&R (Heat- series of comprehensive investigations can be found in the
ing, Ventilating, Air-Conditioning and Refrigeration) appli- works of Wang and Wang [4,5], and Wang and Xiao [6].
cations derive from reduced operating costs and/or improved Component hard faults which cause the system to stop func-
indoor environment. Detailed literature reviews in this field tioning (e.g., seized compressors, broken fan belts and mal-
can be found in the papers of Comstock et al. [1], Reddy et functioning electrical components) are usually easier to de-
al. [2] as well as Dexter and Pakanen [3]. tect, since they occur abruptly and result in a sudden failure
Chiller systems account for a large portion of the energy of some part of the plant [7]. Component soft faults which
consumption of HVAC&R system of buildings. It is esti- cause degradation in system performance (e.g., the fouling
mated that energy consumption of chiller plants typically of tubes of condensers and evaporators) are the prime con-
contribute to 35-40% of the total building electricity con- cern in this paper.
sumption in commercial buildings in Hong Kong. Further- ~ The fault detection and diagnosis methods might be clas-
sified into two major groups [8], including model-free FDD
* methods, which do not utilize an explicit mathematical
Corresponding author. Shengwei Wang is an _associatg professpr andmodel of the target system, and model-based FDD methods,
the associate head of the Department of Building Services Engineer- . -
ing, The Hong Kong Polytechnic University, Kowloon, Hong Kong. which employ a majthematlcal model. However, we should
Tel.: +852 27665858; Fax: +852 27746146, confess that there is no clear boundary between these two
E-mail addressbeswwang@polyu.edu.hk (S. Wang). definitions and sometimes these two methodologies are used
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Nomenclature
bo, ..., b7 regression coefficients in reference models Wit model fitting error
cop coefficient of performance Wmea Measurement error
Cpw  Water specificheat ............. kg 1K1 Welec  electricity consumed by the motor ... ... kW
Effisen  iSentropic efficiency Xo vector of independent variables where
Eff otor Motor efficiency uncertainty is calculated
,~ reference model of thigh performance index Xreg matrix of independent variables used
F;(-)  error propagation function in regression models
8i formula for calculating théth performance Y response variable of regression model
index z vector of true values of measured variables
hdis refrigerant specific enthalpy at compressor
discharge .........ooovuiieiinni... kgt Greek symbols
hsuc refrigerant specific enthalpy at compressor o fractile
SUCHION ... kgt y mean isentropic coefficient
LMTD logarithm mean temperature difference . .°C € random error of regression
n number of training data set for regression model o standard deviation
fitting . 8 Gaussian noise of measured variable
Mchw chllle_d water mass flowrate .......... kg Subscripts
Mgy  entering condenser water mass flow
FALE .t gt chw  chilled water
Mt refrigerant mass flowrate ............ kot cd condenser
p number of independent variables in reference  chws  chilled water supply
models chwr  chilled water return
P 0] 1= 1515 U = Pa cw condenser water
q0 specific refrigeration output ......... kgt ecw entering condenser water
Oev coolingload ............. ... .. ...l kW ev evaporator
ri residual of theth performance index i ith performance index
R? coefficient of determination j jth element of measurement vecibr
t student’s distribution lcw leave condenser water
T temperature ........... . i °C Superscripts
Thy;  threshold of theth performance index
U()  uncertainty - measured value
v specificvolume ................... Skgt T estimated value
together. Although a model-free method has a simple struc- els are data driven models calibrated by experiments,

ture and the ability to detect and diagnose faults simultane- e.g., CoolTools/ DOE-2 Model [14].
ously, it is difficult to get robust rules and evaluate faults
guantitatively.

As for model-based methods, one of the fundamental is-

Traditional FDD methods in HVAC&R usually require
a great number of measurements as fault indicators (Sty-
lianou and Nikanpour [15], Rossi and Braun [9]). The fault

sues is to identify, as quickly as possible, an accurate ref- - . L
fy g yasp S classifiers of the methods use the statistically significant de-
erence model of system performance, representing its fault-_. . .
viations of the measurements to detect a fault and use their

free behaviour. Model-based FDD methods can be Catego'deviation pattern to diagnose the fault. Nevertheless it is not

rized, in terms of the construction of reference models, as 5, easy job to determine how many and which measurements
follows: should be chosen to fulfill this duty as there are numerous
sensors available on centrifugal chiller systems. A robust
fault classifier in FDD should make use of the impacts of
faults on performance indexes with physical meanings rather
system. than on pure numerical values of measurements. Another
(2) Physical models (Gordon and Ng [11], Bourdouxhe et fyndamental issue in FDD applications is to set an appro-
al. [12], Mcintosh and Mitchell [13], etc.), which are priate threshold for fault detection. The threshold is usually
largely based on first principles. determined empirically or experimentally. A lower threshold
(3) Semi-physical models may be partly data driven and can benefit the earlier detection of major faults but tends to
partly based on first principles [7]. Actually, these mod- produce false alarms, and vice versa.

