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Abstract
This paper proposes a novel approach for fluid topology optimization using genetic algorithm. In this study, the enhancement 
of mixing in the passive micromixers is considered. The efficient mixing is achieved by the grooves attached on the bottom 
of the microchannel and the optimal configuration of grooves is investigated. The grooves are represented based on the graph 
theory. The mixing performance is analyzed by a CFD solver and the exploration by genetic algorithm is assisted by the 
Kriging model to reduce the computational cost. The characteristics of the convex and the concave grooves are compared. 
To balance the global exploration and the reasonable computational cost, this paper investigates three cases with the convex 
grooves subject to constraint that differs in handling of design variables. In each case, genetic algorithm finds several local 
optima since the objective function is a multi-modal function, and these optima reveal the specific characteristic for efficient 
mixing. Moreover, this paper optimizes the micromixer with the concave grooves and reveals the different properties of the 
mixing. Finally, to guarantee the obtained solutions competitive, the sensitivity analysis is performed to the best solution 
in each case.

Keywords Passive micromixer · Topology optimization · Sizing optimization · Computational fluid dynamics · Genetic 
algorithm · Kriging model

Abbreviations
CFD  Computational Fluid Dynamics
EGO  Efficient Global Optimization
NSGA-II  Non-dominated Sorting Genetic Algorithm II
SGM  Slanted Groove Mixer
SHM  Staggered Herringbone Mixer
SIMPLE  Semi-Implicit Method for Pressure-Linked 

Equation
STL  Standard Tessellation Language
MEGG3D  Mixed-Element Grid Generator in 3 

Dimensions

List of symbols
aij  An element of the adjacency matrix
c  Concentration
D  Diffusion coefficient

d  Groove depth (used in Cases 1–3)
E  A set of undirected edges
E[I(x)]  Expectation of I(x)
h  Height of main channel
hg  Groove height (used in Case 4)
l  Length of main channel
la  Length between inlet and design domain
lcycle  Length of one cycle
Pe  Péclet number
p  Fluid pressure
Re  Reynolds number
s2(x)  Mean square error at point x on the Kriging 

model
t  Time
u  Fluid velocity
v  Kinetic viscosity
V  A finite and nonempty set of vertices
w  Width of main channel
wg  Width of groove
y  Objective function
ŷ  Objective function estimated by the Kriging 

model
∇  Gradient operator
ρ  Density
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σ  Standard deviation of concentration at the 
outlet

Φ(y)  Probability density function denoted by N 
[ ̂y(x) , s2(x)]

1 Introduction

Microfluidic devices such as microchannels, microreac-
tors, and micromixers have attracted wide attention from 
industry and academia. Because of their advantages such as 
small amounts of sample and reagent, less time consump-
tion, low cost and high throughput, their usage is expected 
to be expanded in the fields of micro total analysis systems 
(µTAS) and lab-on-a-chip systems (Nguyen and Wu 2005; 
Hessel et al. 2005). Among the microfluidic devices, the effi-
cient liquid–liquid mixing of micromixers plays an impor-
tant role in various fields such as chemical synthesis, drug 
delivery, and life science. Due to the small dimensions of 
micromixers, flow in microchannel is generally laminar flow 
and the mixing is dominated by molecular diffusion. Since 
the molecular diffusion is a very slow process, micromix-
ers depending on molecular diffusion solely require long 
channel length and are not efficient to complete mixing rap-
idly. Therefore, micromixers need another way to enhance 
mixing.

Micromixers can be classified into two types based on 
their mechanisms to enhance mixing; active and passive 
mixers. Active micromixers perturb the flow by external 
sources including ultrasonic vibration (Yang et al. 2000), 
acoustic (Zhu and Kim 1998) and bubble-induced vibrations 
(Liu et al. 2002). Although active micromixers can improve 
mixing efficiency, most of them are complex to fabricate and 
operate (Deng et al. 2014; Wang et al. 2003). On the other 
hand, passive micromixers do not require an external actua-
tor and they enhance mixing by changing their geometries 
to generate convection. Then, the interface between fluids 
is stretched and folded, and efficient mixing is achieved. 
Several types of passive micromixers have been studied to 
date. Liu et al. (2000) proposed a three-dimensional serpen-
tine micromixer and experimentally showed it is capable of 
improving the mixing. Buchegger et al. (2011) developed a 
micromixer which laminated different fluids and achieved 
very fast and uniform mixing. Zhang et al. (2011) proposed 
and investigated a planar zigzag microchannel with different 
flow rates. Their goal is to increase the contact surface area 
of fluids to enhance mixing. Another simple method for effi-
cient mixing is to attach obstacles on the micromixer. Wang 
et al. (2002) proposed a Y-micromixer equipped with sev-
eral round obstacles and compared the mixing efficiency and 
pressure drop through numerical simulation by changing the 
number and the layout of the obstacles. Alam et al. (2014) 
extended the strategy to compare the mixing performance 

with different obstruction shapes (e.g., diamond and hex-
agonal). Hsiao et al. (2014) and Borgohain et al. (2018) 
investigated a microchannel with winglet pairs and they con-
firmed that mixing is enhanced by the longitudinal vortices 
generated after the winglet pairs. Stroock et al. (2002a, b) 
developed a novel type of T-shaped micromixer with pat-
terned grooves on the bottom of the channel, which is well 
known and called the staggered herringbone mixer (SHM) 
and the slanted groove mixer (SGM). The property of SHM 
is widely studied by both experiment (Williams et al. 2008) 
and simulation (Yang et al. 2005; Lynn and Dandy 2007; 
Kang et al. 2008; Liu et al. 2004).

Most of the numerical studies focus on clarifying the flow 
field generated by SHM, and it is still a minor study to opti-
mize SHM. Ansari and Kim (2007a, b) and Cortes-Quiroz 
et al. (2009, 2010) conducted shape optimization of SHM. 
Both of them employed surrogate models to approximate 
the objective functions and successfully found the optimal 
micromixer. For the sake of simplicity, their optimization 
simplified the model by unifying the geometries such as 
width, length, and mounting angle of each groove. Moreo-
ver, the number of grooves on the channel was fixed during 
the optimization. In other words, the topology of the chan-
nel was fixed and the topological influence has not been 
investigated yet.

