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Abstract

This thesigproposes a method for accurate temperature estimation of theawnalte
power éectronics systems. The duality between electrical systems and thermal systems was
considered for thermal modeling. High dimensional thermal models present a challenge for
online estimation. RC (resisteapacitor) circuits that create a tradeoff betwesmuacy and
complexity were used to simulate the dynamic thermal behavior of power electronics. The
complexity of the thermal network was further reduced by applying a strymteserving
model order reduction technique. The reduced order thermal modehrwRC circuit with
fewer capacitors. Preserving the physical correspondence between the reduced order model
and the physical system allows the user to use the reduced order thermal model in the sensor
placement optimization process. The accuracy offtbental estimates can be easily increased
by increasing the number of sensors in the system. However, a large number of sensors
increases the cost and complexity of the system. It might also interfere with the circuit design
and create packaging problems Aptimal number and optimal placement of temperature
sensors was found. The optimal sensor placement problem was solvedimyzingxhe trace
of observability Gramian. The optimal number of temperature sensors was based on the state
estimation error obined from a Kalman filter. The dynamic thermal behavior of the power
electronics systems was represented by a linear state space model by applying the conservation
of energy principle. Therefore, assuming Gaussian noise, it iskn@n that a Kalman fier
is an optimal estimator for such systems. A contintghssrete Kalman filter was used to
estimate the dynamic thermal behavior of power electronics systems using an optimal number
of temperature sensors placed at optimal locations. The proposed methagplied on-D
and 3D power electronics systems. Theoretical results were validated experimentally using IR

thermal imaging and thermocouples. It was shown that the proposed method can accurately



reconstruct the dynamic temperature profile of powesteonics systems using a small number

of temperature sensors.
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Chapler

| ntroducti on

Power electronics systes are used for the conversion and control of electric power.
Rectifiers are used to convert electric power from AC to DC. Inverters are used to convert
electric power from DC to AC. Also, DOC converters can be used to control the voltage
magnitude. AGAC converters can be used to change the magnitude and frequency of the
voltage. Power electronics have a wide range of applicability. They are used in industrial
applications, transportation, domestic applications, telecommunication, power transmission,
etc Also, power electronics systems operate in a wide power range. For example, less than 1
W converters are found in portable equipmentslQ@0 W converters are found in computers.
kW to MW converters are found in variakdpeed motor drives. And 1000 M¥énverters are
found in energy transmission applicatigf

However, power electronics systems are not ideal. They have dissipative elements, i.e.
resistors. The nonideal behavior of peoweéectronics is manifested as power loss converted
into heat. The amount of heat dissipated into the system is related to the amount of power
converted in the power electronics system. Furthermore, the new trend in the field of power
electronics is the grease of power density. Smaller devices are used to convert higher power
levels. Therefore, the amount of heat dissipated in these systems increases and creates localized
hotspots that might lead to the failure of the power electronics system.

This thess proposes a method for accurate dynamic thermal estimation of power
electronics systems. A dynamic thermal estimation scheme composed of dynamic thermal

modeling, model order reduction, sensor optimization, and filtering will be presented. The



method is pplied on a heterogeneous higltgmplex thermally coupled power electronics

system.

1.1 Motivation

With the emerging trend of increasing the power density of power electronics comes
the limitation ofthe power disipation in the systerRower dissipation is transformed into heat
in the power electronics systems. Therefohe, increase of power disstm leads to an
increase irtemperaturd?] that has negativeffects on the performance ahtetime of the
componentgperating in the power electronics system. Also, higher temperature increases the
cooling cost which is a major problem in the current power electronicq2iel¥].

Dynamic thermal management (DTM) was proven to be an effective solution to control
the temperaturef power electronicky guaranteeing that the temperature of the hotspots in
the system will nbviolate a specific thresholdHowever, this technique typically relies on
thermal measurements obtained frombmard sensors. Therefore, accurate temperature
readings of the systeare essential for a successful DT3JH10].

Power electrong systems thaestimatetheir own temperate to applythermal
management techniqugmssibly ly reducing their power flow, are known by thermadhyare
power electronic§6]. Increasing the power density becomes safer in this new breed of power
electronics systems since the availability of the accurate dynamic temperature girofiese
systems actiates the DTM at the right time.

Accurate thermal readings can be obtained easily by increasing the number of sensors
in the system. However, a largamber of sensors influenctdee reliability and packagingf
the power electronicsystem, increases its cost, and interferes with its circuit d¢8]gn
Furthermore, the locations of the temperature sensors in the system affect the accuracy of the
edimated parameters. Placing temperature sensors at random locations might lead to large
thermal estimation errors. Therefore, fingithe optimal number and optimal placement of
temperature sensors is an essential task for the success of the dynamic thermal estimation
process.

The objective of this research is to obtain an accurate estimation of the spatiaktdynam

thermal profile ofthermallyaware power electrorscsygems using the smallest number of



temperature sensors in the syst€uarrent power electronscsystems do not have the ability

to extract the dynamic spatial tempature distribution Some work has been done on

tempeature estimation o& single chip[8]. However, he method proposed in this thesis
provides anethodology foaccurate thermalséimation of highly complex and heterogeneous
systems using an online mod®sed estimator and compact thermal models.

In practice, some power electronics systems are open to the ambient atmosphere.
Convective heat transfer in these systems happenslylibsttveen the components of the
system and the ambient atmosphere. Those systems are treatkthassional (D) systems
in this work since it is assumed that there is conduction only along the x and y directions in the
plane of the system. Therefothe dynamic thermal behavior of these systems is simulated
using 2dimensional thermal models.

In some other cases, the power electronics systems are enclosed by a heat sink that
enhances heat transfer by convection from the system to the environméns base,
convective heat transfer happens between the heat sink and the ambient atmosphere, i.e. there
is no direct convective heat transfer between the components of the system and the ambient
atmosphere. Heat is transferred by conduction from the coemp® of the power electronics
systems to the heat sink in thelizection. Furthermore, there is conductive heat transfer along
the x and y directions in the plane of the power electronics system. Therefore, enclosed power
electronics systems will be tteal as adimensional (3D) systems in this work because there
is conduction along 3 dimensions in the system. The dynamic thermal behavior of these

systems is simulated usingdBnensional thermal models.

1.2 Theds organization

The rest of this thesis is organized as follows. Chapter 2 describes the thermal network
modeling procedure used in this work to simulate the dynamic thermal behavior of power
electronics systems. In Chapter 3, a brief literature reviesowfe welknown model order
reduction techniques is presented. Also, the algorithm of the strym®serving aggregatien
based model order reduction technique used in this work to reduce the complexity, i.e. number
of states, of the dynamic thermal malef power electronics systems is presented. In Chapter

4, a brief review of some welinown filters is presented. The continualiscrete Kalman



filter used in this work to estimate the dynamic thermal behavior of power electronics systems
is presented irsome detail. In addition, the analysis used to find the optimal number and
optimal placement of temperature sensors is presented in this chapter. In Chapter 5, the 2
dimensional dynamic thermal profile of an actual inverter is estimated using the proposed
method. In Chapter 6, theddmensional dynamic thermal profile of an inverter enclosed with

a heat sink is estimated. The summary of research contributions and future work are presented
in Chapter 7.



Chap2er
Net wor k Modeling

2.1 RC modeling

The dynamic physical systems of interest have temporally and spatially varying
temperature profiles. Detailedaateling of thermal interaction in these systemesults in high
dimensioml complex models that are inappropriate for estimation and control design purposes.
The appropriate modeling approach needs to balance complexity versus accuracy. The thermal
modelsshould to be simple enough for-tne implementation and detailed enough to simulate
the dynamic thermal behavior of the systems at an acceptable level of accuracy. Also, the
number of powerful analysis tools drops significantly for 4ioear systems copared to
linear system¢$l11] leading to a strong preference for linear models. Therefore, the physical
systems analyzed were approximated by lumped parameter models by deriving an equivalent
thermal circuit[7]. Collectingthese models results in a directed connected graph of linear
systems. Model order reduction techniques can be used to further reduce the dinfehsion o
lumped parameters models making them more suitable for estimation and control purposes.

The first st@ towards getting an accurate temperature estimation of theravedise
power electronissystems is to create a thermal model that provadesccurate representation
of the dynamic thermal behavior of the system. In order to account for all the th&eutd e
in the system in full detail, numerical thermal analysis methods such as the finite element
method must be used in the modeling procedure. However, these techniques result in complex
high-dimensional models that are not suitable for estimation anttrai design purposes.

Therefore, a tradeoff between accuracy and complexity must be done in order to obtain a



thermal model that generates the dynamic thermal behavior of the system at an acceptable level
of accuracy with low computational effof3.

As shown in the literature, a resistpacitor (RC) thermal model can successfully
simulate the spatial dynamic temperature distrdoubf the system with a reasonable accuracy
and complexity tradeoff3], [10], [12]{14]. Also, another advantage of RC thermal models is
that they have a physical correspondence with the physical system. In other words, each
capacitor in the RC thermal model represents the therrpatitance of a specific part of the
physical system. RC thermal models areated by considering the similarity between an
electric circuit and a thermal circuit since current and heat flow are described with the same
differential equations. This similayi converts the heat conduction problem into an electric
problem where the voltage in the RC circuit represents the temparatutbermal problem
the current represents the heat transfiethe power flow and the electrical resistances
represent thenermal resistances. The capacitors used in the RC model simulate the transient
behavior of the system by modeling the thermal lag that occurs before the temperature of the
system reaches a steady state value followistgpchange in the heat inputhe tiermai
electrical analogy is shown in tatf#el

Table 2.1 Thermal-electric analogy used to model resistecapacitor thermal models.

THERMAL ELECTRICAL
THROUGH heat transfer rate, q current, |
VARIABLE watts amps
ACROS5 Temperature, T voltage, v
VARIABLE degrees C volts
DISSIPATION thermal resistance, R, electrical resistance, R,
ELEMENT degC/watt ohms
STORAGE Thermal capacitance, C electrical capacitance, C
ELEMENT joules/degC farads



The heat conduction probfe can be solved as a 1 dimensionaD{lproblem, 2
dimensional (2D) problem, or 3 dimensional {3) problem[15]. For a 1D heat conduction
problem, the system is divided into blocks along just one direction. It is assumed that
conduction occurs along just one direction in the system. The blocks are cortneeaeth
other through a therma¢sistancehat represents conduction resistance along that direction in
the systemFor a 2D heat conduction problem, the system is considered as a plate that is
divided into pixelsalong its width and lengtvith an asgined capacitor to each one of these
elements and assigned resistors that connect each capacitor to one other in the x and y
directionsn this system, it is assumed that conduction occurs along 2 directions in the system.
For a 3D heat conduction problenthe system is divided into small cubes, or voxels, with
assigned resistors and capacitors that account for the conduction along three dimensions. The
1-D, 2-D, and 3D RC thermal models will be explaingdmore details in the nestibsections.

2.1.1 1-D RC thermal models

Dynamic thermal estimation requires computationally efficient thermal models. The
desired thermal models should simulate the offline dynamic thermal behavior ofvike po
electronics system using a small number of states. D &C thermal model, it is assumed
that there is conduction only along the x direction in the system. It can also be assumed that
there is convective heat transfer from the system to the envérdnin order to design ald
RC thermal model, the system is discretized along its length into pixels. Each pixel is
represented by a capacitor in the RC thermal model. Each capacitor represents the ability of
the corresponding part of the system toesteeat in it. Adjacent capacitors are connected to
each other through conduction resistances. Since the temperature in a thermal model is
represented by the voltage in an electric model, the ambient temperature is represented by a
voltage source in the R@ermal model. Each capacitor in the RC thermal model is connected
to the voltage source through a resistor that represents the convective heat transfer resistance
from that specific part of the system to the ambient atmosphere. Rigigiegows an example
of the discretization and the modeling of-® RC thermal model. The system was discretized
into 2 pixels. Each pixel was represented by a capacitor in the RC thermal metsrésents
the conduction resistance along the x direction between the two pixels. Q represents a heat



source. It was shown in tali?€l that the heat flow in a thermal system is represented by the
currentin an electric system. Therefore, the heat source Q that exists in the first pixel of the
physical system is represented by the current source connectenh tih€RC thermal model.

Each of the capacitors is connected to the voltage source theoBgithat represents the
convection resistancigom that part of the system to the ambient atmospfidre voltage

source represents the ambient atmosphere. Therefore, it can be seen that there is a physical
correspondence between the RC thermal model andhyisécpl system. Each capacitor in the

RC thermal model represents the heat storage capacitance of a specific part of the physical
system. This physical correspondence between the RC thermal models and the physical
systems is a feature of the 3 versionshaf RC thermal models, i.e-[1, 2-D, and 3D RC

thermal models.

It should be noted thalé type of heat transfer from a surface of a system depends on
whether that surface is a free surface or a connected surface. A free surface experiences
convective heat trasfer to the ambient atmospher& connectd surface experiences
conductiveheat transfeto the surface connected to it as shown in FiglPe Therefore,
spatially adjacent pixels will be conrted through conduction resistances. And every pixel
that is exposed to the ambient atmosphere will be connected to a voltage source through a

convection resistance.

Q Ambient Temperature —
LR '} R R, <R,
| 1
- N
R
// /’ -/ -/ Cl; lCz
Ci C - e

Q

Figure 2.1 An example of a 1D RC thermal model that was discretized into 2 pixels.

Conduction was assumed along the x direction only.
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Figure 2.2 Heat transfer modes from asystem with 2 functional elements

The thermal capacitance is a function of the density of the mateyidle specific heat

capacity of the materiat, and the volume of the corresponding part of the systefmhe

thermal capacitance is given by
C=rcv (2.1)
The conduction resistance is a function of the length through which the heat is

conductedL , the thermal conductivity of the materigl, and the crossectional area through

which the heat is conducted).. The conduction resistance is given by

L
F%ond - m (2-2)

The convection resistance afunction of the heat transfer coefficiett, and the
surface area from which the heat is tfan®d to the ambient atmosphéye The convection
resistance is given by

1
Rconv - E (2-3)

In general, printed circuitdards of power electronics are composed of several layers

of varied materialslf the system is composed of multiple layers of different materials, it is



convenient to treat the multilayered struetass a homogeneous material andarsatplane

effective thermal conductivityto calculate the conduction resistanBg,,y. The inplane

effective thermal conductivity igiven by

o N
a i Kif
Kin- plane: _.I &| | (2.4)

[ =1ti

wherek; is the hermal conductivity of a specific layet, is the thickness of the corresponding

layer, N and is the total number of layers. The effective thermal capacitance of the

multilayered structure is the sum of tinermal capacitand@.1) of each layer
_ = N
c=a,,G- (2.5)

2.1.2 2-D RC thermal models

2-D RC thermal models accouiot conduction along the x and y directions in the plane
of the sys¢m in addition to the convectivieeat transfer from theystem to the ambient
atmosphere2-D RC thermal models are used to simulate the dynamic thermal behavior of the
power electronicsystems that are open to thakaent atmospherén other words, 2D RC
thermal models can be used to simulate the dynamic thermal behavior of power electronics
systems that are not enclosed by a heat sink and do not experience conductive heat transfer
along the z direction. In these systems, convedtiwat transfer occurs directly between the
components of the system and the environment. The first step in designing a RC thermal model
is to discretize the system into pixels. For-B RC thermal model, theystem is discretized
along its width and length into pixels or nodes. To reduce the complexity of the thermal model,
the level of granularity chosen can be doaethe level of the functional elemerit3)].
Therefore, each functional blocik the power electronics system, i.e. the inverisr,
represented by a single node and assigned a capacitor JHRC thermal model. The
resuling RC model is characterized by a spatial correspondence with the physical system. Each
capacitor in the RC model refers to a specific functional block in the physical sy$teheat
generated from the functional blocks is modeled as current sourceectesh to the

corresponding capacitors in tt#D RC model. The convectiveheat transfer from each

10



functional block or each part of thgséem to the ambient atmosphé&eepresented in thz

D RCthermalmodel by a resistor that connects each capadfitaifree surface to the ambient
atmosphere. The ambient atmosphenepresented in tH2D RC model by a voltage source

that allows the user to specify the specific ambient temperature that the system is subjected to.
Figure 2.3 shows an example of DZRC circuit for a system divided into 4 elements. The
heat generated in the first functional element was modeled by the current source connected to
the first capacitor. R12 and R34 represent the conduction resistance along the x direction. R24
and R13 remsent the conduction resistance along the y direction. Rcl, Rc2, Rc3, and Rc4

represent the convection resistance between evrey gnd the ambient atmosphefEhe

thermal capacitances, the conduction resistances, and the convection resistances are found

Ambient
Temperature

using(2.1), (2.2), and(2.3).

