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Pumps consume roughly a fifth of the total energy consumed by electrical motors in the
world. There exists a huge potential in pump systems for energy savings and increases in
energy efficiency with using variable speed drives (VSD). VSD can provide important information on the state of the pump drive without the need for additional instrumentation.
VSD also enables a more efficient control of the pump system.
Data collected using frequency converters can be used for creating and training machine
learning algorithms. Raw measurement data can have environmental or statistical errors
that need to be filtered out using digital filters. Machine learning algorithms can then
be used for automating the remote monitoring of the pump drive, which allows detecting
faults in pump performance and thus predictive maintenance.
In this thesis a pump system process identification is studied. The use of digital filters and
machine learning in data processing is introduced. An algorithm is created to use VSD
measurements as inputs for a pump model and to provide pump system process parameter
estimations. These estimations can be used to monitor the performance and condition
of the pump. The estimates can also be used to calculate the energy consumption and
the distribution of the energy consumption components. A laboratory experiment was
conducted to validate the operation of the algorithm. Three use cases are introduced
where the algorithm is verified by testing for detecting a blockage, energy consumption
distribution calculations and detecting a cyclical pattern of the pump. The data used for
the use cases is provided by a Finnish pulp mill.
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Lappeenrannan-Lahden Teknillinen yliopisto LUT
LUT School of Energy Systems
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Pumput kuluttavat arviolta viidenneksen kaikesta sähkömoottorien kuluttumasta energiasta maailmassa. Tämä mahdollistaa suuren energiansäästömahdollisuuden sekä potentiaalin kasvattaa energiatehokkuutta käyttämällä taajuusmuuttajaohjausta. Taajuusmuuttajaohjaus mahdollistaa pumpun tilan seurannan ilman lisäsensoreita sekä mahdollistaa
tehokkaamman ohjauksen.
Taajuusmuuttajilta kerätty data on mahdollista käyttää koneoppimisen kehittämiseen ja
kouluttamiseen. Raaka mittausdata voi kuitenki sisältää ympäristöstä johtuvia tai tilastollisia virheitä jotka tarvitsee filteröidä pois käyttäen digitaalisia filttereitä. Koneoppimisalgoritmi voidaan sitten käyttä pumppujen etäseurannan automatisointiin, mikä taas mahdollistaa virhekäyttäytymisen havaitsemisen ja sen ennakoivan huollon.
Tässä diplomityössä pumpun prosessin identifiointia tutkittiin. Digitaalisten filtterien
sekä koneoppimisen periaatteita datan käsittelyssä käsiteltiin. Algoritmi kehitettiin käyttämään
taajuusmuuttajalta saatavat estimaatit pumppumallin tuloina sekä tuottamaan estimaatit
pumpun prosessin parametreille. Näillä estimaateilla on mahdollista tarkkailla pumpun
tilaa. Estimaateilla on myös mahdollista laskea pumpun energiankulutus ja sen komponenttien jakautuminen. Laboratoriomittaus suoritettiin varmentamaan algoritmin toiminta. Kolme use casea esiteltiin joissa mitattiin algoritmin kyky tunnistaa tukos, laskea
energiankulutuksen komponentit sekä havaita syklisyys pumpun prosessista. Data pumppuille saatiin suomalaiselta sellutehtaalta.
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k
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T
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V
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outlet pressure [Pa]
inlet pressure [Pa]
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coefficient of determination
torque [Nm]
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volume [m3 ]
outlet velocity [m/s]
inlet velocity [m/s]

Greek alphabet
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ω
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angular speed [rad/s]
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1

Introduction

Around 20-% of world’s energy consumption that is caused by electric motors is used by
pump systems and the pump systems consume 25–50 % of the energy that is used in the
industrial facilities (Saidur et al., 2012). This makes pumps attractive from the perspective of energy efficiency as there is potential for reduction in energy consumption. By
applying intelligent control mechanics and improving the performance and reliability of
the pump drive systems, large energy savings can be achieved (Ahonen et al., 2015; Chua
et al., 2010; Sequiera and Alahakoon, 2019). With large energy savings comes economic
and environmental benefits.
Intelligent control mechanics are mainly implemented with the use of frequency converters or VSD, which allow for the adjustment of the pumps speed (Europump et al., 2004).
This achieved by modulating the voltage or current source of the motor via frequency
converter. The possibility to variate the pumps speed reduces pump wear and improves
the performance by increase the control over the process. Benefits also come in the form
of energy and instrumentation savings. The pumps control principle is often done with
a PID controller, which is implemented with a programmable logical controller (PLC)
(Bakman et al., 2014; Vodovozov et al., 2017).
The data available in the industry is increasing due to larger processing power, wider
instrumentation, the possibility of cloud based computing and industrial internet of things
(IIoT) (Raptis et al., 2019). However it is important to note that data does not equal
information (Floridi, 2010). In order to convert the raw data into information it needs
to be processed and analyzed. By applying data-driven methods it is possible to analyze
the pumps operational performance and optimize the energy efficiency of the pumping
system (Torregrossa et al., 2017). For optimization, early fault detection for the pump
is crucial as this can reduce life time and maintenance costs, pump wear and increase
reliability and safety (Hellmann, 2002). The early fault detection can be established with
instrumentation or with mathematical algorithms that is used to obtain information from
the pumps data. These machine learning (ML) algorithms can be taught to diagnose
erroneous behavior of the pump (Bordoloi and Tiwari, 2017).

1.1

Research background

This master’s thesis is done in for the electrical industry company ABB. ABB provides
frequency converters to its clients in the industry and these frequency converters can
gather a lot of data. The frequency converter data can be used to monitor the current
system remotely and also for predictive maintenance. This thesis is part of the research
on how to utilize further the data that can be gathered through the ABB frequency converters that are a part of a drive system.
The data for this thesis was provided by a pulp mill company based in Finland. The data
is gathered from frequency converter-driven pumps and consists of the rotational speed,
9

shaft power and torque estimates of the frequency converter. The converter-driven pumps
in the pulp mill were monitored and data was gathered from the beginning of January
2018 to end of May in 2020. The sample time for the data varies depending on the pump
between 10 seconds to 10 minutes. A total of 34 pumps where examined for possible use
cases.

1.2

Objectives of the work

The objective of this thesis is to study data gathered from frequency converter-driven
pumps in order to gain information on the pump process. The possibility to refine this
data and separate the useful data points is examined.
In this thesis an algorithm that refines and processes pump data to identify the pump
system process parameters and performance is proposed. The ability of the algorithm to
identify pump system parameters and process patterns is verified with practical laboratory
measurements and use cases. With the refined pump system process parameters, provided
by the algorithm, the performance of the pump is evaluated by calculating the energy consumption and the components that consumption can be divided into.
The main research problems of this thesis are:
– Can the data provided by the frequency converter be refined to identify the pump
system process parameters (static head and coefficient for the dynamic head)?
– Can the frequency converter data be filtered to retain the valid pump operation
points for process parameter identification?
– Is it possible to determine the performance of the pump based on the energy consumption distribution and its components?
This thesis also covers the basic theory of pumps and their operation along with an
overview of signal and data processing. Additionally basics of machine learning is discussed.

1.3

The structure of the thesis

The structure of the thesis is as follows. In section 2. the pump system theory is presented. The mathematical formula and pump models and processes are discussed. Next
in section 3. the operations and principles of data preprocessing, data analytics and basics
of machine learning is described. Also the application of machine learning in the context
of the thesis is presented. In section 4., the pump process identification algorithm and its
operating principles is presented. In section 5., the practical laboratory study is conducted
and related use cases are studied. The results are presented and discussed in section 6..
Lastly, the thesis is concluded in section 7.
10

2

Pump systems

Pumps used in the industrial processes and factories do not only comprise of the pump,
but also includes the motor running the pump and a possible inverter for an efficient rotational speed control. These parts are referred to as the pump drive or pump drive train
(Ahonen et al., 2007; Viholainen, 2014). Pumping system can include the piping reservoirs and other possible pumps.
Pumps can be divided into several types based on their operating principle and structure
(Zaman et al., 2017). Pumps can be divided into two main categories which are positive
displacement pumps (PDP) and dynamic pumps. PDPs are classified to reciprocating and
rotating types. Reciprocating PDP operate by changing the internal volume of the pump
to discharge liquid and have either a plunger, piston or a diaphragm that is used to displace
the liquid (Europump et al., 2004). This operating method created a pulsating flow. In
rotating PDPs the rotors motion is used to generate the reciprocating effect and they can
have one or multiple rotors.
With dynamic pumps, there are rotary pumps and special design pumps. Special design
pumps can be for example jet pumps, electromagnetic pumps or fluid-actuated pumps
(Zaman et al., 2017). Rotary pumps can be divided into centrifugal, axial or mixed flows
and these pumps generate flow through rotating components inside a rigid casing. This
causes a pressure difference between the suction and discharge portions of the pumps and
transfers liquid through the pump. The rotating operation to the pumps leads to a steadier
flow. Also higher velocities can be reached. In Fig. 2.1 the different types of pumps are
listed by categories. In this thesis, the main focus is on centrifugal pumps.

Pump types

Positivedisplacement
pumps (PDPs)

Reciprocating

1. Plunger or piston
2. Diaphragm

Dynamic pumps

Rotating

1. Single rotor
2. Multiple rotors

Rotary

1. Centrifugal or radial exit
flows
2. Axial flows
3. Mixed flows

Special design

1. Jet pump or ejector
2. Electromagnetic pumps
for fluid metals
3. Fluid-actuated

Figure 2.1: Different pump types (Zaman et al., 2017).
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Centrifugal radial pumps have several applications and in the industry they are often used
as process pumps due to their high reliability (Gülich, 2014). Other applications include
pipeline pumps to serve as transports and cooling water pumps for high speed vertical
pumps. In industrial power generation, multistaged centrifugal pumps are used as boiler
feedpumps, while they are also suitable for passing large flow passages with foreign matter as dredge pumps.
The pump systems costs comprise of the initial costs of investing in a pump system, which
has the pump, the motor and the possible inverter. But the maintenance of the pump and
possible production losses that occur during faulty operation need to be considered along
with the energy required to operate the pump. These parts form the total investment
cost of a pump system through its life cycle. When the life cycle cost (LCC) of a pump
system is considered, the initial investment is only a fraction of the total costs (Ahonen
et al., 2007). For a mid-sized pump with an inverter the biggest investment is the energy
consumed by the pump. The LCC distribution of a mid-sized centrifugal pump with an
inverter is presented in Fig. 2.2.

Maintenance

Production losses

Energy

Investment

Figure 2.2: The distribution of LCC in a mid-sized centrifugal pump with an inverter and
a moderate electricity price (Ahonen et al., 2007).

The consumed energy of the pump amounts to 60 % of the total investment of the pump.
Maintenance and initial investment cost both account for 13 % of the total costs while
the production losses equal to 14 % of the total costs. The production losses of the pump
consist of lost production during maintenance down time and any malfunctions or faults
in the system that prevent production (Ahonen et al., 2007). Because the initial costs have
a small impact on the total life-cycle cost, the importance of energy savings and reliability
of the pump system is highlighted.

