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1. Introduction

1.1 Background

Investigation of heat transfer mechanisms as a means to ensure good winding
health in electrical machines has been an essential exercise since the early
1900s (Symons and Walker, 1912). In recent times, thermal analysis of electrical
machines has risen to prominence as the industry’s focus has shifted towards
developing machines of higher efficiency with high energy density. These ma-
chines deliver more power per kilogram of material. While this is a favourable
situation overall, the corollary is that the power losses although lower, also tend
to be concentrated. Such motors are generally sought after in electrical propul-
sion systems where permanent magnet (PM) motors are popular as traction
motors. Concentration of losses are a threat to PM health, as they demag-
netise permanently past their Curie temperature. Compared to ferrites, the
Curie temperatures of rare-earth magnets are high - NdFeB (320°C) and SmCo
(800°C). However, the properties of NdFeB magnets are temperature sensitive,
and worsen with rise in temperature. The maximum operating temperature of
standard grade NdFeB magnets is 80°C but are generally considered to have
better magnetic performance than other PMs up to 150°C. SmCo magnets have
a higher maximum operating temperature limit, around 350 °C.

The increasing application of motors in traction applications has drawn at-
tention also to the study of stresses and material fatigue caused due to the
changing thermal loads during the motor’s drive cycle (Sikanen, 2018). Thermal
phenomena in electrical machines are hence, a common and an essential facet
of multidisciplinary studies in this field. For this reason, it also becomes a key
objective of the design process from its inception to maintain the machine’s
thermal integrity and at the same time, facilitate its optimal operation. Equally
important is also developing models for real-time monitoring of system health,
since most motors are interfaced with drives to run under varying load con-
ditions. Such direct-online applications require the peak temperatures of the
machine to be constantly assessed and monitored.
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Introduction

Several tools and means exist for understanding and modelling the physical
process of loss generation and heat flow in electrical machines. Analytical
formulations have been perfected over the years and have been fine-tuned for
different machine topologies through calibration with prototypes. In recent
times, the focus has been less on prototyping and more on developing efficient,
high-fidelity simulations for heat and mass transfer in electrical motors. Also,
as machines continue to shrink in size, it is increasingly difficult to install
temperature sensors in them. It would be handy to predict the power loss in
a domain from the measured temperatures in another part of the machine.
An answer to this might lie in inverse analysis, which is a means to obtain
retroactively the heat sources in the motor through non-local measurements.

The method of inverse thermal analysis is one that takes advantage of the
direct relationship between power loss and temperature rise. Inverse problems
have been popular among theoreticians for some decades. Over recent years,
they have emerged from this exclusivity and are increasingly being viewed as a
practical tool for engineering analysis. They have been employed for temporal
and spatial identification of sources, based on measurements and simulations.

1.2 Definitions

Listed below are few terms with their definitions and clarifications on their
usage within the context of this dissertation.

• Hot-spot: Hot regions or sections in the machine which are generally
hotter than the rest of the machine’s body.

• Frictional and windage loss: Refers to the total mechanical loss of the
motor, including the ventilator, bearing friction and windage loss due to
the rotating rotor. Both these terms – ‘frictional loss’ and ‘mechanical
loss’ are used interchangeably in the text. In places it is shortened to just
frictional loss - but still refers to the total mechanical loss. Power loss
specifically due to bearing friction is referred to as bearing loss in the text.

• Input-output method: Refers the conventional method by which the
total power loss of an electrical machine is measured. Herein, the total
loss is determined as the difference between the measured input and
output powers.

• Inverse : Inverse used in conjunction with problem/mapping/reconstruc-
tion/recovery refers to the process of determining the source from its
observed effect. This is essentially the opposite of a physical phenomenon,
which is the forward or direct process.

• Lumped loss: The term lumped loss refers to the total power loss in a
particular domain, that is applied as the heat source at the lumped node
that represents the domain in the electrical machine’s thermal network.

• Noise: Refers broadly to the errors in measurement. In this text, it is
used in the context of the temperature measurement.
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1.3 Motivation, Aim and Focus of Thesis

The triad of efficiency – power loss – temperature rise in an electrical machine
is a synergetic one. Improving machine design for higher efficiency requires
very good loss models, which should ideally make allowances for manufacturing
defects and uncertain material characteristics. Currently, loss estimations are
adjusted by the correction term of ‘additional losses’ that account for the surplus
loss measured from a prototype. This component of machine loss has no single
source, and is in fact spread out across the electromagnetic loss components.

Of all the measured entities of an electrical machine, the one that correlates di-
rectly to the power loss of a machine is its rising temperature. Taking advantage
of this relationship can pay its dividends to electrical machine engineers. Since
the processes of heat diffusion in an electrical machine are well-understood,
inverse thermal mapping from temperatures to power holds much promise and
could be developed into a veritable tool for machine analysis. This is the main
motivation behind this dissertation.

Accordingly, this work focuses on the thermal processes of an induction motor
in order to recover its losses from measured temperatures. The end objective is
to achieve a reliable means to identify and segregate power loss components in
the motor, through inverse thermal modelling techniques. The results of this
endeavour in the long run can help to improve loss models or facilitate online
measurement-prediction or condition monitoring of electrical machines.

Towards this end, the overall emphasis of this thesis is placed on investigating
the segregation of power loss of an electrical machine through inverse thermal
analysis and calorimetric measurements of its power loss. Specific attention
will be devoted to inverse thermal analysis and its feasibility in predicting the
power loss of electrical machines from its measured temperatures. A generic, 37
kW squirrel-cage induction motor is chosen as the subject of the study. In order
to attempt the inverse analysis, faithful forward models (both analytical and
numerical) of heat transfer in the motor are necessary and will be developed. Of
the many methods to solve inverse problems, least square (LS) minimization
and conjugate gradient (CG) method will be implemented. A comparative study
between these two methods would be carried out.

As evidenced by existing research, the calorimetric method of power mea-
surement is highly more accurate than the input-output method. In order to
achieve a proper loss segregation, measuring the total loss accurately is the
first step. Hence, a water-cooled calorimeter of good accuracy will be built to
validate the power loss of the 37 kW motor. Subsequently, inverse methods
will be applied to segregate the total loss measured calorimetrically into its
constituent components of stator’s and rotor’s iron and copper losses.
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1.4 Scientific Contributions

The qualitative scientific contribution of this dissertation is that it studies
inverse thermal analysis as a practical tool to analyse the power loss in electrical
motors. This area has been explored in parts in existing research, but can benefit
from more scientific interest. The key scientific contributions of the dissertation
include:

• An efficient numerical finite-element (FE) thermal model of a 37 kW
induction motor is developed using calibrated thermal parameter data
from the lumped thermal network.

• Two inverse mapping algorithms – the constrained linear least squares
and conjugate gradient method with stopping criterion were studied and
their applicability to inverse mapping of the power loss in the motor are
demonstrated. CG was found to be more suitable for use with FE models
owing to better solution accuracy and speed of solution.

• Firstly is shown that the lumped power loss components of the machine
can be recovered using the lumped thermal network of the machine, from
the measured machine temperatures that are noisy. Next, inverse mapping
of distributed losses is achieved with the motor’s 3D as well as 2D FE
models, using simulated temperature measurement as the input.

• The goodness of the 3D spatial recovery of iron losses is verified in the
stator core region of the motor. Simulated measurement data of the stator
and tooth lamination surface is used. It was seen that the LS and CG
methods achieve good accuracy in source mapping in the stator yoke and
tooth.

• CG was successfully able to map the source in the 2D FE model of the
motor, which has a realistic source distribution. The true challenges with
inverse mapping in the complex machine geometry are illustrated; the
maximum variation was found to be in the stator tooth region. The key
learning of how a large amount of prior data is needed to achieve good
mapping is noted. The study of the sensitivity of the solution to the number
and error range of measurements revealed that with a fine discretization
of the model, even the smallest error causes disturbances in the inverse
mapping.

• A water-cooled calorimeter was designed and built to measure the power
loss of a 37 kW motor. Such a construction has been seldom attempted
for motor measurement, but is demonstrably more accurate than their
air-cooled counterparts.

• The calorimetrically measured losses are separated into components using
the temperature measurements of the motor and inverse modelling. In
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this sense, inverse thermal mapping makes segregated loss estimation
with calorimeters possible.

1.5 Outline

This dissertation is laid out in the following manner. Chapter 2 offers an
overview of literature related to the specific areas this dissertation deals with.
Prominent works related to the concepts of thermal analysis of electrical ma-
chines are summarised. An introduction to inverse problems in general is given,
with more specific emphasis on inverse thermal analysis. The calorimetric
power loss measurement is covered in relation to the power loss measurement
techniques of electrical machines.

Chapter 3 presents the scientific process and methods adopted in this work.
Development of the forward thermal models is presented, along with inverse
thermal problem formulation and also the calorimetric measurement of the
losses in the 37 kW motor.

Chapter 4 presents the application of the inverse techniques and the most
important results. The recovery of the lumped losses with the thermal network
and the loss distribution with the 3D and 2D FE models are presented. The
results of the power loss measurement of the motor with the calorimeter are also
presented, along with the application of inverse thermal mapping to segregate
the total loss into its components.

Chapter 5 is the final concluding chapter of the dissertation, and explains
how the results obtained fulfill the initial objectives of the dissertation. The
key takeaways from the inverse thermal analysis of electrical machines are
summarised and some inferences are drawn. There is always more to be done,
and much to do in continuation of the current work, and this is discussed in the
final section of this dissertation.
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2. Review of Relevant Research

This chapter explores the concepts this dissertation deals with, seeking to
establish the current state of the art in these fields, by summarizing the scientific
contributions from the existing body of research. Firstly, the key points in
thermal analysis of electrical machines are covered, with a focus on the different
analytical and numerical methods used. Next, the concept of inverse thermal
analysis is explored, and the different approaches towards inverse analysis
currently existing in electrical machines are consolidated. Lastly, the main
methods and key steps behind power loss measurement of electrical machines
are reviewed. Specific attention is given to the calorimetric technique of total
loss measurement in electrical machines, which is the chosen method of loss
measurement used in this dissertation.

2.1 Thermal Analysis of Electrical Machines

2.1.1 Basic Principles

When an electrical machine operates, it generates heat as a consequence of
power loss generation. This heat transmits in the machine through conduction,
convection and radiation. To thermally analyse an electrical machine is to
understand the following :

• What is the origin of its heat sources (power loss)
• How is it transmitted through the body of the motor
• Are there any hot-spots–if so, where
• What is the best method to cool the machine
• What are the maximum operational limits of the machine
• How can the machine’s design be improved to increase its output power.

The mechanism of heat loss generation and transmission in the machine
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domains can be expressed as in (2.1).

Ωcp
@T
@t

+r · q =Q0 (2.1)

Q0 is the power density, which represents the heat source in the domain, which is
the generated resistive (Joule) and iron power loss in the machine. The first term
on the left hand side of the equation refers to the thermal energy stored in the
material during the transient state where the temperature changes over time
(@T
@t ) . Here, Ω, cp together indicate the material’s thermal capacity. The second

term r · q captures the heat transmission in the domain through conduction.
Here q =°∏rT, where ∏ is the thermal conductivity of the medium and dictates
the amount of heat that flows from its hotter extremity to the colder. The net
temperature gradient is rT.

To evaluate thermal performance was not always mandatory in machine design
as it is now. The discussion regarding the importance of analysing heat flows in
electrical machinery began only a little over 100 years ago, possibly as a way
to manage winding temperatures. Joule losses cause the temperatures of the
copper in windings to rise rather quickly. Although the temperature required
to melt copper is quite high, the insulation of the copper wiring gives way long
before that, causing the winding to short-circuit. Hence, ensuring insulation
health and avoiding hot-spots have been a strong motivator for undertaking
detailed thermal analysis of electrical machines.

One of the earliest works that establishes the typical heat flow paths in electri-
cal machines is that of Symons and Walker (1912). It discusses in much detail
the different scenarios of heat flows within the stator coil assembly (endwindings
to the coil in slot or vice-versa) and how this heat is eventually evacuated from
the machine. It also has a useful compilation of the thermal conductivities of
the electrically and thermally insulating materials found in electrical machines.
Furthermore, it summaries the heat transfer coefficients pertaining to the forced
convective cooling of coils and the core. Following this, Lamme (1916) describes
in great detail the typical manner in which heat transmits between iron, the
coil, and air – a major heat pathway in a typical rotating electrical machine.
Although Lamme (1916) observed the parallels between the laws of heat and
that of current flow, it was roughly a decade and half later until Soderberg (1931)
presented the circuit analysis solution of heat flow in electrical machines.

2.1.2 Tools for Thermal Analysis

The main methods to evaluate the thermal characteristics of a machine are
analytical lumped circuits or numerical methods. The former method, although
called ‘analytical’, makes use of many formulations that are partly or fully empir-
ical in nature. Numerical techniques include Finite Element Analysis (FEA) and
Computational Fluid Dynamics (CFD). These can be computationally heavy and
are generally restricted for use during machine design and prototyping. Thermal
networks, on the other hand, are much simpler to setup, with low system cost
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in terms of initialisation and solution time. A good summary of all the current
existing methods for thermal analysis of electrical machines is seen in Boglietti
et al. (2009b).

Thermal 
networks Numerical

FEA

CFD

Hybrid Models

Thermal Analysis

Figure 2.1. Various approaches to thermal analysis.