Ambient
Temperature

Figure 2.3 Example of a 2D RC thermal model thatwaspatrtitioned into 4 pixels.
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2.1.3 3-D RC thermal models

Some power electronics systems are enclosed with heat Sinmke the convection
resistance is inversely proportional to the surface area from whiclkeahéhransferred to the
atmosphere, increasing that surface area decreases the convection resistance and hence
enhances the heat transfer by convection from the system to the atmosphere. Therefore, heat
sinks enhance the convective heat transfer fronptiveer electronics system to the ambient
temperature by increasing the surface area of the system exposed to the ambient temperature.
In the case of enclosed power electronics systéimese is nalirect convectiveneat transfer
between the components thfe sywtem and the ambient atmosphdrethese systemshe
components othe system experience conducthesat transfer with the heat sink. Coatree
heat transfer occurs between the heat sink andtthesphereA heat sink is usually referred
to as arextended surfacd 6].

Extended surfaces or fins can have different configurations. Fins can be straight with a
uniform cross section, straight with a nonuniform cross section, annular, or pin fins.Fgure
shows different fin configurationd 6]. Furthermore, fins can operate with a longitudinal air
flow or a lateral air flow. Figur@.5 shows an example of a DOC conveter enclosed with a
longitudinal air flow heat sink and an example of a-DC converter enclosed with a lateral
air flow heat sin17].

In the case of enclosed power electronics systems, conduction occurs,ig, thedkz
directions More specifically, it is assumed that conduction exits in the x and y directions along
the plane of the power electronics system, in addition to conduction in the z direction from the
power electronics system to the heat sink.

Similar to the 1-D and2-D RC thermal modejsthe first step in designing3 RC
thermal models is to discretize the system. In the cas®dy&tems, the system is discretized
into voxels. Each voxel is assigned a capacitance value. For simplicity, thetidegayn can
be done at the level of the functional element. Each functional element irDtsys8em is
represented by a voxel and is assigned a capacitance value. Adjacent voxels that do not have
an exposed surface tile ambient conditionasre conne@d to each othetlong the x, y, and z
directionsthrough conduction resistances only. However, the voxels that posegk to the

ambient conditionbave an additional resistance that considtm to a voltage source in the
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3-D RC thermal model. The adutinal resstance represents the convectieat transfer from

the corresponding part of the overajilseem to the ambient conditian¥he conduction
resistances along the x, y, and z directions are calculated (@2gHowever, 0 and 0

depend on the direction along which the heat is being conducted. The convection resistances
cannot be calculated usi(@3). To calculate the convection resistances from the voxels of the
finned structue to the ambient conditionshe equations of heat transfer from extended
surfaces must be usgth]. The effective resistance that accounts for convection in extended

surfaces can be found using

1
hohA’

Ro= (2.6)

whereR g is the overall effective resistand®, is the overall efficiency of an array of fink,

is the convectivéheat transfer cdcient, and A is the total surface area of the extended

surface. The overall efficiency for an array of fins is found using

N
o =1 TAfa ), 27

where N is the number of fins in an array is the surface area of a single fin, and is the

efficiency of a single fin. The total surface ar@afor N fins in an aray is found using
A =NA +A, (2.8)

where A, is the surface area of the exposed part of the base of the extended surface. For

straight rectangular fins with active tip, the effivdg of every fin in the array can be found

using
h, :tanhmlc1 29)
ml,
where |, is a corrected length found using
t
L. =L 43 (2.10
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Here0 is the length of the fin, andlis the thickness of the fin. If the width of a rectangular fin

is much larger than its thickness, the paramitean be found using

_[2n
m—\/%, (2.12)

where™Qis thethermal conductivity of the material of the extended surface Giadhe heat

transfer coefficient.

(b)

(c) (d)

Figure 2.4 Different fin configurations. (a) Straight fin of uniform cross section. (b)
Straight fin of nonuniform cr oss section. (c) Annular fin. (d) Pin fin.
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DC-DC Converter

(®)

Figure 2.5 Enclosed DGDC converter. (a) Enclosed DEDC converter with longitudinal

air flow heat sink. (b) Enclosed DGDC converter with lateral air flow heat sink.
2.2 Network modeling

2.2.1 Thermal network representation

In order to design a filter that provides an accurate dynamic spatiadahestimation

of power electronics systesna state space representation of the thermal model is ng@ded
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The state space is derived from adted weighted grap® = (V, E, W) thatcan represerthe
intercaanected RC thermal model, wheve={L, 2,...,n} denotes the set of vertices of a graph

of nnodes, E denotes the setf @dges that connect adjacent vertices, ¥denotes the
weights of the edges which represent the thermataexe values between the capacitances

of the thermal modeh the case of RC model&raphbased modeling has been usedhe
literature in different areas. It was found to be a useful tool for modeling of power electronics
systemg18], thermal modeling of buildind49][20][21], among many other applications. The
main advantage of this modeling technique is that it captures the structure of the conservation
of mass ad energy laws in these systef@2].

The RC thermal models described in the previous subsections can be represented by
directed weighted graphs in which each vertex represents a capacitor of the RC thermal model,
each directed weigbd edge represents a conduction or a convection resistance of the RC
thermal model, and each weight represents the value of the corresponding resistance of the RC
thermal model. The ambient atmosphere is modeled by a single node or vertex with an infinite
capacitance in the grafifased themal model. The direction of the edges represents the
direction of positive heat flow between the corresponding adjacent nodes. The resistance

values of the edges are equal in both directionqu'j.e:. Ri on the edgé, j) . However, since

the heat can flow only in one direction (from the higher temperature node to the lower
temperature node), a direction was assigned to every node in the graph. This makes the graph
directed. Grapibasel model can be used to represeiid,12-D, or 3D RC thermal models
Figure2.6 shows the 2D grapbhased model representation of th® RC thermal model of
Figure 2.3. The edges irFigure 2.6 represent the conduction along the x and walion
between adjacent nodes,addition to convection from each node to the ambient atmosphere.
The amlent atmosphere is modeled by the center node Ta.

The state gace thermal models fpower electronics systentisat are enclosed with a
heat sinkare derived from -® RC thermal models. The therhreetworks for those systems

can also beepresented by dicted weighted graph® = (V, E,W). However, in this case the

edges of the thermal networks represent conduction in the x, y, and z dire€iypme.2.7
shows an example of al3 graphbased thermal model. The first vertical layer that contains

the first 4 nodes represents the power electronics system, i.e. the iafanpewer electronics
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system that is enclosed with a heat sifllte current source connecting to the first node in the
inverter layer represents a source of heat that exists in the corresponding location of the
inverter. The second vertical layer that contains the second 4 nodes represerdeshef the
heat sink. The edges in each of the two vertical layers represehiation resistances in the
x and y directions between adjacent nodes. The edges that connect the two vertical layers
represent the conduction resistances in the z direction between the inverter and the heat sink.
Furthermore, the layer that representshtbat sink contains additional edges connected to the
ambient atmosphere node. Those additional edges represent the convection resistances from
the heat sink to the ambient atmosphere.

The dynamic thermal behaviof the power electronics systenssthenobtained by
applying the conservation of energy law on every vertex in the drapbd modellThe same
strategy can be applied oD}, 2-D and 3D graphbased thermal modelShe energy balance
eguation states that the thermal energy stored in each nadenistion of the thermal energy
entering the node, the thermal energy leaving the node, and the thermal energy generated in
that node. Therefore, the dynamics of the system are represented by a system of coupled first
order differential equations gively b

Si=q, 212

where C; denotes the thermal capacitance of nodd; denotes the temperature of node

and g; denotes the net heat flow into node

Figure 2.6 Example of a 2D graph-based thermal model.

17



Figure 2.7 Example of a 3D RC graph-based thermal model.

The net heat flong; into nodei is the difference between the heat flemteringinto

nodei and the heat floweaving from node . The heat flowenteringinto a node can be

through conduction from adjacent nodes or through heat gener@iofrom the active

component represented by the corresponding imoithe grapkbased thermal modélhe heat
flow leaving from a node can be through conduction from that node to the adjacent nodes or
throughconvection from that node to the ambient atmosphere. The heat flow from rode

node j is calculated agT; - T;)/ i} , where'Y can be the conduction resistance or the

convection resistance. The set of the coupled differential equations can be expressed in a state

space form as
x=Ax +Bu ¥d (2.13)

where the state vectox represents the temperature of each node or vertex of thelymapt

mode| the matrixA:[aj] represents the system dynamics, the veatoepresents the heat

inputfrom the heat generating components in the systemdarepresents the disturbance to
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the system which is the ambient atmosphere in this Tasestate space derivation from the

graphbased thermal model will be explained in mdetail in the following subsection.

2.2.2 State space model

By applying the conservation of energy on every vertex in the grapéd thermal
model of the power electronics systeng tinear state space thermal mo(2lL3) can be
obtained. The state space thermal model of tBegzaphbased model shown in FiguPes
will be obtained as an example of this concept. The gbapéd thermal model has 4 nodes.
Therefore, the state space thermal model will have 4 states. By applying the conservation of
energy equation on each vertex of thB raphbased thermal model, the system of 4 first

order coupled differential equations shobelow will be obtained.

To-h Ja-T1 T -

Gy = Q (214
Rio Ris R1
C,T,= T-Tp, T -Ty To-Ty (2.15)
Ri> Rog R>
. T,-T3 T3 - T
C3T3 -4 3 3 1 3 :!; (216)
Rey Ris R3
Cyf = To-Ty T4-T3 Ty -Ty 217
Ros R4 R4
Rearranging these 4 differential equations, the linear state space(thb8etan be obtained,
where
e 1 1 1 1 1 ¢
& e h 0 (
é R.G R:G R.G R.G R: G ;
é 1 1 1 1 1 \
é o ' ' 0 2 e [
Az 6 R, R.G R,G R,G R, G {
é 1 1 1 1 L
e o~ 0 - B L
é RsCs R:G R.G R:G R, G .
e 1 1 1 1 1
¢ 0 S o v t
e R24(:4 R3.4C4 R24 C4 %4(:4 B4 q L

19



and

N
P e e e

Therefore, it can be seen that thyestem dynamics matriA=[g;] is given by

0, j.(J)E
8 = C_—le,i O (218
aa %,i £(.j) Ei

Theprevious example shows how to derive the linear state space thermas wio2el
D systems. However, thdynamic thermal behavior of-B systens is obtained using2.12)
also which results in a system of coupled first order differential equatibat can be
rearranged in the same form as that of tHie &atespace thermal modelslence, he state
space model structure ofl3 systems is similar to that of2 systems.

It will be shown in Chapters 5 and 6 that an actual power electronics system usually
has many components. Discretizing the system at thed&tred functional elements will result
in a large number of capacitors in the RC thermal model which means a large number of nodes

in the grapkbased thermal model. Thereforbetresulting state spatieermalmodel ofan
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actual power electronics systemllwhave a large number of states which imposdsgh
computational cost. Also, it will be problematic to implement such a complex systam i
online estimator. Hencex method that redes the complexity of the thermal modéhile
preserving its accura@nd structure is needed.
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3.1 Literature review

The design, analysieptimization, control and estimation of complex physical systems
require the use of a virtual model that captures, as accurately as possible, the behavior and
different interactions of the system. Virtual mader computer simulations ateseful in
reduang the time needed to obtain the output of a system that might take hours, weeks, or even
days to get if the experiment was performed on the physical system directly. Furthermore,
running the experiment on the physical system directly might be costlgedars, and even
impossible in some cases. Therefore, the need of realistic computer simulations of complex
systems is increasirjg3].

In 1965, Moore predicted that computer speed will double every 18 nj@dihEigure
3.1 shows the increase in the number of transistors in tyjitellchips as a function of years
[25]. The figure shows that there are 42 million transistors in the Pentium 4 chip compared to
less than 10 thousand transistorschips that were almost 30 years old at that time. This
significant increase in the computat@dpower made it possible for researchers to create more
realistic models that include complex interactions of different domains of the physical system.

Howewer, even with the increase of the computational power, the complexity of the
highly realistic models can become problematic in some cases. Modeling all the interactions
of physical systems in full detail increases significantly the dimensionality of tdelrand

might require unrealistic storage capacity and computational power. Therefore, decreasing the
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dimensionality or theomplexity of the simulation model is crucial for the analysis or control
of some physical phenome[iz6].

It might be reasonable to think that decreasing the complexity of the model decreases
its accuracy. However, it was shown that in most cases it is possible to neglect some details of
the physical system and still be able to extract the output anftivenation needed from the
model. Figure8.2 shows a graphical representation of the model order reduction c¢2cEpt
It can be seen that many details of the model can glected, but the final result can still be
captured. Operational model order reduction depends on the intuition of the researcher in order
to neglect some details in the model and hence obtain a relatively low dimensional model. This
approach is used foxample to model the blood flow in the entire human H&@ady.

In some other applications, it is not possible to reduce the complexity of the model a
priori, and a high dimensional model that requires hugegocapacity and computational
power is obtained. Therefore, control design and filtering become computationally expensive

or even impossible. In such cases, model order reduction (MOR) techniques are used.
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Figure 3.1 The increase in the number of transistors in typical Intel chips as a function

of years. There are 42 million transistors in the Pentium 4 chif25].
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MOR is a hugeesearch field. Researchers have already developed many methods to
reduce the complexity of a model while preserving its wguput behavior. Every MOR
technique is useful for a certain application but the main objective of all the MOR techniques
is to obain a simpler model while preserving, as much as possible, the details of the original
model.

Besides the significant decrease of the dimensionality of the original highly complex
largescale model, MOR techniques should have some other properties $ushrgsa good
representation of the physical system, preserving some system properties like stability and
passivity, having a small approximation error, having a global error bound, and being

numerically stable, and efficie[26].

Figure 3.2 Graphical representation of the model order reduction concepf27].

Research has been done for developing MOR techniques for linear systems and
nonlinearsystems. Hence, MOR techniques can be classified under methods suitable for linear
systems and methods suitable for nonlinear systems. F@ighows that singular value
decomposition (SVD) based methods, moment magcinnethods, modal based reduction
methods, and hybrid methods can be classified under MOR techniques used for linear systems.
On the other hand, proper orthogonal decomposition (POD) methods, and the trajectory
piecewise linear method can be used for M@Ramlinear systems.

