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Abstract-- During the operation of heat pumps, faults like heat 
exchanger fouling, component failure, or refrigerant leakage 
reduce the system performance. In order to recognize these 
faults early, a fault diagnosis system has been developed and 
verified on a test bench. The parameters of a heat pump model 
are identified sequentially and classified during operation. For 
this classification, several ‘hard’ and ‘soft’ clustering methods 
have been investigated, while Fuzzy Inference Systems or 
Neural Networks are created automatically by newly devel-
oped software. Choosing a simple black-box model structure, 
the number of sensors can be minimized, whereas a more ad-
vanced grey-box model yields better classification results. 
 
Index terms-- Fault detection and diagnosis for heat pumps, 
parameter identification, clustering, fuzzy logic and neural 
network classification. 
 

I. INTRODUCTION 
A fault diagnosis system for heat pumps is presented, which 
contains two modules. The first module performs the pa-
rameter identification task, whereas the second module 
classifies the parameters and assigns them to different fault 
cases [20]. 
A number of approaches for fault detection and diagnosis 
have been published over the years. There are direct signal 
evaluations [17], the comparison to known characteristics 
[12], as well as model-based parity-space approaches  
implying the calculation of residuals, or observer-based 
approaches [6]. Benchmark tests show that often a combi-
nation of various approaches is required [2]. For the classi-
fication task, statistical methods such as Bayes classifiers 
are mentioned [18] as well as expert systems [15] and 
methods based on fuzzy logic or neural network techniques 
([16], [4]). 
This work focuses on the parameter identification method 
for generating fault symptoms [9]. Most faults do not affect 
the system in an additive manner. Rather, their effects are 
multiplicative, i.e., they affect the parameters directly. Pa-
rameters are tolerant of disturbances or noise and are able to 
contain much information in a ‘compact’ form. For each 
transient data sequence there is only one parameter set. Re-
siduals, for example, as defined by the difference between 
model output and measured data, would result in a more 
complex ‘error pattern’ over the whole time interval. There-
fore the classification would be more involved. 
Both fuzzy inference systems (FIS) and neural networks are 
used as classifiers. The advantage of the fuzzy systems is 
their analogy to expert systems, which allow the definition 

of rules from expert knowledge. In this work the rules are 
generated automatically, but they can be viewed and edited 
by an expert. On the other hand, neural classifiers facilitate 
a very effective representation of the fault clusters in the 
parameter space. Here the networks are similar to radial 
basis function (RBF) networks, which in turn are compara-
ble to statistical approaches with Gaussian functions. 
Thus some new approaches are presented for combining the 
idea of parameter identification with those of fuzzy or neu-
ral network reasoning by using and enhancing different 
clustering methods.   

II. THE TEST BENCH 
The heat pump test bench is shown in Fig. 1. The refriger-
ant cycle contains an additional subcooler and is modified 
in such a way that several faults may be simulated. The 
evaporator and subcooler are modified externally with addi-
tional valves for the simulation of fouling. Condenser foul-
ing is not implemented, but it would be analogous to sub-
cooler fouling. A list of all faults is shown in Table 1. Note 
that faults 5 and 6 have similar impacts on the system. 
The temperatures at several positions in the refrigerant cyle 
(T1..T8) are measured as well as the temperatures of the heat 
source (T9, T12) and of the heat sink (T10, T11�T13, T14). 
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Fig. 1: Modified heat pump with 8 possible faults (fault 1 = 
normal behaviour). Built by the Zurich University of Ap-
plied Sciences in Winterthur. 
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Table 1: Description of the 8 faults. 

fault  actuator fault description 

fault 1 - normal behaviour, no fault 

fault 2 3-way 
valve 

reduced evaporator heat transfer 
(evaporator fouling) 

fault 3 valve reduced evaporator mass flow (foul-
ing, brine pump malfunction) 

fault 4 compr. 

speed 

reduced compressor mass flow 
(compressor malfunction) 

fault 5 valve reduced expansion valve mass flow 
(refrigerant line restriction, expan-
sion valve malfunction) 

fault 6 valve reduced subcooler mass flow 

(refrigerant line restriction) 

fault 7 3-way 
valve 

reduced subcooler heat transfer 
(heat exchanger fouling) 

fault 8 valve reduced subcooler mass flow (foul-
ing, water pump malfunction) 

 
The aim of the fault diagnosis system is to classify the 
faults from the measured transient signals. Because the final 
system should be cost effective, it is important to reduce the 
number of sensors by finding the signals containing the 
highest amount of ‘fault information’. 