(1) Data driven models (Rossi and Braun [9], Bailey [10],
etc.), which do not incorporate any knowledge of the
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Fig. 1. Schematic diagram of FDD strategy.

The FDD strategy presented in this paper is based on atheir impacts on performance indexes. The fault classifier,
fault classifier relating six performance indexes that have consisting of this set of rules, could identify the existence of
great thermodynamic meaning to typical chiller faults, in- particular chiller faults.
stead of relating a great number of measurements to these Once a set of data from BMS interfaced with chiller con-
faults as most previous works did in the chiller FDD field. trol panels pass through a data preprocessor consisting of a
Moreover, the FDD strategy employs a simple model which steady-state and an outlier filter, all performance indexes at
is easy to identify to predict normal values of the perfor- this sampling instance are calculated. Meanwhile the bench-
mance indexes. In order to avoid false alarms and effectively marks of the performance indexes are also provided by their
detect a fault, a scheme that can set reasonable fault deteccorresponding reference models. Thus the residual for each
tion thresholds is developed. The strategy is validated both performance index is generated by comparing the actually
by field chiller data from the BMS (Building Management measured value with its benchmark provided by reference
System) of a commercial building in Hong Kong and labora- models, which are trained beforehand. Each residual is com-

tory chiller data provided by the ASHRAE research project pared with its threshold in the fault detection stage. When
1043-RP (Comstock and Braun [16]). the residuals of one or more performance indexes are larger

than their thresholds, the chiller system is considered to be
faulty. Furthermore the particular faults are diagnosed by the
fault classifier according to the amount and direction of the
deviation of the performance indexes.

The FDD strategy developed in this study comprises a . It is W(_)rth hoting that the thr_esholds Of. performance
steady-state filter, reference models, online threshold esti-'ndex. residuals are updated inme aCC.Ord'.ng to the un-
mators and a fault classifier, as illustrated in Fig. 1. The certainty of the estimated residuals, which is contributed

. . by both model fitting errorsusi;) and measurement errors
reference models of performance indexes with the form of (wmea), as illustrated by Eq. (1). Wherghy, is the thresh-
Yi = f(Qev. Tetws Tecw) have three independent variables oldmf)f ,theith performance.indéﬁ is the’lresidual of the

. . . i1

only, i.e., the cooling load@ey), t_he chilled water supply ith performance index(/(-) is the uncertainty at a certain
temperature Zcnws) and the ent(_anng condense_r w_ater tem- confidence level which can be estimated by the propaga-
perature {ecw). The reason behind such selection is that the tion function F,(-) of the model fitting errors and mea-
correlations between the performance indexes and these in'surement errorls associated with performance index. The
dependent Vaf'ab'es are very strong. The_5|mple StruCtUre o ailed procedures are explained in the following subsec-
of the regression models ensures that their parameters caty s
be conveniently identified. A set of generic rules is derived '

from theoretical analyses in order to correlate the faults with Tho.i = U (7i) = Fj (wfit, wmea) (1)

2. Basic method and approach of strategy
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Table 1 systems. The fault diagnostic classifier based on these rules
Mathematical formulation of performance indexes has the advantage of being robust, besides being easily un-
Performance indexes Formulations derstandable.

Logarithm mean temperatureLMTDey = % _ The following five prlcal faults, accounting for a signif-
difference of condenser In(7Erey) icant part of the service calls made according to the survey

Logarithm mean temperatureLMTDeg = % conducted by Comstock and Braun [16], were concerned in

difference of condenser N Toqu—Tog) this study:

Moo — CpwMchw(Tehwr—Tchws)
ref = 70

=X Pevva[(Pea/ Pev)(yil)/y -1]

Mass flow rate of refrigerant

e Reduced evaporator water flow.

. . . -1 .
Compressor isentropic effi- Effisen= r Faie—Tsus ° Refrlgera.nt leakage.
ciency Mo houo e Excessail.
Drive motor efficiency Eff motor = —elye—sue o Condenser fouling.
cop— CpwMehw(Tehwr—Tchws) e Non-condensables in refrigerant.