The problem formulation of MOR is as follows. Given the following dynamical system
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x=f(xu)

(3.1)
y=9(x U,
wherexi R" . Find a lower dimensional system
X=1xU (32)
y=9g(x U

whereXi R™, with m< n, while preserving the inpwdutput relationship.

There are many MOR methods based on the singular value decomposition approach.
The Hankel norm approximation method is a well known MOR technique based on SVD
[28][29]. This method was introduced in 1971 and is based on minimizing a certain norm of
the error between the full order model and the reduced order model. Balanced truncation,
introduced by Moore in 1981, enother famous MOR technique based on SVD. Balanced
truncation is a projection based method in which the system is transformed into a basis in which
the states that are difficult to reach are also difficult to observe. The reachability and the
controllablity grammians are diagonalized. Then the method is applied by truncating the states
that are hard to reach and simultaneously hard to obg3$}[81] . Another metbd that falls
under SVD based methods is the singular perturbation m¢&®)d The main difference
between the singular perturbation method and the direct truncation method is that the latter
method tends to havamall errors at high frequencies and larger errors at low frequencies,
while the former method tends to have large errors at high frequencies and smaller errors at
low frequencies.

Another set of methods that can be used for the model order reducfieanflystems
is the moment matching methods, known as the Krylov subspace m¢88)der Pade
approximation method84]. These methods are projection based methods. In these methods,

the transfer function is expanded using a Laurant s&reesd a given poing, in the complex

plane[26] as shown below.

G(g+S) =K +1 s+ h s. (3.3)
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h, are the moments of the linear systaiithe expansion point. The Laurant series of the

reduced order model is given as
G(p+s) =B #1 s+h s. (3.4)
The method is applied by matchilkgnoments such that

h=hi 4,2,k (3.4)

where k<n.

Figure 3.3 Classification of model order reduction techniques.
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Using modal techniques, a closkxim formulation can be obtained in the reduction of
linear systems. Before dieling on the modal technique used to reduce the complexity of the
largescale model, the user needs to determine the order of the reduced order model, the
dominant modes, and the most sensitive state variables that should be kept in the reduced order
modd. There are many methods that fall under modal techniques. However, the main concept
behind all these methods consists of neglecting the dynamics of the fast nodes in the large
scale model[35] reviews six commonhused modal based model order reduction techniques.

Furthermore, reducing the complexity of laigEale models can be done using a
combination of several model order reduction teghes methods. This approach is known as
a hybrid method. For example, Krylov subspace methods can be combined with other MOR
techniques to reduce the number of states of the nid@elUsing hybrid methods, the user
can take advantage of the benefits of each model order reduction technique used which makes
hybrid MOR methods suitable for various applications.

Some model order reduction techniques candmied to nonlinear systems. Proper
orthogonal decomposition (POD) is an example of a MOR technique that can be used to reduce
the complexity of largascale nonlinear systems. POD can be seen as a MOR technique or as a
data analysis tool. POD is also knowas Principal Component Analysis or the Karhunen
Loeve Decompositiof87]. It should be noted that the discrete version of the POD is the SVD.
This method consists of approximating a tiwaying function over some domain of interest
as the sum of some special ordered orthonormal functions called the proper orthogonal nodes
of the timevarying function. The largecale model is then reduced by representing it with its
most energetic nodes.

Another MOR technique that can be applied to lagae nonlinear models is the
trajectory piecewise linear MOR technique. In this technique, the-smae nonlinear system
is represented by a piecewise linear system and then the reduction of thesespi®ne with
a Krylov projection38].

A lot of research is being conducted in the MO#tdfias the need to analyse and control
highly complex physical systems involves the use of low dimensional models that do not
require huge storage capacity and computational cost. Hence, there is a huge number of MOR

techniques that were developed. Eachhoe is useful for a specific application. It should be
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noted that many of the MOR techniques that were originally created for reducing the
complexity of linear systems were extended to be applied on nonlinear systems as the need to
use more realistic motierequires including nonlinearities in the system. For instance, a lot of
research has been done to extend the balanced truncation MOR technique towards nonlinear
systemg39], [40], [41], [42].

In the next section, a MOR technique that reduces the complexity ofdeateemodels
while preserving the structure or the physical meaning of the states in the reduced order model
will be presentd. The importance of this property in the MOR technigwédsbecome clear

in the 2dimensional and-8imensional casstudies presented in the upcoming chapters

3.2 A structure-preserving model order reduction tehnique

3.2.1 Advantage of a structurepreserving MOR technique

A very brief overview of some commonly used MOR techniques was presented in the
previous section. The focus of these MQ#hniques was to reduce the complexity of the
largescale models while preserving the inputtput behavior of the system in addition to
some other properties like passivity and stability. However, preserving the structure of the full
order model was notrgsented as an important property that should be found in these MOR
techniques.

In chapter 2, it was shown that RC models can be used to simulate the dynamic thermal
behavior of power electronics systems with good accuracy and relatively small compltation
cost compared to other numerical thermal analysis methods such as finite element analysis, for
example. However, the RC thermal models of actual power electronics systems, i.e. an inverter
or a set of coupled inverters, result in a large number of tapacThis will result in a large
number of states when the RC model is converted to its state space form. Therefore, a MOR
technique that reduces the complexity of the RC thermal model, or the nhumber of states of the
state space thermal model, is needsplecially when -8limensional RC thermal modeling is
used.

MOR of RLC (resistoiinductorcapacitor) circuits have been extensively studied in the

literature in order to generate reduced order macroscale njé8glgl4], [45], [46]. However,
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an ideal MOR technique for RLC circuits would result in a reduced order model in the form of
a RLC circuit[47], [48]. This is the objective of structupeeserving MOR techniques. This
feature in the structuspreserving MOR techniques is known by reciprocity.

The dynamic thermal estimation of power electronics systems requires the use of the
less general from of RLC ciruits. More specifically only RC circuits will be used to model the
dynamic thermal behavior of the power electronics systems. Hence, a stpreseeving
MOR technique for RC circuits will be used in order to obtain a lower dimensional RC circuit
that is easier to work with in a filter or a controller.

This reciprociy between the full order RC thermal model and the reduced order RC
thermal model will allow the user to analyze the reduced order model as a RC circuit. More
specifically, the user will be able to analyze and monitor the dynamical thermal behavior of
everycomponent of the power electronics system using the reduced order RC thermal model.
This is possible since, as it was shown in the RC modeling section, every component of the
power electronics system is represented by a specific capacitor in the RCI timerdeh
Therefore, if the states of the reduced order RC thermal model still have their physical
meaning, the user will be able to track the dynamical thermal behavior of every component of
the power electronics system using the reduced order RC theodal.m

Furthermore, the dynamic thermal estimation of power electronics systems requires
solving a sensor placement problem. The user needs to find an appropriate number and
placement of temperature sensors that should be used with an observer inrecteate the
dynamical thermal behavior of all the states of the power electronics system. Having this
reciprocity between the full order RC thermal model and the reduced order RC thermal model
allows the user to use the reduced order RC thermal modelv® the sensor placement
problem. More specifically, when there is a physical correspondence between the states of the
reduced order RC thermal model and the power electronics system, the user will be able to
identify the locations of the temperature ses©N the physical system using the reduced order
RC thermal model to solve the sensor placement problem. Without this reciprocity, the
physical locations of the temperature sensors on the power electronics system will be lost. This
idea will become clean the upcoming chapters where -@ithensional and a-8imensional

case studies are presented.
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In the next two subsections, a structpresesrving model order reduction technique
for RC circuits will be reviewed. This method was previously developétkititerature. The
technique is based on Markov chain aggregation. The main idea behing this MOR technique
is to aggregate the capacitors -ocfhpahetobououbt’
represent a larger portion of the power electronictesy modeled, i.e. the inverter. The
aggregation of the capacitors will reduce the number of states of the RC thermal model by
applying a spectral algorithm. The computation steps needed to obtain the reduced order RC
thermal model will be presented. Timethod will be applied to reduce the complexity or the
number of states of the-dmensional RC thermal models anelignensional RC thermal
models. The reduced order RC thermal model will be then used in an observer in order estimate

the dynamic thermal Ibavior of all states of the system.

3.2.2 An aggregationbased model order reduction technique

The MOR technique used in this work to reduce the complexity of the RC thermal
models ofthe power electronics systems is based on the method develdd&{l [49],[50].
This method was developed for the reduction of linear systems and was extended for the
redudion of nonlinear systems. This MOR method is based on the Markov chain aggregation.
It was previously used to reduce the RC thermal models of buildings. In the linear version of
the method, the thermal model of the building was represented by a RC thesdwdlthat
resulted in a linear state space model. To reduce the number of states of the linear state space
model, the linear thermal model was connected to a Markov chain and was reduced by applying
the aggregation of Markov chains. In the extended eersf the method, the thermal models
of the buildings were more sophisticated and resulted in a linear part that captures the nodal
thermal interactions of the building thermal model and a bilinear part that resulted from the
heat flux into the zone spacko reduce the nonlinear thermal models, their linear terms were
connected to a continuous time Markov chain and the aggregation method of Markov chains
was applied. Then the nonlinear term is aggregated based on some optimal coordination.

The main advamige of this aggregatidmased MOR method is that it results in a
reduced order thermal model that has the same structure as the full order thermal model without
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computational difficulties. More specifically, the resulting reduced order thermal model has
the structure of a RC thermal model.

It was shown that the thermal dynamics dfet buildingsare similar to a time
homogeneous Markov chaiHowever, since the thermal model used to simulate the dynamic
thermal behavior of the power electronics systemisnas to the thermal model of buildings,
it is clear that the thermal dynamics of the power electronics systems are also similar to a time
homogeneous Markov chaiHence the thermal modedf the power electronics systemean
be aggregated using Markokiains aggregation techniques.

It should be noted that this aggregatlmased MORechniques applied orthethermal
networls thatrepresenthe RC thermal modelof the power electronics systerieveloping
a thermal network that represents a RC thernwdehwas presented in the previous chapter.

It was shown that thermal network is represented@s (V, E, W) , whichis a set of vertices,

edges, and weights. Each vertex represents a capacitor, each edge represents a resistor, and
each wajht represents the value of that resistance.
The main idea behind this model order reduction technique is to find an optimal

partition functionJ:V- M, whereM ={1,2,....m} with m< n. The partitionfunction J
reduces the dimension of the state space fromodes in the full order model intm nodes
in the reduced order modeEach super node has a super capacitdbcand a super

temperaturel . Suger nodes are connected by supEsistanceR . The supecapacitance and

the superresistance are given by

6k = a. iiv Ci' (35)
fek, :;1 (3.6)
ai,jiER*_j

In order to aggregate the nodes of the full order model, the optimal partition function
J has to be found. This function is difficult to get exagtlyen the order of the reduced order
model is greatethan 2 which ighe general case in thesgplications. Instead, the reduced
order model is obtained by applying a spectrgbathm on the second eigenvector of the

symmetric matrix
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. 11 11
P=05(BP B +2B' 2) (3.7)

derived from the thermal network that represents the RC thermal model of the system. Here
D =diag(p), (3.9

where p is the stationaryidtribution of the Markowchain, andP(t) is the Markov transition

matrix. It was also shown in the previous chapter that a linear state space model is derived
from the thermal network of the power electronics systems. Theréfier&)arkov transition

matrix P(t) is given by

P(t) = ™. (3.8)
The stationary distributioaf the Markov chairis given in terms of the capacitances by
S EE N V3 (39)
a jiiv Cj

The computation steps performed to aggregate the capacitors of the full order RC
thermal model into superapacitors in the reduced order RC thermal model will be presented

in the next subsection.

3.2.3 Computation steps of the reduced order thermal model

The reduction of the number of capacitors in the RC thermal model or the number of
states in the state space form of the thermal model of the power electronics systembys don
aggregation in this work. A spectral partitioning algorithm is performed on the second
eigenvector of3.7). The computation steps of the algorithm used by this aggredzsed
MOR technique are as follows.

1. Compute the symmetrimatrix P using(3.7), (3.9), (3.8), and(3.9).

2. Check the sign of the second eigenvectoPof
3. Aggregate the spatially adjacent ned# the thermal network that share the

same sign into superodes.
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4. Calculate the supearapacitances of the supeodes using3.5), and the super
resistances that connect adjacent sunpeles using3.6). Internal esistances
in supernodes are neglected.
5. Add the current sources that exist in the same supées into a single current
source.
An example of this aggregatidrased MOR technique is illustrated in Fig3ré below. In
thisfigure, a 2D thermal network is shown. The network is composed of 10 nodes. Based on

the sign structure of the second eigenvector of the métr'a(very node in the thermal network

was assigned a sign. The red nodes represenpttes that share the positive sign according

to P. The blue nodes represent the nodes that share the negative sign. The aggregation
algorithm states that the spatially adjacent nodes that share the same sign can be aggregated
into supernodes. Therefore, it was possible to aggregate the 10 nodes of the full order RC
thermal model into 4 sup@odes in the reduced order RC thermal model. Each of the 4 super
nodes has a supeapacitance calculated usif85). The external resistances that connect
supernodes should be grouped together into suesistances calculated usifig6). The

internal resistances that exist inside supmiies are neglected.

o 0 O

oo O

Figure 3.4 Graphical illustration of the aggregationbased MOR technique. The
thermal network was reduced from 10 nodes in the full order thermal model into 4
nodes in the reduced order thermal model.
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4.1 Filters

Measuring all the states of a dynamical system is essential to control the system,
monitor its behavior and make sure it does nof#di]. Using a sensor to measure every state
in a system is usually expensive or even impossible. For example, using a temperature sensor
to measure the dynamic thermal behavior of ggemponent in an inverter increases the cost
of the system significantly, reduces its reliability, and might cause packaging prdBlems
Hence, reconstructing the dynamic behavior of all the states of a dynamic system using a small
number of sensors or a small number of state measurements is often desirable.

Observers, filters, or estimators, are dynamical systems that carstrect the entire
state space of a system when some states cannot be measured directly. In most cases,
measurements of the entire state vector are not available. However, using a state feedback
control for example requires the knowledge of all the states system. In this case, an
observer can be used to provide information about the missing internal states of the system that
cannot be measured direcf2].

A lot of research has been done to develop observers and enhance their performance.
The first attempt to develop an observer is presant@d] where an observer that reconstructs
the state vector of a linear state space model was developed. Observers were initiallgdevelop
for linear systems and then extended towards nonlinear systems, nondeterministic systems,

among many other forms of systems.
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Observers can be grouped into two large categories. In the first category, a
mathematical model of the plant is required torestruct the entire state vector. In the second
category, the input output data is used to estimate the disturbance to the[Sy$tebrief
overview of some types of observers that require the use of a mathematical model to estimate
the entire state vector will be presented. Two well known observers that belong to this category
will be reviewed in some detail: the Luenburgbserver, and the Kalman filter.