Lumped Thermal Networks
Lumped parameter thermal networks (LPTNs) are the thermal equivalent of
electrical circuits. They are relatively easy to formulate, but demand sufficient
prior knowledge of the heat flow paths in the machine. Each active (sites of
power-loss generation) and passive subdomain in the machine is characterized
as nodes; the temperature (potential) difference between these drives the heat
to flow. The thermal resistance of the heat flow path limits the rate of heat
flow. Between nodes of the same material medium, the thermal resistance
is conductive. If the nodes are across a solid-fluid material boundary, then
convection resistance would be in place. The heat transfer between two different
solid media is defined through contact resistances. The definitions of these and
the radiation thermal resistance are dealt with in chapter 3.

The discretisation of a thermal network depends on the resolution of tempera-
ture required. Simple lumped networks, where few nodes together represent a
motor are usually sufficient for gross approximations. Such thermal networks
of motors (Staton et al., 2008) are suited for real-time applications with motor
drives, to monitor thermal limits during overloads (Boglietti et al., 2016). These
networks are typically 1D, which implies that the domains are represented with
thermal resistances corresponding to heat flow in one direction only. This is
an effective and reasonable assumption because, in every machine subdomain,
there tends to be a direction of majority heat flow. In radial flux machines:

• the copper wires are insulated, so windings in the slot conduct heat axially.
• the core is a stack of laminated electrical steel sheets which are insulated,

favouring radial heat flow.
When a domain is represented with resistive elements for heat flows in any

two directions, it is a 2D thermal network. When precision is the priority,
such as in the case of high power density machines, a more intricate 2D or 3D,
high-fidelity network is required. Herein, it is also worthwhile to inspect the
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coolant’s temperature rise – generic thermal networks assume that the coolant’s
temperature remains constant, which is not true for regimes with open-circuit
cooling. To deal with this, the thermal network of the fluid is incorporated into
the network of the solid machine parts and solved together (Jokinen, 1997 and
Nerg et al., 2013). Alternatively, flow-network analysis (Boglietti et al., 2009b)
is also employed. Heat transport through air-flow is modelled also through the
new concept of thermal nexus circuit model (Kim and Lee, 2017), with accuracy
comparable to that of CFD. The resistance of the air-flow path is modelled based
on local air-flow conditions and flow-rate. This, and also networks of higher
complexity, can be implemented with relative ease with circuit analysis software
(MotorCAD, Spice, Saber, Aplac).

Nevertheless, a high-fidelity network requires a large set of specific informa-
tion a-priori, regarding the particular electric machine. This includes accurate
domain dimensions, thermal properties of insulation, the specifics of the coolant
flow etc., which are most often not reliably available. A considerable body of
research has been devoted to developing reliable means to estimate these pa-
rameters. Thanks to this, a reliable range of values pertaining to the common
materials found in electrical machines (Pyrhönen et al., 2008), convective heat
transfer coefficients (Kuosa, 2002; Boglietti et al., 2008; Boglietti et al., 2009a;
Boglietti et al., 2009b and Kolondzowski, 2010), and also the more difficult
contact resistances (Staton et al., 2005) is now available. Thermal network
developers usually start by choosing a median value within this range, and later
fine tune this value to match the measured temperatures of the machine. This
is referred to as calibration of the network.

Calibration of thermal networks: The biggest sources of error are in the
thermal conductivity between the winding and lamination, the various con-
tact resistances and convective resistance – especially that between the stator
endwindings/overhangs and the endspace region. These depend heavily on the
machine’s manufacturing and assembly process, not to mention its particular
topology. This is evidenced in Nategh (2013), which shows the considerable
difference in hot-spot temperatures of stator winding for various impregnation
materials at different levels of impregnation goodness. It is thus necessary to
calibrate the thermal model using measurements from a prototype machine.

Boglietti et al. (2003, 2005) present a method to calibrate thermal models of
a TEFC motor, using a steady-state thermal test of the series connected stator
winding supplied by DC. By adjusting the various thermal parameters of a
simple thermal network such as convection from the frame, contact gap between
the frame and stator lamination and winding thermal conductivity, the network
is calibrated to match the measured frame temperature and stator winding re-
sistance. For networks that elaborately model the endwinding convection, more
measurements of winding temperature are needed to calibrate the convection
coefficient.

Convection heat transfer coefficients are the next big source of error. Incropera
et al. (2007) is a good source of convection-related formulations. With respect
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to electrical machines, Howey et al. (2012) offer reliable estimates for air-gap
convection and Boglietti et al. (2007, 2009a) provide a good starting point for
modelling endwinding convection. Various heat runs of the machine at different
loading should be carried out to verify the goodness of calibration. Such an
experimental calibration of permanent magnet machines is carried out by Ayat
et al. (2016).

Numerical Thermal Analysis
Finite element analysis is mostly employed to study heat conduction. Lumped
networks usually assume a uniform loss density throughout a domain. This
is seldom the case in a real machine, as the flux density, and hence the power
loss density, within a material domain tends to be nonsymmetrical. FE thermal
and electromagnetic analyses are often coupled to achieve an accurate picture of
heat distribution, for instance in modelling heat transfer through copper and
insulation layers in stator slots (Nategh, 2013).

CFD is increasingly popular for modelling the fluid-flow, which potentially
helps engineers to find the best cooling design that maximises the capacity of
a particular machine size. The solutions tend to be highly mesh-dependent, so
careful mesh initialisation is needed. In CFD, the flow patterns and velocity
maps in the fluid volume are solved for; the sources are imposed as temperature
or heat flux boundary conditions. Important considerations for CFD analysis
and their comparative advantage are discussed by Boglietti et al. (2009b).

CFD analyses are difficult for two reasons - firstly, an accurate geometry is
necessary; secondly, miscellaneous details like the surface roughness, pressure
differences etc., are difficult to account for. In addition, the results of the CFD
analysis are difficult to verify, especially in the complex internal geometrical
spaces of the motors. They are principally done for academic interest, to ex-
plore cooling designs as done by Chiu et al. (2017) and also serve as tools to
characterise convection coefficients which can be of use later in analytical mod-
elling. For instance, CFD analysis was useful in offering averaged convection
coefficients for disk-type electrical machines as in Rasekh et al. (2015).

Another variant of FE thermal analysis called conjugate heat transfer mod-
elling refers to the simultaneous solution of solid and fluid temperature distri-
bution. Boglietti et al. (2009b) correctly pointed out that for machine design
purposes, the effect of conjugate heat transfer can be easily and better replicated
by a combination of lumped network analysis and CFD. This combination is far
less complex to implement for various small design variations. Such models are
usually referred to as hybrid thermal models. Polikarpova (2014) used CFD
and LPTN to investigate the liquid cooling of permanent magnet synchronous
machines of high power density. Kolondzovski et al. (2009) also did the same, for
a high speed PM motor. Multiphysics analysis, by coupling electromagnetic and
thermal phenomena, is also popular (Kolondzowski, 2010; Fasquelle et al., 2010
and Vansompel et al., 2015).

2D vs. 3D and solid vs. fluid: FE analysis of the 2D radial cross -section or
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2D axisymmetric model of the machine is reliable and is sufficient in most cases.
However, if endwinding thermal characteristics along with end-region cooling
is to be investigated, then modelling the 3D geometry is inevitable. Moreover,
to evaluate the effectiveness of forced internal cooling in some machine types,
and specifically in cases of high-speed machines, 3D FE thermal analysis (with
CFD) is a necessity. To reduce the computational burden involved, 2D solid
thermal distribution is solved separately and then used to initialise the 3D fluid
CFD computation, as in (Kuosa, 2002). Another approach by Kolondzovski et al.
(2009) for analysis of a high-speed permanent magnet motor was to pre-solve
the 2D fluid in CFD, and then proceed with the 3D analysis of the rest of the
motor.

2.1.3 Review of Thermal Analysis of Induction Motors

Induction motors are the most common type of electrical motors and much re-
search has gone into their thermal characterisation. A lumped thermal network
for cage induction motors was developed in Kylander (1995)’s doctoral disserta-
tion. Mellor et al. (1991) described the lumped network construction for totally
enclosed fan-cooled induction motors (TEFC) in particular. The work detailed
the many formulations for defining the conduction resistances for the different
subdomain geometries in a typical motor. Mezani et al. (2005) interfaced such a
thermal network with a FE electromagnetic model of a 5.5 kW TEFC induction
motor to result in a weakly-coupled analysis. Xie et al. (2011) carried out a
3D FE thermal analysis of a small 1.1 kW cage induction motor, wherein the
convection coefficients of the motor were obtained from existing semi-empirical
formulations; but excluded the endwinding region from the analysis. However,
the stator endwinding and endspace region cannot be overlooked, since hot-spots
in the machine tend to develop here. The forced convection in this region is quite
challenging to characterise through purely theoretical means. Boglietti et al.
(2005, 2009a) and Hettegger et al. (2011) have developed reliable endwinding
heat transfer coefficients for induction motors with different cooling schemes.

With specific focus on TEFC induction motors, Boglietti et al. (2005) inves-
tigated the sensitivity of its lumped thermal models to the various thermal
parameters. They identified that the modelling of forced cooling over the ma-
chine’s ribbed outer frame crucially affected the thermal network’s temperature
solution. A CFD analysis of the effect of forced frame cooling for a TEFC type
2350 kW induction motor was carried out in (Moon et al., 2016).

2.2 Overview of Inverse Analysis

Inverse analysis refers to the reconstruction of the cause of a physical phe-
nomenon from its observable aftermath that is tangible and measurable. In
the context of heat transfer, this refers to the mapping of heat sources that
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correspond to the temperature rise in a body. This is referred to as inverse
thermal analysis. An inverse process can be established only with reference to a
well-defined forward process, the physics of which is completely known. Figure
2.2 illustrates the simple logic of inverse problems.

Cause Effect

Forward

Inverse
Figure 2.2. The logic of inverse analysis.

Mechanism of Inverse Analysis
Apart from source estimation, inverse analysis is synonymously used for any of
these – optimisation, function estimation, parameter estimation etc. Tarantola
(2005), as well as Kaipio and Somersalo (2005) discuss these different character-
isations and their solutions, and Colaço et al. (2006) particularly w.r.t. inverse
heat problems. Optimisation refers to finding the most desirable or suitable
solution to the problem, which is often found by formulating it as a functional
which is either minimised or maximised. Even if the premises of the problem are
hypothetical, an optimised solution can always be found; the physical feasibility
of it, however, remains the matter of another discussion.

Inverse problem stands apart in that its starting point is an observation of an
already existing process. This entails the challenge of finding the specific state
of the source which resulted in the observed effect. How vital the uniqueness of
the inverse solution is, will depend on the problem being assessed.

Hadamard (1923) described a well-posed problem as one whose solution:

• exists
• is unique
• and depends continuously on the data.

Any problem that does not fulfil the above conditions is ill-posed. A broad
category of inverse problems are ill-posed. In the linear equation

Ax = y (2.2)

A is the linear operator, x is the source term, and y is the outcome. The obser-
vation or measurement of this outcome suffers from unavoidable measurement
errors and is hence now y±. Any x that is obtained from (2.2) as per x = A°1 y± is
an approximate solution. Moreover A°1, even if it exists, may not be continuous.
This would mean that the solution would be unstable under small changes in
y±. Errors or noise in measurement can be minimised, but cannot be entirely
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avoided. In an ill-posed system, if the data range of the source is large, the noise
in the measurement gets amplified, especially if it is a finely discretised system.
The ill-posed nature of an inverse problem is further compounded when the
available number of measured data of the field variable is much lower than the
number of field sources to be estimated.

The nature of measurement, sensor locations, error in measurement and shape
of domain – all of these matter in the inverse source mapping. A mathemati-
cian’s treatment of these aspects (Huhtala et al., 2014), differs from that of
an engineer’s. In particular, inverse thermal problems have been of consider-
able scientific interest to both groups. Differing treatments of the problem, for
linear as well as non-linear cases can be found (Neto et al., 1992; Huang and
Tsai, 1998; Cortés et al., 2007; Grysa and Leśniewska, 2010; Qi et al., 2010a;
Yang et al., 2011 and Pektaş et al., 2017). The objectives of inverse thermal
problems include spatial and temporal mapping of heat sources, and even eval-
uating temperature histories (to estimate weld-size (Lambrakos, 2015)). The
techniques employed are different, ranging from iterative gradient methods
(see Huang and Wu (1994) as well as Huang and Tsai (1998)), artificial neural
networks (Cortés et al., 2007), particle swarm optimisation (Qi et al., 2010a),
finite element techniques (Grysa and Leśniewska, 2010) and regularisation
methods. To better understand these solution methodologies of inverse problems,
the specific challenges relating to inverse mapping need to be understood. This
is discussed in the following section.

2.2.1 Solution of Inverse Problems

Kaipio and Somersalo (2005) classify the solution of inverse problems as being
based on regularisation techniques or statistical inversion theory. In addition,
Colaço et al. (2006) discuss also stochastic and evolutionary algorithms, and
other variants, which are also featured in (Gadala and Vakili, 2011). All of these
are broadly summarised in Fig. 2.3. Regularisation techniques are deterministic,
they produce a reasonable estimate of the solution entity, while the statistical
approach results in a probability distribution. Regularisation techniques are of
interest in this dissertation.

To ‘regularise’ an inverse problem is to approximate it to the closest problem
with well-posed characteristics and to solve that instead. In this sense, regular-
isation prevents the data error growing in an unbounded fashion, by arriving
at a compromise between propagated data error and approximation error. The
concept of regularisation was introduced by Tikhonov (Tikhonov and Arsenin,
1977). Tikhonov regularisation was used to solve the magnetostatic inverse
problem in low-voltage switching devices in (Dong et al., 2018).

