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ABSTRACT Optimal thermal management system design is critical for power electronic converters to ensure
the reliability of power semiconductor switches. Medium power density inverter systems are often air-cooled
to ensure an efficient and cost-effective thermal management solution. In addition, using heat pipes as the heat
transfer medium between the heat sources and the heat sink can provide lower volume for the entire inverter.
This paper investigates the effectiveness of Teaching Learning Based Optimization (TLBO) for finding the
optimal forced-air heat sink with heat pipe cooling system to achieve higher fan efficiency and lower inverter
packaging volume. The optimal design is found utilizing commercially available fans and heat pipes. The
TLBO design optimization is also compared to the highly implemented Particle Swarm Optimization (PSO)
and it is found that TLBO uses 20 times fewer iterations than PSO to converge, and that the TLBO results
are more robust for different design constraints.

INDEX TERMS Heat pipe, heat sink, inverters, junction temperature, power loss, Particle Swarm Optimiza-
tion (PSO), SiC MOSFET, Teaching Learning Based Optimization (TLBO), thermal management.

I. INTRODUCTION
Advances in the field of power electronics have resulted in an
increase in power density and miniaturization on the device
level [1]. One of the critical components used in the design of
power converters is power semiconductor switches. Although,
silicon (Si) power switches such as IGBTs have been widely
used in the power electronics industry for the last few decades,
silicon-based technology has some limitations in terms of
increasing power density. One of the critical limitations of
Si power switches is their relatively low junction temperature
operation capability, which often prevents the cooling sys-
tem design from achieving high power density. However, the
introduction of silicon carbide (SiC) power switches has re-
sulted in higher operating temperature limits due to the higher
melting temperature of SiC compared to Si. Also, due to the
∼3x higher thermal conductivity of SiC compared to Si, heat
generated within the semiconductor can be dissipated with a

lower temperature drop across the device [2], [3]. Therefore,
as there is a trend towards smaller die areas to enable higher
switching frequencies, managing the heat dissipation from
the component requires more efficient cooling techniques to
achieve the thermal requirements of these high-power density
components.

The designed power converter in this research is for smart
home applications, which utilizes PV as the renewable energy
source. The converter is designed for 3 kW power at a nominal
input voltage of 48 V, and it consists of a dual active bridge
(DAB) converter and an inverter (Fig. 1). The DAB includes
the low voltage and high voltage side. The power generated
from the PV cells is an input to the high voltage side, and
it can either be stored in a battery on the low voltage side
or be used for single phase load applications such as home
appliances. The switches that are used for the inverter side are
TO-247 SiC power MOSFETs from CREE [4].
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FIGURE 1. Schematic of a 3 kW inverter with DAB power converter.

It is desirable to design power converter systems with mini-
mized packaging to increase power density and reduce weight,
which in turn results in more difficult thermal management
design. Failure due to thermal fatigue in power electronic
systems accounts for 55% of all failures [5], which reiterates
the importance of effective heat dissipation. Typical power
electronic thermal management systems are over-designed
with large heat sinks and the inverter design is not optimized,
meaning un-utilized space exists in the system. Therefore,
designing a cooling system that can fit the available design
space is of high interest. Heat pipes, which have a high ther-
mal conductivity, allow for design of compact thermal man-
agement solutions and several modeling and design methods
for heat pipe heat exchanger systems have been presented [6],
[7]. Thus, optimization of a thermal management solution that
utilizes heat pipes with the appropriate optimization algorithm
is of high interest in power electronics.

Forced air cooling is an efficient and commonly used tech-
nique applied to inverter design, as it has advantages com-
pared to other types of cooling such as: lower complexity than
liquid-cooled systems, lower volume, and relatively higher ef-
ficiency compared to natural cooling. In addition to preventing
the electric components from overheating, the optimal design
of a power electronics cooling system should also minimize
the weight, volume, and cost and/or maximize the efficiency.
The authors in [8] designed a forced air cooling system for
minimized weight. Optimizing the cooling system thermal
conductivity for different heat sink materials has been done
in [9]. The authors in [10] studied and compared the efficiency
of forced and natural cooling systems for high power density
converters. However, selecting a compatible fan with a heat
sink design is a challenge in designing an optimum cooling
system. Different fans have different operating points when
combined with a specific heat sink. Finding the optimum
point according to the inverter’s requirements is a challenge
that needs to be addressed using an efficient optimization
algorithm. Reference [11] performed an optimization for a
heat sink in a forced air cooling system for an inverter using
MATLAB’s genetic algorithm and finite element analysis. In
their study, achieving the optimal design point takes more than
130 hours, which requires high computation time and thus
delays design progress.

