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H I G H L I G H T S

• Optimal results are based on two different multi-objective optimization algorithms.

• Performance calculation is fully based on three-dimensional numerical simulation.

• Pumping power could be reduced by 31.54% compared with the straight channel.

• Optimal cross-section shape increases both heat transfer coefficient and area.

A R T I C L E I N F O

Keywords:
Heat transfer enhancement
Heat sink
Multi-objective optimization
Multiple criteria decision making

A B S T R A C T

In the present study, an optimal laminar flow minichannel heat sink (MCHS) has been determined through three-
dimensional simulations and the multi-objective optimization algorithm. The cross-sectional shape described by
six variables is optimized by the multi-objective genetic algorithm (MOGA) and multi-objective particle swarm
optimization (MOPSO). During the optimization, the thermal resistance θ and pumping power P are two con-
flicting objectives for evaluating the performances of the MCHS. After obtaining the non-inferior solutions, the
technique for order preference by similarity to an ideal solution (TOPSIS) is applied as a decision-making method
to determine the best compromise one. Results indicate that the TOPSIS can effectively reduce the P of the Pareto
solutions without significantly increasing θ. Compared with the straight channel, the TOPSIS optimal solution
could reduce θ by 7.47% or P by 31.54%. Meanwhile, the mechanism of performance improvement is analyzed
by comparing the TOPSIS optimal solution and the straight channel with the same P. It is observed that the
optimized channel shape changes the fluid distribution by increasing the heat transfer coefficient slightly and the
heat transfer area by 12.22%, respectively.

1. Introduction

With the development of microfabrication technologies, the ap-
propriate thermal management solutions for electronic devices are in-
creasingly vital owing to the trend toward miniaturization and high
power density. Since Tuckerman et al. [1] first found that the micro-
channel heat sink (MCHS) can dissipate a heat flux at 790W cm−2,
considerable investigations and techniques, such as geometry optimi-
zation [2–4], longitudinal vortex generators [5], flow buoyancy [6],
nanofluid [7], have been conducted to improve the MCHS perfor-
mances. Samalam [2] reported the correlations for the thermal re-
sistance and obtained optimum dimensions for the channel width and
spacing based on their analytical study. Dehghan et al. [3] studied the
converging microchannel and found that the MCHS reaches the optimal
performance with the width-tapered ratio of 0.5. By employing the

finite volume method, Xie et al. [4] found that both the rectangular
channel geometry and thickness of the MCHS are critical in the flow
and thermal resistance. Jajja et al. [8] investigated five heat sinks with
different channel spacings and found that a 0.2mm channel spacing
provides the lowest bottom temperature when the heater power is
325W.

In addition to optimizing the traditional rectangular channel, re-
searchers have focused on designing novel cross-sectional shapes to
improve the performances of the MCHS. Salimpouret et al. [9] studied
the triangular, rectangular, and elliptic cross sections, and their results
showed that the triangular channel exhibits better performances than
the others when the mass flow rate is constrained. In addition, Chen
et al. [10] further studied the effect of the trapezoidal microchannel, in
which their numerical simulations indicated that the trapezoidal mi-
crochannel is superior to the rectangular, but weaker than the
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triangular. Wu et al. [11] investigated the condensation flow in an
MCHS. After comparing between the rectangular and triangular mi-
crochannels, they verified that the optimal shape of channel is vital to
the instability. Kim et al. [12] proposed a channel with variable widths
and found that the thermal resistance is 15% lower than that of the
rectangular channel.

