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Abstract

For mitigating global warming, the energy consumption and CO, emission of
heating, refrigerating, and air-conditioning systems has to be minimized.
Therefore, the COP (coefficient of performance) of heat pumps hasto be at a
maximum during operation. With the fault diagnosis methods developed, a
degradation of the performance is detected early, and the exact reasons for
the degradation are diagnosed. Two diagnosis systems are developed for
operationa monitoring of heat pump systems. They allow a condition-
oriented maintenance, which aso reduces service costs. The fault diagnosis
systems are tested with data from different heat pump applications, such as
measured data from aresidentia building, data from a heat pump smulation
model, and data from two test benches.

Since the additional hardware costs should be minimal, the first fault diagno-
Sis system is designed to require only a smal number of sensors. During
operation, the parameters of a dynamic gray-box mode are sequentially re-
identified. The faults are then classified from these parameters, using statisti-
cal techniques as well as techniques from fuzzy logic and neura network
theory. Before operation, the diagnosis system is trained on the basis of ex-
perimenta data for known fault cases. During the training phase, clusters are
built in the parameter space for each fault case. With a small number of sen-
sors, alarge number of fault casesis classified with a high classification qual-
ity.

The second diagnosis system is designed for a fast commercial realization
because of its simple structure and the very small training effort. During op-
eration, the parameters of a steady-state physical model are sequentially re-
identified. The faults then are interpreted by the service technician or by the
user, which is straightforward because of the physical meaning of the
parameters. Before operation, the diagnosis system is initialized by nominal
(fault-free) data.

For testing the diagnosis systems, a detailed physical heat pump simulation
model is developed, which covers all operating modes. Various fault cases
are smulated by changing the corresponding model parameters. In addition, a
new test bench was built, which contains a modified commercial heat pump.
With the test bench, datais generated for several fault cases.

With the fault diagnosis systems developed, the energetic efficiencies of heat
pumps as well as larger heating, refrigerating, or air-conditioning systems can
be significantly improved.






Kurzfassung

Um der globaen Erwarmung entgegenzuwirken, muss der Energieverbrauch
und damit die CO,-Emission von Heiz-, Kihl- und Klimatisierungsanlagen
minimiert werden. Deshalb sollte auch die Leistungsziffer (COP, coefficient
of performance) von Warmepumpen wahrend dem Betrieb maximal sein. Mit
den hier entwickelten Fehlerdiagnosemethoden kann eine Abnahme der Leis-
tungsziffer frihzeitig detektiert werden, und die genauen Grinde der Ab-
nahme konnen diagnostiziert werden. Fur die Betriebstiberwachung von
Warmepumpensystemen wurden zwei Diagnosemethoden entwickelt, welche
eine zustandsorientierte Instandhaltung mit tieferen Servicekosten ermogli-
chen. Sie wurden mit Messdaten eines Einfamilienhauses, simulierten Daten
eines Warmepumpen-Modelles und Messdaten von zwei Prifsténden gete-
Stet.

Um die zusétzlichen Hardware-Kosten minimal zu haten, benétigt das erste
Uberwachungssystem nur wenige Sensoren. Wahrend dem Betrieb werden
die Parameter eines dynamischen ,, Gray-Box“-Modelles laufend identifiziert
und daraus die Fehler klassifiziert. Fir die Fehlerklassifikation werden so-
wohl statistische Methoden als auch Methoden der ,,Fuzzy Logic* und der
neuronalen Netze verwendet. Vor dem Betrieb wird das Diagnosesystem mit
experimentellen Daten fur bekannte Fehlerfdlle trainiert. Wahrend der Trai-
ningsphase werden im Parameterraum ,, Cluster” gebildet fUr jeden Fehlerfal.
Bereits mit einer geringen Anzahl Sensoren kann eine grosse Anzahl von
Fehlerfdlen mit einer hohen Klassifikationsgite erkannt werden.

Das zweite Diagnosesystem ist wegen seiner einfachen Struktur und dem
sehr geringen Trainingsaufwand fur eine schnelle industrielle Umsetzung be-
stimmt. Wahrend dem Betrieb werden die Parameter eines stationaren physi-
kalischen Modelles laufend identifiziert. Daraus kdnnen die Fehler durch den
Servicetechniker oder Benutzer interpretiert werden. Aufgrund der physikali-
schen Bedeutung der Parameter ist dies auf einfache Art und Weise mdglich.
Vor dem Betrieb wird das Diagnosesystem mit Nominaldaten initiaisiert (fir
den fehlerfreien Fdl).

Um die Diagnosesysteme zu testen, wurde ein detallliertes physikalisches
Warmepumpen-Simulationsmodell entwickelt, welches alle Betriebsmodi
und zahlreiche Fehlerfélle abdeckt. Zusétzlich wurde ein neuer Prifstand
entwickelt, welcher eine modifizierte industrielle Warmepumpe enthalt.

Mit den entwickelten Diagnosesystemen konnen die energetischen Wir-
kungsgrade von Warmepumpen und von grésseren Heizungs-, Kihlungs-
oder Klimatisierungsanlagen markant verbessert werden.
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1 Symbols

Symbols and units

A m? (heat transfer) area

A, B, G, K, X parameters (refrigerant data)

ik b model parameters (ARX approach)

b m (heat transfer) width

C, Cp JkgK specific heat capacity

Cermp - polytropic exponent of compressor

Gk cluster center

cm W/K convective heat transfer parameter c- m

COP - coefficient of performance

d, di(x) distance

e(t) white noise (linear regression)

E J energy

E equation error vector (linear regression)

f(iseq) fault set

f,, Af; fault size

f(x), fi(X) membership grade function

a(x), gi(X) fault grade function

Orin minimal fault grade

h JKkg specific enthalpy

i Index

Kk, K model parameters (static approach)

k W/m?K (heat transfer) coefficient

kA WI/K heat transfer parameter k- A

kb W/mK heat transfer parameter k-b

Kemp kg/secPal?  valve constant (backflow in the compressor)

Kexp kg/secPal?  valve constant of expansion valve

Kng kg/secPa?  valve constant of hot-gas valve

Kng,c - condensating refrigerant ratio (hot-gas vave)

Kice heat transfer reduction factor (evaporator)
ice,... parameters of the icing process (evaporator)

K - liquid refrigerant ratio (expansion vave)

K - ratio of air and vapour gas constants

Ker kg/secPa mass transfer rate (evaporator)

I number of sequences

L m (evaporation) length
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m
m kg

m kgls
n 1/sec
n..

p Pa, bar
P w
PF -

Q W

R JKkg

r JKkg
Fice Jkg
I

rwrong

t sec

T °C

u JKkg
u, ut), u;, u(t

Ustep

v m/kg
V m°
vV m/s
w m/sec
Whom

X

X, X(¢)

X X(iseq)

y, Y(0), ¥i, Yi()

Y

z

n -

y) -

p kg/m®
Pe -

c -

&(t)

@

) -

cluster parameter (FCM, PFCM clusters)

mass
mass flow

rotational speed

number of ...

pressure

power / power input

energetic efficiency

heat flow

special gas constant

specific latent heat of vaporization
specific latent heat of liquefaction
cluster radius (PFCM clusters)
rate of wrong classfications

time

temperature

specific energy

input signal / vector

step input signal

specific volume

volume

volumetric flow

velocity

nominal weighting factor

state vector

vVapour mass ratio

data point in parameter space

(= parameter vector)

output signal / vector

output vector (linear regression)
vector of the static variables

efficiency
mass flow supply efficiency
density
liquid arearatio (evaporation)
exergetic efficiency
equation error (linear regression)
regression vector (linear regression)
relative humidity
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K, K(ise)

91 61« aISGCI)
O, Oik

T

At

AT

4p

Ax

A6y

A6
00

Indices

cnp
cyc

d
defrost(ing)
e

ec

enfdefr

exp

f

fan

regression matrix (linear regression)
(steady-state) parameter vector
parameter / parameter vector

standard deviation

1/sec time constant

Sec timeinterval

°C temperature difference
Pa, bar pressure difference

parameter deviation (Steady-state)

parameter bias
parameter deviation
parameter uncertainty

saturated liquid point (refrigerant data)
saturated vapour point (refrigerant data)
initial value / operating point

off mode (shut-down)

on mode (normal operation)
defrosting mode

ar

ambient

ar-to-water

bubble point (refrigerant data)

ice building (at the evaporator)

brine

condenser / condensation

critical point (refrigerant data)
compressor

cycle

dew point (refrigerant data)

In defrosting mode

evaporator / evaporation
evaporator-to-condenser

enforced defrosting (of the evaporator)
expansion vave

floor (building model)

ar fan
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gas phase
interna heat exchanger
hot gas
hot gas cooling
hot-gas valve
(overdl) heat pump
high pressure
index
at the input/inlet
icing process (at the evaporator)
liquid phase
limit value
low pressure
liquid valve
mean vaue / mid-point (refrigerant data)
ice mass (at the evaporator)
maximum, minimum
operating mode
nomina (fault-free)
at the output/outlet
in shut-down mode
in operational mode
superheating
(water) circulation pump
refrigerant
room (building moddl)
reference (parameter)
heat source
saturation
subcooling
scaled value
(data) sequence
self-defrosting (of the evaporator)
setpoint
In steady-state
step (input)
source-to-water
total (extent)
vapour phase
water / heat sink
20



2 Introduction

2.1 Motivation

Regarding ecological and economical aspects, the main issue is to maximize
the efficiency of the refrigerating machines, air-conditioners, and heat pumps,
in order to minimize their energy consumption. Minimizing the globa energy
consumption and CO, emission is mandatory for mitigating global warming.
For heat pumps, the COP (coefficient of performance) isto be maximized. In
particular, any degradation of the performance during operation should be de-
tected early and the reasons for the degradation should be diagnosed.

A field analysis of Swiss heat pump instalations showed that the averaged
energetic efficiencies of the heat pumps installed in the buildings were about
10% lower than the efficiencies measured under standard laboratory condi-
tions ([Erb 00Q], cf. Section 2.2). For some ingtallations, the performance deg-
radation was as high as 30%. Since the reasons for these degradations vary
from one ingtallation to another, a diagnosis system is required, which is able
to monitor a particular installation at start-up and during operation. Once the
reasons for the degradation are known, an optimization of the particular in-
stallation or of future ingtallationsis possible.

Therefore the project ‘ Short-Term Rating Method' of the Swiss Federal Of-
fice of Energy (cf. Section 2.2) was started. The purpose of the project is to
develop a fault detection and diagnosis method for operational monitoring of
a heat pump heating system. Within this thesis, the heat pump as a subsystem
Is considered. For a diagnosis system, the following requirements have to be
fulfilled:

e Thecodstsfor the additional hardware and software must be minimal.

e  The number of sensors required must be as low as possible. Temperature
and/or pressure sensors are preferred, but no heat flow or mass flow sen-
sors are to be used.

e The maximum number of faults are to be diagnosed. Especidly, the
faults described in Section 4.2 have to be recognized.

e Thediagnosis quality hasto be sufficient in order to have a high reliabil-
ity. Especially no false alarms should occur.

e A fast commercial realization with alow implementationa effort should
be possible.

21



2 Introduction

With a diagnosis system, the condition of the machine and the size of poten-
tia faults is known at al times. Fig. 1 shows the progression of a fault from
its initial Sze a startup to its maximum size, when the machine fails or its
functionality is strongly impaired.

fault
fallure/
s
: 71 service
current ! ' recommended
fault size g ..=" :
.

fault size at startup

Fig. 1. Progression of a fault over thetime.

The faults are diagnosed both at startup and during the operation. At startup,
any fault indicates a deviation of the machine condition from design. With
this knowledge, the system can be optimized, if necessary.

Another scope of the diagnosis during operation is the improvement of the
maintenance strategy. Three different strategies for maintenance are possible
[Kuhlmann 00], [Neuensch. 96]:

o failure-oriented — The machineis running until it fails or a severe alarm
Is caused by atemperature or pressure signa, which exceeds an darm
limit (for example, high pressure or low pressure alarms). Machine fail-
ure generates costly repairs, accompanied by downtime. Additionally,
the efficiency of the machine decreases for along time before failure,
which is not detected by the alarm limits.

e time-oriented — This strategy is based on service intervals, which are
scheduled in advance. In order to prevent failure, the time intervas tend
to be too short, since an exact prediction of the lifetimeis very difficult
for any particular machine. Hence, the redundant inspections and ser-
vices cause costs that could be saved. In this strategy as well, the effi-
ciency of the machine might decrease before inspection.

e condition-oriented — With the fault diagnosis systems presented in this
thesis, the current condition of the machine is dways known. Anin-
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2.2 The Heat Pump Market

crease of afault isrecognized early. Using this knowledge, it can be de-
cided whether a service is recommended or not (cf. Fig. 1). Optionally,
the remaining time to the next service can be estimated by looking at the
fault trend charts. With this idea, the operational costs as well as the ser-
vice costs can be reduced [Birchler 01].

The fault diagnosis systems presented in this work are not only applicable to
heat pumps, but aso to larger heating, refrigerating, or ar-conditioning sys-
tems. For large-scale plants, the potential savings would even be higher due
to an optimal operation and a condition-oriented maintenance.

2.2 TheHeat Pump Market

An international analysis of operating heat pump systems is presented in
[IEA-HP 01/1]. ‘Heat pumping’, i.e., reversing the natural heat flow from a
higher to a lower temperature level, is used in many applications for produc-
ing cold (refrigerators, air-conditioners, large refrigerating machines), heat
(in residential or industrial heat pumps) or both (in reversible air-conditioner
systems or heat pump systems with integrated cooling system).

Worldwide, about 120 million ‘heat pumping systems are in operation,
mainly in Japan and the United States. The efficiency of about 60% of the
systems sold in the United States still is no higher than the minimum alow-
able, which is at SPF > 1.99 for heating (SPF = seasonal performance factor
= mean energetic efficiency of a heating season). However, the efficiencies
are slowly rising due to improvements. About 1.5 million heating-only sys-
tems are operating in Europe. Mainly in Sweden, the Netherlands, Austria,
Germany and Switzerland, efforts are being made to improve the efficiency
of such systems.

For Switzerland, an overview of the heat pump market is given in [FWS 99].
About 60’000 heat pumps have been installed so far in heating systems.
Every year, about 6' 000 new heat pumps are installed. About one third of the
new residential buildings are equipped with a heat pump heating system.
Mainly ground sourced (brine-to-water) heat pumps and air sourced (air-to-
water) heat pumps are used. The results of the field anaysis of the Swiss heat
pump ingdlations are shown in [Erb 00] and [IEA-HP 01/1]. Therefore,
measurements of about 120 installations have been datistically analysed.
During the period 1994 to 1998, the overdl SPF of those systems increased
from 2.6 to 3.2.
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For controlling the qudity of the heat pumps, the Heat Pump Test Centre at
Toss (Switzerland) measures the efficiencies under standard laboratory con-
ditions. Today, the mean COP of the heat pumps tested is about 3.5, which is
amost 10% higher than the overall SPF value measured in the field (COP =
coefficient of performance = ratio of heating power output to eectrical power
consumption at given temperature levels). For some installations, the per-
formance degradation in the field was even higher, up to 30% [Erb 00].

In [Erb 00], there are speculations on the reasons for these deviations, but it is
difficult to find general explanations because of the high number of potentid
problems which vary from one instalation to the other. The scope of the pro-
ject ‘short-term rating method’ therefore was to develop a diagnosis system
able to explain those deviations for the particular installations.

2.3 TheProject ‘Short-Term Rating M ethod’

The project ‘ short-term rating method’, financed by the Swiss Federal Office
of Energy, was divided into the phases 1 to 5. This thesis has been developed
within the phases 4 and 5.

Project phases 1 to 3. During the phases 1 to 3 of the project, data of aresi-
dential building at Barzheim (Schaffhausen, Switzerland) were collected and
analyzed with conventional (manual) methods. As a result of that analysis
and of long-time experiences at many other objects, the most relevant fault
cases of heat pump heating systemsin residential buildings were summarized
in afault-tree [Reiner, Shafai 98]. The faults were separated into those that
occurred in the heat distribution and emission system, the building or the
control system (external faults), and those at the heat pump or its interface
(interna faults). A list of potential internal faults is given in Section 4.2.
Models of the heat load, consisting of the heat distribution and emission sys-
tem and the building, were developed in the project phases 1 to 3 as well
[Reiner, Shafai 98].

Project phases 4 and 5. For this thesis, only the heat pump as a subsystem is
considered and a Ssmulation moded as well as two fault diagnoss systems are
deveoped ([Zogg 01/2], [Zogg 99]). For testing the diagnosis systems with
real data of various fault cases, an existing test bench at the University of
Applied Sciences at Winterthur (ZHW) was used, and a new test bench was
built at the Measurement and Control Laboratory (IMRT) of the Swiss Fed-
era Institute of Technology at Zurich (ETH).
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2.4 Separation to other Projects

Future project phases. The next step will be the commercial realization of
the diagnosis systems (cf. outlook in Chapter 14). Therefore, the appropriate
methods have to be chosen and implemented for a particular installation.
Some suggestions for the realization process are made in Section 14.1.

2.4 Separation to other Projects

Experiences from operating heat pump systems are summarized in [IEA-HP
01/1] for the internationa market, and in [Reiner, Shafai 98] for some instal-
lations in the Swiss market. In Europe, and particularly in Switzerland, hy-
dronic heat distribution systems dominate the market. Often, these systems
cause problems because of wrong planning or unskilled ingtallers. In order to
reduce the high number of different systems, standard schemes are devel oped
within the project described in [Afje 01]. These schemes will be used as ref-
erences. Typical planning mistakes result in heat pumps that are too large,
which then work at a low part-load efficiency (with frequent on-off switch-
ing). Such planning faults have to be eliminated before ingtalling the heat
pump and are not the main focus of the diagnosis systems presented in this
thesis. Often, the settings of the heat pump controllers are wrong, which re-
aults in too high supply temperatures on the water side or in frequent on-off
switching. Better control strategies based on predictive optimization are sug-
gested in [Wimmer 01]. The relationship between the switching frequence
and the degradation of performance because of the start-up |osses was inves-
tigated in [Gubser 99]. Because of theicing effect in air-to-water heat pumps,
the evaporator has to be defrosted periodicaly. During the defrosting inter-
vals, the heating power is used for melting the ice layer and therefore is lost.
Many known control strategies for defrosting are summarized in [Hubacher
00] where some suggestions are made for improvements. One of the sug-
gested strategies is based on the diagnosis systems presented here (cf. Section
9.1 and Chapter 14).

25



2 Introduction

2.5 Chronology of Development

This thesis presents various models and methods for fault diagnosis. This sec-
tion shows in which order and why they were developed. Note that the order
of the chapters in this thesis differs from the chronological order of develop-
ment. The chapter overview is given in Section 2.6, where the chapters are
ordered by their importance subject to fault diagnosis for heat pump systems.
The chronology of development is treated below.

First, a detailed physica and dynamic moded of a heat pump was developed
in order to become acquainted with the subject of research (cf. Chapter 11).
After a high modeling effort, it was possible to validate the modd by meas-
ured data for one particular heat pump. The simulated signals are not exactly
identica to the measured signas, but the model is able to represent the sig-
nificant characteristics and dynamics of the heat pump. The first idea was to
use this mode approach for fault diagnosis as well. But it appeared to be
much too complex for alater on-line application. For understanding the diag-
nosis systems, the knowledge of Chapter 11 is not urgent. Thus it is placed
after the presentation of the diagnosis systems. Nevertheless, it is useful for
those readers who wish a physical insight into the functionality of a heat
pump and to the effects of the faults. The detailed simulation model has also
been used to train and test the diagnosis systems (see below).

The modd approach had to be simplified, which led to a steady-state ap-
proach with a significantly reduced set of equations. The physical steady-
state model approach was then directly used for a diagnosis system with
steady-state parameter identification, caled HeatWatch (cf. Chapter 8). This
diagnosis system cal culates and displays the physical parameters of the moni-
tored heat pump, but does not interpret them.

The number of required sensors is given by the physical equations in steady-
state, which results in arather high number of sensors for a given number of
parameters. This statement can be explained by a simple example of a heat
exchanger, which is used as evaporator or condenser in a heat pump. For cal-
culating one parameter, namely the heat transfer coefficient between the
warm and cold side, four temperatures at the inputs and outputs of both sides,
as well as the mass flow at one side has to be measured, which adds up to
five sensors. In a similar way, the number of sensors is given for an entire
heat pump system.
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2.5 Chronology of Development

In the next step, another diagnosis system was developed, called FuzzyWatch
(cf. Chapter 5), which implies a method to reduce the number of sensors
without using physical models in steady-state or even more complex physical
models. The aim was to develop an algorithm which automatically finds the
minimum number of signas and automatically generates an appropriate
model for a given set of measured data. This algorithm is intended for data
sets of all types of heat pumps or refrigerating machines without requiring an
extramodeling effort. Therefore, a statistical approach with a gray-box model
structure was chosen. The structure of the model is given by physica consid-
erations, but its parameters have no physical meanings. Thus, the parameters
could not directly be used as diagnosis results. The diagnosis system had to
be extended by a classification step, which associates the parameters to the
corresponding faults. As an advantage over HeatWatch, here the interpreta-
tion of the parameters is automated and the faults are directly displayed.

FuzzyWatch needs to learn the classification of the faults during a training
phase. Therefore, measured data is fed to the system, together with the corre-
sponding fault cases. The datais either measured on atest bench or generated
by simulation. First, an existing test bench (ZHW, cf. Section 2.6) was used
to measure data of the most important fault cases. Later, a new test bench was
built for a commercial heat pump (IMRT, cf. Section 2.6). For testing the
fault cases, the commercial heat pump was modified. The data of the test
benches was not only used for training, but also for testing the trained system
(with different data).

The detailed physical heat pump model was used for training and testing Fuz-
zyWatch. Thus, the simulation moded was regarded as a ‘virtua’ test bench,
with which a large amount of data for a high number of fault cases was gen-
erated without any experimental effort. The first idea was to use the simula-
tion model generally in future applications (for new heat pump types or re-
frigerating machines) in order to replace the experimental training on a test
bench. But the modeling effort is high for an exact adaptation to a new ma
chine type. This effort has to be weighted up with the experimental effort of
the training on atest bench. Moreover, the smulation model can only be vali-
dated for the nominal (fault-free) case, because for validating the fault cases,
atest bench would be required for generating data of the fault cases.

Nevertheless, the simulations were useful for establishing a link between the
dtatistical (gray-box or even black-box) approaches of FuzzyWatch and the
physical model. Furthermore, the diagnosis systems were tested on many dif-
ferent data sets from the residential building, two test benches, and the simu-
lation moddl.
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2.6 Overview

Two diagnosis systems were developed. As a first diagnosis system, Fuzzy-
Watch is presented, which implies fault classification and only requires alow
number of sensors. The second diagnosis system, HeatWatch, emphasizes a
fast commercial realization because of a simple method and a very smal
training effort.

FuzzyWatch. The fault diagnosis system described in Chapter 5 first identi-
fies the parameters of a dynamic modd and then classifies the faults from the
parameters. As a result, the actual fault codes are displayed. With an auto-
matic algorithm, the diagnosis system can be adapted to any heat pump type
or any type of refrigerating machine. Before operation, it needs to be trained
by experimental data for known fault cases measured on a test bench. During
the fully automated training phase, the internaly identified parameters are as-
sociated to the fault cases and the number of sensors required is minimized.
For online operation, the trained system is then used to classify the current
data sequences. Therefore, the parameters are sequentially re-identified, using
a least-squares algorithm. For the classification of the faults, statistica ap-
proaches as well as special methods from fuzzy logic and neura network
theory are used. The methods have been simplified in order to reduce the
computational effort for training and online operation.

HeatWatch. The fault diagnosis system described in Chapter 8 identifies the
physical parameters and calculates the characteristics of the machine, usng a
steady-state modd. Analyzing these parameters and characteristics, the faults
are interpreted by the service technician or the user, but they are not classi-
fied automatically. Before operation, the diagnosis system needs to be initial-
ized by nomina (fault-free) data, but no data of any fault case is required.
During online operation, the parameters are sequentidly re-identified in
steady-state, using amatrix inversion.

Tests. Both fault diagnosis systems have been tested by data from different
applications (cf. Table 1). For afirg test of the diagnosis system HeatWatch,
measured data of the residential building at Barzhem (Schaffhausen, Swit-
zerland) with a standard commercial air-to-water heat pump is used (Applica-
tion |). By analyzing the data of Barzheim, mainly external faults were found,
such as malfunctions in the heat distribution system or wrong controller set-
tings, partly due to wrong planning. Regarding the heat pump only, this data
Is considered as nomina data for the ‘fault-free’ case, because no internal
faults occurred. Nevertheless, some interesting effects such as icing of the
evaporator were observed in the identified parameters. The diagnosis system
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FuzzyWatch first was trained for the data of a brine-to-water |aboratory heat
pump at the University of Applied Sciences at Winterthur (ZHW, application
[1). With this test bench, data was acquired for several fault cases. Based
thereon, various clustering methods were compared (cf. Section 5.4).

Simulation Model. A next data set was generated with a detailed, physical
heat pump smulation model, which was developed within the scope of this
work (cf. Chapter 11). With the simulation model, data for many fault cases,
gradua faults, and combinations of simultaneous faults were generated (ap-
plication I11). The diagnosis system FuzzyWatch was tested for training data
aswdll asfor validation data. The simulation model is especially designed for
testing the diagnosis system without any experimental effort. It was vaidated
with the measured data from Barzheim.

Table 1: The fault diagnosis systems and their applications, chapter overview, and

main focus of each chapter

Heat Pump Type FuzzyWatch HeatWatch
Idea, Theory Chapter 5 Chapter 8
Application I: air-to-water Ch. 9, Section 9.1
Barzheimdata |commercid datafrom rea build-

(standard) ing (nominal)
Application Il: | brine-to-water Ch. 6, Section 6.1
ZHW test bench | laboratory comparing various

clustering methods

Application lll: | air-to-water Section 6.2
Simulation data | commercid high number of

(smulated) fault cases
Application 1V: | brine-to-water Section 6.3 Section 9.2
IMRT test commercid on-line diagnosis on-line diagnosis
bench (modified)
Software for brine-to-water Chapter 7 Chapter 10
IMRT test commercid on-line diagnosis on-line diagnosis
bench (modified)
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Test Bench. Both diagnosis systems were tested on a further test bench (ap-
plication V), which was built within the scope of this work at the Measure-
ment and Control Laboratory (IMRT) of the Swiss Federal Institute of Tech-
nology, Zurich (cf. Chapter 12 and Fig. 2). This test bench contains a com-
mercial brine-to-water heat pump, which was modified and equipped with
additional sensors in order to generate data for several fault cases. With this
data, especially the on-line versions of both diagnosis systems were tested.

Software Tools. For each diagnosis system, a software tool with a graphical
user interface was developed. Here, one version of each software tool will be
presented, adapted to the data of the IMRT test bench. In these software
tools, the methods of Chapters 5 and 8 are implemented. They are considered
as examples to show how the online diagnosis results can be visualized. The
training procedure (for FuzzyWatch) as well as the initidization procedure
(for HeatWatch) are also integrated.
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Fig. 2: Thetest bench at the Measurement and Control Laboratory (IMRT).
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3 An Introduction to Fault Detection and
Diagnosis

3.1 Definitions

Generally, two steps are distinguished, namely fault detection and fault diag-
nosis [Gertler 98].

Fault detection. The first step indicates that something is going wrong in the
monitored system, which means that afault is present.

Fault diagnosis. In the second step, the fault is described in detail. It consists
of the two parts fault isolation and identification.

e Fault isolation: The determination of the exact location of the fault.
e Fault identification: The determination of the magnitude of the fault.

The fault diagnosis systems presented in this work combine fault detection
and diagnosis in one step. They directly diagnose the location (and the mag-
nitude) of the current fault, and therefore the detection is automaticaly in-
cluded. For the user interface of the software tools, a switching between the
detection mode and the diagnosis mode is useful (cf. Chapters 7 and 10).

3.2 Methods

A fault diagnosis system may consist of the following modules (some over-
views are also given in [Frank 96], [Frank 00Q]).

Signal Acguisition and Limit Checking. The signals of the plant are meas-
ured. They can directly be used for fault diagnosis (model-free methods). The
most common method is limit checking of signals with thresholds. Since the
signals are not only senditive to the faults, but also to changing inputs or op-
erating conditions, the thresholds need to be conservative (i.e. sufficiently
high). Therefore, only large faults cause an darm such that in an early stage
no diagnosisis possible. Additionally, one fault may propagate to many vari-
ables and set off a confusing multitude of alarms, making fault isolation very
difficult.

Feature Generation. Typical features have to be extracted from the signals.
They can be represented by signal parameters in the time domain, in the fre-
gquency domain, or by statistical properties. But they can also be represented
by model parameters. This is the approach used in this work (model-based
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methods with parameter identification, [Isermann 96], [Fuente 96], [Zogg
98]). In generd, the mode parameters are much less senstive to changing
inputs or operating conditions than the signals. The heat pumps, for which the
diagnosis systems are designed in this work, are controlled by on-off switch-
ing. Thus, the data sequences are characterized by step responses. One data
sequence is described by one parameter set, which is a significant data reduc-
tion.

Symptom Generation. Symptoms are the differences between the featuresin
the case of afault and the features in the nomina (fault-free) case. Here, the
parameter deviations from their nomina vaues are regarded as fault symp-
toms. The diagnosis system of Chapter 8 displays the deviations of the physi-
cal parameters. Because of the physica meaning of the parameters, the faults
can then be easily deduced by the service technician. On the other hand, the
diagnosis system of Chapter 5 is based on gray-box or black-box parameters,
which then are classified by the next step (see ‘ Fault Classification’ below).

Fault Classification. From the symptoms, the causative faults have to be
found. Therefore, fault trees can be used as well as logica reasoning (for ex-
ample expert systems). Other approaches are based on “ pattern recognition”
techniques, which compare the actual patterns in the symptoms (or features)
to known patterns for different fault cases [Stylianou 96]. For al approaches,
some knowledge about the faults is needed. The knowledge can ether be a
user input to the system (for example to an expert system), or it can be
learned by the system during a training phase. Statistica techniques [Rossi
97] as well as techniques based on fuzzy logic and neurd networks [Patton
00] are used for this purpose. In this thesis, some special methods are ex-
tracted from these techniques, which then are modified and combined in or-
der to handle the heat pump applications. During the training phase, methods
from fuzzy logic are used to build clusters in the parameter space (derived
from [HOppner 97], [Chiu 94]), which then are used to build special types of
neura networks with statistical properties (similar to radia basis function
networks in [Koivo 94], [Roverso 00]).
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3.3 State-of-the-Art Applicationsto HVAC Systems

Residuals. In literature, the symptoms are often defined by residuals, i.e., the
differences between the measured signals and the signals generated by nomi-
nal models [Ross 97], [Isermann 96], [Gertler 98]. Related methods are
based on observers, Kaman filters, or other techniques for generating residu-
ds [Blanke 95], even using fuzzy relationa models [Amann 01]. These
model-based approaches are related to the parameter identification approach.
This relation is described in Appendix B. However, with these residuds, the
advantage of the significant data reduction would be lost, because the residu-
ds are data sequences of the same length as the signals. Additionally, most of
the faults in the heat pump (and in many other applications) are parametric
(multiplicative), which leads to the conclusion that parameter identification is
the natural approach.

Principal Component Analysis (PCA). This approach is used when a high
amount of data from many sensors has to be evaluated in order to reduce the
data space [Milek 99]. In this thedss the *maximum information’ should be
extracted from the data of a minimum number of sensors. Here, the datais
reduced by the parameter identification approach.

3.3 State-of-the-Art Applicationsto HVAC Systems

An overview of numerous fault detection and diagnosis methods that have
been applied to heating, ventilating and air-conditioning (HVAC) systems is
given in [IEA 96]. Some theses relevant to the present research are discussed
below. For a better understanding of the relations between the methods,
Chapters 5 and 8 should be read as well.

Some diagnosis methods for heat exchangers are found in [Kuhlmann 0Q],
[Thomson 00], [Weyer 00], and others, where the heat transfer parameters are
calculated from the signas. The same method is used in [Neuensch. 96],
where a very detailed model of a heat exchanger has been developed. From
the change of the heat transfer parameter k, fouling can be diagnosed, which
Is also described by the ‘fouling resistance’ R.. The calculation of the heat
transfer parameters k for the evaporator and condenser is also part of the di-
agnosis system HeatWatch (cf. Chapter 8). But in contrast to [Neuensch. 96],
no mass flows are measured here. In addition to the heat transfer parameters,
numerous other physical parameters are calculated for describing all modules
of the entire heat pump system.
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A method based on signa parameters (using a signal model) is presented in
[Raber 97]. In that work, one characteristic temperature signal is converted to
its spectrum. The features are extracted from the spectrum at several discrete
frequences. As aresult of the training phase, each fault case is represented by
a point (location) in the feature space. During operation, the faults are then
classified by calculating the (minimum) distances between the current point
in the spectral feature space and the points of the trained fault cases. That
Ideais similar to the clustering techniques used for the diagnosis system Fuz-
zyWatch (cf. Chapter 5). Here, the spectra feature space is replaced by the
parameter space, the points of the faults in the feature space are replaced by
clusters with a distribution function, and the calculation of the distances is
replaced by the calculation of the membership grades. But as a fundamental
difference, here input-output models are used instead of signal models, which
in general are less sensitive to changing inputs or operating conditions.

Logical reasoning for fault classification is used in [Maurer 92], [Maurer 96],
which is based on an expert system. The rules are inputs from an experienced
expert. Many rules have to be defined with an exact description of the input
variables, which in general can be rather sophisticated in order to yield reli-
able results and to prevent contradictions. Signals or signa parameters as
well as model parameters can be used as input variables. Fault-trees, which
describe the association between the faults and the symptoms (signal or pa-
rameter deviations) can also be expressed in rules and integrated into expert
systems. A fault-tree has been defined in [Reiner, Shafai 98] for an entire
heating system in aresdential building. The fault list in Table 2 on page 41
has been extracted from that fault tree. The diagnosis system Heat\Watch
identifies the parameters in that list. Since the parameters have a physica
meaning, the interpretation can be done by the service technician or the user.
Thus, no expert system is required. The diagnosis system FuzzyWatch in-
cludes the fault classification as a further step. There the rules are learnt
automatically during the training phase (cf. fuzzy rules in Section 5.4.1) such
that no input from an expert is required.
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The refrigerant is used as a working fluid in a heat pump or a refrigerating
machine in order to transport the heat from the heat source to the heat sink.
Today, HFCs (hydrofluorocarbons) are used as refrigerants, such as R407C,
which is used in the commercial heat pumps investigated in this thesis. They
replace the former used CFCs (chlorofluorocarbons) and HCFCs (hydro-
chlorofluorocarbons), which impact ozone depletion. But the HFCs still have
a high global warming potential [IEA-HP 01/3]. Thus, |eakage of the refrig-
erant during operation should be minimized. In future the HFCs will have to
be replaced by other refrigerants, such as HCs (hydrocarbons), CO,, or am-
monia.

Globa warming is not only due to refrigerant leakage (and disposal). A great
part of the global warming impact is due to the CO, emissons, which are re-
lated to the energy consumption of the heat pump. Therefore, a high COP
(coefficient of performance) and thus alow energy consumption is urgent.

4.1 The Refrigerant Cycle

Generally the machine contains an evaporator, a compressor, a condenser,
and an expansion valve (cf. Fig. 3). For heat pumps the heat source medium
may be air, water, or brine in the case of a ground-sourced heat pump. The
brine medium consists of water with about 25%...35% of antifreeze (ethylene
glycol), which circulates in a ground cycle. On the other hand, the heat sink
medium is air or water. The water circulates in the heat distribution system of
the building.

Fig. 4 shows the temperature-entropy-diagram of the interna refrigerant cy-
cle [Baehr 92]. In the evaporator, the refrigerant is evaporated at low pressure
Pip and a low temperature (4—1') and superheated (1' —1). Therefrigerant is
then compressed to high pressure p,, (1—2). An ideal compressor would
reach point 2* without any change in the entropy s, but a real compressor
reaches point 2 because of dissipation, and therefore needs more power for
the same pressure rise. In the condenser the hot gas is cooled down (2—2),
the refrigerant is condensed at high pressure and high temperature pp,
(2 —3'), and subcooled (3'—3). During the expansion the enthalpy heg is
kept constant, but the entropy is increases (3—4). At point 4, both the liquid
phase as well as the vapour phase are present with aratio of x;.
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heat sink

refrigerant
cycle

condenser

expansion

compressor

heat source

Fig. 3: Modules of a general refrigerating machine

Since the refrigerants (for example R407C) are azeotropes, the evaporation
temperature as well as the condensation temperature are not constant. Those
temperature glides are shown in Fig. 4 for evaporation (4—1') and for con-
densation (2 —3'). The temperature at the bubble point 4 is lower than the
temperature at the dew point 1'.

Ta

v

Fig. 4. Therefrigerant cycle with temperature glide.
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4.1 The Refrigerant Cycle

The thermostatic expansion valve (TXV) controls the superheating tempera-
ture difference ATy, (T:-T¢). A minimum amount of superheating is needed
for the proper operation of the compressor, because the liquid phase should
not reach the suction line. The mechanically operated valve works like a P-
controller, which feeds back the superheating AT,, and adjusts the mass flow
m*@(p to the evaporator (cf. Fig. 5, left side). The superheating sensor is real-
ized by a capillary filled with refrigerant. This sensor is attached to the
evaporator output tube, and feeds the pressure signa p..(T,,) corresponding
to the superheating temperature T, to the valve. Thus, the valve opening Ue
is set by the pressure difference between p,(To,) and p;, a the input of the
evaporator, which works against a spring. With the characteristics of the ex-
pansion vave and the characteristics of the superheating process, the operat-
ing point is determined (cf. Fig. 5, right side).

m*exp
heat pump A
» refrigerant cycle »
m N evaporation TXV
exp +overheating 3 A Tov
valve sensor evaporation
t +overheating
Uexp P-controller 4—1 process
p(Tov)'pIp > ATov

Fig. 5: Thethermostatic expansion valve (TXV). Left side: internal control loop. Right
side: characteristics of the expansion valve (mass flow m o SUperheating AT,

Due to a large gain of the P-controller in combination with the sensor delay
and the saturation of the valve opening U, the thermostatic expansion vave
often oscillates during operation. This ‘ hunting effect’ is described in [Gruhle
87]. Apparently, these oscillations do not significantly decrease the lifetime
of the expansion valve or the heat pump. But the measured signa's are super-
posed by oscillations, which are more or less strong for signals at different
locations. In larger applications, e ectronic expansion valves are used instead
of mechanical expanson valves, in order to improve the control quality and
to eliminate the oscillations.

Fig. 6 shows the externa input and output signals of a heat pump, such asthe
water feed flow temperature T,,,=Te, the water return flow temperature
Tyi=Ts, and the water mass flow m , a the heat sink side (cf. Fig. 3). Most of
the modern heat pump heating systems work with floor heating systems at a
low water temperature level, which results in a higher COP. In residential
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buildings, on/off-controllers are used most often. They measure the water re-
turn flow temperature T,,; and the outdoor temperature. On the heat source
side, the externa signals are represented by the feed flow temperature
Tso=Ts, the return flow temperature T4;=T-, and the heat source mass flow
mes.

building, load [€——

____________ on/off e
W control (Qwp)

¢ Umnode

—»(T, T

i heat pump
S’;I —» T7 T5—> TS’O

Fig. 6: Theintegration of a heat pump into a building system. The heat pump is con-
trolled by an on/off controller.

4.2 Potential Faults

In heat pump systems, several fault cases may cause an abnormal operation
and reduce the performance. Relevant fault cases of real systems have been
investigated and summarized in [Reiner, Shafai 98], which led to the list in
Table 2.

During operation, fouling might take place in the heat exchangers ([VDI 91],
[Bott 95]). In generd, these are slowly increasing (gradua) faults. Fouling of
the evaporator reduces its heat transfer parameter (first row of Table 2). Dur-
ing operation, soiling of the heat source cycle results in a decreasing source
mass flow (second row). At startup or during operation, a mafunction of the
circulation pump on the heat source side or of the air fan aso resultsin are-
duced (or zero) source mass flow, which is a sudden fault (second row).

In the case of an air-to-water heat pump, an ice layer might form at the air
side of the evaporator if the air temperature is low and the air humidity is
high. This effect is not treated as a real fault, but it also reduces the heat
transfer parameter at the evaporator (first row). Therefore, air-to-water heat
pumps need a defrosting cycle, which is activated periodically (for example
with intervals of about one hour) for melting the ice layer.

40



4.2 Potential Faults

Heat exchanger fouling might also affect the condenser (third row). Espe-
cidly in floor heating systems with alow water temperature level, the water
cycle (including the heat distribution and emission system as well as the con-
denser) might silt up increasingly during operation, which reduces the con-
denser heat transfer parameter as well as the water mass flow through the
condenser (third and fourth rows). At startup or during operation, a mafunc-
tion of the water pump results in areduced (or zero) water mass flow, which
Is a sudden fault (fourth row).