Genetic algorithm or other evolutionary algorithms are
widely used in power electronics to find the optimal design
for cooling systems [8]–[10], [12], [13]. [8] investigated the
system energy efficiency due to different fan selections com-
pared to natural cooling for various heat sink designs. How-
ever, all these previous works use optimization algorithms that
are dependent on algorithm-controlling parameters, which re-
duce robustness in the results and cause low convergence
rates. Hence, a more robust and fast optimization mechanism
is desired. Teaching Learning Based Optimization (TLBO)
is a proven robust method that doesn’t require algorithm-
controlling parameters and can be applied for mechanical
design problems [14], [15].

This paper introduces a new approach of using teaching-
learning-based optimization (TLBO) for optimizing the ther-
mal design of an air-cooled SiC MOSFET inverter using inte-
grated heat pipes, where heat pipes are used to transfer the
heat out of the compact space to a feasible space for heat
dissipation in power electronic packages. The contributions
of this paper are: (i) introducing an experimentally-validated
thermal network model for integrated heat pipe air-cooled
heat sink systems with SiC MOSFETS, (ii) proposing an op-
timization methodology for the design of forced-air cooling
systems using commercially available heat pipes and fans
to both minimize volume and maximize efficiency, and (iii)
using the TLBO algorithm for a power electronic thermal
system optimization, which has not been done in prior work.
The advantage is that the TLBO algorithm is not dependent on
algorithm-controlling parameters, making it more robust than
many common heuristic optimization algorithms.

This article is organized as follows. Section II presents the
developed thermal model of the heat pipe-heat sink system for
the inverter that is used in the optimization. Both a numerical
verification with ANSYS and experimental validation of the
developed model are detailed. The optimization approach and
objective functions are described in Section III. Implementa-
tion of the more robust TLBO algorithm and the evolutionary
algorithm, PSO, are presented. The resulting optimized cool-
ing solution from the TLBO and PSO algorithm are compared
in Section IV. A simulation of the optimal cooling solution
is provided to verify the results. Section V summarizes the
research presented.

II. COOLING SYTEM DESIGN APPROACH
Heat pipes are a common passive cooling device. In applica-
tions with limited space, heat pipes are the most used method
for transferring the heat from the device to a location with a
larger area for heat dissipation. Heat pipes can be embedded
in conductive plates or heat sinks for increasing heat spread
or transfer capabilities [1]. Integration of heat pipes in elec-
tronic devices has been investigated for automotive applica-
tions [16]–[18] due to their high thermal conductivity, effi-
ciency, flexibility, and suitable range of working temperature
without consuming any additional electric energy.

A heat pipe is a sealed hollow metal pipe that contains a
small amount of liquid to increase heat transfer [19]. Heat

104 VOLUME 1, 2020



FIGURE 2. Heat pipe transferring the heat from heat source (case of the
MOSFET) to the heat sink.

is conducted from one end of the heat pipe to the opposite
end through evaporation of the liquid. Therefore, a heat pipe
requires both a heat source and a heat sink. In this particular
case the source is the heat dissipated from the switches, and
the heat sink is the forced air cooling system.

Forced air cooling is the combination of fans and heat sinks.
The fans are implemented for lowering the thermal resistance
between the ambient air and the heat sink. This method is
the most commonly used cooling system in power converters
due to ease of implementation [20]. Forced air cooling system
models have been developed and implemented in [8], [9],
[12], [13], [21]. The heat sink model was further extended in
this research by modeling the heat pipe which is embedded in
the air-cooled heat sink.

