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Abstract: The chiller plays an important role for providing comfort environment. Once, the incipient faults 
are missed, they may develop to be fatal faults and further lead to equipment damage and casualties. 
Nevertheless, the incipient fault in the running process of the chiller are easily neglected in noise. Moreover, 
the running variables of the chiller have dynamic characteristics, and each process variable is correlated 
with each other in each process, and a certain variable is interrelated at different times. To tackle these 
problems, we develop an improved canonical variable analysis (ICVA) method to detect the incipient fault 
in chiller units with significant dynamic characteristics. In the proposed method, the exponentially weighted 
moving average (EWMA) is first applied to filter the data. Then the canonical variable analysis is used to 
detect the fault. In this paper, ASHRAE RP-1043 experimental data are used to verify the proposed method. 
Simulation results show that compared with traditional CVA method, ICVA method has a higher fault 
detection rate for incipient fault. 

1 Introduction 

With the fast development of the economy and society, 
the requirements of people for comfort are higher and 
higher. Hence, in order to provide the comfort 
environment, HVAC systems are widely used in various 
fields, such as medical treatment, commerce, and 
construction. However, if the chiller of the HVAC system 
fails, it will not only shorten the life of the equipment, but 
also increase nearly 15%-20% of energy consumption [1]. 
Therefore, it is of great significance to research the chiller 
fault detection technology, aiming at maintaining indoor 
comfort, reducing equipment wear and tear, and further 
saving energy.  

During the working process of the chiller, the 
amplitude of some faults is incipient, resulting to the 
changes of them are indistinguishable and easily covered 
by noise. Most of the fatal faults develop from the 
deterioration of incipient fault. Therefore, to avoid system 
damage and accidents, timely and accurately detection 
such incipient faults are conducive and successfully 
attract many attentions of researchers. Gong et al. [2] 
proposed an improved CNNs-SVM method for the 
detection of incipient fault. In this method, a combination 
of 1×1 hyperconvolutional layer and global mean pooling 
layer are used to replace the traditional CNN structure for 
fault detection, and good results are obtained. Cai et al. [3] 
proposed a weighted probability kernel principal 
component analysis method to detect incipient fault based 
on kernel principal component analysis. The Kullback 
Leibler divergence component is used to describe the 

difference in the degree of fault information, and the 
corresponding weights are assigned to strengthen the 
detection of incipient fault. Li et al. [4] combined 
principal component analysis with support vector data 
description, established support vector description space 
model in residual space of principal component analysis, 
and used distance based monitoring information for fault 
detection, and achieved good results. Nevertheless, the 
above-mentioned literature only considers the detection 
of incipient fault, and does not consider the dynamic 
characteristics of the system in the working process.  

In addition to incipient fault, there is cross-correlation 
and self-correlation between process variables and at 
different times of a variable, that is, dynamic 
characteristics. Aiming at the fault detection of dynamic 
process. Qi et al. [5] proposed an improved multi-channel 
principal component analysis (MPCA) method for fault 
detection of dynamic process by using time-varying 
covariance calculation statistics. Liu et al. [6] proposed a 
block kernel principal component analysis method. By 
using the kernel matrix updated with time instead of the 
fixed kernel matrix for the principal component model, 
the dynamic process detection performance of kernel 
principal component analysis is enhanced and the 
detection rate is improved. Zhang et al. [7] applied local 
space regularized to extract the slow features from fault 
data, and then combined it with independent component 
analysis to achieve the real-time fault detection, and 
verified the effectiveness through simulations. Gu et al. 
[8] proposed slow feature principal component analysis 
method by combining principal component analysis with 
slow feature analysis. Although the above documents 
consider the dynamic characteristics of system, the 

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0

(http://creativecommons.org/licenses/by/4.0/). 

E3S Web of Conferences 257, 01062 (2021) https://doi.org/10.1051/e3sconf/202125701062
AESEE 2021



 

problem which the incipient fault are easily covered by 
noise is less considered into, leading to the lower 
detection rate for such incipient fault. 