Table 2: Potential faults and changed parameters.

changed parameter faults
(in brackets: for air-to-water heat pump)

evaporator heat transfer | fouling of the evaporator on the heat source side
parameter (or icing of the evaporator on the air side)
fouling of the evaporator on the refrigerant side

heat source massflow | soiling of the heat source cycle (or icing of the air channel)
source pump malfunction (or air fan mafunction)

condenser heat transfer | silting-up of the condenser on thewater side, especialy in
parameter combination with floor heating systems
fouling of the condenser on therefrigerant side

water mass flow silting-up of the water cycle, especidly in combination
with floor heating systems
water pump malfunction

characteristics of the mal function of the compressor

compressor

characteristics of the mal function of the thermostatic expansion valve
expansion valve

refrigerant filling refrigerant leakage

COPor used for fault detection: influenced by al faults above

exergetic efficiency
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4 The Heat Pump

A compressor malfunction such as internal leakage results in a change of the
compressor characteristics (fifth row), which goes together with a lower
compressor efficiency and a lower refrigerant mass flow. The expansion
valve might be partially blocked or its functionality might be impaired (sixth
row). Thus its characteristics might change and the quality of the superheat-
ing control might be reduced. Mafunction of the compressor or expansion
valve are either sudden or dowly increasing (gradual) faults.

Refrigerant leakage generally occurs slowly during operation (eighth row).
As a result, the refrigerant filling of the heat pump decreases. The COP or
exergetic efficiency (cf. Section 8.4) are (more or less) influenced by dl
faults above, and are used for fault detection (decision, if something is going
wrong, cf. Section 3.1). Asdiscussed at the beginning of Chapter 4, the main
criterion is a high COP or exergetic efficiency during operation in order to
minimize the energy consumption. By knowing which faults of Table 2 are
present, the reasons for a degradation in performance are known, as well. Re-
frigerant leakage is treated as a special fault, which should be low because of
its additiona high global warming potential.

The fault diagnosis systems presented in this thesis generally diagnose the
faults in the list of Table 2. The fault list is adapted to each application, de-
pending on the type of heat pump referred and the number of fault cases in-
vestigated. The diagnosis system FuzzyWatch (cf. Chapter 5 and applications
in Chapter 6), directly diagnoses the faults in the right-hand column of Table
2, whereas the diagnosis system HeatWatch (cf. Chapter 8 and applicationsin
Chapter 9) calculates the parameters in the left-hand column, from which the
faults can be interpreted.
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5 A Fault Diagnosis System with Integrated Fault
Classification — Theory

This diagnosis system integrates parameter identification as well as fault
classification (Fig. 7). The signas are measured by temperature sensors,
whereas the number of required sensors depends on the ‘information content’
of the signals. Only those signals are selected, that are best suited for diagno-

SIS
' on-off controller

heat pump
refrigerating machine

lte mperatures

FuzzyWatch

parameter identification

fault classification
fault codes:

*no fault

sevaporator fouling

scondenser fouling

srefrigerant cycle malfunctions (leakage,...)
scompressor failure

sexpansion valve malfunctions

*heat source flow malfunctions

(ground cycle pump / air fan malfunctions)
*heat sink flow malfunctions

(water cycle pump malfunctions)

Fig. 7. The schematic representation of the fault diagnos s system called Fuzzy\Watch.

5.1 Concept

The fault diagnosis system presented in this chapter first has to be trained by
experimenta data from a test bench or by simulation data. During the train-
ing phase, the fault diagnosis system learns the classification of the faults
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5 A Fault Diagnosis System with Integrated Fault Classification — Theory

from the parameters identified using the measured signals of the nominal case
as well as the fault cases (Fig. 8, on the left and Section 5.1.1). The trained
system is then used for fault diagnosis during the operationa phase (Fig. 8,
on the right and Section 5.1.2).

Training Operation

|

|

|

Nominal data I
+ fault data |
|

|

|

!

fault codes mmp training of the * trained m) fault codes

diagnosis system diagnosis system

1

operational data

Fig. 8: Training and Operation.

511 Training Procedure

The training procedure is designed in such away that it can be automated (cf.
software tool in Section 7). As an input, measured (or smulated) data sets are
needed for all fault cases that are to be trained. For any particular application,
afault classfication system is automatically generated therefrom. The proce-
dure is generdly applicable to the measured data sets of dl types of heat
pumps or even of other machines, such asrefrigerating machines or air condi-
tioners. In this work, it is successfully applied to three data sets of different
heat pump types (cf. Chapter 6). Thus the main focus is directed toward a
general procedure, which provides severa methods for modeling and learn-
ing that can be used for awide range of applications. For a particular applica-
tion, the variety of the methods could be reduced, or manua optimizations
could be made, such as using more specialized (detailed) model approaches
or modifying the learning algorithms. But since a specidization in one appli-
cation would result in alack of generality, specializations are not the subject
of this thesis.

In order to generate training data sets, some test cycles are run for each fault
case (cf. Fig. 9). During one test cycle i¢, the heat pump is switched on and
off several times, which results in several data sequences isy. Each data se-
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5.1 Concept

guenceis evaluated individually. For the training on the IMRT test bench, the
duration of the off-on sequences is set to a minimum of 10 minutes (cf. Sec-
tion 12.3.1 for details).

cycle i

A

cyc

fault 1
(nominal) Off | on |off | on | Off

fault 2

fault 3 |

H_/
sequence i,

Fig. 9: Tes cyclesfor training

An output signa y; for one off-on sequence is illustrated in Fig. 10, which
might be a temperature signal T,..Tg from a sensor located in the refrigerant
cycle, or at the heat source or heat sink side (cf. Fig. 3 on page 38). In redlity,
the signal transients vary considerably for different applications and also for
different data sequences of the same gpplication. Therefore, numerous meas-
ured signals will be shown in Chapter 6 for the applications investigated. The
diagnosis methods will be able to handle all these different signals. The input
temperatures T, and Tg at the heat source and at the heat sink side are also
measured. They are regarded as input signals u;. For the transients of the sig-
nals, the current operating mode is important (here ‘on’), as well as the oper-
ating mode immediately preceding (here ‘off’). Therefore the sequence is
specified by both the current and the preceding operating mode (here * off-on
sequence).

signaly; & on | off

N
AN 1 AN
N
| | S,
I I
\\. .
|
- _ >

~—

: time
off-on sequence i,

Fig. 10: Sep response for one signal during the off-on sequence iy,

All measured output signals Vi(ise;) and input signas ui(isq) Of one sequence
Iseq are used to identify the parameters of agray-box model structure (cf. Sec-
tions 5.2 and 5.3). Therefore the model structure is separated into submodels
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5 A Fault Diagnosis System with Integrated Fault Classification — Theory

i, and the parameters 8 (is) Of the submodels i are identified separately. The
parameters & (is) of the submodels i are then combined into the parameter
set Xiseq)-

The parameter set (isy;) Of a sequence isq defines one data point X(ise)=
Aiseq) IN the parameter space (cf. Fig. 11). The dimension of the parameter
space is equal to the length of the parameter vector &isy). The parameter
identification step is repeated for each data sequence belonging to different
fault cases. Thus, for each fault case, a multitude of data points is generated.

parameter X,

faU|t? N parameter set (i)
s A / = data point X(iseq)

* 4+ &
’ fault 1 fault 3

(nominal)

>
parameter X,

Fig. 11: Parameter space with fault clusters and data points. One data point corre-
sponds to one parameter set.

In the next step, all data points belonging to one fault case are combined in
one cluster. Generdly about ten data points (from ten data sequences) are re-
quired for each fault case. The locations and the extensions of the clusters are
calculated therefrom. With these fault clusters, a classfication system is built.
A typical time duration of the training is described in Section 12.3.1.

512 Operation

During operation, data sequences similar to the one shown in Fig. 10 are
measured. With the same identification methods described above, the pa-
rameter sets Aiss;) are re-identified for each data sequence ise. Thus, one data
sequence is represented by one data point in the parameter space. Afterwards,
this data point is classified by the trained fault clusters, which means that the
membership grades fi(ise;) to all clusters i are calculated. The membership
grades express the probabilities that the corresponding faults i are present.
These probabilities are directly visualized by the software tool presented in
Section 7.2.
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5.2 Model

52 Model

For modeling the refrigerant cycle, the structure of the model has to be cho-
sen. For the genera heat pump shown in Fig. 3 on page 38, the model has the
Input vector u(t) and output vector y(t) of eg. (1), containing the measured
temperature signas T;(t). The additiona step input signal uge(t) is required
because the heat pump is switched on and off. The output signds y(t) of the
model are intensively excitated by this step input.

JELO T7(t)
y(t)=| 20 u® =| T (1)
Te(t) Ugtep (1)

The measured input signals T(t), Ts(t), Use(t) as well as the measured output
signals T(t) and Ts(t) are plotted in Fig. 12 for a sample data sequence of the
application Il described in Section 6.1. This off-on data sequence is extracted
from a measured data set containing several sequences. It starts at thetimet =
1 minute and ends at the time t = 14 minutes.

input signals u

2 . , .
Tg (x 10 K)

. \

Ustep

T, (x 15 K)

2 4 6 8 10 12 14

output signal T, (x 10 K) output signal T4 (x 10 K)
1 5
0
0.51
-1
0
-0.5
2 4 6 8 10 12 14 2 4 6 8 10 12 14
time [min] time [min]

Fig. 12: Sample data sequence. Upper left plot: measured input signals (T, Tg) and
step input signal Uge,. Other plots: measured output signals T;, Ts. All signalsare
scaled: the (variable) offsets are set such that the signal values start at zero and the
(fixed) gains are set to the values in the brackets (x 10 K, x15 K).
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5 A Fault Diagnosis System with Integrated Fault Classification — Theory

Regarding one data sequence, the signal transients may be quite different for
each output signal, which is shown here for two output signals. The output
signal T; is characterized by a fast overshoot in the negative direction at the
beginning of the sequence and a slow transient afterwards. The output signal
T, is characterized by oscillations, which are superposed to the transients.
The reason for those oscillations is the ‘hunting effect’ of the thermodtatic
expansion valve (cf. Section 4.1), which is especially strong in this applica-
tion.

For one output signal (for example Ts), the transients also change from one
data sequence to another. These changes may contain information about the
faults or they may be due to disturbances. Thus the task of fault diagnosis
will be to extract information from the signa changes due to the faults and to
ignore the variations due to disturbances.

521 Physcal Structure (Gray-Box Modd)

For the heat pump scheme shown in Fig. 3 on page 38, the modd dructureis
given by the matrix (2) from physical considerations. Therefore, the ‘ physical
couplings between the signals are considered with respect to each module of
the heat pump. Regarding the evaporator, its output signa T; is coupled with
the signals T4, Ts and T;. These couplings are represented in the first row of
the matrix, where the output signal y;=T, is coupled with the (output) signals
T, Ts and the input signa T, as well as with the additional input signal Usep
(cells with ‘e’). Each row of the matrix describes the couplings of one output
signal y; with respect to one module.

Tl T2 T3 T4 T5 T6 ; T7 T8 u step
Tp|x 0 O o o Q0Qie 0O o
Tole x 0 0 O O0{0 O o
T3]0 ¢ X 0 0O e¢i0 o o (2
T,/0 O ¢ x 0 0i0 0 e
Ts|e O O ¢ x Oie O o
Te|0 o o 0 0 X0 o o

The advantage of this model structureis its coherence to physics.

5.2.2 Decoupled Structure (Black-Box M oddl)

Without using any physical knowledge about the system, a decoupled struc-
ture is defined. Here the output signals T;..Tg are not coupled among each
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5.2 Model

other (matrix (3)). On the other hand, each output signal is coupled with all
input signals T7, Tg, and Ugg, (cells with “e’).

Tl T2 T3 T4 T5 T6 ;T7 T8 ustep
T,[x 0 0 0 O Oie o o
To|0 X 0 0O O Oje o o
T3/0 0O x O O Ofe o o 3)
T4,/0 0 0 x O Oie o
T5/0 0 0 0 x Oie o o
Tc|0O O 0O O O xie o o

With this model structure, the relation to physicsis amost lost. But its advan-
tage is that one or more output signals T...Tg can be easily eliminated by
eliminating the corresponding rows and columns of the matrix. This feature
will be important in order to reduce the number of sensors (cf. Section 5.5.1)

523 Full Structure (Black-Box M od€l)

Whereas the decoupled mode structure is a smplification of the physical
model structure, the full model structure is an extension of it. As mentioned
above, the physical modedl structure is defined by considering the scheme on
Fig. 3. But in the strict sense, this scheme is a simplification of the reality. In
areal heat pump, the relative location of the modules is important. In a small
brine-to-water heat pump for residential buildings, the plate heat exchangers
of the evaporator and the condenser are located side by side, and all other
modules as well as the connecting pipes are located in a narrow space. The
sensors are aso plugged to the pipes, typically wherever there is any space
left. With the real configuration in mind, it is obvious that the sensors do not
only measure the temperatures of the fluid at the locations shown in the
scheme of Fig. 3, but they also measure the temperatures of the pipes or they
may even be influenced by neighbouring pipes or modules. Thus, in redlity,
more couplings are given between the signals, even if they are smaller than
the couplings of the ‘physical’ modd structure. These additional couplings
can be explained aso for the case when the heat pump is shut down. Then the
sensors in the upper part of the heat pump measure higher temperatures than
the sensors in the lower part. In theory, al these additional couplings could
be modeled. But without measuring their real magnitude, no decision can be
made as to which couplings have to be added and which couplings are not
Important.

Therefore, a full model structure is defined in which all sgnas are coupled.
Afterwards, the parameter identification algorithm of Section 5.3 will use
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5 A Fault Diagnosis System with Integrated Fault Classification — Theory

measured data to calculate, which couplings are important (large parameter
values) and which are not important (low parameter values). In the matrix
(4), the output signals T,..Tg are fully coupled with all other output signals
and al input signals T7, Tg, Ugep.

Tl T2 T3 T4 T5 T6 ; T7 T8 ustep
Tl X o e e e e e o °
T2 e X e e e @ e o °
T3 e o X e e @ e o ° (4)
T4 e o o X o o o o °
T5 e o o o X @ e o °
T6 e o o o o X e o °

The advantage of the full structure is its high fitting accuracy, because for
each output signd, all available information of the other signds is used. But
on the other hand, the danger of over-parametrization increases. This mode
structure is used in gpplication IV described in Section 6.3, where only cer-
tain substructures for a low number of output signals are extracted. In that
case, the number of parameters is kept low and there is no over-
parametrization.

5.24  Submodéds

The mode structures of the matrices (2)...(4) are separated into submodels,
which represent each row of the matrices with the corresponding output sig-
nals. For example, submodel 1 with the output signal T; is represented by the
1% row of the matrices (2) ...(4).

For each submodel, a polynomia approach is selected for modeling the in-
put-output behaviour. ARX models are well suited and can be identified in a
straightforward manner (cf. Section 5.3). The discrete time representation of
an ARX modd is given by eg. (5) (AR = auto regressive, X = extra input)
[Ljung 87], [Ljung 98]. The multiple-input single-output (MI1SO) system has
the input vector u’; and the scalar output signal y;. For an output signal y; of
the submode i (row i of the system matrix), the vector u’; contains all cou-
pled output signals y; and input signals u; (columns j of the system matrix

with ‘e’ in the corresponding row i).
) +ay t-D+ayt-2)+...+a, yt-n,) = -
Buu; (t—ny)+Boui (t—n =D +...+ B U (t—n, —ny +D) +¢ (1)
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The parameters are represented by the scalars a;...an, and the row vectors
B;...Bnn, Wheras the polynomial order is given by [ng, ny], the number of time
delaysisgiven by ny, and g(t) defines white noise.

Regarding a first order ARX model without time delay, eg. (5) is reduced to
eg. (6) with ng=1, n=1, n,=0, a=-a;, B=B,.

y, (t) =ay; (t—1)+ By (t)+& (t) (6)

For example, an ARX mode is defined by eq. (7) for submodel 1 of the
physical structure, which corresponds to the 1% row of the matrix (2). The
output signal y;()=Ty(t) at time't is calculated from the signals u 1(Y)=[ Ta(t),
Ts(t), T7(1), Usep(t)] @t timet (cells with ‘o’ in matrix (2)) and the past output
Vi(t-1)=Ty(t-1) at time t-1 (cell with ‘X’ in matrix (2)). This submodel con-
tains the input and output signals of the evaporator and therefore represents
the evaporator (cf. Fig. 3).

[ T,(t) |
Ts(t)
T (t)

| Ustep (t)_

The evaporator is aso represented by the submode 5 corresponding to the 5™
row of the matrix (2), with the output signal ys(t)=Ts(t) and the coupled sig-
nals u s()=[Tu(t), Ta(t), TAD), Ustep(t)]. Here, the submode output is defined
by the heat source output temperature Ts(t) instead of the refrigerant output
temperature T,(t), but for both submodels the same temperature signals Ta(t),
T4(t), Ts(t), T-(t) at the interfaces of the condenser are used.

As another example, submode 3 represents the condenser, with the refriger-
ant output temperature Ts(t) as the output signal (eg. (8), 3" row of the matrix

(2)).

T(t)=a T,(t-1)+ [b1,4 bis b7 Dge ] +e(t) (7)

[ T,(1) |
Tg(t)
Tg(t)

| Ustep (t)_

The condenser is aso represented by the submodel 6 corresponding to the 6™
row of the matrix (2), with the output signal Tg(t) and the coupled signals

[To(t), Ta(t), Ta(t), Ustep()].

Ta(t)=a; T3(t-D+ [bsz bye Dsg b3,step]' +65(t) (8)
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Static models are used as well, where eg. (5) is simplified to eqg. (9), with
n=0, n,=1, n=0, K=B,. Often, static approaches are sufficient for describ-
ing fast components of the process. Their advantage is that they have the least
number of parameters and therefore can be identified under most any condi-
tions.

i () = Ku () +& (1) 9)
For the submodd 1 of the physical structure, the static model is defined by
eg. (10).

[ T,(t) |
Ts(t)
T (t)

| Ustep (t)_

For the submodd 3 of the physical structure, the static model is defined by
eg. (11).

Tl(t)z[k1,4 kis Kz kl,step]' +e(t) (10)

[ T,(t) |
T (t)
Tg(t)

| Ustep (t)_

Ta(t)=[k3,2 kse Kag k3,step]' +65(t) (11)

5.3 Parameter Identification

The parameters of the submodels are identified from the measured signals by
using the parameter identification algorithm presented in Section 5.3.1. The
algorithm is applied separately to each submode (i.e., to each row of the ma-
trices (2)...(4)) and to several mode approaches (such as the static mode ap-
proach and the first order ARX approach). The parameters are then used to
simulate the submodels and to compare their output signals to the measured
signals (Section 5.3.2). In Section 5.3.3, the best model approaches will be
chosen for each submodel and in Section 5.3.4, the corresponding parameters
will be analyzed regarding their sensitivities to the faults and their variations
within each fault case.
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531 Least-Squares Estimation

The ARX model permits the parameter identification task to be performed
very simply, using the Least-Sguares estimation method ([Ljung 87],
[SOderstrom 89]). The linear regression form of an ARX modd i is given by
eg. (12), with the output y;(t), the regression vector ¢ (t), the parameter vec-
tor 4, and the white noise term g(t).

yi) =0, (1) -6 +8(t) (12)

Now, the output Vi(t) and the regression vector ¢'(t) is built by measured
data, which results in eg. (13) with the equation error &(t).

yi) =g ()6 +&(t) (13)

For example, the evaporator submode i=1 (eq. (7)) is transformed to eq.
(14).
C 8
by 4
TO=ME-) T,0 Tl T0 U] bs |+ (14)
by 7
| Patep

Thus, the output y,(t) and the regression vector ¢,'(t) are defined by eq. (15)
and the parameter vector is defined by eq. (16).

Vi) =Ty (1) ol =M= T,0 To0 T0) ue®l @)
C A
by 4
0, =| b5 (16)
by 7
| Proten
For n, measurements, the linear regression form (eg. (13)) becomes eq. (17).
Y, =@/ -6 +E, 17)

For the evaporator submodel, the output vector Y; and the regression matrix
@, are defined by egs. (18) and (19). An estimation for the parameter vector
6. is calculated by building the pseudo-inverse of @' (eg. (20)).
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Ty ()
Y, = L= (18)
Tyt - .nk +1) |
[ Ti(t-1) T,(t) Ts(1) T;(t) Ugiep(t)
o - Tl(t:—2) T4(t:—1) T5(t:—1) T7(t:—]) ustepgt—]) 19)
_Tl(t.—nk) T4(t—.nk+]) T5(t—.nk+]) T7(t—.nk+1) ustep(t;nk+])_
6,5 = (@@, ) D, Y, (20)

For each type of a data sequence, another parameter set is identified. A gen-
era heat pump with two operating modes (off, on) has two types of data se-
guences (off-on, on-off). For an air-to-water heat pump with a defrosting cy-
cle, three modes (off, on, defrosting) and six types of data sequences (off-on,
off-defrosting, on-off, on-defrosting, defrosting-off, defrosting-on) have to be
defined. Often it is sufficient to consider a subset of the sequence types or
one sequence type only (cf. applications in Chapter 6). The off-on or defrost-
Ing-on sequences contain most information about the condition of the heat

pump.
The persistency of the excitation and the consistency properties of the least-
squares identification method are discussed in Appendix A.

5.3.2 Signal Plotsfor Submodels

The parameters of each submode are identified from the measured signals.
From the input signals T, Tg, Usg and the measured output signals Ty, T; of
Fig. 12, the parameters of the submodels 1 and 3 are identified for the static
model approaches and the first order ARX approaches by using the methods
of Section 5.3.1. The submodels are then simulated using both approaches
with the identified parameters. The simulated output signals are compared to
the measured signals T, and Ts. This procedure is repeated for each other
submodel, such as the submodels 2, 4, 5 and 6.
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input signals u

Tg

Ustep

T,

2 4 6 8 10 12 14

output signal T, [T, Ty T; Uyl - bestfit: arxl output signal T3 [T, Tg Tg Ugel - bestfit: arx1
" —— measured 1
b - - - static
0.51
0
2 4 6 8 10 12 14 2 4 6 8 10 12 14
time [min] time [min]

Fig. 13: Example data sequence, physical model structure. Upper left plot: measured
input signals (T, Tg) and step input signal Uge,. Other plots: measured (solid line) and
simulated output signals Ty, T; for the static and first-order ARX approaches (arx1).
All signalsare scaled. The coupled sgnalsarelised in brackets[], for example: Ty is
coupled with the signals T, Ts, T; and Uge,. The approaches which best fit the meas-
ured data of the current sequence are noted in the title of the plots.

For submode 3 with the output signal T, the static model approach as well
as the ARX approach are close to the measured data, which means that the
model errors are small. The ARX approach is even slightly closer (which can
be seen in the zoomed box), but the difference between both approaches is
very small. The ARX approach is smoother than the static approach because
of its lowpass filtering effect. For the submodd 1 with the output signal T;
both approaches result in larger model errorrs. Here again, the ARX approach
Is slightly better, but with either approach it is more difficult to fit this signal.

The two output signals above are selected for showing a case of low model
errors (output signal T3) and a case of high mode errors (output signal T,). In
the applications investigated, most signal fits are similar to that of the output
signal Ts (cf. Chapter 6). Finding the ‘good’ output signals with low model
errorsis one task of the training procedure. The output signals T, and T; are
not able to represent the multitude of different signal transients for all kind of
submodels, fault cases and applications. Therefore, more signal plots are
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shown in the Sections 6.1.3, 6.1.6, 6.2.3 and 6.3.3 for the corresponding ap-
plications. Nevertheless, some general discussion is made below.

From physical considerations, it would be expected that generally the dy-
namic ARX approach would fit significantly better than the static model ap-
proach because of the time constants in the therma process. But for the sam-
ple output signal T; thisis not true, since the difference between the two ap-
proaches is very small. The reason for this is the fact that the time constants
are already included in the transients of the coupled signals, which are meas-
ured. For example, the output signal T is coupled to the signals T,, T as wdll
as to the input signa Ts. If some of the coupled signals have time constants
that are in the same range, then the output signal T; can be expressed by a
linear combination of these signals. In other words, some of the coupling pa-
rameters ks of the corresponding submodel will be [arge, namely those to the
input signals j with similar transients, whereas the other parameters will be
small. In the case of submode 3, at least one signal has a transient similar to
that of signal Ts, which isthe input signal Tgin the upper left plot. Finding the
values of the particular parameters will be the task of the identification algo-
rithm in Section 5.3.1.

For the submodel 3, the step input signal uge, Will only be weighted weakly
by a small parameter value b; e, But for other output signals or other data
sequences, the step input Ugg, mMight be very important, for example if the
time constants of al coupled signals are much larger than the time constant
of the output signal. Then, the step input is used for an extra excitation of the
high frequencies. This is especiadly interesting in combination with the ARX
approach in order to identify the time constants.

The output signal T; is characterized by afast overshoot in the negative direc-
tion at the beginning of the sequence and a slow transient until thetimet=9
minutes. Afterwards, the signal isin a (quasi) steady state. The parameters of
the submodel are influenced by the transient part of the signal, but also by the
(quas) steady-state part within the data sequence. The longer the relative
length of the transent part is, the more the parameters are influenced by this
part. By decreasing the total length of the data sequence, the relative length of
the transient part is increased. This makes sense, if the important information
(about the faults) is rather represented in the transient part than in the steady-
state part. If the important information is represented in the steady-state part,
then the total length of the data sequence has to be increased. Generdly the
disturbances a so influence both parts, but in the applications investigated the
transient part was more sensitive to them. Thus the transient part should not
be weighted too much. Choosing an appropriate duration of a sequence is an
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important design step. Here, a duration of 13 minutes is chosen (t = 1..14
min.), which corresponds to a relative duration of the transient part at about
60% for the signal T3 (9-1 min. / 13 min.). For choosing the duration of a se-
guence, the signal with the largest time constant is taken into account.

Due to the ‘hunting effect’, the output signal T, is characterized by oscilla-
tions, which are superposed to the ow transient as well as the quas steady-
state part of the signal. Since the oscillations in the coupled signals Ty, Ts,
and T are less strong than in the output signa T, the reconstruction of the
signal T, is difficult (for example, signa Ts is shown in Fig. 30, page 89).
Nevertheless, the most important characteristics of the measured signal, such
as the type and the frequency of the oscillations, are represented by the simu-
lated signals.

The choice of the model structure adso has an important influence on the
model errors, since it defines the signds that are coupled to each output sig-
nal. Here, the physical structure is chosen, which considers the ‘physical
couplings of the selected temperature signals, as shown in the scheme of Fig.
3 on page 38. By introducing additional couplings or using the full mode
structure, the output signa fits can be improved.

Regarding one specific output signa (for example T3), the signal shape
within the transient part as well as the signal level within the steady-state part
changes from one data sequence to another. These signal changes may con-
tain information about the faults or they are due to disturbances. The varia-
tions due to disturbances are quite high for some particular signals (cf. signal
plots in Section 6.1.3). Since the parameters of the submodels are identified
from these signals, they also have rather high variations, which are due to
varying signas. A systematic analysis of the signal sensitivities and varia-
tions (such as the signal-to-noise rétio) is replaced by the direct analysis of
the identified parameters described in Section 5.3.4. The advantage of the di-
rect analysis is that besides the signal variations due to the disturbances, it in-
cludes all other uncertainties due to modeling errors or parameter identifica-
tion errors, aswdll.

In this Section, the model errors of one data sequence are anayzed. Since the
measured signals vary from one data sequence to another, the modd errors
also vary. For agenerd error analysis, all available data sequences have to be
taken into account, which will be done in the next Section.
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533 Modd Error Analysis

During the training of the fault diagnosis system, the best model approaches
have to be chosen for each submodel. Therefore the model errors of al data
sequences belonging to different fault cases are analyzed. For each data se-
guence ise, the model parameters are identified and the model errors are cal-
culated by comparing the simulated output SIgnals Vg gaic fOr the static
approach and  V;eq; ara fOr the first-order ARX approach to the measured
signals Yisq,i (€gs. (21) and (22)). The model errors have already been dis-
cussed for the output SIgNAS Yiseq 1= T1 and Vi 3= T3 in Fig. 13.

1 . ~ 7
Erfiseq i satic = n_z [yiseq,i static (Fiseqi static 1) — Yiseq,i (t)] (21)
K t=1
1 (. ~ 7
Erriseq,i arxd — n_z [yiseq,i ,arxl(eiseq,i ,arxl’t) - yiseq,i (t)] (22)
K t=1

For each submoded i, the mean quadratic errors Errisy; staic 8Nd Elfiseyi ara @€
calculated for the static approach as well as for the first-order ARX approach
(arx1). The variable ny defines the number of samples, which is constant for
all data sequences.

Since the data sequences belong to different fault cases, the results are sepa-
rated by fault case. The errors Errisy, staic aNd ErTisqi aa are visualized in the
model error charts. Fig. 14 shows the resulting error charts for the application
Il of Section 6.1. Such error charts are calculated for all submodelsi, but here
only the charts for the submodels i=1 and i=3 are displayed. These plots show
the statistics of the model errors over al data sequences, separated by fault
case. In the present gpplication, eight fault cases are investigated (including
the nomina case = fault 1). For each fault case, one bar is plotted, which
visualizes the model error statistics for the corresponding data sequences.
One bar indicates the minimum and maximum errors (light gray), the mean
error and the standard deviations of the errors (dark gray).
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Fig. 14: Error chartsfor the submodds 1 and 3 with the output signals T; and T,
physical model structure. For each plot, the errors of the static model are in the bar
group on the left, and the errors of the 1% order ARX modd are in the bar group on
the right; within a group, each bar represents one fault case (faults 1..8 from | eft to
right). Legend for the bars (on the upper I€ft): light gray region = minimunmy/maximum
values of the errors, dark gray region = standard deviations of the errors

Regarding the chart for submodel 3, the |eft bar group represents the errors of
the static modd approach and the right bar group represents the errors of the
first-order ARX model approach. Each bar group contains eight bars, repre-
senting the eight fault cases. In this case, both the ARX approach and the
static model approach result in low modd errors. Apparently, the observa-
tions made with the output signal T; for one data sequence as shown in Fig.

13 are dso valid for dl other data sequences. The mode errors vary little be-
tween the different fault cases.

Generally it is important to analyze all model errors for all fault cases during
the training of the diagnosis system. If the maximum model error of only one
fault case is too large, then thereliability of the diagnosis system isimpaired.
Having low model errors for all fault cases means that the output signals of
the submodels fit all (trained) kinds of different signal transients for all fault
cases. In other words, the submodels then are able to represent the input-
output behaviour for all trained fault cases. The lower the mode errors and
the lower the variations of the modd errors are within one fault case, the
higher the robustness against disturbances will be.
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Regarding the chart for submodel 1, both the ARX approach and the static
model approach result in larger model errors, which has also been observed
with the output signal T, for one data sequence on Fig. 13. Here the model er-
rors vary more between the different fault cases.

Now, for each submodel a decision has to be made as to which approach will
be sdlected. For submodd 3 in Fg. 14, either the static approach or the ARX
approach can be selected, since the errors are low for both approaches. In ap-
plication Il of Section 6.1, the ARX approach has been selected. Submodd 1
has larger errors for both approaches. Usually such a submodd would be
eliminated, which means that it would not be used for fault classification. But
in aoplication 11, the ARX approach (with the smaller errors) has been se-
lected for that submodel, because the corresponding output signal T, is able
to represent the most important characteristics of the measured signal (cf.
Section 5.3.2) and it contains important information about the faults.

For all other submodels, such as the submodels 2, 4, 5, and 6, the same analy-
sisis made. As a result of the model error analysis, an appropriate approach
Is selected for each submodd and, if necessary, the number of submodels is
reduced by elimination. A reduction of the number of submodels is not auto-
matically related to a reduction of the ‘ physica substance’ of the process de-
scription. Section 5.2.4 showed that some modules of the heat pump are rep-
resented by two submodels. Using the physical modd structure, the evapora
tor is represented by the submodes 1 and 5, and the condenser is represented
by the submodels 3 and 6. Thus, one submodel each can be diminated with-
out any loss of substance.

In the next Section, the parameters corresponding to the selected submodel
approaches will be extracted and analyzed.

5.34  Sensitivity Analysis

In this Section, the sensitivities of the parameters to the faults and the varia-
tions of the parameters within each fault case are analyzed. Although the sen-
sitivity analysis is not directly used for the training of the fault classification
system described in the next Section, it is useful for estimating the quality of
the diagnosis by the visualization in the parameter charts.

In theory, for each fault case f; there exists one true parameter vector 6,;. In
the presence of unknown inputs (disturbances, noise) and moded uncertain-
ties, the estimated parameter vectors may vary according to eg. (23), where
A6y denotes the estimation bias and 66 denotes the uncertainty [Gertler 98].
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The least-squares estimation method may result in biased parameters (cf.
Appendix A).

~

6 = eo’i + Aeo’i + 5(9, (23)

For the fault diagnosis system presented here, the true values 6,; of the pa-
rameters are not important. Therefore eq. (23) is simplified to eq. (24), where
the bias is included in the mean parameter vector ¢ and in the uncertainty
68. The mean parameter vector g, is afunction of the fault f,. By linearizing
the sensitivity function h(f;), the parameter change A6, can be expressed by
the sze of the fault Af;.

6=, + 58 G=n()  AG=Saf %)

i

For an optimal diagnosis quality, the uncertainties 68 should be minima and
the sensitivities o/ to the different faultsi should be at a maximum.

For the application Il of Section 6.1, the uncertainties and the sensitivities are
shown in the parameter charts of Fig. 15. Such charts are plotted for the se-
lected approaches for each submodd. In Section 5.3.3, the ARX approaches
have been selected for the submodels 1 and 3, and therefore, the parameters
of the ARX approaches are plotted on Fig. 15. Similar plots will be made for
the submodels 2, 4, 5, and 6.

For each of the nine fault cases, one bar is plotted, which indicates the mini-
mum and maximum parameters (light gray region), the standard deviations of
the parameters (dark gray region), and the mean values of the parameters (in
the middle of the dark gray regions). All parameters are scaled to the interval
0..1. For the submode 1, the ARX approach contains five parameters (eg.
(7)), which are represented by one bar group each. For the output signal Ts,
the corresponding ARX model also contains five parameters (eq. (8)). The
overlappings between the bars should be small, which is equivaent to a high
sensitivity and alow variance.
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Fig. 15: Parameter chartsfor the submodels 1 and 3 with thefirst-order ARX ap-
proaches selected. Within a plot, each bar group represents one parameter (plot for
submodel 1: parameters ay, by 4, ... fromleft to right); within a group, each bar repre-
sents one fault case (faults 1..8 from left to right). Legend for the bars (on the upper
left): light gray region = minimunm/maximum parameter values, dark gray region =
standard deviations of the parameters. All parameters are scal ed.

The variations of the parameters are mainly due to varying signal transents
between the data sequences, aso including varying oscillations, for example
in the signal T,, due to the ‘hunting effect’ of the thermostatic expansion
valve (cf. signal plots in Section 6.1.3). Other effects such as additional
noise, mode uncertainties, or the bias of the parameter identification are
much less severe. Even with these parameter variations, which are mainly
given by the physics of the process, the faults can be classified with the
methods described in the next Section.

By anayzing the bar groups, some ‘good’ parameters with high sensitivities
to all or some of the fault cases can be found, such as the parameters a;, b, 4,
bys, as, D3>, D36, b3g But by only consdering one of these parameters, a com-
plete separation of al fault casesis not possible. Therefore, all of the parame-
ters of the sdlected approaches for all submodes are combined in the next
Section. Thus, the one-dimensional analysis for each single parameter will be
extended to a high-dimensiond analysis in the parameter space. For the two
submodels in the example above, all ten parameters aj;, by, bis, D17, D1,
ag, D32, D36, D3, D3step, Of Oth ARX approaches would be combined in a ten-
dimensional parameter space. In redity, the parameters of the selected ap-
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proaches for the submodels 2, 4, 5, and 6 are also combined in the same pa-
rameter space, which results in a higher dimensionality. Regarding the struc-
ture matrix (2) on page 48, the number of parameters can be counted.
Supposing that for al submodes 1..6, the ARX agpproach was selected, then
the number of parameters would be n = 26 (counting al ‘e’ and ‘X’ in the
structure matrix (2)) For the applications in Section 6, the dimension n of the
parameter space is even higher, since the model structures contain more pa-
rameters.

5.4 Fault Classification Training

The one-dimensional analysis for each parameter presented in the Section
above is now replaced by a clustering algorithm in a high-dimensional pa-
rameter space. Therefore, the n-dimensional parameter space is attempted to
be separated into n, clusters with one cluster for each fault case (n = 26 and
n. = 8 for the example above). Based on measured data, the classification sys-
tem istrained in two steps.

In the first step the clusters are built. Therefore, several clustering methods
have been tested. Sections 5.4.1 and 5.4.2 consider ‘hard’ clustering methods,
where the data points (parameter sets) either have the weights 1 or 0. Section
5.4.3 considers ‘soft’ clustering methods, where the data points have conti-
nous weights between 0 and 1.

Based on these clusters, a classification system is built in the second step.
The resulting classification systems are ‘soft’ or ‘fuzzy’, which means that
continuous membership grades between 0 and 1 are assigned to the data
points (parameter sets) during operation. The membership grades specify the
possibilities that the trained faults are present. For one data point, the number
of membership grades is equal to the number of fault cases. Comparing to
‘hard’ classfications, these fuzzy systems are more robust and result in fewer
wrong classifications.
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541 HCMZ2Fuzzy Method

During the first step of the training, the clustering method Hard-C-Means
(HCM) calculates the centers (arithmetic mean vaues) and standard devia
tions for each fault cluster on each parameter axis direction (Fig. 16).

parameter X,

A
% (%) fault cluster 2
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pE
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4 A :- A 4 Pom " L]
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f2(%,) f1(xq)

small large

Fig. 16: Hard-C-means (HCM) clugers for two parameter s and two faults with a pro-
jection onto four Gauss an fuzzy member ship functions.

This clustering is called ‘hard’ because for the calculation of one cluster cen-
ter, dl data points corresponding to the corresponding fault case have the
weight 1 and al other data points have the weight 0. In the second step, 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 ¢ and
the standard deviation ojx (cf. eq. (25)), x being the component of a data
point x in the direction of the axis k.

~(x—Ci k)’

filx)=e
For two fault clusters of Fig. 16 the extracted rules are:

IF (X, islarge) AND (X, is small) THEN (faultl = yes) (fault2 = no)

IF (X, issmall) AND (x; islarge) THEN (faultl = no) (fault2 = yes)

The rules of the fuzzy inference system (FIS) can be viewed or edited by an

expert. Building the system, appropriate methods for the FIS operators have
to be chosen [Jang 99], [Geering 98].

ZO'i,kz

(25)
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During operation, a data point x is classified by calculating the membership
grades fi(x) for each component x, to each fault cluster i using eg. (25)
(fuzzification), and by applying the fuzzy AND operators to the resulting
membership grades. The subsequent FIS operators are then gpplied, such as
the implication, aggregation, and defuzzification operators [Jang 99].

For the gpplication Il of Section 6.1, Fig. 17 shows the training data points as
well as the membership grades (shading) for one cluster of the resulting clas-
gfication system. In that gpplication, there are eight fault clusters in the pa-
rameter space; Fig. 17 depicts a projection of one cluster onto a plane of two
dimensions. Since the training parameters are scaled to the range 0..1, the
training data points will aso be in this range. But the distribution of the
membership grades is also interesting outside of this range, since during op-
eration the data points might be outsde as well. For this visualization, a
range of —0.2..1.2 is used. Here a rectangular cluster shape is recognizable,
which is a result of the FIS operators selected. Here, the ‘min’ function has
been chosen for the AND operator as well as the implication operator, the
‘max’ function has been chosen for the aggregation operator, and a‘ centroid’
defuzzification method has been used.

1.2

parameter 2 = x,

-0.2

-0.2 parameter 1 = x; 1.2

Fig. 17: Results of the HCM2Fuzzy method, cut through the center of cluster i=3
(fault 3) of 8 clusters, projection from n dimensions onto the first two parameter axes.
Dark = high membership grades, white = low membership grades. Data points =
training parameter sets.
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The advantage of the HCM2Fuzzy clusters is their high adaptability to the
training data points (training parameter sets). The training data points are
well represented by the shape of the cluster, which is rather ‘sharp’. But dur-
Ing operation, the locations of the data points (parameter sets) will differ from
the locations of the training data points, mainly due to disturbances in the sig-
nas. Since the shape is rather ‘sharp’, these operational data points might
have much lower membership grades, even if they are only a little displaced.
Thus, the ‘robustness’ of these clustersis not very high. Here, the robustness
Is defined as the ahility to classify the data points correctly, even if their loca
tions vary due to disturbances.