Therefore, to improve the performances of the MCHS, a practical
method is to optimize the cross-sectional shape. However, the pumping
power typically increases as the thermal resistance reduces during the
optimization procedure [13–16]. High flow rates and pressures could be
a great challenge for drive pumps [17], implying that merely improving
the heat transfer performance is inappropriate. In addition to com-
bining the conflicting objectives above into one objective function to
evaluate the overall performance, such as the performance evaluation
criteria (PEC) [18], JF factor [19], and efficiency evaluation criterion
(EEC) [20], a more general approach is to optimize these objectives
simultaneously by multi-objective optimization techniques. For in-
stance, Normah et al. [21] optimized the rectangular and circular
MCHS by the multi-objective genetic algorithm (MOGA), where the
thermal resistance and pressure drop are two objectives to be mini-
mized. Copiello et al. [22] coupled a finite element method and the
strength Pareto evolutionary algorithm 2 to optimize the shape of the
longitudinal wavy fins for maximizing the Nusselt number and mini-
mize the flow resistance, simultaneously. Husain et al. [23] used the
MOGA to determine three optimal non-dimensional geometry variables
of a liquid flow MCHS to achieve the minimization of thermal resistance
and pumping power. Abdoli et al. [24] also applied the MOGA to
achieve three different objectives (maximization of heat transfer,
maximization of temperature uniformity, minimization of viscous dis-
sipation) by optimizing the configurations of the microchannels. Ge
et al. [25] coupled the computational fluid dynamics (CFD) software
COMSOL Multiphysics and MOGA to determine the optimal structure of
a straight MCHS, where the objective functions are the thermal re-
sistance and pumping power, respectively.

Furthermore, the reliability of the optimal solution is crucial for
future applications that depend on both optimization algorithms and
direct models for calculating the objective functions. During the opti-
mization, a conventional method to accelerate the entire process is to
use surrogate models, such as the response surface method (RSM)
[26,27], artificial neural network (ANN) [28,29], and support vector

machine (SVM) [30], instead of CFD models. Although surrogate
methods are computationally efficient, they might not yield the real
optimal solution owing to the limit of prediction from these models.
Meanwhile, with the improvement in computer performance, coupling
the CFD software and optimization algorithm has attracted increasing
attention from researchers [31–34]. This method could provide more
reliable optimal solutions for further practical applications, even
though a significant amount of work is necessary.

The motivation for this study is based on the following three as-
pects: (1) The cross-sectional shape of the MCHS is critical in the per-
formance, which requires further optimization. (2) By combining the
multi-objective algorithm and the decision-making approach, it is
possible to design an optimal MCHS with high overall performance
more generally. (3) In the optimization procedure, the performance
calculation fully based on CFD models is more accurate and reliable. In
this study, the shape of the minichannel is optimized by applying the
multi-objective optimization algorithm to achieve two different objec-
tives, i.e., minimization of thermal resistance (θ) and pumping power
(P). In the optimization procedure, the performance calculation is en-
tirely based on CFD models, where the commercial software, COMSOL
Multiphysics is employed to solve the problem above. Subsequently,
two different optimization algorithms, the MOGA [35] and multi-ob-
jective particle swarm optimization (MOPSO) [36], are coupled with
the CFD software to provide reliable non-inferior solutions called the
Pareto front. Furthermore, a decision-making technique, technique for
order preference by similarity to an ideal solution (TOPSIS) [37–39] is
applied to select the best compromise one from the optimal solutions.

2. Problem description

Fig. 1 shows a copper MCHS with a top lid. The heat is supplied
from the bottom, which has dimensions W× L of 20mm×20mm, and
subsequently transferred into 20 minichannels of channel height
Hc= 2mm. Meanwhile, the laminar cooling water flows through
minichannels at Tin = 300 K with uniform inlet velocity and subse-
quently removes the heat conducted through the solid. The bottom
thickness of the MCHS Hb is set at 1mm, and the channel wall thickness
varies along the z-direction. As the top lid is made of glass, its thickness
is not included in the further computational domain and is regarded as
the adiabatic wall.

Nomenclature

A area or alternative
c relative closeness
cp specific heat
d hydraulic diameter
H height
h heat transfer coefficient
J objective function
L channel length
l wetted perimeter
N coordinate of the node
P pumping power
p pressure
Δp pressure drop
Q heat transfer rate
q heat flux
Re Reynolds number, ρfuinDh/μf
s design variable
T temperature
u flow velocity
V ̇ volumetric flow rate
W width

w weighting factor
x, y, z orthogonal coordinate system

Greek symbols

θ thermal resistance
λ thermal conductivity
μ dynamic viscosity
ρ fluid density

Superscripts

b bottom
c channel
f fluid
in inlet
max maximum
out outlet
s solid
straight straight channel
TOPSIS TOPSIS optimal solution
w wall
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The front view of the computational domain and the boundary
conditions are described in Fig. 2. The profile of the minichannels is
determined by six nodes using the interpolation method, while the re-
lative coordinates can be calculated by

= + = …N s i i( , 0.4 0.6), 1, 2, ,6.i i (1)

where Ni is the coordinate of the node, si is the design variable to be
optimized.