Coefficient of performance

elec

The rules adopted to correlate the above five faults to their
2.1. Performance indexes of centrifugal chillers impacts on the six performance indexes are listed in Table 2.
Where, “—" indicates that no discernible trend is found in

Six performance indexes are used by the strategy, whichthe performance index. The sigiv™ indicates the perfor-
are shown in Table 1. They are selected to be physically mance index decreases when the severity of a fault increases.
meaningful and to able to indicate the health condition of The sign “A” indicates that the performance index increases
a centrifugal chiller system. By comparing the performance when the severity of a fault increases. The sign in the brack-
indexes with their expected normal values determined by the ets describes the trend when expansive valve is available and
reference models, the existence of faults can be detected. functioning well. It is worth pointing out that the expansion

The mathematical formulations of the performance in- valve in the centrifugal chiller tends to compensate for the
dexes, shown in Table 1, are developed on the basis of a stanadverse effects of some faults on the performance indexes
dard refrigeration cycle. Obviously the performance indexes and then makes the residuals of them less noticeable. Cen-
can be calculated directly from measurements available ontrifugal chillers using a fixed orifice as the expansion device
BMS. In the thermophysical perspective, these performancewould notice earlier and more significant residuals of perfor-
indexes give a more comprehensive picture of the chiller mance indexes than those using an expansion valve. Hence,
than that a great number of measurements from sensors dothis issue should be considered when constructing a fault
Although the performance indexes are not independent in aclassifier for chillers with different expansion devices.
fault sense (see Table 2) and therefore weak in diagnosing The correlations in Table 2 are based on the impacts of
multiple faults, the strategy based on the performance in- the faults on the performance indexes, which are interpreted
dexes is still meaningful in most engineering applications as as follows.
the chance of multiple faults is low and the diagnosis can be

achieved with the support of other means. e Reduced evaporate water flow increases the evapora-
tor water temperature difference and therefore higher
2.2. Fault classifier LMTDgy. Since the expansion valve is attempting to

keep it nearly constant, the decreases in evaporator pres-
Once faults are detected based on the deviations of one  sure and temperature are slight. Also, a reduc€dP is

or more performance indexes from their expectations, it is expected for this fault although it might not be apparent.
necessary to find the causes of the faults (fault diagnosis). e Refrigerant leakage results in lowdfes and smaller
The performance indexes are selected so that different per- LMTDcq since a less amount of refrigerant in the system
formance indexes are sensitive to different faults. A fault tends to reduce the condenser pressures and condens-
classifier consisting of rules correlating faults and their im- ing temperatures. For a chiller with an expansion valve,
pacts on performance indexes is constructed. These rules the valve is able to compensate for the reduction of re-
are deduced from basic thermo-physical principles of chiller frigerant flow by opening further until it cannot com-

Table 2

Rules in fault diagnostic classifier for centrifugal chillers

Fault type LMTDey LMTDeqg Myet Effisen Eff motor cop
Reduced evaporator water flow A — — — — v
Refrigerant leakage — v v(—) — — V(A)
Excess oil — — — — v v
Condenser fouling — A A(—) — — v
Non-condensables — A — A — v
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pensate any more. Due to the smalldTD¢q and the Eff motorr COP). The model is an expression for chiller per-

decrease of throttling effect on the whole refrigeration formance indexes as a function of the cooling Iq@zky),

cycle, a small increase @OP can be observed if only  the chilled water supply temperatu(&nws) and the enter-

the expansion valve is capable of fulfilling its duty well. ing condenser water temperatyffacw). The model's valid-

However, a chiller using a fixed orifice as the expansion ity will be investigated later in Section 3.2. The coefficients

device would suffer such penalties as reduction¥jgs (bo, ..., by) are assumed to be constant, which can be found

andCOP. by linear regression technique using the performance data
o Excess oil simply fills up the compressor cavity and sub- obtained from the BMS.

merges some of the gearing in most cases. The viscous

effects caused by the excess oil lead to increased me-2.4. Online estimation of threshold

chanical losses in compressors. Consequestly, o

decreases. At the same tin@QPwill also decrease due Model-based FDD methods rely on the determination

to the increased mechanical losses. whether the residuals of performance indexes exceed fault
e Condenser fouling results in largeMTDcq and degra-  detection thresholds, which vary with system operating con-

dation of COP subsequently. The reason is that con- ditions. In fact, the uncertainty of the residuals at a specific

compensate for the increase Mfes up to certain level,  tainty of performance indexes. Both prediction uncertainty
and the refrigerant flow rate in a chiller with a fixed ori- ©f the reference models and the uncertainty of performance
fice will be affected (i.e., increase) earlier. index calculation are often strongly affected by operating