In this research, like in many practical applications, the
cooling system needed to be designed according to the pre-
determined MOSFET and PCB layout while achieving high
power density and low volume. Fig. 2(a) shows the MOSFET
layout on the PCB and the available space that is left between
the case of the discrete MOSFET and the PCB for mounting
the heat sink. To achieve high power density, this space can be
used by a possible air-forced cooling system (Fig. 2(b–c)) for
the inverter. The system consists of a heat pipe that connects
the heat source (case of the MOSFET) to the heat sink and a
fan forces the air through the channels of the heat sink. There-
fore, the heat sink utilizes the available space which would not
be possible without the implementation of heat pipes. Finally,
a thin copper plate with the same footprint as the MOSFET is
soldered to the heat pipe to secure the MOSFET using a screw
and a nut. This design can be extended for a different number
of switches in the converter as shown in Fig. 2(d).

In general, the use of heat pipes in a forced-air cooling
system allows more flexibility in the physical layout of the
PCB and components, specifically reducing the volume of the
bulky heat sink. Also, this can simplify PCB layout when

FIGURE 3. Thermal network schematic form junction of heat source to the
ambient.

volume is a tight restriction. Thus, though there may be a
small additional cost to using heat pipes, the layout/volume
advantages can be large depending on the application. This is
especially true for demanding applications such as the inverter
discussed in the paper, where there is a low height requirement
to meet consumer acceptability targets.

A. THERMAL NETWORK FOR MULTIPLE HEAT SOURCES
In order to build an optimized cooling system, the utilization
of optimization algorithms is required for the initial design
based on different variables that change according to the
system’s constraints. Optimization of the system through the
use of numerical methods such as ANSYS is computationally
expensive, thus, a reduced order model such as a thermal net-
work model can be utilized. This optimization implements a
thermal network model which is first compared to the numer-
ical results from ANSYS for verification before proceeding
forward with the optimization study.

The schematic of the thermal resistance network for
Fig. 2(c) from the MOSFET’s junction to the ambient is
shown in Fig. 3. Total thermal resistance from junction to
the ambient can be calculated using (1), where R jc is the
thermal resistance of the MOSFET from junction to case, Rin

is the thermal resistance due to the interfacing thermal pad,
Rcu is the thermal resistance of the copper plate, Rhp(x) and
Rhp(y) are the thermal resistances of the heat pipe in x and y
direction, respectively. RHS is the total thermal resistance of
the heat sink attached to the heat pipe. Considering all the
aforementioned resistances, the total resistance from junction
to ambient, Rtot , is

Rtot =R jc + Rin + Rcu + Rhp(x) + Rhp(y)+ 1

2

(
Rhp(x) + RHS

)

(1)
If the total thermal resistance is solved for the entire cooling

system, then the junction temperature can be solved for as

Tj = Rtot Q + Tin (2)

where Tj is the junction temperature, Q is the total heat loss
of the device, and Tin is the inlet air temperature.

To model the thermal resistance of the heat sink, a single
channel of the flat plate fins can be considered as shown in
Fig. 4. Since the geometry of the fins and channels are all
the same in the entire heat sink, the results for one single fin
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FIGURE 4. Thermal network for the convective and conductive heat
transfer through a single channel of a parallel plate fin heat sink.

can be extended over the entire heat sink composed of any
number of fins, n [9]. The thermal network is depicted for heat
exchange between the air and the fin surfaces. Following the
networks shown in Fig. 4, the total thermal resistance from the
surface of the heat sink to ambient air of the fan inlet can be
obtained from

RHS = Rcond, f + Rconv, f + R�T (3)

The term Rcond, f is the result of conductive heat flow
through the fins and Rconv, f is due to convective heat transfer
from the fin surfaces to the air and is defined by

Rcond, f + Rconv, f = 1

n

⎡

⎣Rd +
(

1

Ra
+ 1

1
2

(
R f + Rch

)

)−1
⎤

⎦

(4)
Ra and Rch are the thermal resistance caused from convective
heat transfer from the base plate exposed to air flow and
from the fin surface, respectively. R f and Rd are the thermal
resistances caused from conduction through the fin and base
plate thickness, respectively, that can be calculated as