For the dynamic characteristics of chillers, this paper 
proposes an improved canonical variable analysis (ICVA) 
method to improve the detection rate of incipient fault. In 
the proposed ICVA method, considering the chiller 
process measuring data containing noise and noise will 
hide small amplitude of incipient fault, exponential 
weighted moving average (EWMA) is first used to 
eliminate noise in measured data highlight incipient fault 
information. Furthermore, considering the dynamic 
performance of the chiller significantly, the canonical 
variable analysis (CVA) is employed to mime the 
dynamics of the chiller based on the output matrix of 
EWMA, the low-dimensional characteristic information 
of process data is extracted and monitoring statistics are 
constructed to improve the performance of incipient fault 
detection of chiller. Finally, the effectiveness of the 
proposed method is verified on ASHRAE RP-1043 
experimental dataset. 

2 Improved CVA (ICVA) method 

2.1 Explanatory weighted moving average  

In the early stage of the incipient fault of the chiller, the 
extent of the fault is usually not easy to be detected, but 
the gradual evolution of the incipient fault will cause 
great harm. In order to solve the problem of incipient 
fault amplitude and being easily submerged by noise in 
the operation process of water chiller, EWMA method is 
used to eliminate the noise in the data of water chiller and 
emphasize the fault information. The core idea of EWMA 
is to use the operation data of the chiller at the current 
time and the forecast data of the previous time to 
construct the forecast data of the current time, which 
includes both the real observation data of the current time 
and the data information of the previous time, according 
to a certain weight value. 

The formula  2,z N    indicates the random 

variable, where μ is the mean and 2  is the variance. In 

the random variable, if the actual observed value of the 
chiller at time t is Zi, then the EWMA model construction 
value at time t is: 

  11t t tx z x          (1) 

2.2 Canonical variable analysis 

As mentioned above, the chiller has significant dynamic 
characteristics. In order to further improve the detection 
ability of incipient fault of the chiller, CVA is adopted in 
this paper to further deal with the operating variables of 
the chiller. The traditional method can not decompose the 
dynamic characteristics of the operating variables of the 
chiller well. Therefore, this paper further applies CVA 
method to EWMA filtered data to solve the dynamic 
characteristics of chiller variables. Canonical variable 

analysis is a linear dimensionality reduction technique 
widely used in multivariate statistical methods. It was 
first applied to fault detection by Negiz and Cinar in 1997 
[9]. In the process of fault diagnosis of chiller, it needs to 
expand the dimension of input and output matrix of 
chiller to cover the historical data set and future data set 
of chiller in the process, maximize the correlation 
between the historical data set and future data set, and 
extract the main information of the process. Considering 
the temporal correlation of variables, at a specific 
sampling time t , the observed vector 𝑥 ∈ 𝑅 extends 
forward p steps at time t to form the past observed 

variable ,p tx , and extends t steps after t to form the future 

observed variable ,f tx . 

The past and future Hankel matrix is defined as 

, 1 , 2 ,= mp N
p p p p p p p NY y y y R 

     , 

, 1 , 2 ,= mp N
f f p f p f p NY y y y R 

     . In a process with m 

observation vectors and M observation values for each 
variable, the last element of the observation variable 

, 1p py   in the above equation can be known as 1y , 

according to equation 2. The last element of the observed 

variable ,f p Ny   in the future can be known as 1y  

according to Equation 3. The column dimension of 
Hankel matrix is N= m-2p +1. The covariance and 

cross-covariance matrix of historical matrix pY  and 

future matrix fY  are  = / 1T
pp P PY Y N  , 

 = / 1T
ff f fY Y N  ,  = / 1T

pf P fY Y N  . 

Given 1/ 21 ffu a  , 1/ 22 ppu b  , CVA problem can 

be described as follows 
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The above optimization problem can be solved by 
SVD decomposition of the HanKel matrix H.  