12

2.1

Pump theory

The QP and QH characteristics curves of a pump can be calculated using the values
provided by the frequency converter and model-based methods which are also known as
soft sensing methods (Tamminen et al., 2014). The static head of the pump system can be
calculated using the following equation (Gülich, 2014):
Hst = Hgeo +

p a − pe
,
ρg

(2.1)

where Hst is the static head of the system, Hgeo is the geodetic head difference of the
system, pe is the inlet pressure of the system, pa is the outlet pressure of the system, ρ is
the density of the pumped matter and g is the gravitational constant. The static head of the
system is produced by the geodetic difference and possible pressure difference between
the inlet and outlet sections of the pump system. The pump system can however produce
head even if it does not have geodetic difference. This appears as dynamic head which
is produced by the friction of the piping and the velocity of the transported matter. The
dynamic head can be calculated using the equation (Gülich, 2014):
Hdyn = ΣHr +

va2 − ve2
,
2g

(2.2)

where Hdyn is the dynamic head of the system, Hr is the head loss due to friction of the
system, ve is the inlet velocity of the system and va is the outlet velocity of the system.
The dynamic head of the pump can be further simplified to equation (Gülich, 2014):
Hdyn = kQ2 ,

(2.3)

where k is the coefficient of the dynamic head and Q is the flow rate. The coefficient of
the dynamic head k is also affected by the piping of the system. As the flow rate increases,
so does the piping resistance. The total head of the system is formed by the dynamic and
static heads of the system. Thus, we get the total head of the pump using the equation
(Gülich, 2014):
H = Hst + kQ2

(2.4)

Because manufacturers mostly provide the characteristics of a pump at their rated speed
the affinity laws are used to calculate estimations of the pumps characteristics on different
speeds (Gevorkov et al., 2017). The affinity laws of the pump with a constant diameter
can be attained with the following equations (Gülich, 2014; Sulzer Pumps, 2010):
n
Q
=
,
Q0
nnom
13

(2.5)

where n is the rotational speed of the pump and nnom refers to the nominal rotational speed
of the pump. Q0 is rated flow rate of the pump.
H
=
H0



2

n
nnom

,

(2.6)

,

(2.7)

where H0 is rated head of the pump.
P
=
P0



n

3

nnom

where P is the pump power and P0 is the rated power of the pump. These equations, allow
the estimation of the pump systems flow rate, head and power based on the rotational
speed of the pump. Affinity laws use the assumption that the pumps efficiency remains
constant while the rotational speed may change (Ahonen et al., 2017; Serbin et al., 2017).
However, the energy efficiency of the pump is not a constant value. The efficiency of the
pump can be calculated using the following equation (Gülich, 2014):
ηpump =

QρgH
,
Ppump

(2.8)

where ηpump is the energy efficiency of the pump and Ppump is the power of the used pump.
This equation can also be expressed so that the efficiency takes into consideration the
power inputted into the pump (Gülich, 2014):
ηpump =

QρgH
,
Pin

(2.9)

where Pin is the input power of the pump system.
The total energy efficiency of the pump drive train, which includes the efficiencies of the
VSD, pump and the motor of the pump is given by the following equation (Viholainen,
2014):
ηsys = ηVSD ηmotor ηpump ,

(2.10)

where ηsys is the energy efficiency of the system, ηVSD is the efficiency of the VSD and
ηmotor is the efficiency of the pumps motor.
The efficiency of a pump system can also be evaluated using the specific energy consumption Es , which equals the consumed electrical energy per flow rate. The specific
energy consumption of the pump system can be calculated using the following equation
(Viholainen, 2014):
14

Es =

Pin t
Pin
ρgH
=
=
,
V
Q
ηsys

(2.11)

where Es is the specific energy of the system, t is time and V is the volume of the pumped
matter. Specific energy can be used when determining the energy efficiency of different
flow control methods (Ahonen, 2011). As the losses and inefficient flow increase the
specific energy consumption, it is a useful indicator for the pump system.

2.2

Pump characteristics

The pump systems characteristics operation is often presented as shaft power as a function
of flow rate (QP) or head as a function of flow rate (QH) (Ahonen et al., 2017; Gevorkov
et al., 2017). These functions form curves and by adding the rotational speed of the
pump as a variable, it is possible to form several curves which describe the characteristic
operation of the pump that is under inspection. At fixed speeds the pump can be operated
along with these characteristic curves. By varying the speed of the pump we can change
the curve that is used. The operating point of the pump can be observed at the intersection
of the pump curve and the characteristics curve. Meaning that the pump can only work
in the points that are located on these characteristics curves (Gülich, 2014; Serbin et al.,
2017). The QH and QP characteristics curves of a centrifugal pump are illustrated in Fig.
2.3.

Figure 2.3: The QH and QP curves of a centrifugal pump with varying speeds of 100-rpm
steps. The system curve is presented as the blue line.
The QH and QP curves when the pump is operated at different speeds with a 100 rpm
steps. The presented pumps nominal speed of 1480 rpm is highlighted on the figure. The
blue line depicts the pump curve. The QP and QH curves are often provided by the man15

ufacturer (Gevorkov et al., 2017; Hyypiä, 2016).
While a pump can be driven in multiple operating points, it is possible to calculate a
point where the energy efficiency of the pump reaches it best efficiency point (BEP). By
calculating the energy efficiencies of multiple operating points it is possible to form a
energy efficiency map to a QH curve. Operating the pump in a high energy efficiency are
can be used to lower the power consumption and thus lower the LCC of the pump (Ahonen
et al., 2007). In Fig. 2.4 the QH curve with the efficiency curves of the centrifugal pump
and its BEP is presented.

Figure 2.4: The QH curves of a pump at a 100-rpm intervals. Efficiency of the pump
at different operating areas is displayed along with the nominal operating point i.e. best
operating point.
From the figure it is possible to identify the operating areas in which the pump would operate at its highest efficiency. However, this is not always possible, because of restrictions
such as fixed speed and pumps that are running at lower than their rated loads.
Pump system losses
As can be observed from Eq. 2.8, the efficiency of the pump is affected by several factors
such as flow rate, produced head and input power. Movement of the fluid causes friction
and the use of the pump wears it down mechanically. These and other factors cause losses
in the pump. The losses of a pump can be divided into the following categories: (Gülich,
2014)
– Mechanical losses, which occur in the bearings and shaft seals.
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– Volumetric losses, that are the leakages that are pumped by the impeller.
– Disk friction losses, which are generated in the rear and front of the impellers that
rotate in the fluid.
– friction losses, are caused by the components of axial thrust balance devices.
– throttling losses, that occur in multistage pumps as leakages between the two stages
i.e. interstage seal.
– Hydraulic losses, created by the turbulent dissipation and friction between the components of the suction and discharge nozzel. The dissipation power can be expressed as Pvh = ρ g H Q (1/ηh − 1).
– Fluid recirculation losses, resulting from a momentum exchange between the stalled
and non-separated fluid zones.
The division of the losses in a pump and the useful power is presented in Fig. 2.5. The
useful power represents the actual work that can be done by the pump. However, these
losses are only the losses that occur inside the pump. The input power given to the pump
comes through the motor and frequency converter, also referred to as variable speed drive,
which also suffer from losses.

Mechanical losses
Fluid recirculation los ses
hydraulic losses
Leakages
Disk friction losses

P

Friction los ses
Throttling loss

Useful Power

Figure 2.5: Sankey diagram of the power balance of a pump (Gülich, 2014).
When the pump and drive train losses are taken into account, we get the pump system
losses and efficiency as shown in Eq. 2.10. The efficiency of the drive train is affected
by losses of the frequency converter and the losses of the used motor, which mainly comprised of iron losses and copper losses (Jin et al., 2019).

2.3

Pump control

A pump system has variables that can be and require controlling based on the operation
requirements of the pump, such as flow rate, pressure, rotational speed. These parameters can be affected by several factors for example density of the fluid, friction from the
piping and corrosion and possible sediments (Gülich, 2014). The pump control can aim
to modify the system characteristics of a pump system or the pump characteristics and
17

can be manual or automatic. Choosing the right control method is based around plant
configuration, operation requirements and economic considerations while still providing
the pump with the flow rate and pressure intended for optimized operation. For the centrifugal pump, the control focus is in throttling control and speed control.
Throttling control
Throttling control is a traditional way to adjust the flow rate of the pump system (Wu
et al., 2017). The pump is driven in a single speed mode and the characteristics of the
pump system are controlled with a valve to achieve the desired flow rate. This method
has a simple operation, but using the valve to restrict the flow rate increases the resistance
in the pump systems piping, which increases dynamic losses. With higher dynamic losses
comes high costs and decreased efficiency. In Fig 2.6 the throttling control example is
illustrated.

Head as a function of flow rate
40

nominal curve
nominal point
throttling control, valve position = 100-%
throttling control, valve position = 75-%
throttling control, valve position = 50-%
throttling control, valve position = 40-%

35

Pump head [m]

30
25
20
15
10
5

Q4
Q2

Q3
0

0

10

20

30

40

Q1
50

60

Flow rate [l/s]

Figure 2.6: Pump system control with throttling. The throttling valve position is set so
that 100-% refers to completely open and 0-% is completely closed. The speed curve of
the pump is presented as green. The system curves at different throttle valve positions are
shown to intersect the speed curve. The changing flow rate is indicated at different valve
positions as throttling control is applied to restrict the flow rate.
The single speed driven with the pump is presented as green. The actual system curves
intersect the speed curve at the operating points. Adjusting the control valve affects the
flow rate by limiting it. This shifts the operating point of the pump along with the speed
curve, where a new system curve can be drawn. The direction of this shift is presented
with black arrows and the flow rate at different control valve positions is illustrated in
the figure. Because the operating point can only move along the speed curve in single
speed operation, excess head is produced to achieve the desired flow rate which results
in wasted energy (Gevorkov et al., 2017; Schützhold et al., 2017; Wu et al., 2017). The
minimum head needed to produce the desired flow rate can be found on the system curve
18

below the speed curve. However, this method requires the use of variable speed control.
The difference in produced head amounts to throttling losses.
Variable speed control
While in throttling control the pump is driven at a single speed, in variable speed control
the actual speed of the pump system is controlled. This is achieved using the variable
speed drive (VSD) and according to (Saidur et al., 2012), the main different types of
VSDs are: mechanical, hydraulic and electrical. Mechanical VSDs use belt drivers, chain
drivers and gear boxes to adjust the speed via coupling ratio and is low cost and simple
while hydraulic VSDs change the oil volume in their couplings to alter the speed difference between the driving and driven shafts. The electrical VSD, which is focused on in
this thesis, consists of a pump, a motor and a frequency converter. The frequency converter as mainly functions as both the power converter and the control system. The types
of VSD are also described by their method of controlling the speed: variable frequency
drive (VFD) , adjustable speed drive (ASD) and VSDs that control either the motor or the
equipment driven by the motor (Saidur et al., 2012). VFDs use power electronic components to alter the frequency of the motors input power whereas ASDs use both mechanical
and electrical methods to adjust the motor speed.
Electrical VSDs, henceforth referred to just as VSDs, adjust the speed by controlling the
input frequency, current or voltage given to the motor by the frequency converter (Sequiera and Alahakoon, 2019; Saidur et al., 2012). VSD can be used to adjust the speed
to match the changing loads. As the VSD also provides control of the input parameters,
which allows improved control over the pump system process and its parameters (Europump et al., 2004). Additionally, as a result of reduced speeds, the reliability of the system
is increased because the pump wear decreases.
Most frequency converter allow the speed and torque values of the motor to be accurately
estimated even if direct measurement is not possible due to costs or physical limitations
(Aarniovuori et al., 2017; Sequiera and Alahakoon, 2019). These estimations can be
combined with pump model based estimations, which are explained in the next chapter,
to provide soft sensing of the pumps parameters (Ahonen et al., 2017). This allows the
possibility of sensorless monitoring of the desired pump system, where the diagnostics
and operation can be done remotely. Even the pumps need for maintenance could be determined and scheduled. These remotely monitored pumps could be observed for possible
deleterious phenomena such as cavitation (Siimesjärvi, 2016). Cavitation is a phenomena
inside of a pump in which cavities filled with vapor form and collapse in the liquid of
the pump, causing mechanical wear and vibrations. VSD, soft sensor methods and control valves can also be used to emulate static head, which can be important for empirical
verification in test setups that are unable to create the required static head due to physical
limitations (Simola et al., 2019).
VSD can provide, along with remote monitoring and parameter estimations, energy savings for the pump system by reducing the energy consumption up to 40-% (Saidur et al.,
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2012). Just replacing a control valve with a VSD and thus changing from throttling control
to speed control can provide large energy savings in pump applications which require flow
regulation and is also easily retrofitted into existing pump systems (Ciontu et al., 2010;
Europump et al., 2004; Wu et al., 2017). With large savings to the energy consumption, the VSD installation payback period is short. Another energy saving applications
for the VSD and soft sensing methods are long term energy efficiency auditing, where
large pump populations are monitored and inefficiently running pump can be identified
(Pöyhönen et al., 2019). Energy savings potential can also be determined in reservoir
pumping applications (Ahonen et al., 2018, 2015).

