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NOMENCLATURE

W [mm] Width. Refers to the total width if no subscript
L [mm] Length. Refers to the total length if no subscript
H [mm] Height. Refers to the total height if no subscript
k [W/mK] Thermal conductivity
p [Pa] Pressure
q′′ [W/m2] Heat Transfer
ṁ [m3/s] Mass flow rate
T [K] Temperature
∆E [J] Energy Balance
x [m] Cartesian axis direction
y [m] Cartesian axis direction
z [m] Cartesian axis direction
f Fitness function
ui [m/s] Inlet velocity

Subscripts
wall Heat sink’s walls
channel Microchannels dimensions
top Heat sink’s top
base Heat sink’s base
min Minimum
max Maximum

ABSTRACT
Microchannel liquid heat sinks have a high capacity to ex-

tract high values of heat flux from small areas while keeping low
working temperatures. These can prove to be an effective so-
lution for cooling small electronics or high concentration solar
cells, for example. The ideal geometric characteristics of these
devices need to be investigated under size and precision con-
straints. In this paper a genetic optimization algorithm was used
with an OpenFoam model to derive an optimal geometry. The
simulation was first validated and a mesh independence study
was made. Afterward, the problem constraints were set and the
algorithm was tested with several parameters. The optimization
method allowed for the several simulations to run in an efficient
way, and the stochastic nature of the method ensures that the
whole domain is properly searched for the best solution.

INTRODUCTION
In recent years, new photovoltaic technology has been devel-

oped alongside the interest in more sustainable and efficient ways
to obtain energy. From the various types of photovoltaic panels,
high concentration multi junction panels have shown great of po-
tential as they are able to convert high quantities of energy [1].
These high quantities are concentrated by optical devices that can

concentrate on a single cell the radiation received in up to 1000
times its area, reducing the size of the cells considerably [2]. This
high concentration of energy calls for new heat dissipation tech-
nologies which are one of the main considerations in the design
of these panels [3]. The temperature distribution of these cells
is known to be highly heterogeneous, and the high temperature
gradients have been reported as the cause for excessive wear and
permanent damage to the cells [4]. Still no solutions have been
implemented in the commercial panels, which in most cases use
passive cooling systems.

Liquid cooling systems are potentially a solution as they are
known to dissipate high quantities of heat, with promising results
when applied to PV and HCPV systems [3][5][6]. From the vari-
ous solutions investigated, microchannel based sinks have shown
encouraging results, starting with the noteworthy experimental
research of [7]. Here, there is also not an implemented solu-
tion although it has been extensively studied by other authors
[3][5][6][8][9].

In order to optimize these dissipation systems, one big con-
sideration is the geometry. In later years several studies have
extensively looked into improving the thermal performances of
microchannel coolers by manipulating their geometry. Authors
such as [10] and more recently [11] have investigated experimen-
tally how the geometric parameters of the cooler influence its
performance. Alternatively, in recent years a wide range of nu-
merical studies have been conducted, such as [11],[12] and [13].
Most of these cases make use of a non-systematic approach, in
which several cases are tested within a wide range of geome-
tries and the best one is picked by comparing heat transfer and
pressure loss. Here, it would be an advantage to implement an
optimization model to complement the numerical work. An op-
timization algorithm allows for a calculated search of an optimal
solution inside a domain. This domain is defined by the geomet-
ric constraints and other possible constraints. These algorithms
are usually split into two categories: deterministic and stochastic
[14].

Deterministic methods use a sequence of actions that are
mathematically determined to find the domain peak that corre-
sponds to the optimal solution. Such algorithms have been used



to optimize microchannel heat sinks, for example using the SIM-
PLE algorithm [15]. In [15] the optimization algorithm is run in
parallel with Fluent, generating geometries and using the simula-
tion software as the function to be minimized (by extracting the
wall temperature).