Methods of iterative minimisation also have a regularising effect. These in-
clude the gradient techniques such as the popular conjugate gradient method
employed for inverse thermal solution (Egger, 2007; Egger et al., 2009 and
Hasanov and Pektaş, 2013). Both methods return the minimum norm solution.
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If the problem is convex, the solution found will be the global minimum. It may
however, not necessarily be unique. The notion and need for a unique solution
varies from one problem to the next. Nevertheless, the inverse problem’s solution
method can be steered towards a unique solution by introducing additional infor-
mation specific to the problem, which are incorporated as constraints. Further
details of regularisation and the conjugate gradient method will be discussed in
the following chapter on methodology.

Stochastic and 
evolutionary

Particle 
swarm
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algorithm

Statistical 
inversion 

theory

Truncated 
singular value 
decomposition 

(SVD)

Tikhonov 
regularisation
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Newton 
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Differential 
evolution
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Iterative 
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Inverse problem solution methods

Figure 2.3. Different methods of solving inverse problems.

2.2.2 Inverse Problems in Electrical Machines

When extended to electrical machines, the inverse thermal problem holds the
prospect of delivering the machine’s power loss from measured temperatures,
since the forward/direct process in the machine is the heat diffusion due to the
generation of power loss. Either the lumped network models or the numerical
thermal solution discussed earlier could serve as the forward model. The electri-
cal machine has different subdomains, separated by thermal insulation, that
generate as well as dissipate heat in different directions. Moreover, the machine
geometry too, is far from trivial. From an initial, pragmatic point of view, to
inverse map the losses in the machine seems a steep task. Popularly in electrical
machines, the inverse approach has been used for estimating unknown thermal
conductivities and other parameters through linear regression.

The local stator core losses of an outer-rotor permanent magnet synchronous
machine was studied by Krings et al. (2012). Herein, the state of thermal equilib-
rium was disrupted by an instantaneous change in power, and the temperature
change during the very first instant is measured. If the initial time interval
is small enough, the heat transmission in the volume can be neglected. Hence
the temperature rise measured over this interval would correspond directly
to the heat generated in the local volume. This was the concept behind the
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inverse modelling of the local iron losses, using temperature sensors placed on
the stator tooth. The losses estimated from the inverse methods differed from
the simulated values, especially at low frequencies, when the temperature rise
was low and the sensors did not have sufficiently high resolution to measure
small temperature rises over the short time intervals considered.

Magnetic inverse problems have been studied in electrical machines. Rasilo
et al. (2015) illustrated the inverse methodology to estimate the global magneti-
sation properties of the iron in a 150 kVA synchronous generator. By minimising
the combined error between the measured and simulated iron loss and no-load
curves of the machine, the magnetic material characteristics were obtained
accurately. Through non-invasive magnetic field measurements, Bui et al. (2008)
solved, a steady-state magnetic inverse problem for fault detection in electrical
machines.

Huang et al. (2006) studied the 3D inverse problem of determining the time-
dependent heat flux in the rotor and stator of a high-speed electrical machine
using the steepest descent method. The domain of interest was actually the
housing of the motor with a built-in cooling passage – and the inverse model
determined the net flux on the inner surface of the housing that is in contact
with the stator. The resulting flux was not separated into the rotor and stator
fluxes. Simulated measurement data with some random measurement error that
mimics infrared thermographic measurement was used. Convective boundary
conditions with a fixed convective heat transfer coefficient were prescribed on
the outer housing surface and also on the cooling channel boundaries.

Marinova and Mateev. (2012) reconstructed the 3D source distribution in a
current carrying conductor, from measurements of its lateral 2D surface made
by thermal camera. Least square minimisation was used to find the solution.
Both Huang et al. (2006) and Marinova and Mateev. (2012), specifically solved
the heat conduction problem. Inverse analysis is used also for locating the heat
sources in a microelectronic system (Qi et al., 2010b), and in a similar fashion for
a microprocessor’s power model validation (Mesa-Martinez et al., 2007). More
recent works on thermal parameter estimation in axial flux PM machines can
be found (Vansompel et al., 2017, 2018) and also on additional loss estimation of
a wind turbine generator through inverse optimisation (Fasquelle et al., 2018).

2.3 Power Loss Measurement of Electrical Machines

The impetus in the industry and energy economy is towards electrical machines
of higher efficiency. Standards will soon be in place that discuss efficiency
of machine plus their related power electronics. These factors have made it
inevitable that the power loss of new machine designs be measured accurately.
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2.3.1 Input-Output method

The most common and accepted method of power loss measurement of rotating
electrical machines is the input-output method. The electrical machine’s power
loss is determined as the difference between the measured input and output
power. These are measured by digital oscilloscopes and power analysers, which
record the instantaneous current and voltage. The motor’s mechanical output
power is determined from the machine’s torque and speed, measured by a torque
transducer. These equipments are prone to errors caused due to harmonics in
the system or supply or load fluctuations.

2.3.2 Calorimetric Measurement

A calorimeter measures the heat dissipated by the machine to estimate the ma-
chine’s power loss. This it accomplishes by measuring the net temperature rise
and heat capacity of the surrounding medium that cools the machine. To enable
this temperature measurement, the machine is placed inside a chamber, which
is thermally insulating. The chamber is cooled either directly by circulating
air, or indirectly by running water or other cooling liquid in channels of a heat
exchanger placed inside the chamber.

Since all the power lost by an electrical device manifests as heat, calorimetry
is a direct means to measure power loss, as opposed to the classical technique
of obtaining it indirectly, as a difference between the input-output powers. The
accuracy with which a calorimeter measures power is thus higher (Cao et al.,
2010a). Bradley et al. (2006) points out that even small errors in the input-
output power measurement lead to considerable error in efficiency calculations,
especially for those machines with expected efficiency greater than 97 %. This
is a deficiency in the difference method; and the only way to overcome it is
if the accuracy of the power measurements are rather (unrealistically) high
(Aarniovuori et al., 2015a). Figure 2.4 shows the maximum error in total power
loss estimation for input-output method, for varying instrument accuracy, at
differing motor efficiencies. As the instrumentation accuracy improves, the error
in power loss estimated through input-output measurements lowers. However,
for motors of higher efficiency, the error is still very high. Also seen is the error
with calorimetric measurement for 0.5 % instrument accuracy. The error in
power loss measurement is lower than input-output method’s (even at instru-
ment accuracy of 0.1 %), and remains remarkably low at the higher efficiency
levels as well. Citing the improvements in accuracy of power analysers and
torque transducers, latest IEC standard (IEC 60034-2-1, 2014) on motor loss
measurement no longer feature calorimetric loss measurement method. How-
ever, another standard (IEC 61800-9-2, 2017) has newly introduced calorimeters
as a standard means to measure frequency converter losses.

The power loss of electrical motors have been mostly measured with air-cooled
calorimeters (Turner et al., 1991; Jalilian et al., 1999; Knight et al., 2005;
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Figure 2.4. Error in loss measurement, calorimeter vs. input-output method. Adapted from
(Bradley et al., 2006)

.

Rasilo et al., 2012; Kosonen et al., 2013; Aarniovuori et al., 2015a and Kan-
chan et al., 2015). Singh (2011) built an air-cooled calorimeter specifically to
measure the stator core loss. To measure segregated machine power loss with
a calorimeter is not easy, as the heat source would need to be isolated within
the calorimetric chamber. Bradley et al. (2006) calorimetrically measured the
losses in motors of 11-150 kW to verify the input-output loss measurement,
with the objective of quantifying the stray load/ additional losses. This work
reiterates that the calorimetric method is of superior precision in loss estima-
tion of electrical machines. Amongst calorimeters, the air-cooled version is less
accurate compared to the water-cooled calorimeter. This is owing to the fast
fluctuations in the cooling capacity of air due to variations in pressure, humidity
and temperature, which are difficult to keep track of.

A double-jacketed, water-cooled, closed calorimetric design suitable for small
power electronic components was proposed by Blaabjerg (2002) for measuring
powers up to 50 W. The double-jacketed (double walled) construction minimised
heat leak from the chamber to the outside by actively controlling the temper-
ature of air between the double insulation walls. Also discussed was a similar
calorimetric system, of a higher measurement range of up to 1500 W for measur-
ing the power loss of a 7.5 kW rotating electrical motor. This setup was single
walled, but also had heating elements to minimise the difference in temperature
across the two surfaces of the wall. Malliband et al. (1998) proposed another
double-jacketed water-cooled calorimeter design for measuring motors of up to
1.1 kW. An identical design (Malliband et al., 2003) was used also to measure
inverter power loss. Szabados and Mihalcea (2002) built a water-cooled calorime-
ter with a regular chamber structure to measure a 7.5 kW induction motor. Since
the double-jacketing lowers chances of heat leakage, this type of water-cooled
calorimeters tend to have higher measurement accuracy. Such a calorimeter
by Malliband et al. (2003) measured powers in the range of 50-200 W with a
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good accuracy of 0.2 %. From an overview of the calorimetric systems, Cao et al.
(2006) reported that the measurement accuracy of water-cooled calorimeters in
general to be 0.2 % for powers of 600 W-1.5 kW and 0.36 % for 25 kW.

Based on construction and measurement process, calorimeters have been
classified as open or closed and balanced or series calorimeters respectively (Cao
et al., 2010b). Usually a reference heater with known power loss is tested in the
calorimeter to serve as the benchmark for the calorimetric measurement for the
device under test (DUT) with unknown power loss. This is the concept behind
the calorimeter devised by Turner et al. (1991), called the balance calorimeter.
While the balance calorimeter tests the heater and the DUT one after the other,
the chamber of the series calorimeter allows the coolant to flow progressively
through two chambers, where it is first heated by the DUT and then the heater.
In contrast, the concept of shunt calorimetry proposed by Aarniovuori et al.
(2015a) allows simultaneous parallel fluid flow through parallel chambers. To
implement these variations of series and parallel chambers with water-cooled
calorimeters would require more infrastructure. So they have usually been of the
balance type. Air-cooled calorimeters are easier to build, and notwithstanding
the fickle thermal properties of air, have achieved good measurement accuracy
such as, in Aarniovuori et al. (2015b) where the losses of a 37 kW machine
were measured with 0.4 % accuracy. Moreover, a solution to the experimental
uncertainties can be found through software, such as in Kosonen et al. (2014)
where the mass flow variation and the differences between DUT and heater
tests in a balance calorimeter were corrected algorithmically.

Aarniovuori et al. (2017) have summarised key aspects from over 50 publi-
cations where calorimeters were employed or proposed to measure losses in
electrical machines, drives and other electronics. One of the highest powers mea-
sured was 30 kW with an open air-cooled calorimeter, of a 250 kW grid-connected
solar inverter (Aarniovuori et al., 2013).

Pros and Cons of Calorimetric Method
Advantages

• Due to instrument limitations, mechanical power measurement can be in-
accurate for very low or high torques and speeds. A calorimetric wattmeter,
simply by virtue of its principle of operation, is not affected by the supply
and operating conditions of the machine.

• Distortions in current and voltage signals do not affect the calorimetric
power measurement, as these electrical entities need not be measured.
The coolant powers measured are verifiable as per the procedure of balance
calorimetry (the concept of balance calorimeter is explained in the follow-
ing chapter 3 on methodology). In addition, the non-dependence on the
electric waveforms means that the power factor or frequency of the wave-
forms do not affect the measurement accuracy. Therefore the calorimetric
loss measurement method is preferable when accurate measurement with
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a low power factor or high frequency are needed. One of the problems in
input-output measurement is to measure the power spectrum accurately
where both the voltage and current results are needed simultaneously
over a wide frequency band without additional delay between the signals,
in this kind applications the calorimetric measurement methods should be
considered (Aarniovuori et al., 2015c).

Disadvantages

• Long measurement times are a concern with a calorimeter. The coolant
properties are measured once the motor and the cooling circuit are deemed
to be in thermal equilibrium. Depending on the size of the motor and the
calorimeter, this might take several hours to a day.

• Following the previous observation, proper sizing of the calorimeter to suit
the machine being tested becomes important. Calorimeter sizing should
preferably follow the frame size of the machine.

• Only steady-state power loss can be estimated. The measurement tech-
nique does not facilitate transient measurement of power loss. Short
power measurements at overload are not feasible with a calorimeter since
running at overload for long can damage the machine.

• Segregated loss measurement is not easy with a calorimeter. In most
cases, the calorimeter’s structure and its instrumentation would need to
be adapted to a great extent for measuring each of the power components
(Singh, 2011).

The high uncertainty limits of the input-output technique are a concern. And
so, calorimeters, in the current climate serve as an alternate way of loss mea-
surement that can verify the accuracy of input-output loss measurement in
high efficiency devices, in situations of distorted waveforms and in verifying
efficiency classes. Aarniovuori et al. (2016) used calorimeters to measure the
loss of SynRM and its drive separately and together, and it was found that the
converter-fed losses of the SynRM obtained thus, and from the input-output
method were quite close.

2.4 Summary

The two major approaches to electrical machine thermal modelling, lumped
networks and finite element models, are both excellent tools, and should be
chosen based on the need for resolution in the temperature and heat distribution
in the machine. These serve as the potential forward models on which inverse
thermal models can be based. Inverse modelling to obtain power loss is achieved
by minimising the error between the expected and measured temperatures. A
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reliable solution can be obtained by introducing problem-specific prior data to
the minimisation functional.