The Luenberger observer is a modification of the edpep observer. The opdoop
observer is one of the simplest forms of observers that can be used to estimate the state vector
of a deterministic linear timmvariart system. In this type of observers, only the output of the
plant is used by the observer to reconstruct the entire state vector. The problem formulation is

as follows. Given the linear tirdiavariant system

X= Ax +Bu

y=Ox (4.1)

where the matriceg\, B, andC are known and deterministic. The input veatois known.
y is the measurableutput vector. The initial condition®(0) are usually unknown. The

objective of the open loop observer is to estimate a state vectrch thatk = x, using the

output vectory only. The dynamics of an opdoop observer are given by

= Ax"+Bu

Cx~ (4.2)

X

y
Since both the state space of the original system and the state space of the observer are

using the same mates, it can be seen that the estimated state vector converges to the actual

state vector only if the initial condtions of the plant are known. However, this is usually not

the case. Figuré.1 shows a graphical illustration of @pen loop observer. Since the observer

is a dynamical system that has the same dynamics as the original system, it can be seen that

the output of the observer will be equal to the output of the original dynamical system, given

that the initial conditions of the observ&(0) are equal to the initial conditions of the plant

X(0). If the initial conditions of the original system and the initial conditions of the observer

are not equal,he estimated state vector will never converge to the actual state vector.
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Furthermore, the performance of an observer can be studied in terms of the state estimation
error. The state estimation error is the difference between the actual values of the state
obtained from the state space model of the original system and the estimated values of the
states obtained from the observer. The estimation error is defined as

e=Xx -X 4.3

The goal is to drive thestimation error of the observer to 0. The dynamics of the state

estimation error of an opdoop observer are given by

e= X -X (4.4)
e=(Ax +B) (Ax B (4.5)
e= Ae. (4.6)

Therefore, the state estimation error of an elpep observer converges to 0 only if the original
system is stable. If the original system is not stable, the state estimatiorf émeoperloop
observer diverges. Also, the user has no control over the rate of convergence of the estimated

states to the actual sta{é$].

X y
—
—_—
—

Figure 4.1 Graphical representation of an opeAloop observer.

A well-known observer that can be used to recover the entire state vector of a system
with unmeasurable states and unknown initial conditions is the Luenberger observer, also
known by the closetbop observer. The Luenberger observer was originally develgped

deterministic linear timénvariant systemg4.1). Figure4.2 shows a graphical representation
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of the Luenberger observer. The main concept behind this elospdbserver is that the
difference between the estimated output vector and the actual/true output vector is fed back as
an input to the observer.

The dynamics of the Luenberger observer are given by

Xx=Ax+Bu Hy ¥

o (4.7)

<>
Il

where L is the observer gain. The main difference between the-lopgnobserver and the
Luenberger observer is the additional term in the observer dynamics equation that represents
the difference between the actual output vegtmd the estimated output vectpmultiplied

by the observer gain. The problem formulation of the Luenberger observer is follows. Given
the deterministic linear timmvariant systeng4.1), find the oberver gainL such that the state
estimation errof4.3) converges to 0O, i.e. the estimated state vector converges to the actual

state vector. The dynamics of the estimation error of the Luenberger obsertramagéven

by

e= X -X (4.8)
é=(Ax +BY (Ax Bu [y O% (4.9)
e=(A-LOe (4.10)

From(4.10), it can be seen that the state estimation extends to 0 as- @ when(A- LC)

is Hurwitz, i.e. all the eigenvalues &- LC have strictly negative reabps. Therefore, the
observer gainL must be chosen such thé&t- LC is Hurwitz. It should be noted that the
eigenvalues of A- LC) can be placed arbitrarily iff the system is completely olzdge, i.e.
the observability matrix is full rank. For the linear thin@ariant system(4.1), the

observability matrix is given by
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(4.11)

Therefore, it was shown that the Luenberger observer the need for accurate initial
conditions is eliminated by the process of feeding back the difference between the actual output
of the system and the estimated output of the observer as an input to the observer.

Figure 4.2 Graphical representation of the Luenberger observer.

It should be noted that the dynamic thermal models of the power electronics systems
used in this work account for convective heat transfer from the system to the atmoBiisere.
heat transfer mode results in the additional vedtar the linear timenvariant thermal model
of the system. The additional vectar represents the ambient temperature. Hence, the

dynamics of theltermal model of the power electronics systems will be given by

x=Ax +Bu ¥d

412
y =Cx ( )
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In this case, the dynamics of the Luenberger observer are given by

X=Ax+Bu ¥d Iy Cx

" (4.13
Cx

<>
1

The dynamics of the state estimation error and the design of the observeragaithe same
as in the case with no disturbances in the system.

Many extensions have been performed on the original Luenberger absEnee
observer was extended towards removing the steady state error. This extension of the
Luenberger observer is known by the proportional integral observer (PIO). This observer has
an additional integral gain used to reconstruct the disturbances amdntiogleled dynamics
in addition to the state vector of the system. This observer has more robust estimation
performance compared to the original Luenberger observer in the presence of unknown

disturbances in the systgBb6]. The dynamics of the PIO are given by

X=AX+Bu Hy ¥ LRy Y

(4.19)
= CX’A

<>

where L; is the integral gain of the P1O observer.

Furthermore, the Luenberger observer was extended towards nonlinear §$3ems
However, this form of the Luenberger observer is based on the assumption that knowledge
about the nonlinear plarg availablg54].

The dynamical systems estimated so far are deterministic, i.e. not stochastic. However,
there is a typefambservers that can be used to estimate the states of a stochastic system. In the
next section, the well known Kalman filter that can be used to estimate the states of a dynamical

system using noisy sensor measurements will be reviewed.

4.2 Kalman filter

The Kalman filter is a welknown optimal filter for linear systems in the case of
Gaussian noise. This filter provides optimal estimates by minimizing their mean square error.
It is a recursive procedure in whidmly the most recent sensor measurements are needed.

Hence, it reduces the data storage capacity and the computation requirements needed. The
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Kalman filter is a popular online processing form that provides very satisfying results in
practice due to its ojpbality and ease of implementation.

The Kalman filter can be used to estimate the states of a discrete time plant with discrete
time observations. This version of the Kalman filters is known as the discrete Kalman filter.
Furthermore, the Kalman filter mabe used to estimate the states of a continuous time plant
with continuous time observations. This version of the Kalman filters is known as the
continuous Kalman filter. Also, the Kalman filter can be used to estimate the states of a
continuous time planwith discrete time observations. This version of the Kalman filters is
known as the continuotdiscrete Kalman filte[58].

In addition, many extensions and modifications were applied to the Kalman filter. The
extended Kalman filter (EKF) is another version of the Kalman filters that was used to estimate
the states of nonlinear systef98]. It was shown later that the EKF mighadieto suboptimal
estimates and in some cases, it might diverge. The Unscented Kalman filter (UKF) is a more
recent version of the Kalman filters that can be applied to nonlinear systems and can address
this issue in the EKF while having the same compurtati complexity[60]. Also, another
version of the Kalman filters that deals with the state estimation of nonlinear systems in the
Ensemble Kalman filter (EnKF). This version of the Kalman filters belongs to the class of
particle filters[61],[62].

In this section, a brief overview of the most popular variations of the Kalman filters is
presented. Next, the continuediscrete version of the Kalman filters for linear systems will
be reviewed in more details. This version of the Kalman filtehsb&i used in this work to

estimate the dynamic thermal behavior of the power electronics systems.

4.2.1 Continuous-discrete Kalman filter

In this section, the continuoulscrete Kéman filter will be presented. This version of
the Kalman filter is a linear sequential continuous estimation from discrete observations. In a
continuousdiscrete Kalman filter, intermittent observations are easy to handle and sensor
measurements can bekésm at irregularly spaced instants of time. Another advantage of the

continuousdiscrete Kalman filter is that this approach provides optimal state estimates
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continuously, including the instants between the observafeBis The dynamics of the

continuoustime plant are given bfd.1). The discretdime observationsra given by

y(m) = Hx(n) +{ (4.19)
where y(m) is the sensor outpu is a mapping from the true states into the observed states,
andvi N(O, R ) is the measurement noise which is assumed to be white noise with zero mean

and covarianceR,. The computational cycle of the sequential estimation process of a

continuousdiscrete Kalman filter is shown in Figude3. The Kalman filter can be seen as a
predictorcorrector with a time update stage and a measurement update stage. In the time
update stage, the state estimate is called a priori and represents a predicted value of the true

state. In he measurement update stage, the state estimate is called a posteriori and represents

a corrected version of that predictidrne a priori state estimate, is obtained by propagating
the a posteriori state of the previous cygle, through the state transition matf(t,, 1.t ) .

The a prioriX;, is given by

X = f(tm’tml)xr‘;-l (4.16)
where the state transition matrix is defirmd

dF (t,¢) _
L SARL. (4.17)

The a posteriorik’, is then obtainethy updating X, by the observations at timBg,,

The recursiveipdating pocedure is given by
% = Xm H{ MM HX) (4.18)

The Kalman gain matriX, that results in the minimum variance estimate is given by
K =PaH [HPGHT 4R % (4.19)

where the error covariance mati, is the solution of
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P=AP +PA Bul B. (4.20)

Ym-1 Ym
m(tm -1, tm)
Xm-1 Xm | Xm
Tm—l Tm

Figure 4.3 Graphical illustration of the computational cycle of the continuousdiscrete
Kalman filter.

A detailed derivation of the continuodsscrete Kalman filter is presented[88]. This
filter, along with an optimal number and optimal placement of temperature sensors, will be
used in chapters 5 and 6 to obtain accurate dynamic temperature estimation of an actual power
electronics system. Ithsuld be also noted that the continualiscrete Kalman filter is the
most intuitive version of the Kalman filters. In fact, the dynamics of the thermal model of the
power electronics systems are continuously changing with time. Furthermore, the sensors
measurements are obtained only at discrete instants in time. Hence, the dynamical estimation

thermal problem of the power electronics system is a contindiscete problem by nature.

4.3 Optimal sensor placement

Increasing the number of sensors in a system increases the accuracy of the estimation
process. However, it increases the cost of the system, interferes with its layouts, and might
cause packaging problems. Therefore, optimizing the number of sensorays desirable.
Furthermore, the locations of the sensors in the system affect the accuracy of the estimation
process as well. Placing the sensors at random locations might result in poor state estimates
and consequently poor control designs. Therefordirfgithe optimal locations of the sensors
in a system is also crucial for the effectiveness and accuracy of the estimation f@®jcess

An optimization process with respect to the number and placement of temperature

sensors was performed in this woilkhe optimization formulation has been done with the
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underlying assumption that there be can a maximum of 1 speseraclstate. It means that
particular state may either have a sensor arTia@reforeit is a binary condition.

There are many strategies that can be used to solve the optimal sensor placement
problem. These strategies include integer programming metloasinuous relaxation
methods, or even intuitiebased methodf64]. The strategy adapted to solve the optimal
sensor placement problem in this work is related to infoomdtased performance metrics.

More specifically, ensors can be placed basedthe measure of the degree bEervability

of a dynamical systenThe RC thermal model used in this work to model the dynamic thermal
behavior of the power electronics systeg linear time invariant model. Therefore, the linear
observability Gramian can be used in solving the optimal sensor placement problem. The linear

observability Gramian is given by

W, jinear = ﬁe‘\Tt H' HeM df (4.21)
0
There are mangnetrics by which one can determine the degree of observability of the
states of a dynamic systef®3], [65]-H68]. The trace aalysis of the observability Gnaian
[69], [70] and the condition number of the observability Gramian have been considered as
performance metrgin this work[71]. The trace of the observability Gramianaesfto the sum

of all Gramian eigenvalues. The trace of the observability Gramian is given by

n
Trace( W,Iinear) =a Si( Vg,linear)- (4-22)
i=1
Maximizing the trace of the observability Gramian increases the system observability.
On the other hand, smaller observability Gramian condition numbers correspond to
improved observability71]. The condition number of a matrix refers to the ratio of its largest
and smallest magnitude eigenvalues. The condition number of the obsegréaititian using

logarithmic scaling is given by

S max(Wo jinear)

. 423
Smin (\No,linear)] ( )

Co =logol

43



Maximizing the trace of the observability Gramian or minimizing the condition number
of the observability Gramian result only in antiopal placement of a specific number of
sensors. To find the optimal number of sensors, the state estimation error obtained from the
continuousdiscrete Kalman filter will be used. A comparison of the results of the optimal
sensor placement problem obtainigom the trace of observability Gramian and from the
condition number of observability Gramian will be performed in chapter 5. Also, the analysis
used to find the optimal number of temperature sensors will be presented in the case studies in
chapter 5 ath chapter 6.
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5.1 System desadption

The thermal estimation technique developed in this work was applie@ &ta dc
ac, singlephase, fLevel flying capacitor rdltilevel inverter[72] shown inFigure5.1. This
inverter is a highly powedense device (216 WAninput Vinax= 400V). The main components
of the circuit are Gallium Nitride (GaN) gate drivers, GaN transistors, ceramic capacitors, and
Adum5210 digital isolators with integrated-ttedc convertersThe Adum210 devices are
isolated level shifters that power the gatkivers. The ceramic capacitohelp transfer
electrical energy anakduce stress on switching devicEse main sources of heat in the board
are the 12 GaN transistors. It should be noted tretamperature of the GaN transistors
generally increases as power levels increase. In contrast, the temperature of the Adum5210
does not change significantly with the power level due to constant control losses.

The main printed circuit board (PCB) thapresents the blue part of the board shown
in Figure5.1 is a 4layer board composed of four layers of copper, three layers of a glass
reinforced epoxy laminate FR4, and two solder mask layers. The daughterboard that represents
thered part of the board shown in Figlié is a 2layer board composed of two copper layers,
one FR4 layer, and two solder mask layers. The structure and thickness of the layers of the

main board and the daughterboard are showrgur&5s.2.
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Figure 5.1 A 2 kW, dc-ac, singlephase, 7level flying capacitor multilevel inverter [64].

Solder Mask 3\
Copper
FR4
FR4 Material Copper The main circuit board {blue)
FR4 .
Thickness = 302.5um $ > is a 4 layer board.
C . .
e Total Thickness (not including
FR4 -
2 0z Copper solder mask layers) = 1.49 mm
1 Copper
Thickness = 70 pm
Solder Mask J
Solder Mask 3
FR4 Material
Copper
Thickness =302 .5um i The daughterboard
FR4
2 0z Copper > (red) is a2 layer board.
C . .
Thickness =70 pm ¢ = Total Thickness (including
Solder Mask ) solder mask layers)= 0.5mm

Figure 5.2 The structure and thickness of the layers of the main ciruit board (the blue
part in Figure 5.1) and the daughterboard (the red part in Figure5.1). The main circuit
board is a 4layer board and the daughterboard is a 2 layeboard.
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5.2 2-D full order RC thermal model

The multilevel inverter shown in Figurgl is open to the environment, i.e. not
erclosed with a heat sink. Therefore, there is no conductive heat transfer tditeetion in
the system. However, there is conductive heat transfer in the x and y directions along the
inverter. Hence, the thermal dynamics of the inverter shown in Fglreill be modeled
using a 2dimensional (ZD) RC thermal model. Using al2 RC thermal model, conduction
along the x and y directions in the plane of the inverter, in addition to convection from the
inverter to the environment,ilvbe considered.

The first step in designing a RC thermal model is to discretize the inverter into pixels
and assign a capacitance to each pixel. The thermal capacitance represents the ability of that
corresponding part of the board to store heat.iAlgo, the thermal capacitance models the
thermal lag that occurs before the temperature of the system reaches a steady state value
following a step change in the heat input. The discretization of the board is specified by the
user. In this work, for thpurpose of reducing the complexity of the full order thermal model,
the discretization of the board was chosen at the level of the functional elements, i.e. each
functional element of the board will be represented by capacitor in the RC thermal model.
Adjacent capacitors will be connected to each other through resistances that represent the
conduction resistances along the x and y direction since the RC thermal model is 2
dimensional. Figur&.3 shows the discretization of tieverter.