Topology optimization is the most flexible structural 
optimization method, which can modify connectivity of an 
object independently of its predefined topology in contrast 
to sizing and shape optimization that keep their topology 
during the optimization. Topology optimization has been 
applied to a variety of engineering optimization problems 
(Bendsøe and Sigmund 2004; Sigmund and Maute 2013; 
Deaton and Grandhi 2014). Although the topology optimiza-
tion methods for structural design have matured in the past 
few decades, the application to flow problems is still limited 
due to the non-linearity of the governing equations. The first 
application to flow problems was relatively late among the 
applications of topology optimization. It was performed for 
the Stokes flow by Borrvall and Petersson (2003). Since 
then, several types of fluid topology optimization methods 
have been proposed; slow incompressible flows and slightly 
compressible flow with low to moderate Reynolds number 
(Evgrafov 2006; Gersborg-Hansen et al. 2005; Guest and 
Prévost 2006). However, most studies in the literature aim 
to minimize power dissipation of flow channels. Recently, 
a few other papers considering interesting and useful fluid 
problems have been published. Kondoh and his colleagues 
proposed a topology optimization problem to minimize the 
drag force and to maximize the lift force of an object put in 
a flow field (Kondoh et al. 2012). Besides, Lin et al. (2015) 
conducted fluid topology optimization of fluid diodes. They 
maximized the diodicity which is defined as the ratio of 
pressure drop of reverse flow and forward flow.
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Topology optimization often contains a large design 
space due to a high degree of freedom for shape and topol-
ogy representation (i.e., the number of design variables is 
often equal to the number of elements in the finite element 
mesh) (Guest and Smith Genut 2010). Thus, conventional 
topology optimization generally has employed the gradient-
based method according to the sensitivity of an objective 
function to explore the optimal solution and has been devel-
oped based on this approach. However, the gradient-based 
method tends to get stuck to poor local optima rather than 
the global optimum (Sigmund and Petersson 1998; Kamina-
kis and Stavroulakis 2012; Ortmann and Schumacher 2013). 
On the other hand, Evolutionary Algorithm (EA) such as 
Genetic Algorithm (GA) is one of the metaheuristic opti-
mization methods which are more possible to explore the 
global optimum. However, GA requires numerous function 
evaluations to realize population-based multipoint simulta-
neous exploration. Thus, GA is not efficient to solve the opti-
mization problems with expensive calculations and requires 
impractical computational cost (i.e., large population and 
many generations) to obtain competitive solutions. In this 
case, surrogate models are effective to reduce computational 
cost required for function evaluation. This model approxi-
mates the response of each objective or constraint function 
to design variables in an algebraic expression. The model is 
derived from several sample points with real values of the 
objective or constraint function given by expensive numeri-
cal simulations. Thus, it can promptly give estimates of 
function values at arbitrary design variable values.

Topology optimization of micromixers has been con-
ducted by Andreasen et al. (2009) and Deng et al. (2012) 
using the gradient-based method and they showed the opti-
mal micromixers with grooves, which were quite similar 
to SHM and SGM. Their optima seem plausible but there 
is still a potential to find better local optima since they 
employed a gradient-based method despite several studies 
(Wang et al. 2002; Cortes-Quiroz et al. 2009), reporting that 
the mixing efficiency is a multi-modal (quite non-convex) 
function. As mentioned above, since the gradient-based 
method tends to get stuck to local optima particularly in 
non-convex optimization problems, a metaheuristic method 
such as GA is required to be employed to explore the whole 
objective space.

This study aims to propose a topology optimization 
method for passive micromixer using genetic algorithm. As 
reported in the previous studies (Yang et al. 2005; Lynn and 
Dandy 2007), the asymmetrical structures of the grooves on 
the channel bottom such as slanted grooves play a significant 
role to enhance mixing. Thus, this study proposes a novel 
method to represent grooves using a graph theory. Then, 
we consider two types of grooves attached on the bottom of 
the channel to the outer side (hereinafter called the convex 
grooves) or to the inner side (hereinafter called the concave 

grooves). Since GA is a population-based exploration 
method, the population must cover the search space entirely. 
Thus, we consider three optimization cases which differ in 
handling the grooves for the convex groove problem at first. 
Then, based on the knowledge extracted from three cases of 
the convex groove problem, the concave groove problem is 
implemented. Finally, the obtained optima in each case are 
investigated to understand comprehensive characteristics of 
grooves for mixing.

The rest of the paper is organized as follows. In Sect. 2, 
we introduce numerical methods including groove represen-
tation method using the graph theory, computational fluid 
dynamics (CFD) method and optimization methods such as 
GA and the Kriging surrogate model. Section 3 presents the 
definition of the objective function to quantify the mixing 
performance and four optimization problems; three convex 
groove problems and one concave groove problem. Section 4 
presents the results and discussions of each case. In Sect. 4, 
we also perform a sensitivity analysis of selected important 
variables on the best solutions found by GA in each case 
to validate they are competitive local optima and to take 
a closer look at their relation to the mixing performance. 
Finally, concluding remarks are given in Sect. 5.

2  Numerical methodologies

2.1  Graph theoretical representation

The authors have proposed a topology optimization method 
using a surrogate-assisted genetic algorithm for single and 
multi-objective optimization of two-dimensional heatsinks 
(Yoshimura et al. 2017a). In Yoshimura et al. (2017a), the 
flow channel was represented by the level-set function inter-
polated by several scattered control points in the design 
domain. We defined the level-set function as the implicit 
function obtained by solving a partial differential equation 
in the entire design domain.

In the present study, the representation method should 
be capable of inserting or removing the grooves on the 
design domain with relatively a small number of design 
variables. Since a groove is put as a cuboid on the design 
domain, the top and the bottom of the groove can be 
regarded as the superposition of the step-function, which 
is a discontinuous function. Thus, it might be difficult 
to employ the interpolation-based representation meth-
ods which assume the material distribution following an 
implicit function, which is usually a continuous function, 
and are often used in non-gradient-based topology opti-
mization (Guirguis et al. 2015; Yoshimura et al. 2017a). 
Hence, this study proposes a novel representation method 
for fluid problem inspired by the graph theory. In the 
context of topology optimization, the graph-theoretical 
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representation is often applied in truss structures to repre-
sent the structure with a small number of design variables 
to the extent that genetic algorithm can handle (Kaveh and 
Kalatjari 2003; Lyu and Saitou 2005; Tang et al. 2005; 
Giger and Ermanni 2006, Su et al. 2011). In the truss 
structures, each bar element is represented as an edge of 
the graph.

This study represents a graph G (V, E), where V is a 
finite and nonempty set of vertices, and E is a set of undi-
rected edges denoted by the adjacency matrix A, where 
the element in the i-th row and the j-th column is denoted 
as aij. Here, aij = 1 if the i-th vertex is adjacent to the j-th 
vertex, otherwise aij = 0. In this study, a graph consist-
ing of 3 × 3 = 9 vertices is considered. Figure 1 shows an 
example of the graph and the corresponding grooves on 
the micromixer expressed by the following equation: 

The design variables correspond to each element of the 
adjacency matrix A = aij (1 ≤ i < j ≤ 9) and dimensions 
of the grooves (stated in Sect. 3 in more details).

2.2  Surface data generation

To generate mesh for numerical simulation, we need to 
construct an STL file consisting of a list of triangular facet 
data in each case. Since an object to be optimized changes 

(1)V = {v1, v2, v3, v4, v5, v6, v7, v8, v9},

E = {(v1, v5), (v3, v5), (v4, v8), (v6, v8)}.

topologically during the optimization, the STL file should 
be constructed automatically, efficiently, and precisely. 
This study employs the Delaunay triangulation (Chew 
1989). Delaunay triangulation is the most popular and well-
studied method for automatic mesh generation of complex 
domains. Although the two-dimensional Delaunay triangu-
lation method is matured, the three-dimensional Delaunay 
triangulation still has several difficulties. One of the most 
significant drawbacks of the original Delaunay triangula-
tion is convexity (i.e., the surface with non-convex region 
cannot be represented by the original triangulation) as illus-
trated in Fig. 2 (left). To solve this issue and recover the 
true boundary, several methods are developed such as the 
introduction of Steiner points (Liu et al. 2014) and node 
insertion (George et al. 1991). Although these methods show 
a promising effect in boundary recovery, they need the true 
boundary data a priori, which is not available in the present 
study. Thus, this study develops a simpler boundary recovery 
method to construct hundreds of different STL files quickly 
without conducting additional steps which require inserting 
additional points or moving existing points.