2.4

Pump model estimation

Direct measurement of a pump systems parameters is not always possible or viable due
to system limitations or expensive costs that come with including additional measuring
equipment (Baker, 2000; Pöyhönen et al., 2019). Using the rotational speed and torque
measurements provided by the VSD can be used to estimate the operating points of the
pump system (Ahonen et al., 2011a; Ahonen, 2011; Ahonen et al., 2012, 2013). Several
different estimation methods have been developed, each with their own uses and drawbacks.Some previously developed and studied estimation methods are presented.
Basic QH-curve-based method
The basis for the QH-curve estimation method is that the flow rate versus shaft power and
flow rate versus head characteristics curves are know at nominal rotational speed of the
pump. The basic QH-curve method is based on the affinity laws i.e. Eq. 2.5 – 2.7 and
the Bernoulli equations 2.1 and 2.2 (Ahonen, 2011). In the QH method, first the pump
head needs to be calculated. This requires that the differential pressure can be calculated
(Leonow and Monnigmann, 2013). Next, with the calculated head, it is possible to numerically interpolate the estimated flow rate Qest when the rotational speed of the pump
is known. If the rotational speed differs from the nominal value, the affinity laws are
used to adjust the head value to correspond to that of the nominal speed curve. Then, the
flow rate is numerically interpolated and converted back to the current rotational speed
using affinity laws. This method requires pressure measurements with the VSD soft sensoring data and can therefore be considered a partially measurement-based estimation
(Ahonen, 2011). It provides good accuracies with large |dH/dQ|, which occur usually at
higher specific speed and less accurate estimates with lower speed and smaller |dH/dQ|
(Pöyhönen et al., 2019).
Basic QP-curve-based method
The basis for the QP-curve estimation method is that the flow rate versus shaft power and
flow rate versus head characteristics curves are know at nominal rotational speed of the
pump. When the speed differs from the nominal values, the pump curves are corrected
using the affinity laws i.e. Eq. 2.5 – 2.7. Then the estimate for the flow rate Qest can be
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numerically interpolated from the modified QP curve using the shaft power estimate Pest
provided by the VSD. Finally, the pump head estimate Hest can be from the QH curve
using the flow rate estimate read from the QP curve (Ahonen, 2011; Ahonen et al., 2012;
Tamminen et al., 2014). The estimation of a pump system operating point with the basic
QP-curve method is illustrated in Fig 2.7.
Pump curve at n est
Original pump curve at n 0

P est

Head

Shaft power

Hest

Qest

Qest

Flow rate

Figure 2.7: Pump system operating point estimation with the QP-curve method based on
the rotational speed and shaft power provided by the frequency converter. The black arrows indicate which variable is used to numerically interpolate and the red arrows indicate
the variable being numerically interpolated.
The QP-curve method requires that the QP-curve is sufficiently nonzero and has a monotonic shape for the estimation. This methods accuracy is affected at very low and high
rotational speeds (Ahonen et al., 2011a). This is because the |dP/dQ| is highest when
operating with low speeds, resulting in estimations with good accuracy and the opposite
effects when reversed (Pöyhönen et al., 2019). While the affinity laws assume that the
pump efficiency remains the same, in reality significant changes in rotational speeds can
affect the pump efficiency and pump shaft power (Ahonen et al., 2012, 2013).
Process-curve-based method
The process-curve of a pump system can be defined by Eq. 2.4, where the static head
expresses the lift of the pump system an the dynamic part describes losses caused by the
components of the system such as piping. As centrifugal pumps operate in the intersections of pump and process curves, only the speed estimate is required from the VSD. The
speed is converted with affinity laws into instantaneous rotational speed. Then using both
the process and pump curves and the speed estimate we can obtain the flow rate and the
produced head from the intersection of the curves (Ahonen et al., 2012, 2013).
The process-curve estimation method should be used in a system where the process curve
21

parameters remain constant during identification. Otherwise the accuracy of the estimation decreases. Therefore the process-curve method should be used in closed loop systems
or in systems where the process parameters are known and remain constant. The process
curve parameters Hst and k are determined with external measurements or process layout
(Ahonen et al., 2012).
Hybrid method
The hybrid method combines the two previous methods, process-curve method and the
QP-curve method. Using the QP-curve method, it is possible to determine the process
curve parameters Hst and k. Therefore it is possible to apply the process-curve method,
which allows the estimation in a region where the QP-curve is close to nonzero and
the QP-curve method would provide inaccurate estimations (Ahonen et al., 2012). This
method requires at least two operating points to determine the process-curve parameters,
but using sufficient amount of operating points at different rotational speeds can increase
the process-curve parameter estimation and result in a more accurate process curve.
QH/QP method
In the QH/QP method, both estimation methods are combined. The QH method estimation has the best accuracy when operating at a nominal flow rate or above that, whereas
the QP method estimation is more accurate at nominal flow rate and below that. This
is the result of the inherent shape of the pump characteristics curves (Tamminen et al.,
2014). To improve the accuracy of the estimation, the use of either the QH or QP method
is chosen based on the appropriate regions.
With the use of the derivative of the characteristics curve, it is possible to calculate the
estimated error of the used method. The method first uses the QH and QP methods to
estimate the flow rate and calculate the estimation errors. Then the estimation which has
the lower error is used to estimate the flow rate. In the case that the estimation errors are
close to each other, both estimations can be used with weighted estimations. If the characteristics curve produces more than one estimate for the flow rate based on a singular
head or power value, the characteristics curve can be broken down into monotonic parts.
These parts can then be used for estimation (Tamminen et al., 2014).
Hybrid QH/QP method
The hybrid QH/QP method utilizes the aforementioned hybrid method along with the
combined QH/QP method to improve the estimation. As in the hybrid method, the system curve is first estimated near nominal rotational speed. Next, the QH/QP method is
used for estimating the system curve. This method is used to increase the accuracy of
the estimation at low rotational speeds, because the relative error in power and pressure
estimations increase at lower speeds. (Ahonen et al., 2012; Tamminen et al., 2014).
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2.5

Pump process types

In a pumping system, the controlled quantity and the reference for the control affect the
operation of the pumping system while also providing identifying factors for the process.
Based on the typical control quantities of a pump system; flow rate and pressure, the
pumping systems can be classified into four general types: (Ahonen et al., 2011b)

– Constant-flow constant-pressure systems
– Variable-flow variable-pressure systems
– Constant-flow variable-pressure systems
– Variable-flow constant-pressure systems

With these quantities, it is possible to determine how the pump is driven and also derive
additional quantities of the pump, such as the fluid level of a reservoir. The typical reservoirs fluid level changes over time, which requires the pump to be driven with a certain
operation pattern. This provides identifying characteristics of the pumping process. The
tasks the pump system is used to fulfill can require sequential or constant pump operation.
Pumping tasks can be divided into process function classes: (Ahonen et al., 2011b)

– On/off-controlled repeated pumping task
– Controlled pumping in an open loop system
– Pressure-controlled pumping in an open loop network
– Process/volume flow-controlled pumping in a closed loop network

On/off repeated pumping task is the simplest process function class. An example of this
process function class is the emptying and filling of a reservoirs fluid level. In this class,
there is typically a height difference between the reservoirs fluid levels and system is
open-looped. This pumping task can be variable pressure variable flow or variable pressure constant flow (Ahonen et al., 2011b).
Controlled pumping in an open loop system is a class in which the fluid is continuously
transferred between locations. As an example for this class, is a continuous pumping to
maintain a constant fluid level between to reservoirs. As the name suggests, this class
has an open loop and can be controlled for example by fluid output pressure, flow rate or
fluid level. The tasks in this class can vary depending on the required fluid elevation or
pressure boost (Ahonen et al., 2011b).
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Pressure controlled pumping in an open loop network is a class in which the pumps task
is to provide certain constant pressure regardless of the flow rate of the fluid. A typical
example of this is the water system in which the households, offices and industry are connected to. The control is achieved via fluid pressure and is usually continuous (Ahonen
et al., 2011b).
Process/volume flow-controlled pumping in a closed loop network is a process class
which is closed loop and the flow rate or a derivative of the variable is controlled. An
example of this class is the heat exchanger. This class can be on/off, sequential or continuous. Because of the closed loop, the system curve of the process is dynamic loss heavy
and the use of speed control can be effective (Ahonen et al., 2011b).
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3

Data processing and machine learning

Data measurements can provide a lot of information alone and can even be combined for
further information. However, in measurements there can occur errors, either from the
environment or a possible statistical anomaly. These include the accuracy of the used
equipment, repeatability of the measurements, uncertainty of the readings, the confidence
level of the measurement (Baker, 2000). The measurement can even be erroneous because
of the range of the used instrumentation. Also, the possibility of measurement drifting and
calibration can affect the measurement. These can affect the estimations of the property
being measured.
The measurement data can be filtered in order to provide useful information and to remove
noise from the original signal. For this purpose, digital filters are applied. Then the data
can be used for creating and training machine learning algorithms. In this chapter, first
the concept of digital filters is discussed and then several machine learning algorithms are
introduced.

3.1

Digital filters

In order to make digital signals one needs to take continuous analog signals and sample
them at a discrete rate in order to recreate the original in a digital form signal. This is
referred to as analog-to-digital conversion (ADC) (Schlichthärle, 2011). Digital filtering
is a form of signal processing, where unwanted components or features are removed from
the original digital signal (Thyagarajan, 2019). Digital filters applications include digital
communications such as transmitting information via digital signals, digital image processing and processing and transmitting of audio signals, such as speech.
There are several different types of digital filters such as filters that remove components
either over or under a given frequency threshold i.e. cutoff frequency. Digital filters can
also be categorized by their impulse responses and structure (Schlichthärle, 2011). The
digital filter design is important, because as the filter alters the original signal, the result can be a distorted signal if the filter is designed incorrectly. The signal can become
distorted due to under- or oversampling, quantization error, channel reactance causing a
signal overlap or even timing errors (Thyagarajan, 2019).
The importance of filter design is highlighted when considering two poor filter design
practices, which are the lack of understanding either the filter parameters and their effects
or the lack of understanding the consequences of digital filtering (Widmann et al., 2015).
Everything from the filter type, filter response to the cutoff frequency should be designed
so that it produces the desired effect on the signal and avoids unwanted distortions. To
recognize filter distortions and design flaws, a couple of methods are suitable. For example, the use of test signal on the filters to observe the behaviour of the parameters and
properties. Also, inspecting the components that are filtered out can give useful information on the filters performance.
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In order to capture a digital signal it needs to be sampled at twice the rate in order to capture the original signal (Dieter et al., 2005). This is also known as the nyquist frequency.
Because of this frequency dependency, it can require a lot of power consumption. By
reducing or changing the sampling rate, the power consumption can be reduced. Varying
the sampling time can also be a way to optimize available the processing power (Schinkel
et al., 2002). Varying sampling rate can in some instances provide more accurate information with more efficiency than a static sampling rate. In situations where the measurement conditions can have sharp and dynamic changes, being able to change the sampling
rate accordingly can improve the the accuracy of the measurements (Korprasertsak and
Leephakpreeda, 2018). This would allow the high sampling rate during high frequency
changes so that the effect called aliasing can be prevented. Aliasing occurs when the sampling rate is below nyquist frequency. Combining the varying sampling time along with
measurement errors and instrumentation inaccuracies there can occur time variations that
cause control processes to be out of sync and possibly use sample data with different time
stamps, which is especially important in communication applications (Pazos et al., 2019).
Asynchronous operation between all applications is not time sensitive, but in cases of
network control systems (NCS) the varying sample times and delays in timing can lead
to instability. This can be the case when a high sampling rate can take up too much of
the networks available bandwidth and preventing access. In Osella et al. (2016) it was
proposed that the network has a centralized controller which operates synchronously and
determines the sampling rate at each sampling instant while also handling the computing.
Next, two filters, median filter and kalman filter, are introduced and their applications are
discussed.
Median filter
The median filter is widely used in statistics, but has gained applications in digital image processing and analysis, which partially be credited to its computational simplicity
and performance abilities, such as speed (Meguro and Taguchi, 2000; Pitas and Veneetsanopoulos, 1990). Median filter is considered a nonlinear filter, which handle signaldependent noise and non-Gaussian statistics in signals more efficiently than linear filters
(Solovyeva, 2016). The median filter, as the name suggests uses the median formula in
the filtering process. The median is calculated as (Pitas and Veneetsanopoulos, 1990):