The inherent ill-posedness and instability of the inverse formulation has
limited its application to microelectromechanical systems and homogeneous
domains of simple geometry. The whole of the electrical machine has seldom
been chosen as the canvas for inverse thermal modelling due to the complexity
of the machine’s internal structure and its various sources of heat. This will be
the subject of this dissertation. Combining the results from the temperature to
power mapping and the total power loss measurement from the calorimeter, an
acceptable way to segregate the power components can be found; the process of
realising this is reported in the upcoming chapters.
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3. Methods of Study

This chapter describes the main scientific methods and techniques used in this
work. Firstly, the process of thermal analysis of the 37 kW induction motor is
explained, with respect to the two methods employed – LPTN and FE analysis.
Next the discussion moves onto the inverse thermal analysis, for which, the
analytical and numerical models are the forward problem definition. The process
of the motor’s loss measurements with calorimetric means is then described.

3.1 Analytical Thermal Model

To enable a simple analysis of the thermal performance of the 37 kW TEFC motor
(whose rated values are listed in Table 3.1), a steady-state thermal network
is built. The network consists of thermal resistances that correspond to heat
transfer through conduction, convection, radiation as well as between solid
surfaces in contact. The motor’s steady-state lumped thermal network is seen in
Fig. 3.1. A LPTN’s nodes represent lumped machine domains whose average
temperature rises at different power losses are found. These temperatures are
determined as nodal temperature rise vector [¢T] as per (3.1), where [Y ] is the
thermal admittance matrix and [P] is the power loss (heat source) vector.

[¢T]= [Y ]°1[P] (3.1)

Table 3.1. Motor rated values

Power No. of pole pairs Voltage Current Speed Power factor

37 kW 2 380 V 73 A 1470 rpm 0.84

The nodes at sites that generate losses – iron and copper losses in stator
(nodes 1, 5, 6, 7) and rotor side (9, 10, 11, 16), and also windage and bearing
losses are marked with an arrow and coloured orange in Fig. 3.1. The power
loss components of the motor used in the lumped network are obtained from
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Figure 3.1. LPTN-A: Lumped parameter thermal network of the 37 kW induction motor. (NDE :
Non-drive end, DE: Drive end)

.

tests and numerical electromagnetic analysis. When the machine reaches ther-
mal steady-state as per the IEC 60034-2-1 (2014) standard, the input power
is measured by the power analyser and the shaft torque by the torque trans-
ducer. The difference between these two is the total power loss of the motor.
The stator winding loss is determined by measuring the ‘hot’ stator winding
resistance. While in steady-state, the motor is turned off, and the stator re-
sistance is measured at time intervals. By extrapolating the resulting curve,
the stator winding resistance at the instant of switch-off is found, with which
the winding Joule losses are estimated. Frictional loss is measured separately
with deceleration and variable voltage tests. The iron and resistive losses in
rotor are determined with numerical electromagnetic analysis using FCSMEK,
an in-house FE code described in Arkkio (1987). The electromagnetic losses
thus computed were verified also through measurements. The computed and
measured total electromagnetic loss show good agreement, as seen in Table 3.2.

Table 3.2. Total measured and computed electrical losses and components of computed loss at
different loads

Loading (Nm)
Copper loss* (W) Iron loss* (W) Total loss (W)

Stator Rotor Stator Rotor Comp. Meas.

Full (237) 1215 912 542 171 2840 2945

Half (121) 368 199 478 132 1177 1182

No-load (1) 128 9 454 112 703 671

* Computed power loss components.
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Figure 3.2. LPTN-B: Lumped parameter thermal network of the 37 kW induction motor, with
the cooling air’s network also included.

The thermal network comprises thermal resistances that correspond to con-
duction, convection, contact and radiation, defined as in Table 3.3. The major
source of inaccuracy in the network stems from the heat transfer coefficients
that model the convective heat transfer across the solid-fluid interface h and the
contact heat transfer between two solids in contact, hct. These are calibrated
accurately by keeping the measured temperatures as a benchmark and tuning
the network parameters to match. These parameters include the surface areas
such as Ac, As, Act and Ar, which are initially calculated from manufacturer’s
drawings and data. The endwinding area is particularly difficult to estimate
correctly; their geometry is usually approximated in analytical formulations. In
this case, the network is deemed calibrated when the temperatures predicted
by the network match the temperatures measured at the stator endwinding,
endspaces, and motor frame. The thermal conductive resistances of the winding
and the winding-stator tooth region were formulated as per Pyrhönen et al.
(2008). The others were built as per Kaltenbacher and Saari (1992) and Mellor
et al. (1991). Convective heat transfer to air-gap was modelled as in Pyrhönen
et al. (2008) and that from winding and bar end-regions to surrounding air in the
endspaces was determined as per semi-empirical formulations of heat transfer
coefficients found in Kaltenbacher and Saari (1992). The lower part of the stator
endwinding experiences more turbulent air flow due to the effect of the fins
on the rotor endring. Compared to this, the flow around the upper part of the
endwinding closer to the housing is smoother.
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Table 3.3. Basic definition of thermal resistances

Conduction R = l
∏Ac

l - length of conducting element

∏ - thermal conductivity

Ac - cross-sectional area

Convection R = 1
hAs

h - heat transfer coefficient for convection

As - surface area wetted by fluid

Contact R = 1
hct Act

hct - contact heat transfer coefficient

Act - area of surface in contact

Radiation
R = 1

Ær Ar

Ær - heat transfer coefficient of radiation

Ar - area of radiating surface

Ær = ≤æ
T4

1°T4
2

T1°T2
T1,T2 - Temp. of radiating and absorbing surface

æ - Stefan–Boltzmann constant

≤ - relative emissivity between surfaces

Network Description
The network LPTN-A seen in Fig. 3.1 represents the axial cross-section of the
motor, from ribbed frame to shaft in the radial direction and the endcaps and
bearings from end to end. The resistances belonging to the stator and rotor side
are demarcated in Fig. 3.1. The resistances representing the drive end (DE) side
are prefixed as Rd and those of the non-drive end (NDE) as Rn. Convection from
the housing to air is represented with resistances Rn6, Ro3, Ro2, Ro1 and Rn6.
Air-gap convection is denoted by R7.

These details apply also to LPTN-B, seen in Fig. 3.2. It is identical to LPTN-A
in all respects, except that this network also accounts for the temperature rise
of the cooling air that flows over the outer frame. The stream of air is indicated
in blue, and passes through the nodes from the fan at non-drive end (node 32) to
drive end (node 36). The open ribs on the machine frame do not contain the air,
so the effect of forced cooling diminishes towards the drive end’s frame and end
cap (natural convection predominates here). This is indicated by the fading flow
from node 35 to 36 seen in Fig. 3.2.

As per the method of solution described in Jokinen (1997), the coolant (air’s)
thermal resistance Rq is defined as

Rq =
1

2Ωcp q̇
(3.2)

Here, the coolant’s mass flow Ω q̇ (q̇ being the volume flow rate) is assumed to be
temperature independent. The coolant’s heat flow equations for nodes 32 - 36
are then assembled and solved together with the machine’s heat flow equations.
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The progressive rise in temperature of air as it flows over the outer frame can
thus be found.

Including fluid temperature rise in network analysis is important for high
speed machines where the coolant experiences significant temperature rise, that
has the effect of lowering its cooling capacity. In the 37 kW induction motor, the
coolant’s temperature rise was found to be around 10±C. This was determined
from the solution of LPTN-B and is reported also in Fig. 3.3. Due to this, the
stator endwinding at DE was around 5±C hotter than at the NDE. The rest of the
machine is also slightly hotter towards the DE. Although this rise in temperature
is tangible, it is minor in comparison to the difference in temperature which was
observed due to inaccurate estimates of power loss or heat transfer coefficients.
Jokinen (1997) also made this observation for a similar machine design. So it
is concluded that for this induction motor design, the simpler thermal network
model (LPTN-A) without coolant temperature rise analysis is accurate enough.
Analysing the coolant’s temperature rise would be more beneficial in getting
accurate temperature estimates in modelling machines of higher power-density
where the demands on the cooling system are higher.

NDE; 26

Middle; 30.4

DE; 35.1

NDE; 27.3

Middle; 30.7

DE; 34

24

26

28

30

32

34

36

C
oo

lin
g 

ai
r t

em
pe

ra
tu

re
 (℃

)

 Measured
Analytical

C
oo

lin
g 

ai
r 

te
m

pe
ra

tu
re

 (

Figure 3.3. Cooling air temperature along the outer ribbed frame of the machine; the analyt-
ical solution (from LPTN-B) is compared against the temperatures measured by
thermocouples along the ribbed channel.

Composed of 31 nodes, LPTN-A in Fig. 3.1 assumes a constant cooling capacity
of the external coolant (air), thus neglecting its net temperature rise. The
thermal ground is ambient air, considered as node 32 in the calculations. Forced
convection is prominent along the outer frame, and is modelled for all the nodes
on the external surface of the machine – end caps and frame, except for the DE
end cap where natural convection is considered. This is because the air-flow
forced out from the NDE by the ventilator does not extend until the end cap at
drive end. The nodes in blue in Fig. 3.1 are those on the motor’s external frame,
from which heat dissipates to the ambience by forced convection. The forced
convection at the NDE’s end cap and over the frame’s length are modelled with
(3.3) which was presented by Kaltenbacher and Saari (1992), as per which, the
average heat transfer coefficient hfr over a distance l1 to l2 is,
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hfr =
∏

h
3ln

≥
l2
l1

¥
+0.0316

° v
∫

¢0.8 °
l2

0.8 ° l1
0.8¢i

(l2 ° l1)
, where (3.3)

v = 1
l

Zl

0
v0e°x∞/d dx. (3.4)

Here, ∏ is thermal conductivity of air, ∫ its kinematic viscosity, v is average air
velocity, l is channel length, v0 is the starting air velocity at the frame ribs, ∞ is
a coefficient characterising velocity decrease, d is the hydraulic diameter, and
x is the distance from the beginning of the ribs. The air velocity is maximum
at NDE (node 21) and diminishes towards the motor’s DE (node 24) due to the
open rib channels.

Since the outer frame is the primary heat sink in the TEFC motor, the LPTN’s
solution is highly sensitive to changes in cooling air velocity v, as also proven by
Boglietti et al. (2005). Therefore to ensure the formulation’s credibility, it is vital
to align the analytically calculated average air velocity v with the air velocity
measurements over the frame. The available flow-rate measurements, made
during the motor’s rated operation, came from 8 different sensors placed along
the frame’s ribs channel. It was observed that when the starting velocity v0 is
reduced to 65% of the leaving velocity at the fan, a good agreement was achieved
between the analytical and measured velocities. This is discussed in the next
chapter on network calibration in section 4.1.1.

3.2 Numerical Thermal Analysis

Numerical thermal analysis is carried out in COMSOL Multiphysics®. The 3D
model of the motor is studied in Publication I, Publication II and the 2D model
in Publication III. The finite element thermal analysis serves to validate the
lumped thermal network.

3.2.1 3D Thermal Model

The 3D model of the machine was studied to take into account the difference
in the motor’s endspaces (longer endspace at DE than at the NDE), which
meant the endwinding temperatures would no longer be identical. The modelled
geometry is almost identical to that of the actual motor except for the outer
frame where the ribs have not been modelled. Since the motor is rotationally
symmetric about its shaft (except for the terminal box, mounting feet etc. on its
outer housing), only 1/8th section of the motor is modelled. The 3D mesh of the
motor is shown in Fig. 3.4. Neumann boundary conditions are imposed along
the symmetry surfaces.
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Figure 3.4. 3D mesh of the motor’s axial section for thermal analysis.

Heat sources and calibrated coefficients from the thermal network are used
in the 3D FE model. The known power loss components are imposed as heat
sources over the volume of the respective domains. The stator and rotor core is
homogenised, and anisotropic heat conductivity is imposed. The conductivity
in the radial and circumferential direction is 24 W/(m·K) and that in the axial
direction is 0.6 W/(m·K). The thermal insulation of the stator slots was achieved
by imposing a calibrated value of contact thermal resistance at the stator slot
boundaries. Calibrated contact heat transfer coefficients from the analytical
model were imposed at the shaft-rotor, stator yoke-frame boundaries as well.

As an alternative to simulating the air-flow in and around the motor, as per
computationally heavy CFD calculations, to estimate the convective heat trans-
fer, calibrated convection coefficients from the thermal network are assigned
explicitly at solid-fluid interfaces. This denotes a Robin boundary condition; and
the heat flux q00 (in W/m2) is solved for as per

q00 = h(Tfluid °Tsolid). (3.5)

Tfluid is however another unknown that has to be solved for separately by
imposing the additional condition that the sum of the heat fluxes flowing in and
out from the boundaries of the fluid domain is zero:

œ

S

q00 ·dS+Pdom = 0 (3.6)

where Pdom is the heat generated in the domain, if any. Solving (3.5) and (3.6)
simultaneously yields the fluid temperature.

3.2.2 2D Thermal Model

The 3D model is solved to determine the temperature distribution in the motor,
assuming a uniform power loss density in its domains. Nevertheless, with the
boundary conditions that were imposed, it is possible to observe the spectrum
of temperature across a domain. Even so, it is still worthwhile to study the
thermal dynamics when a realistic loss distribution in the machine is imposed
as the heat source. For this, we study the 2D thermal model.
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The 2D model enables a closer and more accurate study of the radial and
circumferential variation in temperature distribution in the machine. As the
stator and rotor cores are laminated, they conduct heat better radially than
axially. This means that most of the heat in the stator core dissipates radially
outward towards the machine’s housing, rather than axially to its end regions.
Therefore, temperature variation is more evident in the plane of the lamination.