In the present study, all the interior walls are under the non-slip
condition, while the left and right boundaries of the computational
domain are set to be symmetric boundary conditions to save compu-
tation time. Meanwhile, in the three-dimensional numerical simulation,
some assumptions are as follows:

(1) The water flow is incompressible and in steady state.
(2) The water and copper exhibit constant thermos-physical properties.
(3) The heat flux supplied from the bottom is uniform with

q=100W cm−2.
(4) The influence of gravity is negligible.

Therefore, the relevant governing equations can be expressed as
Eqs. (2)–(5) based on the assumptions above.

Continuity equation:

∇
→

=V· 0 (2)

Momentum equation:

→
∇

→
= −∇ + ∇ ∇

→
ρ V V p μ V( · ) ·( )f f (3)

Energy equation for the liquid:

→
∇ = ∇ρ c V T λ T( · )f p,f f

2 (4)

Energy equation for the solid:

∇ =λ T 0s
2 (5)

Fluid domain at x=0:

= = = =u u v w T T, 0,in in (6)

Fluid domain at x= L:
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∂
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∂
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p p0, out (7)

at z=0mm:

−
∂

∂
=λ T

z
qs (8)

at z=3mm:

∂

∂
=

T
z

0
(9)

where the outlet pressure pout is 0 Pa. The equations above are solved
using COMSOL Multiphysics, where the corresponding thermos-phy-
sical properties are listed in Table 1. In this study, the direct solver

PARDISO is employed to obtain the solution, while the convergence
criteria for the velocity, pressure, and temperature are 10−3, 10−3, and
10−5, respectively. In one case, the simulation is calculated with ap-
proximately 200,000 degrees-of-freedom, and requires approximately
3min to finish the simulation on a Linux node with two 6-core CPUs.
Furthermore, MOGA and MOPSO are assigned the same population size
of 80 and iteration number of 80, implying that 6400 simulation cases
are calculated and nearly 300 h are necessary in each multi-objective
optimization procedure.

3. Optimization procedure

3.1. Multi-objective optimization algorithm

Multi-objective optimization is an approach for optimizing multiple
conflicting objective functions. Unlike combining these objective
functions into a composite one representing the comprehensive per-
formance, the multi-objective optimization technique optimizes these
objective functions simultaneously. Hence, multi-objective optimiza-
tion is a more generalized approach, and the result is also not a specific
solution but a series of non-inferior solutions (Pareto solutions).

In this study, two different multi-objective optimization algorithms,
the MOGA and MOPSO, are employed to provide reliable Pareto solu-
tions. Based on the genetic algorithm, the MOGA is also a multi-ob-
jective evolutionary algorithm, implying that competition exists in the
individuals (i.e., solutions) and the next generation is generated ac-
cording to the fitness values (i.e., objective function values). As the
evolution process continues, the solutions continue optimizing until the
minimum criteria or maximum generation number are satisfied.
Meanwhile, Coello et al. [36] proposed MOPSO, where the Pareto en-
velope and grid-making technique are applied to solve the multi-ob-
jective problem. Similar to PSO, the movements of particles (like in-
dividuals in the GA) are guided by the global best particle and their own
personal (local) best memory. Therefore, the swarm can be expected to
move gradually toward the optimal result.

3.2. Objective functions

Because the purpose of present study is to determine the best shape
of a minichannel that minimizes the thermal resistance and pumping
power simultaneously, two conflicting objective functions can be de-
fined as follows:

Fig. 1. Schematic of an MCHS with a top lid.

Fig. 2. Computational domain (front view).
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= =J θ J P,1 2 (10)

where θ is the thermal resistance, and P is the pumping power.
Furthermore, θ is expressed as

=
−

× ×
θ T T

q W L
max in

(11)

where Tmax is the maximum temperature at the base.
Meanwhile, P can be calculated from

= ×P V ṗ Δ (12)

where V ̇ is the volumetric flow rate of the water flow, while Δp is the
pressure drop along the channel, respectively.

As mentioned above, the flow resistance and thermal resistance of
the MCHS will be simultaneously optimized by the multi-objective
optimization algorithm. Therefore, both the J1 and J2 will continue
decreasing until the minimum values are reached as the iteration con-
tinues.