xv+1 ,
med(xi ) = 1
 (xv + xv+1 ),
2

m = 2v + 1
m = 2v,

(3.1)

where the x is the ith order statistic, v is the observation window size to one direction of
the sample and m is the number of observations. By taking the median of each of the
data samples using a 2v + 1 window, we get a one dimensional median filter which is
expressed as follows (Pitas and Veneetsanopoulos, 1990):
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yi = med(xi-v , .., xi , .., xi+v )

i ∈ Z,

(3.2)

where the yi is the output of the filter sequence. This filter is also known as a moving
median.
Kalman filter
Kalman filter is is a popular algorithm in information processing named after Rudolf
E. Kálmán (Faragher, 2012). This common data fusion algorithm if favored due to its
small computational requirements, good recursive properties and the ability for optimal
estimation of one-dimensional linear systems using Gaussian error statistics. Along with
smoothing noisy data, kalman filter is suitable for parameter estimation. The kalman filter
can be expressed with the following equation:
x̂t|t = x̂t|t-1 + K t (z t − H t x̂t|t-1 ),

(3.3)

where the x̂t|t is a state vector containing the pumps variable data such as rotational speed
at time t, z t is the vector of measurements at time t, H t is the transformation matrix that
maps the pump variables into measurement domain and K t is the kalman filter gain. A
special case of kalman filter, which functions as a digital low pass filter, can be applied as
a one dimensional filter can be obtained by adjusting Eq. 3.3 (Dyason et al., 2017):
xt = xx-1 + K(zt − xt-1 ),

(3.4)

where xt is the output at time t, zt is the measurement at time t and K is the kalman gain.
The gain can be calculated with:
K=

∆t
,
τ

(3.5)

where ∆t is the time step between samples and τ the kalman gain constant. The time step
between samples is calculated with ∆t = tn − tn-1 .

3.2

Decimation

Downsampling is a process where the sampling rate of the signal data is reduced by an
integer number D. The desired sampling rate is achieved by picking out every Dth sample
of the original signal (Schlichthärle, 2011). Thus at the same time, the sampling period
is multiplied by a factor of D. If the original signal is low-pass filtered before downsampling, the resulting spectrum has continued portions without overlap. This process
of low-pass filtering and the subsequent downsampling is called decimation. In Fig. 3.1
the concept of decimation process is illustrated. The original signal f (n) is first low pass
filtered and then downsampeled by a factor of D, resulting in the decimated signal fdec (n).
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Figure 3.1: Downsampling and decimation (Schlichthärle, 2011).
The decimation process is required for signals which are sampled with a high frequency
or above the nyquist rate (Rajagopal, 2017). And while the advantages of decimation include reducing the quantization noise of the signal, the design of the decimation requires
specifications (Lei et al., 2005). The number of stages in which the decimation is done,
the decimation factors and the filters applied at each stage and when they are applied determine the efficiency of the decimation. For a simpler implementation, the decimation
process is done in several stages instead of just one. This also minimizes the power consumption and possible resource used in the hardware execution (Hyungdong et al., 2010).
The decimation process can be made more efficient depending on the implementation
structure, where if the decimation is implemented in a polyphased structure, the reduction
in required calculation is 1/D (Xu et al., 2016).

3.3

Machine learning

Machine learning refers to computer programs, which can learn new behaviour based on
their algorithms that have not been programmed in initially (Joshi, 2020). This new behaviour can manifest even in a way not expected by the programmer. ML algorithms can
learn using three different methods. They can be trained with data, a metric which compares the distance between ideal and current behaviour or a feedback mechanism which
uses a quantified error to correct the behaviour of the model with each iterations.
In order to create a program which can learn new behaviour, data is required. Data from
which the features and model are derived from and trained with to learn. A machine learning algorithm development can be divided into five steps (Nykyri, 2018). These steps are
shown in Fig. 3.2.

Data
collection

Feature
extraction
and
reduction

Model
creation

Model
validation

Deployment

Figure 3.2: Development steps of a machine learning model (Nykyri, 2018).
To develop a ML model, first data needs to be collected. From this data, the features important for the model are extracted and reduced. The reduction phase of the features aims
to remove unimportant and derivative features and dimensions. The found features are
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then used to create the model of the ML, which then needs to be validated. To validate the
model, the dataset is split into a training set and a test set. The training set is used to train
the model after which, the model is tested using the test set in order to verify the model.
A validated ML model is then ready for deployment. This workflow used in modeling the
machine learning algorithm is further illustrated in Fig. 3.3.
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Figure 3.3: Workflow of machine learning modeling (Nykyri, 2018).
The machine learning algorithms can be classified mainly into three types on whether the
input/ output data is known, if there is feedback from the environment or based on relation
of the to time (Joshi, 2020). Next, two common learning methods and algorithms that fall
under them are discussed.
3.3.1

Supervised machine learning

If we consider the ML algorithm as a black box with inputs and outputs, in supervised
machine learning (SML), the set of inputs and set of outputs of the box and its data vectors
are known (Joshi, 2020; Kauppinen, 2019). when given data with known inputs and their
corresponding outputs for training the model, the training is done in a supervised manner,
hence the term SML. After training the model can identify, based on inputs, between the
known (trained) outputs.
Two ML tasks which are used in training and building a model are classification and regression (Patil and Kulkarni, 2019). These tasks differ on how they approximate their
respective output variables, where the classification outputs discrete values or classes, the
regression provides continuous values. The support vector machine is an example of classification, while linear regression is a form of regression (Dutta et al., 2018). These ML
algorithms, along with a couple of other SML algorithms are discussed next.
Linear regression
Linear regression (LR) is a linear model of machine learning which operates using only
linear data (Joshi, 2020). It can also be considered as polynomial fitting, which defines a
linear equation with a following relationship between input xi and predicted output ŷi :

ŷi =

n
X

xij .wj + w0 ,

j=1
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(3.6)

where the ŷi is the predicted output, the wi and i = 1, ..., p are the weight parameters, the
p is the sample size and w0 is the bias. These parameters are trained with the training data
in order to find suitable values. If the model contains two or more explanatory or independent variables it is referred to as multiple linear regression (MLR) (Park et al., 2018).
The model can suffer from measurement error of explanatory variables or even possible
omission. Also, if the functional form is not suited for the given task, the resulting model
can provide inconsistent and biased outputs. MLR model applications include measurement and verification of energy efficiency methods, along with identifying operation and
maintenance problems (Wang et al., 2018). This is because the MLR is not sensitive to
sample size of the data.

Neural network
Artificial neural networks (ANN) are made up of perceptrons, which are individual framework units used for computing linear problems (Joshi, 2020). These perceptrons are usually layered into multiple layers, which are called multilayered perceptrons (MLP). The
ANN is thus a MLP, which mimicks the neural network of a human brain, by using layers
of connected synapses and neurons (Park et al., 2018). The explanatory variables function
as inputs and have response variables as outputs. These are referred to as neurons. Neurons are connected via synapses, which can only be connected to the neurons of the next
layer. Between the input and output layers, there can be added additional layers, which
have a their own constant terms or weights. These layers are called hidden layers.

As the layers of the NN can only be connected to their next layer with their synapses, the
NN has no feedback loop (Kauppinen, 2019). The network can only move forwards, and
is thus a feed-forward operation. So in order to actually train a neural network and find the
suitable weights for the hidden layers, backpropagation is needed (Joshi, 2020). In backpropagation, the weights of the NN layers start as default values, after which an input is
passed through the NN in order to gain a response output value. This value is compared to
the expected output value and error between these values is calculated. This error is then
used to update the weights of the neurons within the layer and the effect is propagated
backwards each layer of the NN, hence the term backpropagation. The backpropagation
is iterated several times until some metric falls within desired criterion (Sakthivel et al.,
2012). An example of a three input backpropagation neural network structure is presented
in Fig. 3.4.

30

Input layer
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Figure 3.4: Basic structure of an artificial backprogagation neural network (Zhang et al.,
2017).
Because the NN can use hidden layers and several inputs, they can be used to calculate
non-linear relationships between inputs and outputs (Wang et al., 2018). And while the
ANN can have issues with overfitting the data, is has been successfully used in fault detection with centrifugal pumps (Sakthivel et al., 2012).
While the basic ANN deals with data that has been gathered beforehand and is not time
sensitive, there is a form of NN which can take into account the dynamic changes of
data in relation to time. These are called recurrent neural networks (RNN) (Joshi, 2020).
They are architecturally close to MLP, but have feedback of the current state. The RNN
are suspectable to long datasets and varying trend, which can cause vanishing gradients
where the updates of the weights stop affecting the behaviour of the network due to their
small change. Also, large changes within the training dataset can cause oscillation in the
weights.
Long short-term memory (LSTM) is a type of RNN that adds memory element to the iterations of the algorithm (Kauppinen, 2019). While basic RNN may suffer from vanishing
gradient, the LSTM deals with this using memory cells, which have internal values with
error correction (Feng et al., 2019). This allows for a better capability for generalization
and less overfitting than regular feed-forward NN, which has lead to LSTM being used in
identification applications. The identification is based on the LSTM algorithms ability to
predict future values based on the following samples. The long term memory aspect of
the LSTM algorithm also allows the learning of new trends in the data without the knowledge of the earlier condition of the states, because default values can be used (Joshi, 2020).
Space vector machine
Space vector machine (SVM) is a algorithm used mainly for binary classification (Joshi,
2020). The SVM attempts to separate two classes from a dataset by dividing them with a
line called hyperplane. The hyperplane is positioned to maximize the distances between
the two groups or classes. For this purpose, the algorithm applies support vectors, which
are formed of the data points closest to the hyperplane. The training part of the SVM
involves the minimization of these data points i.e. support vectors. A basic linear binary
SVM is illustrated in Fig. 3.5.
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Figure 3.5: A basic example of a linear SVM (Ali, 2020)
The figure shows the groups divided by the hyperplane and the neighbouring support vectors, which act as margins for the separate classes. Knowing the support vectors allows
the separation of future data into one of the two known groups. For multiclass classification, the SVM needs to be separated into several binary classification models (Panda et al.,
2018). This however increases the complexity of the algorithm. The SVM has shown to
be more efficient and less time consuming in classification tasks than ANN when applied
in fault detection for motors and pumps (Raptis et al., 2019). The SVM was applied in
Dutta et al. (2018) to distinguish between faulty and non-faulty conditions in centrifugal
pumps for cavitation.
Decision tree
A decision tree (DT) is a classification method where a tree is formed with leaves, which
act as class labels or attributes and the the inner nodes provide descriptive values (Stiglic
et al., 2012). Then the DT can be used to follow the tree from its roots to its leaves by
testing the descriptions and rules of the tree. This forms a simple yet visually effective
way of observing the classification process. It also produces rules which can be efficiently
implemented in code language (Stiglic et al., 2012). The DT algorithms construct their
leaves and attributes by analysing the training data in order to find the explanatory variables and attributes with the highest information for identifying or labeling the data (Patil
and Kulkarni, 2019). These attributes are placed closer to the root of the tree and those
attributes with lower informational value are divided closer to the leaves. There lies the
final rules and class labels. The building of a DT classification algorithm can be automated and has such advantages as not requiring data normalization or discarding of blank
values (Goel and Sehgal, 2015). DT can process large datasets as wells as being able to
handle categorical and numerical data.
On of the common decision tree building algorithms is the classification and regression
tree (CART) (Joshi, 2020). The classification decision trees have, as previously discussed,
discrete class labels whereas the regression decision trees are based around the use of
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continuous values, such as coordinates. In Fig. 3.6 a basics regression decision tree is
illustrated. It shows the determination of a rule based on two variables (X and Y ) and
their numerical values.