For such an analysis, the source distribution cannot be uniform, as in the
case of 3D analysis. Instead, the loss distribution in the motor should be the
input. This is generated through a separate electromagnetic time-stepping
finite-element (FE) analysis carried out in FCSMEK that generated the nodal
power loss density in the motor’s 2D cross-section, that included both stator and
rotor cores, slot windings and rotor bars.

The meshes of the electromagnetic and thermal models differ; the electromag-
netic analysis is for one quarter of the motor, while for the thermal 2D, its a
1/8th slice. So the FE loss distribution from the electromagnetic model’s mesh is
interpolated to the thermal model’s mesh shown in Fig. 3.5.

Figure 3.5. 2D mesh of the motor’s cross-section for thermal analysis.

The time stepping analysis takes the rotation of the motor into account. The
nodal loss density on the rotor side was determined for a rotor position that was
different from that on COMSOL. The deviation was slight, and was fixed by a
minor angular shift of the rotor side mesh relative to the stator in COMSOL, as
seen in Fig. 3.5. This way, the power density interpolated to the COMSOL mesh
was reflected correctly in the corresponding domains.

The outermost boundary in this geometry corresponds to the frame surface.
Here, an averaged value of heat transfer coefficient corresponding to forced
convection (used in the 3D model) is imposed. The other thermal parameters
and boundary conditions imposed are identical to that of the 3D model. It solves
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the equation (2.1), first discussed in section 2.1.1

Ωcp
@T
@t

+r · q =Q0.

In this steady-state analysis, the first term is zero. Once the material proper-
ties - Ω (density), cp (specific heat capacity) and also the heat source Q0 (the
mapped volume power-loss density in W/m3) are established, the temperature
distribution T in the 2D geometry is determined.

3.3 Inverse Thermal Modelling

The thermal networks and the FE thermal models simulate the physical process
of heat sources causing temperature rises in the induction motor. This forward
mechanism, which returns the temperature distribution in the solid motor do-
mains becomes the basis of inverse thermal modelling in the motor. There are
many possibilities with inverse thermal modelling in electrical machines as
touched upon in the previous chapter. This work has been directed towards
recovering the power losses of a motor from its temperatures measured at (ther-
mal) steady-state. The system under consideration is hence linear. Expressed in
matrix-vector notation

y= Ax (3.7)

where y is temperature, x is the power loss components and A is the linear
operator that defines the relationship between these two. The available data
on y is never accurate, due to the presence of noise caused due to error in
measurement or modelling. The objective of the inverse process is to recover
the original x from the available noisy data y±. The error bound is denoted by ±,
which separates the noisy temperature from the unperturbed one, ky° y±k ∑ k±k.

The basic inverse solution to Ax = y is given by x = A°1 y. However, if the
system A is badly-conditioned this is infeasible. Instead, the operator’s pseu-
doinverse A+ is found, with which the generalised inverse solution x = A+y
is obtained. Herein, x is the unique solution, of minimum norm kxk that also
minimises kAx° yk.

In the presence of noise in the measurement however, this generalised inverse
solution is not recommended. In these cases, regularisation techniques are
adopted. Tikhonov regularisation finds the x that minimises the functional
(kAx° y±k2 +Ækxk2), where Æ is the regularisation parameter, which is deter-
mined through other means. The choice of regularisation parameter curbs the
data error from magnifying, allowing an approximate solution x§ to be found.
Deducing the most suitable regularisation parameter for the problem at hand is
key here.
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3.3.1 Constrained Linear Least Squares

The least square technique that minimises the deviation between the observation
and model is simple yet effective in obtaining an inverse solution. The least
square solution to the inverse problem aims to minimise

ky±° yk = ky±° Axk. (3.8)

Thus when the data vector is noisy y±, x§ is effectively the least squares solution
which approximately satisfies the system

y± º Ax§. (3.9)

The least squares solution need not be essentially unique. Although the
exact solution may be unknown, based on the current knowledge of the system,
weights, constraints and limits can be introduced in the solution framework to
obtain a unique solution. From the steady-state forward thermal models, some
information on the range and sum of the power losses is known, and these can
be incorporated as constraints in the system.

The linear operator A is the admittance matrix in terms of the LPTN, and the
stiffness matrix as per the FE model. As seen, not all nodal power sources are
non-zero in either of these two forward models. Such nodes corresponding to
zero magnitude of the source can be excluded from the variables to be found.
Accordingly, the square linear operator A reduces to a rectangular one A§. The
system of equations now becomes an overdetermined one – matrix A§ is of
dimension m£n, with m > n. There are more equations than unknowns, with
which an approximate solution can be found.

3.3.2 Conjugate Gradient Method

An alternative method is to employ iterative techniques to solve the inverse
problem. These techniques attempt to solve the problem by finding successive
approximations for the solution, starting from an initial guess. Conjugate
gradient (CG) is one such method. It regularises the inverse problem by way of
iteration. In fact, the iteration number k is the regularisation parameter. As
k !1, the iterates tend to diverge when y± does not belong to the domain of
(A+) (Hanke, 1995). With a suitable stopping rule, the iteration is stopped before
the divergence. If the perturbation ky° y±k is known, a discrepancy principle
such as the Morozov’s discrepancy principle

ky±° Ax§k ∑ k
p

Næk (3.10)

can be used. N is the number of measurement points and æ is the standard
deviation of noise.

Also, CG is robust and when dealing with large matrices, it can iteratively
converge to the global minimum xk§ at low computational cost. Moreover, in FE
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simulations, the matrix equations can be badly conditioned – the ratio of the
maximum and the minimum singular value is very high – as in Egger (2007). By
preconditioning the matrix, the convergence of the CG method can be hastened.
The conjugate gradient method has been successfully used for heat flux mapping
in Huang and Wu (1994), Huang and Tsai (1998) and Huang et al. (2006).

3.4 Calorimeter

A closed water-cooled calorimeter was built to measure the power loss of the
studied 37 kW motor. The inlet water flows at a pre-determined volume flow-
rate, that is maintained by a flow-rate controller. The power absorbed by the
circulating water is indicative of the power dissipated within the calorimetric
chamber as described previously in chapter 2. The coolant power Pwat is

Pwat = V̇Ωcp¢Twat. (3.11)

Here, ¢Twat is the net temperature rise of water, caused due to the heat dis-
sipated by the motor in the calorimeter and V̇ is the water flow-rate, which
is maintained constant throughout a motor test. Ω and cp represent the den-
sity and specific heat capacity of water respectively. Standard constant values:
Ω = 1000 kg/m3, cp = 4186 J/(kg·K) are utilised, since their variation across the
range of water temperatures observed during the test was little. Measured water
temperature rise was in the range of 8 - 17°C.

The motor is run at different loads, and ¢Twat, V̇ are measured to estimate
Pwat. The temperatures of the incoming and outgoing water channels are mea-
sured with Pt-100 sensors fitted as a collar on the copper pipes carrying the
water. The calorimetric measurements are made when the system comes to a
thermal steady-state which as per IEC 34-2A (1972), is attained when “mea-
surements of temperature rise and flow-rate indicate that losses are constant to
within ±1% over a period of 2 hours or when the temperature rise of the cooling
medium does not vary by more than ±1% in one hour, the volume flow-rate being
constant”. Naturally, the steady-state of the calorimeter is reached only after
the motor achieves thermal stability.

Before the motor tests are carried out, the calorimeter is first calibrated, with
a resistive heater that is fitted with a fan. In addition to the heater fan, air is
circulated in the chamber by the heat exchanger fans (four DC fans along with
a centrifugal fan) and also the motor fan. The heat exchanger is placed in the
middle of the chamber with the heater and motor on either side, as seen in the
schematic of the calorimeter shown in Fig. 3.6. This layout remains intact during
both the balance and motor tests, and is with the purpose of achieving heat
flow symmetry on either half of the chamber, as well as maintaining identical
conditions between the balance and motor tests. Either the resistor or the motor
will be the active heat source, and the influence of the heat exchanger is similar
on both. Also, by having the fans on both the heater and the motor running
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together during both balance and motor tests, identical flow conditions can be
maintained. Moreover, this aids in a uniform mixing of air within the chamber,
which is essential to ensure good heat transfer.
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Figure 3.6. The schematic of the calorimeter, illustrating the inner layout and the control schema.

Mechanism of Measurement

The water supplied to the calorimeter for a test is always at a fixed flow-rate,
which is set and maintained using a volume flow-controller. The tap water is
heated to a set temperature to mask temperature fluctuations in the municipal
water supply during the course of a calorimetric measurement, which can run
into several hours. Typically, water is heated by 2-3±C by a water heater which
then feeds into the flow-controller. The closed water temperature control loop
is composed of a PID controller, TRIAC power controller and the water heater.
The pressure regulator adjusts the input supply pressure to levels suited for
the flow controller. The details of the devices and instrumentation used in the
calorimeter is listed in Table 3.4.
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Table 3.4. Devices and sensors used in the calorimeter

Device type Details

Water flow-controller Alicat LCR controller, max 5 lpm

Heat-exchanger Aquacomputer airplex GIGANT 3360
(copper fins), cooling capacity 6 kW

Balance heater Elkomat 6 kW portable electric fan heater

Air-flow Six 12 V DC fans and one centrifugal fan

Water pressure regulator Gerhard Götze & Co., max. inlet pressure
25 bar

Temperature controller Red-lion Model T-16, PID controller

Power regulator United Automation FC11AL/2, Integral 26
A TRIAC

Water temperature sensor SKS pipe surface temperature sensor,
Pt-100 4-wire, class B 1/3 DIN

Air/wall/motor temperature sensor SKS temperature sensor, Pt-100 4-wire,
class B 1/3 DIN

The calorimeter was calibrated for two water flow-rates - 2 L/min and 5 L/min.
For each balance test measurement, the heater was supplied a known power,
and once the thermal steady-state was reached, the power absorbed by water
was noted. Different power levels from 1 - 2.5 kW were supplied and the
corresponding powers absorbed by water flowing at a fixed flow-rate of 2 L/min
were tabulated. When powers above 2.5 kW were supplied, the flow-rate of 2
L/min proved insufficient – the inner chamber temperature of the calorimeter
exceeded 40°C, which is not acceptable ambient temperature conditions for motor
operation as per IEC measurement standards. Therefore, heater powers from
2.5 - 5 kW were measured at a higher water flow-rate of 5 L/min. Air circulation
within the chamber was maintained the same during all tests, at both flow-rates.
The power absorbed by water Pwat and the total power input to the calorimeter
Pin should have a linear relationship, and by fitting the measured data points
through linear regression, the following calibration curves were obtained:

Pwat = 0.91Pin +0.078 kW at 2 L/min (3.12)

Pwat = 1.03Pin °0.102 kW at 5 L/min (3.13)

During the balance test the total ‘input power’ Pin, or the total heat dissipated
inside the calorimetric chamber is

Pin = Pres +Pfan +Pfric (3.14)
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where Pres is the resistor power, Pfan is the power drawn by all the heat
exchanger fans, and Pfric is the frictional loss associated with the motor. The
mechanical power loss of the motor is determined through a variable voltage
test by measuring the power drawn at decreasing no-load voltage (U0) levels
and extrapolating the resulting loss vs. U2

0 curve to zero voltage to find the
mechanical loss. The loss thus obtained includes not just the motor’s own
mechanical loss (Pfw), but also frictional loss in the two additional bearings
that support the shaft coupling between the motor and the load machine. The
bearing loss in these two extra bearings P2,bear, is estimated as the difference
between the powers drawn by the motor with and without the extra coupling
shaft.

Since the two extra bearings are identical, the bearing loss is assumed to be
evenly distributed between both.

P1,bear =
P2,bear

2
(3.15)

Only one of these bearings is inside the calorimeter’s chamber, as seen in Fig.
3.7. Hence, if Pfw is the motor’s own net mechanical loss (ventilator, frictional
and windage loss), and P1,bear is the extra frictional loss in the one bearing that
is external to the motor, but still inside the calorimeter.

Pfric = Pfw +P1,bear (3.16)

Thus, the total power input to the calorimeter during balance test is

Pin = Pres +Pfan +Pfw +P1,bear (3.17)

During the motor test, the motor is the only active source of heat in the
calorimeter. Its total loss Ploss is composed of its electromagnetic loss Pem,loss

and its mechanical loss Pfw. So the input power in the calorimeter during the
motor test is,

Pin = Ploss +Pfan +P1,bear (3.18)

Or in another sense

Pin = Pem,loss +Pfan +Pfw +P1,bear (3.19)

Drawing on the equivalency between (3.17) and (3.19), it can be said that
Pres = Pem,loss.
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Figure 3.7. The chamber of the calorimeter, with walls covered with aluminium sheets and floor
under the motor reinforced with steel plate. The balance heater, heat-exchanger, test
motor and temperature sensors are seen.

The calorimeter is built with 15 cm thick polyurethane sheets, with low ther-
mal conductivity of 0.023 W/(m·K). The chamber cavity is of size 140£120£140
cm. The inner surfaces of the walls are covered with 1 mm thick aluminium
sheets. Aluminium possesses better thermal conductivity than the insulation
underneath and helps to even out the surface temperature along the walls and
thus avoid hot-spots. Hot-spots are undesirable as they possibly lead to insu-
lation breakdown and eventual heat-leakage. A 15 mm thick steel plate that
is laid on top of the floor insulation of the chamber supports the weight of the
motor. Through holes on this plate and insulation, screws bind the motor’s feet
onto the test bench, on which the whole calorimeter is mounted. More details on
the construction and initial measurements with the calorimeter are presented
in Publication IV.