III. MODELING 
For dynamically modeling the refrigerant cycle of a heat 
pump various approaches have been investigated, such as 
nonlinear modeling and linear state space modeling (eq. 
(1)) with underlying physical parameters �ph.  
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For an exact simulation nonlinear models would be best 
suited because of the nonlinearities of the evaporation and 
condensation processes. However, for online fault diagnosis 
much simpler models are required. Polynomial models 
(e.g., ARX models) are well suited and can be identified in 
a straightforward manner. The discrete time representation 
of the ARX model is given by eq. (2), with e(t) defining 
white noise. 
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For the heat pump model a MIMO-ARX model is defined 
with the following input vectors u(t) and output vectors y(t) 
(with T11=T13). 
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Neglecting the dependence of past data prior to t-1, eq. (2) 
is reduced to eq. (4) or eq. (5), respectively, with A=-A1, 
B=B1, e(t)�e(t+1). 
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A. Physical Structure (Gray-Box Model) 
The structure is called physical if the matrix A of eq. (4) is 
built on the basis of physical considerations and therefore is 
arbitrary. The heat pump shown in Fig. 1, with the in-
put/output vectors of eq. (3) and an additional step input 
ustep(t), yields the system matrices of eqs. (6) and (7). The 
additional input ustep(t) in eq. (7) is required because the 
heat pump is switched on and off. For the purpose of fault 
diagnosis it is sufficient to consider the off-on sequence, 
that is a step input from 0 to 1. Consider each element � of 
eqs. (6) and (7) being non-zero ai,k or bi,k, respectively. 
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The system matrices contain all sub-models for each mod-
ule of the heat pump. For example the evaporator submodel 
has the form of eq. (8), which corresponds to the 9th row 
and the columns with � of A and B. 
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For other heat pump types other system structures are 
needed. Here the physical structure for each module and for 
the whole system is well represented by the model, al-
though the model is much easier to build than it would be if 
an approach containing exact differential equations for the 
physics was used. 
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B. Decoupled Structure (Black-Box Model) 
The structure is called decoupled if the matrix A of eq. (4) 
is diagonal. For the heat pump model with the input/output 
vectors of eq. (3) and an additional step input ustep(t) the 
system is described  by eq. (9). 
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 (9) 

As eq. (9) shows, there are no links among the signals 
T1..T11. This way the coherence to physics is almost lost. On 
the other hand we can eliminate one signal by eliminating 
one row as well as one column of A and one row of B with-
out changing the other signals. This feature will be impor-
tant in order to reduce the number of sensors during the 
signal selection task (cf. Sections IV.C and V). The input 
matrix B is full, which means that all signals are dependent 
on the heat source and heat sink input temperatures T12 and 
T14 as well as on the step input ustep. 

C. Parameter Identification and Simulation 
As an advantage of the ARX model the parameter identifi-
cation task can be performed very simply, using the Least-
Squares estimation method. By transposing eq. (2) we ob-
tain the linear regression form in eq. (10) for MIMO sys-
tems ([13], [19]). 
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For q measurements an estimation for the parameter matrix 
� is calculated by building the pseudo inverse of the regres-
sion matrix �T, cf. eq. (11). The matrices YT and �T consist 
of q rows of yT(t1)...yT(tq) and �T(t1)…�

T(tq). 
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For each mode (off, on) or sequence (off-on, on-off), differ-
ent parameter sets are identified, whereas we only use the 
parameter set for the off-on sequence here.  
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Fig. 2: Measured and simulated data from the ARX model 
with decoupled structure for the output signal T9 with the 
inputs T12, T14, ustep (scaled signals) 
Fig. 2 shows the simulation results of the ARX model with 
the decoupled structure after the identification of its four 
parameters. The evaporator brine outlet temperature T9 
plotted depends on three input signals. 
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Fig. 3: Measured and simulated data from the ARX model 
with physical structure for the output signal T9 with the 
inputs T1, T2, T12, ustep (scaled signals) 
The simulation results of the ARX model with the physical 
structure for the same signal are shown in Fig. 3. This 
model contains five parameters (cf. eq. (8)). Comparing it 
to Fig. 2 this model tries to follow the oscillations of the 
measured data. The oscillations are a consequence of the 
usual ‘hunting’ effect of the thermostatic expansion valve. 
They are most intense in the overheating temperature T2, 
which is an input signal to eq. (8). Neglecting these oscilla-
tions, the decoupled model approach can be used instead of 
the physical approach. 

IV. THE FAULT DIAGNOSIS SYSTEM 
The system contains the parameter identification module 
(Section A) and the fault classification module (Section B). 
Similar decision making processes are suggested in [5]. 

A. Parameter Identification, Sensitivity Analysis 
The least-squares identification method for ARX models 
presented in Section III.C is implemented in this module 
[14]. In theory, for each fault listed in Table 1 there exists 
one parameter set �. But in practice we have to deal with 
model uncertainties, unknown inputs (disturbances, noise), 
and estimation errors. Thus, the estimated parameters 

will be within a certain confidence interval for each fault. �̂
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Fig. 4: Parameter values identified for the submodel of eq. 
(8) with the output signal T9 and 5 parameters, for 8 differ-
ent faults and 15 data points for each fault (dark grey = 
standard deviations, light grey = minimum/maximum, pa-
rameters scaled) 
The variance of the parameters identified within one fault 
case and the sensitivity of the parameters to different faults 
is shown in Fig. 4. This bar chart may be plotted for each 
output signal (for each submodel) and for each parameter. 
All parameters are scaled to 0..1, which is important for the 
clustering methods presented in Section B below to work 
properly. The aim is to minimize variance and to maximize 
sensitivity. As Fig. 4 shows, there are many overlapping 
regions. This means that the faults cannot be separated by 
the values of one parameter only. Consequently, more pa-
rameters must be taken into account. The dimension n of 
the parameter space must be chosen such that the different 
fault clusters can be separated. Section C shows the solution 
to the problem of finding the best parameter combinations 
for a given number of measured signals. 

B. Fault Classification 
The fault classification task is performed by separating the 
n-dimensional parameter space into nc  clusters for each 
fault case. The classification system is built in two steps 
from measured data. In the first step the clusters are built 
and, based thereon, the classification system is built in the 
second step. Several clustering methods have been tested 
for a given set of data points. Sections 1) and 2) suggest 
‘hard’ clustering methods, whereas Section 3) suggests 
‘soft’ clustering methods. The classification system which 
is built in the second step can be either ‘hard’ or ‘soft’. 
With a ‘hard’ classification a data point (parameter set) can 
be either inside a cluster or outside of a cluster; with a ‘soft’ 
or ‘fuzzy’ classification there are membership grades possi-
ble between 0 and 1. The fuzzy systems are more robust 
and result in fewer wrong classifications during operation. 
Here all the resulting classification systems are ‘soft’. For 
the test bench introduced in Section II HCM2Fuzzy (Section 
1)) and HCM2Neuro (Section 2)) yield the best results, 
which is the consequence of their flexible cluster shape. 
 

1) HCM2Fuzzy Clustering 
The clustering method Hard-C-means (HCM) calculates the 
centers and standard deviations for each cluster on each 
parameter axis direction (Fig. 5). 
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cluster 2