x<a
Yes

No
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Y<b
Yes

R1

No

Yes

R2

R3

No

R4

Figure 3.6: Basic structure of a regression decision tree (Joshi, 2020).
The DT can be outperformed by some of the previously listed ML classifiers, such as
SVM (Stiglic et al., 2012). However, they are well suited for knowledge discovery when
use by experts. Decision trees are prone to grow overly complex and thus very large (Xie
and Shang, 2014). This limits the practical application of the tree and can be controlled by
cutting the size of the tree. This operation called pruning can however, destabilize the tree
or impact the trees classification abilities. Along with the complexity of the DT, one needs
to take into account the possibility of unknown variables and attributes that can be a result
of measurement equipment limitation or costs (Gavankar and Sawarkar, 2017). This can
make the formation of a DT difficult if these unknown variables are present in the training
data, resulting in a poorly trained and incorrectly classifying DT. For this purpose, the lazy
decision tree and and eager decision tree build their classification models at the prediction
time. The lazy DT only considers the known attributes whereas the eager DT constructs
one classification model during learning.
3.3.2

Unsupervised machine learning

When in supervised learning, the outcome of the data is known, in unsupervised machine
learning (USML) this is not the case. The USML attempts to discern the differences in the
given data, in which the outcome or limits of the data is not available (Kauppinen, 2019).
This is referred to as clustering and is essentially dividing samples into different groups
based on the common criteria (Joshi, 2020). This criteria is a metric such as distance. The
amount of clusters can be chosen.
The use of USML can be computationally expensive, as the these methods do not store
any weights during the calculations for repetition (Kauppinen, 2019). However, they can
be used to together with SML, where the USML is used to sort a large amount of data in
order to determine the suitable algorithm and parameters for SML (Joshi, 2020). Alternatively, with a large dataset, the SML can be first used with a small dataset so that part of
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the data can be labeled, after which the USML can be applied to the larger dataset. One
effective and simple clustering method is the k-means clustering.
k-means Clustering
k-means clustering (not to be confused with the pump system process parameter, k-value)
is an algorithm which starts with a number k of clusters to find in the given data (Joshi,
2020). The k cluster centers are randomly initialized as k samples in the training data to
discard duplicates. These training samples are then assigned to one of the k cluster centers
based on the chosen metric. After the classes are created, the centers of these classes are
updated to the means of all the samples in that class. This is then repeated until change
no longer happens in the cluster centers.
In cases where the edges of the clusters are not well defined or overlap, the algorithm
may not converge (Joshi, 2020). For these cases the algorithm can be optimized in several
ways. The stopping criterion of can be altered to allow a small change or the number of
iterations permitted can be limited. The amount of clusters can be reduced if one or more
clusters do not have enough samples within them at the end or clusters that are too close
to each other can be merged. Conversely, the clusters can be divided into two or more if
too many samples are included within them.
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4

Pump process identification algorithm

To identify the pump system process parameters and process performance from the frequency converter data, an algorithm is created. However, depending on the measurement
conditions, the process profile of the pump and the time steps between samples, the measurements include noise and possible outliers. This algorithms purpose is to preprocess
the VSD provided data i.e. rotational speed and torque estimations, smooth out any possible outliers and noise and then find operating points that would be suitable for process
curve fitting in order to gain information on the process parameters, static head Hst and kvalue. These parameters are then used to calculate the energy consumption and its components. The pump system process identification was realized in Matlab environment. The
algorithm can be considered to be formed of three parts: the data preprocessing, decision
tree process and after process filttering. The energy consumption distribution calculations
is considered separate from the actual identification algorithm.

4.1

Data collection and data pre-processing

To smooth out the noise of the rotational speed and torque estimates of the VSD, a kalman
filter algorithm, which functions as a low pass filter, is implemented as discussed in chapter 3.1. Once the raw VSD estimates of rotational speed and torque are kalman filtered,
the resulting values are then combined with the soft sensor methods in order to calculate
estimations for the shaft power, flow rate and produced head of the pump system. The
shaft power was calculated from the torque estimates using the following equation:
Pshaft = T ω = T

2πn
,
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(4.1)

where T is the torque estimation, ω is the angular speed and n is the rotational speed.
The flow rate and head of the pump are estimated with the basic QP-curve estimation
method. For this method, either a performance curve provided by the manufacturer or a
measured performance curve of the pump in question is used to apply the affinity laws.
The algorithm removes measurement points where the estimation of the operating points
with the QP-curve method is unsuccessful. Meaning that the measurement points can not
be interpolated as the affinity corrected values do not land on the modified QP curve.
After the shaft power, flow rate and head have been estimated, the possible outliers caused
by statistical error or impulse noise are filtered using a moving median filter. The window
of the filter is designed to with a fully backwards window to allow a possible practical
on-site implementation in the future. In a real time applications using a median filter with
a forward window part is not possible. The window size of the median filter is determined
based on the median difference between samples, where the window size increases as the
time step between samples increases.
As a final data preprocessing procedure, the rotational speed, torque, power, flow rate and
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head values and estimates are decimated. In Matlab the decimation function decimate has
a chebychev I type low pass filter with an order that is user determined. To prevent from
discarding too much data, the decimation order is kept low i.e. under ten. The number of
stages are kept at low prime numbers such as 2, 3 and 5. Higher decimation orders are
made up of multiples of these numbers.

4.2

Decision tree of pump process identification

To determine if an operating point could provide useful information on the pump system
process condition a decision tree was modeled using the QH graph. The decision tree
uses the rotational speed, flow rate and head variables of the pump and their derivatives
to learn the state of the pump. By examining the pumps rotational speed, shaft power and
produced head and the direction into which they are changing it is possible to find out
how the pump is operating. This is done by comparing the current operating point to the
previous operating point. Each variable can be increasing, decreasing or maintaining its
value. The order in which the variables are examined in the decision tree are in order of
rotational speed, flow rate and head. This corresponds to the accuracy of the estimates, as
the rotational speed is used as a basis for the flow rate estimation and flow rate is used as
a basis for the head estimation. The possible changes for these variables are presented in
Fig. 4.1.
QH operating point
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Curves at 100-rpm intervals
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Figure 4.1: The possible movement direction in QP-plane for the decision tree variables.
The green arrow represents possible changes in head production, blue arrow represents
flow rate change and the orange arrows represent speed change.
As each of the three variables has three possible change direction, increase, decrease, no
change, there are a total of 27 branches on the decision tree. If the speed of the pump
does not change, the operating point can only move along the speed curve, thus limiting
how the head production can change in respect to flow rate. As a result, some branches
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represent states where the pump system cannot physically be driven to such states in
which the rotational speed and flow rate remains the same, yet the head of the pump either
decreases or increases. The possible and not possible states are separated and numbered
so that the examining of the variables starts at the state in which all variables increase and
ends where all variables decrease. The state in which no variable changes is designated
as state 0. The nQH decision tree formulated based on the possible changes of a pump
systems rotational speed, flow rate and head is displayed in the Fig. 4.2.
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Figure 4.2: The decision tree for pump process identification. The nQH decision tree uses
rotational speed, flow rate and head to determine the possible states that the pump can be
shifting into.
The algorithm labels each operating point based on the changes to the previous operating
point according to the decision tree. Then the operating points can be sorted by these
states. In an ideal system with no prefiltering of the data, no error states should exist.
Because of the data filtering and possible measurement errors of the VSD it is possible that
some point are labeled as states considered not possible. From the possible states, those
that are considered as states that can provide useful information on the pumps process
are states 1 and 12. In state 1 all three variables are increasing and in state 12 all three
variables are decreasing. Thus, these states can be considered to be moving along the
pumps system curve, where state 1 moves up along the curve and state 12 moves down
along the curve. Other states are excluded because of the possibility that they are not a
part of the same process curve when considering subsequent measurements.

4.3

Pump process identification workflow

The decision tree is implemented into the algorithm with features that allow the modification of certain parameters and error handling. The decision tree process ignores points
that are in an incorrect format or where all the variables are zero as they can provide no
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information. The nominal operating point information of the pump is required as the operation points are handled as relative to the nominal point. When determining the state of
the operating point, it is possible to set rotational speed thresholds for difference between
the current and previous values in states 1 and 12 that, if are not exceeded, the operating
point is then excluded from those states. This is to prevent from forming groups of operating points that are too close to each other and could then cause a weight in the process
parameter estimation, leading to an erroneous result.
With operating points that have their states determined, the process parameter estimation
is calculated by fitting the estimated head and flow rate to a curve using the Eq. 2.4. In
Matlab environment, this was implemented by defining the equation with fittype-function
and then fitting the operating points using the fit-function. As the curve fitting requires
at least two points, the algorithm checks the time stamped previous points within a backwards time window for points with states of either 1 or 12. Depending on the threshold
mode set, the algorithm can use all found points for curve fitting or discard points that are
too close to each other. This distance between points has two modes: individual variable
distance and euclidean distance. In individual distance the algorithm checks first the absolute distance of the points rotational speed and then the distance of flow rate and finally
the head distance of points, while discarding points that are too close to each other at each
step. The remaining points are then use for curve fitting to estimate the pump system
process parameters. The euclidean mode starts with checking the absolute distance of the
points rotational speed and discarding point that are too close. In this mode, however the
distance of points is checked in the QH-plane, where the flow rate and head thresholds
are used to calculate the euclidean minimum distance that the points must be exceed in
order to be used for curve fitting the pump system process parameters. The flow chart of
the decision tree process with the euclidean threshold mode is presented in Fig. 4.3.

Start

Skip if current or
previous point is
zero and NaN

Go through all the found
points in the time
window one by one. If
the speed difference is
under threshold to other
points i.e. too close,
discard point.

Convert current
and previous n,
Q and H points
to relative to
nominal

Compare current
point to previous
point and assign
a state based on
the decision tree

Go through all the remaining
points in the time window
one by one. If the euclidean
difference in QH plane is
under threshold to other
points i.e. too close, discard
point.