Since the present modified Delaunay triangulation is an 
ad hoc method specialized in the current problem, we do 
not describe the method in detail (see our preliminary work 
(Yoshimura et al. 2017b) if necessary). The essence of the 
modified Delaunay triangulation is to introduce a unique 
number to each node. Based on these numbers, we can dis-
tinguish whether a tetrahedron is inside or outside of the 
true wall boundary.

2.3  CFD methodology

In this study, the mixture model provided by the commercial 
finite volume CFD package ANSYS Fluent17.2 is used to 
simulate flow fields and to analyze mixing of the micro-
mixer. The governing equations are the continuity equation, 
the Navier–Stokes equations, and the convection–diffusion 
equation given as follows:

(2)∇ ⋅ u = 0,

(3)
�u

�t
+ (u ⋅ ∇)u = −

1

�
∇p + �∇2u,

Fig. 1  A graph (left) and the corresponding grooves on the bottom 
of a micromixer (right). For sake of visibility, the right figure is dis-
played upside down

Fig. 2  Delaunay triangula-
tion of a slanted groove mixer. 
The boundary obtained using 
original Delaunay triangulation 
(left) and the true boundary 
obtained by removing unneces-
sary outer tetrahedra (right). For 
sake of visibility, both figures 
are displayed upside down
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where u is the fluid velocity, ρ is the density, ν is the kinetic 
viscosity, p is the fluid pressure, t is the time, ∇ is the gradi-
ent operator, c is the concentration, and D is the diffusion 
coefficient.

The SIMPLE algorithm is used for pressure–velocity cou-
pling. The second-order upwind scheme is used for veloc-
ity and PRESTO! scheme is adopted for pressure (ANSYS, 
Inc. 2016). It is important to note that a high order scheme 
for volume fraction should be employed to capture the fluid 
interface precisely, and the QUICK scheme is adopted in 
the present study. Based on the STL file generated by the 
Delaunay triangulation stated in Sect. 2.2, the unstructured 
tetrahedral meshes are generated using the Mixed-Element 
Grid Generator in three Dimensions (MEGG3D) (Ito and 
Nakahashi 2004). To obtain the mesh-independent results, 
a sensitivity analysis for mesh size is conducted beforehand 
and the mesh size where mixing performance converges is 
found. In this study, the spacing length of the mesh cells is 
set to 6.25 µm.

The geometry of a micromixer is illustrated in Fig. 3. In 
Fig. 3, the design domain corresponds to the first cycle of 
the green region and the geometry of the second cycle is 
assumed to be the same as that of the first cycle. In this 
study, according to the review on the parameters of micro-
mixers reported by Cortes-Quiroz et al. (2009), the geom-
etries of the micromixer are defined as follows; the height h 
is 80 µm, the width w is 200 µm, the length l is 1 mm, and 

(4)
�c

�t
+ u ⋅ ∇c = D∇2c,

the ratio lcycle/la is 2.5. It is important to note that although 
this study employs relatively short length of the micromixer 
to save the computational cost, the authors believe that the 
current length is sufficient to evaluate the performance of 
the micromixer for the optimization since most previous 
studies on the optimizations of micromixers (Ansari and 
Kim 2007a, b; Cortes-Quiroz et al. 2009, 2010; Deng et al. 
2012) employed periodic design domain and confirmed a 
significant effect of mixing at an early stage (l ~ 1 mm) on 
the entire mixing performance. Thus, this study focuses on 
the mixing on the primary stage (for the sake of complete-
ness, the longer channels with more cycles until the mixing 
is completed are investigated in the next section to verify 
that the mixing performance trend on more cycles does not 
change). As working fluids, this study employs water (liquid) 
and ethanol (liquid) with the properties shown in Table 1. 
The flow is assumed as viscous, isothermal (300 K), and 
incompressible.

The Reynolds number and the Péclet number based on the 
height of the channel are set to 1 and 1.2 × 103, respectively. 
The inlet of the microchannel is equally divided into two 
regions as illustrated in Fig. 3. 100% water is assigned to the 
blue region, 100% ethanol is assigned to the red region. The 
flow velocity is set to 1.8 cm/s uniformly at the inlet for both 
fluids and set as the Neumann boundary condition at the out-
let. The pressure is set as the Neumann condition at the inlet 
and set as the Dirichlet condition (zero pressure) at the outlet. 
Along the wall, the no-slip boundary condition is imposed.

Fig. 3  The geometry of micro-
mixer



 Microfluidics and Nanofluidics (2019) 23:30

1 3

30 Page 6 of 21

2.4  Optimization methodology

The genetic algorithm mimics the evolution of organisms, 
which selects individuals from the current generation as par-
ents, generates new individuals as children by the crossover 
and mutation of the parents, and inherits better individuals to 
the next generation. In this study, the Non-dominated Sort-
ing Genetic Algorithm II (NSGA-II) proposed by Deb et al. 
(2002) is employed for exploration because this algorithm is 
effective and widespread employed for many optimization 
problems including topology optimization problems (Cortes-
Quiroz et al. 2009, 2010; Hamza et al. 2013; Garcia-Lopez 
et al. 2013; Guirguis et al. 2015; Yoshimura et al. 2017a,b). 
Since the improvement of a genetic algorithm is beyond the 
scope of this paper, the detailed procedure of NSGA-II is not 
stated here (see (Deb et al. 2002) for its details).

Although GA is capable of finding the global optimum, 
it requires numerous function evaluations to realize popula-
tion-based multipoint simultaneous exploration. To save the 
computational cost for function evaluation, the Kriging surro-
gate model (Jones et al. 1998) can be employed together with 
GA. The Kriging model is based on Bayesian statistics, and 
can adapt well to nonlinear functions. In addition, the Krig-
ing model estimates not only the function values themselves 
but also their uncertainties. Based on these uncertainties, the 
expected improvement (EI) of an objective function, which 
may be achieved a better optimum on the Kriging model by 
adding a new sample point, is estimated. In a single-objective 
optimization problem where y(x) is minimized, the improve-
ment value I(x) and its expected value E[I(x)] are defined as 
in the following equations:

where ϕ is the probability density function denoted by 
N[ŷ(x), s2(x) ]. Here, ŷ(x) is the estimation of y(x) and s2(x) 
is the mean square error at point x indicating the uncer-
tainty of the estimated value. Maximizing the EI instead 
of the original objective function, the location of an addi-
tional sample point is determined for updating the Kriging 

(5)I(x) =

{ [

ymin − y
]

0

if y < ymin

otherwise
,

(6)E[I(x)] =

ymin

∫
−∞

(

ymin − y
)

�(y)dy,

model. Adding new samples to the Kriging model based on 
EI iteratively, these samples are expected to reach the global 
optimum under the uncertainty of the Kriging model. This 
procedure is called Efficient Global Optimization (EGO) 
proposed by Jones et al. (1998) and widely employed for 
optimization. Note that ensuring the structural connectivity 
during the optimization is often a bottleneck to apply genetic 
algorithm for topology optimization (Deaton and Grandhi 
2014). However, in the present problem, the topological 
change of the design domain does not affect the connectiv-
ity of the main channel.