3.3. TOPSIS selection

Selecting the best solution from the alternatives is vital for in-
dustrial applications. In the multi-objective problem, however, we
cannot simply select the best solution according to only their fitness
values as the rank for each Pareto solution is the same. Therefore, we
applied a practical and classical decision-making approach, TOPSIS
[37–39], to select the best compromise solution. The primary principle
of TOPSIS is that the best compromise solution should have the shortest
distance from the positive ideal one (i.e., virtual solution with the
lowest P and θ) and the longest distance from the negative ideal one
(i.e., virtual solution with the highest P and θ). The entire process is
described below:

(1). Create a matrix (xij)m×n with m solutions and n objective
functions.

(2). Normalize the initial matrix by

=
∑ =

t
x

x
ij

ij

i
m

ij1
2

(13)

(3). Set a weighting factor wj and subsequently weigh the normal-
ized matrix above by

= ×a w tij j ij (14)

(4). Set the positive/negative ideal solution A+/A−:

=+A a a a a a a(min[ , ... ], min[ , ... ], ..., min[ , ... ])m m n mn11 1 12 2 1 (15)

=−A a a a a a a(max[ , ... ], max[ , ... ], ..., max[ , ... ])m m n mn11 1 12 2 1 (16)

(5). Compute the distance from the alternative to positive/negative
ideal solution:

∑= −+

=

+d a A( )i
j

n

ij j
1

2

(17)

∑= −−

=

−d a A( )i
j

n

ij j
1

2

(18)

(6). Compute the relative closeness ci by

=
+

−

+ −c
d

d di
i

i i (19)

(7). Rank the alternatives, while the best compromise one is

= ∈A A cmax( )ibest (20)

3.4. Optimization procedure

In this study, the range of design variables si is from 0.105 to 0.395,
and the initial values are 0.25. To save the computing resources and
emphasize the effect of the optimal channel profile, the number of
minichannel and the volumetric flow rate V ̇ are fixed, where the values
referred to Xie’s work [4]. The above constraint could be depicted
below:

× × =20 A u constantin in (21)

where Ain is the inlet area, uin is the inlet velocity, respectively. Besides,
V ̇ =2×10−5 m3 s−1 since the initial uin = 1m s−1.

According to Eq. (21), after obtaining the inlet area by the in-
tegration method, the inlet velocity can be further calculated. The en-
tire optimization procedure is illustrated in Fig. 3, where the corre-
sponding operation parameters of the present MOGA and MOPSO are
listed in Table 2. For the MOGA, the crossover fraction reflects the
probability of the new individual formed by crossover (e.g., combines
two individuals, or parents, to form a new individual), while the mi-
gration rate reflects the individual movements between subpopulations.

Table 1
Thermo-physical properties of corresponding materials.

cp, f (J kg−1 K−1) μf (N s m−2) ρf (kg m−3) λf (W m−1 K−1) λs (W m−1 K−1)

Value 4.174×103 6.533× 10−4 9.922× 102 6.35× 10−1 3.98×102

Fig 3. Flowchart of the entire multi-objective optimization.
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Other parameters of the genetic algorithm, such as the mutation rate
(e.g., a random change that forms a new individual), are used as default
values. For MOPSO, the repository size reflects the number of best so-
lutions (e.g., Pareto solutions).

In addition, in the present study, once the meshing method (i.e., the
number of grids on the edge, and the topology of the grid) is de-
termined, all the cases will be re-meshed automatically according to the
method by COMSOL Multiphysics.

4. Results

4.1. Validation

First, the grid independence test is conducted to ensure that the grid
system is sufficiently accurate for further simulations. In COMSOL
Multiphysics, the consumption of computing resources is strongly re-
lated to the number of degrees-of-freedom (DOF). As shown in Table 3,

the sensitivity test is conducted with different DOF (86,893, 181,195,
and 347,680, respectively). We found that θ increases by 0.55% and P
increases by 1.83% when the DOF varies from 181,195 to 347,680.
Therefore, the second grid system is determined as the optimum one in
the present study considering the balance between accuracy and com-
putation time. The specific grid systems of the simulation sample are
shown in Fig. 4, where a hexahedron grid is applied in the entire region.
In addition, the local grid of the fluid region is finer than that of the
solid region. The ratios of the maximum size to minimum size in the
fluid domain are two (y-direction, total mesh number of 25), four (z-
direction, total mesh number of 40), and four (x-direction total mesh
number of 40), while the grid numbers of bottom wall are 33 (y-di-
rection) and 10 (z-direction, grid ratio= 2).