« Non-condensables in refrigerant result in larger calcu- conditions, such as the cooling load and the chilled water
lated LMTDcq because the measured condensing pres- and cooling water temperatures. Therefore, thresholds of the
sures which are used to calculate the condensing tem-residuals of performance indexes vary with operation condi-
perature increases substantially with the increase of non-tions changes, given certain confidence levels. In this study,
condensables in the system. Meanwhile, a higher con- adaptable thresholds are used, which are estimated online

densing pressure requires higher isentropic work and USing the scheme described below. _

hereby higher isentropic efficiendsff... Also, as ex- The online threshold estimation scheme is developed on
iserr ’ ; ; ;

pected, the chiller efficiency will decrease because the the basis of evaluating the modeling errors and the propa-

pressure lift across the compressor becomes higher anCgation of each measurement error through the mathematical
requires more electrical power input. Note, if the con- ormulations of the performance indexes, at a specific oper-
ating condition. The threshol@lhy ;) for the residual of a

densing temperature is measured but not calculated, no ¢ indexr d tai i dit
significant change will be observedliMTDcg. periormance in 'e)(r,), under certain operating c~on uons,

is estimated online according to its uncertaiGty(7;)) at a
certain confidence, as shown in Eq. (3).

Tho; = U (7i) = taj2,n—pGi,—r; @)

Reference models of the proposed performance indexesyhereThy; is the threshold of theth performance index,
are used to characterize the fault-free operation of a chiller 52 5 the estimator of the residual of ttth performance

system under certain operating conditions, i.e., to generatejndex. The residualr;) is the difference between the ob-

the benchmarks of the performance indexes. Assuming con-served value and model predicted value of tte perfor-

stant water flow rate in evaporator and condenser, chiller per-mance indexl/ (7;) is the uncertainty of the residual at a

formance is primarily a function of three variables, the cool- certain confidence levet:2 s determined by Eq. (4) and

. . . ri—ro . .

ing load and the temperatur_e difference between the enterlng,a/z’nfp is the value of the distribution withn — p degrees

condenser water and leaving evaporator water [17]. Poly- of freedom at a confidence level tf — ). n is the number

nomial regression models which can consider these threeof training data points used in the model regression ais

variables are naturally given top priority. the number of coefficients estimated from the training data.
In this study, a simple chiller model is presented as shown

2
in Eq. (2). The mean and variance of the error ternaye as- G2, = Z[( 0gi )%} 15214 X (X Xreg) Xo] (4)

2.3. Reference models of performance indexes

sumed to be 0 and? respectively (i.e.s ~ N (0, o)) [18]. 7L\ 0z
whereg; is the formula for calculating thah performance
Y= , T T . v . .
J(Qev. Tetws Tecw) + ¢ index. z; is the jth element in the vector of measured vari-
= bo + b1Tchws+ b2Tecw+ b3Qev + baTchwslecw ables(z), which is used to calculate thigh performance
. : . . . ~2 .
+ b5 TenwsQey + beTecwQey + b7ng+ e @) index(Y;). oz is the standard deviations of andasy is the

estimated variance of the regression erro'ltbberfo'rmance
The model outputgY) are assigned to be the performance index. Xg is the vector of regressors for the current predic-
indexes of concern (i.eLMTDey, LMTDcd, Mref, Efficen, tion andX(T, is transformed from vectofo. Xyegis the matrix
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of regressors associated with the training data)éhgis the application software with a BMS. The FDD software run-
transformed matrix oKeg. The deduction of Eq. (4) is pro-  ning in a computer in the BMS network retrieves the chiller

vided in the appendix of this paper. operating data from the database in the BMS central server
station to monitor the operation of the chiller system.
2.5. Other issues concerning FDD application It is worth pointing out that in addition to identifying

the physical cause of faulty operation, e.g., fouled heat ex-
The proposed FDD strategy can be conveniently inte- changer and overridden controls, it is also desirable to esti-
grated with BMSs via a standard software interface. Fig. 2 mate both the cost of fixing the fault and the cost of delaying
shows a typical schematic diagram of integration of the FDD fixing it, which is called fault evaluation. The fault evalua-
tion then balances these two costs and provides appropriate
Computer running FDD software recommendations, including: let it go, adjust the control to
compensate for the fault, schedule service when it is conve-
nient, or shut the unit down and repair it now. The proce-
dure of fault evaluation, if considered, would involve much
N knowledge beyond the scope of HVAC&R engineering itself
and it is not concerned in this paper.