Alternatively, a FIS system can be regarded as a neurd network and inherits
its learning capabilities (Fig. 18). Similar nets are the ANFIS (adaptive
neuro-fuzzy inference systems [Jang 99]), where the input membership func-
tions as well as the weightings of the rules can be adapted by learning algo-
rithms.

input MFs rules output MFs
(Gauss ¢ a) (yes/no)

O fault 1

O fault 2

large

Fig. 18: Afuzzy inference system (FIS) inform of a neural network with two inputs,
four Gaussian input member ship functions, two rules, two output membership func-
tions (yes/no), and two outputs.

542 HCM2Neuro Method

The HCM clusters can dso be directly included in a neura network classifi-
cation system. For each cluster i, the corresponding neuron transfer function
is defined by eg. (26), with the cluster center components ¢ ;...C;, and the
standard deviation components g; 1... i . Setting the exponentid factor a to 2,
the Gaussian function of eg. (25) is extended to n dimensions.
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(26)

For two parameters and two faults the resulting neura network is shown in
Fig. 19. The advantage of these neural networks is their smple structure,
which resultsin afast evaluation.

inputs neuron outputs
layer
X, cluster 1 fault 1
@)
X2 fault 2
—O
cluster 2

Fig. 19: A neural network with two inputs, two neurons for each cluster, and two out-
puts.

For the application 1l of Section 6.1, Fig. 20 shows the resulting ellipsoid
shape of cluster 3 with different standard deviations in either component di-
rection.

1.2

Xy

parameter 2

-0.2

-0.2 parameter 1 = x; 1.2

Fig. 20: Results of the HCM2Neuro method, cut through the center of cluster i=3.
Data points= training parameter sets.
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The training data points are aso represented well by the HCM 2Neuro cluster.
Comparing Fig. 20 to Fig. 17, the higher ‘spread’ of the HCM2Neuro cluster
Is obvious. During operation, the robustness of this cluster to varying loca-
tions of the data points will be higher. Additionally, the spread can be influ-
enced by the cluster parameter a (eg. (26)).

The net based on eq. (26) is similar to the radial basis function (RBF) net of
eg. (27). The shape of an RBF cluster would be spherical, because the
Euclidean distance between the data point x=[x;..X,] and the center ¢ is used
for the calculation of the membership grade.

f, ()= e x-allof @7)

RBF nets are often used for classification tasks ([Koivo 94], [Guglielmi 95]).

543 FCM2Neuro and PFCM 2Neuro M ethods

The idea of this method is to use the Fuzzy-C-Means (FCM) clustering algo-
rithm to build a classification system ([Ayoubi 96], [Chiu 94]). This dgo-
rithm finds the optimal cluster centers by iteratively minimizing an objective
function. The standard ‘unsupervised FCM algorithm ([Hoppner 97], [Jang
99]) is designed to find clusters in a number of unclassified data points. The
approach presented here is a modification of that approach. Since the classifi-
cation of the data points (i.e., the assignment of the data points to the appro-
priate fault clusters) is already known from experiments, the modification to
a‘supervised' algorithm is reasonable.

A data point x is classified by the membership grade of eg. (28). Regarding
cluster i, the membership grade is a function of the distance d; (eg. (29)) to
the actual cluster center ¢; and of the distances d; to all other n; cluster centers
G. The parameter m influences the shape of the cluster.

fi () =——— 29)
n. | d2 m-1
Z dlz(x)
i=1{ dj(x)

d; (x) =[x - | (29)

This means that the shape of an FCM cluster i is influenced by dl other clus-
tersj, aswdll.
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The first step of the iterative FCM algorithm is to calculate the membership
grades using egs. (28) and (29) for al data points of each cluster i with some
initial centers ¢ o. The objective function J of eq. (30) is evaluated therefrom.
It measures the weighted quadratic mean distance between the points and the
centers. In the next step, the new cluster centers ¢ are determined by the
weighted sum of eqg. (31) over I=1..n, points of each cluster.

J= ¥ ¥ M(x)-d2(x) (30)
i=1=1
> M) %
c = |=1n (31)
Zp fi™(x)
=1

The iteration (28) - (30) - (31) - (28) - ... is stopped when the improvement
of J from one step to the next is smaller than agiven vaue ¢.

In the ‘supervised’ algorithm with eq. (31), the center ¢; of cluster i is calcu-
lated only from the points I=1..n, of the same cluster i rather than from all
points. The initial centers ¢; are calculated by the HCM clustering method
(Secs. 5.4.1, 5.4.2), thus by the arithmetic mean value.

The resulting shape of the FCM2Neuro cluster in Fig. 21 (for the gpplication
Il of Section 6.1) is influenced by the corresponding training data points as
well as by the locations of the other clusters. The fewer other clusters exist
next to the actual cluster, the more spherical its shape becomes [HOppner 97].

The advantage of the FCM2Neuro clusters is their higher ability to separate
fault clusters that are close to each other. Since the shape of acluster isinflu-
enced by the other clusters close to it, the overlappings between the clusters
can be minimized. On the other hand, the centroid of the cluster might be
displaced in comparison to the training data points, if it is pushed in a certain
direction by the other clusters, as shown in Fig. 21. Therefore, the classifica-
tion quality might be lower for the training data points (as well as the opera-
tional data points). But during operation, the clusters will be robust because
of their large spread. With the cluster parameter m (eg. (28)), the spread and
the shape of the cluster can be influenced.
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1.2

Xo

parameter 2

0.2 parameter 1 = x; 1.2

Fig. 21: Results of the FCM2Neuro method, cut through the center of cluster i=3.
Data points = training parameter sets.

The probabilistic FCM definition of eq. (28) can be replaced by the possi-
bilisic PFCM definition of eq. (32), which contains the parameter r; for the
extent of cluster i [HOppner 97]. Here the membership grades of cluster i are
independent of the other clusters.

fi(x)= ———— (32)

dZ(x) |m-1
1+ [riz J

A ‘supervised’ design algorithm similar to the one described in the case of
the FCM method can be used (see above).
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With the PFCM2Neuro approach, spherical cluster shapes are obtained, as
shown in Fig. 22.

1.2

parameter 2 = X,

-0.2 parameter 1 = x; 1.2

Fig. 22: Results of the PFCM2Neuro method, cut through the center of cluster i=3.
Data points = training parameter sets.

There is no displacement of the cluster centroid, since the actual cluster is
only influenced by the corresponding training data points. But the probability
of cluster overlappings is higher than with FCM, since the clusters are cre-
ated independently. Here the cluster parameters m and r; (eg. (32)) can be
used to influence the spread of the cluster, which isin analogy to the parame-
ter a of the HCM2Neuro clusters (eg. (26)). Comparing this method to the
suboptima HCM2Neuro clustering method, the optimal cluster centers ¢
here are found subject to the objective function J, which is minimized for the
training data points (cf. FCM iteration above). Since the locations of the data
points may vary during operation, this optimality is partially lost.

No general statement can be made as to which one of the clustering methods
described above will be best suited for a particular application. With the
software tool introduced in Section 7.1, dl methods above can be applied and
compared for any given training data set. As a result of the training proce-
dure, the best methods will be selected. For all applications investigated in
Section 6, the HCM2Neuro method results in a high classification quality,
even for data sets that are not identical to the training data sets. Therefore, the
HCM2Neuro method is recommended to be used in afirst run.
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544  Cluster Checking

In order to check the classification quality of the trained clusters and to com-
pare different cluster types, different mode structures, or different submodel
selections during the training phase, an appropriate measure has to be de-
fined.

The fault classification quality is given by [Gertler 98] as
e thefasedarmrate and
e the missed detection rate.

For a data point x,,m belonging to the nominal case, a false aarm occurs
when the membership grade f; to any fault cluster i exceeds the membership
grade f,,om to the nominal cluster (eg. (33)).

fi (Xnom ) > from(Xnom) (33)

For a data point x belonging to any fault case i, a missed detection occurs
when the membership grade f.om to the nominal cluster exceeds the member-
ship grade f; to the fault cluster i (eg. (34)).

from(X) > fi (Xi ) (34)

Regarding two fault clustersi and j, awrong classfication rate can be defined
analogously (eg. (35)). For this definition, the nomina cluster is referred to
as one of the fault clusters (typicaly f.oni=f1). For adata point x; belonging to
any fault case i, awrong classification occurs when the membership grade f;
to another fault cluster j #i exceeds the membership gradef; to the fault clus-
ter i.

f(x)> fi(x) (35)

This checking is repeated for each data point X of each cluster i=1..n.. If eq.
(35) isfulfilled, the number of wrong classifications nyong IS increased by 1.
At the end, eg. (36) yields the rate of wrong classifications, with Nghex as the
total number of checkings.

Marong (36)

rWrong=nh )
chec

The rate of wrong classifications should be minimal. The results for the ap-
plications are given in Chapter 6. Note that this dgorithm checks each single
data point (parameter set) for a wrong classification. By averaging several
data points (parameter sets) before classification, the rate of wrong classifica-
tions can be minimized significantly during operation (cf. Section 5.7.2). For
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5.5 Minimizing the Number of Sensors

comparing the results during the training phase, no averaging is used. Thus
the checking results of Sections 6.1 and 6.2 are “worst case’ results, which
define the upper bound of wrong classifications without averaging. In Section
6.3, the results for online operation with averaging are presented as well.

5.5 Minimizing the Number of Sensors

During the training of the fault diagnosis system the number of required sen-
sors has to be minimized. For this purpose, the signals with the largest
amount of ‘fault information’ have to be found.

Two different methods are suggested for this purpose. The method of Section
5.5.1 focuses on the submodels of the system matrices, especialy of the
physical structure in Section 5.2.1 or the decoupled structure in Section 5.2.2.
The selected mode structure is not modified by this method. In contrast, the
method of Section 5.5.2 modifies the model structure in order to select a sub-
set of signals. It can be agpplied to all model structures, but it is especially
straightforward with the full structure of Section 5.2.3.

55.1 Checking Combinations of Submodels

This method finds the signals with the largest amount of ‘fault information’
by finding the corresponding submodels. For example, the physical structure
matrix (2) on page 48 contains the six submode s i=1..6, corresponding to the
six rows i=1..6. As aresult of the error anaysis described in Section 5.3.3,
some submodels with high model errors might aready have been eliminated
(depending on the application investigated). But in order to smplify the fur-
ther explanations, no submodes are assumed to be eiminated and all sub-
models 1..6 are assumed to be represented by the ARX approach.

For all data sequences, the parameter sets have already been identified for all
submodels by using the methods of Section 5.3.1. They are stored in a pa-
rameter matrix, with each row containing one parameter set for one data se-
guence, and each column corresponding to one mode parameter. For all
submodels with ARX approaches, there are n=26 columns.

Now, only a reduced number of submodels is selected, such as the combina-
tions of two submodeds (1, 2), (1, 3), (1, 4),...., (5, 6). For example, the com-
bination (1, 3) of the submodels 1 and 3 is selected, which correspond to egs.
(7) and (8) on page 51.
Together, both submodels have a total number of ten model parameters (eg.
(37)).
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91,3=la1 ba b5 b7 Dige @ D3 Dy Dby b3,$1epJ (37)

From the parameter matrix, the corresponding ten columns are extracted. The
extracted matrix contains the reduced parameter sets for al data sequences.
These parameter sets represent the data points in a parameter space, which is
reduced to ten dimensions. Based thereon, a classification systems is built by
using one of the clustering algorithms of Section 5.4. It is then checked for
wrong classifications using the agorithm of Section 5.4.4. This procedure is
repeated for all combinations of two submodels. At the end, the results of
these checkings are compared, yielding the submodd combination with a
minimal rate of wrong classifications. The agorithm described so far has
been automated by a specia software tool.

In other words, that submode combination is selected which is best suited to
separate all fault cases in the corresponding (reduced) parameter space. Since
each submode i corresponds to one output signal T; and to a list of coupled
signals (according to Section 5.2.4), the best signals are automaticaly se-
lected with the selection of the best submodels. If the number of wrong clas-
sifications is too high for al combinations of two submodels, then the check-
Ing is repeated for combinations of three or more submodels. In special cases,
the number of selected submodels might be reduced to one.

The efficiency of the sensor reduction algorithm depends on the modd struc-
ture selected. If aphysical structure is selected instead of a decoupled struc-
ture, more sensors are required because of the couplings. This can be shown
for the same submodel combination (1, 3). For submodd 1, the output signal
T, is coupled to the signals Ty, Ts, and T (eq. (7) on page 51). For submodel
3, the output signal T; is coupled to the signas T,, Tg and Tg (eg. (8)). In this
case, atota of eight signals (Ty, T, Ts, Ta, Ts, Te, T+, Tg) is required for two
output signals.

Using a decoupled model structure, all output signals are only coupled to two
input signals and the step input, which is not measured (matrix (3) on page
49). For the two output signals T, and Ts, only the measured input signals T+
and Tg are required, which adds up to four measured signals (T,, Ts, T, Tg).
On the other hand, the rate of wrong classifications will be higher with the
decoupled model structure. The sendtivities of particular parameters to the
faults will be lower, since the physical relations between the parameters and
the faults are amost lost. Because of higher model uncertainties, the varia-
tions of the parameters will be higher aswell.
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552 Reduction of Modd Structure

Another method to reduce the number of sensors is based on the reduction of
the modd structure for a given subset of signals. The result is a substructure
which only contains the selected output signals and input signals. During the
reduction, al output signals which are not in the set of the selected output
sgnals are eliminated. Thus, the number of required signals can be reduced
more effectively for al types of modd structures. But the system matrix itself
changes as aresult of the reduction, which means that the parameters have to
be re-identified for each output signal selection and stored to a different pa-
rameter matrix. Therefore, finding the best modd substructure by comparing
different subsets of signals has not been automated. But in the training soft-
ware tool, the reduction agorithm described below has been integrated,
which allows the user to select a subset of the signds. The structure is then
reduced automatically. It is recommended to start with alow number of sig-
nals and then to increase the number of signas subsequently, until the results
are satisfactory, as shown in application IV of Section 6.3.

For the full modd structure of matrix (4), the reduction for the output signal
selection (T4, Ta) is straightforward in that the rows and columnsi = (2, 4, 5,
6) can be eiminated, which leads to matrix (38) with four required signals
(Ty, Ts, Tz, T).

|T1 LE T; Tg  Uge
T, [x oie o o (38)
T3 e X ° ° °

Using the physical model structure of matrix (2), the reduction is more deli-
cate because of the non-uniform signal couplings. For the output signal selec-
tion (T, T3), the rows and columnsi = (2, 4, 5, 6) have to be eiminated se-
quentialy. Each diminated output signal T; = (T,, T4, Ts, Te) is replaced by
its static modd equation in order to keep the physical signa couplings. For
the first eliminated output signal T,, the static modd equation is given by eqg.
(39), according to row i = 2 of the matrix (2). Thus, sgna T, depends on
signal T..

To(t) = ka2 K2, step J [u;iét()t)} (39)

Now, al the remaining rows of matrix (2) which contain couplings to signal
T, (rowsi = (3, 6) with ‘e’ in column j = 2) have to be modified by adding a
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coupling to signd T, (adding a‘e’ in columnj = 1). Next, therow i = 2 and
the column j = 2 are diminated, which leads to matrix (40).

Ty T3 Ty Ts TgiT7 Tg Ugep
Tg|x O o o 0O:ie 0O o
T3¢ X 0O 0O e¢i0 e o
: 40
T4|0 ¢« x 0 0:0 O o (40)
T O ¢ X O:e 0O o
Tg|®e o 0 O XEO ° °

This elimination and replacing procedure is repeated for the other output sig-
nas T, = (T4, Ts, Ts), which yields matrix (41). If only a few output signals
are left, the remaining structure obviously tends to the full model structure
(cf. matrix (38)).

|T1 T3 ET7 Tg  Ugep
T, |{x eie 0 o (41)
Ty | @ X O o °

For the decoupled modd structure of matrix (3), this reduction algorithm
would lead to the same results as those described in Section 5.5.1, since there
are no couplings among the output signals that would have to be replaced.

5.6 Gradual and Simultaneous Faults

For handling gradual faults (faults of different sizes) or simultaneous faults
(combinations of two or more faults), the clustering algorithms HCM 2Fuzzy,
HCM2Neuro, FCM2Neuro, or PFCM2Neuro of Section 5.4 can aso be ap-
plied. In the following, the corresponding clusters will be referred to as * stan-
dard clusters . Since the standard clusters are designed for discrete fault sizes,
training data sets have to be generated for a multitude of different fault sizes
aswell as for the fault combinations (cf. Section 5.6.1). If a Ssmulation model
Is available (cf. application Il in Section 6.2), then the large number of data
sets is generated by simulation. But if no simulation mode is available, the
training data sets have to be acquired on a test bench, which is time consum-
ing for alarge number of data sets. In order to reduce the number of training
data sets for gradua faults, vector clusters are built (cf. Section 5.6.2).
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56.1 Standard Clusters

For each trained fault size and for each trained fault combination, one cluster
Is built (Fig. 23). With an increasing fault size, the cluster centers are moving
on a (generdly nonlinear) trgectory through the parameter space, while the
Satistical properties (standard deviations ojx of egs. (25) and (26)) might
change. The origin of all trgectories is the center of the nomina cluster. In
the illustration of Fig. 23, the clusters are built for the nomina case, three
discrete fault sizes (1..3) for the faults 1 and 2, as well as for one combination
of thefaults 1 and 2.

4 arameter 2 = . ‘ \
p =% * fault 1
f?UIt 1 size 3

size 2 7/

: f_\ fault 1, size 2
fault 1 ) ’ * +fault 2, size 2
size 1 s T - s
N Y
N ¢ “,
A

fault 2
‘ . Size 3
nominal ‘ ‘

fault 2
size 1

fault 2

size 2
parameter 1 = X,

N
| g

Fig. 23: Clugtersfor the nominal case, different fault sizes and a fault combination of
two faults (illustration with two parameters)

Fig. 24 shows some HCM2Neuro clusters (cf. Section 5.4.2), which are built
from training data in application |11 of Section 6.2. Here a subset of four fault
cases is displayed, with four different fault sizes each.
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fault 2 size 4

0.8

0.7 |

parameter 2

0.6

0.5

0.4

0.3

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
parameter 1

Fig. 24: Neuro cluster centers and standard deviations (ellipses) for four faults of
four sizes each, projection onto two dimensons.

5.6.2 Vector Clugers

In order to reduce the number of training data sets for gradual faults, vector
clusters are built. The vector clusters shown in Fig. 25 are created by using
the centers of the nominal cluster aswell as the centers of the fault clusters of
one fault size each (size 2 for faults 1 and 2). As many vector clusters are
built as there are different fault cases, and the trgectories of the cluster cen-
ters are assumed to be amost linear.
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direction of fault vector 1

\
* parameter 2 = x,

fault1
size 2

_ /
v; (fault vector 1) ,

nominal

fault 2 direction of fault vector 2

parameter 1; =¥

Fig. 25: Vector clustersfor two faults, created from the center of the nominal cluster
and the centers of the fault clusters of fault size 2 (illustration with two parameters)

During the training phase, each fault vector v; is defined by eq. (42), with
the center ¢ of fault cluster i and the center C,oy, Of the nomina cluster.
Thus, the length v; of the fault vector is defined by the size of the trained fault
.

L . 2
Vi =G — Chom vi = Vi :1/%Vi,k (42)

During opertion, the fault grade g; (x) of adata point x is calculated by pro-
jecting |T)(x) onto the fault vector v; (eg. (43)). The fault gradeis then scaled
by the length v; to g; (x).

Gi (x) = p(x) ¢ Vi° = p-cos(g;) VP =X— gi(x)=2 () (43)
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The scaled fault grade g; (x) is equal to one if the actual fault sizeis equal to
the trained fault size ( §; (x)=v;). The distance d; (x) to the fault vector i is
calculated by eq. (44).

di (x) =y P2(x) - §2(%) (44)

For diagnosis, the relative length of the distances d; (x) is more important
than their absolute length d; (x). Therefore, they are scaled by the minimum
and maximum of the distances to dl fault vectors (eg. (45)). The membership
grades f;(x) are given by linear functions of the relative distances di (x).
They are in the range of [0..1]. A membership grade f;(x) close to one
means a high probability that fault i is present (distance to the fault vector i is
closeto zero).

__ di{x)-minlg; ()
max(di (x))— mi n(di (x))

With the vector clusters, the training effort is reduced to the nominal case and

to one size for each fault. The resulting classification quality is verified by

validation data of different fault sizes in the applications of Sections 6.2 and
6.3.

d; (x) fi (x) =1-d; (x) (45)

5.7 Online Fault Diagnosis

571 Diagnoss Steps

The online fault diagnosis system applies the trained classification system
and executes the following steps (cf. online software in Section 7.2):

e Online data logging and preprocessing. The online datais acquired and
stored for each data sequence (cf. Fig. 10 on page 45 for an example off-
on sequence). The datais cut to a constant sequence length.

e Parameter identification. For the selected model structure (cf. Section
5.2) and the selected mode approaches (static, 1% order ARX, ...; cf.
Section 5.3.3), the parameters of the submodels are identified using the
data of the current sequence (cf. Section 5.3). The identified parameters
are scaled and stored in one parameter set for the current data sequence.
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e Fault classification. With the selected cluster type (cf. Section 5.4) and
the trained cluster properties (centers, standard deviations, etc.), the cur-
rent parameter set is classified. A membership gradeis calculated for
each fault case. In the case of vector clusters, the fault grades are dso
calculated.

e Jatistical Evaluation. In order to significantly improve the classification
results, the results of severa sequences are averaged (cf. Section 5.7.2).

Whereas for the training phase additional sensors are mounted on the test
bench for finding the best qualified signals, the online software only requires
the sensors corresponding to the selected signals.

572 Averaging

Each data sequence s yields one parameter set X(iseg), Which is classified to
the membership grade vector f(X(ise)) (€9. (46)) containing the grades
fi(X(iseg)) for each fault cluster i=1..m (cf. Fig. 16 on page 64).

F(X(sq)) = F2(X(iseg)) F2(XCiseg)) ~+ Frn(XCiseg))] (46)

Several data sequences are combined in one cycle iq.. At the end of each cy-
cle, the grades are statistically evauated. For averaging, eqg. (47) or eg. (48)
can be used. Eq. (47) calculates the mean values of the membership grades
over | sequences, after classification.

_ I
f (i cyc):|_1 glf (X(S)) (47)

Eqg. (48) first caculates the parameter mean vaues and then classifies the
mean values by their membership grades. Typicaly, the parameters of about
|=5 sequences are averaged.

fligye)= fG 'glx(s)j (48)

Here, eq. (48) is applied, because it is more robust for the case of outliers or
high variances, using nonlinear membership functions f(x). For example, an
outlier could be represented by a data point x belonging to fault case i, which
Isvery close to a center of another fault cluster j. With anonlinear (Gaussian)
membership function f;(x), the membership grade to the wrong fault cluster j
would be dominant. In the case of high variances, smilar consderations can
be made.
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Using vector clusters, the same statistical evaluation is made for the fault
grades gi(x). Averaging increases the robustness of the classification system
and decreases the uncertainty (uncertainty ~ 1/l with | representing the
number of averaged sequences). Thus the number of wrong classifications is
almost reduced to zero, which is shown in the results presented in Chapter
6.3. The mean values are visualized by the software tool described in Sec-
tions 7.2.2 and 7.2.3.

5.7.3 Fault Trend Charts

The cycle mean values of the membership grades (and fault grades) are plot-
ted in trend charts (Fig. 26). These trend charts are informative for the pro-
gression of the faults. With the knowledge of the actua fault situation, a con-
dition-oriented maintenance is possible. The trend charts are also visualized
by the software tool in Section 7.2.4.

Fault
A

>
Cycle, Time

Fig. 26: Trend chart for one fault over time, dots = mean values of each cycle.

574  False Alarm Tuning

During the training procedure, the rate of wrong classifications is checked by
the algorithm of Section 5.4.4, and it is minimized by selecting the appropri-
ate signals, submodel approaches, and cluster types. For online operation, not
only a minima rate of wrong classifications, but also a minima false dlarm
rate is mandatory. A false adarm occurs if the diagnosis system displays a
fault, even if in redlity there is no fault (cf. definition in eg. (33)). In order to
reduce the false darm rate for a trained classification system, a tuning pa-
rameter isintroduced.
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For the standard clusters of Section 5.4, the membership grades of the nomi-
nal cluster fom(X) are weighted with a factor wyom = 1 (eg. (49)).

f rTom (X) = Wnom * From(X) (49)

Fig. 27 shows the effect of the nomina weighting. The higher the weighting
factor is chosen, the lower the fase darm rate is. If the weighting factor is
too high, hardly any faults will be detected anymore and the missed detection
rate will increase (cf. definition of a missed detection in eq. (34)). Finding the
right trade-off is at the option of the manufacturer. Both the false darm rate
and the missed detection rate influence the wrong classification rate of eq.
(35). On the other hand, minimizing the wrong classification rate will not
automatically minimize the fase alarm rate, because the wrong classification
rate describes the wrong classifications among all clusters, whereas the false
alarm rate only describes the wrong classifications among the nominal cluster
and its neighbours. Nomina weighting has been used in gpplication IV, Sec-
tion 6.3.8,

parameter 2 = X,
4 fault 1

fault 2

. K " nominal weighting =1
\\\\ ) \nominal weighting = 2
parameter 1 =X,
Fig. 27: Nominal weighting for standard clusters (illustrative exampl€). The member -
ship grades of the nominal cluster are weighted with the factor 1 or 2. With factor 1,
three nominal points (rectangles) belong to fault cluster 1 instead of the nominal dus-

ter. With factor 2, all nominal points (rectangles) belong to the nominal cluster.
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For the vector clusters of Section 5.6.2, a minimum fault grade g, is intro-
duced (eg. (50), Fig. 28). If the fault grade gi(X) of a data point x is smaller
than g, for afault vector i, then the membership grade f; () is set to zero. If
the fault grades gi(x) are smaller than g, for all fault vectorsi, then the data
point x is classified to the nominal case.

0 gi (X) < gmin
The minimum fault grade g, has a similar effect as the nomina weighting
factor above. The same trade-off between a minima false dlarm rate and a

minimal missed detection rate has to be made by choosing an appropriate
value for gpin.

(50)

parameter 2 = X,
A

fault vector 1

minimal fault grade

fault vector 2

S~ o

nominal case parameter 1 = x;

Ll

Fig. 28: Minimal fault grade for vector clusters (illustrative example). With an ap-
propriate minimal fault grade, all nominal points (rectangles) are classified to the
nominal case.

The fdse alarm rate could be reduced to zero in application IV, Section 6.3.8,
with gnin = 0.37 for the given validation data set, without significantly in-
creasing the missed detection rate, which is shown by the low wrong classifi-
cation rate (fault grade g = 1 for trained fault size).
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The training methods of Chapter 5 have been integrated into a software tool,
which has been applied to several measured data sets. Data was acquired
from a laboratory heat pump of the Zurich University of Applied Sciences,
Winterthur (ZHW), from the test bench at the Measurement and Control Lab
(IMRT), and the simulation model. An application overview is given by
Table 1 on page 29 (column Fuzzy\Watch).

The intention of this chapter is to demonstrate that the same training methods
are generally applicable for data sets from different types of heat pumps. The
signal plots as well as the model error charts, the parameter charts and the
cluster plots in the subsequent sections are produced by the software tool.
They alow a visualization of the training steps, which are automated. With
these visualizations, the user is able to supervise the training process. Still,
the required user inputs are reduced to a minimum for a maximum usability.

The classification results, expressed in the rate of wrong classifications, are
given for each application. They are calculated for comparing different meth-
ods, such as different model approaches or clustering methods, within one
application. But they are not intended to be used for comparing different ap-
plications, since they depend on the type and the size of the trained faults as
well as on the configuration of the sensors. Nevertheless, the am is to keep
the wrong classification rates lower than 10%. Using the averaging method of
Section 5.7.2, the results can be additionally improved. This method is ap-
plied in Section 6.3 only.

Chapter 7 describes one version of the software tool, which has been adapted
to the heat pump of the IMRT test bench. This application IV will first be
presented in Section 6.3. Application | (with Barzheim data) is not used here.
It will be used for testing the other diagnosis system (cf. Section 9.1)

6.1 Datafrom ZHW Test Bench (Application I1)

In this section, various signal plots are shown for visuaizing the measured
data sequences and for showing the fitting quality of the corresponding mod-
els. But the signals do not have to be interpreted by the user, since the train-
ing methods are doing this automatically by a statistical evauation of the cor-
responding mode parameters. After presenting the model error charts and pa-
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rameter charts, various clustering methods will be tested for the training of
the fault classification [Zogg 01/1].

6.1.1 Configuration of the Test Heat Pump

The laboratory brine-to-water heat pump contains an additional subcooler
(Fig. 29). Here, the existing actuators and sensors of the heat pump are used
to set the faults and measure the signals. No further modifications to the con-
figuration are made. The data sheet of the heat pump is given in Appendix C,
Section ‘ZHW Laboratory Heat Pump’.

water side
T14
id-------- T T
fault 7 | i o > - Tio
fault 8 |
Tg T7 [ ] Te Ts
fault 6
subcooler storage condenser
tank
fault 5
refrigerantcycle fault 4
______________________________ , compressor
expansion !
valve evaporator |
R T, v T2
L4 hd 1 - >
brine ! . separator
side : ! au
! | fault 2
L 2 .
T ¢ Ty

Fig. 29: Thelaboratory brine-to-water ZHW heat pump, with additional valves (faults
2,3,5,6,7,8) and temperature sensors (T;..T14).

The manual 2-way and 3-way valves affect the refrigerant cycle, the brine
cycle, and the water cycle. The temperature of the mediais measured by ato-
tal of 13 sensors. They are used as an initial sensor configuration, since dur-
ing the training, the number of sensors will be reduced. The temperatures Ty,
and T3 are measured by the same sensor and therefore are only counted once
(T11=T13). A sampling time of 5 seconds has been chosen, whereas the data
sequences have a duration of 15 minutes.
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All faults are introduced by adjusting the corresponding valves, except for
fault 4, which is set by the compressor speed (cf. Table 3). By opening the 3-
way vave of fault 2, the brine mass flow is separated into a part that flows
through the bypass and a part that flows through the evaporator. Since the
remaining part of the brine mass flow through the evaporator is smaller, the
brine is cooled down to a lower temperature leve. Since the temperature dif-
ference between the brine side and the refrigerant side in the evaporator is
smaller, the heat transfer is reduced. The cooled part is then mixed with the
warmer part that flows through the bypass. The effect of opening the bypass
Is similar to that of reducing the heat transfer coefficient due to fouling.
Anaogoudly, fault 7 affects the heat transfer at the subcooler. All faults are
described in Table 3 (cf. Table 2 on page 41 dso). For each fault case, 15
data sequences were measured.

Table 3: The faults of the ZHW heat pump

fault actuator fault description

nomina |- no fault
(fault 1)

fault 2 3-way valve |reduced evaporator heat transfer
(bypass) (evaporator fouling on brine sde)

fault 3 valve reduced evaporator brine mass flow
(fouling on brine side, brine pump malfunction)

fault 4 compressor | reduced compressor mass flow (compressor malfunc-

Speed tion)
fault 5 valve reduced expansion valve mass flow
(refrigerant line restriction, expansion val ve malfunc-
tion)
fault 6 valve reduced subcooler mass flow (refrigerant line restriction)
fault 7 3-way valve |reduced subcooler heat transfer
(bypass) (heat exchanger fouling on water side)
fault 8 valve reduced subcooler water mass flow

(fouling on water side, water pump malfunction)
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6.1.2 Modd

The input vector u(t) and the output vector y(t) are defined in eg. (51),
(T1=Tia).

Tl(t) T (t)
yity=| 129 Ut =| Taa® (51)
T11(t) Usten (1

The system matrix of the physical model structure is given by matrix (52),
corresponding to Fig. 29. It contains 11 submodels, corresponding to each
row of the matrix.

Ty Ty T3 Ty Ts Tg T7 Tg Tg Tip T11:iTi2 Tig Ugep
T,[x 0 0000 O e 0 0 0:0 0 e
T,[e x 00 0O OO e O Oie 0 o
T3/0 ¢ x 00O OO O O 0O{0 0 e
T,/0 0 e x 00O OO O 0:i0 0 e
T5ooo-><oooooo§oo- (52)
T |0 O O O ¢ x O O O e e 0 O o
T,[0 00O OO ¢ x 00 0 0{0 0 e
Ts|0 0 0O O O O ¢ Xx 0O O e:0 e o
Tgy|e « 0 0 00O OO x O Oie O o
Tp|lO O O O e ¢ O O O x e 0 0 e
T27/]0 0 0 0O O O ¢ ¢ 0 0O XxX:0 e o

The other modéd structures are in analogy to those described in Section 5.2.
The physica as well as the decoupled model structures are used for training.
The heat pump has two modes (off, on). Here the parameters of the off-on
sequences are identified and evaluated.

6.1.3  Signal Plotsfor the Physical M odd Structure

After the identification of the parameters, the submodels are ssimulated. Fig.
30 shows the measured data and the simulated output signas for a data se-
guence of the nominal case (fault-free case), using the physicad modd struc-
ture. These plots are used for visudizing the fitting quality of the mode
structure selected. For each submodel, the static model approach as well as
the first-order ARX approach are simulated. The signas T, and T4 are in-
puts to all submodes, corresponding to the current operating point. Here, the
output signals for the five submodels 1, 2, 5, 8, and 9 are shown, which are
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representative for all eeven output signals. In the title of the plots for each
output signal, the coupled signals are also displayed, which correspond to the
structure matrix (52). The plots for the output signals T, and Tg in Fig. 30 cor-
respond to the plots of the output signals T; and T3 in Fig. 13 (page 55). Only,
here the numbering of the signds is different due to the special heat pump
type.

input signals u output signal T, [Tg ustep] - best fit: arx1

2 0
Tia | 3
0.5 —— measure
1 ~— \ 1 -—- static
A
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0
Tio
1k
L L ' ' L L _2.5 L L 1 1 1 L
2 4 6 8 10 12 14 2 4 6 8 10 12 14

output signal T, [T; Ty Ty, Uge - bestfit: arxl

output signal Tg [T, Uge] - best fit: arx1

2 4 6 8 10 12 14 2 4 6 8 10 12 14

outptut sign:’:tl Tg [T‘7 Ti1 'I"14 usE'p] - bes't fit: arx1 Oout[:')ut sign'al Ty ['I"1 T, T'12 usE'p] - bes't fit: arx1
14 T
0.5t
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time [min] time [min]

Fig. 30: Nominal data sequence |, physical model structure. Upper |eft plot: meas-
ured input signals (T;,, T14) and step input signal Uge,. Other plots: measured (solid
line) and ssimulated output signals Ty, T,, Ts, Tg, Tg for the static and first order ARX
approaches. All signals are scaled. The coupled signals arelisted in brackets|[], for
example: T, is coupled with the signals Tg and uge,. The approaches which best fit the
measured data of the current sequence are noted in the title of the plots.
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Oscillations due to the ‘hunting effect’ are visible in the measured signa T,
but also in the measured signal T,. In contrast to the simulated output signa
T,, the simulated output signa T, is not able to follow the transients and the
oscillations of the measured signal, because it is only coupled to the signal T,
which has different transients and in which the oscillations are very small. On
the other hand, the simulated output signals Ts, Tg and Ty fit the measured
data very well. Similarly low errors are found in the signals Tg, T1o, and Ty,
which are not shown here. In the signal Ts, some ‘nonlinearities’ are visible,
which are indirectly related to the nonuniform oscillations of T».

For illustrating the variations of the output signals within the data of the
nomina case, Fig. 31 shows the output signals T,, Ts and Ty for another
nominal data sequence.

input signals u output signal T, [T; Ty Tj, Uge] - bestfit: arxl

2 T T T T T T 1 T T T T T

/ T1a \ — measured
1 o~ \ o Lk -—- static

Ustep

0

T2
1F

4 6 8 10 12 14 4 6 8 10 12 14

output signal Tg [T, U] - best fit: arx1 output signal Tg [T; T, Ty, Ugep] — best fit: arxl

0

-0.2 ¥
-0.4¢1
-0.6
-0.81
L I L I L I _1 I I I I I I
4 6 8 10 12 14 4 6 8 10 12 14
time [min] time [min]

Fig. 31: Nominal data sequence Il, physical modd structure. Upper left plot: meas
ured input signals (T2, T14) and step input signal Uge,. Other plots: measured (solid
line) and simulated output signals T,, Ts and Te. All Signals are scaled.

In particular, the transients of signal Ts have changed very much, which isin-
directly related to the changed distribution of the oscillations in T,. Obvi-
ously, here the compressor got ‘stuck’ during the startup, being influenced by
the reaction of the thermostatic expansion vave (oscillationsin T, start at t =
4.8 min. and Ts increases again). This effect was observed, to varying de-
grees, in about 50% of the data sequences of the nominal case and of the fault
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cases, but it was not related to any particular fault case. Thus, it istreated as a
‘stochastic’ variation of the signals. The other output signals, such as signal
Ty In FQg. 31, have much lower variations. They will be important for classi-
fying the faults,

In contrast to the nominal data sequences above, Fig. 32 shows a data se-
guence of fault case 2. Comparing the output signals T,, Ts, and Ty in Fig. 32
to those in Fig. 30 or Fig. 31, some changes are visble. For example, the am-
plitude of the oscillations in the signal T, is higher and the level of their mean
value is lower in quasi steady-state. The steady-state level of the signal Ty is
dightly increased. These changes are related to fault case 2, which is areduc-
tion of the heat transfer in the evaporator. However, the direct interpretation
of the signalsis very difficult, partly because of the variations due to distur-
bances. In addition, the output signa levels discussed are influenced by the
operating point, thus by the varying levels of the input signals. Therefore, the
corresponding submodd parameters have to be considered, which describe
the relation of the output signals to the input signals.

input signals u output signal T, [T; Ty Ty, Uge - bestfit arxl
2 v v T T T AJ T 1 v v T T T T
T4
/ N —— measured
1 \ 0 —-—- static
ustep
O -
Tio
1t ]
28 30 32 34 36 38 40 28 30 32 34 36 38 40
output signal Tg [T, U] - best fit: arxl output signal Tg [T, T, Ty, Ul - bestfit: arxl
I \) T ) U Al O T T T T T AJ T
081 . -0.2 [{ .
061 . -04r .
04+ £ 41 06} .
o0.2ff 1 -08f} .
O N L A L n L n _1 n L 1 ' 1 L (]
28 30 32 34 36 38 40 28 30 32 34 36 38 40
time [min] time [min]

Fig. 32: Data sequence of fault 2 (reduced evaporator heat transfer), physical model
structure. Upper left plot: measured input signals (T1z, T14) and step input signal Ugep,.
Other plots: measured (solid line) and simulated output signals T, Ts and Tg. All sig-
nals are scaled.
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Fig. 33 shows a data sequence of fault case 3. Comparing the same output
signals to the fault cases above, some changes are visible in the steady-state
level of the signal Ty for example, which is lower. A lower brine outlet tem-
perature Ty is related to fault case 3, namely a reduced brine mass flow
through the evaporator. Here adso, the output signal levels are additionally
depending on the input signal levels.

input signals u output signal T, [T; Ty Ty, usted - bestfit arx1
2 v v v v v 1 AJ T T T AJ AJ
yd T —— measured
1 —— \ o L - -- static
ustep
0 T1o 1
at ~
8 10 12 14 16 18 20 8 10 12 14 16 18 20

output signal Tg [T, Ugep] - best fit: arx1 output signal Tg [Ty T, Ty, U] - bestfit: arxl

0

-0.2

047

0.6}

-0.87T

L . . . L L A 1 g 7
8 10 12 14 16 18 20 8 10 12 14 16 18 20

time [min] time [min]

Fig. 33: Data sequence of fault 3 (reduced evapor ator mass flow), physical model
structure. Upper left plot: measured input signals (Ty, T14) and step input signal Ugep.
Other plots measured (solid line) and simulated output signals T,, Ts, and To. All Sig-
nals are scaled.