Furthermore, the simulation accuracy is compared with the pre-
vious work [4] and the result is listed in Table 4. The comparison shows
a satisfactory agreement with the maximum difference of 8.11%.
Therefore, the numerical models in this study are valid for the next
optimization.

4.2. Pareto front

Fig. 5 illustrates the comparison of two Pareto fronts obtained using
different multi-objective optimization algorithms. It can be found that
the Pareto front obtained by the MOGA almost coincides with that of
MOPSO when J1 is from 0.065 K W−1 to 0.110 KW−1, indicating that
both the solutions optimized by the MOGA or MOPSO are non-inferior
solutions; thereby, the two algorithms are validated. However, it is
obvious that the range of objective functions using the MOGA is
smaller, implying that the Pareto front using MOPSO can provide more
optimal alternatives for future applications. In addition, the optimal
design variables of solution 1 and 50 are [0.202, 0.105, 0.105, 0.105,
0.105, 0.105] and [0.395, 0.395, 0.395, 0.395, 0.395, 0.395], respec-
tively, and are close to the up and down boundaries of the searching
interval, respectively. The results above show that MOPSO exhibits
superior global optimization ability without reducing the precision in
the present study. Therefore, the optimal solutions for the subsequent
study are chosen from MOPSO, while the optimal θ is varied from
0.05935 KW−1 to 0.11905 KW−1 and the optimal P is varied from
0.21063W to 0.00834W.

Moreover, other information including the inlet velocity uin, hy-
draulic diameter d, and Reynolds number Re, is illustrated in Fig. 6.
After obtaining the inlet area Ain and the wetted perimeter of the cross-
section l using the integration method in COMSOL, d can be calculated
by

Table 2
Primary parameters of MOGA and MOPSO.

MOGA Population size 80
Generation 80
Pareto fraction 0.7
Crossover fraction 0.8
Migration rate 0.2
Mutation rate 0.01

MOPSO Population size 80
Repository size 50
Iteration 80
Mutation rate 0.1

Table 3
Grid independence test with si=0.25mm.

Degrees-of-freedom θ (K W−1) %Error P (W) %Error

Grid 1 86,893 0.09001 1.14 0.02437 3.45
Grid 2 181,195 0.09105 0.55 0.02524 1.83
Grid 3 347,680 0.09155 – 0.02571 –

Fig. 4. Grid systems for calculation cases (s1= s6= 0.2, s2= s5= 0.3,
s3= s4= 0.35).

Table 4
Comparisons of Δp and θ with Xie’s work [4].

Present study Xie et al. Error

Δp 1261.9 Pa 1223.8 Pa 3.11%
θ 0.09105 KW−1 0.09908 KW−1 8.11%

Fig. 5. Distribution of Pareto fronts.
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=d A
l

4 in
(22)

As shown in Fig. 6, the optimal uin changes from 2.16m s−1 to
0.63m s−1, and the optimal d changes from 0.38mm to 1.14mm. Be-
cause the trend of uin is opposite to that of d when the pumping power
continues decreasing along the Pareto front, Re fluctuates by approxi-
mately 1200 since it is calculated according to both the uin and d.
Furthermore, we found that all the values of Re are less than 2100,

Fig. 6. Variation of inlet velocity uin, hydraulic diameter d, and Reynolds number Re.

Fig. 7. Performance comparison between Pareto solutions and straight chan-
nels, where red area is the fluid region.

Fig. 8. Variation in relative closeness along the Pareto front.

Table 5
Parameters of the TOPSIS optimal solution.

s1 s2 s3 s4 s5 s6 θ (K W−1) P (W)

0.307 0.239 0.112 0.273 0.395 0.105 0.0842 0.0254

Fig. 9. Performances of solutions under different selection criteria.

Table 6
Performance comparison between the TOPSIS optimal and two straight chan-
nels.

Channel Width
(mm)

θ (K W−1) Variation P (W) Variation

With same θ 0.428 0.0842 – 0.0371 +46.06%
With same P 0.499 0.0910 +8.08% 0.0254 –

Y. Ge et al. Applied Thermal Engineering 148 (2019) 120–128
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implying that the laminar model is suitable even though the geometry
continues changing in present work.