The motor’s total power loss Ploss, is composed of copper losses in stator
winding PCu,s and rotor (bars and end-ring) PCu,r, iron losses PFe, friction and
windage losses Pfw, and also additional load losses or stray losses Pad. Methods
stipulated in standards to measure the stator’s and rotor’s resistive and core
losses do not account for the effect of skin effect, circulating currents, harmonics
etc. on these loss components. Hence, the sum of the measured loss components
is usually lower than the total measured loss of the machine. The difference in
these two quantities is categorised as ‘additional loss’ and is found to increase
with the load. It is categorised as another component of the total electromagnetic
loss Pem,loss in the motor.

Ploss =
Pem,lossz }| {

PFe +PCu,s +PCu,r +Pad+Pfw (3.20)

The total power lost by the motor is dissipated as heat. Once the calorimeter
reaches thermal steady-state, the coolant power Pwat is determined from its
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measured temperature rise. With this, the total heat dissipated inside the
calorimeter Pin can be found with the calibration curves in (3.12) or (3.13). From
this, the total power lost by the motor can be found as per (3.18) when Pfan and
P2,bear are known.

3.5 Summary

This chapter covered the main means and methods used in this work. Nuances
of the steady-state thermal networks, and 2D and 3D FE thermal models are
discussed. These are presented as the forward models that simulate the forward
mechanism of power loss as heat sources causing temperatures in the motor to
rise. Inverse thermal analysis will be based on these forward models. Inverse
modelling of the power losses in the machine can take place through different
means, of which least squares minimisation and conjugate gradient iterative
solutions would be featured predominantly. Lastly, the details of the calorimeter
that was built and tested are presented.
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4. Application and Results

The results of the forward thermal analysis and the inverse thermal model are
summarised in this chapter. Some discussion on the results and comparisons are
presented with relation to these. The measurement results with the calorimeter
are also presented.

4.1 Calibrated Forward Thermal Models

4.1.1 Lumped Thermal Network

The temperature measurements used for calibrating the thermal network in
Publication I are made with thermocouples. Once the 37 kW motor reaches
steady-state, temperatures at the pair of endwindings and endspaces were
averaged from two measurements each. Frame (housing) temperature was
also measured similarly from two sensors placed circumferentially on the outer
frame. Air temperatures were also measured; at the ventilator-end and also
from between the frame ribs. Temperature measurements were made with
thermocouples. In Fig. 4.1 (a) is seen the temperature comparison of the
machine obtained from the thermal network and measurements, at the rated
operating point. The ambient temperature was the same in both, 22±C.

The velocity of air measured progressively along the length of a ribbed channel
on the frame matched well with that predicted by the semi-empirical formu-
lation (3.4). This is seen also from Fig. 4.2. But, as evidenced in Fig. 4.1(a),
the analytical model deviates from the measurement by some degree. These
variations are minimised by suitably calibrating the thermal network. It mainly
involves adjusting the convection coefficients at the endspaces, contact heat
transfer coefficients and also insulation thermal conductivities. The desired
level of calibration is achieved through few iterations of trial and error to arrive
at the optimum parameter combination that best matches the measurements
while ensuring that proper heat flows between the nodes are preserved.

The formulation in (3.3) gave reasonable estimates of convection coefficients
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corresponding to the forced cooling of the the machine’s outer ribbed frame.
However, the frame’s surface area used in the network analysis was not identical
to the real machine’s. The surface area of the ribs was not deduced in an exact
manner. Instead, the shape of the ribbed outer frame is approximated to a
smooth cylinder, whose radius equals the sum of–the outer stator radius, mean
frame thickness and mean height of a frame rib. This cylinder’s curved surface
area is utilized for modelling the convection from the frame. Therefore, the
frame heat transfer coefficients needed to be scaled up, during the calibration.
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Figure 4.1. (a). Measured temperatures vs. those modelled by LPTN at different machine
regions; (b). Measured temperatures vs. temperatures from the calibrated LPTN at
the machine regions.
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Figure 4.2. Measured air velocity along the ribbed frame cooling channel vs. that modelled
analytically.

Some adjustment was required at the endwindings too, since its surface area
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was difficult to estimate accurately. Also, while the endwinding temperatures
measured were surface temperatures, the lumped nodes represent its average
temperature. So, during calibration, the surface temperature of the EW was
deduced from the lumped network and that was fitted to the corresponding
measured data. After this calibration process, the temperature profile of the
thermal network is in closer agreement with the measurements as seen in Fig.
4.1 (b). The list of heat transfer coefficients that were calibrated and their values
are presented in Table 4.1.

Table 4.1. Calibrated and uncalibrated heat transfer coefficients

Heat transfer coefficients Uncalibrated
(W/m2K)

Calibrated
(W/m2K)

Contact: rotor iron-shaft 1000 2600

Contact: stator yoke-frame 400 700

Contact: ribbed frame-end cap 400 500

Conv: endwinding underside to endspace air 59 118

Conv: ribbed frame sections to ambient 84, 50, 37 143, 85, 67

During calibration, it is to be kept in mind that even measurements them-
selves, are not entirely accurate, owing to the measurement and sensor error.
Additionally, unique challenges exist, such as the uneven surfaces of the end-
windings, which makes sensor placement difficult. The measurement could
be of the winding or the air surrounding it. Therefore, although the sensor
measurements serve to tune the thermal parameters, an exact agreement with
them during calibration may not be necessary.

4.1.2 Numerical Thermal Solutions

3D FE Model
The 3D model of the motor is studied, as described in the previous chapter. The
temperature solution of the solid domains of the motor at full-load is seen in Fig.
4.3. The frame of the motor is modelled without ribs, but is made marginally
thicker, mimicking the lumped model’s representation of the frame. End caps
too, are modelled in the same way, with an approximated geometry. The average
temperatures of the domains obtained from the steady-state FE solution of this
thermal model are seen in Fig. 4.4, where they are compared against those of
the analytical network. The slightly different air-movement in the endspaces
due to one being longer than the other, is evident from the small difference in
the temperature colour gradient at either of the stator endwinding regions.
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Figure 4.3. Numerical solution of the temperature distribution in the 37 kW motor at full-load.
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Figure 4.4. Domain mean temperatures: calibrated LPTN vs. numerical.

The mean steady-state temperatures from the numerical solution agree very
well with those from the LPTN, as seen from Fig. 4.4. The slight variations stem
from the differences in heat transfer areas considered in the network and FE
model. Naturally, the better the representation of the machine geometry, the
better the accuracy of numerical results.

As the network is calibrated already against the measurements, the FE ther-
mal model can also be considered a faithful reproduction of the real thermal
characteristics of the motor. Additionally, the mean stator winding temperature
from the FE analysis at different loads is compared with the stator winding
temperature obtained from the cooling curve measurement. This is seen in Fig.
4.5, and they agree closely.
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Figure 4.5. Stator winding temperature: measured vs. numerical results at different loads.

2D FE Model
The FE thermal solution with the 2D loss distribution in the motor as source
results in the temperature distribution shown in Fig. 4.6.

The mean temperatures of the stator winding and frame regions match the
measurements well. At full-load, the mean temperature of the stator winding in
slot was found to be close to 100°C, which was the measured value of winding
temperature as well, as seen from Fig. 4.5. The mean frame temperature too,
was around 66°C, which is close to the measured value of 64°C, as reported in
Fig. 4.1. The impact of the absence of endspace cooling is most prominently
seen here in the 2D model in the rotor bars, which are hotter by around 10°C,
compared to the LPTN’s and 3D model’s solutions.

Figure 4.6. Steady-state temperature solution at full-load. Of the two legends, that to the left
refers to the stator side and frame and that to the right refers to the rotor side.

The steady-state solution of the 2D model gives a realistic gradient of the
temperature distribution in the motor. Both the 3D and 2D FE thermal solutions
can be used as the forward models for the inverse thermal analysis.
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4.2 Inverse Source Mapping

4.2.1 Lumped Sources

Inverse mapping to obtain the lumped power sources in the thermal network is
the theme described in Publication I. The method illustrated makes use of lsqlin,
which is a Matlab linear least squares solver using constrained least squares.
In the network presented in Publication I which is similar to that in Fig. 3.1,
there are only 12 source nodes. It is necessary to inverse map only the non-zero
powers, so the system is reduced to an overdetermined one,

[¢T]31x1 = [Y ]°1
31x12[P]12x1. (4.1)

There are more rows than columns; so an exact solution cannot be found; an
approximate one is found through least squares.

lsqlin uses the interior-point algorithm, with the method of Lagrange mul-
tipliers to determine the power losses that minimise the sum of the square
of deviations of the suggested temperatures from the given ones. Additional
constraints serve to restrict the solution space, such that, each power component
has a data range from 0 to 1 kW, and the sum of all components equal the
total power loss of the motor. Qi et al. (2010b) had success with this method
for source mapping in microelectromechanical systems and observed that by
simultaneously imposing the range of loss components and the limit on their
sum, the solution accuracy improved.

Now, from (4.1) it follows that

[P]= [Y ][¢T] or, x = A°1 y. (4.2)

Here, [Y ] is a square matrix. This is the generalised inverse solution which
would suffice in most cases, but is inaccurate when the temperature data is
noisy, y±. To illustrate this, the noisy measurement y± was simulated by adding
normally distributed random noise to the nodal network temperatures obtained
as the forward solution. Noise with zero mean and high standard deviation
of 0.25 was used. With the same noisy temperature vector, inverse mapping
with constrained least squares (4.1) and with the generalised method (4.2) is
studied. Constrained least squares was found to be more accurate, as illustrated
in Publication I.

Next, the actual thermocouple measurements of the motor temperatures are
used in the inverse mapping. Since these were few, help from the 3D FE thermal
model was sought to provide more ‘measurements’. The 3D FE model is con-
sidered a faithful representation of the real machine, as it is calibrated against
the temperatures measured on the motor. Hence the average domain temper-
atures obtained from the FE model can also be treated as valid ‘temperature
measurements’ that correspond to the mean nodal temperatures of the network.
Six such temperatures are taken from the model, bringing the total number of
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measurements to 18. If the inverse mapping is to be achieved with only the 18
measured temperatures, then the matrix would be [Y ]°1

18x12. While the system
is still overdetermined, the power sources it predicts are not correct. This is
because the system matrix is severely restricted and lacks enough information
to create a faithful inverse mapping. Hence, the forward temperature solution
of the remaining subsidiary nodes of the thermal network are retained as such.
The temperature vector ym used in inverse mapping is hence

ym =

2

4y±

y

3

5 (4.3)

where y± refers to the measured temperatures and y refers to those from the
forward model. Thus, out of the 31 elements in [¢T]31x1, 18 are measured.
Inverse mapping with such a temperature vector, with constrained least squares
resulted in powers as shown in Fig. 4.7(a), which are not accurate.

(a) (b)

Figure 4.7. (a). LS reconstruction with temperature ym where 18 elements are measured; (b).
LS reconstruction after noise smoothing.

This is because there is high deviation in the magnitude of temperature
between a node and its neighbour. The measured temperatures were assigned
to the node representing the middle of the domain. The temperatures at the
subsidiary nodes are from the forward solution, so there is a mismatch which is
not reflected by the linear operator A. By smoothing out the variation between
the nodal temperatures, an inverse source map of better accuracy can be found.
A Gaussian filter whose filter parameters were chosen as demonstrated in Qi
et al. (2010b) is used for this purpose. The improved LS solution after noise
smoothing is shown in Fig. 4.7(b).

4.2.2 3D Source Reconstruction

Following the success with the lumped network, the constrained LS approach
for inverse source mapping was adapted to a larger system as well, namely the
steady-state numerical thermal model. Analogous to the analytical problem, the
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FE solution’s stiffness matrix, load vector and solution vector correspond to [Y ],
[P] and [¢T] respectively.

As described in Publication I, the temperatures of the frame’s outer surface
were considered the measurement surface, and the nodal temperatures herein
are corrupted with normally distributed additive noise to resemble actual mea-
surements.

y± = y+ rnæ (4.4)

rn is a random variable with zero mean, which models the influence of different
kinds of errors and æ is the standard deviation. As with the LPTN, the FE
system is reduced to be overdetermined by eliminating the equations where
the magnitude of the source (load) was zero. The resulting system has 4558
nodal temperatures of which 25 are on the outer housing surface, and which
are considered as measurements. The temperature vector which initialises the
inverse model is assembled as before in (4.3). Similar constraints as with the
LPTN were put in place for the lsqlin solution.

Similar to the case with LPTN, the imposition of noise (that too, of high degree)
causes high variation between adjacent nodes on the FE mesh. In reality, while
the power or source might vary abruptly from one point to another, the change in
temperature is more gradual. Unlike the LPTN which collapses a whole domain
to two or three nodes, the spatial distribution of temperature is well captured by
the 3D mesh. So random spikes in temperature, which in this case is applied to
the frame outer surface needs to be curbed. Hence, noise smoothing was applied
here as well. Fig. 4.8 shows the inverse power reconstruction achieved in the
whole 3D FE model of the motor with the constrained linear least square method
after noise smoothing.

Figure 4.8. LS reconstruction of powers for the FE mesh from 25 noisy frame temperatures, root
mean square error 1.6£10°4kW.