The next step in designing a RC thermal model is to calculate the resistances and
capacitors values. This step depends on the geometric properties and the material properties of
the pixels. In particular, the length, the width, and the thickoéshe pixels are required to
calculate the capacitance and resistance values. The dimensions of an inverter sample have
been enumerated. Numerical names were applied to the grid regions on the inverter as shown
in Figure5.4. Thevertical (length) and horizontal (width) dimensions were acquired using
electronic calipers. The dimensions for all the grid regions are shown in Bable
Furthermore, the thermal conductivity, the specific heat coefficient, andetingty of the
material of the board are needed. As shown in Fig2re¢he board is composed of copper and

FR4. Tables.2 shows the material properties for FR4 and copper. It should be noted that the
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multilayered structure was treated as a homogeneous material withpdenén effective

thermal conductivity given by

= N
a i, Kit
Kin- plane = %* (5.1)
izl

whereK; is the thermal conductivity of a sirgglayer,t; is the thickness of the corresponding

layer, and N is the total number of layers. The effective thermal capacitance of the

multilayered structure is the sum of the thermal capacitance of eath lay
_ = N
CmuItiIayered =a izlc i (5.2)

whereC; is the thermal capacitance of a single layer.
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Figure 5.3 The discretization of the 2 kW multilevel inverter. The nverter was
discretized at the level of the functional element. The discretization resulted in 39

capacitors in the 2D RC thermal model.
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Figure 5.4 Applying labels R1 to R11 to the given inverter grid in order to extrat the

geometric properties of the pixels.

The conduction resistances along the x and y directions, the convection resistances and
the capacitance values of each pixel are calculated according to the formulas presented in
chapter 2Using the 2dimension&RC thermal model, the dynamic thermal behavior of the
multilevel inverter can be modeled in Simscape in SIMULINK as a circuit of capacitors and
resistors. Another strategy that can be used to obtain the dynamic thermal behavior of the
multilevel inverteusing the Zdimensional RC thermal model is to derive the linear state space
thermal model of the inverter by applying the conservation of energy principle on every vertex
in the grapkbased thermal model of the inverter. This strategy will be presemtie inext
section. The theoretical dynamic thermal behavior of the inverter obtained from the 2
dimensional RC thermal model will be presented. Furthermore, the Simscape model-of the 2

D RC thermal model of the inverter will be shown. Both models, ieeStmscape model and
the state space model, have the same exact results.

49



Table 5.1 Dimesions for the inverter regions defined in Figures.4.

(mm) (mm)
Length Width

Region # (Vertical (Horizontal
Dimension) | Dimension)

Total Board | 47.32 67.04

1 47.32 3.73

2 12.86 10.33

3 4.09 10.33

da 4.60 10.33

4b 4.60 10.33

5 4.12 10.33

6a 4.60 10.33

6b 4.60 10.33
4.09 10.33
12.86 10.33
16.45 13.12

10 4.55 13.12

11 5.34 13.12

Table 5.2 Material properties for FR4 and Copper.

Specific Thermal Brarch
Material | Heat Conductivity 7nSI Ay

(KIIG*C) | (WIm*K) (g/cm”3)
Copper | 0.385to 0.4 385 to 390 8.91t0 8.96
FR4 0.6t00.95 | 0.25t00.3 1.85t01.91
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5.2.1 2-D full order RC thermal model results

The dynamic thermal behavior of the multilever inverter shown in the previous section
can be obtained by denng a linear state space thermal model of the system. The linear state
space model is derived from a grapdsed model that represents thdirBensional RC thermal
model of the multilevel inverter. Figuie5 shows the 2limensional gaphbased mode of the
multilevel inverter. As it is shown in Figufe3, the inverter was discretized into 39 pixels.
Hence, the grapbased model has 39 vertices. Each vertex represents the thermal capacitance
of the correponding pixel of the inverter. The edges shown in Figuferepresent the
conduction resistances along the x and y directions. It should be noted that there is a convection
resistance from every vertex of the graph to a voltage saat represents the ambient
temperature. These convection resistances are not shown in &fgtoe simplicity. The 12
GaN transistors are the main heat sources in the multilevel level. These components have
additional current saaes connected to the vertices that represent their thermal capacitance in
the grapkbased thermal model.

The linear state space model of the multilevel inverter will have 39 states. Each state
represents the dynamic temperature profile of a pixel. Tigalthe state space thermal model
of the multilevel inverter the conservation of energy principle is applied on every vertex of the

2-D graphbased thermal model. The conservation of energy principle is as follows.

Energy stored= Energy entering Energy leavi (5.3)

The energy enters a node through conduction in the x or y directions from adjacent nodes or
from the current source connected to it. The energy leaves a node either through conduction in
the x or y direction to adjacent nodeglrough convection to the environment. Equa(ma)

is an example of the conservation of energy applied on vertex 1 in thelmasgth thermal

model of the multilevel inverter.

oo o Je-h - Mo - Ty Iy Teo, I Tes o T -
R, Rsg Run R Ros R R K
(5.4)

G
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where R ; represents the conduction resistance between nicales j , C; represents the

thermal capacitance of vertex T, represents the temperature of vertex 1, Radrepresents

the convection resistance from vertex 1. The full set of equations for the 39 vertices is shown
in the appendix.
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Figure 5.5 2-D graph-based thermal model of the multilevel inverter shown in Figure
5.3. The 39 vertices represent the thermal capacitances of the 39 pixels of the inverter.
The edges that connect adjacent vertices represent the conduction resrstas in the x
and y directions. The convection resistances that connect every vertex of the graph to a
voltage source that represents the ambient temperature are not shown in the figure for
simplicity. The heat sources that represent the 12 GaN transistoese represented by

the 12 current sources in the grapkbased model.
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Rearranging the terms in the 39 equations of the dynamic thermal behavior of the

multilevel inverter, a linear state space model of the form
T=AT +Bu V] (5.5)

is obtained.u represents the heat input generated from the current soliraepresents the

temperature of every pixel, afg represents the ambient teenature. It should be noted that

the ambient temperature represents a disturbance to the system. The dynamic thermal behavior
of the full order (39 states) RC thermal model is shown in Fig@eHowever, 39 is a large
number ofstates if this model is used in a filter. Therefore, a strugiteserving aggregatien

based model order reduction technique will be used to reduce the number of states of the full
order RC thermal model while preserving its accuracy and structure.itAlgas mentioned

in the previous section that the dynamic thermal behavior of the inverter can be obtained by
modeling a circuit of capacitors and resistors in Simscape in Simulink. Bgusbows the
2-dimensional RC thermal metlof the multilevel inverter modeled in Simscape in Simulink.

The figure shows how the first row of the inverter that was discretized into 7 pixels is
represented by 7 capacitors in the RC thermal model. The capacitors are connected in the x
and y directbons through conduction resistances. Also, every capacitor is connected to a voltage

source through a resistor that represents the ambient temperature.
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Figure 5.6 Dynamic thermal behavior of the full order RC thermal model(39 states).
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Figure 5.7 Modeling the 2-dimensional RC thermal model in Simscape in Simulink.The
thermal model is modeled as a circuit of resistors and capacitors. The inverter is
discretized into 39 pixels. Hence, the RCircuit is composed of 39 capacitors. The

spatially adjacent capacitors are connected in the x directions through resistances that

represent conduction resistance in the x directions. Also, the spatially adjacent
capacitors are connected in the y directio through resistances that represent
conduction resistance in the y direction. Every capacitor is connected to a voltage

source that represents the ambient temperature through a convection resistance.
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5.3 2-D reduced order RC thermal model

The model order reduction technique used to reduce the number of capacitors in the
full order 2dimensional RC thermal model is the structure preserving aggredptsea
model order reduction technique presented in chaptemnesfifst step of the algorithm of this

method is to assign a sign to every vertex in the gbgsed thermal model of the system

according to the sign structure of the second eigenvector of the symmetric Raffike
spatially adacent nodes that share the same sign can be aggregated together intoceger
The aggregation structure is specified by the user if the spatially adjacent nodes share the same

sign. Tableb.3 shows the sign structure of the sed@nigenvector of thé matrix. Figures.8
shows the limensional full order graphased thermal model of the multilevel inverter with

a sign assigned to every vertex in the graph according to the sigtustr of the second

eigenvector of the® matrix. The red vertices share the negative sign and the white vertices
share the positive sign. Figus® shows the 2limensional reduced order graphsed thernia
model of the multilevel inverter. The 39 nodes of the full order RC thermal model were
aggregated into 9 supapodes in the reduced order RC thermal model. The main advantage of
this aggregatioitbased model order reduction technique is that it preseheegphysical
correspondence between the original full order system and the reduced order model. More
specifically, the reduced order model is still a RC thermal model. Eachsogerepresents
the thermal capacitance of a specific portion of the muéiléwverter. Furthermore, the
reduced order RC thermal model can still simulate the dynamic thermal behavior of the
multilevel inverter with good accuracy. Figui$0-5.14 show the states of the reduced order
RC thermal model (superodes) versus their corresponding states in the full order RC thermal
model. It can be seen that, the error between the -siggers of the reduced order thermal
model and their corresponding nodes in the full order thermal modskishan .

Therefore, using this aggregatibased model order reduction technique, the
complexity of the RC thermal model was reduced from 39 states in the full order RC thermal
model to 9 states in the reduced order RC thermal model while presémei accuracy of the

thermal model and the physical meaning of the states in the reduced order thermal model.
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The next step is to estimate the dynamic thermal behavior of the multilevel inverter
from the reduced order RC thermal model using an optiomaber and an optimal placement

of temperature sensors in a continudiscrete Kalman filter.

Table 5.3 The sign structure of the second eigenvector of thB matrix. Each vertex of

the 2-D full order thermal network will be assigned a sign accordingly.

-0.01086 | 21 | 0.311361
-0.0186 | 22| 0.568512
-0.03063 | 23| 0.113749
-0.05283 | 24 | 0.068634
-0.07079 | 25| 0.068642
-0.08474 | 26 | -0.02265
-0.08273 | 27 | 0.158162
0.069911| 28 | 0.158157
0.160387| 29 | -0.06227
0.024707| 30| 0.009841
0.069924| 31 | 0.009828
0.069933| 32 | 0.068619
-0.01858 | 33| 0.158127
0.160421| 34 | 0.009812
0.160417| 35| -0.02037
-0.05705| 36 | -0.0349
0.02473 | 37 | -0.05814
0.024715| 38 | -0.0759
0.159179| 39| -0.08709
0.555742
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Figure 5.8 The 2-dimensional full order graph-based thermal model of the multilevel
inverter with a sign assigned to every vertex according to the sign structure of the

second eigenvector athe P matrix. The red vertices share a negative sign and the
white vertices share a positive sign. The spatially adjacent nodes that share the same

sign can be aggregated together into superodes.
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Figure 5.9 The 2-dimensional reduced order graphbased thermal model of the

multilevel inverter. The 39 nodes of the full order RC thermal model were aggregated
into 9 supernodes in the reduced order RC thermal model. Each superode represents
a ecific portion of the inverter.
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Figure 5.10 First and second states of the reduced order RC thermal model vs their

corresponding states in the full order RC thermal model.
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Figure 5.11 Third and fourth states of the reduced order RC thermal model vs their

corresponding states in the full order RC thermal model.
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Figure 5.12 Fifth and sixth states of the reduced order RC thermal model vs their
corresponding states in the full order RC thermal model.
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Figure 5.13 Seventh and eighth states of the reduced order RC thermal model vs their

corresponding states in the full order RC thermal model.
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Figure 5.14 Ninth state of the reduced order RC thermal model vs its corresponding

states in the full order RC thermal model.

5.4 Sensor placement optimization

Finding the optimal number and the optimalgelaent of the temperature sensors that
should be used in the continuediscrete Kalman filter is an essential task of the dynamic
thermal estimation technique. Reducing the number of sensors in the power electronics system
reduces its cost, increasesrgfiability, and prevents packaging problems.

The optimal placement of temperature sensors was found using two inforinasie
performance metrics: the observability Gramian condition number and the observability
Gramian trace. Maximizing the trace dfie observability Gramian or minimizing the
observability Gramian condition number result in the optimal placement for a specific number
of temperature sensors. However, measures based on Gramian condition number are limited
in their ability to get informion from the entire range of states of the system. The trace of the
observability Gramian metric does not have this limitation.

Since the supemodes of the reduced order thermal model have a physical meaning,
placing sensors on the states of the redwréler model is equivalent to placing sensors on
specific components in the inverter. This is the main advantage of using a stpuegerring
model order reduction technique. Tabbe$and5.5 show the opmal sensor locations in the
reduced order model using the trace of the observability Gramian and the logarithm of the

condition number of the observability Gramian as a taftieespectively.
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Table 5.4 Optimal sensor locations for the reduced order RC thermal model using the
trace of the observability Gramian as a tradeoff.

Number of sensors State Locations| Trace of Obs. Gramian Matri

1 10.0148
1,2 20.029

12,6 27.1776
1,2,6,7 34.0721
1,2,5,6,7 40.9665

1,2,3,5,6,7 47.7939
1,2,3,5,6,7,9 54.6079
1,2,3,5,6,7,8,9 61.1881
1,2,3,4,5,6,7,8,¢ 67.7681

© | 0o N o o~ wWwWIN| Pk

Table 5.5 Optimal sensor locations for the reduced order RC thermal model using the

logarithm of the condition number of the observability Gramian matrix as tradeoff.

Number of sensors State Locations| Cond. Number of Obs. Gramian Matr

9 41.8178
3,5, 22.8861
3,5,7 17.1946
3,5,8,9 15.7651
3,4,5,7,9 11.2315

3,4,5,7,8,9 5.8806
1,34,5,7,8,9 5.3285
2,3,4,5,6,7,8,9 4.8737
1,2,3,45,6,7,8,C 4.7171
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The performance of these two metrics will be compared in the next section using the
Kalman filter. The best metric will be used to place the sensors on the inverter. Furthermore,
using these two metrics, only the optimal placement of the temperature sensors can be found.
To find the optimal number of temperature sensors that should be used, the estimated states of
the reduced order thermal model obtained from the Kalman filteb&dbmpared to the actual
states of the reduced order thermal model obtained from the reduced order RC model. This

analysis will be shown in the next section.

5.5 Continuous-discrete Kalman filter

As it was shownn chapter 4, the Kalman filter is an optimal estimator for linear
systems in the case of white noise. Also, the dynamic thermal model of the inverter is
represented by a linear tinm@variant state space model. Hence, a contingliete Kalman
filter in which the RC thermal model is continuously changing in time and the sensor
measurements are obtained at discrete instants in time will be used to reconstruct the dynamic
thermal behavior of the multilevel inverter using an optimal number of sensoesl @athe
optimal locations.

In the previous section, the optimal sensor placement was found using two metrics: the
trace of the observability Gramian and the condition number of the observability Gramian. The
performance of these two metrics is compdrasked on the estimation error obtained from the
Kalman filter. Figure$.15 and5.16 show the estimation error of the 9 states of the reduced
order RC thermal model using the trace of observability Gramiduthencondition number of
observability Gramian, respectively, to place 5 sensors at the optimal locations on the inverter.
It can be seen that the absolute value of the maximum state estimation et@ugny the
trace of observability Gramian to ptadhe sensors, whereas it is arouR@ 2vhen the
condition number of the observability Gramian is used to place the 5 sensors on the inverter.
Hence, in this work the optimal locations of the temperature sensors will be found using the
trace of the obserbdity Gramian as an informatiebased performance metric.