Network
3. Validation of FDD strategy using field data
- 3.1. Chiller system
N The data used to validate the proposed strategy were col-
— lected from a 1500 ton York seawater cooled centrifugal

chiller (using a fixed orifice as the expansive device) in the
central cooling system of a commercial building in Hong
Kong, over a period of one month. Chilled water and cool-
ing water flow rates, temperatures, and compressor power

BMS central sever station

Fig. 2. Schematics of the integration of FDD with BMS. were collected every minute. The condenser of the chiller is
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Fig. 3. Comparison between predicted and calculated performance indexes (field data).
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Fig. 4. Normal residuals of performance indexes calculated using field data obtained from 7:30 am to 17:00 pm on July 5th, 2001: (1) ReMdals of
(2) Residuals oEMTDcg; (3) Residuals oMM ef; (4) Residuals oEffigery (5) Residuals oEff iy otior (6) Residuals oCOP.

directly cooled by seawater and the water flow rates through commissioning, healthy and fault-free operations of the
the condenser and evaporator are constant. components, sensors, controller, actuator, etc., can be en-
sured. The collected data sets could therefore be thought to
have the capability to describe the fault-free operation of the

In this study, the field-monitored chiller data collected plant. The noise errors associated with individual measured
on July 4th, 2001 were used to identify the reference data were assumed to be Gaussian distribution with mean
models. The sampling interval was one minute. Since the zero and standard deviation (i.e., half of the measurement
cooling plant just went through a routine process of re- accuracy).

3.2. Validation of reference models
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Fig. 5. Violated residuals of performance indexes calculated using field data ®)

obtained from 7:30 am to 17:00 pm on July 31st, 2001: (1) Residuals of

LMTDcg; (2) Residuals oMrer; (3) Residuals o€OP. Fig. 6. Normal residuals of performance indexes calculated using field data

obtained from 7:30 am to 17:00 pm on July 31st, 2001: (1) Residuals of
] LMTDey; (2) Residuals oEffigepy (3) Residuals oEff jottor-
The collected data went through the calibrated steady-

state filter first. The training data sets were finally selected

prudently from the steady-state data so that the range ofall identified reference models are larger than 90%, which
variation of the individual variables was as large as possi- Shows the strong goodness-of-fit of the regression models.
ble for identifying sound reference models. OLS (ordinary

least square) method was employed to find the parameters3.3. Fault detection and diagnosis using field data

of the reference model in the form of Eq. (2). Comparisons

between predicted and calculated performance indexes are The data of 30 days collected after July 4th, 2001 (the day
shown in Fig. 3.R? (coefficient of determination) [18] of  used for model training) were used to test the performance
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of the proposed FDD strategy in identifying faulty chiller The violated residuals of the performance indexes on July
operation. In the tests, the calculated performance indexes31st, 2001 (28 days after system commissioning and cali-
at steady-state were compared with the predictions of cor-bration) are presented in Fig. 5. At the same time, the normal
responding reference models. The variation and size of theresiduals of them are also presented in Fig. 6, in which few
residuals were used by the fault classifier to diagnose par-residuals deviate from their thresholds. Due to constraints in
ticular faults. The data collected on July 5th, 2001, which the real system, no other faults were introduced in the chiller
can be regarded as fault free data, were first used in testssystem to test the strategy.

The residuals of the six performance indexes are presented

in Fig. 4. The sample points are those samples that passed o )

through the steady-state filter. The dots’,“in the figures 4 Validation of FDD strategy using laboratory data
represent the residual values. The solid lines in the figuresf"0M ASHRAE 1043-RP

indicate the threshold band, which is determined by the esti-
mated uncertainty values updated by Eq. (4) with 95% confi-
dence using the measurements. It is evident in the figure that
there are a very few residuals locating outside the threshold
band. Therefore, it can be concluded that the chiller system
is fault free.