3  Optimization problems

In this section, the problem definitions for each case study 
are stated. First of all, the objective function to evaluate the 
mixing performance is stated. In all cases, the standard devi-
ation of concentration at the outlet of micromixer defined by 
the following equation is calculated:

where ci is the concentration distribution of one fluid at the 
i-th cell on the outlet, c∞ is the mean concentration on the 
outlet, and N is the number of cells at the outlet. The stand-
ard deviation is 0.5 at the inlet and 0.4766 if the micromixer 
does not have a groove (i.e., mixing occurs due to diffusion 
only). The optimization problems are defined to minimize 
Eq. (7) as the objective function subject to the limitation on 
the number of grooves (stated later) for initial samples of 
the Kriging model in each case. The constraint is imposed 
only on the initial samples whereas the number of grooves 
is unlimited during the exploration.

The optimization procedure is expressed in the flowchart 
of Fig. 4. In each case, 100 initial sample points, which 
are generated randomly, are used to construct the Kriging 
model. The optimization is conducted based on the EGO 
framework. The Kriging model approximates the objec-
tive function (Eq. 7) and NSGA-II maximizes the EI value 
(Eq. 6) instead of the original objective function to deter-
mine the location of an additional sample point. The opti-
mization iteration stops when the EI value is less than a pre-
scribed threshold, which is set to 1 × 10

−3 in Cases 1–3 and 
1 × 10

−2 in Case 4, or the topology of the design domain is 
not changed for three iterations.

As stated in Sect. 2.1, the input design variables are con-
verted to graphs through the adjacency matrix. In general, 
the elements of the adjacency matrix are binary (i.e., aij = 1, 
if the edge is active, otherwise aij = 0). However, to imple-
ment EGO framework, the design variables are needed to be 
treated as real numbers.

(7)� =

√

√

√

√
1

N

N
∑

i=1

(ci − c∞)
2
,

Table 1  Properties of working fluids

Fluid Density [kg m− 3] Viscosity 
[kg m− 1 s− 1]

Diffusivity  [m2 s− 1]

Water 998.2 1.0 × 10
−3

1.2 × 10
−9

Ethanol 790 1.2 × 10
−3

1.2 × 10
−9
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The graph-theoretical representation enables us to rep-
resent numerous types of topology. For example, in the 
current problem, the 3 × 3 graph shown in Fig. 1 has 36 
potential edges in the ground structure. When the number 
of edges is 10, the number of possible groove configura-
tions is 36C10 = 254,186,856. Thus, it is obviously impracti-
cal to evaluate all configurations. The same problem has 
been reported by Kawamoto et al. (2004). In their work, 
they attempted to explore the global optimum of the truss 
structure represented by the graph theory with enumeration. 
However, they reported that a limitation to the number of 
edges must be employed, or the total computation time could 
amount to more than 100 years. Moreover, they also reported 
that the limitation does not always prevent global explora-
tion since there are many poor configurations. It is worth 
noting that we must decide the array of the graph carefully 
to balance the flexibility of the structure represented by the 
graph and the efficiency of the exploration by GA. Here, 
3 × 3 graph shown in Fig. 1 is deemed to be sufficient to 
investigate the optimal configurations because of the follow-
ing three reasons. (1) Simpler graphs (e.g., 2 × 3) can only 
represent slanted grooves and cannot represent herringbone. 
(2) More complex graphs (e.g., 3 × 4) can be replicated by 
the present graph using periodic configuration. In this study, 
we focus on finding superior structures (topologies) in addi-
tion to the SGM or the SHM using the GA since the optima 
reported in previous studies on topology optimization for 

micromixers using gradient-based methods are still very 
similar to these well-studied structures. (3) The number 
of design variables is dominated by the adjacency matrix 
of the graph. Since the adjacency matrix of an undirected 
graph is a symmetric matrix and we can ignore its diagonal 
components, the number of design variables derived from 
the adjacency matrix is (n2 − n)/2, where n is the number of 
the total vertices. In other words, the number of variables 
increases approximately with the square of the number of 
vertices. In this study, since the Kriging model is employed 
to reduce the computational cost for the function evaluation 
(CFD simulation), the accuracy of the model is critical for 
efficient exploration. It is well-known that the cost of train-
ing a metamodel with more than 50 variables is prohibitive 
(Han et al. 2017).

As stated in Sect. 1, at first, we conduct the following 
three cases with the convex grooves on the design domain 
illustrated in Fig. 3a to deal with the following two issues: 
(1) how to treat the design variables as continuous values, 
and (2) the appropriate constraint to confine the design 
space.

Case. 1 The first case imitates the binary adjacency 
matrix. The number of design variables in Case 1 is 29 in 
total. First, two design variables are given to represent the 
groove width/channel width wg/w, and the groove depth/
channel height d/h, in the range of [0.1, 0.4]. Then, 27 design 
variables are given to represent the adjacency matrix. The 

Fig. 4  The procedure of opti-
mization
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adjacency matrix for the 3 × 3 graph has 36 elements and 9 
of them correspond to the edges parallel to the flow such as 
a14 and a25. Since the preliminary simulation revealed that 
these 9 elements do not contribute to the efficient mixing, 
the remaining 27 elements are considered as the design vari-
ables in the present study. 27 design variables are given in 
the range of [0, 1] and a threshold is introduced to classify 
whether the element is active or not. In this study, the thresh-
old is set to 0.2 such that a groove is activated when the 
value of its corresponding element of the adjacency matrix 
is larger than 0.2. Moreover, this case limits the number of 
grooves to 4 for the initial samples of the Kriging model. 
Again note that to achieve the global exploration, this limita-
tion is not imposed on the solutions searched by GA.

Case. 2 The second case treats the input variables as the 
width of each groove directly. The number of design vari-
ables in this case is 28 in total. First, one design variable 
denotes d/h in the range of [0.1, 0.4]. Then, 27 design vari-
ables are given to represent the adjacency matrix in the range 
of [0, 0.4]. This case sets the threshold to 0.1 for 27 design 
variables such that a groove is activated when the value of 
its corresponding element of the adjacency matrix is larger 
than 0.1. The values of these 27 design variables work as the 
weights of the adjacency matrix and each of them represents 
the ratio of the groove width to the channel width. In other 
words, the evident difference between Cases 1 and 2 is that 
Case 1 unifies the width of grooves by one design variable 
(wg/w), whereas Case 2 can consider different width on each 
groove. To the best of our knowledge, although several stud-
ies have conducted the parametric study or shape optimiza-
tion of SHM and SGM, the micromixers considered in those 
work assumed the same groove width and the combination 
of the different width has not been investigated yet.