Furthermore, the optimal number of temperature sensors is found based on the state
estimation error obtained from the Kalman filter. FighiEe/ shows the sum of the abstdu

value of the state estimation error of the reduced order thermal model versus the number of
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temperature sensors used. It can be seen that adding more than 5 temperature sensors in the
system does not reduce the estimation error further since it isedatgd to the sensor noise

at this number of sensors. Hence, it can be deduced that 5 is the optimal number of temperature
sensors that should be used in this power electronics system. The optimal placement of the 5
sensors is on supaodes 1,2,5,6, and according to the trace of the observability Gramian.
However, each superde represents a large area of the physical system, i.e. several
components of the inverter. Therefore, in order to obtain the exact locations of the temperature
sensors on the werter, an optimal sensor placement problem for the full order RC thermal
model using the trace of the observability Gramian as an informlaéised performance

metric was solved. Tabk6 shows the optimal sensor placemh for the full order RC thermal

model using the trace of the observability Gramian as a-bHddsing that table, the optimal
locations of the 5 sensors in the full order thermal model can be found by checking the
redundancy of the states of the fatder RC thermal model that correspond to the optimal
locations in the reduced order RC thermal model in that [6#]e

Using 5 sensors at the optimal locations inittverter, the dynamic thermal behavior
of the power electronics system was accurately reconstructed using the contiscoete
Kalman filter. Figures5.18-5.22 show the theoretical (RC model) versus the estibah
(Kalman filter) values of the states of the reduced order thermal model. These plots show that
the Kalman filter was able to track the dynamic thermal behavior of the board accurately.

It was shown that the 9 states of the reduced order RC thermaal mvere accurately
estimated using the Kalman filter. However, the ultimate goal of the proposed dynamic thermal
estimation technique is to reconstruct the dynamic thermal behavior of the full order RC
thermal model since full order models are usuallyeraxcurate than reduced order models.
Therefore, the estimated dynamic thermal behavior of the reduced order RC thermal model
was compared to the dynamic thermal behavior of the full order RC thermal model. Figures
5.23-5.27 show the estimated values of the 9 states of the reduced order RC thermal model
obtained from the Kalman filter versus their corresponding theoretical equivalent states in the
full order model obtained from the RC model. The estimatiarr @mnthese plots was less than
3°C. Hence, by comparing the estimated states of the reduced order model to the states of the

full order model, the estimation error was slightly higher than when they were compared to the
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theoretical states of the reduceder thermal model. However, this result was expected since
there is originally a small error between the states of the reduced order model and the states of
the full order model.

All these results are theoretical, i.e. obtained from the RC thermal modeha
Kalman filter. The experimental validation of the reduced order RC thermal model will be

presented in the next section.
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Figure 5.15 Estimation error of the 9-state reduced order RC model using the trace of

observability Gramian to place 5 temperature sensors at the optimal locations.
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Figure 5.16 Estimation error of the 9-state reduced order RC model using the
condition number of observability Gramian to place 5 temperature sesors at the

optimal locations.
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Figure 5.17 Sum of the absolute value of the state estimation error of the reduced order

thermal model vs the number of temperature sensors used.
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Table 5.6 Optimal sensor locations for the full order RC thermal model using the trace

of the observability Gramian matrix as trade-off.

Number of sensors Sensor Locations

1 3

2 5,38

3 5,20,22

4 3,4,20,22

5 4,5,20,37,38

6 3,5,22,36,37,38

7 3,4,5,16,2(2,36

8 2,7,13,20,22,29,36,37

9 1,4,13,16,22,29,337

10 1,35,13,20,22,26,36,37

11 2-5,16,20,22,29,3@8

12 2,5,13,16,19,20,22,26,33D

13 3-6,13,16,20,22,26,389

14 2-5,7,13,20,22,26,29,358

15 1-6,13,16,20,22,26,388

16 1-6,8,13,19,20,22,389

17 1-7,13,16,20,22,26,29,389

18 1-5,8,11,13,16,20,22,26,29,39

19 1-6,13,16,19,20,22,26,29,31;39

20 1-5,7,8,12,16,20,22,23,25,26,29;39
21 1-8,12,13,16,20,224,26,29,35,3B9
22 1-7,11,13,16,19,20,22,23,26,29,39
23 1-8,13,16,19,20,2,23,26,29,31,32,339
24 1-8,11-13,16,17,19,20,22,26,29,32;39
25 1-7,11,13,16,2€23,25,26,2982,3539
26 1-8,11-14,16,19,20,22,23,25,26,2932;39
27 1-8,11-13,16,19,20,2226,29,31,32,389
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Table 5.6 (cont.)

28 1-9,12,13,16,7,19,20,2226,29,32,3439

29 1-8,11-13,15,16,19,20,22,23,25,26,29,30,3
39

30 1-8,11-13,16,1923,25,26,2989

31 1-8,11-14,16,19,20,2226,2939

32 1-8,11-13,15,16,1982,3539

33 1-8,11-13,16,1832,3439

34 1-9,11-13,1517,19,20,227,2939

35 1-39 (except 10,15,17,33)

36 1-39 (except 10,15,18)

37 1-39 (except 14 & 17)

38 1-39 (except 10)

39 1-39
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Figure 5.18 Theoretical (RC model) vs estimated (Kalman filter) values of the first and

second states of the reduceokrder model.
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Figure 5.19 Theoretical (RC model) vs estimated (Kalman filter) values of the third

and fourth states of the reduced order model.
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Figure 5.20 Theoretical (RC model) vs stimated (Kalman filter) values of the fifth and

sixth states of the reduced order model.
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and eighth states of the reduced order mode
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state of the reduced order model.
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Figure 5.24 Estimated values of the third and fourth states of the reduced order model

(Kalman filter) vs their corresponding theoretical equivalent states in the full order
model (RC model).
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Figure 5.25 Estimated values of the fifth and sixth states of the reduced order model

(Kalman filter) vs their corresponding theoretical equivalent states in the full order

model (RC model).
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order model (RC model).

_sor — T3 — Tj, Ty O Trgesmnatedl T

@)

& 601 000000000000000000000009

o 00000

2 40r 00° .

% 209 i
0 1 L 1 1 L 1 1 L

0 20 40 60 80 100 120 140 160 180
Time (s)
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filter) vs its corresponding theoretical equivalent states in the full order model (RC

model).

5.6 Experimental validation

The dynamic thermal behavior of thedknensional RC thermal model was validated

experimentally using an IR thermal video of the multilevel inverter. The thermal video was
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taken usg a FLIR T420 IR camera. Figube28 represents a snapshot from the thermal video

at 2 minutes and 58 seconds after a voltage of 200 V was applied to the inverter. The

temperature scale in Figub28 is in °C. The ambient temperature was@3Figuresb.29-

5.33 show the theoretical results versus the experimental results of the 9 states of the reduced
order RC thermal model. Experimental results are within ar efr+~ 5°C. It can be seen

that theoretical results match with the experimental results. Hence, the proposed dynamic

thermal estimation technique can be used to estimate the dynamic temperature profile of the
power electronics system using a small nuntbéemperature sensors placed at some specific

locations in the system.

Figure 5.28 Snapshot from IR measurement of operating multilevel inverter.
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Figure 5.29 Theoretical results(RC model) vs experimental results (IR thermal video)
of the first and second states of the reduced order thermal model.
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Figure 5.30 Theoretical results (RC model) vs experimental results (IR thermal video)

of the third and fourth states of the reduced order thermal model.
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Chapté er
Dynamic Ther mal -IEsRawmart i on

El ect ryosntiecns S

6.1 System description

In the previous chapter, the dynamic thermal estimation technique was applied on a
2kW, dcac, single phase;[Zevel flying capacitor multilevel inverter. The mildwvel inverter
was open to the environment. Heat was transferred from the components of the inverter to the
environment through convective heat transfer. However, this setting does not allow enough
heat loss from the inverter to the environment. Heneeptwer levels reached in the power
electronics system are constrained by thermal limitations of the system.

Increasing the power density of power electronics systems is a desirable objective. One
strategy that can help achieve this goal is increasmdéat lost from the power electronics
systems to the environment. Enhancing heat transfer from the inverter allows the user to reach
higher power levels without reaching crtitical temperatures that can cause the failure of its
components.

Convective hedransfer is given by
Qconv: hAs(Ts 'TQ’ (6.1)

where h is the convective heat transfer coefficieA, is the surface area from which heat is

transferred,l is the surface area temperature, dgds the ambient temperature. Hence, to

increase the convective heat transfer, the user can either increase the surface area from which
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heat is transferred or increase thathiansfer coefficient. The latter can be increased by
including a fan into the system for example. On the other hand, increasing the surface area
from which heat is transferred by convection to the environment can be achieved by attaching
to that surfacan extended surface made of a highly conductive material. This extended surface
is known as a heat sink. Heat sinks usually contain fins.

When the power electronics system is enclosed by a heat sink, there will be no
convective heat transfer from it®roponents to the environment. Instead, there will be
conductive heat transfer from the components of the system to the extended surface.
Convective heat transfer will happen between the heat sink and the environement.

Conductive heat transfer between tbenponents of the power electronics system and
the extended surface happens in thdirection. Furthermore, similar to thed2nensional
case, there is conductive heat transfer between the components of the power electronics system
along the x and y direicins. Hence, in the case of enclosed power electronics systems, there
is conductive heat transfer along 3 directions. In this case, the dynamic thermal estimation
problem should be solved as-@igensional system.

In this chapter, the previous 2 KW midirel inverter will be enclosed by a heat sink.

The proposed dynamic thermal estimation technique will be used to estimate the dynamic
thermal behavior of the inverter using a small number of sensors. Bidwsieows the2 Kw

inverter with the extended surface, i.e. the heat sink, attached to it. The heat sink is made of
Aluminium which is a highly conductive material {2 05 W/ mK) . A-0.02""
reinforced filler and polymer thermal gap pad (Gap Pad 5000S3%iciscobn top of the active
components of the inverter. The thermal gap pad has a relatively high thermal conductivity. It
is useful in filling the air gaps between the active components of the inverter and the base of
the Aluminum heat sink. Hence, it enleas the conductive heat transfer in the z direction from

the components of the inverter to the heat sink. Consequently, it enhances the overall thermal
performance of the enclosed inverter. From an electrical perspective, the thermal gap pad is
useful in @ding an electrical insulation between the active components of the inverter and the
base of the heat sink.

The dynamic thermal behavior of the enclosed inverter will be presented in the next

section using a-8Bimensional full order RC thermal modeltbé system. It will be shown that
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including the heat sink increases significantly the complexity of the thermal model, i.e. the
number of states of the linear state space thermal model of the system. Hence, it is essential to
apply an appropriate model @dreduction technique that reduces the complexity of the

thermal model while preserving its structure as a RC model.

Figure 6.1 Multilevel dc-ac converter enclosed with a heat sink. The heat sink is made
of Aluminum. A thermal gap pad (Gap Pad 5000S35) is placed on top of the active
components between the inverter and the base of the heat sink.

6.2 3-D full order RC thermal model

In the enclosed multilevel inverter shown igre6.1, there is conductive heat transfer
in 3 directions in the system. In this section;@di@ensional RC thermal model that accounts
for conductive heat transfer along the x, y, and z directions in the power rilextsgstem
will be modeled. Furthermore, the RC thermal model will account for convective heat transfer
from the heat sink to the environment.

Similar to the 2D RC thermal model, the first step in designing-B RC thermal
model is to discretize theystem into voxels and assign a capacitance value to every voxel.
However, in the 2D RC thermal model, the power electronics system included the inverter

only. Hence, the discretization process was applied to the inverter only. HDtREC3hermal
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model,the power electronics system includes a heat sink in addition to the inverter. Therefore,
the discretization process should be applied on the inverter and the heat sink.

The discretization of the inverter for thebBfull order RC thermal model was maale
the level of the functional elements. Each active component in the inverter was assigned a
single capacitor. Therefore, the discretization of the inverter in the enclosed system resulted in
the same 39 capacitors that were obtained in tbef@l order RC thermal model of the
inverter. It should be noted that the thermal capacitance of the thermal gap pads was neglected.
Furthermore, the heat sink was discretized into 39 pixels that have the same geometric
properties as the pixels of the inverter. Theme the full order RC thermal model of the
enclosed inverter has 78 capacitors: 39 capacitors for the inverter and 39 capacitors for the heat
sink.

Since the D RC thermal model accounts for conduction in the x and y directions along
the plane of theverter, the 39 capacitors that represent the thermal capacitance of the inverter
will be connected through resistances that represent conduction resistances along the x and y
directions. Similarly, there is conductive heat transfer in the x and y dimsciong the base
of the heat sink. Therefore, the 39 capacitors that represent the thermal capacitance of the heat
sink will be connected through resistances that represent conduction resistances along the x
and y directions. The capacitors of the ingethermal model and the capacitors of the heat
sink thermal model will be connected through resistances that represent conduction resistance
along the z direction from the inverter to heat sink. These resistances account for the additional
conduction restance in the z direction created by the thermal gap pads. Furthermore, there
will convection resistances from every voxel of the heat sink to a voltage source that represents
the ambient temperature. The main heat sources in the enclosed invertel e E2lGaN
transistors. Therefore, thel3 RC thermal model has 12 current sources connected to the
capacitors that represent the thermal capacitances of the GaN transistorf) GrapBbased
thermal model of the system will be shown in the next stiuse

The thermal capacitances, conduction resistances, and convection resistances are
calculated according to the formulas presented in chapter 2. Also, similar teDthRC
thermal model, the dynamic thermal behavior of the enclosed inverter cdrtdieed by

modeling a circuit of resistors and capacitors in Simscape in SIMULINK, or by applying the
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conservation of energy principle on-®3jraphbased thermal model of the system that results

in a linear state space model. However, since BeRET trermal model has 78 capacitors and
accounts for conduction in 3 directions in the system, modeling a RC circuit in SIMULINK is
a very complicated task. Hence, the dynamic temperature profile of the enclosed inverter will
be obtained through a linear stafmse model. This strategy will be presented in the next

subsection.

6.2.1 3-D full order RC thermal model results

In this section, the dynamic thermal behavior of the enclosed invéliée obtained
by applying the conservation of energy principle on thién3ensional grapimased thermal
model of the system. The full order grapaised thermal model of the enclosed inverter is
composed of 3 layers. The first layer represents the themodel of the inverter only. Hence,
it is composed of 39 vertices connected in the x and y directions through edges that represent
the conduction resistances in these directions. The second layer represents the thermal model
of the heat sink. Hence, it ®so composed of 39 vertices connected in the x and y directions
through edges that represent conduction resistances in these directions. The third layer
represents the ambient temperature and is composed of a single vertex with an infinite
capacitance. fie inverter layer and the heat sink layer are connected in the z direction through
edges that represents the conduction resistance between the inverter and the heat sink. The heat
sink layer and the third layer (the ambient temperature) are connectedhtledges that
represent the convection resistances between the fins and the environment 6F2guré8.3
show the first layer and the second layer of tie@aphbased thermal model of the enclosed
inverter. The edges that represent the resistances in the z direction are not shown in the figures
for simplicity. Furthermore, similar to the2 RC thermal model, the 12 GaN transistors are
the main heat sources in thédd3RC thermal model. Hence, theylivbe modeled as current
sources connected to the vertices that represent the thermal capacitance of the GaN transistors.
The power cycle tested in each current source is shown in Fagur€he linear state space
model for this graptbased thermal model is obtained by applying the conservation of energy
principle on every vertex of the 78 vertices. Equat@g) shows the first order differential
equation for state 2.
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The last term in the equation represent the conduction resistance in the z direction between
vertex 2 of the inverter and vertex 41 of the heat sink. Also, it should be noted that the equation
does not include a owective heat transfer term since the inverter is not open to the
environment. By applying the conservation of energy principle on the 78 vertices, a system of
coupled first order differential equations can be obtained. By rearranging the terms in these
equations, a linear state space model of 78 states can be obtained. The 78 states of the full order
3-D RC thermal model are shown in Fig@:8. The hottest spot in the system experienced an
increase of 8 abovethe ambient temperature. Furthermore, it can be seen the temperature
gradient in the heat sink is negligible.