4.1. Laboratory chiller system

Chiller data from fault tests at different levels of sever-
ity are used to validate the FDD strategy developed. The
data used were provided by ASHRAE research project 1043-
) i S RP [16]. The research project 1043-RP was sponsored by
Since the condenser of the centrifugal chiller is directly ASHRAE to study faults in chillers and to generate data
cooled by the seawater, the fouling of the condenser, Withoutthat can be used in the development and evaluation of FDD
purging during the period of 30 days, gradually developed, nethods. The tests were conducted on a 90 ton water-cooled
and naturally degrade the chiller efficienGOP. After July centrifugal chiller with an expansion valve. The cooling load

2th, 2001 (21 days after the commissioning), the FDD strat- ranged from about 25 to 100% of the rated cooling capacity.
egy started to find significant residualsliMTDc¢q, Myef and

COP, and these residuals gradually became serious. Mean-4 2. vjlidation of reference models

while, there was no discernible residual in other three perfor-

mance indexes. Therefore, the fault classifier concluded that  The data from normal tests in the research project were
the occurred fault was condenser fouling. This conclusion used to train the models. Comparisons between predicted
agreed well with the foregoing expectation that the seawa- and calculated values of performance indexes are shown in
ter fouled the condenser and caused an efficiency penalty.Fig. 7. Also,R? of the six identified reference models are all
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Fig. 7. Comparison between predicted and calculated values of performance indexes (ASHRAE laboratory data).
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larger than 98%. That shows desirable goodness-of-fit of the4.3. Effects of operating conditions on FDD thresholds

regression models.
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3 @
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o
o
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Fig. 8. Estimated threshold of a performance indeK {10y affected by
chiller cooling load Qey) and entering condenser water temperatfigg\()
under the condition of constant chilled water supply temperafiigg) -
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evaporator water flow test: (a) Residuald MTDcgq; (b) Residuals o€OP.

As analyzed earlier in Section 2.4, the chiller operating
conditions affect the residual uncertainty of performance in-
dexes, and then affect the thresholds for fault detection at
certain fixed confidence level. The laboratory data were used
to verify the effects of the operation conditions on the FDD
thresholds and check if it is necessary to adopt the online
adaptive FDD scheme.

The results show the threshold of each performance index
changed with the operating conditions (i.e., cooling load, en-
tering condenser water temperature and chilled supply water
temperature). It was observed that the performance indexes,
Myet, Eff otorr COP, changed significantly when the oper-
ating conditions changed while the performance indexes,
LMTDey, LMTDcq and Eff;se, Were less susceptible to the
operating conditions. The threshold of the performance in-
dex,Eff oton Was chosen to illustrate such effects. As shown
in Fig. 8, the variation of thresholds &ff oo, Was signifi-
cant when the chilling loadQey) and the entering condenser
water temperaturélecy) changed at a constant chilled water
supply temperaturélchws) -
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Fig. 9. Violated residuals of performance indexes obtained during reduced Fig. 10. Violated residuals of performance indexes obtained during refrig-

erant leakage test: (a) Residuald®MTD.q; (b) Residuals oCOP.
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4.4. Fault detection and diagnosis of non-condensables test, as shown in Fig. 13, the residuals
of three indexes|.MTDcq, Effge, and COP, deviated from

The data from the tests involving five typical faults were their thresholds. Thus, non-condensable in refrigerant could
used in this study: reduced evaporator water flow (character-be identified.
ized by reducing water flow), refrigerant leakage (simulated It can also be seen from Fig. 9 to Fig. 13 that the thre-
by adding refrigerant to the system); excess oil (simulated sholds of the performance indexe¥ef, Eff otor COP,
by adding oil to the system); condenser fouling (simulated change significantly when the operating conditions change
by plugged tubes in the condenser); and non-condensablesvhile those of the performance index&$4TDey, LMTDcq
in refrigerant (simulated by adding nitrogen into the refrig- andEff.,are less susceptible to the operating conditions. In
erant). During the validation tests, data of each fault type

were arranged in increasing order of severity levels, i.e., 0.06
from level 1 to level 4, which are defined in by Comstock 0.05
and Braun [16]. For each fault severity level, there are 27 0.04
tests. Thus there are totally 1087 x 4) fault tests for each 8 003
fault type. The residuals of six performance indexes were s
calculated and then compared with their thresholds at fault ot 002
detection stage. 5 001
In the test of reduced evaporator water flow, the resid- T 0
ual of LMTDey began to deviate beyond its thresholds (here, § -0.01
the confidence level of thresholds is 95%) at fault level 2, as % 002
shown in Fig. 9(a). In addition, with the increase fault lev- 003
els, an ever-decreasifi@OP, though not obvious, could also
be observed (Fig. 9(b)). No discernible residual of the rest 004
of the performance indexes was found. These are not pre- Sample Point
sented in this section. The fault classifier, according to the @
rules presented in Table 2, identified the existence of reduced 04

I I
Level 1 I Level2 Level 3 |

evaporator water flow.