In the discussions above, one data sequence was analyzed for each of the
fault cases 2 and 3. Clearly, the interpretation of the faultsis difficult and it is
obvious that instead of the signals the submodd parameters have to be re-
garded. Additionally, no rdiable interpretations can be made by regarding
one data sequence per fault case only, since the data sequences vary consid-
erably within each fault case. Therefore, the submodel parameters of 15 data
sequences per fault case will be statistically evaluated by the software tool
such that no interpretations have to be made by the user.
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6.1.4  Error Chartsfor the Physical Model Structure

For the same output signals as in Fig. 30, the model errors (the differences
between the simulated and measured output signals) are plotted in Fig. 34.
But instead of only regarding one data sequence, here the modd errors are
statistically evaluated over 15 data sequences for each fault case 1..8 (fault 1
= nomina case).

submodel 1 with outputsignal T,

max \§J< |
mean + standard deviation S ™Y
mean s 0.2 w8 4= 5
mean - standard deviation ) | =
. =, || — |
mn 2oal- || HAT HITNE | B
- - LA H TN
statistics over all data sequences p ye \\\
for one fault case 0 7 _ N
static arxl
submodel 2 with outputsignal T, submodel 5 w ith output signal T
0.3 — 0.3
o ::: f_ -IIILIIIIIIII:
g 0.2+ | E -E.E.... - s E... é 0.2 b
2z | = I =] | o
(] — - b u E
O [ | = — :
g 01 || : [ | 1 :.4 -é 01 . cetcesesesesesesecrcrcrcrctctctctcrsesca
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0.3 submodel 8 with output signal T 0.3 submodel 9 with output signal T,
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Fig. 34: Error chartsfor the submodds 1, 2, 5, 8, 9 with the output signals Ty, T,, Ts,
Ts, To, physical model structure. For each plot, the errors of the static modd arein
the left bar group, and the errors of the 1% order ARX moded areinthe right bar
group; within a group, each bar represents one fault case (faults 1..8 from left to
right). Legend for the bars (on the upper I€ft): light gray region = minimum/maximum
values of the errors, dark gray region = standard deviations of the errors

The mode errors of submodel 1 are too high, which has already been shown
for the signd T, in Fig. 30. Therefore this submodd is eliminated. The errors
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of submodel 2 are not low, ether. But since the oscillations and the level of
the output signa T, contains important information about the faults, it is not
eliminated. Therefore, the ARX approach with lower errors is selected. The
other submodels have very low errors for both the static model approaches
and the ARX mode approaches. Here, the ARX approaches are selected also
for convenience. In the present application, these submodel selections are
made by the user. As a result of the error charts above and the other error
charts for the remaining submodeds, the ARX approaches have been selected
for the submodels 2 and 4..11, whereas the submodels 1 and 3 have been
eliminated.

6.1.5 Parameter Chartsfor the Physical Modd Structure

The parameter sensitivities of the selected ARX approaches are shown in Fig.
35 for the submodels 2, 5, 8, and 9. These charts lead to the conclusion that
the submodels 2, 8, and 9 will be important for classifying the faults, because
at least some of their parameters have rather high sensitivities in relation to
the variances. Because of the higher signal variations in the output signal Ts
(cf. Fg. 30 and Fig. 31), the corresponding submodel 5 generdly has higher
variations in its parameters and lower sensitivities. But it can also be used, a
least for facilitating the classifiation of fault case 6 (parameters as, bs s, 6™ bar
from the left which is ‘lower’).

Initialy, all preselected submodels 2, 4..11 are taken into account. Using the
ARX approach for each submodel, this adds up to 39 parameters. The num-
ber of submodels is then reduced. Finding the best combination of submodels
with the corresponding parameters is automated by the software tool, using
the algorithm presented in Section 5.5.1.
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Fig. 35: Parameter chartsfor the submodds 2, 5, 8, 9 with the first order ARX ap-
proaches sel ected. Within a plot, each bar group represents one parameter (plot for
submodel 2: parameters ay, b, 1, ... fromléft to right); within a group, each bar repre-
sents one fault case (faults 1..8 from | eft to right). Legend for the bars (on the upper
left): light gray region = minimun/maximum parameter values, dark gray region =
standard deviations of the parameters. All parameters are scaled.

6.1.6  Signal Plots for the Decoupled Moddl Structure

In order to compare different model structures, here the decoupled model
structure has aso been selected for training. The signa plots are shown in
Fig. 36 for the same data sequence as in Fig. 30. Here dl output signals are
coupled to the same input signals T4 and T,,. Obvioudly the fitting quality of
the decoupled structure differs from that of the physical structure. But the
model errors are not generaly larger than those of the physical structure. For
the output signal T,, the model error is even smaller, because here the tran-
sients of the coupled signals Ty, and Ty4 are closer to the output signal T; than
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the transients of the coupled signa Tg in the case of the physical structure.
The output signal T, fits worse than in Fig. 30, since here the oscillations are
only very small in the coupled input signals. Because of unsuitable couplings,
the reconstruction of the output signal Ts also is more difficult. But the errors
of the output signals Tg and especially Ty are low. These signals are highly
correlated to the input signa's Ty, and T4, which fulfills the assumption of the
decoupled modd structure. Similarly low errors are found in the signals T,
T4, T1o, and T4, Which are not shown here. Thus, the decoupled model struc-
ture will also be used for afurther training.

input signals u output signal T, [T, Ty, ustep] - best fit: arx1
2 T T T T T T 0 T T T T t t
/ T4

1 — -0.5 N — measured

\ ; -—- static

u REASS

step

0 -1.5}
T )
At B
2 4 6 8 10 12 14 2 4 6 8 10 12 14

. output signal T, [T;, Ty, Ugel - bestfit: arxl output signal Tg [T;, Tp, Ul - best fit: arxl

2 4 6 8 10 12 14 2 4 6 8 10 12 14
output signal Ty [Ty, Ty, ustep] - best fit: arx1

2 4 6 8 10 12 14 2 4 6 8 10 12 14
time [min] time [min]

Fig. 36: Nominal data sequence |, decoupled model structure. Upper left plot: meas-
ured input signals (T2, T14) and step input signal Uge,. Other plots: measured (solid

line) and simulated output signals Ty, T,, Ts, Tg, Tg for the static and first order ARX
approaches. All signals are scal ed.
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6.1.7 Error Chartsfor the Decoupled Modd Structure

The modé errors are plotted in Fig. 34 which are statistically evaluated over
15 data sequences for each fault case 1..8 (fault 1 = nomina case). Here,
submode 1 is selected in contrast to the physical structure in Fig. 34, but
submode 2 is diminated. As expected, the errors of submodd 5 are higher
than they were with the physical structure, but they are still at a low level.
For the submodels 8 and 9, the errors are very low. Because of generally
lower modéd errors, the ARX approaches have been selected.
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Fig. 37: Error chartsfor the submodels 1, 2, 5, 8, 9 with the output signals Ty, Ty, Ts,
Ts, To, decoupled model structure.

As aresault of the error charts above and the other error charts for the remain-
ing submodes, the ARX approaches have been selected for the submodels 1
and 4..11, whereas the submodds 2 and 3 have been diminated.
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6.1.8 Standard Clusters

All the clustering methods of Section 5.4 have been tested for this applica-
tion, such as the HCM 2Fuzzy, HCM2Neuro, FCM2Neuro and PFCM2Neuro
methods. Fig. 38 and Fig. 39 visudize the clusters that result from the
HCM2Neuro method in Section 5.4.2, using the physical moded structure.
Whereas Fig. 20 on page 67 only shows the cluster for fault case 3, here dl
clusters for the fault cases 1..8 are shown. Remember that for these plots the
39-dimensiona parameter space is projected onto two parameters, namely
x=ap and x=Db,; (cf. Fig. 35). For each plot, one cluster is cut through its
center, which means that the parameters x; and x, are varied in the range of
-0.2..1.2, but the other parameters xs..Xs9 are fixed to the coordinate of the
center. For each plot, these centers are at another ‘height’ in the parameter
space (other values for Xs..x39) and therefore, the seeming overlappings are
much lower in the high-dimensional parameter space.

cluster 1: cluster 2:
1.2
X3
-0.2
cluster 3: cluster 4:
1.2
X3
-0.2
-0.2 X, 1.2 -0.2 X, 1.2

Fig. 38: Results of the HCM2Neuro method, cuts through the centers of the clusters
1..4 (faults 1..4), projection from n dimensions onto thefirst two parameter axes x;
and x,. Dark = high member ship grades, light = low member ship grades. Data points
= training parameter sets.
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cluster 5: cluster 6:
1.2
X3
-0.2
Cluster 7: cluster 8:
1.2
X3
-0.2
0.2 X, 12 0.2 X, 1.2

Fig. 39: Results of the HCM2Neuro method, cuts through the centers of the clusters
5..8 (faults 5..8)

These plots show that dl clusters are able to enclose the training data points
(= parameter sets) of the corresponding fault cases. If the data points are
close to each other, then the corresponding cluster is smaller. Since the varia-
tions of the data points are different in each parameter axis direction x;,, some
clusters are rather ellipsoid than spherical. The overlappings of the clustersin
the high-dimensional parameter space will be tested by checking the classifi-
cations of the training data points with the algorithm of Section 5.4.4. Some
outlying data points are especially observed in the clusters 2 and 3. They may
cause a few additiona wrong classifications in the checking algorithm and
could be eliminated manually. But here al training data points are considered
In order to demonstrate the generality of the method without any extra user
inputs being required.
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6.1.9 Classfication Resultsfor Standard Clusters

For checking the classification quality using the training data, the algorithm
of Section 5.4.4 is applied. Of the eight faults, the separation of seven faults
was possible with good results. Fault 5 affects the system similarly to fault 6,
and therefore was eliminated. For 7 clusters with 15 points each, and 7
checks per point, a total of 735 classification tests are run. Table 4 shows the
classification quality for the physica mode structure, regarding the cluster-
ing method and the number of output signals or submodels, respectively. Asa
result of the model error anaysis of Section 6.1.4, nine submodels 2, 4..11
were preselected with the output signals Ty, T4.. T1s.

Table 4. Resultsfor the physical model structure with different clustering methods
and different sets of selected sgnals. Table cell contents: first line: (number of wrong
classifications) / (humber of checks) = rate of wrong classifications, subsequent lines:
selected signals (bold = output signals, other = input signals), lagt line: number of
required sensors.

number | HCM- HCM- PFCM- FCM-
of 2Fuzzy 2Neuro 2Neuro 2Neuro
output | clustering clustering clustering clustering
signals | method method method method
9 4/735=0.54% | 7/735=0.95% 18/735=2.45% | 30/735=4.08%
T,, T4 T4y, T,, T4 Tqy, T,, T4 Tqy, Ty, T4.. Ty,
Tl, T?n T12’ T14 Tl, T?n T12’ T14 Tl, T?n T12’ T14 Tl, T3’ T12’ T14
13 sensors 13 sensors 13 sensors 13 sensors
30of9 7/735=0.95% | 7/735=0.95% 18/735=2.45% | 20/735=2.72%
T9’ TlO’ Tll’ T6’ T9’ Tll’ T6’ T9’ Tll’ T5’ T9’ Tll,
Ty, Ty, Ts.. T, Ty, Ty, Ts.. T, Ty, To, T5. Tg, Tio, | T4, To, Ty, T,
T12’ T14 T12’ T14 T14 T8’ T12’ T14
11 sensors 11 sensors 11 sensors 10 sensors
20f9 11/735=1.50% |11/735=1.50% |22/735=2.99% |26/735=3.54%
To, Ty, To, Ty, To, Ty, Ty, Ty,
Ty, T, T2, Tg, | Ty, T, T2y Tg, | Ty, To, Toy Tg, Tao, | T, To, Ty T,
T12’ T14 T12’ T14 T14 T12’ T14
8 sensors 8 sensors 8 sensors 8 sensors

In the first row of the table the results are presented for al nine submodels.
The second and third rows present the results for a combination of three and
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two submodes out of nine. For finding the submodel combinations with the
best ranking (fewest wrong classifications), the method of Section 5.5.1 was
used. This procedure was repeated for each cell of Table 4, where the output
signals of the best submodels are printed in bold. In generd, this selection
varies according to the clustering method.

Table 4 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 with the current data because
of their shape, which is less adaptive to the data points of this application.
The number of sensors required is quite high for the physical model structure
because the selected output signals are coupled with a number of other sig-
nals. In the table, the coupled signals are displayed below the output signals
(output signals in bold).

In order to reduce the number of measured signals, the decoupled model
structure is chosen (Table 5). As a result of the model error anadysis, nine
submodels 1, 4..11 were presdected with the output signals Ty, T4.. T1a.

Table 5: Resultsfor the decoupled modd structure with different clustering methods
and different sets of selected signals. Table cell contents: first line: (number of wrong
classifications) / (number of checks) = rate of wrong classifications, subsequent

lines. selected signals (bold = output signals, other = input signals), last line: number
of required sensors.

number | HCM- HCM- PFCM- FCM-
of 2Fuzzy 2Neuro 2Neuro 2Neuro
output | clustering clustering clustering clustering
signals | method method method method
9 29/735=3.95% |27/735=3.67% |43/735=5.85% |52/735=7.07%
Ty, T4 Ty, Ty, T4 Ty, Ty, Ta. Ty, Ty, Ta. Ty,
T12’ T14 T12’ T14 T12’ T14 T12’ T14
11 sensors 11 sensors 11 sensors 11 sensors
30f9 29/735=3.95% |32/735=4.35% |38/735=5.17% |47/735=6.39%
T6’ T9’ Tll’ T6’ T9’ Tll’ T5’ T9’ Tll’ T5’ T9’ Tll,
T12’ T14 T12’ T14 T12’ T14 T12’ T14
5 sensors 5 sensors 5 sensors 5 sensors
20f9 41/735=5.58% |53/735=7.21% | 76/735=10.34% |88/735=11.97%
Ty, Ty, Ty, Ty, Tg, To, Ts, To,
T12’ T14 T12’ T14 T12’ T14 T12’ T14
4 nsors 4 ensors 4 nsors 4 sensors
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Here all output signals are only coupled with the two input signals T, and Ty,
(and uge, Which is not measured). Thus, the number of required sensors can
be reduced to five in the case of three output signals (second row) or even to
four in the case of two output signals (last row). For the HCM2Fuzzy cluster-
ing method, the rate of wrong classifications is below 4% with five sensors
and below 6% with four sensors.
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Various fault cases are simulated by the smulation model described in Chap-
ter 11, which is designed for an air-to-water heat pump from SATAG® Ther-
motechnik AG and validated with nominal data of one heating period (1998)
of theresidential building at Barzheim (Schaffhausen, Switzerland). The data
sheet of the heat pump is given in Appendix C, Section ‘SATAG Natura
AW110'. For the smulation of the fault cases, the input signas are extracted
from the same data, but the model parameters are changed.

6.2.1 Configuration of the Smulated Heat Pump

The ‘virtua’ temperature sensors (T1..Tyo) in Fig. 40 have been selected as
the initial sensor configuration for the training of the fault diagnosis system.
No mass flows, heat flows, or other internal signals of the simulation model
are used for the fault diagnosis system, because in real applications the sen-
sors for measuring those signals would be too expensive. Neither the power
Input of the compresser, nor the pressure signals are used.

Nine fault cases were simulated by changing the corresponding parameters of
the simulation model (cf. Table 6). For each fault case, 21 data sequences
were generated. They were separated into two different data sets, one data set
for the training of the diagnosis system (containing 10 data sequnces), and
the other data set for its validation (containing 11 data sequences). The simu-
lated signals were resampled at a sampling time of 10 seconds for the training
of the fault diagnosis system.
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Tio fault 5 Tg water cycle
——p (heat sink)

fault 4

condenser
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gas X valve !
valve
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G \ ® outside air

T, fault 2 Ty (heat source)

Fig. 40: Smulated air-to-water heat pump with aninternal heat exchanger.

The commercial air-to-water heat pump has three modes (off, on, defrosting).
Either the off-on or the defrosting-on sequences are most interesting for diag-
nosing faults. Since most of the simulations are made with input data from
the winter period, where the defrosting-on sequences are more numerous,
only those sequences are used for identifying the parameters. The duration of
the data sequences was chosen to be equal to the full duration of the defrost-
Ing-on sequences in the measured data, which are in the range of 60..90 min-
utes.
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Table 6: The smul ated fault cases.

fault case | fault description (faultsin rea applications)

fault 1 normal behaviour, no fault

fault 2 reduced evaporaor heat transfer (evaporator fouling)

fault 3 reduced evaporator air massflow (evaporator/air channel fouling, ar
fan malfunction)

fault 4 reduced condenser heat transfer (condenser fouling)

fault 5 reduced condenser water mass flow (fouling, water pump malfunction)

fault 6 reduced internal heat exchanger heat trangfer (internal heat exchanger
fouling)

fault 7 reduced compressor efficiency (compressor malfunction)

fault 8 reduced expansion valve flow rate (expansion vave malfunction)

fault 9 reduced refrigerant charge (refrigerant | eakage)
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6.22 Modd

The input vector u(t) and the output vector y(t) are defined in eg. (53).
Ty (t
L To(t)

y®=| % u(t) =| Tyo(t) (53)
Tg(t) Hsep (1)

The system matrix of the physical model structureis given by eqg. (54).

Ty Ty T3 Ty Ts Tg T7 TgiTg Tip Ugep
Tp/x 00 00 « O 0:0 O o
To/0 x 0 O O e e QOie 0O o
T3]0 ¢ x O o ¢ 0 0:0 0 o
T,/0O 0O ¢ x 0 0O O 0:0 0O e (54)
T5/0 0 0 ¢ x 0O O e:0 o o
Te|0O o o 0 e x 0 00 0O o
T,/0 ¢« 0 0 O e x 0ie 0 o
Tg|O O O ¢ ¢ 0 0O x:i0 o o

The other modd structures are in analogy to Section 5.2.

6.2.3 Signal Plots

For example, a nomina data sequence of the training data set is plotted in
Fig. 41 and Fig. 42 (corresponding to the defrosting-on sequence starting at
t=9.6 minutes of January 27, 1998). All signals are scaled to a range in the
region of 0..1. The measured input signals are represented by the tempera-
tures Ty, T1p and the step input uge,. For all submodels 1..8, the simulated
output signals are compared to the measured signals T,..Tg. Comparing to the
signals of application Il in Section 6.1, these output signals are more moder-
ate. There are fewer nonlinearities in their transents, and the * hunting effect’
has a lower impact since the signals are simulated. Nevertheless, the distur-
bances act on the input signals, which are propagated in the nonlinear mode.
The input signals are also superposed by the noise in the measured data,
which can be seen in the greatly zoomed signal To. The input signal Tyq IS Su-
perposed by noise of a smilar variance, but here the noise is not apparent be-
cause of amuch lower scaling factor.

Regarding these plots, different time constants of the output signals are obvi-
ous. Thesignals T, T,, T, and T7 have small time constants, whereas the sig-
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nal T, has a large time constant. The signals Ts, Te, and Tg are characterized
by a fast response at the beginning and a dow transient afterwards. The
maximum time constants of the signals T,, Ts, Te, and Tg are taken into ac-
count by the duration of the data sequence, which is at about 80 minutes for
the current sequence.

input signals u

15

1 / ustep

0.5

0

-0.5
9.8 10 10.2 104 10.6 10.8
o output signal T, [Ty Ug,] — arx1 Ooutputsignal T,[Te T To Uge,] —static
02l 1 ool — measured
' ' --- static
04t | e arx1
-0.6
-0.8
-1 e
9.8 10 10.2 10.4 10.6 10.8 9.8 10 10.2 10.4 10.6 10.8
0output signal T; [T, Ty Ty Uge,] —static output signal T, [T, Ug,,] —arx1
'02 - ~Tn
-04 arx1: error too large
9.8 10 10.2 10.4 10.6 10.8 9.8 10 10.2 10.4 10.6 10.8

time [h] time [h]

Fig. 41: Nominal data sequence, physical model structure. Upper |€ft plot: measured
input signals (Ty, Ty10) and step input signal Uge,. Other plots: measured (solid line)
and simulated output signals T,..T, for the static and first-order ARX approaches. Al
signals are scaled. The coupled sgnals are listed in brackets[], for example: T; is
coupled with the signals T and Uge,. The approaches which best fit the measured data
of the current sequence are noted in thetitle of the plots.
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Fig. 42: Nominal data sequence, physical model structure. Measured (solid line) and
simulated output signals Ts..Ts. All signals are scaled.

For each submodel of the plotted sequence, at least one of the model ap-
proaches fits the data with low model errors, such as the first-order ARX ap-
proach for the output signals T4, T4, and Te, the static approach for the output
signals T, and T3, and both gpproaches for the signals Ts, T+, and Ts. Again,
the measured signas and the fitting quality vary from one data sequence to
another, and especialy from one fault case to another. A statistical evaluation
of the model errors will be shown in the the next section.

6.24  Error Charts

Fig. 43 shows the statistical evaluation of the model errors over dl 21 data
sequences within each fault case 1..9 (1 = nomina case). The fitting quality
observed from one data sequence in Fig. 41 and Fig. 42 is similar to the fit-
ting quality of the rest of the data sequences, with a few exceptions. For ex-
ample, the ARX approach of model 8 has large errorsfor the last fault case 9,
whereas it has low errors for all other fault cases including the nomina case.
Thus, it isimportant to analyze al fault cases before selecting the appropriate
model approach. Submodel 5 has low modéd errors for both approaches. Thus
the static modd approach is selected in order to prevent over-parametri zation.
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submodel 1 w ith output signal T, submodel 2 w ith output signal T,
50.2 50.2
5 5
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submodel 3 with output signal T, submodel 4 w ith output signal T,
50.2 50.2 a
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Fig. 43: Error chartsfor the submodd s 1..8 with the output signals T;..Tg, physical
model structure. For each plot, the errors of the static modd arein the left bar group,
and the errors of the 1% order ARX model arein theright bar group; within a group,
each bar represents one fault case (faults 1..9 from | ft to right). Legend for the bars:
light gray region = minimun/maximum values of the errors, dark gray region = stan-
dard deviations of the errors
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As aresult of the error charts above, the ARX approaches were selected for
the submodels 1, 4, 6, 7 and the static gpproaches were selected for the sub-
models 2, 3, 5 and 8. No submode had to be eiminated. Together, all se-
lected approaches have atotal number of 32 parameters.

The same analysis was made for the decoupled moded structure, where sub-
model 6 had to be eliminated from the eight submodels.

6.25 Classfication Resultsfor Standard Clusters

The standard clustering methods of Section 5.4 are used for building the clus-
ters in the 32-dimensional parameter space, using the training data set. For dl
nine fault cases, the classification quality is tested by the checking algorithm
of Section 5.4.4. The same algorithm is used to check the classification of the
training data points (= parameter sets from the training data set) as well as the
validation data points (= parameter sets from the validation data set).

Here only the HCM2Neuro clustering method was applied because of its
higher classification quality for validation data that differs from the training
data. The results are summarized in Table 7. The physica and the decoupled
model dructure as well as different submode selections are investigated
(rows of Table 7). The wrong classification rate obvioudy is higher for the
validation data set (last column) than for the training data set (column be-
fore). In the first row, the results for the full physical mode with eight output
signals are displayed. For this case, ten sensors are required, including the
eight output signals (T,..Tg) and the two input signals (Te, Tyo). In the next
row, the three best of eight submodels are selected with the output signals T,
T;, Ts, where the criterion is a minimum number of wrong classifications.
Therefore, the algorithm of Section 5.5.1 is used. Because of the couplingsin
the physica model, the output signals T,, T, Ts depend on the other signals
T, and Tg.. T4, Which adds up to nine sensors. Selecting two of eight submod-
els with the output signals T, and T3, the number of sensorsis reduced to six.
For afurther sensor reduction, the model has to be switched to the decoupled
structure, where a tota of seven submodels are preselected (without sub-
model 6). Here the number of sensors could be reduced to five or even four.
But the rate of wrong classifications is too high for the validation data set
(last row). Therefore, as a compromise between aminimal number of sensors
and a minimal wrong classification rate, the physical model with six sensors
(third row) is chosen.
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Table 7: Resultsfor the physical and decoupled modd structures with the
HCM2Neuro clustering method, different sets of selected signals (bold = output sig-
nals). Table cel contents. (number of wrong classifications) / (number of checks) =

rate of wrong classifications

Model, number of | signalsrequired, training data validation data
output signals number of sensors wrong class. rate | wrong class. rate
phySI ca Tl- .Tg, Tg, TlO 11/720=1.5% 24/792=3.0%

8 output signals 10 sensors

phySI ca T2, T3, T5, T4, T6- -TlO 23/720=3.2% 72/792=9.1%

3 of 8 output Sig. 9 sensors

phySI cal T2, T3, T5, T6’ T7, Tg 43/720=6.0% 70/792=8.8%

2 of 8 output sig. | 6 sensors

deCOUpled Tl’ T4, T7, Tg, TlO 45/720=6.3% 164/792=20.7%
3 of 7 output Sig. 5 sensors

6.2.6

Eight fault vectors are defined, with the nomina case (= fault 1) as their ori-
gin and the fault cases 2..9 as their directions. In order to check the classfica-
tion of gradua faults, data sets for different fault sizes were generated by the
simulation model. For each fault size, the corresponding parameters of the
model were changed (cf. Section 11.2.3). For the faults 2..8, four sizes were
simulated:

o fault size 2: 20% parameter change

Classfication Resultsfor Vector Clusers

o fault size 3: 30% parameter change
o fault size 4: 40% parameter change

For fault 9, the three smulated sizes are smadller, since its effect on the sig-
nalsislarger:

o fault size 1. 10% parameter change
o fault size 2: 20% parameter change
o fault size 3: 30% parameter change
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The classification system has been trained by data for the faults of size 3, and
checked by validation data for the faults of the sizes 1, 2, and 4. For fault case
9, sze 2 was trained and the sizes 1 and 3 were checked.

In Table 8, the membership grades f;(x) to the fault vectors i are shown (cf.
eg. (45) on page 80). The fault vectorsi are represented by the columns of the
table, and the data sets for the fault cases with the increasing fault sizes are
represented by the rows. Here, the membership grades are not shown for each
single data point, but they are averaged over the full data sets, which contain
21 data points per fault size.

Regarding the rows of Table 8, the cells with maxima membership grades
are displayed with frames. The cells of the corresponding fault vectors are
displayed in gray. If the locations of the gray cells and the framed cells are
equal, then the classification is correct. This is always the case, with one ex-
ception only (data set for fault case 9, size 1). The membership grades close
to one indicate that the data points of the corresponding fault cases are close
to ther fault vectors. For fault case 7, the fault sizes 2, 3, and 4 lie exactly on
the fault vector. Thus the assumption of alinear fault trgjectory is fulfilled for
this fault case. For the other fault cases, the variations are larger, but they are
also classfied correctly (with one exception).

Regarding al fault sizes of fault case 4, some rather high membership grades
are observed for fault vector 9, and vice versafor al fault sizes of fault case 9
some rather high membership grades are observed for fault vector 4. This
means that the fault vectors 4 and 9 are close to each other. Some physica
explanation can be found by remembering, that fault case 4 corresponds to a
reduced condenser heat transfer and fault case 9 corresponds to refrigerant
leakage. Due to refrigerant leakage, the liquid level in the condenser will be
lower, which reduces the condenser heat transfer. Similar observations are
made for the fault cases 6 and 8, regarding the fault vectors 8 and 6. Thus a
reduction of the mass flow through the expansion valve (fault 8) isrelated to
areduction of the heat transfer in the internal heat exchanger (fault 6), which
can be explained by the lower filling grade of the internal heat exchanger.
Aside from these physical couplings of the fault cases, the vector clusters are
able to classify the faults with a high quality, even for different fault sizes.

112



6.2 Data from Smulation Model (Application I11)

Table 8: Mean membership grades for gradual faults. Columns = fault vectors 2..9,
rows = data sets for different fault cases and fault sizes (fault 1 = nominal case, faults
of size 3 are trained), in the gray cells should be the maximal member ship grades, in
the framed cells really are the maximal membership grades

vec.2 vec.3 vec.4 vec.5 vec.6 vec.7 vec.8 vec.9

fault 1 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
fault 2, size 1 0.758] 0.000 0.180 0.000 0.000 0.000 0.000 0.000
fault 2, size 2 0.894] 0.000 0.135 0.000 0.000 0.000 0.000 0.000
fault 2, size 3 0.946] 0.000 0.105 0.000 0.000 0.000 0.000 0.000
fault 2, size 4 1.0000 0.000 0.052 0.000 0.000 0.046 0.000 0.000
fault 3, size 1 0.000f 0.742] 0.000 0.000 0.000 0.000 0.000 0.000
fault 3, size 2 0.000f 0.865] 0.091 0.000 0.000 0.000 0.000 0.000
fault 3, size 3 0.000f 0.925] 0.072 0.000 0.000 0.000 0.000 0.000
fault 3, size 4 0.000F 0.952] 0.048 0.000 0.000 0.000 0.000 0.000
fault 4, size 1 0.000 0.000F 0.392] 0.000 0.000 0.000 0.000 0.233
fault 4, size 2 0.000 0.000§ 0.726] 0.000 0.000 0.000 0.000 0.438
fault 4, size 3 0.106 0.000f 0.862] 0.000 0.000 0.000 0.000 0.543
fault 4, size 4 0.079 0.000Ff 0.904f 0.000 0.000 0.000 0.000 0.595
fault 5, size 1 0.000 0.000 0.000Ff 0.728] 0.000 0.000 0.000 0.000
fault 5, size 2 0.000 0.000 0.000Ff 0.915¢ 0.204 0.000 0.000 0.146
fault 5, size 3 0.000 0.000 0.000Ff 0.979] 0.157 0.000 0.000 0.091
fault 5, size 4 0.000 0.000 0.000Ff 0.991] 0.193 0.095 0.000 0.000
fault 6, size 1 0.000 0.000 0.000 0.000f 0.640] 0.000 0.325 0.000
fault 6, size 2 0.000 0.000 0.000 0.162] 0.807] 0.000 0.333 0.000
fault 6, size 3 0.000 0.000 0.000 0.088] 0.978] 0.000 0.1412 o0.000
fault 6, size 4 0.000 0.000 0.000 0.081] 1.000f 0.000 0.064 0.000
fault 7, size 1 0.000 0.000 0.000 0.839 0.237] 0.940] 0.000 0.000
fault 7, size 2 0.000 0.000 0.000 0.473 0.109] 1.000] 0.000 0.000
fault 7, size 3 0.028 0.000 0.000 0.040 0.005] 1.000] 0.000 0.000
fault 7, size 4 0.044 0.004 0.016 0.027 0.000] 1.000] 0.000 0.000
fault 8, size 1 0.000 0.000 0.000 0.000 0.000 0.000} 0.775} o0.000
fault 8, size 2 0.000 0.000 0.000 0.000 0.194 0.000] 0.926}] 0.000
fault 8, size 3 0.000 0.013 0.000 0.000 0.199 0.000] 0.989} 0.000
fault 8, size 4 0.000 0.042 0.000 0.000 0.241 0.082] 0.997] 0.000
fault 9, size 1 0.097 0.000| 0.797| 0.000 0.000 0.000 0.000 0.737
fault 9, size 2 0.045 0.000 0.636 0.068 0.000 0.000 0.000} 0.926
fault 9, size 3 0.000 0.000 0.348 0.438 0.000 0.000 0.000} 0.688

The fault grades g; (x) (eg. (43) on page 79) are also averaged and shown in
Table 9. According to eg. (50) on page 84, a minimum fault grade g, isin-
troduced, which is set to 0.1. If the fault grades g;(x) are lower than g,
then the corresponding membership grades f; (x) in Table 8 are set to zero.
The mean fault grades of the nomina data (fault 1) are obvioudy zero (Table
9, first row). For the trained faults of size 3 (or size 2 for fault case 9), the
mean fault grades are one, because the fault grades are scaled by the trained
values. With data of an increasing fault size (1 to 4), the diagnosed fault
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gradesincrease as well (all cells of agray block). There is only one exception
to that for fault case 9, size 3. Regarding the membership grades of Table 8,
fault 9 moves away from the linear vector for fault sizes larger than two.

Table 9: Mean fault grades for gradual faults. Columns = fault vectors, rows = data
sets for different fault cases and fault sizes (fault 1 = nominal case, faultsof Sze 3 are
trained), inthe gray cells are theincreasing fault grades corresponding to the in-
creasing fault sizes

vec.2 vec.3 vec.4 vec.5 vec.6 vec.7 vec.8 vec.9

fault 1 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
fault 2, size 1 0.396 0.059 0.178 -0.090 -0.178 0.025 -0.100 0.028
fault 2, size 2 0.661 0.061 0.283 -0.140 -0.285 0.046 -0.168 0.045
fault 2, size 3 1.000 0.019 0.397 -0.186 -0.407 0.076 -0.262 0.066
fault 2, size 4 1.454 -0.094 0523 -0.226 -0.552 0.121 -0.392 0.090
fault 3, size 1 -0.042 0.492 0.073 -0.115 -0.036 -0.008 0.063 -0.007
fault 3, size 2 -0.027 0.745 0.125 -0.166 -0.084 -0.005 0.072 -0.008
fault 3, size 3 0.016 1.000 0.189 -0.210 -0.155 0.007 0.063 -0.008
fault 3, size 4 0.088 1.251 0.262 -0.241 -0.251 0.030 0.033 -0.007
fault 4, size 1 0.060 0.039 0.412 -0.055 -0.170 -0.004 -0.088 0.140
fault 4, size 2 0.095 0.059 0.680 -0.076 -0.268 -0.004 -0.154 0.235
fault 4, size 3 0.134 0.078 1.000 -0.089 -0.378 -0.001 -0.239 0.351
fault 4, size 4 0.175 0.097 1.375 -0.083 -0.490 0.008 -0.349 0.490
fault 5, size 1 -0.079 -0.097 -0.032 0.462 0.064 0.037 -0.103 0.087
fault 5, size 2 -0.135 -0.167 -0.067 0.748 0.115 0.058 -0.157 0.136
fault 5, size 3 -0.183 -0.252 -0.257 1.000 0.222 0.090 -0.177 0.122
UL r-Y' 3 -0.213 -0.370 -0.672 1.196 0.398 0.141 -0.139 0.015
fault 6, size 1 -0.169 -0.116 -0.493 0.045 0.301 -0.016 0.173 -0.175
fault 6, size 2 -0.301 -0.176 -0.847 0.114 0.571 -0.010 0.278 -0.295
fault 6, size 3 -0.485 -0.226 -1.331 0.270 1.000 0.025 0.379 -0.457
U r-W/ 8 -0.666 -0.222 -1.888 0501 1525 0.098 0.433 -0.656
fault 7, size 1 -0.075 -0.289 -0.559 0.927 0.411 0.354 -0.254 -0.174
fault 7, size 2 0.034 -0.373 -0.739 1.194 0.519 0.622 -0.279 -0.273
fault 7, size 3 0.568 0.069 -0.026 0.693 0.160/ 1.000 0.062 -0.239
fault 7, size 4 0.747 0.234 0.632 0.567 -0.215/ 1.090 -0.106 -0.099
fault 8, size 1 -0.074 0.022 -0.238 -0.200 0.013 -0.037 0.377 -0.091
fault 8, size 2 -0.176 0.047 -0.484 -0.267 0.135 -0.038 0.651 -0.173
fault 8, size 3 -0.343 0.101 -0.925 -0.236 0.416 0.011 1.000 -0.311
ICULRS X' -0.507 0.229 -1.542 -0.112 0.744 0.138 1.441 -0.509
fault 9, size 1 0.104 0.063 0.827 -0.067 -0.363 -0.031 -0.136 0.337
fault 9, size 2 0.135 -0.020 2.124 0.255 -0.786 -0.065 -0.487 1.000
fault 9, size 3 -0.096 -0.285 1.387 1.115 -0.492 -0.051 -0.425 0.963

Apart from very few exceptions, these results show that the vector clusters
are able to classify gradua faults with ahigh quality.
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The diagnosis system of Chapter 5 has also been tested with the data of the
IMRT test bench. The software tool of Chapter 7 was used to train the diag-
nosis system and to test the online fault diagnosis. In contrast to the previous
sections, here the averaging method of Section 5.7.2 is used, which signifi-
cantly improves the classification results for online diagnosis. For compari-
son, the training and validation results without averaging are also presented.

6.3.1 Configuration of the Test Heat Pump

The commercial brine-to-water heat pump of the IMRT test bench is modi-
fied by adding actuators and sensors for introducing faults and measuring
their effects on the signals (Fig. 44).

To, Mi8 T,, Mi7

. j

T, T,
% condenser

I Ts  compr.

Tz
internal
heat exchanger

expansion
valve
evaporator
T

P

1

Mi5 Mi6

L4
T9 Tll

Fig. 44: The modified brine-to-water heat pump, with additional valves (Mi5...Mi8)
and temperature sensors (T;..Tyo).
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A data sheet of the heat pump from SATAG Thermotechnik AG is shown in
Appendix C, Section ‘SATAG Natura BW108' while the test bench is de-
scribed in Chapter 12. Here, the temperature sensors shown in Fig. 44 are
used in the initial sensor configuration. Five fault cases are investigated,
which are listed in Table 10.

Table 10: Faults of a brine-to-water heat pump.

fault | actuator fault description
fault 1 | - normal behaviour, no fault
fault 2 | valve Mi5 reduced brine mass flow

(brine pump malfunction, brine cycle fouling)

fault 3 | 3-way valve Mi6 |reduced evaporator heat transfer
(evaporator fouling)

fault 4 | valve Mi7 reduced water mass flow
(water pump mafunction, water cycle fouling)

fault 5 | 3-way valve Mi8 | reduced condenser heat transfer
(condenser fouling)

For each fault case, data sets of four different fault sizes are measured, such
as the sizes of 10%, 20%, 30%, and 50%. A size of 100% is defined as the
limiting size where the heat pump is shut down because of a high-pressure or
low-pressure darm or where the ‘hunting effect’ of the expansion valve be-
comes significantly larger. For the size of 20%, about 40 data sequences were
measured per fault case (varying for each fault case), which were then sepa-
rated into a training data set and a vaidation data set with about 20 data se-
guences each. For the other sizes of 10%, 30%, and 50%, about 10..20 data
sequences were measured per fault case (cf. Sections 6.2.5 and 6.2.6). The
sampling time was chosen to be 1 second and the data sequences were cut to
an equd length of 10 minutes.
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6.3.2 Modd

The input vector u(t) and the output vector y(t) are defined in eqg. (55).
Il((tt)) Ty (1)

y(t) = 25 u(t) =| Tp2(t) (55)
Tyo(t) Ustep (1)

Here the full modd structure is used, in which the output signals are coupled
to all other signals (cf. Section 5.2.3). The advantages of the full structure are
its flexibility and high accuracy. The reduction algorithm of Section 5.5.2 is
applied in order to select a subset of the output signals, which is straightfor-
ward for the full structure. The number of selected output signas and thus the
number of required sensors were successively increased, starting from two
output signals and four sensors.

Two output signals. In the first step, only those sensors are taken into ac-
count, which are already available in the commercial heat pump. Therefore,
the two output signals To, T1o (brine and water output temperatures) are se-
lected. Together with the two input signals T11, Ty, (brine and water input
temperatures), four signals are measured.

Three output signals. In the next step, one sensor is added. The best classifi-
cation results are obtained with the additional output signa T, (refrigerant
temperature after the condenser). With the three output signals T,4, Te, T4 and
the two input signals T4, T, five sensors are required.

Since the results are found to be satisfactory (cf. next sections), no additional
sensors have to be added.
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6.3.3 Signal Plotsfor Two Output Signals

For example, an off-on data sequence of the nominal case ( = fault case 1) is
shown in Fig. 45 for the case of two output signals. Four sensors measure the
brine and water input temperatures T,; and T, aswell as the brine and water
output temperatures Ty and Tyo. The output signas are coupled to all other
signals, which results in a high fitting qudity. For this sequence, the mode
errors are low for both submodels 9 and 10 and for both model approaches.
The signals contain a rather fast transient part at the beginning and a ‘drift-
ing’ part afterwards, due to the large time constant of the test environment
(representing the building).

input signals u

2
15 u
1
05
0
-05¢
-1 Ty
1.5}

_2 I 1 1 1 L
26 28 30 32 34

output signal Tg [T1g Ty1 Too ustep] —arxl output signal T, [Ty Ty; Tio ustep] —arxl
05} — mea_lsured
15 --- Sstatic
0
-0.57 1 1t
1t . F
15t ] 05]
2t 0
_2.5 n L 1 1 1 Il 1 1 1 1
26 28 30 32 34 26 28 30 32 34

time [min] time [min]

Fig. 45: Nominal data sequence, full model structurefor two output signals. Upper
|eft plot: measured input signals (Ty4, T;2) and step input signal Uge,. Other plots:
measured (solid line) and simulated output signals Ty, T, for the satic and first-order
ARX approaches. All signals are scaled. The coupled signals arelisted in brackets|[],
for example: T is coupled with the signals Ty, T4, T12, @nd uge,. The approaches
which best fit the measured data of the current sequence are noted in the title of the
plots.