Ra = 1

hLs
(5)

Rch = 1

hLc
(6)

R f = c

tLλhs
(7)

Rd = d

(s + t )Lλhs
(8)

The convective heat transfer coefficient is calculated by

h = Num,T λair

dh
(9)

where the hydraulic diameter, dh is calculated as

dh = 2sc

s + c
(10)

and λair is the thermal conductivity of the air. The mean
Nusselt number, Num,T , for flow in a duct can be applied to
the fin channels and is defined as [22]

Num,T = 7.55 + 0.024(x∗)−1.14

1 + 0.0358(x∗)−0.64Pr0.17
(11)

FIGURE 5. Top view of thermal network for multiple heat sources attached
to an air-forced cooling system.

where the distance, x∗, in the direction of the air-flow is de-
fined as

x∗ = L

dhRePr
(12)

The Reynolds number, Re, for the channels is defined as

Re = 2V

n(s + c)νair
(13)

and νair is the kinematic viscosity of air. The velocity of the
air flowing through the channels, V , is solved for by setting
the pressure drop of the fan equal to the pressure drop of the
heat sink

kdPf an(V ) = dPHS (V ) (14)

where k is the fin spacing ratio of the heat sink defined as

k = s

b/n
(15)

The geometric variables d , c, t , s and L are all depicted in
Fig. 4, and b is the width of the heat sink as it is shown in
Fig. 5.

As the air moves from inlet to outlet through the heat sink,
its temperature will increase and the term R�T is considered
to account for the temperature rise

R�T = 0.5

ρairCp,airv
(16)

where ρair and Cp,air are the density and specific heat of the
air, respectively, and v is the volumetric air flow.

For the case with multiple heat sources on the heat sink,
the thermal model can have additional nodes (Fig. 5) and
each node can be studied as an individual heat sink system
where the inlet temperature of node i is equal to the outlet
temperature of the previous node, i − 1 such that

{
Tin(i) = Tout (i − 1) i = [2, . . ., Nhs]

Tin(1) = Tamb

where Nhs is the number of heat sources. Thus, the MOSFET’s
junction temperature of each node can be calculated from

Tj (i) = Rtot (i)Q(i) + Tin(i) (17)
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FIGURE 6. ANSYS model of cooling design at a power loss of 43 W.

FIGURE 7. Comparison of ANSYS (ANS) and proposed thermal network
(Net) results for the temperature of: inlet air, outlet air, and the two
MOSFETs at different power losses.

B. THERMAL NETWORK MODEL VERIFICATION
In order to examine the performance of the proposed reduced-
order thermal model, a design is modeled in ANSYS Icepak
and the results are compared to the proposed analytical model.
Fig. 6(a) shows a simple heat pipe heat sink design that uses a
commercially available fan to force air through the heat sink.
The heat pipe that is used in this model is a conventional heat
pipe from QATS [23] and the thermal resistance is measured
experimentally. The experimental characterization of the off-
the-shelf planar heat pipes was performed by imposing a heat
source and heat sink on the heat pipes and measuring the
temperature distribution along the axial direction [24].

The MOSFETs and proposed thermal solution are simu-
lated for different power losses. An example of the ANSYS
Icepak solution is shown in Fig. 6(b). The predicted temper-
ature of the MOSFET’s case, inlet and outlet air flow (from
the heat sink) by the numerical model are compared with the
proposed thermal network model results.

Fig. 7 compares the predicted temperature of inlet air, outlet
and the two MOSFETs from the proposed model to the AN-
SYS results at different power ratings. The reduced thermal
model agrees with the ANSYS model within 1%.

C. THERMAL NETWORK MODEL
EXPERIMENTAL VALIDATION
An experimental test is also performed to validate the thermal
network model. Two heat pipes are sandwiched between two
copper heat sinks and a fan is attached through a duct to simu-
late the cooling setup (Fig. 8). To simulate the losses from the
MOSFETs, 1 ohm resistors with the same footprint as the TO-
247 were used as the heat sources and the maximum expected
power loss of 43 W was imposed with the power supply.