If state is 1 or 12,
check if the speed
difference between
points is above the
user given
threshold. If not,
discard point

Curve fit the suited
found points using
Hst + k*Q2

Check previous
points from user
given time
window for
states 1 and 12

Store calculated
process
parameters

end

Figure 4.3: The decision tree flow chart. Euclidean threshold mode.
The process parameters are then stored along with the pump operating point information.
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The calculated values for the accuracy of the fitting, or ”goodness of fit” is also stored in
order to determine whether the estimation provided by the curve fitting is precise. These
values include the R-value and the standard deviation of the relative flow rate of the used
operating points. R-value or R2 or R-squared is the coefficient of determination, which
measures the goodness-of-fit of the given data to a desired model or a curve (Lee et al.,
2012). It is used for linear models, and is defined as the proportion of corrected sum of
squares of the model in question (Piepho, 2019).
The decision tree process is a part of the full data processing workflow. Before the data is
processed with the decision tree it is first kalman filtered, median filtered and decimated
as explained earlier. After the decision tree process, the fitted process parameters with
R-values lower than the given limit are discarded and then the data is once again median
filtered to smooth out possible outliers and noise caused by the process parameter estimates. The complete process of the algorithm in euclidean mode is presented in Fig. 4.4.
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Figure 4.4: Data processing workflow of the pump process identification algorithm.
This complete data process is designed so that it could be implemented into a near realtime system for process parameter estimation. With added features and the possibility to
tune the algorithms parameters it could be implemented into pumps with different configurations.

4.4

Energy consumption distribution

As previously discussed, there occurs losses within the pump power train and the pump
itself. by calculating the individual components of the pumps power consumption, it is
possible gather information on the pumps performance. The power distribution of the
pump power train can be divided to VSD losses, motor losses and pump losses. The actual power that can be utilized by the pump can be referred to as fluid power. Fluid power
can be further divided into power consumption of the static head and dynamic head. In
Fig. 4.5 a Sankey diagram of the distribution of the energy used by the pump system
(Gevorkov et al., 2017; Gülich, 2014; Viholainen, 2014; Wu et al., 2017).
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Figure 4.5: Energy consumption distribution Sankey diagram.
According to (Wu et al., 2017), the power consumed in overcoming the dynamic head
portion of the total head can be considered as extra energy loss, thus being wasted energy. The useful power of the pump is therefore produced by the static head and can be
calculated as follows:
Pu = Pst = ρgQHst

(4.2)

And if we apply 2.3 to the equation 4.2, we get the work that is done by the dynamic part
of the head to overcome the resistance of the pipes. This gives the energy wasted in the
dynamic head component of the process:
Pdyn = ρgQHdyn = ρgQkQ2 = ρgkQ3

(4.3)

By combining Eq. 4.2 and Eq. 4.3, we get the actual work done by the pump and the
pump losses Pploss presented in Fig. 4.5 can be calculated:
Pploss = Pshaft − (Pst + Pdyn )

(4.4)

Based on the energy components, the weekly or monthly distribution can be calculated
using trapezoidal numerical integration within the Matlab environment. The algorithm is
designed so that it uses the pump parameters of Hst and k-value estimated at time t. If the
algorithm was unable to successfully fit process curve parameters, it will use the previous
estimations. For pumps where finding suitable operating points for process parameter
estimation this method can have a large estimation error. This is because the process
parameters are updated less frequently while the shaft power is more accurately known
from the VSD estimation. The energy component distribution calculation is thus better
suited for pumps with steady process parameters over time.

4.5

Identification of the pump processes

The identification of the pump system processes and performance is not an automated
part of the algorithm. Using the process parameters provided by the algorithm it is possible to graphically examine the pumps performance as a function of time. A simple step
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change in the process parameters can be identified and be a result of a process change of
the pump. The variations of pump system process parameters can be used to identify the
pumps process, for example the if the static head of the pump varies, it could indicate a
reservoir pumping system (Ahonen et al., 2018). A reservoir pumping system could be
thus be identified by its cyclical pattern of static head. The estimated process parameters
could also be used to detect blockages. A case where both the static head and k-value
increase along with the rotational speed and power consumption while the flow rate decreases, can point to a blockage in the pump system. Combining the process parameter
data with the energy consumption distribution calculations can provide information on
whether the pumps useful work done by the static head is changing. Decreased static
head energy and increased dynamic head energy could be a result of the k-value increasing and creating a blockage within the pipes.
Another indicator of the performance of the pump is the specific energy consumption,
which can be calculated as per Eq. 2.11. Cases where the specific energy consumption increases rapidly can point to changes in the pumps process and a decrease in performance.
If the rotational speed and power consumption increases as the flow rate decreases, there
is a possibility of a blockage or a restricting valve being used. Specific energy consumption can also be used to the suitability of the used pump for the current process. A large
specific energy consumption can indicate that the used pump is oversized for the process.
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5

Experimental study

The pump process identification algorithm was tested using laboratory experiments and
processing data provided by a pulp mill company based in Finland. From the data provided, three use cases were chosen. These cases were: calculating the energy consumption
distribution, detecting a blockage with the process parameters and a case where the cyclic
process pattern was identified. For each case the pump data is analyzed with the process
identification algorithm and the results are presented. The pump and motor choices and
their sizing at the pulp mill are not considered in this study. The laboratory experiment
was conducted to verify that the algorithm can estimate the process parameters correctly.
The experiment was done at the pump laboratory at LUT university.

5.1

Experimental setup

The laboratory setup consists of a motor,a frequency converter,a pump, piping, a controllable valve and measuring equipment. The motor used to drive the pump is an 11
kW induction motor and the pump itself was a Sulzer A22-80 centrifugal pump. The
frequency converter used was a ABB ACS880 VSD with direct-torque control (DTC). a
control valve was used to create the desired resistance in the system. For the actual measurements the flow rate was measured using an ABB FEP321 electromagnetic flow meter
and pressure transducers were used to measure the pump head. The pump system was
controlled using LabVIEW software.

5.2

Laboratory experiment

A laboratory measurement was conducted to verify that the algorithm can estimate the
process parameters of a pump system correctly. The measurement was designed to emulate a blockage using a control valve. The control valve position started as completely
open and was closed off in steps. The measurement was designed to have a varying speed
profile and several valve positions to emulate a blockage formation. The laboratory measurement is shown in Fig. 5.1, where the speed profile and the valve position is presented
as a function of time.
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Figure 5.1: The speed profile of the laboratory measurement. The valve positions of
measurement depicted as -%, where 100-% refers to the valve being completely open and
0-% being completely closed.

During the measurement the valve position is kept at constant value, with a transition window between the position steps. The valve positions were 100-%, 75-%, 50-%, 40-% and
25-% where 100-% refers to the valve being completely open and 0-% being completely
closed. The speed profile is set to vary between 800 and 1300 rpm and has several large
and small speed changes to emulate different pump operation profiles, such as increase
of rotational speed over time and small speed ripple. Throughout the measurement, the
static head of the system is Hst = 0 m.

Along with the measurements from the frequency converter, the actual flow rate, head
and shaft power of the experiment were measured. However, measuring equipment is not
always available for the pump parameters. With the speed and torque measurements from
the VSD it is possible to estimate the flow rate, head and shaft power of the pump system
as a soft sensor method. This method is can be implemented to any pump system with
a VSD. For the laboratory experiment, the actual measurements, the VSD estimations
and kalman filtered VSD estimations were compared. The difference of torque and shaft
power between the actual measurement and a VSD based estimate, kalman filtered and
non filtered, is shown in Fig. 5.2.
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Figure 5.2: The relative torque and power of the experiment measurement. Presented
are the actual torque and power measurements, the torque and power estimations and
kalman filtered torque and power estimations from the frequency converter measurements
of rotational speed and torque.
The VSD estimations of the torque and shaft power of the pump system is higher than
the actual measurement for both kalman filtered and non filtered. The relative operation
point estimations have a 4-% of error for both the torque and shaft power. While the
use of kalman filter does not reduce the error to the actual measurement, it does smooth
out the noise of the estimation considerably. When shaft power and rotational speed estimated using the VSD measurements are used to estimate the operation points of the pump
system, the estimation error will have an impact on the calculations. As it is not always
possible to have access to the actual shaft power measurements and we have to rely on
the VSD estimations. The characteristics curve used for the affinity law corrections has
an impact on the estimations as well.
The laboratory measurements for characteristics curves of 1200 and 1100 rpm were conducted as single speed tests where a control valve was used to change the flow rate. The
control valve was closed off in steps and data was not logged between steps when the
valve position was changing to avoid the transient effects. The measured flow rate, head
and shaft power where then fitted into a characteristics curve with a third degree polynomial equation. As the access to actual shaft power measurements are not always available,
the shaft power used to fit the characteristics curve was estimated using the VSD torque
estimation. Laboratory measurements for characteristics curves with different rotational
speeds where conducted in order to analyze the possible difference in the performance
curves of the pump provided by the manufacturer and actual performance in the laboratory.
In Fig. 5.3 the laboratory measurement estimates calculated with the QP and QH curves
and the basic QP-curve method are shown along with different rotational speed characteristics curves. The presented rotational speed curves are nominal speed of 1450 rpm
provide by the manufacturer and 1200 rpm and 1100 rpm curves, which were measured
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at the LUT university pump laboratory.

Figure 5.3: The laboratory measurement estimates for flow rate, shaft power and head,
calculated with the QP and QH curves and the basic QP-curve method. Affinity law
estimations done with different reference speed curves are presented.
The kalman filtered versions of affinity law estimations of the QP and QH curves along
with the actual measurements are presented in Fig. 5.4. When comparing figures 5.3 and
5.4 the noise reducing effect of the kalman filter are clearly visible. As the kalman filter
smoothed the torque and power estimation it is understandable that such is also the case
with the QP and QH curves as they are derived using the torque and power estimations.

Figure 5.4: The QP and QH curves of the laboratory measurement, with kalman filtered
affinity law estimations done with different speed and using the basic QP-curve based
method.
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From the figures 5.3 and 5.4 it is possible to differentiate the different valve positions of
the measurement. With the steeper system curves where the k-value of the pump system is larger, the control valve was set to be more closed off to create more resistance.
More noise occurs in the estimates at lower flow rates and more closed off valve positions.
However, when the kalman filter is applied, the noise is significantly reduced. The laboratory measurements are also able to estimate larger portion of the measurement profile.
While at lower flow rates the laboratory measurement profile can be estimated using the
QP-curve basic method, at larger flow rates this method is not able to produce estimations. This is because the estimation error in the shaft power values provided by the VSD
affect the affinity law corrected values, where the resulting values can not be placed or
interpolated on the characteristics curve. The manufacturers curves also has a noticeable
offset to the actual measurement points when compared to the laboratory measured characteristics curves. The effects of the torque error can be seen in the 1200 rpm and 1100
characteristics curve estimations, as while the curves have little offset, they give higher
estimates for shaft power. While unable to estimate the whole measurement profile the
laboratory measured characteristics curves can be used to estimate larger portion of the
measurement profile than the manufacturers curve. Of the two, 1100 rpm curve can estimate most of the measurement profile. This is the case even with the kalman filtered
curves. Because of this, the 1100 rpm rotational speed curve is chosen to be used for
operational point estimation for the measurement data, which is then processed using the
identification algorithm.
The algorithm work flow is as stated in Fig. 4.2 and Fig. 4.3. The following parameters
were used for the pump process identification algorithm with the laboratory measurement:
– Kalman filter gain: τ = 5
– preprocessing median filter: previous 300 samples
– Data decimation: every 5th sample taken, cheby1 filter order = 12
– previous points checking time window: ∆t x decimation order x 60
– operation point speed distance threshold: 0.5-% of nominal
– operation point euclidean distance threshold: Q - 0.5-% of nominal, H - 0.5-% of
nominal
– R-squared value threshold > 0
– After algorithm processing median: all within previous 10 min
The sampling rate for the laboratory measurement is ∆t = 1 second. The sampling rate
and decimation order are taken into account when creating the time window for checking
previous points for fitting. With this, a parameter can be used to determine how many
previous points of the original dataset are possibly used for fitting. The pump used for
the laboratory measurements has a nominal motor power of 11 kW, nominal pump power
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of 9.8 kW, nominal flow rate of 37 l/s, nominal head of 21 m and nominal torque of 71.7
Nm. The estimations of rotational speed, flow rate, motor and pump power and specific
energy consumption are given in Fig. 5.5. These values are relative to their respective
nominal values. The specific energy consumption is calculated using Eq. 2.11.