Next, the performances of the optimal solutions are compared with
those of different straight channels with the channel widths varying
from 0.21mm to 0.79mm at intervals of 0.02mm. As shown in Fig. 7,
the Pareto front is on the lower left side of the performance curve of the
straight channels. Therefore, it can be inferred that an optimal cross-
sectional shape with better performance will always be obtained when
compared with the straight channel under the same condition (same θ
or P). In other words, the solutions of the straight channels are domi-
nated by those of the present optimal channels.

4.3. Selection and comparison

As mentioned previously, selecting the best solution is essential for
industrial applications. However, we cannot merely choose the best one
from the Pareto solutions shown in Fig. 5 according to their fitness
values because they are non-dominated. Nevertheless, we found that
the further reduction in the objective functions is much more difficult at
each end of the Pareto front, implying that a solution with the best
compromise performance between endpoints should exist. In the pre-
sent study, the solution above is determined by the TOPSIS described in
Section 3.2, where two objectives have equal relative importance (ac-
cording to Ref. [39], weighting factor w1=w2= 0.5). Fig. 8 illustrates
the detailed ranking results according to the corresponding equations.
We found that the solutions at the endpoints of the Pareto front contain
lower ranking scores, which means merely improving a particular
performance will lead to a decline in the overall performance. Ac-
cording to the ranking score, solution 33 is selected as the best com-
promise solution with c=0.8475, while the corresponding parameters
are listed in Table 5.

Furthermore, Fig. 9 reveals the effect of the TOPSIS by comparing
the performances of three optimal solutions selected from the Pareto
front and the initial straight channel. Solutions 1 and 50 represent the
optimal MCHS with the minimum thermal resistance and minimum
pumping power, respectively. Compared with solution 1, the P of the
optimal solution selected by the TOPSIS can be reduced by 89.36% with
an increase of 41.04% in θ. Even though P can be further reduced by
96.46% for solution 50, θ will increase by 100.10% compared with
solution 1. Hence, the TOPSIS is an effective method for lowering the
pumping power of the Pareto solutions without increasing the thermal
resistance significantly.

For the convenience of direct performance comparison, we obtained

Fig. 10. Comparison of the velocity field. (a) straight channel with the same P, (b) TOPSIS optimal solution, (c) cross-section of straight channel at x=16mm, (d)
cross-section of TOPSIS optimal solution at x=16mm.

Fig. 11. Comparison of wall temperature along the z-direction.

Fig. 12. Comparison of bottom temperature along the x-direction.
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the straight channel with the same θ of the TOPSIS optimal solution and
the one with the same P by a trial-and-error method. Table 6 shows the
comparison results between the two straight channels above and the
TOPSIS optimal solution. As mentioned previously, the TOPSIS optimal
solution is superior to the two straight channels above. If the straight
channel achieves the same θ with the TOPSIS optimal, the pumping
power P has to increase by 46.06%, which may cause significant
challenges to drive pumps.

To ascertain the reason for the performance enhancement, it is ne-
cessary to analyze the structure of the flow field. The comparison in
velocity field between the TOPSIS optimal solution and the straight
channel with the same P is illustrated in Fig. 10. We found that the
optimized flow field is divided into two high-speed regions by the al-
tered channel shape. Hence, the heat transfer performance at the
channel wall is divided into several sections along with the altered
velocity field. Meanwhile, we found that the channel width at z=3mm
(at the top lid) reaches the lower boundary of the design variable, as
reducing the contact area on the adiabatic wall is favorable for mini-
mizing the size of the flow dead zone and improving the heat transfer
performance. In addition, the maximum velocity in the channel in-
creases from 1.638m s−1 to 1.769m s−1, which positively affects heat
transfer enhancement.