1/2 1/2 T
ff fp ppH U V         (3) 

where U and V are orthogonal matrices,   is the 
descending order of eigenvalues of Hankel matrix, and 
the typical variables are rZ , 

1

2 1/ 2
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T

T
T

ppr p r p r p r

T
mp

b

b
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    (4) 

where 1/2= T
PPJ V   is the transformation matrix that 

converts the historical measurement value of the chiller 
into the typical variable space. The typical variable space 
is composed of the main space and the remaining space. 
The dimension of the main space is determined by the 
number of dominant singular values. The main space

n
fx R determined by the first n singular values can 

represent the main characteristics of the typical variable 
space. The remaining eigenvalues determine the 
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remaining space mp n
rd R  . The value of n is set in 

advance. Therefore, the typical variable space can be 
expressed as: 

, ,

T TT T T T
r p r x p r r r rz Jy J y d x d                (5) 

The state variable is not only part of the typical 
variable, but also a linear combination of the past 
observation vectors. 

1/2
, ,

T
ppr x p r x p rx J y V y      (6) 

where xV  represents the first x column of V . 
On the basis of obtaining the CVA state variable, the 

state process of the chiller is monitored, and the collected 
data is transformed into meaningful statistics. According 
to the reality, a certain threshold is added to the statistics. 
If a statistic exceeds the threshold, a fault will be 
considered to have occurred. 

The TS
2 statistics of CVA are as follows: 

2 ( ) ( )T T
s p x x pT Y t J J Y t    (7) 

The Tr2 statistics of CVA are as follows: 
2 ( ) ( )T T

r p q q pT Y t J J Y t           (8) 

The SPE statistics of CVA are as follows: 

, ,( )( )T T T
p t x x x x p tSPE Y I J J I J J Y     (9) 

3 Incipient fault detection strategy of 
chiller based on ICVA 

In order to improve the detection rate of incipient fault of 
chiller with significant dynamic characteristics, an 
improved canonical variable analysis fault detection 
method for chiller is proposed. The specific strategies are 
as follows: In order to eliminate the noise in the process 
data of the chiller and highlight the incipient fault 
features, the EWMA method is firstly used to filter the 
process data of the chiller. EWMA method adds the 
measured data at the current moment and the forecast 
data at the previous moment according to certain weights 
to construct the forecast data at the current moment, so 
that the calculated forecast data contains both the data 
information at the current moment and the data 
information at the previous moment. Then, CVA is 
applied to the data matrix output from EWMA to solve 
the significant dynamic characteristics of the chiller. At 
the same time, TS

2, Tr2 and SPE statistics constructed by 
low dimensional characteristic information are extracted 
to incipient fault. 

The fault detection method of chiller based on ICVA 
proposed in this paper includes two parts: offline training 
and online detection. Fig. 1 is a flow chart of the 
detection method. The main steps of the two sections are 
briefly described below. 

Offline training 
① The observation variable data under normal 

working conditions are selected from the historical data 
of the chiller, and EWMA method is used to eliminate the 
influence of noise on the original data and highlight the 
incipient fault features. 

② The data is normalized, and the mean and 

variance of each variable are zero and one, so as to 
eliminate the influence of dimension in data analysis. 

③ Hankel matrices of historical variables and 
future variables are constructed to calculate 
self-covariance and cross-covariance, and singular value 
decomposition is performed to extract key features. 

④ The statistical control limits of TS2, Tr2 and 
SPE are calculated. 

Online testing 
① Standardize the data of online detection. 
② The data collected at time k is used to construct 

the past vector pk. 
③ Calculate statistics TS2, Tr2 and SPE at time k 

and compare them with their control limits. If any 
statistic exceeds the limit, it indicates that fault has 
occurred. 