Case. 3 The third case is a minor change of Case 2. Case 
3 treats the design variables in the same way as in Case 2. 
However, the limitation on the number of edges for initial 
samples increases to 6 in Case 3, whereas that is 4 in Case 
2. Case 3 is considered to investigate the influence of the 
number of edges for initial samples and the proper limitation 
to achieve the efficient exploration by GA.

Based on the results and discussions of aforementioned 
three cases, we implement the additional fourth case with the 
concave grooves on the design domain illustrated in Fig. 3b.

Case. 4 The fourth case considers the micromixer with 
the concave grooves. Case 4 treats the design variables in 
the same way as Cases 2 and 3. Thus, the number of design 
variables in Case 4 is 28. Although the range of the design 
variables corresponding to the elements of the adjacency 
matrix is [0, 0.4] which is the same as that in the previous 
cases, the range of the design variable corresponding to the 
ratio of the groove height to the channel height hg/h differs 
from that in Cases 1–3. The range of hg/h is decided based 
on the discussion by Deng et al. (2012). Deng et al. (2012) 
reported that when hg/h > 0.8, it required mesh refinement 
and led to more computational cost due to the thin top layer. 
We have confirmed the same issue and the thin top layer 
generated when hg/h > 0.8 prevents the Delaunay triangula-
tion from the accurate boundary recovery. Thus, the range of 
hg/h is defined as [0.1, 0.8]. The limitation on the number of 
edges for initial samples is set to 6 as in Case 3 (the reason 
for this decision will be described in the next section).

In summary, the case studies in the present paper are 
compared in Table 2.

4  Results and discussion

4.1  Result (case 1)

First, in Case 1, the Kriging model is updated 15 times. 
As reported in the previous studies, the objective function 
is a multi-modal function (i.e., there are several micro-
mixers whose objective function values are quite close 
but with different topology). Figure 5 shows the bottom 
of the micromixer with the grooves of the representative 
additional samples. Moreover, for illustrative purposes, the 
corresponding graphs composing one cycle are also shown 
in Fig. 5. Figure 6 shows the flow fields at several cross-
sections along the x-direction of the best solution among 
the additional sample points. In addition, their objective 
function values are shown in Table 3.

Table 2  Comparison of Cases 1–4

Groove width Value range of aij Threshold 
for aij

Value range of d/h 
(hg/h in Case 4)

Groove limitation to initial 
samples of Kriging model

Total 
number 
of dv

Case 1 Unified by one dv [0, 1] 0.2 [0.1, 0.4] 4 29
Case 2 Independent [0, 0.4] 0.1 [0.1, 0.4] 4 28
Case 3 Independent [0, 0.4] 0.1 [0.1, 0.4] 6 28
Case 4 Independent [0, 0.4] 0.1 [0.1, 0.8] 6 28
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As shown in Fig. 5, each local optimum mainly con-
sists of slanted grooves. Moreover, Fig. 6a displays that 
the groove a34 is occupied by water, which is illustrated in 
blue, and transports the water into the ethanol side. Then, as 

shown in Fig. 6b, the fluid interface is distorted by the heli-
cal flows and the efficient mixing is achieved. Besides, GA 
reveals that large d/h is favorable and the objective function 
value is not sensitive to the structural changes on the design 

Fig. 5  Case 1: the representative 
micromixers in the additional 
samples. The configurations of 
grooves (left) and the graphs of 
one cycle (right)

Fig. 6  Case 1: the phase con-
tours of the best solution
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domain if d/h is less than 0.3. It is worthwhile to note that, 
in Case 1, due to the threshold for the design variables com-
posing the adjacency matrix and the pseudo-binary treat-
ment for them, the sensitivity of the design variables to the 
mixing performance is weakened and several unimportant 
grooves often appear during the optimization (e.g., a12 in 8th 
sample). In most cases, these grooves prevent the efficient 
exploration by GA and lead to slow convergence. To tackle 
with this issue, the continuous treatment for all of the design 
variables as implemented in Cases 2 and 3 is performed.

4.2  Result (case 2)

Second, in Case 2, the Kriging model is updated 10 times. 
In this case, GA confirms that the objective function is a 
multi-modal function as well as in Case 1. Figure 7 shows 
the bottom of the micromixer with the grooves and their cor-
responding graphs of the representative additional samples. 
The objective function values are shown in Table 4.

As well as in Case 1, the asymmetric configurations con-
sisting of the oblique grooves are obtained during the opti-
mization in Case 2. As shown in Fig. 7, GA finds that an 
N-shaped configuration (a34, a37, and a67) and a V-shaped 
configuration (a34 and a37) are the dominant topologies. 
Since these configurations are crossing from one side to the 
other side, they transport water (blue region) to the etha-
nol side (red region) more efficiently than one thick groove 
(e.g., a34 in Case 1). As shown in Fig. 8a, b, the grooves are 
occupied by water and the fluid interface is distorted as well 
as in Case 1. Although Case 2 converges faster than Case 

Table 3  Case 1: objective function values of the representative 
micromixers in the additional samples

Standard deviation

8th sample 0.4510
4th sample 0.4520
15th sample 0.4537

Fig. 7  Case 2: the representative 
micromixers in the additional 
samples. The configurations of 
grooves (left) and the graphs of 
one cycle (right)
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1 and the significant topologies are revealed, the objective 
function value of the best solution found in Case 2 is slightly 
worse than that found in Case 1. Although fast convergence 
is achieved by the continuous treatment for design variables, 
we attribute the slightly inferior solution to the limitation on 
the number of grooves. In other words, the constraint is too 
strict and prevents the global exploration and thus Case 3 
with a loosened constraint is implemented.

4.3  Result (case 3)

In Case 3, the Kriging model is updated 22 times. Since 
Case 3 is allowed to represent grooves more flexibly (up 
to 6 grooves), there are various micromixers in the initial 
samples compared with Cases 1 and 2. Figure 9 shows the 
configurations and the corresponding graphs of the repre-
sentative micromixers in the additional samples. The objec-
tive function values are shown in Table 5.

As shown in Fig. 9, the obtained optima are composed of 
complex configurations in addition to the V-shaped grooves. 
These intricate configurations play a further role in addition 
to the transportation of fluids observed in Cases 1 and 2. For 
illustrative purpose, the region of 5th and 6th cross-sections 
of Fig. 10a is zoomed up in Fig. 10b and the same region 
of Fig. 10c is also zoomed up in Fig. 10d. In contrast to the 
interface distorted to the arch shape in Cases 1 and 2, the 
interface shown in Fig. 10b is distorted more complicated, 
and Fig. 10d shows the interface is not only distorted but 
also split. It is well known that splitting the fluid repeatedly 
is efficient to enhance mixing. Indeed, the solution obtained 

in Case 3 is superior to the solutions obtained in the previ-
ous cases.