In Publication II, the objective was to estimate the loss distribution in the
motor’s stator core from measurements of the lamination stack surface. For
this purpose, it is assumed that measurement of temperatures from the stator
lamination surface is available. Fig. 4.9 (a) and (b) show the domain of interest
and the surface that is chosen as the site of measurement, respectively. The
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3D FE model serves as the forward model, and the simulated temperature
measurements of the lamination surface are generated as in Publication I.

(a) (b)

Figure 4.9. (a) Stator yoke and tooth domains in the FE model; (b) Highlighted surface considered
as the measurement surface.

From the system of equations assembled by the FE solution, equations with
zero load terms are eliminated to obtain a sparse linear operator of size [4198£
4138], for the least square minimisation. The equality constraint enforced that
the sum of the inverse mapped nodal losses should match the sum of the nodal
flux in the domain obtained from the forward solution. Noise smoothing across
adjacent nodes is also applied. The results in Table 4.2 are obtained at different
noise levels, with errors calculated at the yoke and tooth regions separately and
together. The interior-point algorithm was chosen to iteratively determine the
LS solution. There were 108 mesh nodes on the tooth surface considered as
temperature measurement points, and 23 on the yoke surface. In total, there
are 115 nodes in the yoke domain versus 540 in the teeth domain.

Table 4.2. emax(%) / emean(%) in the inverse mapping with LS in stator yoke and tooth is reported

Inverse
map
error

Noise in measurement*(K)

Yoke Tooth Yoke & Tooth

æ= 0.01 æ= 0.25 æ= 0.01 æ= 0.25 æ= 0.01 æ= 0.25

Yoke 0.27 / 0.01 0.56 / 0.04 0.27 / 0.01 0.36 / 0.02 0.27 / 0.01 0.53 / 0.05

Tooth 2.45 / 0.15 2.45 / 0.15 2.45 / 0.15 3.66 / 0.18 2.45 / 0.15 3.12 / 0.18

* Three measurement cases: with noise only on yoke surface nodes, only tooth surface nodes and lastly
both yoke and tooth nodes. Random noise with two different, extreme values of standard deviation æ

considered.

The error indicators used are maximum relative error emax and mean relative
error emean:

emax =max
≥ØØØ

x§ ° x
x

ØØØ
¥

and emean =mean
≥ØØØ

x§ ° x
x

ØØØ
¥
.

The accuracy of mapping is acceptable; however it was observed that the LS
inverse solution of power sources is not unique. With different simulated mea-
sured temperatures, the inverse solution returned somewhat different source
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reconstructions. The simulated measurement data used varies with every run,
due to the random measurement noise applied. The matter of solution unique-
ness is important in inverse problems such as this one where the cause for an
observed effect has to be determined, as noted in Engl et al. (1994). In light of
these issues, preconditioned CG method for inverse mapping was attempted as
an alternative.

Conjugate Gradient Method
The iterative conjugate gradient (CG), with a suitable stopping rule can solve
inverse problems, as stated in section 3.3.2. The Morozov’s discrepancy principle
ky± ° Ax§k ∑ k

p
Næk where N is the number of measurements and æ is the

standard deviation of noise is employed here. The square linear operator A is
used here, and is not reduced to the rectangular form, as with the least squares.

Table 4.3 shows the inverse mapping results obtained with CG with the same
markers as constrained LS optimisation shown in Table 4.2. In CG, a precondi-
tioner, which scales the original operator matrix is used to better condition it
so that the algorithm converges faster. Diagonal or Jacobian preconditioning,
where the preconditioner is a diagonal matrix with the diagonal elements of A
was employed here. Both CG and LS start from an initial assumption of zero
nodal powers.

Table 4.3. emax(%) / emean(%) in the inverse mapping with CG in stator yoke and tooth, for
different sets of measurements

Inverse
map
error

Noise in measurement (K)

Yoke Tooth Yoke & Tooth

æ= 0.01 æ= 0.25 æ= 0.01 æ= 0.25 æ= 0.01 æ= 0.25

Yoke 0.02 / 3e°3 0.5 / 0.09 0.14 / 2e°3 0.51 / 0.08 0.01 / 2e°3 0.51 / 0.08

Tooth 0.04 / 2e°3 2.5 / 0.11 0.14 / 6e°3 6.05 / 0.38 0.1 / 5e°3 6.10 / 0.38

At lower noise levels, like æ = 0.01, errors with CG are lower than with LS,
mainly at the tooth region. At an unrealistically high noise æ = 0.25, both
methods report high error in inverse mapping, with CG reporting lower mean
error. CG converged to the inverse solution faster than LS, clocking around 20
seconds versus LS’s 130 seconds. Between yoke and tooth, the maximum error
in inverse reconstruction is observed in the tooth region, even with CG. The
higher number of nodes along with the complicated geometry of the tooth region
make the inverse mapping here more challenging.

Inverse mapping accuracy with LS and CG are not mesh-dependent. A denser
mesh means a larger linear system with more source components, and also
proportionally higher number of measurements. CG method adapts to a larger
mesh easily, with LS however, solution times will increase with larger sized
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systems. Even with denser mesh, the error in inverse mapping in the tooth
region is marginally higher than at the yoke region.

4.2.3 2D Source Reconstruction

The power loss distribution of the motor and its inverse mapping in the 2D FE
model with the conjugate gradient method is discussed in Publication III. The
forward problem is initialised by applying the volumetric power loss density over
the 2D mesh of the motor seen in Fig. 3.5. The mesh nodes on the motor’s outer
housing boundary are considered as the temperature measurement locations.
The choice of measurement location is motivated by the fact that the housing is
the area readily available for measurement in an already-fabricated motor.

The inverse mapping is carried out with CG, and the sensitivity of the solution
to the number of measurements and noise levels is studied. Two different noise
levels – one corresponding to sensor measurements (æ = 0.0035) and the other
to thermal camera measurements (æ = 0.02) – are studied. Also, the number of
measurements are varied from 70 to 30 and finally, to 1. Here too, the measured
temperature vector is assembled as in the previous two publications, as shown
in (4.3).

Table 4.4. Error in reconstruction when two different noise bounds are used, for different number
of measurement points N

Meas. points N = 70 N = 30 N = 1

æ= 0.02 0.0035 0.02 0.0035 0.02 0.0035

emean% 3.7 0.5 2.3 0.36 0.3 0.04

emax% 639 86.2 683 69 66.4 7.8

enorm% 22.6 2.6 14 1.9 1.8 0.2

As the number of measurements increased, so did the error in inverse mapping,
as presented in Table 4.4. Another error indicator enorm error norm is also
evaluated here, to compare the different error bounds.

enorm = kx§ ° xk
kxk

Fig. 4.10 shows the absolute deviation in heat flux, between the forward and
inverse solutions. Although the maximum absolute error is of high magnitude,
it occurs at very few locations. Moreover, the mean error in the overall heat flux
mapping at either noise level is 4%.

As discussed earlier, noise smoothing is useful in improving the solution
accuracy here as well. The measurement boundary of the machine frame is more
or less isothermal, and the random variations of noise applied here disrupts that
in an unrealistic fashion. For N = 70, and the higher noise bound of æ = 0.02,
the variations are high for adjacent nodes on the same boundary. Consequently,
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Figure 4.10. Absolute error in heat flux mapping on the motor’s 2D cross-section. Enlargement
of the stator tooth shows that the maximum variation occurs here.

the variation in measurement error across adjacent nodes is filtered using a
Gaussian function. Table. 4.5 shows the reduction in mapping error after noise
smoothing. At N = 30, most of the measurement nodes were non-adjacent, and
so the same high smoothing index as that for N = 70 trivialises the applied error
at these nodes. Therefore, the smoothing index was adapted suitably.

Table 4.5. Error in inverse mapping after noise smoothing, for æ= 0.02

N emean% emax% enorm%

70 0.5 90 3

30 0.004 0.7 0.01

4.3 Calorimetric Power Loss Measurement

The 37 kW motor whose losses are to be measured calorimetrically, is supplied
with a 750 kVA synchronous generator to ensure sinusoidal supply and loaded
with a 45 kW induction motor. The test motor is also fitted with Pt-100 sensors
in the stator endwindings, at both endspaces, as well as the yoke surface. Fig.
3.7 shows the inner layout of the calorimeter.

During the motor tests, the shaft conducts some amount of heat out from the
calorimeter. This inaccuracy in calorimetric power measurement due to shaft
leakage can be corrected through measurement. Once the motor is thermally
stable, the temperature of the shaft just within and outside the calorimeter’s
chamber is measured with a thermal camera. Across the various loads, the
amount of heat it leaks was found to be around 13-23 W. The measured heat
loss of the motor after the shaft leakage compensation is denoted alongside the
power loss measured from input-output method in Table 4.6. The rated torque
of the motor is 237 Nm.
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Table 4.6. Motor’s power loss measured with calorimeter vs. input-output method

Loading
(Nm)

Ploss Motor power loss (W) Difference
(%)Calorimeter Input-output

237 3055 3050 -0.2
200 2283 2264 -0.8
160 1667 1671 0.3
120 1299 1291 -0.6
70 1027 1015 -1.2
0 938 914 -2.7

The frictional loss of the motor was measured with the variable voltage test
and was estimated to be around 138 W. This loss is assumed to be constant (as
the rotational speed was not varied), and by excluding it from the total measured
loss, the net electromagnetic loss of the tested 37 kW motor is found. This water-
cooled calorimeter had a measurement uncertainty of 2.08% (expressed at 95%
confidence).

Segregation of Losses
To separately measure all the loss components of a motor with a calorimeter is
difficult and calls for a high degree of customisation of the experimental setup, as
evidenced by Singh and Arkkio (2012). Otherwise, when the total loss has been
estimated calorimetrically, certain components can be found through a difference
method. For instance, Bradley et al. (1999, 2006) determined stray losses as
the difference between the electromagnetic loss measured calorimetrically and
the sum of the electromagnetic loss components measured through conventional
means. In a similar manner, harmonic loss of a 7.5 kW induction motor was
determined as the difference between the calorimeter’s measurement of the
motor’s power loss under fundamental and distorted supply (Jalilian, 1997).

In theory, the total loss of the motor measured calorimetrically can be sepa-
rated into components through inverse thermal mapping of the motor tempera-
tures measured during the test. A suitable forward model for this purpose would
be the LPTN, since the losses are lumped. Also, the coarse discretisation of
the machine it represents implies that only few temperatures are necessary for
reliable inverse mapping. This is the theme of the work presented in Publication
V.

Constrained least squares minimisation is used for inverse mapping here as
well, drawing parallels with what was attempted in Publication I. The main
difference between the two methods is the method of solution itself. While noise
smoothing was employed retrospectively to damp high variations between nodal
temperatures in Publication I, a different approach to this has been undertaken
in Publication V.

In Publication V, the temperatures of the motor measured during the calori-
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metric test are made use of. The measurements came from Pt-100 sensors
installed on the stator end windings, end spaces, and stator outer yoke (through
a hole drilled on the housing). These measurements correspond to 5 nodal
temperatures (of the LPTN) on the stator side of the motor. The stator end-
winding is a tricky region to measure accurately, due to its uneven surfaces and
proximity to endspace air. Also, the lumped node represents the mean temper-
ature of the middle of the endwinding, while the sensor measures the surface
temperature. To account for these uncertainties, a tolerance is assumed on the
measured temperature such that; if ¢Tm are the set of measured temperatures,
then ¢Tm °10∑¢Tm ∑¢Tm +10. Next, 10000 new temperature vectors whose
elements vary randomly in this range are generated. The expectation is that
any one of these vectors could correspond closely to the actual temperatures of
the measured sites.

The ratio between the measured temperatures and the corresponding nodal
temperatures from the analytical network is found and the LPTN’s temperature
solution is updated by this ratio to obtain ¢T 0. This shall correspond to the
new temperature measurement of the whole motor. The initial temperature
distribution from the LPTN is obtained using loss components obtained as per
relevant standards (IEC 60034-2-1 (2014)) as the power sources. These power
components, obtained as per convention, serve as the initial estimate for the loss
components. The inverse routine finds the new set of loss components P 0

n that
minimises the functional in (4.5).

∞∞∞
£
A§§£

P 0
n
§
°

£
¢T 0§

∞∞∞
2

2
(4.5)

[A§] refers to the rectangular matrix, which is the linear operator of the overde-
termined system of equations. Thus, corresponding to each of the 10000

£
¢T 0§,

a source vector
£
P 0

n
§

is found through least square minimisation. Additionally,
each loss vector

£
P 0

n
§

found is such that, the sum of its elements add up to the
motor’s total electromagnetic loss that was measured calorimetrically. This was
imposed as an additional constraint to the inverse LS solver. Of all such power
loss vectors found, the unique minimiser of the problem is the one with the least
residual norm. More details on the inverse mapping procedure are found in
Publication V.

The inverse method delivers a unique combination of electromagnetic loss
components corresponding to the measured temperatures at different loading of
the motor. Frictional and windage losses were measured and assumed constant
at all load points. There exist semi-empirical means to estimate these such as in
Saari (1998), but such methods were not adopted in this case.
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Figure 4.11. (a). Measured stator winding loss at various loads vs. those from inverse mapping;
(b). Rotor copper loss from FE analysis vs. those from inverse mapping
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Figure 4.12. (a). Stator iron loss at various loads from FEA vs. those from inverse mapping; (b).
Measured rotor iron loss from FEA vs. those from inverse mapping.