118



6.3 Data from IMRT Test Bench (Application 1V)

Fig. 46 presents a data sequence of fault case 2, which is a reduced brine
mass flow. As a result of that fault, the brine output temperature Ty is a a
lower level. Here, the model errors are larger than for the nominal case, ex-
pecialy with the first-order ARX approach for submodel 10 with the output
signal Tyo. For submode 9, the static approach shows a larger error than the
ARX agpproach. Evidently, the model errors vary from one data sequence to
another.
input signals u

2

15
1
0.5
0
05
-1
15
-2

L output signal Tg [Ty Tyy Ty Ugep] — arxl ) output signal Ty [Tg Tyy Typ Ugep] — static

05 ] — measured
\ 15 --- static
0 [
-0.5]1
-1 ik
15} ¥
2t =
-25 : ' : : : . . . . :
2 4 6 8 10 2 4 6 8 10
time [min] time [min]

Fig. 46: Data sequence of fault 2 (reduced brine mass flow), fault size 30%, full
model structure for two output signals. Upper |eft plot: measured input signals (T4,
T12) and step input signal Uge,. Other plots: measured (solid line) and simulated out-
put sgnals Ty, Ty for the static and first-order ARX approaches. All signalsare

scal ed.

Fig. 47 presents a data sequence of fault case 3, which is areduced evapora-
tor heat transfer. As aresult, the brine output Ty is at a higher level than in the
nomina case (Fig. 45). Here, the output signal T is fitted better by the ARX

approach, which is not the case for other data sequences of the same fault
case.
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Fig. 47: Data sequence of fault 3 (reduced evaporator heat transfer), fault size 30%,
full model sructure for two output signals. Upper left plot: measured input signals
(T11, T12) and step input signal Uge,. Other plots: measured (solid line) and simulated
output signals Tg, T4, for the satic and first-order ARX approaches. All signalsare
scaled.

6.3.4  Error Chartsand Parameter Chartsfor Two Output Signals

As shown in the previous section, the model errors may change significantly
from one fault case to another or even from one data sequence to another.
Therefore, the model errors are Hatistically evaluated as shown in Fig. 48.
Regarding submodd 9, the ARX approaches are better suited for the fault
cases 1..3, but their errors are much higher for other fault cases 4..5. Regard-
ing submodel 10, the model errors of the ARX approach are too high for fault
case 2. Thus, the static modd approaches are preselected for both submodels.
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submodel 9 with output signal Ty submodel 10 with output signal T,,
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Fig. 48: Error chartsfor the submodds 9 and 10 with the output sgnals Ty and T,
full model structure for two output signals. For each plot, the errors of the static
model areintheleft bar group, and the errors of the 1% order ARX model areinthe
right bar group; within a group, each bar represents one fault case (faults 1..5 from
left to right). Legend for the bars: light gray region = minimun/maximum val ues of
the errors, dark gray region = standard deviations of the errors

The parameter charts of the presel ected submode s with the static approaches
are shown in Fig. 49. Apparently, the separation of the faults is possible with
a high classification quality. Especially for the parameters kg 19 and ki o the
sensitivities to the faults are very high and the variances are low. For these
two submodels, the parameter space will have a dimension of 8.

submodel 9: static approach submodel 10: static approach
1

2 2
E 0.8 ................................................................................... % 0.8 .............. —
£ 5
E 06 ...... E 06 ..................................... bl e PR R
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B e R 2 04 . i . .
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3 3
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0 0

Kg,10 K11 Kg 12 Ko step K10,0 Kiogr  Kiozz  Kigstep

Fig. 49: Parameter chartsfor the submodd s 9 and 10 with the static approaches se-

lected. Within a plot, each bar group represents one parameter (plot for submodel 9:
parameters kg 10, Ko 11, ... fromleft to right); within a group, each bar represents one

fault case (faults 1..5 from left to right). Legend for the bars: light gray region =

mi nimum/maximum par ameter values, dark gray region = standard deviations of the
parameters. All parameters are scaled.
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6.3.5 Signal Plotsfor Three Output Signals

For comparison, the same data sequence as shown in Fig. 45 is plotted for
three output signals in Fig. 50. The output signas T,4, To, and Ty, are coupled
to al other signals, which adds up to five coupled signals per output signal.
Together with the input signals T,; and T,,, a total of five signals are meas-
ured. Thus, the fitting quaity is even higher for the output signals Tg and T.
The modé errrors are also low for the additional output signa T,. Evidently,
the modd errors also vary for different data sequences or even different fault
Cases.

input signals u output signal T, [Ty Tig Tyg Tip Usep] — Static
2 15 - - :
15¢
1 / ustep 1
0.5} \
0 05 f
-0.5¢ .
1 0
-1.5¢
2" : : : - 0.5 : : : :
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1 2
— measured

05t ] 15l |77 static

0 i . — arxl
05+ 1 1

1t 1
15| - 05
2 F 0
25 - : . . : . - .
26 28 30 32 34 26 28 30 32 34
time [min] time [min]

Fig. 50: Nominal data sequence, full model structurefor three output signals. Upper
|eft plot: measured input signals (Ty, T;2) and step input signal Uge,. Other plots:
measured (solid line) and simulated output signals T,, Ty, Ty for the static and first
order ARX approaches. All signals are scaled.

Here, the static model approaches will be selected also, since their modd er-
rors are low for all data sequences of al fault cases. Thus, the parameter
space will have adimension of 15 for these three submodels.
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6.3.6 Classfication Resultsfor Standard Clusters

First, the HCM2Neuro clustering algorithm of Section 5.4.2 was used to build
the clusters in the parameter space. For two output signals (four sensors) the
dimension of the parameter space is 8, and for three output signals (five sen-
sors), the dimension is 15. The resulting classification systems were tested
with the training data set as well as with the vaidation data set (Table 11,
first two columns). These data sets contain dl fault cases for the size of 20%.
Additiondly, the same validation data set and additional data sets for the
sizes 10%, 30%, and 50% were used for tests in combination with the averag-
Ing method of Section 5.7.2 (Table 11, third column). That method is devel-
oped for online diagnosis, but it is used here offline for the data sets which
first were acquired and stored in aPC.

Note that the standard clusters, such as the HCM2Neuro clusters, are primar-
ily designed to classify faults of one size only. Here, the faults of size 20%
are traned using the training data set. No other fault sizes are trained in order
to keep the experimental effort low. Therefore, each cluster corresponds to
one fault case of the size 20%. The first column of Table 11 shows the rate of
wrong classifications for the case of two output signals (four sensors) and the
case of three output signas (five sensors), using the training data set for
checking. For both cases, the classification qudlity is similar. In the second
column, the results are given for the validation data set. As expected, the rate
of wrong classifications differs from the training data set, and it is increased
in the case of five sensors.

But here, the focus is on the difference between the validation data sets with-
out and with averaging. In the last column of Table 11, the number of wrong
classifications is further reduced by averaging, which results in zero wrong
classifications for the faults of size 20%. For each cycle, the parameters of
five data sequences are averaged before classification (cf. Section 5.7.2). Ad-
ditiondly, the classification quality is still high for the fault sizes 10% and
30%, even if the clusters are only trained for the fault size 20%. Thus,
averaging significantly increases the robustness of the classification system.
Evidently, an additional training of the fault sizes 10%, 30%, and 50% would
result in even higher classification qualities for these sizes, but then the ex-
perimental effort for the training would be four times higher.
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Table 11: Rate of wrong classficationsfor HCM2Neur o clusters with gradual faults.
The faults of size 20% are used for training, the faults of the sizes 10%, 20%, 30%,
and 50% ar e used for validation. The number of sensorsis either 4 or 5.

fault | training data s, validation data set, validation dataset, " online”,
size |offline no averaging | offline, no averaging |averaging over 5 seq./cycle

4 ensors 5senors |4 sensors 5 sensors |4 sensors . 5 sensors

10% 9.7% 0.0%
20% | 8.3% 9.1% 6.5% 9.7% 0.0% 0.0%
30% 3.3% 6.6%
50% 10.5% 10.5%

6.3.7 Classfication Resultsfor Vector Clusters

In the next step, vector clusters are built, which are especidly qudified for
classifying faults of different sizes. Here also, only the faults of size 20% are
trained by the same training data set as in the previous section. Afterwards,
the vector clusters are tested with the validation data sets (Table 12). Here,
the use of averaging results in zero wrong classifications, not only for the
faults of size 20%, but aso for the faults of size 30%. For the other fault
sizes, the results are generaly better than the results of Table 11, since the
vector clusters are especialy qualified for gradual faults. Moreover, the sizes
of the faults are calculated by the fault grades as well.

Table 12: Rate of wrong cdlassficationsfor vector clusterswith gradual faults. The
faults of 9ze 20% are used for training, the faults of the sizes 10%, 20%, 30%, and
50% are used for validation. The number of sensorsis either 4 or 5.

fault | traning data set, validation data set, validation dataset, " online”,
size |offline no averaging | offline, no averaging |averaging over 5 seq./cycle

4 ensors 5senors |4 sensors 5 sensors |4 sensors . 5 sensors

10% 6.5% 0.0%
20% | 4.8% 4.8% 1.2% 3.5% 0.0% 0.0%
30% 0.0% 0.0%
50% 5.3% 5.3%

6.3.8 False Alarm Tuning

For al online classification systems of the previous sections, the rate of false
aarm has been tuned to zero. For the HCM2Neuro clusters, the nominal
weighting factor w,om has to be adjusted, whereas for the vector clusters, the
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minimal fault grade g, has to be adjusted (cf. Section 5.7.4). For the actual
data, a nominal weighting factor of 1 is sufficient, because the averaging al-
ready reduces the fase-alarm rate to zero. A weighting factor higher than 1
would increase the “false-alarm robustness’. The minimal fault grade is se-
lected for each classification system, such that no wrong classifications occur
with the actual data.

Table 13: False-alarm rate for HCM2Neuro clusters and vector clusterswith gradual
faults. “Online” validation with averaging over 5 sequences/cycle.

HCM2Neuro vector

clusters clusters

4 ensors 5 sensors 4 ensors 5 sensors
nominal weighting factor |1 1
minima fault grade 0.37 0.37
false-darm rate 0.0% 0.0% 0.0% 0.0%

6.3.9 Smultaneous Faults

The fault diagnosis system was also trained with simultaneous faults. There-
fore, data of the following nine fault cases were acquired, including some
combinations of simultaneous faults (cf. Table 10 on page 116):

e dgnglefaults1..5

e simultaneousfaults2 and 4
e smultaneousfaults2 and 5
e simultaneousfaults 3 and 4
e smultaneousfaults3and 5

A fault size of 30% was chosen for training. Note that some fault combina-
tions are excluded. Fault 2 (reduced brine mass flow through the evaporator)
and fault 3 (reduced evaporator heat transfer) both lower the pressure in the
evaporator. A combination of these faults causes a low-pressure darm and
stops the machine automatically (due to the standard safety management).
The combination of fault 4 (reduced water mass flow through the condenser)
and fault 5 (reduced condenser heat transfer) causes a high-pressure alarm.
Therefore, only the fault combination in the list above are trained.

First, a standard classification system is generated from the training data set,
by using the HCM2Neuro clustering algorithm. One cluster is built for each

125



6 A Fault Diagnosis System with Integrated Fault Classification — Applications

of the nine fault cases, including the fault combinations. Another data set was
acquired for validation. Table 14 shows the classification results for the train-
ing data set as well as for the validation data set, in the case of four and five
sensors (two and three output signals). With averaging, the rate of wrong
classifications is reduced to zero for the fault sze 30%. For the faults of size
20%, the rate of wrong classification is still low in the case of five sensors.

Table 14: Rate of wrong dlassficationsfor HCM2Neuro clusterswith single and S-
mul taneous faults. The faults of sze 30% are used for training, the faults of size 30%
and 20% ar e used for validation. The number of sensorsiseither 4 or 5. Table cell
contents:. rate of wrong classifications.

fault | traning data set, validation data st, validation dataset, " online”,
size |offling no averaging | offline, no averaging | averaging over 5 seq./cycle

4 ensors 5senors |4 sensors 5 sensors |4 sensors . 5 sensors

20% 15.9% 2.3%
30% | 3.8% 3.4% 5.1% 4.0% 0% 0%

The same data sets are used for training and checking vector clusters, where
eight vectors represent each fault case (without the nominal case). The results
are shown in Table 15. By using five sensors, the rate of wrong classifica-
tions is reduced to zero with averaging. In those cases, both the faults of size
30% and the faults of size 20% are classified well.

Table 15: Rate of wrong classficationsfor vector clusterswith single and smultane-
ous faults. The faults of size 30% are used for training, the faults of size 30% and 20%
are used for validation. The number of sensorsiseither 4 or 5. Table cell contents:
rate of wrong classifications.

fault | training data set, validation data set, validation dataset, " online”,
size |offling no averaging | offline, no averaging | averaging over 5 seq./cycle

4 ensors 5senors |4 sensors 5 sensors |4 sensors . 5 sensors

20% 18.2% 0%
30% [10.1%  3.4% 131% 5.9% 5.8% 0%
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The diagnosis system of Chapter 5 is realized by a software tool written in
MATLAB®. The software tool includes the training procedure as well as the
online operation and provides a graphica user interface (GUI). The software
verson presented here has been adapted to the data of the IMRT test bench
(cf. Section 6.3 and Chapter 12). The results of Section 6.3 were obtained by
using this software version.

At startup, the software tool displays the main pand (Fig. 51), which contains
the schematic diagram of the heat pump. First, the classification system has
to be trained, as described in Section 7.1. This pand will then be used to dis-
play the classification results for online diagnosis (cf. Section 7.2).

7.1 Training Procedure

The training software needs three definition files containing information
about the application under investigation:

e A filedefining the modd structure (according to the structure matrices of
Section 5.2; for the IMRT test bench the full structure is defined)

e A file defining the names of the training data files which contain the
measured data sequences (‘cut datafiles’). A list contains al file names
for each fault case (‘fault file list’). Severa lists can be defined, for ex-
ample for various fault sizes.

e A file defining the measured signals, which are contained in the columns
of the training datafiles.
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Fig. 51: Main pandl.

By pressing the button ‘properties on the main panel and then the button
‘train new’ on the subsequent panel, the training pand of Fig. 52 is activated.
On the schematic diagram of the heat pump, al sensors are displayed which
are installed on the test bench. A subset of the signals can now be selected by
the user from this initial sensor configuration. Here, the three output signals
T4, To, and Ty are selected by the corresponding check boxes. The software
tool automatically reduces the modd structure defined above to the selected
output signals by using the method of Section 5.5.2. The two input signas

Ty, Ty arerequired for al submodel selections.
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Fig. 52: User interface panel for training. The output signals are selected with check
boxes and the classfication system is automatically trained (* Sart Training’) and

stored (in ‘class _new).

The properties for the training procedure are defined in Fig. 53. Pressing the
button ‘run definition files' causes the three definition files to be read. A list
of training datafilesis selected (‘ select fault filelist’), and the settings are de-
fined for each training step. In the first paragraph, the length of the data se-
guences (in minutes), a minima data sequence length and the sequence type
(‘off-on’) is selected. Data sequences that are shorter than the minimal length
are not evaluated at all. If the length of the datais chosen to be constant (here
10 minutes), then the data sequences are cut to this length.
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Fig. 53: Training properties.

In the next paragraph, the modd structure is selected. If the check box ‘man-
ua signal selection’ is checked, the model error charts (cf. Section 6.3.4) are
displayed and the user may select the appropriate submodels (or the corre-
sponding output signals, respectively) and their model approaches. The soft-
ware suggests the moded approaches with the lowest errors. If the errors of
both approaches are higher than a given limit (‘model error limit’, here 0.2),
then the corresponding submodel is suggested to be eliminated. If the check
box ‘manual signa selection’ is not checked, then the suggestions are auto-
matically adopted.
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In the next paragraph, one of the clustering algorithms of Section 5.4 is se-
lected and the corresponding cluster parameters are defined (cf. eg. (26) on
page 67, eg. (28) on page 68, eq. (32) on page 70). The additional cluster pa-
rameter ‘default fuzzy rule weight’ is used for the HCM2Fuzzy type. For
classifying data points ‘outsde’ of the trained clusters, an additiona default
rule is defined, which can be weighted. Usually al these parameters do not
need to be changed, since the default values are chosen by experience. If the
check box ‘create vector clusters from neuro cluster centers’ is selected, the
vector clusters of Section 5.6.2 are created using the centers of the
HCM2Neuro, FCM2Neuro or PFCM2Neuro clusters.

In the last paragraph, the settings for the classification checking algorithm are
defined. By default, the checking algorithm described in Section 5.4.4 is used
(‘relative checking').

By pressing on the ‘ Start Training’ button of the training pand (Fig. 52), the
training steps are automatically executed:

e Themodd structureis reduced to the selected output signas.

e Thesubmode parameters are identified for each training data sequence
of all fault cases. The modd errors are then calculated for the different
model approaches (static or 1% order ARX models).

e For each submodd, the best approach is selected by comparing the
model errors. Submodels with high model errors are eiminated.

e Using theidentified parameters, the fault clusters are built using the
methods HCM2Fuzzy, HCM2Neuro, FCM2Neuro, or PFCM2Neuro.

e Thevector clusters are optionally built from the standard cluster centers.
e Theresulting classification system is checked by the training data.

After the training procedure, the resulting classification system is stored in a
file (‘class_new’ according to Fig. 52). It is then used for the online diagnosis
described in the next section.

7.2 Online Diagnosis

After the training of the classification system, it is gpplied to the online data
from operation. Therefore, the online fault diagnosis steps of Section 5.7.1
are executed repetitively for each data sequence.
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7.2.1 Propertiesfor Online Diagnosis

The classification system is selected from a list of trained systems (Fig. 54,
‘classification system’). For online diagnoss, the averaging method of Sec-
tion 5.7.2 is used. Therefore, the number of averaged data sequences per cy-
cle has to be defined in the ‘classification settings . Additionally, the false-
alarm tuning parameters, such as the nominal weighting factor for standard
clusters and the minimal fault grade for vector clusters are defined (cf. Sec-
tion 5.7.4). The maximum fault grade is used for scaling the fault grades (cf.
Section 7.2.3) and trend charts (cf. Section 7.2.4).

<} Dnline FuzzyWatch - Properties o ] 54

Clazzification System

Mame I clazz_new - I

Edit... | TrainNew...l Delete I
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Wector clusters: Marimurm fault grade |25—

[ Plot log data and simulation outputs

File paths

Faw files: I c:hzogatdiagnosisiLogFiles\W ark,

Cutt files: I c:hzogatdiagnosizifuzzywatchiDataPruetst CutFilesiy 2

Clazz. data: I c:hzogatdiagnosizifuzepwatchhDataPruetfsthh ar

(1] 4 | Cancel |

Fig. 54: Online diagnosis properties.

Now, the classification system is selected and the properties are defined. The
next sections will show how the measured vaidation data will be classified
sequentially for each cycle containing five data sequences each.

7.2.2  Sequential Classification with Standard Clusters

For the following evaluations, the same HCM2Neuro classification system
and the same data sets are used as in Section 6.3.6. In Fig. 55, vdidation data
of the fault case 3 (evaporator fouling, cf. Table 10 on page 116) is evaluated
using the trained classification system.
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Fig. 55: HCM2Neuro classification results with validation data for fault 3, mean val-
ues of the membership grades for one cycle. White indicators for faults4 and 5 =

mi nimum member ship grades (set to 0), black indicator for fault 3 = maximum mem-
bership grade (set to 1), gray indicator for fault 2 = low member ship grade

Here, the membership grades are averaged over five sequences for one sam-
ple cycle. These grades are visuaized with the shading of the indicators for
each fault case (dark shadings for high membership grades). The indicators
show that fault 3 is classfied correctly with a maximum membership grade.
Since faults 2 and 3 have similar effects on the signals, both fault cases have
been ‘activated’, but fault 2 has a significantly lower membership grade.
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Fig. 56 shows the membership grades for each data sequence of the cycle
above. The five rows correspond to the fault cases while the five columns
correspond to the sequences. The additional column displays the mean val-
ues. Again, dark shadings indicate high membership grades. With one excep-
tion, al sequences have maximum membership grades for fault 3. Only one
sequence is classified wrong (“outlier”), but with regard to the mean values,
the classification is correct.
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Grades for each sequence of last cycle: Mean:

Fault 1
naminal

Fault 2
reduced brine
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Fault &
condenzer
fouling
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Fig. 56: HCM2Neuro classification results with validation data for fault 3, member-
ship grades for each sequence (5 sequences, 5 columns) and mean values of the whole
cycle (last column). White indicators = minimum membership grades (set to 0), black
indicators = maximum member ship grades (set to 1), gray indicators = membership
grades inbetween

7.2.3  Sequential Classification with Vector Clusters

For the following evauations, the same vector classification system and the
same data sets are used as in Section 6.3.7. In Fg. 57, the vdidation data of
fault case 3 (evaporator fouling) is evaluated using the trained classification
system.
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Fig. 57: Vector classification results with validation data for fault 3, mean val ues of
the member ship grades and fault grades for one cycle. White indicators for faults 2, 4,
and 5 = minimum member ship grades (set to 0), black indicator for fault 3 = maxi-
mum member ship grade (set to 1), height of the white bar for fault 3 = fault grade
0.96

The membership grades as well as the fault grades are averaged over five se-
guences for the same sample cycle. The membership grades are visualized
with the shading of the indicators (dark indicators for high membership
grades), whereas the fault grades are visualized with white bars in the fore-
ground (cf. fault 3in Fig. 57). The height of the white bar displays the size of
the fault.
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The fault diagnosis system directly locates the faults. Nevertheless, a two-
step display with a fault detection view and a fault localization view is useful
in practice. By pressing the button “ Detection/Locdization”, the view can be
changed (Fig. 58).

<} Online FuzzyWatch

Online Fuzzytdatch color = membership grade:
height = tault grade

Fiead log data from files: |Fehler20\VaIid\‘MiB“ jJﬂ

Properties...l Detection/Lacalization | Sequences.

Start | Mext Cycle | Stop | Trend Charts.. | Fieset Chartsl

Fig. 58: Classification results with validation data for fault 3, fault detection
view. ‘Sate’ isblack = thereis a fault present.

In the detection view, the ‘state’ of the machine indicates whether or not
there is any fault present (dark indicator). The ‘stat€’ is given by the maxi-
mum of the membership grades for the current cycle (according to the mean
values of Fig. 57, hereit is given by the membership grade of fault 3).
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Fig. 59 shows the membership grades (shadings) as well as the fault grades
(height of the white bars in the foreground) for each data sequence of the cy-
cle above. A fault grade of 1 means that the current fault has the same size as
the fault that has been trained. The rows 2..5 correspond to the fault vectors
while the five columns correspond to the sequences. The first row with the
nomina case is not used here, because the fault vectors are only defined for
the fault cases 2..5 (cf. Section 5.6.2).
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Fig. 59: Vector classification results with validation data for fault 3, membership
grades and fault grades for each sequence (5 sequencesin 5 columns) and mean val-
ues of the whole cyd e (last column). White indicators = minimum membership grades
(set to 0), black indicators = maximum membership grades (set to 1), height of the
white bars = fault grades (axis |abels on the | eft)

In the additional column, the mean values are displayed. Here the mean val-
ues as well as all sequences have maximum membership grades for fault 3
(dark shadings). Thus, the mean values aswell as all sequences are correctly
classified. With one exception, al other membership grades are set to zero,
because their fault grades are lower than the minima fault grade (cf. Section
5.7.4).
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7 Software FuzzyWatch

724 Trend Charts

The progression of the faults are visualized with trend charts (Fig. 60), where
the mean values of each consecutive cycle are plotted. Here, an increasing
size of fault 5 (condenser fouling) is recognizable, while fault 4 (reduced wa-
ter mass flow) is only slightly ‘activated’. For plotting the charts, the fault
grades (fault sizes) and the membership grades (fault probabilities 0..1) are
combined in one graph by multiplying them. Optionaly, they can be dis-
played in two graphs. The maximum fault grade defines the range of the fault
Size axis, whereas a fault grade of 1 corresponds to the size of the trained

fault (maximum fault grade = 2.5, cf. settings shown in Fig. 54).

%} Online FuzzyWatch - Trend Charts

Mean gradesz for each cycle:

Fault 1
nominal

Fault 2
reduced brine
mazz flow

Fault 3
evaporator
fauling

1.2

1.2
0.5
0.4

Cycles -»
* membership grades
o fault grades
[+ Multiply fault grades with membership grades
Cycles -»
------------------------------ = Y e
.............................. - 2.---.______.---______-----_____
______________________________ | Fault 4 P
reduced water -
"""""""""""""""" . maze flow
e e e e e e e S == ]
______________________________ | Fault 5
condenzer
"""""""""""""""" ] fouling
nnnnnnnnnnnnn

1]

ST N e e A e W W

Load... | Save... |

Close |

Fig. 60: Trend charts for validation data of fault 5 with an increasing fault size (axis
label s on the left). Each point (circle) corresponds to one cycle mean val ue, the fault
grades are multiplied by the member ship grades.
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8 A Fault Diagnosis System with Steady-Sate
Parameter |dentification — Theory

This diagnosis system is based on the identification of the parameters and
characteristics of the machine (Fig. 61). Temperature signals, pressure signals
and an additional electric power signal are measured. No mass flow sensors
or heat flow sensors are needed, which helps to reduce the costs.

' on-off control

heat pump
refrigerating machine

temperatures, pressures
electric power

diagnosis system HeatWatch

physical model (steady state)

parameters characteristics
*heat transfer *COP
parameters sexergetic
*mass flows efficiency
scompressor *heat flows

characteristics
sexpansion valve
characteristics

Fig. 61: The schematic representation of the fault diagnosis system called Heat\Watch.

8.1 Concept

During the operational phase, the diagnosis system of this chapter identifies
the current parameters and compares them to certain reference parameters
(Fig. 62, right side and Section 8.1.2). The reference parameters are identified
in an initialization step before or at the beginning of the operational phase
(Fig. 62, left side and Section 8.1.1). Section 14.1.2 describes the details as to
when this initialization step has to be carried out. Otherwise no training is
needed, since no classification of the faultsis trained. In particular, no data of
any fault caseis required for training.

139



8 A Fault Diagnosis System with Steady-State Parameter |dentification — Theory

Initialization Operation

nominal data
(without any faults)

1

\
reference reference
parameters K parameters K. o
deviation
|
e — fault
current
arameters «(i
p (iseq) |

data of sequence i,

1

Fig. 62: Initialization and Operation

811 I nitialization

The same procedure as in Section 8.1.2 is used to identify a reference pa-
rameter set K« from nomina (fault-free) data. Therefore, the heat pump has
to be run at one operating point until a (quasi) steady state is reached. In or-
der to improve the reiability, more than one parameter set may be identified
at the same operating point or at varying operating points. These parameter
sets are then averaged for defining the reference parameter set.

8.1.2 Operation

During operation, the heat pump is switched on and off, which results in the
data sequences isy With a duration in the range of 10 minutes up to severd
hours. A sample signa y; for one on sequence is shown in Fig. 63. For diag-
nosis, the steady-state value of the signa is used only. Since the steady state
Is not reached within a data sequence of finite length, the quasi steady-state
value Y « IS evaluated instead. For the evaluation in steady state, the current
operating mode is important only (here ‘on’), but not the operating mode in
the past (here ‘off’). Therefore the sequence is only specified by the current
operating mode (here ‘ on sequence’).
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8.2 Modeling and Parameter Identification

(quasi) steady
state Yy, s \

>

signal y;

L\ off

- — > >
time

on-sequence |

seq
Fig. 63: Sep response and steady-state value for one signal during the sequence iy,

The (quas) steady-state values Y «(isq) Of all measured signas are detected
and used to identify the parameter set x (i) Of a steady-state heat pump
model (cf. Section 8.2). The parameter set x (ise) IS compared to the refer-
ence parameter set x;«. From the parameter deviations, the faults can be in-
terpreted by the user (cf. Section 8.5).

8.2 Modeling and Parameter |dentification

The model has been developed for a heat pump with an interna heat ex-
changer (Fig. 64), which can either by an air-to-water heat pump or a brine-
to-water heat pump. The equations of this section are valid for al types of
heat sources. Here the normal operating mode (‘on’) is handled only. There-
fore no hot gas defrosting cycle has to be modelled in the case of an air-to-
water heat pump.

821 SensorsRequired

Due to the physical steady-state mode presented in the next section, seven
temperature signas (T;), two pressure signals (p;), and one power signal (Pup)
has to be measured (list (56)). The locations of the corresponding sensors are
displayed in Fig. 64.

lTov Th Tsc Ts,i Ts,o Tw,i Tw,o plp php I:)HPJ (56)

In standard commercial heat pumps, four temperature sensors Tg;, Tso and Ty
Two & the heat source side and at the water side are already installed. The
other temperature sensors T,, (superheating temperature), T,y (hot gas tem-
perature), and T (subcooling temperature) have to be mounted in the refrig-

g
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8 A Fault Diagnosis System with Steady-State Parameter |dentification — Theory

erant cycle. Additionally, two pressure sensors are required, which measure
the low pressure signal p;, and the high pressure signd py,. Here, these pres-
sures are assumed to be measured before and after the compressor. Finally,
the electric power consumption of the compressor is measured in order to

calculate the refrigerant mass flow.
These eleven signals will be used in the steady-state equations of the next

section. Only their values in (quas) steady state are thus used. A method for
detecting steady state is presented in Section 8.3

TW’i m*W Tw,o
—.—}
T -FW
Te Thg
condenser
php
I:’HP
internal compressor
heat exchanger 0
TSC -IT ov "
L T ; Py
liquid T, % i m*
Xvalve
expansion
valve
evaporator
L ' .Fe
T, 4-‘
l @
Ts,o m*s Ts,i

Fig. 64: A heat pump with aninternal heat exchanger.
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8.2 Modeling and Parameter Identification

8.22 Steady-State Equations

The modd is directly built for steady-state condition. The energy balances
are defined for the evaporation process in the evaporator and the interna heat
exchanger (eq. (57)), for the superheating process in the interna heat ex-
changer (eg. (58)), for condensation (eg. (59)), for the subcooling process in
the internal heat exchanger (eg. (60)), for the heat source side (eg. (61)), and
for the heat sink side (eg. (62)). All terms represent heat flows.

My - T(Pip) = KA(Ts — Te) + KA o(Tee — Te) (57)
My - Cov * (Tow = Ta (Pip)) = KAne v (T — Tov) (58)
My - 1(Php) = KA (Te = Tw) (59)
M - Cox - (To (Php) = Tee) = Kre.ov (T = Tov) + KArg, e(Tee — Te) (60)
KA(Ts = Te) = Mg - Cs - (Tsj —Ts o) (61)
KA(Te = Tw) = My - G- (Tuo = Tow) (62)

All the temperature signals T, are measured by the sensors of Section 8.2.1,
and the mean temperatures T are calculated from the measured signals (see
below). Also the low pressure signa py, and the high pressure signd py,, are
measured. The mass flows, such as the refrigerant mass flow m’,, the source
mass flow m's, and the water mass flow m,, are not measured. The heat
transfer parameters kA;, which are the product of the heat transfer coefficient
k: and the heat transfer area A;, are unknown.

The latent heat of vaporization r(p;), the bubble-point temperature Ty(p;), and
the dew-point temperature Ty(p;) are given by the refrigerant data equations
(cf. Section 11.1.11). The specific heat capacities C, are either calculated
from refrigerant data or regarded as parameters. For calculating the mean
temperatures, the arithmetic mean vaues are used (egs. (63) to (66)).

— T +T,
T, = q(py p2) ov (63)
— T + T,
Tsc _ b( php2 ) C (6 4)
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8 A Fault Diagnosis System with Steady-State Parameter |dentification — Theory

— Tgi +T

Ts _ S, S,0 (65)
2

— Ty +T

Tw= W, > Ww,0 (66)

The evaporation and condensation mean temperatures are calculated from re-
frigerant data, using the mid-point temperatures T.,(p;)-

Te = Trn(Pip) (67)

Te = Trn(Php) (69)

Since the sx steady-state equations (57) to (62) have seven unknown
parameters m; and kA, one parameter has to be calculated first. Here the
refrigerant mass flow m, is calculated from the power input Pyp of the
compressor (eg. (71)) by using the difference between the hot gas enthalpy
hng (9. (69) with the hot gas temperature Tpg and the high pressure py,) and
the superheating enthalpy h, (eg. (70) with the superheating temperature T,
and the low pressure p;y). The eectro-mechanical efficiency ¢, may be
regarded as a scaling factor for the mass flow m,, thusit is sufficient to use
an approximative value.

hng =N"(Php) + Cng (Thg — T (Php)) (69)
hov = h"(Pip) + Cov (Toy = Ta (P1p)) (70)
* P
m = NempFHP (71)
hhg —hgy

Alternatively, the mass flow m, could be calculated from the pressure rise
(Pno-Pip) Over the compressor. But then the mass flow characteristics of the
compressor would be needed, which are not known exactly because of the
rather high variationsin the data of individual compressors of the same type.
By measuring the power input, the compressor characteristics are not used.

8.23 Linear Regresson Form

With the known refrigerant mass flow m ,, the steady-state equation system
(57)..(62) is transformed into the linear regression form (eg. (72)), with the
known output vector y (eg. (73)), the known regression matrix ¢ (eg. (74)),
and the unknown parameter vector x (eg. (73)).
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8.3 Seady-Sate Detection

y=¢-x (72)
m:'r(plp) kA, ]
My - Cov - (Tov = Ta (Pip)) k%k&ov
m, - Ce - (T, -T .
r * Csc (bo(php) ) m*s
0 L M
Ts-Te 0 0 Tg-Te 0 0
0 Tg—Toy 0 0 0 0
0 0 T, - 0 0 0
0= — — ‘== (74)
0 Tg-Toy 0 Tge-Te O 0
e 's 0 _0_ 0 Cs(Ts,i _Ts,o) L 0
L 0 0 Tw—Tc 0 0 CW(Tw,o _Tw,i )_

The parameters x are identified therefrom in the next section.

8.2.4 Parameter |dentification

The parameters are identified using the (quasi) steady-state values of the sig-
nals. Before evaluation, the signals are averaged over a certain number of
samples during a so-called ‘ steady-state interval’ in order to minimize the ef-
fect of noise. Thus, for calculating all variablesin ¢ (eg. (74)) and y (eqg.
(73)), the mean values of the signals are used, which results in eg. (75). The
matrix ¢ isthen inverted in order to identify the parameters x (eg. (76)).

Yy=0 K (75)
k=97 (76)

The detection of the steady-state interval will be discussed in the next sec-
tion.

8.3 Steady-State Detection

The seady state is elther detected by calculating the derivative of a character-
istic signal or by using a fixed steady-state time.
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8 A Fault Diagnosis System with Steady-State Parameter |dentification — Theory

Detection by calculating the derivative. A characteristic signa x with a
sow transient is chosen for steady-state detection. For the application | in
Section 9.1, the hot gas temperature Ty is chosen (cf. Fig. 65). Apparently,
the signa is superposed with oscillations, due to the ‘hunting effect’ of the
thermostatic expansion valve.

The steady state is determined by the derivative dx/dt of the detection signal
X. A signal containing disturbances (as the oscillations in Tpg) or noise first
has to be filtered (eq. (77)), whereas for that application a low-pass Butter-
worth filter of order 3 is selected (eg. (78)) (for time-discrete systems, cf.
[Geering 01]). The system is in (quasi) steady state, if the derivative dx/dt of
the filtered signal x is lower than a given limit dx;,; during the time interval
(tss. . . tes+ Atsy).

X¢(9=H(29)- X(2) (77)
+b,zt +,z7% +b, 23
H (Z) — b_l. 2 — b3 — 4 — (78)
l+ayz " +a,z “+ a3z
dx (t)
" < Xt t€ (teg.. tes + Alg) (79)
1
X
B
(7]
5 (quasi)
‘8’ steady
[ state
©
0 |
time tss tss+Atss

Fig. 65: Detection signal and (quasi) steady-state interval. Sample signal: hot gas
temperature.

Fixed steady-state time. A much simpler approach works with a fixed
steady-date time tss. With this method, the filtering and the calculation of the
derivative is omitted and the results are even more reliable. But the steady-
state start time ts has to be chosen very carefully by observing relevant data
sequences before.
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8.4 Additional Parameters and Characteristics

Typicaly, the duration of the steady-state interva Aty is about 10%-30% of
the length of the data sequences, depending on the duration of the transient
part of the signds. Especially if there are oscillations in the signals and if the
signals are not filtered, the interval should include severd periods of these
oscillations.

8.4 Additional Parameters and Char acteristics

From the identified parameters x (eg. (76)) and the measured signals, addi-
tional parameters and characteristics of the heat pump are calculated. The pa-
rameters of the compressor, such as the polytropic exponent c.,, and the
mass flow supply efficiency A, are calculated by egs. (80) and (81), with
Nemp @S the given compressor speed and by, as agiven characteristic parame-
ter.

log(Thg /T,
Comp = o( hg ov) (80)
Iog(php/ plp)
m*
Aemp = f (81)

b
Nep - (Php/ Pip) ™

The valve constant ke, (€g. (82)) and the superheating AT, (eg. (83))
characterize the expansion valve.

*

my

Kexp = F—— (82)
v Pnp — Pip
AToy =Tov = Ta (Pip) (83)

All the heat flows that are represented by the terms in the system (57)..(62)
can be calculated, if the parameters kA, and the mass flows m’; are known.
Egs. (84) and (85) show two examples for the heat-source heat flow Q s and
for the heat-output heat flow Q p, Which are calculated by using one of the
corresponding terms.

Qs =mic,(Ty ~Too)= kAT -Te) (84)

Q*HP = Q\jv = m\’:vg(-rw,o _Tw,i )= kAc(-ITc _-ITW)= m:r(php) (85)

For the overall energy baance of the heat pump, condition (86) is to be ful-
filled. By expressing Q 1p, Pup, and Q' in terms of m, and then dividing by
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m’,, this condition leads to eq. (87). Thus, the heat capacities ¢ and c,,
cannot be chosen arbitrarily, but they have to fulfill eq. (87). Here, c,, is
calculated from refrigerant data and eqg. (87) is solved for c. .

Qtip = TompPp + Qs (86)

r(Php) = (Mhg —Moy) + 1 (P1p) — Csc (To(Prp) = Tee) + Cov (Toy — Ta (P1p))  (87)

Other heat pump characteristics, such as the coefficient of performance
COPyp (eg. (88)) and the exergetic efficiencies g (eg. (90), [Kuijk 96]), are
also calculated. The Carnot coefficient COPcynqt IS €ither determined by the
source and water temperatures (Ts, Ty, index sw), or it is determined by the
evaporator and condenser temperatures (T, T, index ec).

COPyp = Qup (88)
Pp
T, T,
COPCarnot,SN - = COI:’Carnot,ec =—~t— (89)
Ty —Ts To—Te
COPR, COR,
Eqy = HP Eec = HP (90)
COI:)Carnot,SN COI:)Carnot,ec

Using the mass flow m',, from steady state, the heat output Q p(t) can also
be estimated for the time interva before steady state (eq. (91)). During the
data sequences the mass flow m ,, through the circulation pump is amost
constant.

Qtip (1) = My (T (1) = Twi (1) (91)

Thus, the energetic efficiency PF is given by eq. (92) for a sequence of the
duration At

Atseq
[ Qe

seq) = Lt:::q
J Ppt)et

t=0

PF (At (92)
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8.5 Interpretation of the Parameters

8.5 Interpretation of the Parameters

From the deviations between the current physica parameters x and the refer-
ence parameters k4, the corresponding faults are interpreted by the user.
Table 16 summarizes the interpretations of the changed parameters. There are
eleven parameters that are used for fault diagnosis. The characteristics &, and
& inthelast row are used for fault detection.

Table 16: Changed parameters of the steady-state model and corresponding faults.

changed parameter description fault interpretation
parameter(s) (in brackets: for air-to-water heat pump)
KA. evaporator heat transfer evaporator fouling (icing)
internal heat exchanger: internal heat exchanger fouling
KAneer evaporation heat transfer,
KAne.ov superheating heat transfer
KA. condenser heat transfer condenser fouling
m, water massflow water cyclefouling, water pump mal-
function
ms source mass flow source cycle fouling, source pump md-
function (air channel fouling, air fan mal-
function)
m, refrigerant massflow refrigerant line restriction, leakage
COMpPressor: compressor ma function
Cemp: polytropic exponent
Acmp mass flow supply effi-
ciency
expansion valve: expansion valve mafunction
e opening
ATy, superheating temp. diff.
exergetic efficiency: used for fault detection
Esn source-to-water (at least one of the faults aboveis pre-
Eec evaporator-to-condenser sent)
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8.6 Gradual and Simultaneous Faults

Because of the physical nature of the parameters, gradua and even smulta-
neous faults can be recognized in a straightforward way. Gradua faults result
Iin a varying size of the corresponding physical parameters. For example, an
increasing fouling of the evaporator results in a decreasing vaue of the heat
transfer parameter kA, (cf. Table 16). Simultaneous faults are represented by
changes in severa physica parameters. For example, fouling of both the
evaporator and the condenser results in lower values for both heat transfer pa-
rameters kA, and kA.. In Chapter 9.2 data from the IMRT test bench is used
to test the diagnosis system with single, gradual, as well as simultaneous
faults.