Figure 5.5: The rotational speed, flow rate, motor power, pump power and specific energy consumption of laboratory measurement as a function of time. 1100 rpm laboratory
measured characteristics curve.

From the flow rate, it is possible to observe the steps of the control valve. Sharp decreases
in flow rate around times 15:00, 16:45 and 18:25 show when the valve was closed to the
next step, which is used to emulate the formation of a blockage over time. This can be
seen in reverse in the specific energy consumption, where the closing of the valve causes
a sharp increase with the final valve position of 25-% causing a significant increase. As
we know that the control valves position to be almost completely cut off at the end of the
measurement, the decreasing flow rate and increasing specific energy consumption work
as indicators of a possible blockage.
Using the 1100 rpm characteristics curve it is possible to estimate valve position steps of
25-%, 40-%, 50-% and 75-%. The QP-curve based method estimations are run through
the pump process identification algorithm and the results are presented in Fig. 5.6. The
k-values at the valve position steps have been measured for reference purposes and are
illustrated along with the estimated values.
47

Figure 5.6: The static head and k-values of the laboratory measurement as a function of
time. 1100 rpm laboratory measured characteristics curve. Reference k-values at different
valve positions are presented as red.

The decision tree process marks most of the operation points measured during the valve
position of 25-% as state 5. As a result, there are not enough operating points from that
time period to fit to a curve and identify the pump system process parameters. In state
5 of the decision tree, rotational speed increases, flow rate decreases and produced head
increases. As illustrated by Fig. 5.4, while the actual measurements show a process curve
where fitting a pump process curve is possible and thus would fall under decision tree
states 1 or 12. However, the estimated curve at valve position 25-% is sloped incorrectly
for identification, as there is no pump curve that could be fitted into it. The algorithm is
able to detect the valve positions of 40-%, 50-% and 75-%, and their respective pump system process parameters. Static head of Hst = 0 and the increasing k-value are identified.
The rapid changes in the rotational speed profile of the measurement create peaks in the
identified process parameters. Valve positions 75-% and 50-% align with the reference
k-values well, but with the 40-% there occurs offshoot. The VSD estimation error for
the shaft power and torque contributes to this offshoot with steeper process curves, where
even smaller errors of Qest cause large shifts in the k-value during curve fitting.
An example of the operational points used for the estimation is presented in Fig. 5.7. In
the figure we can see the points used for the curve fitting and the resulting process curves
at different valve positions. The time points show the timestamp, calculated value and
the amount of used points for the process parameters calculations. The valve positions
shown in these figures are 75-%, 50-% and 40-%. The figure also depicts the 1100 rpm
rotational speed curve that was used with the affinity laws to calculate the flow rate and
head estimates along with the nominal point of the pump.
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Figure 5.7: Processed laboratory measurement data. The points used for curve fitting and
their resulting process curves.
With a several suitable points available at the point time stamped ”14:45:43”, which corresponds to the valve position of 75-% shown in Fig. 5.6, the curve fitting results in a
good estimation of the process parameters with a high coefficient of determination or R2
value.
Having more points available can provide a good estimate, but decrease the R2 value
as the operational points can be dispersed in a larger area as seen from the point times
stamped ”15:55:38”, which corresponds to the valve position of 50-% in Fig 5.6. In some
cases, even with a lot of suitable points the fitting of process parameters does not result
in a good estimation. The point time stamped ”18:00:58”, which corresponds to the valve
position of 40-% in Fig. 5.6, has five points available for curve fitting, but the resulting
fit has a low R2 value. And when compared to the measured k-value in Fig. 5.6, the
k-value is estimated to be slightly larger than the actual measurement. However, even the
last process curve depicts the pumps performance as the error is caused mainly by the
estimation method and thus affects the points that are used to fit the curve.

5.3

Use case: detecting blockage with process parameters

The possibility to detect and predict blockages could help prevent pump downtime and
save in maintenance costs. As discussed in section 4.5, rising specific energy consumption
when the process of the pump has not changed can be an indicator of a forming blockage.
This can be accompanied with a rising rotational speed and power along with a decrease
in flow rate. Pump data provided by the pump mill was gone over and a pump was chosen
for this use case.
Use case pump 1
Pump designated use case pump 1 has a nominal motor power of 200 kW, a nominal
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pump power of 101 kW, nominal flow rate of 108 l/s and a nominal head of 32 m. The
pump performance data was gathered between January 2018 and January 2020. The average sampling rate for this pump was 10 seconds. The liquid pumped has the density of
1490 kg/m3 . In Fig. 5.8 the performance of the pump is presented as a function of time.
Illustrated are the rotational speed, flow rate, power and specific energy consumption of
the pump relative to the nominal values. Both the shaft power and the pump power are
presented. Specific energy is calculated using Eq. 2.11. VSD estimates of the rotational
speed and torque of the pump have been kalman filtered with a gain of τ = 5 and flow
rate and head value are estimated with the basic QP-curve based method, as previously
explained.

Figure 5.8: The rotational speed, flow rate, motor power, pump power and specific energy
consumption of use case pump 1 as a function of time.

The pump in question was chosen because the sharp increase in the specific energy consumption, which occurs at the end of 2019. Simultaneously the flow rate can be seen to
decrease. To support the theory of a forming blockage, the rotational speed and power
increase during the same time period. At around November 2019 there is a gap in the
figure because no data was gathered possibly due to an error in data logging or maintenance. The pump was analyzed with the pump process identification algorithm and the
results are presented in Fig. 5.9. The parameters of the algorithm were the same as with
the laboratory experiment, with the exception of the median filter applied before and after
the decision tree process. Based on the sampling rate of the pump data, the preprocess
median filter window was determined to be 30 minutes, with an 120 minute median filter
applied after the decision tree process.
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Figure 5.9: The static head and k-values of the use case pump 1 as a function of time.
As there is a gap in November 2019, no pump system process parameter estimations can
be calculated during that time. There are also gaps in the pump system process parameter
estimation caused by the algorithm, where the operational points that are closer to each
other than the speed or euclidean threshold are discarded. Also between the time period
of January 2018 and July 2018 there are only a few estimates for static head and kvalue which is the result of discarded close operational points and low number of desired
decision tree states of 1 or 12. Despite the gaps in estimation of the parameters, the
rising values of both the static head and the k-value can be seen. While gradual at first,
the parameters start to increase after June 2019. By the end of October 2019 the pump
system process parameters had risen significantly compared to the starting period of the
observation. This, combined with the fact that in Fig. 5.8 the flow rate decreases and
specific energy consumption increases dramatically, indicates that there is a possibility of
a blockage or the blockage was forming at the end of the observation period.

5.4

Use case: detecting cyclic process patterns

The possibility to detect a cyclical pattern in a pumps performance could help in monitoring and maintenance. If a cyclical pattern is periodical, deviation from the pattern could
indicate unwanted process change or erroneous behaviour. From the pump mill data, a
pump was chosen as a use case for cyclical pattern detection.
Use case pump 2
Pump designated use case pump 2 has a nominal motor power of 315 kW, a nominal pump
power of 219 kW, nominal flow rate of 215 l/s and a nominal head of 73 m. The pump
performance data was gathered between April 2018 and Jan 2020. The average sampling
rate for this pump was 1 minutes. The liquid pumped has the density of 1170 kg/m3 . In
Fig. 5.10 the performance of the pump is presented as a function of time. VSD estimates
of the rotational speed and torque of the pump have been kalman filtered with a gain of
τ = 5 and flow rate and head value are estimated with the basic QP-curve based method.
Based on the sampling rate of the pump data, the preprocess median filter window was
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determined to be 30 minutes, with an 120 minute median filter applied after the decision
tree process.

Figure 5.10: The rotational speed, flow rate, motor power, pump power and specific energy consumption of use case pump 2 as a function of time.

The data gathered for the pump has two notable gaps occurring at December 2018 and
November 2019. Through 2018 the pump is driven with a large deviation, indicating possible cyclical pattern. After January 2019 the pump performance shifts into a pattern with
less deviation. This shift increases the flow rate, power consumption and rotational speed,
while reducing the specific energy consumption. However, the specific energy consumption sees a change already at January 2019 and the flow rate, power and rotational speed
change their pattern notably at April 2019. The pump was analyzed with the identification algorithm for possible cyclical pattern detection, and the results are illustrated in Fig.
5.11.
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Figure 5.11: The static head and k-values of the use case pump 2 as a function of time.
The pump system process parameter estimates have a large deviation during 2018, same
as with the operational points. After April 2019 the k-value estimation outliers decrease
and less deviation occurs. During the same time the static head estimates have larger
deviation i.e. less accuracy. When examining the pump performance a cyclical pattern
could be identified from June 2018 to the end of January 2019. This pattern was most
evident during July to August in 2018. This time window for the pump system process
parameters is presented in Fig. 5.12.

Figure 5.12: The static head and k-values of the use case pump 2 as a function of time.
While from the k-value estimates the cyclical pattern is not easily distinguishable, the
static head of the pump gives a notable pattern, which ranges for around 10 m throughout
July and August. A closer inspection for a July time window is given in Fig. 5.13 where
the circulation of the static head is highlighted.
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Figure 5.13: The static head and k-values of the use case pump 2 as a function of time.
The static head ranges between roughly 45 and 55 meters while the k-value ranges from
0.001 to 0.003. The frequency of the pumps pattern is around 1.5 cycles per day. During
the patterns shift from a static head of 55 meter down to 45 meters there is fewer pump
system process parameter estimates, which is due to the algorithm discarding points that
are too close to each other and discarding decision tree states other than 1 and 12. For
the k-value the cyclical nature can be noted as ripple occurring during the shift from one
static head level to another. During the stable static head time windows of either 45 or
55 meters, the k-value can be observed to remain steady between 0.001 and 0.002. The
possible existence of a cyclical pattern is also supported by observing the QH plane in
Fig. 5.14, where the operational points from June 2018 to January 2019 presented.

Figure 5.14: Operational points in a QH plane for the use case pump 2.
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The operational points form two system curve corresponding to the static head levels of 45
m and 55 m previously mentioned. These system curves are illustrated with red example
system curves. The example curves are curve fits which where fitted at the high and low
points of the cyclical pattern. The k-values for the 45 m and 55 m example curve are
0.001352 and 0.00127, respectively.

5.5

Use case: Energy consumption distribution

In order to increase energy efficiency, minimizing the wasted energy of the pump is required. By calculating the energy consumption components, we can examine a pumps
energy performance. From the data provided by the pump mill, two pumps where chosen. The first is a stable process throughout the observation period, whereas the second
is a stable pump with a visible step in performance during the observation period. These
pumps are use case pump 3 and use case pump 4, respectively.
Use case pump 3
Pump designated use case pump 3 has a nominal motor power of 800 kW, a nominal
pump power of 195 kW, nominal flow rate of 488 l/s and a nominal head of 36 m. The
pump performance data was gathered between the end of March 2019 and end of April
2020. The average sampling rate for this pump was 10 minutes. The liquid in this pump is
assumed to have the same density as with water. In Fig. 5.15 the performance of the pump
is presented as a function of time. The pump process identification algorithms parameters
are set the same as for the fist use case, with the exception that based on the sampling rate
of the pump data, the preprocess median filter window was determined to be 180 minutes,
with an 120 minutes median filter window applied after the decision tree process.