The inverse mapped stator copper loss components at various loads are com-
pared against the AC winding resistive loss in Fig. 4.11 (a). The DC winding
resistance is first determined from the cooling curve and then the AC resistance
is estimated with the average resistance factor. The stator current was measured
during the motor’s operation. Fig. 4.11 (b) shows the comparison between the
inverse estimation of the rotor copper loss components against that from the FE
analysis. Furthermore, the stator and rotor loss iron components from inverse
and FE routines are presented in Fig. 4.12.

The inverse mapped copper and iron loss components deviate by some degree
from their counterparts. The worst agreement is in the case of the rotor iron
loss. There are couple of aspects that can be altered in the solution method in
order to achieve better results. For instance, obtaining a sensor temperature
measurement of the rotor. Since this is usually difficult, the thermal network
can be simplified such that all the important machine domains are modelled
with fewer nodes. The resolution can be higher in regions where the more actual
temperature measurements were made. This can help to avoid unnecessary
errors in the ratio and update procedures before the LS solution is found.

Nevertheless, the loss components at any load add up to the sum of electromag-
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netic losses measured with the calorimeter. This was actually a pre-requisite
for the solution, and was imposed as a constraint in the inverse minimisation
routine lsqlin.

It should be noted that there is some deviation between the total electromag-
netic loss measured with the calorimeter and that with FE as seen from Table
4.7. Frictional loss of the motor make the biggest difference here, and is the
greatest source of uncertainty. Although they are assumed constant, some varia-
tion in frictional loss (in term of the power drawn by the motor) was observed
between the different balance tests to calibrate the calorimeter, where the motor
was run on no-load. So the deviation between the inverse mapped components
and FE solution is partly attributable to this. Employing better data ranges can
help gravitate to a better division between the loss components.

Table 4.7. Comparison of motor’s electromagnetic losses obtained calorimetrically and with FE
analysis

Loading (Nm) Calorimetrically (W) FE (W)
Full, 237 Nm 2918 2988
Half, 120 Nm 1161 1163

No, 0 Nm 785 878

68



5. Discussions and Conclusion

5.1 Discussion on Inverse Source Mapping

Two methods of inverse thermal mapping – least square minimisation with
constraints and conjugate gradient were studied. The former was implemented
with the help of a Matlab routine, which searches for a suitable vector in the
solution space defined for the problem by way of constraints and data limits.
It was observed from the results in Publication I and Publication II that the
LS solution was not returning a unique solution to the inverse problem. In
Publication I it returned the sources of the LPTN, and in Publication II it was
the 3D source distribution. On the other hand, the conjugate gradient method
was obtaining unique solutions, in a faster manner.

The difference in solution speed between CG and LS minimisation is more
than marginal, the real effect of which will be more evident in larger systems.
Conjugate gradient is faster, making it suitable for extending to systems of
larger scale. Constrained least squares works by implicitly utilising a large
amount of knowledge regarding the system. LS are suitable in situations where
the nature of the solution and range of values are known a-priori. CG, can also
be applied in cases where the original source distribution is unknown and only
the measurement error is known along with the linear operator that defines the
forward causal relationship. The knowledge of the measurement error comes in
handy in determining the stopping criterion for the iterations. Also to be noted
is that LS returns the most optimal solution to a given problem. While this
may not be necessarily unique, its suitability can be evaluated through different
metrics to arrive at an acceptable solution as done in Publication V. This again,
requires sufficient foresight and knowledge of the physical problem. On the
other hand, CG coped well with the randomness in the temperature input. The
solutions it returned were quite close in magnitude.

Another challenge for the inverse mapping arises when the error bound in
the measurement is unknown. This was seen in cases when inverse mapping
with LPTN was attempted in Publication I and Publication V, with temperature
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measured by sensors. Here either minimising the deviation between the mea-
sured temperature and modelled temperature, through smoothing as done in
Publication I, or updating modelled temperatures to resemble measured ones,
as done in Publication V, could be followed.

The approximate solutions obtained through least squares and conjugate
gradient method have been for the whole machine, and not just the local domain,
which were sites of temperature measurement. The system matrix or the
operator matrix reliably maps the dependencies between different nodes. In
this context, since the number of measurements taken were far fewer than the
size of the system, especially in the case of the FE solution, the overall effect of
the noise was somewhat diminished, especially after Gaussian smoothing was
applied. Alternately, if the system matrix’s rows are eliminated so that they
correspond to only those noisy temperature measurements, the error in inverse
mapping is much higher.

Inverse Source Mapping with With FE Models

Inverse mapping is inherently more challenging with FE due to the large number
of powers to be found. Publication III focussed mainly on the 2D FE model of
the motor. Mapping the source distribution accurately over the whole plane of
the motor with just measurements of the frame was impossible. The mapping
worsened as the distance from the measured boundary grew. There are few
reasons for this. First, there are many material boundaries in the motor. The
observable temperature distribution on the motor’s frame does not resemble
the actual distribution on any of the interior boundaries of the motor. Besides,
the geometries are not simple. From the outer frame’s cylinder, the depth
and shape of the stator slots is not evident; the same goes for the rotor. An
ideal temperature measurement for inverse mapping would be a network of
sensors spread across the 2D radial cross-section of the motor, much like an
X-ray. Otherwise, a large number of close-knit measurements should be made,
including at all the interior boundaries.

If we look at Publication II, in the tooth region for instance, the demand on
the inverse mapping is to obtain the source distribution at 540 nodes from, 108
measurements. CG obtains a solution here, but it is not accurate. The surface
measured is completely representative of the whole domain, so the measurement
made here should have been sufficient for accurate mapping. The difference in
this case is the differing boundary conditions. The convection imposed along
the tooth faces along the air-gap and at either end regions are different. Also,
the proximity to the endwindings and air at the endspaces causes the surface
lamination of the stator stack to have a different temperature distribution than
a lamination, for instance, in the middle. Hence, the temperature information
of the surface alone proves inadequate. For an accurate source mapping, the
temperature information of the whole tooth domain needs to be utilised. In this
situation, the problem description changes from ‘can few temperatures map a
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domain’s sources’ to ‘can inverse mapping be achieved accurately in a domain,
when of the available information, few are corrupted with noise’. The thermal
dynamics of the electrical motor are so interdependent on each of its domain
that the most accurate mapping is obtained when all the available information
is utilised.

5.2 Discussion on Calorimeter

The constructed water-cooled calorimeter was of good accuracy and reliable
operation. With the current coolant system, the maximum motor power loss
that the calorimeter can measure is around 4 kW. Beyond this, the temperature
in the chamber rises above 40°C, which is a breach of the stipulated operating
conditions of the motor. By using a water-controller with a larger flow-rate,
along with more powerful fans in the chamber, the measurement capacity of the
calorimeter can be increased.

The chamber of the calorimeter chamber possessed good thermally insulating
capabilities, by virtue of its construction and choice of materials. The main path
of heat leakage was through the motor shaft; but this could be estimated to a
good degree and compensated for in the post-experiment analysis.

One cause of concern in the measurement was the bearing loss of the motor.
Frictional losses of the motor by itself were determined as an average result
from a couple of tests. Similar tests were done also when the motor was coupled
through an extended shaft with its load machine. This shaft is supported by
extra bearing houses, and the total frictional loss of this arrangement was also
found and assumed to be constant from there on for future purposes. Bearing
losses depend very much on the temperature of the lubricant. When running
back-to-back load tests, the frictional losses were found to drop by even 100 W.

So for calorimetric power loss measurements, the motor was always cold-
started, to avoid big changes in the mechanical loss. Nevertheless, there could
be some variations, which get reflected in the electromagnetic losses of the motor
estimated calorimetrically.

Quest for Unique Solution
For working with the FE models, CG was faster than LS. The gradient method
also delivered a unique solution to the problem, when LS did not. The role
of constraints applied to the LS was to introduce useful problem-specific in-
formation, which could help it gravitate to a unique solution. Nevertheless,
this could not be achieved in Publication I even though almost all available
system information was fed to the LS solution framework. In Publication V, this
was overcome by starting from a pool of 10000 different temperature vectors
which were generated from within a temperature range which had the actual
measurement as the median value. This resulted in an equivalent number of
inverse-mapped loss vectors. The one with the least residual norm among them
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was always the same.

5.3 Significance of the Work

The field of inverse modelling attracts a tremendous amount of scientific interest.
From an electrical engineer’s point of view, there are great benefits to applying
inverse problems to their particular field of study, and it deserves to be explored
in greater depth. The greater part of this work is dedicated to the nuances of
inverse thermal mapping for power loss reconstruction in rotating electrical
machines. It explores the possibilities in inverse mapping and investigates one
or two ways of solution and a few permutations of it. There is still much more
that can be accomplished here.

Inverse methods for optimising thermal and magnetic parameters are in vogue.
As opposed to these, obtaining the singular source behind a phenomenon from
measurements, in this case the power loss of the motor, can greatly contribute to
furthering the understanding of loss generation and its mitigation in electrical
machines. Identifying all the components of power loss in electrical machines
through measurements is difficult. This thesis presents a possible way to
separate these loss components through the application of inverse thermal
modelling.

5.4 Suggestions for Future Work

5.4.1 Extension of Inverse Analysis

• The inner geometry of the motor can be prohibitively complicated, for
an inverse spatial source mapping from outer boundary measurements.
Investigating a similar device of simpler geometry, such as a transformer
can throw better light on the matter. Unlike a motor, the outer boundary
measurements of the transformer includes also the windings, thus giving
more information about all the main material domains as well.

• In the electrical motor, on top of boundary measurements, measurements
from the interior if available, can really anchor the inverse solution. Planar
measurement of stator core laminations, with surface-mounted sensors
can help provide these.

• Also, more comprehensive sensitivity analysis needs to be undertaken.
Studies on the number of temperature measurements, sensor locations
and nature of measurement are necessary for effective inverse heat source
mapping in a rotating electrical machine.

• For the inverse source mapping with the FE model, the temperature mea-
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surements used were simulated. The nodal temperatures were corrupted
with finite noise to resemble measurements. One possible way to work
with actual measured data for the FE framework would be to use thermal
maps obtained from infrared cameras. Such a thermal map would need
to be first interfaced with an image-processing algorithm to map the FE
geometry to the thermal image. Using a dense network of thermal sensors
is another option, where the sensor location can be mapped to the coordi-
nates of the degrees of freedom on the surface mesh in the FE model. This
works best with planar geometries.

• Segregation of losses with inverse thermal mapping is a very promising
concept. The solution method relies only on the thermal dynamics of the
motor. Hence it can be used as an independent means to verify other
electromagnetic FE loss models. It can be especially useful in studying
the additional losses due to distorted waveforms in converter-supplied
machines.

• The calorimeter can be used in conjunction with the above to serve as an
alternate means for power loss measurement in order to study additional
losses.

5.4.2 More Topics for Analysis

• Loss distribution in the iron has seen a lot of interest lately, and this
could be studied with inverse thermal mapping. With local temperature
measurements on the lamination, the extra losses caused by material
degradation due to cutting and manufacturing can be estimated.

• Non-invasive temperature measurements of the motor, combined with a
suitable inverse model can aid in its continuous monitoring, fault detection
and overload protection. This is an up and coming field of study, and there
is published research where thermal camera imagery have been used for
these purposes.

• Only steady-state studies were undertaken here, but inverse transient
thermal analysis is equally useful. Inverse temporal mapping helps as-
certain the strength of the heat source. Also, by fitting the temperature
growth in the device against a model, the thermal parameters such as
convection coefficients can be optimised.

• When working with large systems, model order reduction could be under-
taken to reduce the computational burden, especially when dealing with
transient inverse thermal mapping.
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5.5 Concluding Remarks

This work aimed to assess whether inverse methodologies can be suitably
adapted and applied to electrical motors for estimating their power losses. In-
verse reconstruction of losses spatially and temporally is important and is
beneficial in the study of loss modelling of motors. A 37 kW cage induction
motor is the topic of study. Steady-state thermal network and 3D and 2D finite
models were studied in this work and served as the forward thermal models.
The challenges to the inverse solution here were two-fold: firstly, how to deal
with data of unquantified measured error (as happens with real measurements);
secondly, the feasibility and accuracy of inverse solution when error is known
(using simulated measurements).

Additionally, this work explores if the inverse approaches can reconstruct the
power losses in areas of difficult direct loss measurement such as the stator yoke
of the machine. Spatial reconstruction or ‘locating’ the losses within a structure
happens with the aid of a FE model, which gives the structure to the forward
model to render the spatial temperature distribution in the motor.

Recovery of lumped losses was studied with the thermal network, using motor
temperatures measured by temperature sensors. The inverse solution methods
used include least square minimisation and the conjugate gradient method.
Both are successful in achieving their objective and have their relative merits.
The choice between these needs to be based on the forward model at hand, and
the nature of solution required.

A calorimeter was built and was tested to measure the power loss of the
induction motor. Such water-cooled calorimeters for measuring the power loss of
electrical motors are relatively rare. A novel application of the inverse thermal
mapping, to segregate the power loss thus measured with the calorimeter was
studied. It was able to successfully separate the total power loss of the motor
into stator and rotor iron and copper loss components.
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Publication Errata

Publication III

In page 2, Table I, the column headers Iron loss§(W) and Copper loss§(W) should
be interchanged.

In page 2, Fig. 1 (b), the legend titles ‘Rotor Temperature’ and ‘Stator Temper-
ature’ should be interchanged.

Publication IV

The sign of Pfan is wrong in Eq. (3) in page 2.

Publication V

In page 2 paragraph 2, 122 W should be 22 W. In page 5, section 6, ’lods’ should
be ’loads’.
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