8.7 Online Fault Diagnosis

8.7.1 Diagnosis Steps

The online fault diagnosis system uses the reference parameter values from
initialization and executes the following steps (cf. online software in Section
10.2):

e Online data acquisition and preprocessing. The online datais acquired
for each data sequence. The data of the steady-state interval t... tst Atss
IS stored.

e Parameter identification. The parameters & = [£y,&5,...] areidentified
by the method of Section 8.2.4 and compared to the reference vaues
Kiof = [/(Lref VKD ref J Afterwards, the parameter deviaions Ax; are
scaled by the reference values &« (€0. (93)). A value Ak > 1 indi-
cates a positive parameter change and avaue Ak o< 1indicatesa
negative parameter change.

~ AK, ’2] ~ K ref K
_ | ) _ |
AKi = - - -1 (93)
Ki ref Ki ref Ki ref

e Jatigtical Evaluation. In order to improve the reliability significantly,
the identified parameters of several sequences are averaged (cf. Section
8.7.2).
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8.7 Online Fault Diagnosis

8.7.2 Averaging
Each data sequence isy Yields one parameter set x(isy). Several data se-
quences are combined in one cycle g, (Fig. 66).

cycle iy,

A
s N

off | on |Off | on | Off
H_}
sequence i,

Fig. 66: Cycles and sequences

At the end of each cycle, the parameters are statistically evaluated by eq.
(94), which calculates the mean vaues of the parameters for | sequences.

i cyc)z% lgl’( (s) (94)

8.7.3 Parameter Trend Charts

The cycle mean values of the parameters are plotted in trend charts (Fig. 67).
These trend charts are informative for the progression of each parameter.
With the knowledge of the actual parameters, a condition-oriented mainte-
nance is possible.

Parameter f reference value
(e.9. kKA)

>
Cycle, Time

Fig. 67: Trend chart for one parameter over time, dots= mean val ues of each cycle.
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9 A Fault Diagnosis System with Steady-Sate
Parameter |dentification — Applications

Data was acquired from aresdential building at Barzheim (Switzerland) and
from the test bench at the Measurement and Control Lab (IMRT). An over-
view isgiven in Table 1 on page 29 (column HeatWatch).

9.1 Datafrom Residential Building (Application 1)

The diagnosi s system has been tested with nomina data of one heating period
(1998) from the residentid building at Barzheim with an ar-to-water heat
pump (cf. Fig. 64 on page 142 and Fig. 84 on page 174). Seven temperature
sensors, two pressure sensors, and one electrical power sensor are used (list
(95)), whereas the electrical power is measured by acommercia low-cost en-
ergy counter.

lTov Thg Tsc Ts,i T, Tw,o plp php PHPJ

S,0 T
=[T3 Ta T Tg T2 Tio Tg P Prp PHP]

Wi

(95)

The durations of the ‘on’ data sequences typicaly vary between 60 and 90
minutes (between the defrosting sequences). The duration of the steady-state
interva At is chosen to be 20 minutes, whereas the steady-state starting time
tss ISautomatically detected (cf. Section 8.3). With a sampling time of 10 sec-
onds, 120 samples are averaged during the steady-state interval.

Within each day of the heating period, the parameters are identified for all
data sequences (mode on). The relative standard deviations of the eleven pa-
rameters are shown in Fig. 68 for each day. They are below or around 10%
for seven parameters (KAe, My, M, Compy Acmpr ATow Keg), DElOW 20% for
three parameters (KAne o KA, M 2), while only one parameter (kAo reaches
the 20% mark.
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standard deviations for each day

20.0%

175 ] @ 980127
15 oop | W 980129
' 1 0980212
12.5% 1 00980306
10.0% M 080311
7.5% 1 B 980319
5.0% 1 M 980325
2.5% 0 980409
0.0% - U - @ 980416
Y
\39 ‘,‘69 @ g \35’ Sl &60&9 6‘600 o 5’6& @5’& or 7 *—9+Q
Nig &7 < . ,é(‘\ob 66&\

Fig. 68: Rdative standard deviations of the identified parameters for each day.

The relative standard deviations of five characteristics COPyp, COPcarnot aws
COPcarnotecr Eawn Ec &€ ShOwnN in Fg. 69.

standard deviations for each day
20.0%
17.5% 1 0980127
15.0% 1 W 980129
12.5% | 0980212
10.0% 00980306
7.5% | W 980311
5.0% | 0980319
2 50 980325
0.0% - 0980409
3980416
Q g\Q &.ibs 0\' X Q ?§ ég Q'o
Io% & & 9‘/2‘ %
Q 9 Q 9 Q,Q Q;Q
C)O o

Fig. 69: Rdative standard deviations of the coefficient of performance (COP_HP),
the Carnot coefficient (COP_Carnot), and the quality grade (eps HP). aw = air-to-
water, ec = evaporator-to-condenser

Ten additional characteristics are calculated, aswéll:

the energy consumption Ep and the energy output Qup

the energetic efficiency PFyp= Qup/Enp

the energy consumption Eyp ger0g during the defrosting cycle
the operating hours At,, and the defrosting hours Atgesros

the output heat flow Q' p, the source heat flow Q' and the heat flows
Q heer Q heov iN theinternal heat exchanger.
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9.1 Data from Residential Building (Application I)

The energetic quantities are integrated over one data sequence, whereas the
heat flows are calculated for seady-state.

The parameter trends within the days are shown in the following figures. The
evaporator heat transfer parameter kA, clearly shows the icing effect (Fig. 70,
scaled to 0..100%). For those days in winter with alow air temperature and a
high air humidity (98-01-27, 98-01-29, ...), the parameter kA, is lower than
for those days in spring with a higher air temperature (98-04-09, ...). The pa-
rameters are identified before the starting of the defrosting cycles. As an op-
tion, the parameter kA, could be used for detecting ice and starting the de-
frosting cycle (cf. Section 14). Whereas the variations between the different
days are high, the variations within each day are low (which is shown in Fig.
68 aso). Fig. 71 shows that the compressor is working with arather constant
efficiency.

scaled evaporator heat transfer param. kA_e ——980127
100% — x —&— 080129
—4— 980212

—¥—
60% 1 980226
—— 980306
40% 7 —+— 980311
——980319

20% 1

—— 980325
0% ‘ * ‘ —— 980409
0 5 10 15 20 | = 930416

Fig. 70: Scaled evaporator heat transfer parameter kA, trends for each day.

scaled compressor supply efficiency lambda_cmp ——980127

100% 2 —=%—980129

mj —a— 980212

80% 1w —%— 980218

60% —K— 980226

——980306

40% —+—080311

——980319

20% ———980325

—®—980409

0% —®—080416
0 5 10 15 20

Fig. 71: Scaled compressor mass flow supply efficiency A, trends for each day.

The variations of the refrigerant mass flow m, is higher than the variation of
the water mass flow m ,, through the circulating pump (Fig. 72 and Fig. 73),
sincem, is controlled by the expansion valve.
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water mass flow mdot_w —e—080127
0.45 —=—0980129
0.35 1 —*%—980218
0.3 1 —%— 980226
0.25 A —&—980306
0.2 1 —+—980311
0.15 A ——980319
0.1 1 ———980325
0.05 A —4—980409
0 \ ‘ ‘ —=—080416

0 5 10 15 20

Fig. 72: Water massflowm ,, in kg/s, trendsfor each day.

. —e— 980127
refrigerant mass flow mdot_r
—a— 980129
0.08
—a— 980212
0.07 1
i X —%— 980218
0.06 X
e ==
0.05 4
—e— 980306
0.04 4
—+— 980311
0.03 4
—=— 980319
0.02 4
—=— 980325
0.01 4
0 —e— 980409
0 5 10 15 20 | —® 980416

Fig. 73: Refrigerant mass flow m’, in kg/s, trends for each day.

Comparing the coefficient of performance COPyp (Fig. 74) with the (air-to-
water) exergetic efficiencies &,, (Fig. 75), the lower variations of &,, are ob-
vious. Thus, the exergetic efficiency can be used for fault detection (decision,
whether or not any fault is present, [Kuijk 96]).

COP_HP —e— 980127
6 —=— 980129

5 ] ——0980212

w —>— 980218
47 W —%— 980226
3 —*— 980306

—+— 980311

2 ——980319

11 ——— 980325

—+— 980409

0 ‘ ‘ ‘ —= 980416
0 5 10 15 20

Fig. 74: Coefficient of performance COPyp, trends for each day.
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9.1 Data from Residential Building (Application I)

) ——980127
quality grade eps_aw
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Fig. 75: Exergetic performance &,, (air-to-water): trends for each day.
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9.2 DatafromIMRT Test Bench (Application V)

The diagnosis system of Chapter 8 was tested with the data of the nominal
case as well as with several fault cases using the IMRT test bench. The soft-
ware of Chapter 10 was used to initialize the diagnosis system and to test the
online diagnosis. The results are significantly improved by averaging over
severa data sequences.

9.21 Configuration of the Test Heat Pump

The modified brine-to-water heat pump of the IMRT test bench introduced in
Section 6.3.1 is also used here. But here other sensors are required, which are
shown in Fg. 76.

T Mi8 T, Mi7
. T —><}—»
(Ta) T3, Prp
condenser
l compr. Pup
Ts . T,

internal
heat exchanger

<

A 4

expansion
valve
evaporator
(Tl)’ plp

Mi5 Mi6 \
L 4

To T11

Fig. 76: The modified brine-to-water heat pump, with additional valves (Mi5...Mi8),
temperature sensors (T;), pressure sensors (p;) and an eectrical power sensor (Pyp).
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9 A Fault Diagnosis System with Steady-State Parameter |dentification — Applications

Nine temperature sensors, two pressure sensors, and one electrical power
sensor are used (eg. (96)), whereas the electrica power is measured by a
commercial low-cost energy counter. The additiona sensors T, and T, re-
place the calcul ated temperatures Tq(pip) and Tp(prp) (cf. Section 8.2.2). With-
out a significant decrease in the diagnosis quality, they can be eliminated,
which reduces the number of temperature sensors to seven, as described in
Section 9.1.

lTov Thg Tsc Ts,i Ts,o TW,' Tvv,o qu php I:)HP Td(l%) Tb(php)J

(96)
=[T2 T3 T6 Tiu Tg T, Tio Pp Pp Rp T T4]

The durations of the data sequences typically vary between 10 and 30 min-
utes. Here, a fixed steady-state starting time at ts = 9 minutes and a steady-
state interval duration of At = 1 minute are selected (cf. Section 8.3). With a
sampling time of 1 second, 60 samples are averaged during the steady-state
interval.

The five fault cases are listed in Table 10 on page 116. A total of eleven pa-
rameters are identified (cf. Table 16 on page 149). Table 17 shows the four
principal parameters, which are used for interpreting the five fault cases (in-
cluding the nominal case).

Table 17: Principally influenced parametersand corresponding faults in the IMRT
test bench.

changed parameter description fault interpretation
parameter for IMRT test bench

- - fault 1: no fault

m source mass flow fault 2: vave Mi5
evaporator heat transfer fault 3: valve Mi6
m water mass flow fault 4. valve Mi7
KA. condenser heat transfer fault 5. valve Mi8

9.2.2 Diagnoss Results

The diagnosis system was tested for the data of the faults above. During ini-
tidlization, the reference parameters were calculated by averaging them over
five sequences of one nominal data cycle. During online diagnosis, the devia-
tions between the actual parameters and the reference parameters are calcu-
lated. If one parameter has a significantly higher deviation than all other
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9.2 Data from IMRT Test Bench (Application 1V)

eleven parameters, the corresponding fault is diagnosed. Thus, the diagnosis
quality is checked by counting the number of wrong diagnosis results.

Table 18 shows the rate of wrong diagnosis results for different validation
data sets with averaging (cf. Section 8.7.2). For each cycle, the identified pa-
rameters of five data sequences are averaged. In the left column, the results
for single faults are listed for different fault sizes. For the sizes 20% and
30%, the number of wrong diagnosis results is zero with the data used. Small
faults (size 10%) are harder to distinguish from the nominal case because the
parameter deviations are small, whereas large faults (size 50%) produce large
deviations in all parameters. Therefore the localization of the fault is more
difficult. But in generd, the system is able to diagnose gradual faults very
wdll.

Table 18: Rate of wrong diagnosis results with single and smultaneous faults of dif-
ferent sizes.

fault “onling” validation
size averaging over 5 sequences
single faults single faults

+ simultaneous faults

10% 1/31=3.2%
20% 0/24 = 0.0% 1/44 = 2.3%
30% 0/31=0.0% 0/52 = 0.0%
50% 2/19 = 10.5%

The fault diagnosis system was aso checked with simultaneous faults, which
Is shown in the right-hand column of Table 11. Data of nine fault cases, in-
cluding five single faults as well as four combinations of two smultaneous
faults were acquired (cf. list on page 125). For the faults of size 20% and
30%, the diagnosis quality is high.

For fault detection, the exergetic efficiencies &, and & are used. An even
better indicator is definded by Axq. Which is the maximum of al parameter
deviations. If the maximum deviation Ax.y 1S high, a fault must be present.
A false alarm occurs if Axquy 1S high, even if no fault is present. With the
validation data of the nomina case, no false alarms have occurred.
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10 Software HeatWatch

The diagnosis system of Chapter 8 is realized by a software tool,
written in MATLAB®. The software tool includes the initialization
procedure as well as the online operation, and provides a graphical
user interface (GUI). The software tool has been adapted to the data
of the IMRT test bench (cf. Section 9.2 and Chapter 12).

At startup, the software tool displays the main panel (Fig. 77), which
contains the scheme of the heat pump. First, the classification system
has to be initialized, as described in Section 10.1. The pand then
serves to display the classification results for online diagnosis (cf.
Section 10.2). All parameters are described in Table 16 on page 149,
whereas in the software the following symbols are used:

KA e= KA. C_CMP = Cenp

KA _he e= kApee lambda_cmp = Acny
KA_he ov = KAneov K_exp = kegp

KA c= KA . dT_ov = AT,
mdot w=m,, (COP_HP = COPyp)
mdot_ s= m’s epS_SW = &,

mdot r = m, EPS_€C = &
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10 Software HeatWatch

<} Online HeatWatch ;IEI ﬂ

Cinline Heatvw'atch height = deviation
Riead log data from fles:  [Fehler@0aidyMie* =l ] x|
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Start | [ext Cocle | Stop | Trend Charta...l Rezet Ehartsl
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Fig. 77: Main pandl.
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10.1 Initialization and Properties

10.1 Initialization and Properties

By pressing the button ‘ properties on the main panel, the properties
panel of Fig. 78 is activated. The diagnosis system is initialized by
pressing the button ‘ Set parameters of current cycle as reference’ on
this panel. Therefore, the current parameters are stored in the refer-
ence parameter file. During operation, the actual parameters are
compared to the reference values loaded from this file. For online di-
agnosis, the number of averaged data sequences per cycle is defined
(cf. Section 8.7.2).

<} Online Heat¥Watch - Properties o [m] S

Scaling

Reference parameter file: scale_nambiain

Set parameters of curent cycle az reference |

|dentification and Evaluation

Murnber of zequences per cycle: I 5

[™ Plat log data
[ Digplay identified parameters for each segquence
[~ “white bt files with results for each cucle [Excel)

File Paths

Faw fles: | o hzogghdiagnozizhlogfleshart,

Data files: | c:hzogghdiagnosizhheatwatchdatapruefsty

Ok | Detailz... | Cancel I

Fig. 78: Properties and initiali zation of the diagnosi s system.

Optionally, more detailed properties may be defined on the pand in
Fig. 79 (activated by pressing the button ‘details in the panel
above). In the first paragraph, a minimum duration of the data se-
guences is defined. In the next paragraph, either an automatic steady-
state detection is selected (by selecting the corresponding check box)
or afixed steady-state time is chosen (cf. Section 8.3). For an auto-
matic detection, the detection signal x is chosen and the derivative
limit dx;; is defined. Else, the steady-state end time (st Atsg) and
the steady-state interval duration At is chosen.
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<} Online HeatWatch - Properties - B [m] S|
Log Data
Minimal data length [min]: | 1
[ Steadw State Detection
[Detection signal number: I 3
[Derivative limit for detection signal: I 0.00035
Steady state end time [min]: I 10
Steady state interval length [min: I'l—
Parameter dizplay zcalings: deviations for full scale
ke I 1 C_cmp I 1
ks he e I 1 lambda_cmp I 1
ks _he_ov I 16 k_exp I 1
bt I 1 dT_ow I 1
mdot_w I 05 COP_HF I 1
mdaot_z I nge Bps_sW I 04
mdot_r I 1 EpE_EC I 03
(] I Cancel I

Fig. 79: Detailed properties for steady-state detection and visuali zation.

For the online diagnosis described in Section 10.2, the parameters
are displayed with bars, the heights of which indicate the deviations
of the parameters from their reference values. In the last paragraph of
Fig. 79, the scalings of these parameter displays are defined, which
are used to weight the parameter deviations. By default, all scalings
are set to 1. During the first diagnoss cycles, these scalings may be
adjusted, as done here.

10.2 Online Diagnosis

After initialization, the diagnosis software is applied to the online
data from operation (validation data). Therefore, the online fault di-
agnosis steps of Section 8.7.1 are executed repetitively for each data
sequence.
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10.2 Online Diagnosis

10.21 Sequential Parameter |dentification

For the following evaluations, the same same data sets are used as
those listed in Section 9.2.2. In Fig. 80, validation data of the fault
case 3 (evaporator fouling, cf. Table 10 on page 116) is eval uated.

<} Online HeatWatch ] 3
Cinline Heatwatch height = deviation
Fead log data from fils: IFehIEIBDWaIidH*MiE* j J ﬂ
Froperties... | Dretection/Localization | Sequences... I
Start | Meut Cycle | Stop | Trend Charts... | Feset Ehartsl

Tz rnidot_w | T

l_‘
Ta Pyp

T h L
condenser el a5 cormpt.

k.fh._he_el,| k.ﬁ._he_w| I C cmpl

internal
F heat exchanger
mdat r|

B X expansion =
valve B B
dT_D"v‘l

k_Ele evaparator
T el H T
L

-,
mdaot_z |

F1

T

Ti Py

Fig. 80: Identification results with validation data for fault 3 (evaporator
fouling), mean val ues of the parameters for one cycle. Large bar height for
parameter KA e (evaporator heat transfer) = large deviation from reference
value. Small bar heights for other parameters = small deviations.
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10 Software HeatWatch

Here, the identified parameters are averaged over five sequences for
one sample cycle. The parameter deviations are visuaized by the
heights of the bars, which also indicate the directions of the devia-
tions. Fig. 80 shows that fault 3 (evaporator fouling) results in the
highest deviation for the parameter kA, (evaporator heat transfer).
The reduction of the evaporator heat transfer parameter also results
in deviations of other parameters, since all parameters are physically
coupled. In this case, the increasing filling grade of the evaporator
a so reduces the superheating temperature difference AT,,, the super-
heating heat transfer parameter kAo, (because of a changed heat
transfer area A), the expansion valve opening ke, (s a reaction of
the P-controller to a change of AT,,), and the refrigerant mass flow
m, (as aresult of the changed opening Kep). Nevertheless, the fault
can be clearly localized from the highest deviation in the parameter

KA.

The fault diagnosis system directly locates the parameter deviations.
Nevertheless, a two-step display with a fault detection view and a
fault localization view is useful in practice. By pressing the button
“Detection/Localization”, the view may be changed (Fig. 81). In the
detection view, the ‘state’ of the machine indicates whether there is
any parameter change (dark indicator) or not (white indicator). The
‘dtate’ is given by the maximum of the parameter deviations for the
current cycle (according to the mean values of Fig. 80, the maximum
Is given by the deviation of the parameter kA,). Moreover, the exer-
getic efficiencies &, (source-to-water) and & (evaporator-to-
condenser) are well suited for detecting deviations in the perform-
ance caused by any faults. Here the negative deviation in the first ex-
ergetic efficiency is very high.
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10.2 Online Diagnosis

<} Online HeatWatch

Online HeatWatch height = deviation

Fiead log data from fils:  [Feklerai/ald b =] %]

Properties...l Detection/Localization | Sequences... |

Start | Mext Eyc:lel Stop | Trend Eharts...l Freset Ehartsl

State |

quality grade source-to-water | quality grade evap-to-cond. |

- —

Fig. 81: Identification results with validation data for fault 3 (evaporator
fouling), fault detection view. ‘ Sate’ isdark shaded = afault is present, bar
height of source-to-water exergetic efficiency is high = large deviation

Fig. 82 shows the identified parameters, the coefficient of perform-
ance COPyp, as well as the exergetic efficiencies &, and & for each
data sequence of the cycle above. For each parameter, the columns
correspond to the five sequences. In the additional columns, the
mean values of the parameters are displayed. Again, the height of the
bars indicates the size and the direction of any deviation. All se-
guences have high deviations in the parameter kA, (evaporator heat
transfer) and the characteristic value &, (exergetic efficiency,
source-to-water). The diagnosisis correct for all sequences aswell as
for their mean values.
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10 Software HeatWatch
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Fig. 82: Identification results with validation data for fault 3 (evaporator
fouling), parameters of each sequence (5 sequences, 5 columns) and mean
values of the whole cycle (last column). Large bar heights = high parameter
deviations from reference val ues.

10.2.2 Trend Charts

The progression of the parameters is visualized with trend charts
(Fig. 83), where the mean values of each consecutive cycle are plot-
ted. Here, a decreasing value of the condenser heat transfer parame-
ter kA, is recognizable. Hence, it may be concluded that an increas-
ing condenser fouling (fault 5) is occurring. As discussed in Section
10.2.1, other parameters are also influenced because of the physical
couplings. The decreasing exergetic efficiencies (especialy &,) aso
indicate a decreasing performance.
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Fig. 83: Trend charts for validation data of fault 5 (condenser fouling) with
anincreasing fault size (decreasing condenser heat transfer parameter

kA c). The reference values are plotted as horizontal lines. Each point ()
corresponds to one cycle mean value.
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11 Simulation M odd

The simulation model has been used to generate data for training and testing
the diagnosis system presented in Section 6.2. Thus, it has been used as a
‘virtual’ test bench. But the fault diagnosis systems are not based on this
model, since it is much too complex for online use. In this chapter, the physi-
cal equations of the detailed dynamic model are presented. It has been devel-
oped for simulating a commercia air-to-water heat pump from SATAG®
Thermotechnik AG and it is validated for the nominal case by using meas-
ured data from the residential building at Barzheem. The model is then used
to simulate several fault cases by changing the model parameters. The model
code has been programmed in C/C++ and then compiled for speed-up.

11.1 Modeling the Heat Pump Refrigerant Cycle

The smulation model represents the heat pump shown in Fig. 84. The data
sheet of the heat pump is given in Appendix C, Section ‘SATAG Natura
AW110'. The heat source is represented by the ambient air and the heat sink
Is represented by the water cycle of the residential building. This type of heat
pump contains an internal heat exchanger and a hot gas defrosting cycle. The
interna heat exchanger transfers the heat flow from the subcooling process to
the superheating process and improves the performance. At low air tempera-
ture and high air humidity, the icing decreases the heat transfer rate of the
evaporator. Therefore the defrosting cycle must be activated periodically by
feeding the evaporator with hot gas.

The refrigerant cycle process has been divided into severa sub-processes, for
which the modds are developed in the next Sections. The mode is designed
for al three modes of the heat pump (on, off, defrosting). The refrigerant mi-
gration from the high-pressure side to the low-pressure side during the shut-
down sequences as well as the activation of the hot gas bypass during the de-
frosting sequences are modelled. The migration process is also described in
[Gubser 99]. For the presentation in this work, the equations of the program
code are smplified by neglecting some unimportant terms and special cases.
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11 Smulation Model
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Fig. 84: Refrigerant cycle of the air-to-water heat pump with an internal heat ex-

changer.

According to the mode Unee the control inputs for the compressor Ueny, the
liquid valve u,,, the hot-gas valve upg, the air fan ug,,, and the water circula-
tion pump Uy, are set to appropriate values (eg. (97)). During the shut-down
sequence (Unoge = 0), the circulating pump keeps running (Upume = 1), because
the heat pump is controlled by measuring the actud return flow water tem-
perature. The liquid vaveis closed (u,=0) to minimize refrigerant migration.



11.1 Modeling the Heat Pump Refrigerant Cycle

For the defrosting mode (Unwe=2), the hot-gas valve is opened (ung,=1) and
the fan and the circulating pump are stopped (Usn=0, Upump=0) to prevent heat
losses.

0
0
0 (Umoge = 0= off )
0
— —_ _1_
Uemp (1]
Uy 1
Uth =<0 (Umode =1= on) (97)
Ufan 1
| Upump | :1:
0
1| (Unode =2 = defrosting)
0
_0_

11.1.1 Evaporation

The liquid refrigerant evaporates while it is flowing through the evaporator
tubes. At the inlet the vapour mass ratio x=X.; is defined by (98).

_ My e,
Mg,

At the position L there is no liquid left (x=1), thus L. is called the “ evapora-
tion length”. Generally, L. is time-varying, which is considered by the model
[Gruhle 87].

The balance for the liquid mass my is given by eg. (99), with m g, and M g
being the liquid part of the input mass flows from the expansion valve and
the defrosting cycle (cf. egs. (153) and (158)), and m, representing the
evaporating mass flow.

Xe,i (98)

dme| * * *
—dt’ = mexp,l + mhg’c - me (99)
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11 Smulation Model

By using the derivative dmy, /dt from eg. (99), the differential equation for L.
Is defined (eg. (100)) with the liquid density o’ (pe;), the evaporator cross-
sectional area A, and the mean cross-sectional area ratio S of the liquid
phase. Regarding an evaporator with bundles of pipes, A is the sum of the
areas over al the parallel pipes.

dLe dme,| . 1
dt dt o Pel) Ae- Be

Usualy the evaporation process is not finished at the outlet of the evaporator,
but extends to the internal heat exchanger. Thus, L has to be divided into two
parts, Lee for the evaporator and Ly for the internal heat exchanger. After
the evaporation process, there is the superheating process, which usually
takes place in the interna heat exchanger (L. > total length of the evaporator
Letot)- During certain transients it is possible that the evaporator is almost
empty. Then the superheating process takes place in the evaporator already
(Le < Letor) and the “superheating length” L, has to be divided into two parts,
Leov @sWell as Ly, The cases above are represented by the second and third
cases of eg. (101). Thefirst casein eg. (101) stands for an “overfilled” evapo-
rator as well as an “overfilled” internal heat exchanger (Le > LetottLhetor)- IN
this case L, is defined virtually as being outside of the geometric limitations.
If the volume of the liquid phase V, (c.f. eq. (112)) reaches the maximum
volume of the evaporator and of the internal heat exchanger, then L. will
reach the limit Lgini; and will not increase anymore.

(100)

Le,tot
0
L (Le,tot + I—he,tot < I—e < I—e,Iimit)
he,tot
0
Lee Le tot
L 0
Le,ov = L L (Letot < Le < Latot + Lhetot) (101)
he,e e e tot
Lhe ov Letot + Lhetot — Le
Le
L -L
e,toto © (0<Lle<Llgtot)
I—he,tot

The balance for the vapour mass my, is given by eg. (102), with m*@(p,g and
m*hg,g being the gaseous parts of the input mass flow from the expansion
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11.1 Modeling the Heat Pump Refrigerant Cycle

valve and the defrosting cycle (cf. egs. (154) and (158)), with m . represent-
ing the evaporating mass flow and m*Crnp representing the output mass flow to
the compressor.

dme * * * *
dt’v = Mexp,g T Mhg,g T Me —Menyp (102)

The energy balance for the liquid phase is expressed by eq. (103), with the
time derivative of the pressure dpe, / dt and the partial derivative of the en-
ergy du’./ dpe;, Subject to the evaporation pressure pg, in the liquid phase.

dpe; duj dmg,

—€ Mg + U
dt dpe; © et

-0k + Qe + Q) (103)

The convective heat flow Q*, is a sum of several heat flows, degpending on
the operation mode of the heat pump. When the heat pump is switched on
during the normal operating mode, eg. (104) isvadid, with the liquid enthalpy
he, @t the input (eg. (159)) and the saturated vapour enthalpy h'’(pe,) at the
outpuit.

Q;,I 1~ m(:xp,l : hexp,l —Uemp - m; : h”( Pe,l ) (104)

For the defrosting mode an additional hot gas heat flow is introduced (eg.
(105)). It depends on the hot gas enthapy h,, which is directly coming from
the compressor outlet at the high temperature Ty, n, and the high pressure
Pey- It IS assumed that the part m*hg,C of the hot gas mass flow is condensed
and that it transfersits high enthal py to the evaporator.

Q;,I,Z = m;g,c Ny (Temp,hp Pe,v) (105)

When the compressor is switched off (U.m, = 0), the high and low pressure
levels will be equalized by the refrigerant migration process [Gubser 99].
During this process, the refrigerant condenses in the evaporator. Therefore
the first term of eg. (106) considers a negative mass flow m o< 0. The vapour
enthalpy h, is an input from the superheating process with the superheating
temperature T,, and the vapour pressure pe,.

Q(:,I 0~ -(1- ucmp) : m; ‘ hv(Tov’ pe,v) (106)
The total heat flow Q*¢, isthe sum of these heat flows (eq. (107)).
Qe =Qcl0+ Qi1+ Qe) 2 (107)
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11 Smulation Model

The heat flow Q*¢e in eg. (103), which describes the heat transfer in the
evaporator, is driven by the difference between the mean air temperature
T, and the mean liquid refrigerant temperature T, (eg. (108)).

Q;e = kbe,e ) I—e,e ) (-ITa _fe,l ) (108)

The heat flow Q e in €g. (103) between the subcooled refrigerant and the
evaporated refrigerant in the internal heat exchanger is defined by eg. (109).

Q;e,e = kbhe,e' I—he,e ) (Tsc _-Te,l ) (109)

All the heat transfer parameters kiy; of this model are defined by eqg. (110)
with k for the heat transfer coefficient (in WIm?K), by for the width of the
considered heat transfer element, L; for its length, and A for the heat transfer
area. In the case of a heat exchanger with bundles of tubes (evaporator), b; is
equal to the circumference of one tube, multiplied by the number of parallel
tubes. In the case of aheat exchanger consisting of plates (condenser, cf. Sec-
tion 11.1.5), by is equal to the width of one plate, multiplied by the number of
paralel plates.

kb =k - KA =ki-A=k-b-L (110)

Wheress the pressure of the liquid phase pg, is described by the differential
equation (103), the pressure of the vapour phase pe, is calculated from the
gas equation (111) with the temperature T,, and the specific volume v,,. For
this equation, the temperature in the vapour phase of the evaporation process
Is considered to be equal to the superheating temperature T,, in the superheat-
ing process (cf. next Section), which is a simplification.

_ Ve,v
Mg,y
Ve,v — Ve tot +Vhe,tot _Ve,l Ve,I = LeA\eﬂe (112)

The vapour volume V., and the liquid volume V, are given by eg. (112),
with Ve for the total volume of the evaporator and Vi for the total vol-
ume of the internal heat exchanger.

Pev = pe,v(Tov,Ve,v) Vev (111)

The evaporation mass flow m. is directly proportional to the difference of
the evaporation pressure pe in the liquid phase and the pressure pe, in the
vapour phase (eg. (113)). The mass transfer rate k;  is regarded as a parame-
ter.

m; =kKir e " (Pel — Peyv) (113)
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11.1 Modeling the Heat Pump Refrigerant Cycle

11.1.2 Superheating

The superheating process takes place in the region after the evaporation
length L, where there is no liquid left. The energy baance for the superheat-
Ing process is given by (eq. (114)) with the superheating temperature To,.
Therefore, the convective heat flow Q ', as well as the transfer heat flow
Q eov iN the evaporator and the transfer heat flow Q 1o, in the internal heat
exchanger have to be calculated.

dToy
dt

The convective heat flow Q ,, is the sum of severa heat flows, depending on
the operation mode of the heat pump. Eq. (115) is vaid for the normal
operating mode, with the saturated vapour enthalpy h'’ (pe,) of the evaporated
refrigerant a the input and the enthalpy h(To.pey) Of the superheated
refrigerant at the outpuit.

“ Moy Cov = [Q;v + Q:le,ov + Q;ov] (114)

Q;v,l =Uemp - m; -h"(pey) - Uemp - m’c(:mp ~hy (Toys Pey) (115)

For the defrosting mode, eg. (116) considers the enthapy of a part m*hg,g of
the hot gas mass flow, which is directly feeding the gaseous phase.

st,z = m;;g,g Ny (Temp, hp: Pe,v) (116)

For the shutdown sequence, when the compressor is switched off (Ucr, = 0),
the first term of eg. (117) considers the backward flow through the compres-
sor (m*cmp< 0). Then, the enthalpy hy(Terp, Pev) at the low pressure side of the
compressor is an input. The second term describes the case of a negative
mass flow m < 0, which is condensating.

Q;v,o = _(1_ ucmp) ) m;mp ) hv(Tcmp’ pe,v) + (1_ ucmp) ) m; ) hv(Tov’ pe,v) (117)
These heat flows are summarized in eg. (118).

Qov = Qov.0 + Qov1 + Qov.2 (118)

The transfer heat flow Q*¢o, iN €q. (114) between the subcooling process
and the superheating process is given by eg. (119), with the mean subcooling
temperature T4, and the mean superheating temperature T, . The heat trans-
fer parameter Kby, is defined for the region Le..Lyeto iN the internal heat ex-
changer (if Le=> Letor)-

Qt:e,ov = kbhe,ov ) I—he,ov ) (-Fsc _fov) (119)
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Eq. (120) describes the heat flow Q ¢, in q. (114) transferred from the air to
the superheating process. The heat transfer parameter ko, 1S defined for the
region Le..Leo, if the liquid is completely evaporated in the evaporator (Le <
Letot)-

Q;,ov = kbe,ov ) I—e,ov ) (-Fa _fov) (120)

11.1.3 Compression

The mass flow for the norma operating mode is caculated by the
characteristics of the compressor (eg. (121)) as a function of the pressure
ratio pc/pey- On the low-pressure sde, the pressure is equd to the
evaporation pressure pe,, and on the high-pressure side, the pressure is equal
to the condensation pressure p.,. The parameters agyp, ey and dny, describe
the pressure-to-mass-flow characteristics, and the parameter Aqy, is defined as
the mass flow supply efficiency of the compressor.

b

\ Pev |

mcmp,l = ucmp '/1cmp ) acmp [ﬁj - dcmp (121)
ev

For the shut-down sequence with Ugn, = O, the compressor is regarded as a
throttle for which eq. (122) is used with the valve constant key,. The migra-
tion process of the refrigerant is mainly caused by a backflow in the compres-
sor, presuming that the liquid valve before the expansion valveis closed dur-
ing the shut-down sequence (u,, = 0).

m;mp,o =—(1- ucmp) ' kcmp Y, Pev — Pey (122)
These mass flows are summarized in eq. (123).
Memp = Memp,0 + Memp,1 (123)

The temperature T, np ON the high-pressure side is calculated from the tem-
perature T,, at the suction line by the polytropic law (eq. (124)), with the
polytropic exponent Cey,.

CC

- Pey | 124

Tcmp,hp —lov’ ( )
Pe,v
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11.1 Modeling the Heat Pump Refrigerant Cycle

From the enthapy difference between the input and the output of the com-
pressor, the electrical power input is calculated by eq. (125) with the dectro-
mechanical efficiency 7.

*
Memp

Pup = ’ [hv (Tcmp,hp’ pc,v) =Ny (Tov pe,v)] (125)

cmp
Eqg. (126) considers the dynamics of the compressor as they influence the
compressor temperature Teyy,.
dTem
dt
Again, the convective heat flow Q ¢y is the sum of several heat flows. For
the normal operating mode (Uemp = 1, Ungy = 0), €g. (127) describes the differ-
ence between the enthalpy hy(Tcrp e Pev), Which is given by the statically

calculated output temperature Tempnp Of €9. (124), and the enthalpy hy(Tcmy,
Pcv), Which is defined by the state variable Teqy.

P

"MempCemp = Qcmp (126)

Q;mp,l = (Ucmp —Ungv) - m::mp ' [hv (Temp,hps Pev) =y (Temp s pc,v)] (127)

For the shut-down sequence with ugy, = O, abackward mass flow m*Crnp <0is
taken into account (eg. (128)). Here the enthapy h,(T¢g, pcy), coming from
the gaseous phase of the condenser, is an input.

Q;mp,o =—(1- ucmp) : m;mp : [hv (Tc,g’ pc,v) - hv(Tcmp’ pc,v)] (128)
The sum of the heat flows is expressed by eg. (129).
Q;mp = Q;mp,o + Q;mp,l (129)

11.1.4 Hot GasCooling

The hot gas cooling process takes place in the upper region of the condenser
(above L.). The energy balanceis given by eg. (130) with the gas temperature
Teg the convective heat flow Qg and the transfer heat flow Q .

dT, x x
dct,g "Me gCc.g = [thc - Qc,g] (130)

The convective heat flow Q*hgc is the sum of severa heat flows. For norma
operation in eg. (131), the enthalpy h,(Tcmp.Pc,v) from the compressor is an in-
put and the enthapy h,(T.4pc,) of the cooled gas is an output. During the de-
frosting cycle, the hot gas mass flow m*hg IS bypassing the condenser and
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therefore is subtracted from the compressor mass flow m*cmp. The mass flow
m . will condensate | ater.

Q;gc,l =Uemp - (m;mp - m;;g) ~hy (Temp Peyv) = Uemp - mz hy(Te,gs Pey) (131)

For the shut-down sequence with Ugy, = O, eg. (132) considers the backward
mass flows m; < 0 and m ¢ < O. In this case, the mass flow m < 0 is
evaporating from the liquid phase.

Q;gc,o - _(1_ uCmp) ) m; ) h”( pc,l ) + (1_ uCmp) ) m;mp ) hv(Tc,g’ pc,v) (132)
The heat flows are summarized in eq. (133).

Qhge = Qnge,0 + Chge,1 (133)

The transfer heat flow Q* 4 (cf. eg. (130)) between the hot gas side and the
water side is given by eq. (134), with the mean gas temperature T, g and the
mean water temperature T,,. The heat transfer parameter kb is deflned for
the gas region Lg..L o

Q:;,g = kbc,g ) I—C,g '(Tc,g _-ITW) (134)

11.1.5 Condensation

The gaseous refrigerant condensates between the plates of the condenser. Be-
cause of gravity, the liquid phase fills up the condenser from the bottom to
the level L.. With a changing filling grade of the condenser, L. is time-
varying. The baance for the liquid mass m, is given by eq. (135), with m.
representing the condensating input mass flow and m*@(p representing the out-
put mass flow to the expansion vave (cf. eq. (155)).

dmc | *

=M (135)

Using the derivative dm /dt of eg. (135), the differential equation for L. is
built (eq. (136)) with the liquid density o' (p.;)) and the condenser cross-
sectional area A.. Regarding a condenser with plates, A is the summarized
cross-sectional area between al parald plates, defined by the distance be-
tween the plates and the width of the plates.

de _dm 1 (136)
dt dt  p'(Pei) A
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11.1 Modeling the Heat Pump Refrigerant Cycle

Theliquid level L. defines the height of the liquid phase L. and the height of
the gaseous phase L4 (eg. (137)). When L. reaches the limit L i, the con-
denser isfull.

(::C’Cj Z( e j (0<Lc< I-C,Iimit) (137)

c,g Letot —Lc

Eq. (138) describes the balance for the vapour mass m, with the input mass
flow (M gny-M 1), the condensating mass flow m. and the gaseous output
mass flow m*e(p,g. During the defrosting cycle, the bypassed hot gas mass
flow m' 1, is subtracted from the input mass flow m'¢,, coming from the com-
pressor. The gaseous output mass flow me, 4 (€g. (154)) is nonzero only for
the case of an dmost “empty” condenser (L. — 0).

dmc * * * *

dt’V - (mcmp ~ Mhg )_ M = Mexp, g (138)
The energy balance for the liquid phase is expressed by eq. (139), with the
time derivative of the pressure dp., / dt and the partial derivative of the en-
ergy du’. / dpg,, subject to the condensation pressure p.; of the liquid phase.

dpc | duy, ,dm * X
, n Ao _ 139
at dpc,l 1 T Uc at [Qc,l Qc,c] (139)

During normal operation with umy, = 1, €g. (140) represents the convective
heat flow Q*.,. The condensating mass flow m . with the vapour enthalpy
h(TcPcy) 1S an input, whereas the mass flow m*@(p with the saturated liquid
enthalpy h'(p,) is an output.

Qé,l 1= Uemp - mf: hy(Te,g, Pey) — m;xp -h'(pe,) (140)

For the shut-down sequence with Uy, = 0, €g. (141) considers a negétive
mass flow m < 0, which is evaporating. Then the saturated vapour enthalpy
b’ (p.,) isan output.