With regard to the test of refrigerant leakage, the residual
of the performance indexMTD¢q (Fig. 10(a)), began to de-
viate beyond its upper thresholds at fault level 1. In addition,
a small increase o€OP (Fig. 10(b)) was first observed at
level 2. Therefore, the refrigerant leakage was identified by
the fault classifier considering the chiller is equipped with an
expansion valve. In the test of excess oil, only the residuals
of Eff j,otor aNdCOP deviated beyond their lower thresholds
with increasing fault level, as shown in Fig. 11, while no
discernible residual of the other performance indexes was
found. The fault classifier identified the existence of excess
oil. Similarly, in the case of condenser fouling, as shown
in Fig. 12, the residuals of three indexésViTDcq, Mef,
and COP deviated from their thresholds. The fault classi- Fig. 11. Violated residuals of performance indexes obtained during excess
fier identified the existence of condenser fouling. In the case oil test: (1) Residuals dfMTDmotor; (2) Residuals oCOP.

Residual of COP

Sample Point

@

Table 3

Summary of FDD sensitivity and false alarm rate (laboratory data)

Fault type Reduced Refrigerant Excess oll Condenser Non-
evaporator leakage fouling condensables
water flow in refrigerant

Fault level* where

a fault is beginning

to be detected Level 2 Level 1 Level 4 Level 1 Level 1

Fault level* where Level 3 Level 2 Level 4 Level 3 Level 1

a fault is beginning

to be diagnosed

Detection rate 51% 62% 20% 69% 100%

Diagnosis rate 16% 25% 95% 27% 54%

False alarm rate 1% 4% 1% 1% 1%
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non-condensables test: (1) Residual$ MTDq; (2) Residuals o&ffigey
Fig. 12. Violated residuals of performance indexes obtained during con- (3) Residuals 0COP.

denser fouling test: (1) Residuals bMTD.q; (2) Residuals ofM es; (3)

Residuals oCOP. chiller on the condition that these faults would not do harm

addition, the FDD sensitivity and false alarm rate are sum- t© the chiller.

marized in Table 3. The “detection rate” in the table means

the ratio of the number of samples which are detected to be

faulty to the total number of samples. The “diagnosis rate” is 9. Conclusions

the ratio of the number of samples which are successfully di-

agnosed to the number of samples which are detected to be The major function of the chiller FDD is to consoli-
faulty. It can be seen from Table 3 that the FDD strategy date the information from chillers into a clear and coherent
shows high sensitivity to non-condensables in refrigerant. picture of chiller status, which can help building operators
However the FDD sensitivity to a few faults such as excess detect existing faults and identify the cause of the faults.
oil is not very high. The reason is that excess oil has a strongA model-based FDD strategy with an adaptive fault detec-
negative impact on chillers and only a relatively little ex- tion threshold estimator was selected as it is has advantage
cess oil was actually introduced to the laboratory centrifugal in model training and online FDD application of centrifugal
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chillers. The FDD strategy needs no additional instrumenta- where Qev, ’T\ecw and ﬁhws represent the observed (mea-

tion in implementation and therefore can be easily integrated sured) values ofQey, Tecw and Tchws, respectively.e; is

with existing BMSs. normally distributed error with a mean of zero and a vari-
Validation using both field data and laboratory data show ance ofay ay is the variance of the regression errori tif

that the FDD strategy, based on a robust classifier and S|mpleperformance index, namely the square of the SEE (standard

reference models, has the capability to detect and diagnoseerror of estimate) ot;. f;(-) represents the polynomial re-

typical chiller faults. Since the reference models provide the gression model of th&h performance index.

baseline behavior of chiller performance, their accuracy and ~ Therefore, the normal distribution &f has a mean value

reliability greatly affect online FDD application. During the  of f(Q Tecw Tehwe) and a variance ofrz,, as illustrated by

model identification, it is recommended to select regressor Eq. (A.2).

values spreading uniformly over their whole range of vari- ~ 57 7 2

ation. The fault glassmer f)cgr fault diagnosis, dedguced from Vi (f(Q Tecw TChWS) UY) (A-2)

basic physical knowledge, is an effective tool to couple the Also, the output of the corresponding reference madfgl

pattern of the performance indexes with a particular chiller at the same observed regressor vector is normally distrib-

fault. However, it should be confessed that there is no uni- uted with a mean value of (Q. Tecw. Tchwe) and a vari-

versal fault diagnostic classifier and one needs to be care-2nce ofo? X{(X[egXreg)Xo [18]. That can be illustrated by

fully tailored to specific applications. For example, chillers EQ. (A3).