Stochastic algorithms use randomized search methods. Some
examples of the usage of these algorithms in microchannel ge-
ometry are presented in [16] [17] and [18]. In these works,
authors have combined theoretical models with stochastic opti-
mization algorithms to derive the best geometry for rectangular
parallel microchannels. In the works of [9], [16] and [18] the au-
thors use a genetic algorithm (GA) to achieve their results. There
are multiple reasons in favor of genetic algorithms. GAs have a
degree of randomness that allows for a full domain search, es-
caping local peaks. Also these algorithms can search efficiently
through multi-parameter problems. These qualities can be very
useful in the search for the optimal geometry for a microchannel
heat sink. It is also important here not to forget more complex ge-
ometries that cannot be described easily by a theoretical model.

With that in mind, in this work, a Python 3.5 code was imple-
mented that generates microchannel geometries with blockMesh
and runs an OpenFOAM (OF) conjugated heat transfer simula-
tion. It then extracts an energy balance between the inlet and
outlet of the channel, that is written in a customized log gener-
ated by OF and that will serve to calculate a given geometry’s
fitness. This value is then used by a genetic algorithm to find the
optimal geometry.

DESCRIPTION OF THE METHODOLOGY
First of all, a description of the problem is essential to identify

the parameters required to be inputs in the software. A schematic
of the problem can be seen in Figure 1. The PV Solar Cell is
being heated by concentrated sun radiation. This heat will pass
to the heat sink as a heat flux q′′. The heat sink will have a solid
base, inner and outer walls, and a solid top. The dimensions of
these parts are shown in Figure 1. First of all, the model depends
on the dimensions of the PV solar cell; the quantities W and L
should be inputs of the code, but not parameters. The mass flow
rate ṁ and the heat-flux q′′ will also be predetermined since the
passive effect of the geometry is to be evaluated.

The parameters that characterize the geometry of the channel
are the widths of the wall and channel and the heights of the top,
channel and base. The number of channels will depend on these
parameters since W is a fixed quantity dependent on the solar cell
size.

Genetic Algorithm Metodology
Genetic Algorithms are a stochastic search and optimization

technique which have been widely used in very complex prob-
lems. These are inspired by evolutionary biology. It aims
at maintaining a population of individuals for each generation,
which represents the algorithm iteration. Each individual repre-
sents a combination of parameters as a potential solution to the
overall problem, and it’s fitness is evaluated through an objective
(or fitness) function, which in this case is the numerical model in

Figure 1. Schematic description of the problem

OpenFoam. The best individuals are selected from new individ-
uals, through a stochastic transformation. There are two types
of transformation: creating a new individual by mixing the so-
lutions of two individuals, and mutation, which alters a single
individual. The two chosen individuals are a selection of a cer-
tain number of the best ones (evaluated through the fitness func-
tion). After some iterations the algorithm should converge to the
optimal solution, represented by the best individuals.

Due to it’s speed, easiness to implement and stochastic search
method, which may lead to unlikely solutions, this work uses
GAs to minimize the heat resistance of the setup, changing the
geometry as it’s decision variables.

Decision Variables. Considering the problem description in
the previous section, the chosen decision variables are:

Wwall - width of the wall
Wchannel - width of the channel
Hbase - height of the base
Hchannel - height of the channel
Htop - height of the top of the channel

Constraints. The problem constraints need to be defined so
there is a limited search domain for the algorithm to operate
in. The obvious constraint is the manufacturing precision, called
here MP. Not only will it be equal to the minimum dimension
possible, but dimensions should be multiples of this quantity.
The maximum dimensions were chosen to be limited by the mi-
croscale (1mm). The constraints are therefore written as:


MP≤Wwall ≤ 1mm
MP≤Wchannel ≤ 1mm
MP≤ Hbase ≤ 1mm
MP≤ Hchannel ≤ 1mm
MP≤ Htop ≤ 1mm

Fitness Model. The fitness of the geometry is calculated us-
ing OpenFOAM’s chtMultiRegion solver. Its value is the energy
ballance between the inlet and outlet of the geometry. This ac-
counts for pressure losses, and heat transfered from the solid to



the fluid. More details are given in the next chapter. For now, the
following formulation represents the fitness function:

∆E = f (Wwall ,Wchannel ,Hbase,Hchannel ,Htop) = f (geometry)

Final Problem formulation: In this algorithm, a single ob-
jective was considered. Maximizing the total Energy balance be-
tween the channel inlet and outlet. The final problem formulation
is expressed below:



Find geometry,
max ∆E = f (geometry),
s.t

MP≤Wwall ≤ 1mm
MP≤Wchannel ≤ 1mm
MP≤ Hbase ≤ 1mm
MP≤ Hchannel ≤ 1mm
MP≤ Htop ≤ 1mm

Algorithm. Finally, the algorithm implemented in Python can
be seen in Figure 2. The algorithm is a common GA that has a
stopping criteria dependent on the maximum number of gener-
ations the user wants to achieve. A convergence study should
take place here to infer what number of generations is good
enough. The code will generate a random initial population of
the desired size and then proceed to generate blockMeshDict and
topoSetDict files that create an appropriate geometry mesh for
OpenFOAM. It will then run the model for each case and return
the fitness. The cycle begins by sorting the geometries by its fit-
ness and then goes into a process of selection for the mating pool.
After that the ”children” of these individual geometry pairings
will be calculated by random crossover, and have a small likely
hood of mutating. The ”children” become the new population
and the process is repeated. Due to the nature of the algorithm
developed, other geometries that can be efficiently described by
blockMesh can also be tested.

NUMERICAL MODEL
Given the nature of the genetic algorithm, the model should

be as efficient as possible, so the domain was shrunk to half a
microchannel. The fitness (energy balance) is in the end multi-
plied by the number of channels to get the total geometry fitness.
This unit is represented in Figure 3.

Having the symmetry planes simplifies the problem although
the temperature distribution should not be the same near the
edges of the heat sink, and so, it is only an approximation. Here,
it should be recognized that a more complete model can output
different results.

Boundary Conditions. The chosen boundary conditions are
represented in Figure 3. First, a given flow with a constant ve-
locity and temperature is fixed at the inlet. The pressure outlet is
set in the other end. Both the walls parallel to the yz plane are
symmetry planes. On the bottom plane a constant heat flux was

Initialize population:
Generate population size random geometries

Generate blockMeshDict and topoSetDict
Run chtMultiRegionFoam to find f itness

(for each individual geometry)

i = max generations

Sort by f itness
Calculate selection probability

Select the best elite size geometries
Select others based on probability

for the mating pool list

Crossover mating pool geometries
Mutate if mutation probability > random(0,1)

Output geometry with highest f itness value

no

i = i+1

yes

Figure 2. Flow chart representation of the genetic algorithm
code

set (by applying a constant temperature gradient), and on the top
plane the adiabatic condition was chosen. Both solid faces paral-
lel to the xy plane are also assumed adiabatic. Finally, in the fluid
and solid interface there is a no-slip condition for the velocity.

Meshing. The mesh chosen for the calculation was a sim-
ple structured mesh. In the yx plane the mesh is composed by
squares with a given size that is an input to the algorithm. In the
z direction there are less elements to increase mesh efficiency. To
test the mesh independence, a test was performed with a sample
microchannel geometry. The results for the maximum tempera-
ture can be seen in Figure 4, that seem to converge with as the
mesh becomes fine. The 3 points depicted in the figure represent
a coarse, medium and fine mesh cases, respectively. The coarse
case has a cell size of 5E-5 m, the medium case has a cell size
of 2.5E-5 m and the finest case has a cell size of 1.25E-5 m. The
mesh size of 2.5E-5 m was used as it was close enough to the
fine mesh, without compromising the algorithm runtime.

Model Description. The OpenFOAM solver used for this



Figure 3. Boundary conditions and graphical depiction of the
numerical model

Figure 4. Mesh Independence Study for the numerical model.
In the y axis the maximum temperatures of the solid and fluid
meshes. On the x axis the number of cells for each mesh tested.

model was chtMultiRegionFoam. This solver follows a segre-
gated solution strategy, and applies conjugate heat transfer be-
tween regions. The case was considered steady and laminar. This
solver solves mass, momentum and energy conservation equa-
tions, plus the pressure equation for the fluid phases. For the
solid phase it only solves the energy equation, and then couples
the fluid and solid temperatures and heat flux at the interface.
More details on the procedure and governing equations are de-
tailed in the solver’s documentation [19].