FIGURE 8. Experimental setup to validate proposed thermal model.

FIGURE 9. Thermocouples are mounted on the heat sink and the setup is
insulated using fiber glass fabric.

TABLE I Error From Thermal Model Compared to Temperature
Measurements From Experimental Tests and ANSYS Results for Different
Power Losses

Several T-type thermocouples are mounted on different lo-
cations of the heat sink and on the case of the resistors, as well
as the inlet and outlet of the heat sink’s channels to measure
the air temperature. A data acquisition device, Omega USB
TC-08, is used for recording the temperature and a power sup-
ply is connected to the power dissipating devices to simulate
the heat losses for various power ratings. Fiber glass fabric is
used to insulate the resistors, heat pipes, and the heat sink to
ensure that heat loss is completely dissipated through the heat
sink channels (Fig. 9).

The tests are carried out for a power loss of 43, 23, 15 and
4 W in order to compare the experimental data to the analyt-
ical results. As shown in Table 1, the measured temperatures
from the experiments are within 10% with an average error of
7%, and the results from ANSYS model are within 6% with an
average error of 1% of the predicted results from the proposed
thermal network.

III. OPTIMIZATION OF COOLING DESIGN
The optimization of a cooling system design can minimize
the weight, volume, or cost, or maximize the power density
for the desired working conditions. The goal of this research
is to design a cooling system with the minimum volume for
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TABLE II Characteristics of Investigated Fans for Cooling System

the inverter and achieve maximum power efficiency of the
cooling system. In this study the geometrical configurations
of the heat sink along with the fan selection options are opti-
mized. Two objective functions, volume of the converter and
power efficiency of the cooling system, have been selected as
the design space. Since the fan is the only component that
consumes power, the efficiency, η, of the cooling system is
defined by the power efficiency of the fan by

η = dPT v

Pin
(18)

dPT is the pressure drop for the corresponding volumetric
air flow, v, of the fan’s operating point and Pin is the power
consumption of the fan.

The length and width of the cooling system are determined
within the power converter package which can be maximum
of 155 and 50 mm, respectively, and the only parameter that
changes the volume of the entire converter is the height of
the heat sink, h f . Hence, by finding the minimum height it
can be assured that the volume is minimized. In addition, the
maximum junction temperature that the SiC MOSFETs can
operate for this inverter is 150 ◦C. The optimization problem
has been limited to six degrees of freedom represented by
number of fins, n, fin height c, fin thickness t , heat sink width
b, base plate thickness d and fan selection. In this study, five
different fans (properties in Table 2) with various air flow,
static pressure and power consumption range are selected
to integrate with the heat sink model and study the optimal
design.

Fig. 10 shows the optimization procedure for designing the
cooling system. The discrete design variables in this optimiza-
tion problem are fan selection and the number of fins, n. Thus,
the proposed method finds the optimal design in two steps: 1)
applying the optimization algorithm in a loop for number of
fins within its limits and 2) repeating the first step for each
fan option. The optimization process starts by selecting one
fan and the lower boundary of the number of fins. An initial
design for the population of Ntot is generated for different heat
sink geometry variables: t, d, b, c and n. Then, each design’s
fitness is evaluated, new population members are created by
using an optimization algorithm and the best design is found.
This process continues until reaching the maximum number
of iterations. Afterwards, since the minimum volume of the
converter is of higher interest in this study than the fan power
efficiency, the minimum height (local optimal design) of the
heat sink based on the optimization constraints and variables
is found for different numbers of fins. The design that resulted
in the lowest height for the corresponding number of fins is

FIGURE 10. The process of the cooling system design optimization.

saved as the best for each fin number (local optimal design).
Eventually, the corresponding fan power efficiency values for
each achieved minimum height are compared to investigate
the best optimal design (global optimal design) which mini-
mizes height and maximizes cooling system efficiency. This
process is repeated for all five fans and at the end, the global
and local optimum designs for all the fans are studied and
compared to find the most desirable design point.