cluster 1

par. 2

par. 1

cluster 2
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Fig. 5: Hard-C-means (HCM) clusters for two parameters 
and two faults with a projection onto four Gaussian fuzzy 
membership functions (qualitative illustration) 
This clustering is called ‘hard’ because for the calculation 
of the centers each data point has the grades 1 or 0, whether 
or not it belongs to the cluster. On the other hand, a fuzzy 
classification system is built by projecting the clusters onto 
the axis. A Gaussian membership function for the fault i is 
defined by the center ci,k and the standard deviation �i,k (cf. 
eq. (12)), xk being the component k of a data point x. 
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Here the fuzzy inference system (FIS) uses the ‘min’ func-
tion for the AND operator as well as the implication opera-
tor, the ‘max’ function for the aggregation operator, and a 
‘centroid’ defuzzification method. The membership grades 
of the resulting classification system for one cluster is 
shown in Fig. 6. Actually, there are eight fault clusters in a 
space of n dimensions; Fig. 6 depicts a projection of one 
cluster onto a plane of two dimensions. Comparing the 
shape of the clusters (Fig. 5 and Fig. 6) some ‘projection 
loss’ is recognizable, which is the result of the FIS opera-
tors selected. By selecting other operators (e.g., T-norm) the 
cluster shape could vary. 
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Fig. 6: HCM2Fuzzy clustering results, cut through the cen-
ter of cluster 2 (fault 2) of 8 clusters, projection from n di-
mensions onto the first two parameter axes. 
 

2) HCM2Neuro Clustering 
The HCM clusters can also be directly included in a neural 
network classification system. For each cluster i the corre-
sponding neuron transfer function is defined by eq. (13), 
with the cluster center components ci,1...ci,n, and the stan-
dard deviation components �i,1...�i,n. Setting the exponential 
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factor a to 2, we get the extension of the Gaussian function 
of eq. (12) to n dimensions. 
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Fig. 7 shows the resulting ellipsoid shape of cluster 2 with 
different standard deviations in either component direction. 
Depending on the distribution of the data points, an ellip-
soid shape could match better than a ‘rectangular’ shape 
(Fig. 6). With the actual data both shapes result in a similar 
classification qualitiy (cf. Section V) 
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Fig. 7: HCM2Neuro clustering results, cut through the cen-
ter of cluster 2 
Comparing eq. (13) to the radial basis function net (RBF 
net) of eq. (14), we recognize that the shape of an RBF 
cluster would be spherical because just the distance be-
tween the data point x=[x1..xn] and the center ci is impor-
tant: 
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RBF nets are often used for classification tasks ([11], [7]). 
 

3) FCM2Neuro Clustering and  
PFCM2Neuro Clustering 

The idea of this method is to use the Fuzzy-C-Means 
(FCM) clustering algorithm to build a classification system 
in which the resulting clusters are directly represented ([1], 
[3]). The standard ‘unsupervised’ FCM algorithm ([10], 
[8]) is designed to find clusters in a number of unclassified 
data points. The approach presented here uses a modified 
algorithm. Since the classification of the data points (i.e., 
the assignment of the data points to the appropriate fault 
clusters) is already known from experiments, the use of a 
‘supervised’ algorithm is reasonable. 
The membership grade of a point x regarding cluster i is a 
function of the distance di to the actual cluster center ci and 
of the distances dj to all other nc centers cj, cf. eqs. (15) and 
(16). 
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This means that the shape of an FCM cluster i is influenced 
by all other clusters j.  
The first step of the iterative FCM algorithm is to calculate 
the membership grades using eq. (15) for each cluster i with 
some initial centers ci in eq. (16). During the next step the 
objective function J of eq. (17) is evaluated. It measures the 
weighted quadratic mean distance between the points and 
the centers. Finally the new cluster centers ci are determined 
by the weighted sum of eq. (18) over l=1..np points of each 
cluster. 
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The iteration (15) - (17) - (18) - (15) - … is stopped when 
the improvement of J between two steps is smaller than a 
given value �. 
In the ‘supervised’ algorithm the center ci of cluster i in eq. 
(18) is calculated only from the points l=1..np of the same 
cluster i rather than from all points. The initial centers ci are 
approximated by the HCM clustering method (Secs. 1), 2)), 
thus by the arithmetic mean value. 
The resulting FCM cluster shape in Fig. 8 is influenced by 
the original points of cluster 2 (small circles) as well as by 
the other clusters. The fewer other clusters exist next to the 
actual cluster, the more spherical its shape becomes. 
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Fig. 8: FCM2Neuro clustering results, cut through the cen-
ter of cluster 2 
The probabilistic FCM definition of eq. (15) can be re-
placed by a possibilistic PFCM definition of eq. (19), which 
contains the parameter ri for the extent of cluster i. Here the 
membership grades of cluster i are independent of other 
clusters. 
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A similar ‘supervised’ design algorithm to the one de-
scribed in the case of the FCM method can be used (cf. 
above). 
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With this approach, we obtain spherical cluster shapes, as 
shown in Fig. 9. Thus there is a higher probability of clus-
ters overlapping than with FCM, but the actual cluster cen-
ter is only influenced by the original cluster points (small 
circles). 
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Fig. 9: PFCM2Neuro clustering results, cut through the 
center of cluster 2 