Despite its superior optimum, it is worth mentioning slow 
convergence of Case 3. As stated in Sect. 3, we terminate the 
update of the Kriging model when either the EI value or the 
topology of the design domain is converged. Cases 1 and 2 
are considered to converge relatively early since the domi-
nant topologies often lead to early convergence, namely, they 
are misleading in terms of the global exploration. However, 
since the initial samples of the Kriging model in Case 3 
contain various topologies than those of Cases 1 and 2, it 
is less likely to get stuck to early convergence. Therefore, 
GA could globally explore the optimum on the multi-modal 
objective function, and consequently, the convergence was 
delayed. Moreover, it is important to note that the number 
of grooves of the best and other local optima is 4–6. Hence, 
if the limitation on the number of grooves is 4, GA is not 
possible to explore the entire objective space and may be 
more likely to converge to inferior local optima. On the other 
hand, if the constraint is set to more than 8, the configu-
rations of the grooves are less asymmetric and we cannot 
expect such structures to improve the mixing performance. 
Based on the discussion stated above, the constraint on the 
number of grooves for Case 4, the concave groove problem, 
is decided to 6.

4.4  Result (case 4)

Finally, Case 4 with the concave grooves is conducted. In 
Case 4, the Kriging model is updated 10 times. Note that 
since the value range of the objective function in Case 4 is 
relatively broader than that in the convex groove problems, 
the Kriging model is constructed based on the exponential 
value of the raw data. Figure 11 shows the configurations 
of the representative local optima and their corresponding 
graphs. The objective function values are shown in Table 6.

As tabulated in Table 6, the objective function values 
in Case 4 are much better than those of Cases 1, 2, and 3. 

Table 4  Case 2: objective 
function values of the 
representative micromixers in 
the additional samples

Standard deviation

3rd sample 0.4517
6th sample 0.4525
9th sample 0.4547

Fig. 8  Case 2: the phase con-
tours of the best solution
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According to Fig. 11, the half lateral grooves (e.g., a12, 
a78) often appear in solutions and hg/h takes its maximum 
value (0.8). Figure 12 explains these differences from pre-
vious cases. As shown in Fig. 12, the fluid interface is 
strongly stretched and folded by the concave grooves. At 
first, the interface is asymmetrically stretched to ethanol 
side by the grooves a12 and a29 (second and third cross-
sections of Fig. 12a). Then, the groove a49 stretches the 
interface again to the water side and the interface is folded 
(fourth cross-section of Fig. 12a). The flow passes the 
second cycle with this state and is stretched and folded 
again. The half lateral groove plays a key role to trigger 

the asymmetric stretching and this explains why 5th sam-
ple with a56 in addition to a12 and a78 is superior to other 
local optima.

Note that, although the reader may think that micromixers 
with the concave groove are totally superior to those with 
convex grooves, it is not surprising that the pressure loss of 
Case 4 is nearly 20 times larger than that of Cases 1, 2, and 
3. Since the pressure loss is an essential factor in practical 
operation, considering the constraint imposing admissible 
pressure loss would be necessary in the future. Through 
the comparison between convex and concave grooves in 
this study, one can choose an appropriate mixer based on 
their purpose and acceptable cost. The mixer with convex 
grooves is possible to enhance mixing with lower pressure 
drop while it needs much longer channel length (possibly 
more than 10 cycles verified in subsection 4.6). On the other 
hand, the mixer with concave grooves is possible to com-
plete mixing in a very short channel length at the cost of 
high pressure drop.

Fig. 9  Case 3: the representative 
micromixers in the additional 
samples. The configurations of 
grooves (left) and the graphs of 
one cycle (right)

Table 5  Case 3: objective function values of the representative 
micromixers in the additional samples

Standard deviation

20th sample 0.4462
5th sample 0.4506
18th sample 0.4486
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4.5  Sensitivity analysis

As performed in the above cases, GA is capable of explor-
ing the multi-modal objective space and finding several 
competitive local optima. However, the solutions found 
by GA are not guaranteed as local optima. Hence, finally 
we conduct a sensitivity analysis for the best solutions of 
Cases 1–4 to prove that these solutions are competitive 
local optima. The sensitivity analysis is performed under 
the following conditions: (1) the tested parameters are the 
sizing parameters (e.g., height or depth of grooves) and 
the activated elements of the adjacency matrix (the design 
variables whose value is larger than a prescribed thresh-
old), (2) the perturbation to the i-th variable xi is given by 
an independent uniform random number in the range of 
[− 0.1xi, 0.1xi], (3) we accept the topological change due 
to the perturbation (e.g., a groove will disappear when the 

perturbed value is less than the threshold), and (4) the sen-
sitivity analysis must be conducted in the original design 
space (when a perturbed variable value is larger than the 
upper limit of the variable, the variable value is fixed to the 
upper limit). In each case, 15 samples with perturbation 
are evaluated by ANSYS Fluent and compared with the 
obtained best solution (hereinafter called nominal). The 
results of the sensitivity analysis are shown in Figs. 13, 14, 
15 and 16 and their objective function values are tabulated 
in Tables 7, 8, 9 and 10. Note that Fig. 13 (Case 1) shows 
only width and depth of the grooves since the width of the 
grooves is unified and the values of the elements of the 
adjacency matrix do not affect the dimension.

Tables 7, 8, 9 and 10 show that the sensitivity analyses find 
several slightly superior solutions in all cases. To clarify the 
effects of the parameters, we further compare the perturbed 
variables with those of the nominal solution. Figures 13, 14, 

Fig. 10  Case 3: the phase contours of the best solution
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15 and 16 compare the design variables and the objective func-
tion values of the 15 samples and the nominal solution used 
in each analysis. In Figs. 13, 14 and 15 (convex groove cases), 
we can observe that the samples with better objective func-
tion values than that of the nominal have deeper or at least 
one wider groove. In contrast to the subtle difference from the 
nominal solutions in Figs. 13, 14, 15 and 16 (concave groove 
case) shows that the objective function values change dra-
matically with the perturbation on the variables. In particular, 
there is a strong negative correlation between the height of 
the grooves and the objective function values (higher height 

leads to lower objective function value (better performance)). 
This may suggest that the performance of the concave groove 
is very sensitive to the subtle perturbation and the requirement 
of the robust design optimization from the viewpoint of practi-
cal application.

The sensitivity analyses to Cases 1–4 reveal that the solu-
tions obtained by GA are quite close to local optima (on the 
order of 0.1% difference from nominal). We conclude that the 
exploration by GA can provide competitive solutions such that 
we can extract the specific fluid motions to improve the mixing 
performance.

4.6  Verification of the mixing performance trend 
in more groove cycles

As stated in Sect. 2.3, this study employs a relatively short 
channel with 2 groove cycles to reduce the computational 
cost. In this subsection, we conduct an additional numerical 
simulation for a channel with more cycles until the mixing is 
completed and verify that the trend of mixing performance 

Fig. 11  Case 4: the representa-
tive micromixers in the addi-
tional samples. The configura-
tions of grooves (left) and the 
graphs of one cycle (right)

Table 6  Case 4: objective function values of the representative 
micromixers in the additional samples

Standard deviation

5th sample 0.1163
2nd sample 0.1846
10th sample 0.1576
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Fig. 12  Case 4: the phase contours of the best solution

Fig. 13  Case 1: influence of 
active design variables on mix-
ing performance
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enhanced by grooves does not change between the two 
lengths of cycles. It is important to note that we focus on 
the concave grooves (Case 4) and the verification for the 
convex grooves (Cases 1–3) is left for the future research 
because (1) we deem it is difficult to discuss the difference 
among local optima just based on CFD, although the mixing 
performance trend among local optima shown in Tables 3, 
4 and 5 are quite close and its weak trend does not change 
even with a longer channel with 10 cycles (not shown here), 
and (2) the purpose of the current work is to clarify several 
qualitative characteristics to enhance mixing by grooves. 