Q.10 == Ugy) - M -h"(pe,) (142)
The total heat flow Q* ., is defined by eq. (142).
Qcs =Qci0+Qai1 (142)

The transfer heat flow Q* .. in eg. (139) between the liquid phase of the con-
denser and the water side is driven by the difference between the mean liquid
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refrigerant temperature T, | and the mean water temperature T, (eg. (143)),
with the heat transfer parameter kb, . for the region O..L..

Q::,c = kbc,c ) Lc,c ) (-ITCI _fw) (143)

In the vapour phase, the pressure p., is calculated from the gas equation
(144), with the temperature T 4 and the specific volume v, as inputs.
_ VC,V

Me,v

Vc,v — V¢ tot _VC,l Vc,l - LCA\) (145)

Pcv = Pecv (Tc,g ’Vc,v) Ve,v (144)

The vapour volume V., and the liquid volume V;, are given by eg. (145),
with V; o for the total volume of the refrigerant side in the condenser.

The condensation mass flow m . is directly proportional to the difference be-
tween the pressure p.,, in the vapour phase and the condensation pressure p
in the liquid phase (eg. (146)), with the mass transfer rate ki ..

m:: =Kir ¢ (Pev — Pc) (146)

11.1.6 Subcooling

The subcooling process takes place in the internal heat echanger. The energy
baance is given by eq. (147), with the subcooling temperature Ty, the con-
vective heat flow Q «, and the transfer heat flows Q 1ee, Q heov t0 the evapo-
ration and the superheating sides (cf. egs. (109), (119)).

dT. X * X

d—fc "MgCqp = [Qsc - Qhe,e - Qhe,ov] (147)
Eq. (148) is valid for the normal operating mode, with the saturated liquid en-
thalpy h'(pc;) from the condenser at the input and the enthalpy h(Ts;) of the
subcooled refrigerant at the outpui.

Qie1 = Mo - ' (Pe) —hy (Tep)] (148)

For the shut-down sequence, eq. (149) reflects the heat transfers enforced by
the difference between the condenser bubble-point temperature Ty(p.;) and
the subcooling temperature Ts.. Here the mass flow is (almost) zero, since the
liquid valveis closed (u,, = 0). Therefore the convective parameter cm*scm IS
introduced.
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Qsz,0 = CMee,min - (To(Pe,1) ~ Tec) (149)
These heat flows are summarized in eg. (150).
Qe = Qq0 +Qua (150)

11.1.7 Expansion

A thermostatic expansion valve works like a P-controller, which feeds back
the superheating AT,, and adjusts the mass flow m*@(p to the evaporator (cf.
Section 4.1). In eq. (151), the variable T4(pe,) is the dew-point temperature of
the evaporation process.

AToy =Tov = Tg (Pe,1) (151)

In reality, the valve opening is set by the difference between the pressure
PolTov) @nd the pressure pe. In the modd, the temperature difference AT, is
used directly to calculate the valve opening (152). The range for the vave
opening U, is between O for aclosed valve and 1 for an open valve.

Ueyp = exp * (AToy — AToy,0) + Pexp O0<Ugp =1 (152)

With a superheating setpoint ATy, the parameter ae, corresponds to the P
value of the controller, whereas the parameter by, defines the opening offset
for the operating point. From the valve opening U, and the pressure drop
over the valve, the mass flow m op through the valve is calculated (egs. (153)
..(155)). Here the characteristics correspond to an incompressible flow. Eqg.
(153) cdculates the liquid mass flow m*e(m from the liquid condensation
pressure p.,; and the liquid evaporation pressure pe . The gaseous mass flow
m*@(p,g is calculated by eq. (154) from the vapour condensation pressure pe
and the vapour evaporation pressure pe,. The total mass flow is given by eq.
(155).

m;xp,l = K| - Uly - Uexp *Kexp 1 v Pc)l — Pey (153)
m;xp,g = (1=K ) Uy - Ugp - Kexpg v Pev = Peyv (154)

m;xp = m;xp,l + m;xp,g (155)

The liquid ratio k, depends on the liquid leve L. in the condenser (eq. (156)).
Only for low levels L, <L min, the gaseous mass flow m*@(p,g Is taken into ac-
count (k < 1).
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L
= (Lc < I—c,min)
c,min

1 (Lc > I—c,min)

k ={L (156)

For the the shut-down sequence or the defrosting sequence, the mass flows
M ey AN M o, 5 @€ Set to zero, since the magnetic liquid vave is closed (uyy
= 0). For the defrosting mode, eq. (157) defines the mass flow m*hg through
the hot-gas valve. The mass flow m*hg IS separated into a condensating part
M hgc aNd & gaseous part M 4 (eq. (158)).

m;g = Ungy * Khg/ Pcv — Pev (157)

Mhg,c = khg,cmng Mhg,g = (1- khg,c) " Mhg (158)

During the expansion, the entropy s is increasing, but the enthalpy h is con-
stant. Thus the enthalpy heg, @t the output of the expansion valve is equal to
the enthalpy h(Ts) at the input, which is a function of the subcooler output
temperature Tg..

hexp,l =h (Tg) (159)

11.1.8 Air Side

The energy balance for the heat source is defined by eg. (160), with the out-
put air temperature T, . The transfer heat flows Q ¢ ad Q ¢, to the evapo-
rator are taken from eg. (108) and eg. (120).

dTa0
dt

The convective heat flow Q ,, depends on the air mass flow m, and on the
difference between the input and output temperatures T,;, T, (eg. (161)). For
the shut-down sequence, when the air fan is not running (m ;=0), M 4in
represents aminimal convection.

Q;,o = (m; + m;,min) Cp,a (Tai —Ta,0) (161)

When the air fan is running (U, = 1), the air mass flow is assumed to be a
constant parameter m 4 (€g. (162)).

"MyCy = [Q; - Q;,e - Q;ov] (160)

*

My = Usgan 'm;,o (162)
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11.1.9 Water Side

Eqg. (163) defines the energy balance for the heat sink, with the output water

temperature T,,,. The transfer heat flows Q . and Q .4 to the condenser are

defined by eg. (143) and eg. (134).

dTw,o
dt

The convective heat flow Q’,, depends on the water mass flow m ,, the input

temperature T,,;, and the output temperature T, (€. (164)), with a minimal
convection m*wm for the shut-down sequence.

My = Q + Qe + Qc.q (163)

Q\jv = (m\jv + m\jv,min) ) Cp,W ) (Tw,i _Tw,o) (164)

When the circulating pump is running (Upump = 1), the water flow is assumed
to be a constant parameter m o (€q. (162)).

m:/v = Upump - m\’:v,o (165)

In the definition of the heat output Q 1p (€d. (166)), M wmin iS Set to zero, be-
cause the corresponding heat flow is lost to the ,,environment* when the cir-
culating pump is not running.

Qrip =My Cp.w - (Tw,i — Two) (166)

With the heat output Q 4p of eg. (166) and the electric power input Pyp of €g.
(125), the coefficient of performance (COP) is defined by eq. (167).

COP(t) = % (167)

11.1.10 Icing of the Evaporator

At low temperatures and high humidity of the outside air, some icing effect
takes place on the evaporator. This effect is modelled in [Ginsburg 99],
which has been dightly simplified and modified for the present model. From
the relative humidity ¢ of the air, the vapour mass ratio x can be calculated
(eg. (168)). The vapour mass m, as well as the whole air mass m, are substi-
tuted by the corresponding gas equations. The ratio of the air gas constant R,
and the vapour gas constant R, is defined by the parameter ks. The partia
pressure of the air p, is expressed by (p,-p.), with the overall pressure py and
the partial pressure p, of the vapour. The relative humidity ¢ is given as the
ratio of p, and the saturation pressure ps.
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Py Vo
m _R-T R p Py Py
m, PaVo R, Pa  Po-Py P
Ry-T
Substituting p, by ¢ p, yields eg. (169).
X(g) =— R (169)
Po 1
®- Ps

Eq. (169) is evaluated for the evaporator air input, with the humidity ¢,; and
the temperature T,; (eg. (170)).
Kr

Po 1
Pa,i - Ps(Ta,i)
The saturated vapour mass ratio X0 a the output is given by eg. (171) for
¢=1. The oversaturated part x,;-Xs, o feeds the icing process.

kKr
_Po _
Ps(Ta0)

Using these equations, the preconditions for icing and the rate of icing can be
determined (case |, egs. (172) and (173)). The mass flow M jcepiia, Which is
proportiona to the air mass flow m ,, increases the ice layer, whereas the heat
flow Q*ice,bu”d arises from the enthalpy change r;.. of the icing process. Icing
is only possible for temperatures below Ticenuiig (1 °C is chosen for the simu-
lations). The factor Kiceniilg IS regarded as a parameter.

Xa,i = X(@ai) = (170)

(171)

Xsa.0 = X(p=1 =

casel: (Xaj > Xs0) @Nd (Tao < Ticemilg) = iCe building
m*ce,build = Kice build my - (Xa,i — Xsa,0) (172

Qice,build = Mice,build * fice (173)

For temperatures above Ticesaraerr (NEre 0 °C is chosen), some self-defrosting
process is initiated (case I, egs. (174) and (175)), which decreases the ice
layer by the mass flow m*ice, sdfdefr- 1he factor Kiesaraerr 1S regarded as a
parameter.
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caell: (Tao > Ticesatderr) = Self-defrosting
* 2
rT]ce,s;elfdefr = kice,mass ’ kice,s;elfdefr '(Ta,o - ice,selfdefr) (174)

Qice, selfdefr = Mice, sdlfdefr * lice (175)

The factor Kicemass CONSiders the actual ice mass m. and decreases the self-
defrosting process for small values me. < Meemin (€9. (176)).

Mce
kice,mass =93 Mece,min * cemn (176)

1 rnce 2 rnce,min

During the defrosting sequence the hot-gas valve is opened, the evaporator
warms up, and the ice melts (case l11, eq. (177) and (178)). It is assumed that
the temperature of the refrigerant side of the evaporator rises above the out-
side air temperature and that a part of the heat flow (Q ¢t Q eoy) < O to the
ar side is directly used to melt the ice (eq. (177)). The enforced defrosting
mass flow M iceeniaer 1S thus calculated from the heat flow Qe eraer and the
enthalpy change ;. for liquefaction (eg. (178)).

case |11 defrosting cycle activated — enforced defrosting

Qice enfdefr = —Kice,mass " Kice,enfdefr * (Qee + Qe ov) (177)
* Qi*ce,enfdefr
Mceenfdefr =—— (178)
lice

With the ice mass flows, the ice mass balance is defined by eq. (179).

d * * *
rgtce = Mice build — Mce, slfdefr — Mice, enfdefr (179)

An existing ice layer causes several effects, the first of which is a pressure
drop 4p, on the ar side of the evaporator (eg. (180)), with the parameters
Apa() and kAp-

Apa = Apa o + Kap - Mice (180)

Secondly, the heat transfer rate of the evaporator is reduced. The reduction
factor ki isintroduced by eq. (181), with the parameters ;. and Mg nin.

Kice =1— e - (Mice — Mice, min) (181)
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The evaporation transfer heat flow Q . of eq. (108) is replaced by eq. (182),
and the superheating transfer heat flow Q ¢, Of €g. (120) is replaced by eg.
(183).

Q;e = kbe,e ) kice ) I—e,e ) (-ITa - -Fe,l ) (182)

Q;,ov = kbe,ov : kice ) I—e,ov ) (-Fa _fov) (183)
Finally, the additiond icing heat flows are added to eg. (160), which results
ineg. (184).

dTy 0

*

"MyCy = Qa - Qe,e - Qe,ov + Qlcabuild - Qlce,selfdefr - Qlce,enfdefr (184)

11.1.11 Refrigerant Data

The physica property data of the refrigerant R407C is defined by polynomi-
als with validated parameters from the refrigerant manufacturer [Klea 95].
The values of the parameters used below are listed in Appendix C, Section
‘Smulation Model Parameters’, ‘ Refrigerant Data R407C’ . For the equation
of state, the Martin-Hou approach is used (eg. (185)), with the relative states
(T., pr, V) regarding the critical point (T, pe, Vo) (€g. (186)).

XT,_, {A+BT, +C;elKT)

| (185)
Vi =B =1 (v, — B) 1

P (Tr,vp) =

T, =T/T, P, =P/ P V, =V/ V. =Vp, (186)

By only considering the first term of the sum (i=1) and with B=0, the equa-
tion can be simplified to eq. (187) without a significant lack of precision for
the region required. This equation isused in egs. (111) and (144).

XT/Te , A+ByT/Te+Cpe KT
V/Ve (v/ve)®

Because of the azeotropic properties of R407C, there is a temperature glide

during the evaporation. For a given evaporation pressure p, a bubble-point

temperature T,, a mid-point temperature T,,, and a dew-point temperature Ty
are defined (egs. (188), (189) and (190)).

p(T.v) = ( " Pc (187)

To(p) = Ay + By In p+Cy(In p)? + Dy(In p)° (188)

Tm(P) = An + BInp+Cp(Inp)? + Dy (In p)° (189)
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Tq(p) = Ay + By Inp+Cqy(Inp) + Dy (Inp)* (190)

The saturated liquid enthalpy h'(p) is defined by eq. (191), with eg. (192) asa
function of the pressure p.

h(p) = A'+ B%,(p) + CX; (p) + D5 () + E%p () (191)

Xp(P) = (1-Tp(p)/Te) 3 (192)

In a similar way the latent heat of vaporization r(p) is defined by eq. (193)
with eg. (194).

r(p) = A + By Xm(P) + Cr () + Dy Xm(p) + Er Xm(p) (193)

Xm(P) = (L= T (p) /T (194)
The saturated vapour enthapy h'’(p) (eg. (195)) is the sum of eq. (191) and
eg. (193).

h"(p) =h(p)+r(p) (195)

Eqg. (196) defines the liquid enthapy h(Tb) and is similar to eq. (191), but
here the enthalpy is defined as a function of the temperature T,.

h (Tp) = A + B (Ty) + CX2 (Ty) + DX (Ty) + EXe (Tp,) (196)
Xp(Tp) = (1-Tp /Te)"/* (197)
The gas heat capacity ¢, is a function of the gas temperature T (eqg. (198)).

Cp(T) = Ac+ BT +C.T2+ D¢ /T (198)

The hesat capacity c,(T) is aso used to calculate the vapour or gas entha py
h,(T,p) from h”’ (p) and the temperature offset (T-Ty(p)) (eq. (199)). There-
fore, the function c,(T) is evaluated at the mid-temperature between Ty(p) and
T.

(T, P) = h”(p)+cp(—Td(p2)+T

j (T =Ta(p)) (199)

Egs. (200) and (201) represent the polynomials for the liquid density o' (p)
and the saturated vapour density o'’ (p).

p'(p)= A, +B,Xp(P) +C),X5(P) + DX (P) + E X5 (P) (200)
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p’(P) = A, +B,xq (P) +Cpx3(P)+ Dppxg (p) + EpXd (p) (201)

11.1.12 Mean Temperatures and Smplifications

For the the heat transfer equations, the mean temperatures T, have to be cal-
culated. In the evaporation heat transfer equation of eq. (108), the mean air
temperature T, is a function of the ar inlet and outlet temperatures
TaiandT, o (eg. (202), left side).

-Ta = fa(Ta,i ’Ta,o) -Fa = Ta,o (202)

Often, logarithmic functions are chosen. In order to reduce computational
time and to prevent numerical problems, here linear functions are imple-
mented. The mean air temperature T, is simply defined by the air outlet tem-
perature T, o (€d. (202), right side). The mean temperature 'TeJ in eq. (108)
is either defined by the evaporation mid-point temperature T,(pe,) for normal
operation with Uy, = 1 or by the dew-point temperature Ty(pe) for the shut-
down sequence with Uy, = 0 (eg. (203).

Tel =Ucmp - Tm(Pey) + (1= Uemp) - Ta (Peyr) (203)

In a similar way, the mean temperatures in egs. (109), (119), (120), (134),
(143) are defined by egs. (204) to (206).

Te =Ty Tov =Tov (204)
-ITc,g = Tc,g -ITW = Tw,o (205)
fc,l =Uemp * Tm(Pc)) + (L= Uenp) - To (P ) (206)

As another simplification, the therma inertiae in the energy balance egqua-
tions (114), (126), (130), (147), (160), (163) are regarded as constant parame-
ters 7, which are defined in the egs. (207) and (208).

Tov = Myy - Coy Temp = Memp * Comp Te,g =M g Ceg (207)

T =My - Cg Tqa =My Cy Tw =My - Cy (208)

In analogy, the therma inertia in the evaporator energy baance (eg. (103)) is
regarded as a constant parameter 7. Therefore, the assumptions of eq. (209)
have to be made, which are not straightforward. Some numerical simulations
for the case with and and without these simplifications have shown that only
asmall error is produced by using eg. (209).
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11.1 Modeling the Heat Pump Refrigerant Cycle

du’ dm,,
7., =—2% ~ const. u. =0 209
el dp,, Mg, | e gt (209)

For the thermad inertia in the condenser energy balance (eq. (139)), similar
investigations lead to eg. (210).

du’ dm
7., =—F¢ ~ const. u’ =~ =0 210
c dp., M| < gt (210)

11.1.13 Implementation and Parameter Sets

All equations above are combined in the nonlinear mode approach of eq.
(211) with the vector of the static variables z, the state vector X, the input vec-
tor u, the output vector y, and the parameter vector 6. The 60 static variables z
(containing mass flows, heat flows, etc.) are calculated first and then are used
to determine the derivatives dx/dt. Here, the output vector y is just a concate-
nation of the vectors x and z

z=h(x,u,6) % = f(x,zUu,6) y =[x 2] (211)

The gtate vector x is defined by eg. (212). Thus, the model is of order 13.
X= ll—e’me,v’ Pe,| ’Tov’Tcmp’Tc,g J I—c’mc,v’ Pc,| ’Tsc’Ta,o’Tw,o’miceJ (212)

The mode is implemented in C/C++, using an ODE solver from [MathLib
99]. A variable-order multi-step solver is used, which is especially designed
for (moderately) stiff problems (odel5s, [Matlab 98]). The set of differential
equations is stiff because the time constants are of very different magnitudes.
The code is compiled to an executable file, which is called from a MAT-
LAB® simulation environment.

For each operating mode, a different parameter vector 6 is defined (eg.
(213)), for consdering the different model configurations.

% (Umode = 0= off )
0=16 (Umode =1=0n) (213)
6> (Umode = 2 = defrosting)
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11 Smulation Model

For normal operation (mode on), al values of the corresponding parameters
are given in Appendix C, Section ‘Simulation Model Parameters. The pa-
rameters are either given by the manufacturer, or their physical values are es-
timated. Some parameters have been adjusted in order to fit the measured
data They are especially marked in Appendix C. In summary, the thermal
inertiae 7 of Section 11.1.12, the heat transfer parameters kb;, as well as some
characteristics of the compressor and of the expansion valve have been ad-
justed. For adjusting the parameters, the measured data from the residential
building a Barzheim were used [Reiner, Shafai 98]. For each operating
mode, one parameter set is obtained.
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11.2 Simulations

After the vaidation for the nominal case, the heat pump model is coupled
with a building model and used to simulate the fault cases.

11.2.1 Validation for the Nominal Case

The heat pump simulation model has been vadidated by comparing it with the
measured data from the residential building at Barzheim. The same parameter
set (one for each operating mode) is used for simulating al data files of the
heating period in the year 1998. The following plots show the results of one
day of that heating period (January 29, 1998).

The mode Unoge in Fig. 85 is an input from the heat pump controller, which
specifies the three states of the heat pump (off, on, defrosting). During the
day selected, the heat pump was switched on three times, whereas the
defrosting cycles were started at constant time intervals when the heat pump
was running. The heat pump controller itself is not implemented in the simu-
lation moddl.

defrosting 2

on 1

off O .
2 4 6 8 10 12 14 16 18 20 time [h]

Fig. 85: Operation mode Unoge, 0 = Off, 1 = on, 2 = defrogting.

The temperature signals T>.. T, and the pressures signals pp,, prp, are acquired
by the sensors shown in Fig. 84. The signals measured by the sensors do not
exactly correspond to the signds in the model, because of the different loca-
tions of the sensors. In addition, the time constants of the sensors are not
modeled.

Fig. 86 and Fig. 87 show the simulated evaporation pressure p,, and conden-
sation pressure pe,,, compared to the measured low pressure p;, and high pres-
sure pn,. Especidly in the high pressure signal pc,, a superposition of the
dow daily transient and the fast switching transients can be observed. Gener-
dly, the pressures react very fast when the heat pump is switched on. After a
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11 Smulation Model

fast response immediately at shut-down, the high-pressure signal p., and the
low pressure signa pe, equalize slowly. During the defrosting cycles, a leve
change as aresult of the hot-gas valve switching can be observed.

Sk t ] ! (.
_'rq :’ i . _ ": I__,__,': ‘_:_"__r--'_"".ﬂ
pressure i { vl oo il { J/——] .- /”,_HH

= alnvny

Sl g K/ i i

2 4 6 8 10 12 14 16 18 20 time[h]

Fig. 86: Smulated evaporation vapour pressure pe, (solid line) and measured |low
pressure py, (dashed)

15 : q !
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i 1. N, | i h o "
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Fig. 87: Smulated condensation vapour pressure p., (solid line) and measured high
pressure p, (dashed)

In the measured superheating temperature T,, (Fig. 88), some oscillations are
present due to the hunting effect of the expansion vave (cf. Section 4.1).
These effects are not modelled.

20 /7 [ / \
temperature h
[°C] 1OT"

0

ok -

2 4 6 8 10 12 14 16 18 20 time[h]

Fig. 88: Smulated super heating temperature T, (solid line) and measured tempera-
ture T3 (dashed)
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In Fig. 89, the slow reaction of the hot gas temperature T,,4 can be seen.
80 T
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2 4 6 8 10 12 14 16 18 20 time[h]

Fig. 89: Smulated hot gas temperature Tyq (solid line) and measured temperature T,
(dashed)
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Fig. 90: Smulated subcooling temperature T (solid line) and measured temperature
Te (dashed)

Fig. 91 shows the water inlet temperature T,,;, which is an input to the mode.
The water output temperature T,,, is shown in Fig. 92. In the water tempera-
tures, the superposition of the slow and fast transients can be observed again.
The slow transients of the input temperature T,,; is aresult of the large time
constant of the building (cf. Section 11.2.2).

” Y B VA VA
toemperature -~ A \[ l{ \\ /lU \}
o 5 L I VAL L

24 y ‘
22 _\_/Y

20
2 4 6 8 10 12 14 16 18 20 time [h]

Fig. 91: Measured water input temperature T,,;=T1o
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Efg;perature 30 /\ /\V/\'/‘L( ‘ n\\!ﬂ\f/ \( \\I/ \f\"\\
25 J , 3
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20

Fig. 92: Smulated water output temperature T, (solid line) and measur ed tempera-
ture Tg (dashed)

From the internal model signals, the filling levels of the evaporator and the
condenser are plotted here. The evaporation length L. is plotted in Fig. 93.
During the shut-down periods, the evaporation length increases because of
the migration process.

11
10
o -, Ve o
length . ] / { j/ /
me / [ /
6 il ﬂ X 4 { )' X
> 4 6 8 10 12 14 16 18 20 time [h]

Fig. 93: Smulated evaporation length L,

During the shut-down periods, the liquid levd L. in the condenser decreases
and may become zero when the condenser is “empty” (cf. Fig. 94).

2 time [h]

Fig. 94: Smulated liquid leve L. inthe condenser.

From the internal mass flows, the evaporation mass flow m',, a fast signal, is
shown in Fig. 95. The increase of the mass flow during the defrosting se-
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11.2 Smulations

guences is a consequence of the changing flow resistance in the system, when
the hot gas bypass is open.

0.06 b b e

mass flow .04
[ka/s]
0.02

2 4 6 8 10 12 14 16 18 20 time [h]

Fig. 95: Smulated evaporation massflowm o

Due to the icing effect on the evaporator, which is aso included in the modd,
the pressure drop 4p, on the air side increases (cf. Fig. 96).

06 i
/
)
pressure 0.4
drop % f
[mbar] n ;4*‘( M /
0.2 g
r’
0 I . . | Nakee, VWY TH Y L SR P
2 4 6 8 10 12 14 16 18 20 time [h]

Fig. 96: Smulated (solid line) and measured (dashed) icing pressure drop 4p,

Clearly, the model is able to represent the significant characteristics and dy-
namics of a heat pump and can be used as a data source for testing fault diag-
nosis systems.

11.2.2 Coupling with Building

For aredlistic simulation of the fault cases, the heat pump simulation model
Is coupled with a building model (cf. Fig. 6 on page 40). A linear one-zone
building model of third order from [Reiner, Shafai 98] is used (eq. (214)),
with the heating water return flow temperature T,,; (equal to the water input
temperature of the heat pump), the heated floor temperature T;, and the room
temperature T, as date variables. The parameters are identified and averaged
for the heating period 1997/98 a Barzheim (validation in [Shafa 99]). They
include the heat transfer parameters kA, from the heating water to the floor,
kA, from the floor to the room, and kA, ;i from the room to the environ-
ment. Other parameters are the total volume V,, of the heating water, the mass
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11 Smulation Model

m of the floor heating system, and the time constant 7, of the building. Inputs
to the building model are the environmental temperature T,,, and the heat
flow Q* yp supplied by the heat pump to the heating water. The values of the
building model parameters are aso given in Appendix C, Section ‘ Smulation
Model Parameters, ‘Building Model’.

KA KA, ¢ 0
Twi PuwCuVw PuCuVw Toi
il KA ¢ KA KA, KA 1T,
! M Cy My C¢ M C¢ f
T, T,
r 0 KA KAy 1
L TrkAY,amb TrkAY,amb 4 | (214)
— —_— N 1 .
0 PuCuVw .
+ 0 'Tamb + 0 'QHP
1 0
_Tr _

11.2.3 Simulationsfor Fault Cases

With the coupled models, nine fault cases are simulated by changing the ap-
propriate parameters of the heat pump modd (cf. Table 19). The input sig-
nals, such as the outdoor air temperature T,; = Tam, the outdoor air humidity
@i, and the controller input Unye, are extracted from the measured data of the
same heating period 1997/98 as above. The parameters are reduced by the
factor of eg. (215), with f; € [0..1] being the size of the fauilt.
G =6, -(1-1) (215)
All faults are listed in Table 19 with their corresponding model parameters
(cf. Table 6 on page 105). For simulating the evaporator fault 2, the heat
transfer parameters kb, and kb, are reduced (cf. Sections 11.1.1 and
11.1.2). In the real heat pump, this fault corresponds to evaporator fouling.
The air mass flow m 5 (fault 3) and the water mass flow m' o (fault 5) are
defined to be constant during the simulation and therefore are regarded as pa-
rameters. For simulating refrigerant leakage (fault 9), the initial conditions of
the state variables Lqo, Lco, (evaporation length and condensation level) as
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11.2 Smulations

well as my,, 0, Mo (Vapour mass of evaporator and condenser) are changed.
They influence the filling of the refrigerant cycle.

Table 19: The parameters of the simulation model. The faults are smulated by chang-
ing the corresponding parameters.

fault simulation modd | fault description

parameters (faultsin real applications)
(cf. Sections)
fault 1 | - normal behaviour, no fault
fault 2 | Kbee, kbgoy reduced evaporator heat transfer
(11.1.1,11.1.2) (evaporator fouling)
fault 3 m*a,o reduced evaporator air massflow
(11.1.8) (evaporator/air channel fouling, air fan malfunction)
fault 4 | kb, kbgg reduced condenser heat transfer
(11.1.4,11.1.5) (condenser fouling)
fault 5 m*W,O reduced condenser water mass flow
(11.1.9 (fouling, water pump mafunction)
fault 6 | Kbnee, Kbneoy reduced internal heat exchanger heet transfer
(11.1.1,11.1.2) (interna heat exchanger fouling)
fault 7 | Acmp reduced compressor efficiency
(11.1.3) (compressor malfunction)
fault 8 | Kep reduced expansion valve flow rate
(11.1.7) (expansion valve malfunction)
fault 9 | Leo, Meyo, reduced refrigerant charge
Lo, Meyvo (refrigerant |eakage)

(11.1.1, 11.1.5)

Both evaporator fouling (fault 2) and evaporator icing may be present at the
same time. Then, the heat transfer parameters kb and kb, are influenced
by fault 2, whereas the heat transfer reduction factor ke is influenced by the
icing effect (egs. (182) and (183)). However, the effect on the signals is the
same for both cases.

Fig. 97 through Fig. 99 show the simulation results for fault 2 of the size f, =
0.2 (eg. (215)), compared to the nominal case (data of January 29, 1998).
Only the signals with the largest deviations from the nominal case are plot-
ted. By reducing the heat transfer rate in the evaporator, the evaporation pres-
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sure pe and the corresponding dew-point temperature Ty(pe,) decrease (pg =
Pev)- Thus, the superheating temperature T, is also at alower levd.
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Fig. 97: Evaporation vapour pressure p,, Smulation for fault 2 (dashed) and nomi-
nal case (solid).
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Fig. 98: Evaporation dew-point temperature Ty(pe,), Smulation for fault 2 (dashed)
and nominal case (solid).
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Fig. 99: Superheating temperature T,,, Smulation for fault 2 (dashed) and nominal
case (solid).
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All fault cases are smulated with the same sizes f; = 0.2 (with one exception
for fault 9, fg = 0.1, see below) and the significantly influenced temperature
and pressure signals are summarized in Table 20 (signals in steady state). The
first row contains the results for fault 2 from above. A reduction of the air
mass flow (fault 3) has similar effects on the evaporation pressure and tem-
peratures, but here the air outlet temperature T, , decreases intensively due to
ahigher temperature drop. In the case of fault 4, only the gas temperature T
increases significantly. With a larger fault (f, >> 0.2), the result is analogous
to that of fault 2. By reducing the water mass flow through the condenser
(fault 5), the condenser pressure (p.;. Pcv) and the temperatures (Tyma(Pc)))
increase, which is in anaogy to fault 3. Regarding fault 6, the subcooling
temperature Tg. increases with areduced heat transfer in the internal heat ex-
changer. Since the superheating temperature T,, is controlled by the expan-
sion valve, it is not significantly influenced by fault 6. With fault 7, the com-
pressor mass flow is reduced, which obvioudy results in ahigher evaporation
pressure (pe, Pev) and a lower condensation pressure (pe; Peyv). The controller
of the expansion vave tends to compensate a reduction of the expansion
valve mass flow (fault 8) by opening the valve (Uy, TT). Because of the
steady-state error of the P-controller, the superheating temperature T, IS in-
creased dightly. The effects of a changing refrigerant filling (fault 9) are
shown in the last row.

Table 20: Senstivities of the temperature and pressure signals to the faults
(steady state).

fault | Significantly influenced signals, direction |, T and magnitude ((1)),(T), T,TT

fault 2 | pey, Pey Y, Toma(Per) L, Toy L

fault3 | Pey, Pey ¥» Toma(Per) 4s Tov b, Tao L4

fault4 | Teo T

fault5 | P Pev T Toma®e) T Thg T Teg T Te T, Two TT
fault6 | Te T

fault 7 | pes, Pev T, Toma(Per) TT, Per, Pew 4 Toma(Per) 44,
Tov T\ Thg U, Teg U4, Tee b, Tao T, T WL

fault 8 | Tov (1), Tng (M), U TT

fault 9 | pey Pev TT, TomaPe) TT, Tog T, Teg 4, T 1T
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In the next step, various fault sizes are simulated for al fault cases of Table
19. For the faults 2..8, four sizes are simulated:

o fault size 2: f;= 0.2 (20% parameter change)
o fault size 3: f; = 0.3 (30% parameter change)
o fault size 4: f;= 0.4 (40% parameter change)
o faultsize5: f;= 0.5 (50% parameter change)

For fault 9, the three simulated sizes are smaller, since its effect on the sig-
nasislarger:

o faultsize 1: f;= 0.1 (10% parameter change)
o fault size 2: f;= 0.2 (20% parameter change)
o fault size 3: f; = 0.3 (30% parameter change)

For the training of the fault diagnosis system described in Section 6.2, some
‘virtual’ sensors (T,..Tyo) are defined by the simulated signals of egs. (216) to
(219) (cf. Fig. 40 on page 104 and Fig. 84 on page 174).

Ty =Tp(Pe,) T =Tg(Pe,) T3 =Toy (216)
T4 =Thg Ts =Ty(Pe,1) Te=Tg (217)
Tz = Ta,o Tg = Tw,o (218)
Tg =Ty T10 = Tw, (219)
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Fig. 100: Thetest bench at the Measurement and Control Laboratory, IMRT (seen
from above).
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A new dynamic test bench for commercia brine-to-water heat pumps has
been instaled (Fig. 100). It is used for training and testing of the fault diag-
nosis systems. Therefore, the commercial test heat pump from SATAG®
Thermotechnik AG has been modified in order to generate data for different
fault cases. A full automation of the test cycles has been redized, which al-
lows to acquire the data sets without any manual intervention. The test bench
Is especialy designed for an emulation of the dynamic behaviour of the heat
source side (ground pipe cycle) as well as the heat snk side (heating water
cycle and building).

Compared to testing in area building (like that at Barzheim), the advantages
of atest bench are obvious:

e Thereare no seasonal restrictions due to the heating periods.

e Theresults arereproducible, since there are no unknown influences from
the weather or the inhabitants.

e Thefault cases can be tested without any restrictions for the inhabitants.

e Thediagnosis system FuzzyWatch is systematically and automatically
trained within a short time (afew days up to one week).

e Thetest bench can be used for testing heat pump controllers or new heat
pump types, as well.

The concept of the test bench was worked out in a previous step, whereas the
test bench has been built within the scope of this thesis.
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12.1 Test Environment

A brine cycleisrealized on the heat source sde and awater cycleis realized
on the heat sink side (Fig. 101). The brine cycle (on the left side) contains a
warm storage tank (on the top) and a cold storage tank (on the bottom). The
outputs of both tanks are mixed in order to get the desired temperature at the
input of the test heat pump (mixing valve between the tanks). The upper and
lower tank temperatures are controlled by activating the two heat exchangers
(on the left side) by opening or closing the corresponding bypass valves (be-
tween the tanks and the heat exchangers). The heat exchangers withdraw the
heat from the warm laboratory medium, which operates at about 30°C.

The water cycle works in the same way as the brine cycle, where two heat
exchangers dispense the heat to the cold laboratory medium, which operates
a about 14°C (on the right side). An additional heat exchanger between the
water cycle and the brine cycle dlows the recycling of the heat from the
warm side to the cold side (on the top, between the tanks). Thus, a part of the
heating energy can be saved. It is also desirable to control the temperatures
when the test heat pump is switched off. Therefore, an auxiliary heat pump is
installed, which permits to increase the difference between the brine and the
water temperature levels additionally.

For controlling the flows, 3-way valves and 2-way valves are used, whereas
numerous pumps induce circulation. The signals are measured by four types
of sensors, such as absolute Pt100 temperature sensors (T), temperature dif-
ference sensors at the heat exchangers (dT, combinations of two thermocou-
ples), pressure difference sensors a the circulation pumps (dp, membrane
transmitters), and flow meters (F, magnetic-inductive) at the outputs of the
test heat pump. From the pressure differences, the volumetric flows are esti-
mated on the basis of the characteristics of the pumps, and from the tempera-
ture differences, the heat flows are calculated.
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Fig. 101: The test environment with two brine tanks, two water tanks, five heat ex-
changers, an auxiliary heat pump and the test heat pump. T = temperature sensors,
dT = temperature difference sensors, dp = pressure difference sensors, F = flow sen-
Sors.
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12.2 Data Acquisition and Automation

12.2 Data Acquisition and Automation

A digita bus system by WAGO® is implemented (Fig. 102). Its five field
nodes contain input modules with integrated A/D converters and signa con-
ditioning as well as output modules with integrated D/A converters or relays.
These nodes are connected to three PCs by a CAN bus. Two PCs are used as
redtime target systems for the MATLAB® xPC Target® software, while one
PC is used for the LabView® software. The CAN master card controls the bus
system and is also plugged into one of the targets. Both of the targets are
connected to one host by TCP/IP, which is controlling the targets. The PCs
are connected to the intranet for exchanging data.

T —» — 5
—> —> |y pumps — >
Fieldbus AT ! Node —» Node [—pvalves —» Node —»
A > 1 > i —®>relais > 5 [—»
p > > > > >
CAN-Bus l [ [ [
= & =
50 S 3
= 2
s § © %
g B o ~ 100 channels:
x 56 analog inputs
TCP/IP ‘ ‘ 38 digital outputs
6 analog outputs
xPC Host
TCP/IP |

| LAN (Intranet) |

Fig. 102: The bus system of the test bench.

The tasks for the operation of the test bench are assigned to the various PCs.
Target | controls the test environment and optionaly runs the emulation,
whereas with Target Il, the fault diagnosis systems are tested. For other pro-
jects, heat pump controllers can be tested, as well. LabView® is used for data
vizualisation and manual control of the test bench.
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12.3 Running Test Cycles

12.3.1 Definition of the Test Cycles

For all fault cases of the test heat pump, severa test cycles with on-off
switching are run. For this purpose, a special software tool has been devel-
oped. A sample test cycle is illustrated in Fig. 103. Such atest cycle is re-
peated for each fault case.

15" 15" 20" 10’
on T

10" 20 30 40" |
off i R

[« fault 1 ple-fault2 -

Fig. 103: A sampletest cycle.

The duration of the on sequences (normal operation) are chosen to be shorter
than in real gpplications, since for the training of the fault diagnosis systems,
only the first 10 minutes of each sequence are rdevant, until a (quasi) steady
state is reached. For the test cycles, the duration is varied between 10 and 20
minutes for the on sequences. The duration of the off sequences is varied
more in order to vary the initial conditions for the subsequent on sequences.
During the off sequences the high and low pressure levels (and temperature
levels) are equalized dowly by the migration process in the heat pump. Thus,
the initial conditions are at different pressure levels, depending on the dura-
tion of the preceding off sequence. With this method, the transients at the be-
ginning of the on sequences can be varied for each sequence, which is more
realistic.

The total duration for the training of the diagnosis system FuzzyWatch is es-
timated for the following assumptions (cf. applications of Chapter 6):

e The duration of the on sequencesis 10 minutes and the average duration
of the off sequences is 20 minutes, which adds up to 30 minutes per data
point ( = parameter set). Usually the on sequences are evaluated only.

e 10 data sequences per fault case are acquired (10 data points per cluster).
e 10 fault casesaretrained (10 fault clusters, nomina case included).

This training lasts 30x10x10 minutes, which is 50 hours or about 2 days. If
more fault cases have to be trained (for example the most common fault
combinations), or if more different operating conditions are covered, then the
duration might be longer, up to about one week.
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12.3 Running Test Cycles

12.3.2 Operating Conditions

The valve positions of the test environment (Fig. 101) are kept constant dur-
ing one test cycle. By varying the positions between the test cycles, the oper-
ating conditions are varied as well:

Heat transfer at the heat source sde. With the 3-way valves on the left of
the upper and lower brine tanks, the heat transfer from the warm medium to
the brine cycle is influenced, which refers to the heat transfer from the
ground to the brine fluid in real ground pipes.

Heat transfer at the heat sink side. With the 3-way valves on the right of
the upper and lower water tanks, the heat transfer from the water cycle to the
cold medium is influenced, which refers to the heat transfer from the water to
the room in the heating system of area building.

Inertia of the heat source side. With the mixing 3-way valve between the
warm brine tank and the cold brine tank, the total volume of the brine cycleis
changed by either activating one tank only (upper or lower position) or both
tanks (mid podition). In redity, the heat source ‘inertia refers to the type of
the ground cycle and its operating conditions.

Inertia of the heat sink side. In the same way, the ‘inertia of the water cy-
cle is influenced by the mixing valve between the cold water tank and the
warm water tank. In reality, the heat sink ‘inertia refers to the type of house
and its operating conditions.

12.3.3 Emulation

In order to test the heat pump under more redistic conditions, an emulation
of the heat source side as well as the heat sink side will be implemented in
the future. Therefore, a modd of the ground cycle and a model of the build-
ing will run in paralel to the real heat pump (Fig. 104). In redtime, these
models will calculate the setpoints for the heat pump input temperatures
(brine temperature Ty, reurn s, Water temperature Ty reurn,sp) 8S Well as the set-
points for the volumetric flows through the heat pump (brine V*y o, water
V*s) based on the measured heat pump output temperatures (Tor supplys
Twsuppy) @d on stored weather data (ground temperature Tgoung, @mbient
temperature Ta,, Solar radiation Q*agaion, €C.). Four controllers are fed by
the setpoints. The outputs of these four controllers are the inputs for a hierar-
chical control system of the test bench. Primarily they influence the positions
of the mixing valves between the upper and lower tanks for the temperature
control aswell asthe valves for flow control (cf. Fig. 101 on page 208).
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12 IMRT Test Bench

T Ta;n bient
ground Q radiation
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O

test heat pump

Fig. 104: Emulation of the ground cycle and the building.
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13 Summary and Conclusions

The diagnosis systems FuzzyWatch and HeatWatch have been tested and
validated for severa applications. Two software tools have been developed
with graphical user interfaces, which allow to visudize the diagnosis results,
and which alow to train or initialize the diagnosis systems in a convenient
way. For both diagnosis systems, the heat pump or the refrigerating machine
Is assumed to be switched on and off by the controller, which produces typi-
cal data sequences, characterized by step responses.