An optimization process finds the maximum or minimum
of a function relative to a set of parameters, which represents
a range of choices available that satisfies a set of constraints.
The evolutionary optimization algorithms require common
controlling parameters like population size, number of gen-
erations, etc. In addition to common controlling parameters,
each algorithm has its own algorithm-specific control param-
eters. The most commonly used evolutionary optimization
methods are the Genetic Algorithm (GA) and Particle Swarm
Optimization. Nonetheless, GA determines almost the optimal
solution for a complex problem that includes a large num-
ber of variables and constraints. Determining the optimum
controlling parameters including crossover and mutation rates
cause some difficulties for this method, since changing the
controlling parameters can affect the algorithm performance
drastically. Similarly, in the case of using the PSO algorithm,
controlling parameters such as inertia weight, and social and
cognitive coefficients have a large impact on the algorithm
effectiveness [14].

Therefore, an optimization technique which requires less
algorithm controlling parameters is of more interest for the
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optimum design of the cooling system in this research.
Teaching–Learning-Based Optimization (TLBO) is a robust
and proven optimization method for seeking global solutions
for continuous non-linear functions, which also has low com-
putations and high consistency [14]. The implementation of
TLBO requires only determining the common controlling
parameters such as population size and number of genera-
tions, so there is no need for any of the algorithm-specific
controlling parameters, which leads to robust results [25]. To
investigate the robustness of the Teaching Learning Based Op-
timization (TLBO) algorithm, the results are compared to the
widely used Particle Swarm Optimization (PSO) algorithm.

A. TEACHING LEARNING BASED OPTIMIZATION (TLBO)
The TLBO method is based on the influence of a teacher on
the output of learners in a class, where the output can be
considered as the grades. The teacher is considered as the
most knowledgeable person in the class who shares his or her
knowledge with the learners. Thus, the quality of a teacher
influences the grades of the learners. TLBO is a population-
based optimization algorithm that utilizes a population of so-
lutions that proceed to the most desired solution. In contrast
with other population-based optimization techniques, there
are no algorithm controlling-parameters involved in TLBO,
which makes the implementation simpler. The process of
TLBO is divided into two sections: Teacher Phase, where
the learners learn from the teacher and the Learner Phase,
where the learners learn and improve their level of knowledge
through interaction with other learners in the class.

1) TEACHER PHASE
Students’ knowledge can be improved through the inputs from
their teacher. Hence, the class can be defined with the level
of the teacher’s knowledge (Ti ), the mean of learner’s grades
(Gi ), and the level of each learner’s knowledge (Xi ). Every
teacher (Ti ) tries to improve the level of the entire class (Gi )
close to its own level (Gnew ). Therefore, the solution can be
updated according to the difference between the existing and
new mean of the class. Since the teacher might be able to
change the mean for a better level or not, a teaching factor
(TF ) is assigned that can be either 1 or 2, and ri is a number
between [0,1] that randomly decides what the mean value is.
Hence, the new level of each student (Xnew,i ) can be improved
according to the mean difference using (19–21) [26], and if
the new level of a student gives better function value, it is
accepted for proceeding the optimization.

�G = ri(Gnew − TF Gi ) (19)

TF = round[1 + rand (0, 1)] (20)

Xnew,i = Xold,i + �G (21)

2) LEARNER PHASE
Students’ knowledge can also be improved through interac-
tion with other students. One grade (Xi ) will improve if the
student learns something from another student who has a

higher level of knowledge. Hence for a class with a popu-
lation of Npop, the learners’ level of knowledge will mod-
ify by comparing each student (Xi) within the population of
i = [1 : Npop] to another random student (Xj). If Xi is a better
student than Xj , the level of knowledge will change to (22),
otherwise it will be (23). At the end of the comparison loop
for the entire student population (Npop), if Xnew results in a
better objective value ( f (Xnew )), Xnew is accepted as the best
optimization point [26].