The convex grooves enhance mixing by the transportation 
of fluid to other side by slanted grooves and the splitting of 
the interface by intricate groove structures. We think that it 
may be difficult to compare these characteristics quantita-
tively (i.e., we do not have a proper criterion to evaluate how 
intricate the structure is), whereas the mixing performance 
of concave grooves is improved by stretching and folding 
and the number of half lateral grooves plays a key role. In 
other words, the difference on mixing performance among 
local optima of Case 4 can be compared quantitatively.

Fig. 14  Case 2: influence of 
active design variables on mix-
ing performance

Fig. 15  Case 3: influence of 
active design variables on mix-
ing performance
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First, the best local optimum called nominal in Sect. 4.5 is 
extended to 10 cycles and its mixing performance is evalu-
ated by ANSYS Fluent. The geometry of the long mixer and 
its phase contour are shown in Fig. 17. As shown in Fig. 17b, 
the mixing is completed in an early stage (the mixing cri-
terion is 2.686 × 10− 8 on the outlet after the 10th cycle). 
Since it is not effective to compare the mixing performance 
after the mixing is completed, we focus on the point (after 

the 4th cycle) where the mixing is about to be completed as 
indicated by the arrow in Fig. 17b.

Table 11 compares the mixing performance of the local 
optima of Case 4. Although the mixing is already about to be 
completed and the difference becomes weaker than that on 2 
cycles, the trend of mixing performance among the optima 
still holds. The simulation on this subsection confirms that 
the validity of the optimization results with 2 groove cycles 
and the effectiveness of the proposed micromixer which is 

Fig. 16  Case 4: influence of 
active design variables on mix-
ing performance

Table 7  Case 1: result of the 
sensitivity analysis. Comparison 
of perturbed samples and 
nominal solution (8th sample)

Mixing 
perfor-
mance

Nominal 0.4510
1 0.4523
2 0.4505
3 0.4530
4 0.4516
5 0.4513
6 0.4518
7 0.4512
8 0.4513
9 0.4519
10 0.4503
11 0.4509
12 0.4519
13 0.4523
14 0.4505
15 0.4525

Table 8  Case 2: result of the 
sensitivity analysis. Comparison 
of perturbed samples and 
nominal solution (3rd sample)

Mixing 
perfor-
mance

Nominal 0.4517
1 0.4537
2 0.4530
3 0.4526
4 0.4515
5 0.4519
6 0.4523
7 0.4514
8 0.4536
9 0.4534
10 0.4509
11 0.4513
12 0.4521
13 0.4522
14 0.4526
15 0.4549
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possible to complete mixing with less than 1.8 mm length 
compared with the optimized SHM which requires nearly 
4 mm length (Ansari and Kim 2007b).

5  Concluding remarks

A new approach for topology optimization of passive micro-
mixers using graph-theoretical representation and surrogate-
assisted genetic algorithm was proposed. This study focused 

on passive mixing enhanced by grooves on the bottom of 
the micromixers. This study revealed the following three 
aspects: (1) how the combination of grooves with differ-
ent width affects the mixing performance, (2) how the user-
defined constraint on the number of grooves affects the 
exploration performance of GA, and (3) the difference of 
mixing characteristics between the convex and the concave 
grooves.

In the convex groove cases, three types of optimization 
problems were considered. The first case treated the adja-
cency matrix as pseudo-binary and suggested that the design 
variables should be treated as continuous values for the effi-
cient exploration by GA. The second case treated the design 
variables as continuous values and grooves with the differ-
ent width can appear in the micromixer. GA also explored 
several local optima and revealed the dominant topologies 
which facilitate efficient mixing. However, as proved in Case 
3, these topologies may be misleading and more loose con-
straint for the number of grooves should be employed. The 
third case loosened the limitation for the number of grooves 
to investigate the design space more widely. As a result, GA 
found more complex configurations which enhance mixing 
further by splitting the interface of fluids. The best optimum 
found in Case 3 was superior to those in Cases 1 and 2.

In the fourth case, the concave grooves were employed. 
The mixing performance in Case 4 was much superior to that 
in the convex groove problems. The high grooves and the 
combination of an oblique groove and a half lateral groove 
(i.e., a groove from one side to the center of the channel such 
as a12) were preferable to enhance mixing. The interface 
was stretched and folded repeatedly in the micromixer and 
the efficient mixing was achieved in short length. Although 
the mixing performance in Case 4 was much superior to 
that in Cases 1–3 (convex grooves), it also showed quite 
high pressure drop (i.e., it requires higher input energy for 
mixing). Therefore, future work should include a prescribed 
pressure drop into the optimization as a constraint to balance 
the pressure drop and the mixing performance. We hope 
that the comparison in this work will provide more options 
on selecting the types of micromixers for the researchers in 
the community based on their purpose and acceptable cost.

The sensitivity analysis was performed for each case to 
prove that the solutions found by GA were competitive local 
optima. The analyses showed that the solutions were suf-
ficiently in the vicinity of local optima and the exploration 
by GA was capable of exploring the multi-modal objective 
space.

The approach proposed in the present study offered a 
novel aspect on application of GA to fluid topology opti-
mization and revealed specific fluid motions in the passive 
micromixers. For more practical design of passive micro-
mixer, since the performance of the micromixers is quite 
sensitive to the geometric perturbation as suggested by the 

Table 9  Case 3: result of the 
sensitivity analysis. Comparison 
of perturbed samples and 
nominal solution (20th sample)

Mixing 
perfor-
mance

Nominal 0.4462
1 0.4487
2 0.4464
3 0.4485
4 0.4489
5 0.4463
6 0.4471
7 0.4487
8 0.4464
9 0.4459
10 0.4462
11 0.4473
12 0.4462
13 0.4457
14 0.4488
15 0.4486

Table 10  Case 4: result of the 
sensitivity analysis. Comparison 
of perturbed samples and 
nominal solution (5th sample)

Mixing 
perfor-
mance

Nominal 0.1163
1 0.2508
2 0.2267
3 0.1790
4 0.1283
5 0.1500
6 0.2105
7 0.2593
8 0.1351
9 0.1153
10 0.1270
11 0.1494
12 0.1153
13 0.1214
14 0.2679
15 0.2421
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sensitivity analysis, conducting the robust design optimiza-
tion is a topic of ongoing work.

Open Access This article is distributed under the terms of the Crea-
tive Commons Attribution 4.0 International License (http://creat iveco 
mmons .org/licen ses/by/4.0/), which permits unrestricted use, distribu-
tion, and reproduction in any medium, provided you give appropriate 
credit to the original author(s) and the source, provide a link to the 
Creative Commons license, and indicate if changes were made.