C. Automatic System Building and Training 
For the industrial realization it is important that the building 
and training of the fault diagnosis system is fully auto-
mated. A software tool has been developed which performs 
the essential steps.  
During the data analysis step the measured data is separated 
into several off-on sequences and the parameters are identi-
fied for the selected model structure (decoupled or physi-
cal). The model errors as well as the parameter values for 
each fault case (Fig. 4) and for each output signal (sub-
model) are plotted, whereby the user can exclude some in-
appropriate signals in advance. 
In the next step the fault clusters are created and checked. 
The user selects one of the clustering methods listed in Sec-
tion B and chooses either single checking or multiple 
checking. All points of each cluster are checked for wrong 
classification, i.e., for cases in which the membership grade 
of another cluster is higher than that of the checking cluster. 
In the single checking mode one output signal combination 
is checked, whereas the multiple checking mode checks all 
combinations of a given number of output signals from all 
output signals and provides a ranking list. Moreover, the 
user can select different faults for each submodel. For in-
stance fault 2 and fault 3 (Table 1) would be selected for the 
evaporator submodel of eq. (8). This feature empowers the 
physical model structure to consider the real fault input 
locations. 
In the next step all clusters are plotted (cf. Section B) and 
validated. In the case of HCM2Fuzzy, the rules of the re-
sulting FIS may be viewed or edited by an expert. 

V. EXPERIMENTAL RESULTS 
For the heat pump test bench of Section II, various fault 
diagnosis systems were built by the software tool described 
in Section IV.C. Table 2 shows the classification quality for 
the physical model structure (cf. Section III.A) regarding 
the clustering method and the number of output signals or 
submodels, respectively. For each fault case, 15 data sets 

have been measured. Of the eight faults of Table 1 the s
ration of seven faults was possible with good results. Fault
5 affects the system similarly to fault 6.  

epa-
 

Table 2: Physical model structure, number of wrong classi-
fications for different clustering methods and output signal 
selections. 15 points x 7 clusters x 7 checks = 735 checks 
(= 100%) 