X(new,i) = X(old,i) + ri(Xi − Xj ) (22)

X(new,i) = X(old,i) + ri(Xj − Xi ) (23)

B. PARTICLE SWARM OPTIMIZATION (PSO)
Particle swarm optimization (PSO) is an evolutionary algo-
rithm that simulates the movement of flocks or birds searching
for food. In PSO, the objective function determines the fitness
of each individual’s solution. Each solution is described as
a particle in the search space. The particles fly through the
search space to find the minimized or maximized value re-
turned by the objective function. Typically, the particles are
located randomly in the search space and they evaluate their
fitness at their position. Afterwards, each particle moves to
a new location that can upgrade its fitness over the previous
position. The movement is based on the particle’s own expe-
rience and other particles in the group (swarm). Hence, the
PSO algorithm consists of a swarm that includes m particles,
and each particle’s position represents a possible solution ac-
cording to the fitness function. Each particle moves toward
a new location according to three factors: its own inertia, its
own most optimal position, the entire swarm’s most optimal
solution [27]. The position (x) and speed (v) of each particle
is defined by

xk+1
i = xk

i + vk+1
i (24)

vk+1
i = w.vk

i + c1.r
k
1 (pbestk

i − xk
i ) + c2.r

k
2 (gbestk

i − xk
i ) (25)

pbestk
i and gbestk

i represent personal and global best positions
of the ith particle at its kth iteration, w is the inertial weight,
c1 is the personal learning coefficient and causes the particle
to move toward its personal best, c2 is the global learning
coefficient that leads the particle toward the best position the
swarm has been experienced. rk

1 and rk
2 are random numbers

in the range of [0, 1] [27]. Inertia weight, personal and global
learning coefficients, and maximum value of velocity are the
PSO controlling parameters that need to be tuned in the algo-
rithm in order to proceed to the optimum solutions.

The optimization is run for 5 different fans using the TLBO
and PSO algorithms. For all configurations, the number of
iterations and populations is 200 and 20, respectively. The
PSO controlling parameters are defined based on the studies
that have been done on stability and convergence in multi-
dimensional complex spaces for PSO problems in [28] and
shown in Table 3.
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TABLE III PSO Algorithm Controlling Parameters

TABLE IV Optimal Design Points for Each Fan Obtained From PSO and
TLBO Algorithms Considering 40 W Power Loss on Each MOSFET

FIGURE 11. The heat sink height versus efficiency for feasible optimal
designs from the optimization utilizing TLBO and PSO for different fans.

IV. OPTIMIZATION RESULTS AND VERIFICATION
Applying the TLBO and PSO algorithms resulted in similar
global optimum points for each fan (presented in Table 4),
while each algorithm achieves different local optimum points
as portrayed in Fig. 11. The results from Table 4 show that
fan number 3 and 4 do not satisfy the limitation of maximum
junction temperature of 150◦ C. However, fan number 1, 2,
and 5 are feasible designs within the junction temperature
requirement.

A. PERFORMANCE COMPARISON
In order to study the performance of the TLBO algorithm,
the height, h f , and power efficiency, η, of the cooling system
designs that met the design requirements are compared in
Fig. 11. Each point in Fig. 11 is the local optimum design for
the corresponding number of fins, n. The y-axis represents the
heat sink height and x-axis is the power efficiency of the fan.
As the height decreases and fan power efficiency increases, the
design is more desirable. As it can be observed, utilizing fan
number 1 is the most desirable design with a power efficiency
of 5.4% and heat sink height of 9.6 mm.

Comparing the results from TLBO to PSO shows that fan
number 2 and 5 both produce almost the same local optimum
points for each algorithm. The results for fan number 1 in
Fig. 11 demonstrate the inability of PSO to find the local
optimum designs at certain number of fins. Even though the

FIGURE 12. Convergence plots for finding the minimum height as the
optimal heat sink design using TLBO and PSO algorithms applied to fan
number 1.

global best points that are achieved for each fan by both
algorithms are the same (Table 4), it is important to use a
robust algorithm that can find the best local optimum points
as well, since number of fins with limited volume constraint
can be crucial for manufacturing requirements.

Furthermore, the objective function value’s convergence
during the entire optimization for all the iterations can be
studied. Fig. 12 compares the convergence rate of TLBO (blue
solid line) to PSO (red dashed line) for finding the minimum
heat sink height using fan number one. It’s depicted that
TLBO is converging around 200 iterations and PSO is con-
verging at 4000 iterations. Therefore, it is observed that TLBO
has better performance than PSO in the entire optimization
process in terms of producing better results and a faster con-
vergence rate which means lower number of evaluations for
finding the optimum design and low computational time of
about 90 seconds.