using an expansion valvg have a dn‘fer_ent fau_lF diagnostic y; ~ (f(Q Tocw, Tchws) oy XT(Xre reg)Xo) (A.3)

classifier from that of chillers using a fixed orifice. In ad-

dition, since the set of rules in the fault diagnostic classi-

fier defines qualitatively but not quantitatively the changing

trends of the performance indexes when a fault occurs, con-ri = gi(2) — Y (A4)

tinuous monitoring of chiller operation is required to help whereg, (-) presents the calculation formula of thié per-
find such trends during the implementation basic chiller formance index (see Table 3) amdis the vector of true
FDD. ' . _ values of relevant variables.

Due to unavoidable errors associated with both sensor  However, due to measurement and modeling uncertainty,

measurements and the model fitting of the reference mod-the residual of theth performance index is estimated as
els, even in the case of fault free operation, there will shown in Eq. (A.5).

be residuals between the predicted performance indexes. >

and those which are calculated online. The fault detection ' = &2 — i (A-5)
threshold defines the acceptable ranges for these residuwherer; is the estimate of; andz is the vector of measured
als and those ranges should be determined quantitativelyvalues of variables consideregl(2) is theith performance

on the basis of the measurement quality and the fitnessindex calculated using. By replacingg; (2) with g; (2) plus

of the reference models. In addition, the operating condi- the first-order item in its Taylor expansion while neglecting
tion of the chiller also has significant effects on the ac- the second and higher order, Eq. (A.5) can be further de-
ceptable rage of residuals. The adaptive threshold estima-duced as shown in Eq. (A.6).

tor provides a quantitative approach to scientifically deter-

mine thresholds by taking account of these influencing fac- i~ 8i(2) + Z( ) Y (A.6)
tors.

The true value of the residual of thith performance index,
ri, can be given by Eq. (A.4).

wherez, is the jth element irg, §z; is zero mean Gaussian
noise associated witty and its standard deviations are .

Acknowledgements By subtracting Eq. (A.4) from Eq. (A.6), Eq. (A.7) is de-
rived.
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James Braun, Purdue University, for providing the labora- Sincesz;, ¥; andy; are independent of each other [18], the

tory data used in this study. mean and variance df — r; can be respectively given by
Eg. (A.8) and Eq. (A.9) while referring to Egs. (A.2) and
(A.3).

Appendix A. Deduction of Eq. (4) EGi—ri)=0 (A8)

According to the principle of OLS, the observed value of Jo: 2
the ith performance indexY;) corresponding to a specific D@ —r;) = gr = Z[(ﬁ)azj]
observed regressor vector should satisfy Eq. (A.1). Y i 9z,

Y; = fi(Qev, Tecw Tehws) + &i (A1) +0f [14+ X (XegXreg)Xo]  (A9)
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Therefore; — r; is can been assumed to be normally dis-
tributed with mean zero and varianeg _,, as shown in
Eqg. (A.10).

Fi—ri~N(0,07_,) (A.10)
or,

B N (A.11)
O —r;

Whenafi in EQ. (A.9) is replaced with its unbiased estimate,
6%, which is given by Eq. (A.12), the unbiased estimate of

&Z_, can be obtained by Eq. (A.13).
"L (Y — Yp)?
6=y S (A12)
=1 TP
- agi 2
2 i
OFj—r; = ;[(azj )azj:|
+ 57, [ 14 X§ (XfegXreg) Xo] (A.13)

whereY; is the kth response variable associated with the
training data and?k is the output of the reference model.
is the number of training data points used in the model re-
gression ang is the number of coefficients estimated from
the training data.

Now, it can be concluded thdt—"- has ar distribution

ri—ri

with n — p degree of freedom [18] as shown in Eqg. (A.14).

Fi —r

~te (A.14)

OFi—r;
This leads to &1 — «) confidence interval for the predictor
of the residual of theéth performance indexr;), which is
shown in Eg. (A.15).

(A.15)

During implementation of FDD, the uncertainty of the pre-
dictor of r; with a (1 — «) confidence level is given in
Eq. (A.16).

(Fi - toz/2,n—p57i7r,~) SYFES (Fi + toz/2,n—p67,~7r,~)

U(Fl) = :l:ta/Z,n—p&F,-—r,- (A16)
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