 

Fig. 1 ICVA fault detection method flow chart 

4 Experimental verification 

In order to verify the fault detection performance of the 
proposed method, sample data is selected from ASHRAE 
RP-1043 chiller fault simulation experiment. This 
experiment uses a 90t centrifugal chiller. Through a 
specially designed test bed, the typical failures of seven 
kinds of chiller are artificially simulated. The seven faults 
are as follows: over refrigerant (F1), evaporator water 
flow reduction (F2), condenser water flow reduction (F3), 
non-condensable gas in the refrigerant (F4), condenser 
fouling (F5), insufficient refrigerant charge or leakage 
(F6) and excess oil (F7). Four different severity levels, 
SL1-SL4, are considered for each failure. The least 
severe is rated as SL1 and the most severe as SL4. The 
fault degree of SL1 is relatively light. In this paper, the 
incipient fault degree of SL1 is considered as incipient 
fault. In the experiment, the incipient fault of 7 kinds of 
faults in the simulation experiment of the chiller are taken 
as examples for verification. 
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4.1 The simulation results 

According to the data collected by the ASHRAE 
RP-1043 project, each sample contains 64 characteristic 
variables. In this paper, 12 variables such as pressure, 
temperature and power of water chiller are selected. For 
each variable, 500 samples under normal state are 
selected as training data, and another 500 samples are 
selected as test data, among which the first 200 groups 
are normal data. From the moment of 201, incipient fault 
is added. The forgetting factor of EWMA model is 
selected as 0.2, and seven kinds of faults of the chiller are 
detected by MATLAB simulation. Taking insufficient 
condenser water flow (F3) as examples, the experimental 
data with the lowest fault degree is selected to represent 

the incipient fault. In addition, Gaussian white noise is 
added to simulate the measurement noise in the field. The 
PCA model and CVA model are selected as comparison 
methods to verify the effectiveness of the proposed 
method in detecting incipient fault of chillers. 

Taking fault F3 (10%) as an example, the fault 
detection diagrams of the three methods are shown in the 
Fig. 2. The monitoring results of CVA and ICVA 
methods for fault F3 are shown in Fig. 2. Compared with 
the fault detection results in Fig. 2(a)~(c), the ICVA 
method in Fig. 2(d), (e) and (f) achieves the best fault 
detection effect. The SPE, 2Tr  and 2Ts  statistics of 
ICVA all detect fault at 201, and the fault detection rates 
are all 100%. 
  

  

(a)Monitoring chart of fault F3 by SPE statistic of CVA   (b) Monitoring chart of fault F3 by Tr2statistic of CVA 

   

(c)Monitoring chart of fault F3 by Ts2statistic of CVA    (d) Monitoring chart of fault F3 by SPE statistic of ICVA 

   

(e)Monitoring chart of fault F3 by Tr2statistic of ICVA    (f) Monitoring chart of fault F3 by Ts2statistic of ICVA 

Fig. 2 Monitoring diagram of fault F3 in the operation process of chiller by two fault detection methods 
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Table 1 Comparison of fault detection rates of the two fault 
detection methods 

The fault 
number 

CVA ICVA 

Ts2 Tr2 SPE Ts2 Tr2 SPE 

F1 95 93 89 100 100 100 

F2 96 87 100 100 100 100 

F3 94 80 93 100 100 100 

F4 96 96 98 100 100 100 

F5 99 99 88 100 100 100 

F6 87 80 92 100 100 100 

F7 90 93 77 100 100 100 

 
The fault detection rates of the two fault detection 

methods for 7 types of fault modes are shown in Table 1. 
As can be seen from Table 1, the fault detection rates of 
SPE, Tr2 and Ts2 statistics of CVA method are all more 
than 80%, and the fault detection rate of F2 is 100%. The 
detection rate of the three statistics of ICVA method 
proposed in this paper all reach 100%. In conclusion, the 
results confirm that the ICVA based method has superior 
fault detection performance compared with the CVA 
based method. 

5 Conclusion  

In this paper, a new ICVA method is proposed to 
improve the detection rate of incipient fault of chiller 
with significant dynamic characteristics. In this method, 
EWMA is used to preprocess the operation data of the 
chiller. Then, CVA is used to process the significant 
dynamic characteristics of the chiller. The fault detection 
effect of ICVA method proposed in this paper is verified 
in ASHRAE RP-1043 dataset. Compared with CVA 
methods, the simulation results show that ICVA method 
has a higher detection rate for incipient fault of chiller. 
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