In addition, the use of the proposed TLBO optimization
process can reduce component costs because a minimum vol-
ume will lead to minimum packaging costs. It can also reduce
operating costs because the higher fan efficiency will translate
into lower energy consumption by the cooling system. More-
over, since TLBO uses 20 times fewer iterations compared
to the widely-used evolutionary algorithm PSO, it will result
in computation and design time savings, which can lower
development costs.

B. ANSYS VERIFICATION
The optimization results show that the configuration with fan
number 1 achieves the highest efficiency and lowest height
compared to the other design points. Therefore, this most
optimal point is selected for verifying the design performance.
A model with the same design parameters as this point and
inverter’s operation condition is simulated in ANSYS Icepack
(Fig. 13). The simulation is run for the MOSFET power loss
of 40 watts using fan number 1, and the temperature of the
MOSFETs lead frames are observed.

Table 5 compares the results obtained from the proposed
thermal model to the ANSYS simulation. The slight differ-
ence in the values is because each MOSFET in the thermal
model is considered as one control volume. Hence, the entire
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FIGURE 13. Temperature contours for the optimal point at 40 watts power
loss in ANSYS Icepack.

TABLE V MOSFET’s Case Temperature at Optimal Point Obtained From
Thermal Model and ANSYS at 40 W Power Loss

cooling system is divided into 4 segments, and the temperature
of each MOSFET is evaluated as a single point in the area
of the corresponding node. However, in ANSYS the system
is simulated and solved with larger number of nodes, so the
results are different within 5% error.

The further-most MOSFET from the fan gets warmer com-
pared to the other MOSFETs (Table 5), and the error for
the warmest MOSFET which is critical for temperature con-
straints is about 1%. Hence it can be concluded that the
proposed thermal model is highly accurate and adequate for
finding the optimal design.

V. CONCLUSION
An integrated forced-air heat pipe embedded heat sink cooling
system is designed for an inverter application.

The biggest advantages of the proposed cooling system
over previous research is integrating passive and active cool-
ing methods in order to design a very compact, power efficient
cooling system by using: heat pipes, plate-fin heat sinks and
fans, through the implementation of a very robust optimiza-
tion algorithm. In addition, integrating fans with heat sinks
drops the efficiency of the fan performance due to the change
in cross-sectional area for the air flow. Therefore, an optimiza-
tion scheme needed to be applied to find the optimum de-
sign point which minimizes power consumption of the fan. A
reduced-order thermal model for the proposed cooling system
is developed. The thermal model is expanded for multiple heat
sources application and is used in the optimization scheme.

A simulation is modeled in ANSYS Icepack and the accu-
racy of the developed thermal model compare to the numerical
simulation was about 99%. In addition, a setup was built and
tested with multiple heat sources to validate the developed
thermal model experimentally. The average error between the
thermal model and the experimental results is ∼7% tested at
various power losses.

The validated thermal model was applied in Teaching
Learning Based Optimization (TLBO) and Particle Swarm
Optimization (PSO) algorithms to find the optimum cooling
system design. It is concluded that the results found by TLBO
are more robust compared to PSO in terms of finding the
optimum design and achieving faster convergence rate.

Furthermore, two of the most crucial issues in power con-
verters packaging, volume and power efficiency, were dis-
cussed during the optimization process for six different de-
sign parameters. These parameters included of number of
fins, fin height, fin thickness, heat sink width, base plate
thickness and fan selection options, while considering critical
operating temperature, packaging size and manufacturabil-
ity constraints. Although the proposed optimization method
was applied to an inverter with SiC MOSFETS with TO-247
packaging, the same optimization approach can be used for
different discrete MOSFET packages or for IGBT modules
which require an air-cooled thermal management design. The
thermal resistance value in the switch thermal model would
have to be updated for the new switch package based on its
datasheet.

Finally, the most optimum design that is found from the
optimization process is simulated in ANSYS and verified with
the optimization results.
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