Figure 5.15: The rotational speed, flow rate, motor power, pump power and specific energy consumption of use case pump 3 as a function of time.
While the rotational speed of the pump remains relatively constant, the flow rate and shaft
power experience fluctuation throughout the observation period. Between April 2019 and
May 2019 both the flow rate and power increase, however as this increases the values
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closer to the nominal point, the specific energy consumption decreases. This can also be
seen around December 2019 and January 2020. A noticeable drop in performance occurs
in October 2019, where the rotational speed, flow rate and power decrease, resulting in
an increased specific energy consumption. In February 2020 there was halt in production
which can be seen as a large drop in pump performance, as the pump was driven in idle.
Around November 2019, there is a gap in data during which no data is gathered. During
this time the pump was not in use, possibly due to maintenance. The pump data was run
through the identification algorithm and the results are presented in Fig. 5.16.

Figure 5.16: The static head and k-values of the use case pump 3 as a function of time.

The static head of the system is estimated to be a rather constant value, with some larger
fluctuations. In October 2019 there is a noticeable decrease in static head and increase in
the k-value of the system. This drop can also be seen in the Fig. 5.17, and is possibly
the result of changes or errors in the pump process. Because no data is available during
the a gap in November 2019, no estimates for pump system process parameters can be
calculated at that time. At the time of the halt in production at February 2020, as the
pump is driven in idle, there occurs a significant change in process parameter values. The
static head decreases close to zero meters, which could be because no work is done with
the pump. However, the k-value increases, peaking at k = 0.0034, due to the idling pump
not producing static head i.e. actual work, but still producing flow.
Finally, using the pump system process parameter estimations, the energy consumption
distribution is calculated. The calculated energy consumption components are illustrated
on a weekly basis in Fig. 5.17. The static head, dynamic head and pump losses are
presented as percentages of the total energy consumption per integrated flow.
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Figure 5.17: The energy consumption distribution of the use case pump 3 as a function
of time on a weekly basis. Specific energy consumption at nominal point presented as
reference.

The energy consumption taken by the static head component is largest of the three components. As the estimation of a rather constant static head indicated, the static head percentage of the energy consumption remains rather steady through the observation period.
However, this requires that the pump is driven with a high enough energy efficiency, as
during the halt in production where the pump is driven in idle and thus with low energy
efficiency, the portion of the total energy consumption taken by pump losses and dynamic
head increases significantly. As a result, ”wasted” energy is increased and less ”useful”
work is done. The percentage of dynamic head energy consumption increases in November 2019 after the gap of data due to possible maintenance. During a pump downtime, it
is possible for pipes to cumulate dirt from the pumped liquid, which can dry during maintenance. As the pump is started again, this can cause additional resistance in the pipes
and appear as increased dynamic head energy consumption.
Use case pump 4
Pump designated use case pump 4 has a nominal motor power of 250 kW, a nominal pump
power of 105 kW, nominal flow rate of 165 l/s and a nominal head of 56 m. The pump
performance data was gathered between the end of March 2019 and end of April 2020.
The average sampling rate for this pump was 1:30 minutes. The liquid in this pump is
assumed to have the same density as with water. In Fig. 5.18 the performance of the pump
is presented as a function of time. The pump process identification algorithms parameters
are set the same as for the fist use case, with the exception that based on the sampling rate
of the pump data, the preprocess median filter window was determined to be 60 minutes,
with an 120 minutes median filter window applied after the decision tree process.
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Figure 5.18: The rotational speed, flow rate, motor power, pump power and specific energy consumption of use case pump 4 as a function of time.
As the previous pump chosen for energy distribution use case, the rotational speed has
relatively little fluctuation. This also applies to the flow rate and power of the pump and
thus to the specific energy consumption as well. However, in October 2019 there is a step
in the pump performance, indicating a possible change in the process. This step affects
the rotational speed, flow rate, motor and pump power and specific energy consumption.
After the step, the pump performance remains at a relatively constant rate. Several short
spikes in performance can be seen throughout the observation period. As with the previous pump, there is a gap in data around November 2019 and in February 2020 there was
halt in production which can be seen as a large drop in pump performance, as the pump
was driven in idle. The pump data was run through the identification algorithm and the
results are presented in Fig. 5.19.

Figure 5.19: The static head and k-values of the use case pump 4 as a function of time.
As there is a data gap in November 2019, no pump system process parameter estimation
is available during that period. Also, during the halt in production in February 2019, there
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only a few estimations available, which is caused by the algorithm discarding operational
points that are too close to each other. During this period there is a lot of states 5 and 8
along with the desired states 1 and 12. Static head estimations for the current pump have
more deviation than the previous pump. The step increase occurring around October 2019
can be detected, as there is distinct amplitude for the static head even with the deviation.
The step increases the maximum value of the static head approximately 5 meters.
This pump was chosen for the energy distribution use case in order to determine the effects of the observed step in performance on the pumps energy efficiency. The calculated
energy consumption components are illustrated on a weekly basis in Fig. 5.20

Figure 5.20: The energy consumption distribution of the use case pump 4 as a function of
time on a weekly basis.
For the current pump, the static head component also takes up the largest energy consumption percentage. The step causes a noticeable increase in the energy consumption
after October 2019, but the relations of the three components remain roughly the same.
As with the previous pump, an increase in the dynamic head percentage occurs after the
data gap in November 2019. In February 2019 the production halt results in a rise in
energy consumption per volume. However, as there are only a few estimations available
during that time window, the energy distribution calculation relies on an old estimate for
large period of time. This can cause errors to these two weeks in terms of the distribution
of the percentage for the components.
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6

Results and discussion

The pump process identification algorithm produced by this thesis is able to estimate the
operational points from VSD data and use that data to further estimate the pump system
process parameters, static head Hst and k-value. The algorithm is able to filter and decimate the VSD data for the decision tree which categorizes operational points based on
their change from the previous operational point. Using the process parameter estimations the energy consumption for static head, dynamic head and fluid loss components
can be calculated. The algorithms parameters can be set based on the users needs and
requirements.
The algorithm can monitor the performance of the pump by calculating the process parameter estimations. This was verified with the laboratory experiment where the VSD
estimated operational points could be used to estimate the chancing pump system process parameters. The changes in these parameters can indicate a change in the pumps
process and behavior. To establish the functionality of the algorithm to identify pump
performance, three use cases were studied. The first use case where the focus was on
the algorithms ability to detect blockages, based on the increase in specific energy consumption, static head and k-value. The examined pump was a pump which was suspected
of accumulating a blockage inside the piping and this was verified by the algorithm estimating increasing process parameters. In the second use case the algorithm was used
to find the cyclical pattern of the pump, which lasted for roughly half a year and had a
frequency of 1.5 cycles a day. The algorithm was also able to detect the end of the cycle
i.e. a change in the process. In the third use case the algorithm was used to calculate the
energy distribution of two separate pumps based on the process parameter estimations.
The algorithm was used to identify the process parameters, which were then used to calculate the distribution of the energy consumption of the pumps. The energy distribution
components were the static head, dynamic head and pump losses.
These uses cases and the laboratory measurement verify the functionality of the algorithm
and the research questions of this thesis. While the algorithm is able to identify the pump
system process parameters and performance, the algorithms parameters could be more
automatic based on the pump being analyzed for example the decimation order could be
tied to the original sample size and amount of samples available. The fitting of the operational points for process parameter estimation is susceptible for errors as with fewer
points the system curve is harder to detect correctly and thus can lead to misshapen estimates. Having few points for fitting the estimates for extended periods of times can cause
deviations in the parameter estimations. With large deviation in the process parameter
estimations, the actual process of the pump can not be discerned, as it has large variations
and thus makes the energy consumption distribution calculations unreliable.
In the energy consumption distribution use cases the use case pump 3 has a steady static
head and little deviation in the k-value. And as these parameters are frequently updated
the energy calculations can be considered to represent the actual energy consumption
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distribution of the pump. While the use case pump 4 has more dispersion in its process
parameter estimations the values are updated at a frequent rate and old values are not used
often. The resulting energy component calculations are not entirely accurate, but can be
used to monitor the operation of the pump.
The accuracy of the algorithm is heavily affected by the sample time and the data available. With large gaps in the data, the algorithm has to rely on an old estimate which can
differ as time progresses. Using an old estimate for large time periods can also decreases
the accuracy and reliability of the energy consumption distribution calculation. These
gaps in data can be a result of equipment malfunction or maintenance. The frequency
of the samples has an impact on the estimates of the pump system process parameters,
as a low frequency gives less information on the operation of the pump. Having a high
sampling frequency allows for better monitoring of the pump system process and its parameters. And while high frequency can result in noise in the data, this can be filtered
using the kalman filter, median filter and decimation. Conversely, with a low sampling
frequency or small data size, the decimation order should be kept low. The sample times
for the pumps provided by the pump mill for possible analysis of the identification algorithm ranged between 10 seconds to 10 minutes. From the 34 pumps that were examined
for use cases only a third had a sample time of lower than 2 minutes. If the sampling
frequency could be increased for pumps with a higher sample time than 2 minutes and
analyzed again with the identification algorithm, the estimation accuracy could increase
and thus be considered as a follow up research problem.
The purpose of this thesis was to use VSD data for identifying the pump system process
parameters and performance monitoring. The next step is to continue the develop the
algorithm further and add machine learning capabilities. This means using the algorithm
as a part of a machine learning process where the ML can be taught to monitor and identify
the operation and processes of different pumps. Also, expanding the laboratory setup to
allow the emulation of different pump system processes in order to create teaching data
for the ML algorithm is a possible future research topic.
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7

Conclusions

In this thesis a pump process identification algorithm was created to analyze different
pumps, for which a pulp mill based in Finland provided data in the form of rotational
speed and torque estimates from a VSD. Also the theory of pump operation was discussed
along with an brief overview of digital filtering and machine learning. The concepts such
as neural networks and the decision trees where introduced. The algorithm consists of
estimating the operational points of the pump, a kalman filter, median filter, decimation, a
decision tree and curve fitting procedure. The operational points was estimated using the
QP-curve based method. The resulting process parameter estimations from the algorithm
can be used to calculate the energy consumption components and their distribution.
The algorithm was verified using a laboratory measurement and three use cases. The
laboratory measurement was used to verify the algorithms ability to estimate the pump
system process parameters and their change, while the use cases had pumps analyzed for
detecting blockage, cyclical pattern and calculating the energy consumption distribution.
In the case of blockage the process parameters static head Hst and k-value where observed
to increase over time as the blockage formed. This was also confirmed from the pulp mill
to be the case, confirming the algorithms ability to detect blockages. With the use case
of cyclical pattern a pump was found where a cycle of static head with a frequency of
1.5 cycles per day was present for a duration of six months. The third use case had two
pumps for which the energy distribution was calculated and based on the results the trend
of the pumps energy consumption distribution can be followed.
The algorithms relies on the nQH-decision tree to sort the operational points to different
categories or states based on the change in rotational speed, flow rate and produced head.
For future research, the algorithms decision tree could be changed into a version where
the operational points are categorized based on the changes of rotational speed, power and
flow rate i.e. nPQ-decision tree. This version could possibly have less estimation error,
as the head estimate is derived using the power and flow rate estimates.
The algorithm produced by this thesis is intended to be further developed into having
machine learning capabilities. The purpose is that the algorithm is a part of data preprocessing and feature extraction, following up to machine learning algorithm which could
detect and identify the pumps processes. The existing pump data could be used to teach
the ML algorithm to notify possible erroneous behaviour. The current process identification algorithm would need automating its parameters based on the pump which is under
analysis. For the best suited ML algorithm for this pump operation identification and
classification, a comparative study should be performed.
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