The dynamic thermal behavior of the enclosed inverter shown in this section is
theoretical, i.e. obtained from the full ordeD3RC thermal moel. Before proceeding with
the next steps of the proposed dynamic thermal estimation technique, the dynamic thermal
behavior of the enclosed inverter will be tested experimentally using the same power cycles
used in the ® RC thermal model. It will be sknn that, besides providing an accurate
dynamic thermal estimation of power electronics systems, the proposed method can be used
for fault detection in power electronics systems. The experimental validation of the enclosed

inverter was performed by placitigermocouples at various locations in the system.
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Figure 6.2 First layer of the 3-D graph-based thermal model, i.e. thermal model of the
inverter only. The edges that connect the inverter to the heat sink are not showmthe

figure for simplicity.
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Figure 6.3 Second layer of the 3limensional graph-based thermal model of the
enclosed inverter, i.e. thermal model of the heat sink. The heat sink was discretized into
39 voxels (with thesame geometric properties as the voxels of the inverter) represented
by 39 vertices. The edges that connect the inverter to the heat sink are not shown in the

figure for simplicity.
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Figure 6.4 Power cycle for each othe 12 current sources of the ® RC thermal model.
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Figure 6.5 The 78 states of the full order 3D RC thermal model (39 states for the
inverter and 39 states for the heat sink).

6.2.2 Experimental validation of the 3D RC thermal model

Since the inverter is enclosed, IR thermal imaging is not a candidate measuring tool for
the dynamic thermal behavior of the system. To measure the dynamic thehnanabbef the
3-D power electronics system, 13 thermocouples were placed at various locations on the

inverter. The thermocouples were fixed using Kapton tape. The locations of the 13
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thermocouples are shown in Figue®. Thermal gap pads were placed on top of the active
components in the system as shown in Figure Finally, the heat sink was fixed on top of
the thermal gap pads. The enclosed inverter is shown in Fagure

The readings of the 13 thermocouples are shown in FigArélhe sensor readings
implied the existence of an additional heat source other than the anticipateduneas $or
the inverter, i.e. the GaN transistors. Furthermore, the drift in the sensor readings shown in
Figure 6.9 implies the existence of a faulty component that is heating up continuously
throughout theycle and is causing additional heating to the components in its neighborhood.
Using an IR camera on the open inverter, it was found that the component marked with the red
circle in Figure6.6 is the faulty compondrgenerating additional heat in the circuit.

In the next subsection, the previou®RC thermal model will be modified in order
to include the additional heating from the faulty component. The dynamic thermal behavior of
the full order 3D RC thermal modl that includes the heat generated from the faulty

component will be compared to the experimental results.

450V 2kW Inverter

Figure 6.6 The locations of the 13 thermocouples placed on the inverter. The encircled

component is the faultycomponent causing additional heating in the circuit.
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Figure 6.8 Placing the Aluminum heat sink on tg of the thermal gap pads.
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Figure 6.9 The measurements of the 13 sensors.

6.2.3 3-D RC thermal model for the enclosed inverter with faulty
component

To account for the additional heat generated in the circuit, an additional current source
was added to the full order3 RC thermal model of the enclosed inverter. The additional
current source is connected to node 6. The input to the current sowceorginuously
increasing signal.

The 78 states of the full ordesLBRC thermal model that account for the heat generated
from the faulty component are shown in Fig@&0. It can be seen that byding the
additional heat source in theCBRC thermal model, the theoretical dynamic thermal behavior
of the system matched with the sensor readings shown in Fegur&he circles shown in
Figure 6.10 represent the measurement of sensor 5 which is reading state 16 b thd 3
order RC thermal model.Therefore, by comparing the sensor readings to the expected
dynamic thermal behavior of the powee@lonics system obtained from the RC model of the
system, the user can identify the existence of faulty components in the system since such

components become additional heat sources.
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In the next section, the complexity of thed3RC thermal model, i.eheé number of
states of the linear state space, will be reduce by applying the aggrdusgemhmodel order
reduction technique presented in chapter 3.
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Figure 6.10 The 78 states of the full order 3 RC thermal model tha accounts for the
faulty component in the enclosed inverter. The circles represent the measurement of

sensor 5 reading state 16.

6.3 3-D reduced order RC thermal model

The full order 3D RC thermal model of the elvsed inverter is composed of 78
capacitors: 39 capacitors representing the thermal capacitance of the inverter and 39 capacitors
representing the thermal capacitance of the heat sink. Therefore, the linear state space thermal
model has 78 states whichaslarge number of states if that system is used for estimation
purposes. Therefore, the aggregati@msed structurpreserving model order reduction
technique will be used to reduce the complexity of HizRC thermal model.

It was mentioned in the preus section that the discretization of the inverter in the 2
D and 3D RC thermal models is exactly the same. Therefore, the first layer ofDhgr&poh
based thermal model of the enclosed inverter is similar to-ihg@aphbased thermal model
of theinverter, i.e. the resistance and capacitance values are the same. Hence, applying the

model order reduction technique on the first layer of tBegdaphbased thermal model results
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in the same sign structure for the second eigenvectolf’tmatrix obtained in the previous
chapter. This implies that the inverter in th® 3ystem can be aggregated into the same 9
supernodes that were obtain@dthe 2D reduced order RC thermal model. Furthermore, the
homogeneity of the materiaf the heat sink allowed an even distribution of heat along the
base of the heat sink. The conduction resistances in the x and y directions in the heat sink layer
of the 3D graphbased thermal model were negligible compared with the z direction. Hence,
the 39 nodes of the heat sink can be aggregated into a singlersageer

The overall 3D reduced order RC thermal model resulted in 10 sopdes: 9 super
nodes for the inverter and 1 superde for the heat sink. The 10 supedes of the -D
reduced ordr RC thermal model are shown in Figr&l. It can be seen that thelBreduced
order RC thermal model can simulate accurately the dynamic thermal behavior of the enclosed
inverter using only 10 fernodes with an error of less thatC3between the 78 states of the
3-D full order RC thermal model and their corresponding sapees in the-® reduced order
RC thermal model.

The 3D reduced order RC thermal model will be used in a contindmegete Kalman
filter to estimate the dynamic thermal behavior of the enclosed inverter using a small number
of sensors. Therefore, the next step is to find the optimal number and optimal locations of the

temperature sensors that should be used in the system.
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Figure 6.11 The 10 supernodes of the reduced order  RC thermal model.

6.4 Sensor placement optimization

In the 2dimensional system, the state estimation errors obtainedldayng the
temperature sensors according to the condition number of observability Gramian and according
to the trace of observability Gramian were compared. It was found that for a specific number
of temperature sensors, using the trace of observabilggn@n as a performance metric for
optimal sensor locations results in smaller state estimation errors compared to when the
condition number of observability Gramian is used as a performance metric. Therefore, for the
3-dimensional system, the temperatuemsors will be placed by maximizing the trace of
observability Gramian.

Table 6.1 shows the optimal sensor locations in thB 3educed order RC thermal
model. Also, since the supeodes of the reduced order thermal maederesent large areas
of the physical system, the optimization of the locations of the temperature sensors was also
performed for the -® full order RC thermal model. Tab2 shows optimal sensor locations
in the 3D full order RC thermal model.
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Table 6.1 Optimal sensor locations for the 3D reduced order RC thermal model using

the trace of observability Gramian matrix as tradeoff.

Number of sensor| Sensor locatiofState number| Trace of Obs. Grammian Matr
1 2 8.6627
2 1,2 17.3255
3 1,2,6 25.9836
4 1,2,4,6 34.6370
5 1,2,4,6,10 43.2900
6 1,2,4,6,8,10 51.9420
7 1,2,4,5,6,8,10 60.5934
8 1,2,4,5,6,7,8,10 69.2448
9 1,2,4,5,6,7,8,9,10 77.8963
10 1,2,3,45,6,7,8,9,10 86.5477

Table 6.2 Optimal sensor locations for the 3D full order RC thermal model using the
trace of observability Gramian matrix as trade-off.

# senscr | Sensor locationgState number| Trace of obs. Graian
1 75 0.6733
2 42,75 1.3466
3 44.75,77 2.0198
4 42,44,75,77 2.6931
5 3,40,42,46,75 3.3469
6 40,42,44,46,75,77 4.0275
7 36,40,42,44,46,75,77 4.6935
8 3,5,36,42, 44,46,75,77 5.3583
9 5,38,4042, 44,46,75,77 6.0219
10 1,3,36,38,40,42,44,46,75,77 | 6.6892
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Table 6.2 (cont.)

111 1,3,5,36,38,40,42,44,46,75,77 7.3552

12| 1,3,5,36,40,41,42,44,46,74,75,77 8.0139

13| 1,3,5,7,36,38,4@2,44,46,75,77 8.6813

141 1,3,5,7,36,38,4@2,44,46,74,75,77 9.3437

15| 1,3,5,7,36,3812,44,46,74,75,77 9.9953

16| 1,3,57,35,36,3842,44,74,75,77,78 10.6422
17| 1-3,5,7,35,36,38,4@2,4446,74,77,78 11.2985
18| 1-3,5,7,35,36,38,4@2,4446,74,75,77,78 11.9718
19| 1-3,57,35,36,38,412,4446,74,75,77,78 12.6128
201 2,3,57,35,36,3846,74,75,77,78 13.2456
21| 1-3,57,35,3638-46, 74,75,77,78 13.9093
22| 1-3,57,35,36,3846, 7478 14.5434
23| 1-7,35,36,3846, 7478 15.1671
24| 2-7,20,3546, 7478 15.6918
25| 1-5,7,20, 3546, 52,7478 16.2391
26| 1-7,20,22, 3546,7478 16.9201
27| 1-7,20,22, 3546,71,7478 17.4693
28| 1-7,20,2, 3546,49,71,74/8 18.0185
29| 1-7,20,22, 3546,49,71,7378 18.5677
30| 1-7,20,22, 3546,49,52,65,71,+38 19.1031
31| 1-7,20,22, 3%47,49,52,71,73 8 19.6523
32| 1-7,20,22, 3547,49,52,65,71,+38 20.1876
33| 1-7,13,20,3%47,49,52,65,68,71, %38 20.6895
34| 1-7,16,20,22,3817,49,55,65,68,71,738 21.2542
35| 1-7,13,20,22,3%17,49,52,55,65,68,71,788 21.7895
36| 1-7,13,16,20,22,26,387,49,52,55,68,71,738 22.3167
37| 1-7,13,16,22,26,29,387,49,52,55,65,68,71,788 22.8186
38| 1-8.16,20,22,26,29,387 49,52,55,65,68,71, 788 23.3644
391 1-7,13,16,19,20,22,26,29,3&,49,52,55,63,65,71,78 | 23.9012
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Table 6.2 (cont.)

40| 1-7,13,16,20,22,26,29,3%7,49,50,55,57,5863,70,71;78 24.4135
41| 1-7,13,16,19,20,22,23,29,3&,49,50,52,55,7,68,70,71,7F 8 24.9520
42| 1-7,13,19,20,22,26,29,3%/,49,50,52,55,57,63,65,68,70,7 1,78 25.4917
43| 1-7,13,20,22,23,25,29,3%/,49,52,55,57,58,62,63,65,68,70,71/83 26.0049
44 1-7,13,16,19,20,22,26,29,3&,49,50,52,55,57,59,63,65,68,70,71783 26.5415

45

1-7,13,16,19,20,22,23,26,29;49,49,50,52,55,57,62,63,65,68,70, 71783

27.0684

46

1-7,13,16,19,20,22,23,26,29;49,49,50,52,55,57,58,62,63,65,68,70, 71,
78

27.5894

47

1-7,13,16,19,20,224,26,29,35
47,49,50,52,55,57,58,62,63,65,68,70,71783

28.1018

48

1-7,13,1820,22,23,26,29,387,4952,55,57,58,4,63,65,68,70,71,#38

28.6129

49

1-78, except 92,14,15,17,18,21,24,25,27,28;3
33,48,51,53,54,56,60,64,66,67,69,72

29.1313

50

1-78, except 92,14,15,17,18,21,24,25,27,28;3
34,48,53,54,6®4,66,67,69,72

29.6515

51

1-78, except 8,9,12,14,15,17,18,21,24,25,27,28,30,31,33,34,48,53,
62,66,67,69,72

30.1660

52

1-78, except 8,9,12,14,15,17,18,21,24,25,27,28,30,31,33,34,48,53,
62,66,67,69,72

30.6647

53

1-78, except
9,11,12,14,15,17,181,24,25,27,28,30,31,33,34,48,53,54,56,60,66,67,6

31.1909

54

1-78, except 8
11,14,15,17,18,21,24,25,27,28,30,31,33,34,48,53,54,60,66,67,69

31.6724

55

1-78, except 8,9,11,14,15,17,18,21,24,25,27,283@8,53,54,60,66,67,7

32.2176

56

1-78, except
9,11,14,15,17,18,21,24,27,28,30,31,33,34,48,51,53,54,60,66,67,72

32.7289

57

1-78, except
9,11,14,15,17,21,24,25,27,28,30,31,33,34,48,53,54,60,66,67,72

33.2425

58

1-78, except 9,12,14,15,17,18,21,25,27,28,30,31,33,48,53,54,60,66,6]

33.7549

59

1-78, exept 9,12,14,15,17,21,25,27,28,30,31,33,48,53,54,60,66,6 7,72

34.2675

60

1-78, except 9,12,14,15,17,21,25,27,28,31,33,48,53,54,60,66,67,72

34.7797

61

1-78, except 9,12,14,15,21,25,27,28,30,33,48,53,54,60,66,67,72

35.2921
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Table 6.2 (cont.)

62 | 1-78, except 9,14,15,17,21,27,28,30,33,48,53,54,60,66,¢ 35.8044
63| 1-78, except 9,14,15,21,27,28,30,33,48,53,54,60,66,67,1 36.3166
64 | 1-78, except 14,15,21,25,27,28,33,48,53,54,60,66,67,72 36.7524
65 | 1-78, except 9,14,15,21,27,28,33,58(D,66,67,72 37.3096
66 | 1-78, except 9,15,21,27,28,33,53,54,60,66,67,72 37.7452
67| 1-78, except 9,14,15,21,27,28,33,53,54,60,67 38.2310
68| 1-78, except 9,14,15,21,27,28,33,60,66,67 38.6717
69 | 1-78, except 9,14,15,21,27,28,33,60,67 39.1125
70| 1-78, exept 9,14,15,21,27,33,60,67 39.5841
71| 1-78, except 9,14,15,27,28,33,60 39.9924
72| 1-78, except 9,15,27,28,33,60 40.4280
73| 1-78, except 9,15,27,28,33 40.8642
74| 1-78, except 14,15,27,28 41.3001
75| 1-78, except 14,15,28 41.7357
76| 1-78, except 14,15 42.1713
77| 1-78, except 15 42.6069
78| 1-78 43.0425

results in ptimal sensor placement for a specific number of sensors. In the next section, the
optimal number of temperature sensors will be found based on the state estimation error

obtained from the continuowiscrete Kalman filter. Also, the estimated dynamic riredr

As it can be seen in Tabléd and6.2, maximizing the trace of observability Gramian

behavior of the  RC thermal model will be presented.