FuzzyWatch. In a first step, the parameters of a gray-box mode are re-
identified for each data sequence, and in a second step, the faults are classi-
fied. With this diagnosis system, single faults, gradual faults, or even simul-
taneous faults are classified with alow rate of wrong classifications. With a
smal number of sensors, alarge number of fault casesis classified (cf. Table
21).

Table 21: Fuzz/\Watch - number of required sensors, number of classified fault cases,
and classification quality (some sd ected results)

required sen- | classified | classification quality for single faults
sors (minimum) | faults (onesize)

Applicationl: [4.5tempera | 1+6fault |training data,

ZHW test bench | ture sensors cases standard clusters (cf. Table 5):
4..8% wrong classfications
without averaging

Application lll: |6 temperature |1+8fault |validation data,

Simulation data | sensors cases standard clusters (cf. Table 7):
9% wrong classifications
without averaging

Application 1V: |4.5tempera | 1+4 fault |validation data,

IMRT test ture sensors cases standard clusters (cf. Table 11):
bench (4 of which are 6..10% wrong classfications
standard) without averaging

vector clusters (cf. Table 12):
1..4% wrong classifications
without averaging

0% wrong classifications with
averaging (fault sizes 20%, 30%)
0% falsealarms
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13 Summary and Conclusions

The higher the number of sensors that are chosen for one application, the
higher the classification quality is. By averaging the identified parameters
over several data sequences before classification, the rate of wrong classifica-
tions is significantly reduced (with the tested data down to 0%). The false
alarm rate is dso minimized by appropriate methods (nomina weighting for
standard clusters or minimal fault grade for vector clusters).

The diagnosis system needs to be trained with data for the most common
fault cases (or fault combinations). The data for the fault cases has to be ac-
quired on a test bench (as in applications |1 and V) or it has to be generated
by a simulation model (as in application I11). The simulation model first has
to be vadidated with nominal data (which is donein Section 11.2.1). On atest
bench, the training data acquisition takes a few days up to one week (cf. Sec-
tion 12.3.1).

With the software tool developed, the modeling step is automated. After the
selection of the (output) signals, the corresponding submodels are defined.
The training procedure is fully automated (pressing one button).

HeatWatch. The parameters of a physical steady-state modd are re-identified
for each data sequence. The deviations to the reference parameters are then
calculated. Since no fault classification is integrated, the faults are interpreted
from the parameter deviations by the service technician or by the user. Gen-
eraly al parameters are influenced in a certain way by one fault case, be-
cause of the physical couplings between the parameters. But only one or very
few parameters change significantly, which has been shown for the data of
the IMRT test bench. Thus, the interpretation of the parameter deviations is
straightforward. The number of required sensors is given by the physical
equations (cf. Table 22 for the applications | and 1V). With this method, a
high diagnosis quality isreached. By averaging the identified parameters over
several data sequences, the rate of wrong diagnosis results is significantly re-
duced (with the tested data even to 0% for application 1V).

By measuring the electrical power input of the compressor with an energy
counter, no mass flow characteristics of the compressor have to be used to
calculate the refrigerant mass flow. By reducing the number of sensors, the
number of identifiable parameters would be reduced as well.

Apart from the initialization with nomina data, no training is needed on the
test bench. A software tool is developed, which contains the physical steady-
state equations of the heat pump modd. The initialization step can be exe-
cuted at any time by pressing one button.
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13 Summary and Conclusions

Table 22: HeatWatch - number of required sensors, number of identified parameters,
and diagnosis quality (selected results)

required sensors identified parameters,
(maximum number) diagnosis quality
Application I: 7 temperature sensors 11 parameters
Barzheim data (4 of which are standard) | 5+10 characteristics
2 pressure sensors standard deviation within one day:

1 energy counter (el. power) | (cf. Fig. 68)

ca. 10% for 7 parameters
10%..209% for 3 parameters
ca. 20% for 1 parameter

Application 1V: |7..9 temperature sensors parameters. see above
IMRT test (4 of which are standard) | 0% wrong diagnosis results with
bench 2 pressure sensors averaging (fault sizes 20%, 30%)
1 energy counter (el. power) | (cf. Table 18)
0% falsealarms

Comparing FuzzyWatch and HeatWatch. The highlights of both diagnosis
systems are shown in Table 23, which summarizes the sections above [Zogg
00]. For both diagnosis systems, the computational effort for parameter iden-
tification is rather low, since either steady-state or ARX models are used.
Nevertheless, the parameter identification algorithms can be replaced by
much faster gpproaches (cf. outlook in Chapter 14 and Appendix A). The
computationa effort for the classification step (in the case of FuzzyWatch) is
low, because the calculation of the cluster membership grades is a simple
function evaluation.

Simulation Model. A detailed physical simulation mode for an air-to-water
heat pump with an interna heat exchanger and a hot gas defrosting cycle has
been developed. The highly nonlinear modd is of order 13 with a total of 73
output variables, which are simulated. The model is designed for three
operating modes (off, on, defrosting), with one parameter set for each mode.
After hand-tuning of certain parameters, the modd has been validated with
nomina data from one heating period of aresidential building (Barzheim). It
Is used for generating training data for the fault diagnosis system Fuzzy-
Watch. Nine fault cases have been simulated by changing the corresponding
parameters.
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13 Summary and Conclusions

Table 23: Highlights of the diagnosis systems

FuzzyWatch

HeatWatch

few sensors required

displays faults directly
(fault classification included)

displays physicd parameters, which can
be interpreted in a straightforward way

no fault training is needed on the test
bench

modeling and training are automated by
the software tool

needs a physical model in steady state,
which has to be defined beforehand

low computational effort for online diag-
nosis (parameter identification and calcu-
lation of the cluster membership grades)

low computational effort for online diag-
nosis (parameter identification in steady
state)

adlows afast commercia redization, but
with sometraining effort on atest bench

alows afast commercial realization

IMRT Test Bench. In the Measurement and Control Laboratory, a fully
automated test bench has been built for an commercia brine-to-water heat
pump. In contrast to the ‘outdoor’ testsin rea buildings, here the experimen-

tal results are reproducible and the f

ault cases can be tested without any re-

strictions. A modified commercial heat pump with additional valves and sen-
sors has been used to test both diagnosis systems.
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14 Outlook

14.1 Suggestionsfor the Realization Processes

For the redization of the fault diagnosis systems, the effort has to be known
that is needed to apply the systems to a specific (new) machine or instala-
tion. Therefore, the cases of a new machine type, ascaled up or scded down
machine of the same type, or the commissioning of an individual machine of
aknown type, must be distinguished.

14.1.1 FuzzyWatch

Fig. 105 shows the redlization process for FuzzyWatch over time. For a new
machine type, one heat pump has to be modified by adding actuators and it
has to be equipped with additional sensors. On atest bench, the data of each
fault case is measured and the diagnosis system is trained. The model struc-
ture is built automatically by defining the required signals. During the train-
ing phase, the number of sensorsis reduced.

machine type A [_][ ][] l:’ . l:’ . once for each type

series A- series A series A+ once for each
scale-up / scale-down
series

automatic

modelling  reduce the I:I once for each
development number of sensors individual machine

 reduced sensor set

 standard machine

* measure several
operating points
for scaling

1

. complete sensor set
test bench of « build in faults

manufacturer (modify heat pump)
» train faults

A

classification of
start-up faults

classification of
current faults

online diagnosis

»

R L
time

start-up,
commissioning

A

operation

Fig. 105: FuzzyWatch: Realization phases over time.

Onceit is trained, the diagnosis system can be gpplied to al machines of one
series (which has to be tested by a portability check). For each scale-up or
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14 Outlook

scale-down series, the data of one machine has to be measured at one or sev-
eral operating points. Therefore, no modifications of the machine are required
and the reduced sensor set may be used. With this data, the classification sys-
tem is scaled, which means that the location of the nominal cluster or the ori-
gin of the fault vectors is determined (up-/downscal e portability). This proce-
dure can aso be carried out for each individual machine during commission-

ing.
At start-up, the faults are classified for each individual machine using the
trained diagnosis system. Any faults are analyzed and the system is opti-

mized. During operation, the current faults are classified online. From the
sizes of the faults, the condition of the machine can be concluded.

Alternatively, the fault training procedure on the test bench can be replaced
by simulations using the detailed simulation model of Chapter 11 (Fig. 106).
In this case, the simulation model has to be adapted once for a new machine
type (which is arather high effort), and the new model has to be validated on
atest bench. Therefore, just the data from the nomina (fault-free) case is re-
quired. Thus, no modifications of the machine are needed, but it has to be
equipped with a complete set of temperature and pressure sensors in order to
get vaidation data.

machine type A [ ][ ][] I:l.l:' \_H_H_’ .OncefOFGaChtYPe

series A- series A series A+ once for each
scale-up / scale-down

. . series
* simulation model

development « simulate faults I:l once for each
« train faults individual machine

* reduced sensor set
 standard machine
test bench of [ S
complete sensor set * measure several
manufacturer R EREE]) operating points

for scaling

I

A

classification of
start-up faults

classification of
current faults

online diagnosis

»

R L
time

start-up,
commissioning

A

operation

Fig. 106: FuzzyWatch with training by ssmulation: Realization phases over time.

218



14.1 Suggestions for the Realization Processes

Using the simulation model, the data for the fault cases is then generated and
the diagnosis system is trained. The rest of the realization processis identical
to the one shown in Fig. 105.

14.1.2 HeatWatch

Fig. 107 shows the redization process for HeatWatch with the realization
phases over time. For a new type of a machine, the steady-state model de-
scribed in Section 8.2 has to be adapted. On the test bench of the manufac-
turer, the data of one or several operating points are measured and the manu-
facturer’s reference parameters are identified (which may vary from the de-
sign parameters). Thisfirst initialization step has to be repeated once for each
new scale-up or scale-down series (with higher or lower heating power).

machine type A [ ][ ][] D-D |_||_||_’ .onceforeachtype

series A- series A series A+ once for each
scale-up / scale-down
series

steady state once for each
development I:’ individual machine

measure one or several
test bench of operating points
manufacturer get manufacturer
reference parameters

A

deviation of start-up parameters
and manufacturer reference par.
start-up, L
S optimization
commissioning
get start-up reference parameters
(external mass flows included)

operation deviation of current par.
and start-up reference par.

online diagnosis

»

R Ll
time

Fig. 107: HeatWatch: Realization phases over time

At start-up, the parameters are identified for each individual machine and
compared to the manufacturer’s reference parameters. Any parameter devia-
tions are analyzed, and the system is optimized. During the second initializa-
tion step, the start-up reference parameters are identified. These parameters
are not only influenced by the machine itsdf, but also by its environment.
Especially the external mass flows of a heat pump, such as the brine and wa-
ter mass flows, vary from one building to another.
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During operation, the current parameters are identified online and compared
to the gart-up reference parameters. From the parameter deviations, the con-
dition of the machine or the presence of any faults can be concluded.
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14.2 Next Steps

14.2 Next Steps

Commercial Realization. As a result of this work, the diagnosis systems
have been redized as MATLAB® software tools running on a PC, which
have been tested on the test bench. For the implementation in a commercial
heat pump controller (as a plug-in), the next realization steps will be as fol-
lows:

e Seect agpecial machine type.

e Clarify the exact preconditions, such as the number of existing sensors,
additional sensors, or available controller hardware (processor, memory,
software download options) for the specific machine type. Define the
cost limits by a cost-benefit analysis.

e  Choose the appropriate diagnosis system (FuzzyWatch or Heat\Watch)
and the methods to be applied (FuzzyWatch: the HCM2Neuro clustering
method is recommended)

e Definethe realization process. Some suggestions have been made for
both diagnosis systemsin Section 14.1. Also, the portability of the diag-
nosis systems has to be checked. In the case of Fuzzy\Watch this means,
that the system would be trained for one machine (on the test bench or by
simulation), and then it would be validated for another machine of the
same type, or even for amachine which is up- or downscaled.

e Implement the software and modify the hardware. The existing MAT-
LAB® code has to be converted to realtime code (C code). Therefore, it
has to be smplified and an appropriate user interface has to be designed
for the controller display. The fast identification methods of the Section
below are recommended.

Reducing the computational effort. In the case of Fuzzy\Watch, the parame-
ters @ areidentified by aleast-squares method. This method needs the cal cu-
lation of the pseudo-inverse of the regression matrix @', which is filled up
with al samples of one data sequence (cf. eg. (19) on page 54). Therefore the
data has to be stored during one sequence. This batch algorithm can be re-
placed by a recursive dgorithm, which updates the vaues of the parameters
@ for each sample by a fast calculation (cf. Appendix A, recursive least-
squares identification). Thus, the computational effort as well as the required
memory size is significantly reduced.
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HeatWatch needs the inversion of the regression matrix ¢, which contains the
mean vaues of the (quas) steady-state time interval (cf. eg. (76) on page
145). The matrix inversion can be replaced by a step-wise solution of the lin-
ear equation system. The modd equations (57)...(62) on page 143 are solved
in the following order:

e Therefrigerant mass flow m, is caculated on the basis of the electrical
power consumption data, Pup.

e The heat transfer parameters kAo, and kA, are calculated by the egs.
(58) and (59).

e  With the parameters above, the heat transfer parameter kA (€g. (60))
and the mass flow m',, (eq. (62)) are cal culated.

e The heat transfer parameter kA, is then calculated by eq. (57).
e Finally, the mass flow m's is calculated by eqg. (61)
These equations have to be calculated only once for any data sequence.

I ncreasing the sampling time. In the applications investigated, the sampling
time varied between 1 and 10 seconds. For future applications, alarger sam-
pling time would reduce the costs of the online data acquisition module and
reduce the required memory size for storing data. The influence of the sam-
pling time onto the diagnosis results was not systematically investigated. But
since for the diagnosis methods the signal measurements are not required to
be very precise (generally no high frequencies are used for extracting infor-
mation), a larger sampling time would be possible (maybe using an anti-
aliasing filter).

Extension to the entire heating system. The diagnosis systems presented in
thiswork are designed for the heat pump as a subsystem. But the same meth-
ods can be used for the entire heating system. FuzzyWatch can directly be ap-
plied to the entire heating system. Therefore, the modd is extended by the
additional signals (which is very simple) and the additional faults have to be
trained. As the experience with the heat pumps described here has shown, it
Is possible to classify a high number of faults with alow number of sensors.
The standard sensors of a heating system only measure the temperatures of
the water feed flow and return flow as well as the outdoor temperature. For a
detailed fault localization, additional sensors have to be installed at severa
locations in the heat distribution and emission system (or even the building).

As a first approach for HeatWatch, the model is extended with the steady-
state equations of the heat |load. By using the standard sensors only, the num-
ber of parameters will be very low. As a second approach, the parameters of
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the linear dynamic model of the heat load can be used (cf. Section 11.2.2),
which so far have been identified by an offline agorithm [Shafai 00],
[Reiner, Shafai 98]. With an online identification algorithm (ongoing project
[Wimmer 01]) some parameters of the heat load can be identified, even if the
standard sensors are used only (by using a model of reduced order). For ade-
tailed diagnos's, additional sensors are required as well.

Other applications. The presented diagnoss methods can generally be ap-
plied to any thermal plants, such as refrigerating machines, air-conditioners,
heating or ventilation systems, combined heat-and-power units, or even
power plants.

Especially in the case of FuzzyWatch, the universal gray-box modd approach
requires only very small modifications to define the input and output signals.
The classification methods are agpplicable without any modifications. Evi-
dently, the diagnosis system has to be trained with the faults of the new ap-
plication. In the case of HeatWatch, the physical model equations first have
to be defined for the new application.

FuzzyWatch and HeatWatch have been developed for gpplications that are
controlled by an on-off controller. In the heat pump applications investigated,
the data sequences are characterized by step responses. If continous control is
used instead, the on-line data processing and evaluation have to be modified,
for example by introducing an adaptive parameter identification algorithm
(cf. Appendix A, recursive least-squares identification, adaptation).

Defrosting controller. The results of either diagnosis system can be used for
controlling the activation of the defrosting cycle in an air-to-water heat pump.
FuzzyWatch has to be trained especially for the fault case ‘ evaporator icing'.
Specific tests on a test bench are needed to find out which sensors are re-
quired for this purpose. As the experience with the other fault cases shows,
the number of sensors will be low. The fault case ‘ evaporator icing’ can also
be added to the existing fault cases, or the existing fault case ‘evaporator
fouling’ can just be replaced by the fault case ‘evaporator icing’ (if fouling is
low).

Using HeatWatch, the heat transfer parameter kA, in the evaporator can be
used to diagnose icing (cf. Section 9.1). For identifying just the one parame-
ter kKA, 3..5 signds are required, which has been evaluated in [Hubacher 00]
using the equations of HeatWatch. Since this number is too high for one pa-
rameter only, it is strongly recommended that all possible parameters are
identifed for a given set of sensors and that they are used for diagnosis as
wdll.
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Persistent Excitation and Consistency Properties

Persistent Excitation. The least-squares solution for the parameters éLS in
eg. (220) (cf. Section 5.3.1) exidts, if @@ is invertible, which is the case if
the excitation is persistent [Gertler 98] [Ljung 87]. In practice, @@' has to be
well conditioned, which resultsin reliable estimates.

O 5=(@d" ) D Y (220)

Some reasons for rank defects, in the case of linearly dependent columns in
@' and thusin @@, are listed below.

e Repetitionsin the sequence would result in linearly dependent colums of
@'. The probability of repetitionsin the measured signalsis low, since
only one data sequence (off-on) is evaluated for identifying one parame-
ter set.

e Linear dependence among multiple inputs would aso result in arank de-
fect. The use of real data from the nonlinear process reduces this prob-
lem. Using the data from a smulation mode, the correlations generally
are higher (cf. Section 6.2). But with the nonlinear ssmulation model
used here, the signal correlations are sufficiently low.

e Ove-parametrization of the model would lead to linear dependence. This
Is avoided by only considering low-order models, which are first-order
ARX models or even static models (cf. Section 5.2.4).

e Datacollection under feedback control can also lead to rank defect. The
heat pump is internally controlled by the thermostatic expansion vave,
which is a P-controller (with saturations). This controller directly influ-
ences the mass flow, which is not measured. The measured temperature
signals are only indirectly influenced by the mass flow in a nonlinear
way. The external power control is realized by an on/off controller,
which has no influence during one data sequence.

Nevertheless, some badly conditioned matrices may occur. Therefore, only
the best modd approaches are selected during the training phase, by compar-
ing the model errors (cf. Section 5.3.3). If the error sizes are in the same re-
gion for two approaches, the modd with a lower order is preferred (in order
to reduce the probability of over-parametrization). If the error sizes are large,
then no modd is selected for the corresponding output signal.
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Appendix A: Identification

Consgtency. The least-squares solution in eg. (220) for n=K measurements
can a so0 be expressed by eq. (222).

y(t) =" (t)-0+e(t) (221)
. K-1 . 1k
O s(t,K) = Lgo p(t-K)p' (t- k)} kgl(ﬂ(t —-k)y(t-k) (222)

Then the consistency error for an infinite set of observations (K — «) is
given by eg. (223) with the true parameter vector &, and the equation error
at) (eg. (221)) [Gertler 98], [Ljung 87].

. 1 K-1 T -1 1 K-1
6 s(t,2)— 6o {Klim Egocﬁ(t—k)qﬁ (t—k)} L(Iim Eggﬁ(t—k)«?(t—k)}

#0= persistent =0=consistent

(223)

For an unbiased estimation the consistency error has to be zero, which is the
case if the equation error £t) has zero mean, is uncorrelated with the input
sequence, and isitself an uncorrelated (white) sequence. Under finite datasets
the estimation is generally biased. Since for the measured signals of the ac-
tual applications, the equation error &(t) is not white noise and the length of
the datasets is finite, the identified parameters are biased. But for the fault di-
agnosis systems the bias is not a principa problem, since the real parameter
values &, are not used. The bias might change from one data sequence to the
other. In the fault sengtivity analysis in Section 5.3.4, the parameter charts
allow to analyse the sensitivities and the variances even with the bias. Never-
theless, the sensitivities are sufficiently high.

Recursive Least-Squar es | dentification

The recursive least-squares (RLS) parameter identification method could op-
tionally be used for online implementation in embedded systems, where the
memory and the computational power is restricted. In [Gertler 98], [Ljung
87], and [Shafai 97], the recursive identification method below is presented.
Hereit is derived from the ‘batch’ algorithm, which isused in Section 5.3.1.

The linear regression form is given by eq. (224).
y)=¢' (1)-6+¢" (1) (224)

232



Recursive Least-Squares | dentification

The ‘batch’ agorithm for identifying the parameters from a data sequence
with K measurements is then defined by egs. (225) and (226).

Y=0T .0+E" (225)
6= (@d" ) d-Y (226)

The batch agorithm may require significant memory, since al data samples
of one sequence have to be stored in @' and Y.

Eqg. (226) can be expressed by eg. (227) (with the same number of samples

K), which is rewritten in eg. (230) using the sguare matrix Q(t,K) and the
vector p(t,K).

A K-1 Lk
o(t,K) {Z(p(t—k)(f (t—k)} Z(p(t—k)Y(t—k) (227)
k=0 k=0
K-1
QLK) =D ot-K)g' (t-k) (228)
k=0
K-1
p(t.K)=> ot -k)yt—k) (229)
k=0
a(t,K) = Q7L(t,K) - p(t, K) (230)

With a recursive data collection, Q(t,K) and p(t,K) are updated for each data
sample (egs.(231) and (232)).

Qt+1LK+1)=0Q(t,K)+pt+De" (t+1) (231)
p(t+LK+1)=pt,K)+e(t+D)y(t+1) (232)

Thus, it becomes unnecessary to form the large @' and Y, which helps to save
memory. These eguations can be used to collect the data during one se-
guence. At the end of the sequence, the parameters are computed once by eqg.

(230). But in eg. (230), the inversion of the matrix Q is still necessary, which
requires some computationa effort.

In the next step, arecursive matrix inversion is introduced (eg. (233)), which,
by using some standard formula, isthe inversion of eq. (231). Thus, the com-
putational effort is further reduced. For the diagnosis system of this work
(FuzzyWatch), the use of eg. (233) and eg. (232) for each sample, together
with the direct application of eq. (230) a the end of the data sequence, are
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Appendix A: Identification

recommended (recursive data collection with ‘batch’ parameter computa-
tion).

QL K)ot + Do’ (t+9Q7H(tK)
(233)
1+ (t+)Q 7t K)p(t +1)
Some initial values for Q*(0,0) and p(0,0) have to be defined. For example,

they could be defined by the fina values of the last data sequence (or an off-
line batch run for the first value).

Optional:

Using some algebra, the recursive parameter update in eq. (234) is cd culated
from the equations above. The parameter estimates are corrected by the
prediction error (eg. (235)).

O(t+1LK +1) = 8(t,K) +Q2(t + L K + Doo(t + De(t + 1) (234)

Qlt+1LK+1)=Q 7t K)-

et+)=y(t+1) -9 (t+DO(tK) (235)

For computation, eg. (233) is also needed to calculate the updated inverses of
Q. Thus it is not more effective than the direct application of eg. (230) with
the recursive inverse computation of eg. (233)

Adaptation:

For an adaptation of the parameters, an exponentia forgetting with “forget-
ting factor” A isintroduced (egs. (236) and (237)).

Qt+LA)=1-Q(t,A)+ot+De" (t+1) (236)
p(t+LA)=4-p(t,A)+e(t+D)y(t+1) (237)

During the batch data sequences of this work, an adaptation makes no sense.
But if the machine is controlled by a continuous controller instead of an on-
off controller, then an adaptive parameter identification would be needed.
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Residuals. Various approaches for model-based residual generation are de-
scribed in [Gertler 98].. Here the symptoms (cf. Section 3.2) are represented
by residuals.

The residuals r(t) are generated from the measured inputs u(t) and outputs
y(t) of the process (parity relations). The computational form of the residual
generator is given by eq. (238), where M(¢,8) is the nominal mode of the
process for the fault-free case and W(¢) is a“weighting” filter.

r(t) =W(g)[y(t) - M (¢,6,)u(t)] (238)

Thus, the process output is compared with the output of the nomina mode,
and a fault is represented by an increase in the residuals. Therefore, the
nomina model for the fault-free case has to be known, for example by identi-
fication of the nomina parameters &, (training of the nomina case).

The internal form of the residua generator is given by eq. (239), with the
sensitivities S(¢) to additive faults f(t) and the sensitivities S(¢) to the dis-
turbances or noise d(t).

r(t) =W(@)[Sk (9) f (t) + Sp (8)d ()] (239)

For the design, the specifications Z:(¢) and Zp(¢) are defined and eq. (240)
has to be solved for W(¢). With Zg(¢) as a diagonal matrix, the residuals are
decoupled, and with Zp(¢) as a zero matrix, the disturbances are rejected.

W(H)[Se (@) (1) Sp()d(t)]=[Zr(¢) Zp(g)] (240)

The fault sensitivities S(¢) and the sengitivities $(¢) to the disturbances or
noise have to be known from physical considerations or have to be estimated
from experiments (training of the fault cases and disturbances).

Since in the gpplication of this work and many other gpplications, most of the
faults are multiplicative, the internal form of the residual generator has to be
modified (eg. (241)). The parameter changes A are due to the faults and the
parameter changes A6, are due to the disturbances or noise (influencing the
same parameters). The modd M(¢g,6) is linearized in the parameters 8 with
the linearization matrix N(t) (eg. (242)).

r(t) =W(@)[N(t)AOg + N(t)AL, ] (241)
_| IM(¢,6) ~ dM(,0)
N(t) = 36 u(t) o - u(t) (242)
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Appendix B: From Residuals to Parameters

Parameters. A much simpler approach for handling model parametersis the
linear regression form (eq. (243)) with the one-step ahead prediction output
y (1), the regression vector ¢'(t), containing the old outputs and the inputs,
and the parameters &

y (=9 (1)-6 (243)

In asimilar way to the one described above, some primary residuals o (t) can
be defined by eq. (244). The corresponding residuals are calculated by
I’ ()=W(@)o (t). Thus, the residuals are expressed by the parameter deviations
A6, which is the sum of the parts A4- and A6-.

0oM)=¢ () 0-9 ()6 =9 (t)-AO

(244)
=" (1) A6 +9 (1) Abp

For a data sequence with K measurements, eq. (244) can be solved for the pa-
rameter deviations 46 by the least-squares method. For the diagnosis sys-
tems of thiswork, the least-squares method is directly applied to eq. (243) for
identifying the parameters 6, from which the parameter deviations 46 = 6-6,
are calculated afterwards.

Parameter Sendtivities. So far, the multiplicative faults and disturbances
have been expressed by the parameter changes 46- and 46y. In redity, the
parameters @ are a nonlinear function h of the faults f and the disturbances d
(eq. (245)). The parameter sensitivities Sk to the faults and the parameter
senditivities ', to the disturbances are expressed by linearization (eq. (246)).

6 =h(f,d) (245)
Ab: = %Af =S¢ - Af AbOy = g—gAd =5% - Ad (246)

Comparing this result to the sensitivity analysis of Section 5.3.4, the mean
parameters A6, are defined by the faults, and the uncertainties 56 are de-
fined by the disturbances or noise (cf. eq. (247)). These properties are visual -
ized in the parameter charts.

AB, =~ A 56 =~ AG, (247)

Clustering. In the case of the resdud approach, the parameters 4, of the
nomina mode have to be identified, which corresponds to finding the loca
tion of the nomina cluster in the parameter space during the training phase
(cf. Section 5.4). In the case of the residud approach, the fault sensitivities
S(¢) have to be estimated from experiments (if they are not known), which
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corresponds to finding the locations of the fault clusters in the parameter
gpace. Estimating the sengitivities Sy(¢) to the disturbances or noise is re-
placed by estimating the extents of the fault clusters (atistical properties like
standard deviations). The decoupling and disturbance rgection problem is
solved by the clustering agorithms.

Thresholds. For the residuals, thresholds have to be defined which cause an
darm. Defining the threshold for each resdual is a sofisticated procedure in
order to minimize false alarms and missed detections. Sometimes, constant
thresholds are not sufficient, which leads to adaptive thresholds. In the diag-
nosis system of Chapter 5 (FuzzyWatch), the threshold problem isless severe.
Here only the nominal weighting parameter or the minimal fault grade pa-
rameter is used to minimize fase darms (cf. Section False Alarm Tuning),
else no thresholds are needed. In the diagnosis system of Chapter 8 (Heat-
Watch), no thresholds are defined, since it is restricted to displaying the de-
viations of the current parameters without causing any alarms. If alarming is
required, thresholds would have to be defined for each parameter.

Comparison. Although the approaches used in this work seem to be quite
different from theresidua approach, they result in similar considerations. For
the gpplications of this work, the parameter identification gpproach has the
following advantages:

e  Only one parameter set is identified for one data sequence instead of a
sequence of residuas, which results in a high data reduction.

e Inthe heat pump and many other applications most faults are multiplica-
tive, which can be easily handled with parameter identification methods.

e Inthe case of physical parameters (HeatWatch), the relation between the
faults and the parameters is known. Only one parameter is or afew pa
rameters are significantly influenced by one fault and no decoupling
problem has to be solved.

e The parameter sengitivities can be easily estimated by using the
clustering algorithms (FuzzyWatch).
A disadvantage of the parameter identification method for on-line use is its

computationa effort. With the methods of Appendix A (recursive least-
squares identification) the effort is significantly reduced.
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Appendix C: Data Sheets

SATAG Natura AW110

The Natura air-to-water heat pump from SATAG® Thermotechnik AG is in-
gtalled in the residential building at Barzheim. The heat pump contains an
additional hot gas defrosting cycle and an internal heat exchanger.

Leistungsdaten in kW

/aM AW 110.1

Hi
<7

Betriebspunkt A2/ W35 A-5/W45 | A-8/ W45
Heizleistung 9.3" 8.0 7.5
Kélteleistung 6.5 4.6 4.1
(Umweltwérme)
el. Aufnahmeleistung 2.8% 3.4 3.4
COP (Leistungszahl) 3.31 2.33 2.18
Elektrische Daten Einheit Wert
Nennspannung \% 3 x 400
Betriebsstrom max. A 7.9
Anlaufstrom A 45 (30(3))
Blockierstrom LRA A 51
Absicherung in der Zuleitung A 16 trage
Warmeabgabe Einheit Wert
Heizwasserdurchsatz I/h 950
Heizwasseranschluss Zoll / pouces 1
Druckverlust Kondensator mbar 30
Vorlauftemperatur max. °C 45 (A-15)

°C 55 (A-5)
Warmegewinnung Einheit Wert
Ventilatorleistung W 220
Luftmenge m3/h 3500
max. zul. Druckverlust Zuluft- + Abluftkanal | Pa 30
Lufttemperatur min. °C -15
Abtauleistung W ca. 3300
Anteil Abtauzeit von Laufzeit % 7-17
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Warmepumpe Einheit Wert
Abmessungen (Ho6he x Breite x Tiefe) mm 1470 /1200 / 760
Gerausch (Freifeld 5m) dB 45
Kompressoren vollhermetisch Stk. / pces. 1
Arbeitsmittelfllung R407C kg 4.2

Gewicht kg 250

@ Nenn-Heizleistung nach EN 255
@ gl, Nennleistung Pnr
®) mit Anlaufstrombegrenzer

SATAG Natura BW108

The Natura brine-to-water heat pump from SATAG® Thermotechnik AG is
used in the test bench at the Measurement and Control Laboratory (IMRT).

The heat pump contains an internal heat exchanger.

Leistungsdaten in kW

a/a,wa BW108.1

Betriebspunkt BO /W35 B2/ W45 B2/ W55
Heizleistung 8.3" 8.5 8.1
Kélteleistung 6.50 6.25 5.30
(Umweltwérme)

el. Aufnahmeleistung 1.80% 2.25 2.75
COP (Leistungszahl) 4.61 3.77 2.95
Elektrische Daten Einheit Wert
Nennspannung \% 3 x400
Betriebsstrom max. A 6.6
Anlaufstrom A 39 (20(3))
Blockierstrom LRA A 43.5
Absicherung in der Zuleitung A 16 trage
Warmeabgabe Einheit Wert
Heizwasserdurchsatz I’h 700
Heizwasseranschluss Zoll / pouces 1
Druckverlust Kondensator mbar 40
Vorlauftemperatur max. °C 55
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ZHW Laboratory Heat Pump

Warmegewinnung Einheit Wert
Sole-Durchsatz I/h 2100
Sole-Anschluss Zoll / pouces 1
Druckverlust Verdampfer mbar 90
max. Sole-Eintrittstemperatur (bei hdherer °C 25
Temp. Mischer vorschalten)
min. Sole-Eintrittstemperatur °C -5
Frostschutzkonzentration (Aethylenglykol)

- fur Erdwarmesonden

- fir Flachregister % 23

% 33

Warmepumpe Einheit Wert
Abmessungen (HOhe x Breite x Tiefe) mm 970/610/610
Kompressoren vollhermetisch Stk. / pces. 1
Arbeitsmittelfillung R407c kg 2.2
Gewicht kg 120

@ Nenn-Heizleistung nach EN 255
@ gl, Nennleistung Pnr
®) mit Anlaufstrombegrenzer

ZHW Laboratory Heat Pump

The laboratory brine-to-water heat pump is integrated in the test bench at the
University of Applied Sciences a Winterthur (ZHW). The heat pump con-

tains an additional subcooler.

Operating point Unit Value
evaporation temperature °C 0
superheating temperature difference K 10
condensation temperature °C 50
power supply frequency Hz 50
compressor speed r.p.m. 1450
refrigerant R134a
brine mixture: ethylen glycol / water volumetric % 34
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Evaporator Unit Value
evaporator type plates
heat exchanger area m’ 2.14
brine input temperature °C +8
brine outlet temperature °C +3.5
brine mass flow ka/h 2045
cooling power kw 9.6
Compressor Unit Value
compressor type piston
number of cylinders 2
refrigerant accumulator volume I 15
volumetric flow (theoretic value) I/h 19'600
oil well heating power W 70
speed range r.p.m. 750..1750
frequency range Hz 25..60
power consumption kw 3
Condenser Unit Value
condenser type plates
number of plates 20
heat exchanger area m’ 0.65
water input temperature °C 37.5
water outlet temperature °C 46.5
water mass flow kg/h 1040
heating power kw 11
Subcooler Unit Value
heat exchanger type plates
number of plates 10
heat exchanger area m’ 0.29
water input temperature °C 30
water outlet temperature °C 40
water mass flow kg/h 137
heating power kw 1.6
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Simulation Model Parameters

The simulation mode is adapted to the SATAG® Natura AW110 air-to-water
heat pump, which isinstalled in the resdential building a Barzheim. The pa-
rameters are either given by the manufacturer, or they are estimated (esti-
mated parameters marked with **’ in the tables below). The parameters at the
interface of the heat pump, such as the air flow or the water flow, are meas-
ured at the particular building at Barzheim (marked with ‘™). Certain
parameters have been adjusted in order to fit the measured data (marked in
bold in the tables below). In order to adjust the heating power output, the
power consumption and the other heat flows, a power scaling factor (sc) has
been introduced.

The three parameter sets for each operation mode (on, off, defrosting) mainly
differ in the adjusted parameters (in bold). For these parameters, only the
values for the normal operation mode are listed below. However, some addi-
tional parameters have been defined for the other modes (off, defrosting),
which are marked in italics. Note that, for practical reasons, the parameters of
each module (evaporator, internal heat exchanger, ...) are combined in indi-
vidual tables below, whereas in Chapter 11, the equations of each process
(evaporation, superhedating, ...) are combined in individual Sections.

Heat Pump Power Scaling Symboal Unit Value
scaling factor SC 1.6
Evaporator Symbal Unit Value
evaporator type bundles of
pipes

number of parallel pipes 11
cross-sectional area (sum over all pipes) Ao mm’ 552.6-sc
total length of one pipe Letot m 15
*mean liquid cross-sectional area ratio e 0.5
*mass transfer rate Kir e kg/(s-bar) 1
*evaporation heat transfer parameter Kbe W/(m-K) 0.12-sc
*superheating heat transfer parameter Kb ov W/(m-K) 0.01-sc
*inertia of liquid phase Tal J/bar 300
“air flow vV, m®/s 1.3

m*a kals 1.7
*inertia of air side Ta J/IK 50
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Internal Heat Exchanger Symbol Unit Value
heat exchanger type coaxial
*total length Lhetot m 1
*evaporation heat transfer parameter Kbnee W/(m-K) 0.007-sc
*superheating heat transfer parameter Kbne,ov W/(m-K) 0.04-sc
*inertia of superheated gas Tov JIK 0.1
*inertia of subcooled liquid T JIK 1
Compressor Symbal Unit Value
compressor type scroll
*characteristics Acrp 0.06-sc
(pressure-to-mass-flow) Berp -0.4
Cemp 0.15
ermp 0
*mass flow supply efficiency ﬂmp - 0.9
*mode off: backflow valve constant Komp kg/s-bar®® |1.6-10*
*electro-mechanical efficiency Termp - 0.8
*thermal inertia of compressed gas Tenp JIK 20
Condenser Symbal Unit Value
condenser type plate
number of plates 40
*cross-sectional area Ac m? 0.002-2-sc
(sum between all plates, scaled with 2)
total height (scaled with 2) Lot m 052=1
*mass transfer rate Ker ¢ kg/(s-bar) 1
*condensation heat transfer parameter | kb W/(m-K) 20-sc
*hot gas cooling heat transfer param. ki 4 W/(m-K) 0.01-sc
*inertia of liquid phase (y J/bar 0.5
*inertia of hot gas g JIK 0.1
“water flow Vi I/h 1'400
m*W kgls 0.4
*inertia of water side T J/IK 50
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Expansion Valve / Hot-Gas valve Symboal Unit Value
valve type (superheating controller) thermostatic
*superheating setpoint 10
*controller settings Bexp 0.1

Pexp 0.36
*characteristics, valve constants Kexp, kg/s-bar®® | 0.025-sc

Kep,g kg/s-bar®® | 0.03-sc
*mode defrosting: hot-gas valve constant Kng kg/s-bar'o'5 0.016-sc
*mode defrosting: condensation ratio khq,C - 1
Icing of the Evaporator Symbal Unit Value
° = values given by [Ginsburg 99]
*scaling factor for icing effect SCice 4
*ice building parameter Kicepuild - 0.02-SCice
*self-defrosting parameter Kice,setflefr - 10°°-SCice
*enforced defrosting parameter Kice,seiflefr - 0.2:SCice
°temperature level for ice building Ticepuild °C 1
°temperature level for self-defrosting Tice selfdefr °C 0
*heat transfer reduction parameter Qe 1/kg 1
°pressure drop offset (= value without ice) | APao mbar 0.17
°pressure drop gain Kp mbar/kg 5/ SCice

The physical property data of the refrigerant R407C is defined by the poly-
nomials in Section 11.1.1. The parameters below are given by the refrigerant

manufacturer [Klea 95].

Refrigerant Data R407C | Symboals Values

critical point, eq. (186) Te, Per Pe 359K, 46.5 bar, 490 kg/m3
equation of state, eq. (187) | X, K 3.65, 5.48

equation of state, eq. (187) A, By, C -11.8, 6.96, -12.9

bubble-point temp., eq. (188) | Ay, By, Cy, Dy 229, 20.9, 1.85, 0.378
mid-point temp., eq. (189) A By Gy Din 232, 20.6, 2.05, 0.308
dew-point temp., eq. (190) Ay, By, Cqg, Dy 236, 20.3, 2.18,0.250

sat. liquid enthalpy, eq. (191) | A, B,C,D, E 132, 1225, -4212, 5045, -2528
latent heat of vap., eq. (194) | A, B,, G, D,, E 219, -1683, 6325, -8231, 3884
gas heat capacity, eq. (198) | A, B, C., D¢ -0.084, 0.0032, -1.94-10°, 36.4
liquid density, eq. (200) A, B, C,D,E,|-650,7862,-15312, 15705, -5734
saturated vapour density, A,B,C,D, -650, 7862, -15312, 15705,

eq. (201) E, 5734




Appendix C: Data Sheets

The building model is vaidated for

[Reiner, Shafai 98].

the residential building at Barzheim

Building Model Symboal Unit Value
all values given by [Reiner, Shafai 98]

heat transfer from heating water to floor KA ¢ W/K 978.3
heat transfer from floor to room KA W/K 666.3
heat transfer from room to environment KA amb W/K 104.6
total volume of heating water Vi m’ 0.19
inertia of the floor MC¢ J/IK 1.03-10’
time constant of the building . h 95.8
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