method 9 output  
signals 

3 of 9 output  
signals  

2 of 9 output 
signals 

HCM- 
2Fuzzy 

4 (0.54%) 
T2, T4..T11 
13 sensors 

7 (0.95%) 
T9, T10, T11 

11 sensors 

11 (1.50%) 
T9, T11 

8 sensors 

HCM- 
2Neuro 

7 (0.95%) 
T2, T4..T11 
13 sensors 

7 (0.95%) 
T6, T9, T11 

11 sensors 

11 (1.50%) 
T9, T11 

8 sensors 

PFCM-
2Neuro 

18 (2.45%) 
T2, T4..T11 
13 sensors 

18 (2.45%) 
T6, T9, T11 

11 sensors 

22 (2.99%) 
T9, T11 

8 sensors 

FCM- 
2Neuro 

30 (4.08%) 
T2, T4..T11 
13 sensors 

20 (2.72%) 
T5, T9, T11 

10 sensors 

26 (3.54%) 
T9, T11 

8 sensors 
 
In the first column the results of the single checking proce-
dure are presented for the nine output signals T2, T4..T11, 
excluding the output signals T1 and T3 due to large model 
errors. The second and third columns present the results of 
the multiple checking procedure for three and two output 
signals out of nine. The output signal combinations with the 
best ranking (least wrong classifications) vary according to 
the clustering method. 
Table 2 shows that HCM2Fuzzy and HCM2Neuro yield the 
best results with a rate of wrong classifications at or below 
1.5%. PFCM2Neuro and FCM2Neuro have more wrong 
classifications because their shape is less flexible. Compar-
ing HCM2Fuzzy with HCM2Neuro, the fuzzy system is 
slightly better. However, the computation of the fuzzy sys-
tem is slower because more operators have to be evaluated 
(fuzzification, application of fuzzy operators, implication, 
aggregation, and defuzzification). The HCM methods are 
faster than the FCM methods, because they are non-
iterative. 
The number of sensors required is quite high for the physi-
cal model structure because the selected output signals de-
pend on a number of different signals. In the case of two 
output signals (last column), the signal T9 needs the signals 
T1, T2, T12 according to eq. (8), and T11 needs T7, T8, T14 
according to eqs. (6) and (7), which adds up to a total of 
eight measured signals. 
In order to reduce the number of measured signals, it is 
necessary to reduce the number of links to the other signals 
in the system matrix A. This is realized in the decoupled 
model structure of eq. (9) with the system matrix A being 
diagonal. Here the number of sensors is ny+nu, ny represent-
ing the number of selected output signals and nu = 2 repre-
senting the number of input signals. For all output signals 
we need the same two input signals T12 and T14. As shown 
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in Table 3, in the case of HCM2Fuzzy the rate of wrong 
classifications is below 4% with five sensors and below 6% 
with four sensors. 
Table 3: Decoupled model structure, number of wrong 
classifications for different clustering methods and output 
signal selections (735 = 100%) 

method 9 output  
signals 

3 of 9 output  
signals  

2 of 9 output 
signals 

HCM- 
2Fuzzy 

29 (3.95%) 
T1, T4..T11 
11 sensors 

29 (3.95%) 
T6, T9, T11 

5 sensors 

41 (5.58%) 
T9, T11 

4 sensors 

HCM- 
2Neuro 

27 (3.67%) 
T1, T4..T11 
11 sensors 

32 (4.35%) 
T6, T9, T11 

5 sensors 

53 (7.21%) 
T9, T11 

4 sensors 

PFCM- 
2Neuro 

43 (5.85%) 
T1, T4..T11 
11 sensors 

38 (5.17%) 
T5, T9, T11 

5 sensors 

76 (10.34%) 
T8, T9 

4 sensors 

FCM- 
2Neuro 

52 (7.07%) 
T1, T4..T11 
11 sensors 

47 (6.39%) 
T5, T9, T11 

5 sensors 

88 (11.97%) 
T8, T9 

4 sensors 
 

VI. CONCLUSIONS 
For the heat pump test bench presented, the fault diagnosis 
system is able to handle seven different faults with a low 
rate of wrong classifications. The number of sensors can be 
minimized using a black-box decoupled model structure 
with the system matrix A diagonal. In order to minimize the 
number of wrong classifications, a model approach with a 
physical structure as well as with physically selected fault 
input locations proves to be most effective.  
Several clustering methods have been presented for creating 
the fault classification system. The fast Hard-C-Means 
(HCM) methods yield the best results. The neural network 
system HCM2Neuro has a slightly worse classification 
quality than the fuzzy system HCM2Fuzzy, but its evalua-
tion is faster. Both systems are related to statistical ap-
proaches using Gaussian functions, such as Bayes classifi-
ers. 
The fault diagnosis system generating process is fully 
automated by a software tool. There remains the e
mental effort to simulate each fault case, but the modeli
effort is very small. 

xperi-
ng 

VII. OUTLOOK 
A new test bench for industrial heat pumps will allow to 
obtain considerably more measured data in a shorter time. It 
will be fully automated in that test cycles can be defined to 
generate data for each fault case in the modified industrial 
heat pump. Both the heat source (brine cycle) and the heat 
sink (building) will be emulated. 
A detailed nonlinear simulation model is being developed 
as well to generate nominal and faulty data. This model will 
allow the fault diagnosis system to be trained systematically 
for several combinations of faults and thus will act as a fur-
ther test environment. 
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