RESULTS
As a preliminary test, that would be possible for some basic

prototyping, a simple case was tested to see if the results match

those expected, which are reported in the literature. The test pa-
rameters are given in Table 1. The precision and other dimen-
sion constraints were chosen based on the available manufactur-
ing techniques and on the dimensions of a typical solar cell of
this kind. The temperature at the inlet and the syringe pump aim
at emulating the laboratory available pumping conditions. The
temperature gradient was calculated from the copper conductiv-
ity and the heat flux provided by the available heater.

Table 1. Test case conditions and algorithm inputs

Dimension constraints

Precision (m) 1E-4

Size limits (m)

upper (m) 1E-3

lower (m) 3E-4

Heat Sink (m)

Length (L) (m) 8E-3

Width (W) (m) 10E-3

Simulation Setup

Temperature (K) 298

Volumetric flow rate (ml/min) 10

Heat Flux (W/cm2) 100

Solid Phase Copper

k - conductivity (W/mK) 385

Fluid Phase Water

Genetic Algorithm

Population Size 100

Mutation Rate 1%

Elite Size 6

Generations 100

Resulting Optimized Geometry
After running the algorithm with the parameters of Table 1,

the resulting geometry is described in Figure 5. A first look at
the results reveals that the optimization algorithm ended up max-
imizing the number of channels and walls. This is a finding re-
ported in other works such as [20]. From both heat transfer and
pressure drop perspectives is better to have narrow channels than
wide ones. So this was the result expected from the model. The
running time of the whole process was close to 10 hours, so ad-
ditional mesh refinement could improve the quality of the results
without prolonging excessively the analysis. Furthermore, the
algorithm ended up maximizing the height of both the top and
base. In a multi-objective analysis this result may differ, as the



Variable [m]
Wwall 3E-4
Wchannel 3E-4
Hbase 1E-3
Hchannel 1E-3
Htop 1E-3

Figure 5. Resulting optimized geometry: Table with values
and 3D representation.

size of the structure should be minimal to implement on a real
system.

Figure 6. Temperature analysis of at the Inlet and Outlet of the
optimized geometry.

Temperature. After running the genetic algorithm, the results
from the best geometry were post processed, and the temperature
map and pressure drop were analyzed. First, regarding the tem-
perature, the post processed results can be seen in Figure 6. Here
the temperature increase in the fluid is very noticeable, but oc-
curs mainly near the walls of the channel. On the other hand
one can verify that near the entrance, where the fluid is colder,

so is the surface below, while the opposite occurs near the end.
This temperature difference has been noticed previously, as other
authors have reported on this increase [9].

Pressure drop. For this geometry, assuming a constant flow
rate, the Reynolds number was calculated to be 320. The result-
ing pressure drop was of 1273 Pa. This is a very small pressure
drop, but can be explained by the no-slip condition assumed at
the wall.

CONCLUSIONS
In conclusion, the genetic algorithm was tested, and was

proved to have potential in solving problems of this nature, pro-
viding reliable solutions. The combination of OpenFOAM and
Python allow more flexibility, while providing rather quick anal-
ysis. The optimization algorithm reached the optimum geometry
in which the size of the channel and wall are minimal, which is
the design that maximizes the number of channels. This geome-
try was reached while attempting to maximize the energy balance
between inlet and the outlet if the channel.

In this preliminary work, a simple case was studied to test
specifically the potential of the developed code. In future studies
it will be important to not only test several more parameters, and
their influence on the quality and speed of the solution, but to
test other complex geometries. For example, different shaped
channels or pins. Other additions will include multi-objective
optimization as less trivial solutions may exist.

OPEN SOURCE CODE
The code developed for this work is available in the following

GitHub repository:

github.com/PedroPontes/microchannelGA/
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