6.5 Continuous-discrete Kalman filter

thermal model results in akar state space model. Hence, the optimal filter for this system,

assuming the system has Gaussian noise, is the Kalman filter. In this section, a continuous

It was shown that applying the conservation of energy principle orEhgradphbased
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discrete Kalman filter will be used, along with an optimal number and optimal placement of
tempeature sensors, to reconstruct the dynamic thermal behavior of the enclosed inverter.

First, the continuoudiscrete Kalman filter was used to find the optimal number of
temperature sensors that should be placed at optimal locations in the enclosed Figeite
6.12 shows the sum of the absolute value of the state estimation error of the reduced order
thermal model vs the number of temperature sensors used. It can be seen that adding more than
6 temperature sors in the system does not reduce the state estimation error significantly and
only increases the cost and complexity of the system. Hence, according to@lQuitecan
be deduced that 6 is the optimal numiielemperature sensors for this system. Based on Table
6.1, the 6 sensors should be placed on saupédes 1, 2, 4, 6, 8, and 10.

Figures6.13-6.17 show the theoretical (obtained from RC model) versus the estimated
(obtained from Kalman filter) values of the 10 supedes of the reduced order thermal model.
It can be seen that the dynamic thermal behavior of-he&liced order thermal model was
accurately estimated using only 6 sensors in the enclosed inverter. However, similarto the 2
D dynamic thermal estimation problem, the ultimate goal for #i2 @namic thermal
estimation problem is to estimate the thermal bneof the full order RC thermal model
using a small number of temperature sensors. Therefore,DhfelBorder RC thermal model
was used in a reduced order continudissrete Kalman filter. This will allow the user to
recreate the dynamic thermal betoa of the full order thermal model using the reduced order
RC thermal model. Figureg18-6.22 show the estimated states of the reduced order model
obtained fromhe Kalman filter versus their corresponding theoretical equivalent states in the
full order model obtained from the full order RC thermal model. It should be noted that, in
Figure6.22 the tenth estimated stadé the reduced order model is compared to state&340
that represent the heat sink in the full order RC thermal model.

Therefore, it was shown that the proposed dynamic thermal estimation technique can
accurately reconstruct thel3 dynamic thermal &havior of power electronics systems using

a small number of temperature sensors placed at optimal locations in the system.
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Figure 6.12 Sum of the absolute value of the state estimation error of the reduced order
thermal model vs the number of temperature sensors used.
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Figure 6.13 Theoretical (RC model) vs estimated (Kalman filter) values of the first and

second states of the-B reduced order thermal model.
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Figure 6.14 Theoretical (RC model) vs estimated (Kalman filter) values of the third and

fourth states of the 3D reduced order thermal model.
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Figure 6.15 Theoretical (RC model) vs estimated (Kalman filter) valuesf the fifth and

sixth states of the 2D reduced order thermal model.
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Figure 6.16 Theoretical (RC model) vs estimated (Kalman filter) values of the seventh

and eighth states of the @ reduced order thermal model.

(%]
o

o
o

State 9 (°C)
5

30 b
¢
20 1 1 Il 1 1 1 1 Il
0 50 100 150 200 250 300 350 400 450
Time (s)
35

r10 estimated

25 C 1 1 L 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450

Time (s)
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Figure 6.19 Estimated third and fourth states of the reduced order model (Kalman

filter) vs their corresponding theoretical equivalent states in the full order model (RC

model).
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Figure 6.20 Estimated fifth and sixth states of the reduced order model (Kalman filter)
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filter) vs their corresponding theoretical equivalent states in the full order model (RC

model).
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Chapter

Concl usi on

7.1 Summary of research contributions

This thesis proposes a method for accurate dynamic thermal estimation of power
electroncs systemsAccurate state estimates are essential for dynamic thenaragement
techniques and highbower density systems. The availability of accurate dynamic temperature
estimates play a key role in increasing the power density of power electrosiemsyby
allowing the components of the system to be pushed closer to their failure. When there is
confidence in the estimates, the safety factor can be decreased.

A set of tools that can be used for temperature estimation and fault detection in highly
complex and interconnected thermal systemas providedThe proposed dynamic thermal
estimation scheme is composed of dynamic thermal modeling, model order reduction,
optimization of the number and locations of the temperature sensors, and filtering.

The d/namic thermal modeling technique used is based on the analogy between
electrical systems and thermal systems. A RC thermal model was used to simulate the spatially
and temporally dependent temperature profile of the power electronics systems. It was shown
that this technique can simulate the dynamic thermal behavior of power electronics with good
accuracy and reasonable complexity which is desired if the thermal model is used for control
or estimation purposes.

A structurepreservingaggregatiorbasedmodel order reduction technique based on
Markov chain aggregation was usedudherreduce the complexity of tHeC thermal moded

while preserving their accuracy. The reduced order models obtained were RC models also but
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with a fewer number of capacitorBherefore, there was a physical correspondence between
the reduced order model and the physical system. Preserving the physical meaning of the states
of the reduced order model is important for sensor placement.

Sensors were placed based on state obsktyal®ptimal sensor placement was
obtained by using the trace of observability Gramian as an informadieed performance
metric. Maximizing the trace of observability Gramian leads to improved observability.
However, this optimization problem does mpoovide information about the optimal number
of temperature sensors that should be used. The optimal number of temperature sensors was
found based on the state estimation error obtained from the Kalman filter. It was found that
after using a certain numbef sensors in the system, adding additional sensors does not
significantly improve the accuracy of the estimates. It only adds cost and complexity in the
system.

It was shown that by applying the conservation of energy principle on the thermal
model of he system, a linear state space model can be derived. Assuming Gaussian noise, it is
well-known that the Kalman filter is an optimal estimator in this case. Using an optimal number
and optimal placement of temperature sensors, it was shown that the dimemmial profile
of the power electronics system can be accurately reconstructed using a contidisoustg
Kalman filter.

The proposed method was applied on@ &ystem in which an inverter wapen to
the ambient atmospher€he full order thermal mdel was reduced from 39 states to 9 states
using the structure preserving model order reduction technique. Also, it was shown that the
dynamic thermal behavior of the inverter can be accurately estimated using only 5 sensors
placed at specific locations the system. An IR thermal camera was used to experimentally
validate theoretical results.

Furthermore, the proposed method was applied e a&ystem in which the inverter
was enclosed with a heat sink in order to increase the heat transfer fromtéme ®yshe
ambientatmosphereThe dynamic thermahodel of the system was reduced from 78 states in
the full order model to 10 states in the reduced order model. Also, it was shown that the
dynamic thermal behavior of the enclosed inverter can be adgutenstructed using only

6 sensors placed at specific locations in the system. Theoretical results were validated
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experimentally by placing 13 thermocouples in the system since thermal imaging is not a valid

measuring technique in the case of enclosedriers.

7.2 Future work

The method proposed in this thesis is related to thermal modeling and estimation of
power electronics. The amount of electric power loss or the amount of heat dissipation in the
power eleabonics system was obtained from an independent electric model of the system.
Therefore, the power loss calculation did not include the thermal effect on the electric behavior
of the system.

Future work will be based on the eleethermal modeling and caml of power
electronics. The electric and thermal models of power electronics systems will be coupled and
controlled to manage electric and thermal objectives.

Coupling between the thermal model and the electric model will be achieved through
electrethemal models of the semiconductor devices and parasitics modeling of the power
electronics systems. Using this approach, the interdependency between the thermal behavior
and the electric behavior of the power electronics systems will be modeled. The pesahet
the electric model will be temperature dependent. Hence, the temperature which is an output
of the dynamic thermal model will be an input to the temperature dependent electric model.
Currents and voltages values in the electric model will be bas#tedemperature calculated
in the thermal model. On the other hand, the temperature obtained in the thermal model will
be based on the electric behavior or the amount of power dissipated in the form of heat in the
electric model.

Controllers will be usé to maintain the temperature of the system below a certain
critical temperature and to regulate the electric behavior of the system, i.e. specific output
voltage, by controlling the switching frequency or the voltage input to the system. This

investigation provides a foundation and framework for dynamic fault detection and diagnosis.
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Appendi X

St ate space-Dnaddenlamafc tthe ranm

qT1:T2'T1 Jooh BT T -l Moy Ty T T Tes [ h T d

(7.1)
Ri2 Ris Ri1 Ri19 Rioa Rz R Ry
=il Tl Tl T, % 72)
R Ro3 Rosg R2
cT, -3 T8-15 T3 T B3 o T3 ks T d (7.3)
Ro3 Rsg Rs 4 Rso Rs13 R
CuTy = T3-Tp Ty -Tg Ty 5 T, F (7.4)
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ol = TamTs Jo-1s 5 T 5 ko 5 ks Ts d (75)
Ry Ros Rs.6 Rs10 Rs16 Rs
Cl = Ts-Te T -Tio T6 I7 Tg % (7.6)
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(7.7)
T _h-Tg o -Tg Tg 5 T by T3 Ty Tg d 78)

Rig Rog Rss Rs11  Rea Rg

112



Ta-To Ta-Tg Tog T5 To ha Tg ks Tg

Colg = (7.9)
Reo  Rig Rs  Raus  Ras Ry
 Te-Tio Te T T Ty Tio Ry T Trg T
CioTio=15-10 4J6 o Tio 7 To h7 Tio Trs_Tio d (7.10)
Roio Reio  Rrao Riwoaz Rioais R
Ciif=Q, ST Te-Tn T -Tip Ty -Te T & (7.11)
R Rean Rupe R Ran
CTin= Q, Ju-Tp Tg-Tp Tip -Tig Tip 49 Tip 1 712)

I%l,ZI.Z R8,12 R12,13 R12,19 B 12

T Tis Ta-Tis Tig Tua T Foo Tis T
Cigfig= 27 Ns T8 “Tis Tis Taa Tas Foo Tus { (713
R2is Reis Rizia Rz Roas

. Tis-Tia To T Toa Tis T~ Ty Tig
C.L4T14: Qs +13° 14 9 "'14 14 715 14" '21 14 I (7.14)
I%.3,14 I:\)9,14 R14,15 R14,21 B 14

C_L5T15:Q4 J14_T15 T+9 _T15 T15 :r16 T15 -I:21 T15 I (7 15)
R.I.4,15 R9,15 R15,16 R15,21 B 15

 To-Te Tis T Tig Tar Tig Far T
Cifig=—5- 116 4115 "N Tie Y17 Tie Foo Tae { (7.16)
Rs16 Ris16 Ris17  Ris22 R 16

. To- Ty Tie Ty Tiz Tug Taz Fog Tiz T
Cyt= Qg #2077 e "N Tz Tag Tz Foz Taz d (7.17)
Rio17 Ris17 Rizis Riz2zs R 17

. To-Tis Tz Tig Tag T7 Tig Fog Tig T
Cigfia= Qg #2078 J17 "T1e Tas T7 Tis Fos Tig { (7.18)
Riois Rizis  R7is Rigas  Ros

Tll' T19 +T12 'T19 Il :I-19 T19 1:20 T19 T24 T19 T2'5 Tl9 aT

Ciolio=
Ri119 Ri219 Riz9  Rigoo Rigosa  Rigs R 1
(7.19)
 _Tis-Too Tio Tao Tao To1 Too Fos Too T
CogTpo= 137 T20 JT10 "To0 Tao T21 Tao Fa6 Tag d (7.20

Ri3.20 Rio2o  Ra21 Rz R 20

113



C21T21=T14_ Tor Tis-Tor Too -Tor To1 -Too Ton o7 Top Fog Tou d
Ria21 Risor Rao2r Roize Raior Ros R o2

(7.22)

C22-|'-22:T16'T22 Jo1-Top Top "Tog Too T30 Ty & (7.22)
Rig, 22 Ro1.22 Ro22s  Razog R 2

Cof.=nr-Tos \Tig "Toz Too To3 Tz F7 Tpz Tag To3 Ty Tozdl
23123 ' '

Ri7.23 Risos  Ropos  R72a3 Ragzze  Roszn R 2

(7.23)

. T-Tos Tio-Toe Toa Tos Tog T3p Tou ¥
CosTos=Q, w124 Jio~ Toa Toa "Tos Tau Ts0 Tos F o 720
R 24 Rig.24 Roaos  Roaszo R 24

CoeTrs= Qg Joa~Tos T "Tos Tos To6 To5 Fao Tos
Rosos Rigos  Rass Rosze R o2s

(7.25)

C26T26:T25- Toe To0 "Tog Toe Y27 To6 Fge To6 4 (7.26)
Ros 26 Roo2s  Ros2or Raszs R 26

- Too- Tor Tor Tor Toz Tog Toy Faz Toy T
CyoTyr= Qo #2067 T27 J21 Tor Tor o8 Tor Fas Tor d (7.27)
Ros 27 Ro1.27 Ro728  Razsz R 27

. Tor-Tos Tor Tos Tog Too Tog Fag T
C28T28:%10 +2R7 28 _!_f:\i. 28 2F\i>3 29 23 33 28 I (728)
0728 21,28 28,29 2833 R 28

C29T29:T22' T29 +T28 'T29 T29 :I-SO T29 -I:38 T29 I (7.29)
R22,29 R28,29 R29,30 R29,38 B 29

. Too- Tao Tos Tao Tao Ta1 Tao Fas Tao T
QOTSOZ Qll +29° 30 423 " 30 30 '31 30 "34 30 I (7.30)
R29,30 R23,30 R30,3l I:230,34 B 30

. Tao- Tar Tos Tar Tar T7 Tag Fau T
C"SlTSl: %12 +30° 31 423 31 31 '7 31 "34 31 I (7.31)
R30,31 R23,31 R7,31 R31,34 B 31

. TouTap Tos Ty To Top Tap TFag Top Tas T
Q%ZTSZ: 24~ 32 26 '32 1 732 32 736 32 '35 32 é-\r (7.32)
R24,32 R25,32 R1,32 R32,36 R32,35 B 32

114



Caslas= LEARE

T28 'T33 136 :r33 T33 -I:38 T33 T37 T33 E;r

Ro7.33

Rogas  Rasss  Razss  Rassr R a3

C34-|'-34:T30' T34 +T31 'T34 _-I.I_-38 :r34 T34 1:7 T34 T39 T34 e-lr

Rs0,34

C35-[_35 =

Rs13a  Ragsza  R73s  Rasze R

Tao-Tas T1 -Tss Tgs T35 T35 &
Rs2.35 Ry 35 Rss,36 R 35

C’S;GT?)G:TSZ- T36 +T35 'T36 1-26 :r36 T36 1:33 T36 T37 T36 z:\r

R32,36

R35,36 R26,36 R33,36 R 36,37 B 3€

T33' T37 +T36 'T37 T37 :r38 T37 -EE

C%?T37 =

R33,37 R36,37 F\)37,38 % 37

C’S,8T38:T33- T38 +T37 'T38 129 :I-38 T38 -I:34 T38 T39 T38 z’:\r

R33,38

C\GQTSQ =

R37,38 R29,38 R34,38 R 38,39 B 3€

T34' T39 +T38 'T39 T39 :r7 T39 I’
R34,39 R38,39 R7,39 B 39

115

(7.33)

(7.34)

(7.35)

(7.36)

(7.37)

(7.39)

(7.39)