The wall temperature distribution along the channel height clearly
reflects the effects of the altered flow structure, which is illustrated in
Fig. 11. Tw, straight represents the average temperature at the channel
wall for the straight channel, while Tw, TOPSIS represents that for the
TOPSIS optimal solution. We found that Tw, straight slowly decreases
along the z-direction, while the variation in Tw, TOPSIS is not as regular
as that of Tw, straight. Compared with Fig. 10, a conclusion can be drawn
in that the low-speed region deteriorates the local heat transfer per-
formance, thus further influencing the temperature of the channel wall
at approximately z=2mm. Besides, Tw, TOPSIS is always lower than Tw,

straight at 1.96 K to 2.85 K.
The temperature distribution of the bottom surface is shown in

Fig. 12. Since the water flow is continuously heated by the heat source,
the bottom surface temperature continues increasing along the x-di-
rection. However, for the TOPSIS optimal solution, Tbottom, TOPSIS is
0.42 K to 2.69 K lower than Tbottom, straight. Considering that the two
bottom surfaces are assigned the same heat flux boundary condition,
the facts above could provide further evidence of the performance
improvement.

Furthermore, the detailed performance comparisons are listed in
Table 7. Because the two heat sinks have the same V ̇ and P, the inlet
velocity uin and pressure drop Δp are determined by the inlet area and
they change accordingly. Consequently, Δp is theoretically unchanged
and the calculation error could be neglected in the present study.

Meanwhile, the convective heat transfer coefficient h is calculated
by

=
−

h Q
A T T( )w f (23)

where Q is the heat transfer rate on the bottom, A is the convective heat
transfer area, Tw is the average wall temperature, and Tf is the average

fluid temperature, which can be calculated by

= +T T T1
2

( )f out in (24)

− =ρ u Ac T T Q( )f in p, f out in (25)

After the optimization, it is found that h has a slight increase when the
pumping power is under the same condition. Meanwhile, the total
convective heat transfer area increases by 12.22% owing to the optimal
channel shape. Hence, the heat transfer performance of the MCHS is
enhanced, which further affects the temperature distribution. Both the
average and maximum temperatures of the optimal MCHS are lower
than those of the straight channel. The results above provide further
evidence that the initial flow field can be optimized for a higher heat
transfer performance without requiring additional pumping power.

5. Conclusions

Instead of employing surrogate models with the limit of prediction,
the present study fully coupled three-dimensional (3-D) numerical si-
mulations and the multi-objective optimization technique to optimize
the cross-sectional shape of an MCHS, where the minimization of
pumping power P and thermal resistance θ was the objective in the
optimization procedure. Two different algorithms, the MOGA and
MOPSO, were employed to provide reliable Pareto solutions.
Furthermore, TOPSIS was used to select the best compromise one after
a ranking process. The primary conclusions can be drawn as follows:

(1) Both the MOGA and MOPSO could provide non-inferior solutions,
but MOPSO exhibited superior global optimization ability in the
present study. After the optimization, θ varied from 0.05935 KW−1

to 0.11905 KW−1 and P varied from 0.21063W to 0.00834W.
(2) Although the structure continued changing in the optimization

procedure, the laminar model was valid because Re was always less
than 2100. Meanwhile, uin continued increasing with P increasing
along the Pareto front, while the trend of d was opposite to that of
uin.

(3) Compared with the TOPSIS optimal solution, the straight channel
had to increase P by 46.06% to achieve the same θ, or θ by 8.08% to
achieve the same P. Therefore, an optimal MCHS with high overall
performance could be obtained by the proposed optimization
method.

(4) The comparison between the TOPSIS optimal solution and the
straight channel with the same P indicated that the optimized
channel shape changed the fluid distribution and increased the
maximum velocity in the channel from 1.638m s−1 to 1.769m s−1,
thus further increasing the convective heat transfer coefficient by
0.9%, and convective heat transfer area by 12.22%, respectively. As
a result, an MCHS with a lower θ was achieved.

(5) Because the optimal structure was obtained by the numerical
method, the results need to be further verified experimentally,
where the optimal layout could be achieved by 3-D printing.

Table 7
Detailed performance comparison between the TOPSIS optimal and the straight channel with the same P.

Straight channel TOPSIS optimal

Inlet velocity 1.002m s−1 0.964m s−1

Inlet area 1.996× 10−5 m2 2.075× 10−5 m2

Pressure drop 1268 Pa 1270 Pa
Average temperature of inner wall 321.72 K 319.44 K
Average temperature of bottom surface 326.97 K 325.10 K
Maximum temperature of bottom surface 336.38 K 333.69 K
Total convective heat transfer area 1.80× 10−3 m2 2.02× 10−3 m2

Convective heat transfer coefficient 1.134× 104 W m−2 K−1 1.144× 104 W m−2 K−1
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