References

Alam A, Afzal A, Kim KY (2014) Mixing performance of a planar 
micromixer with circular obstructions in a curved microchannel. 
Chem Eng Res Des 92:423–434. https ://doi.org/10.1016/j.cherd 
.2013.09.008

Andreasen CS, Gersborg AR, Sigmund O (2009) Topology opti-
mization of microfluidic mixers. Int J Numer Methods Fluids 
61:498–513. https ://doi.org/10.1002/fld.1964

Ansari MA, Kim KY (2007a) Application of the radial basis neural 
network to optimization of a micromixer. Chem Eng Technol 
30:962–966. https ://doi.org/10.1002/ceat.20070 0055

Ansari MA, Kim KY (2007b) Shape optimization of a micromixer 
with staggered herringbone groove. Chem Eng Sci 62:6687–
6695. https ://doi.org/10.1016/j.ces.2007.07.059

ANSYS Fluent theory guide, ANSYS, Inc. 2016
Bendsøe MP, Sigmund O (2004) Topology optimization. 

Springer Berlin Heidelberg, Berlin, pp 71–152. https ://doi.
org/10.1007/978-3-662-05086 -6

Borgohain P, Arumughan J, Dalal A, Natarajan G (2018) Design and 
performance of a three-dimensional micromixer with curved 
ribs. Chem Eng Res Des 136:761–775. https ://doi.org/10.1016/j.
cherd .2018.06.027

Borrvall T, Petersson J (2003) Topology optimization of fluids in 
Stokes flow. Int J Numer Methods Fluids 41:77–107. https ://
doi.org/10.1002/fld.426

Buchegger W, Wagner C, Lendl B et al (2011) A highly uniform 
lamination micromixer with wedge shaped inlet channels for 
time resolved infrared spectroscopy. Microfluid Nanofluidics 
10:889–897. https ://doi.org/10.1007/s1040 4-010-0722-0

Chew LP (1989) Contrained delaunay triangulation. Algorithmica 
4:97–108. https ://doi.org/10.1007/BF015 53881 

Cortes-Quiroz CA, Zangeneh M, Goto A (2009) On multi-objective 
optimization of geometry of staggered herringbone micromixer. 
Microfluid Nanofluidics 7:29–43. https ://doi.org/10.1007/s1040 
4-008-0355-8

Cortes-Quiroz CA, Azarbadegan A, Zangeneh M, Goto A (2010) 
Analysis and multi-criteria design optimization of geometric 
characteristics of grooved micromixer. Chem Eng J 160:852–
864. https ://doi.org/10.1016/j.cej.2010.02.029

Deaton JD, Grandhi RV (2014) A survey of structural and multidis-
ciplinary continuum topology optimization: post 2000. Struct 
Multidiscip Optim 49:1–38. https ://doi.org/10.1007/s0015 
8-013-0956-z

Deb K, Pratap A, Agarwal S, Meyarivan T (2002) A fast and elitist 
multiobjective genetic algorithm: NSGA-II. IEEE Trans Evol 
Comput 6:182–197. https ://doi.org/10.1109/4235.99601 7

Deng Y, Liu Z, Zhang P et al (2012) A flexible layout design method 
for passive micromixers. Biomed Microdevices 14:929–945. https 
://doi.org/10.1007/s1054 4-012-9672-5

Deng B, Tian Y, Yu X et al (2014) Laminar flow mediated continuous 
single-cell analysis on a novel poly(dimethylsiloxane) microflu-
idic chip. Anal Chim Acta 820:104–111. https ://doi.org/10.1016/j.
aca.2014.02.033

Evgrafov A (2006) Topology optimization of slightly compressible flu-
ids. ZAMM 86:46–62. https ://doi.org/10.1002/zamm.20041 0223

Garcia-Lopez NP, Sanchez-Silva M, Medaglia AL, Chateauneuf A 
(2013) An improved robust topology optimization approach using 
multiobjective evolutionary algorithms. Comput Struct 125:1–10. 
https ://doi.org/10.1016/j.comps truc.2013.04.025

Fig. 17  Geometry and phase contour of the best optimum in Case 4 with 10 groove cycles

Table 11  Comparison of mixing performance of local optima of Case 
4 after the 4th cycle

Standard deviation

5th sample 0.03838
2nd sample 0.06246
10th sample 0.04989

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.cherd.2013.09.008
https://doi.org/10.1016/j.cherd.2013.09.008
https://doi.org/10.1002/fld.1964
https://doi.org/10.1002/ceat.200700055
https://doi.org/10.1016/j.ces.2007.07.059
https://doi.org/10.1007/978-3-662-05086-6
https://doi.org/10.1007/978-3-662-05086-6
https://doi.org/10.1016/j.cherd.2018.06.027
https://doi.org/10.1016/j.cherd.2018.06.027
https://doi.org/10.1002/fld.426
https://doi.org/10.1002/fld.426
https://doi.org/10.1007/s10404-010-0722-0
https://doi.org/10.1007/BF01553881
https://doi.org/10.1007/s10404-008-0355-8
https://doi.org/10.1007/s10404-008-0355-8
https://doi.org/10.1016/j.cej.2010.02.029
https://doi.org/10.1007/s00158-013-0956-z
https://doi.org/10.1007/s00158-013-0956-z
https://doi.org/10.1109/4235.996017
https://doi.org/10.1007/s10544-012-9672-5
https://doi.org/10.1007/s10544-012-9672-5
https://doi.org/10.1016/j.aca.2014.02.033
https://doi.org/10.1016/j.aca.2014.02.033
https://doi.org/10.1002/zamm.200410223
https://doi.org/10.1016/j.compstruc.2013.04.025


 Microfluidics and Nanofluidics (2019) 23:30

1 3

30 Page 20 of 21

George PL, Hecht F, Saltel E (1991) Automatic mesh generator with 
specified boundary. Comput Methods Appl Mech Eng 92:269–
288. https ://doi.org/10.1016/0045-7825(91)90017 -Z

Gersborg-Hansen A, Sigmund O, Haber RB (2005) Topology opti-
mization of channel flow problems. Struct Multidiscip Optim 
30:181–192. https ://doi.org/10.1007/s0015 8-004-0508-7

Giger M, Ermanni P (2006) Evolutionary truss topology optimization 
using a graph-based parameterization concept. Struct Multidiscip 
Optim 32:313–326. https ://doi.org/10.1007/s0015 8-006-0028-8

Guest JK, Prévost JH (2006) Topology optimization of creeping fluid 
flows using a darcy-stokes finite element. Int J Numer Methods 
Eng 66:461–484. https ://doi.org/10.1002/nme.1560

Guest JK, Smith Genut LC (2010) Reducing dimensionality in topol-
ogy optimization using adaptive design variable fields. Int J 
Numer Methods Eng 81:1019–1045. https ://doi.org/10.1002/
nme.2724

Guirguis D, Hamza K, Aly M et al (2015) Multi-objective topology 
optimization of multi-component continuum structures via a 
Kriging-interpolated level set approach. Struct Multidiscip Optim 
51:733–748. https ://doi.org/10.1007/s0015 8-014-1154-3

Hamza K, Aly M, Hegazi H (2013) A kriging-interpolated level-
set approach for structural topology optimization. J Mech Des 
136:011008. https ://doi.org/10.1115/1.40257 06

Han Z-H, Zhang Y, Song C-X, Zhang K-S (2017) Weighted gradi-
ent-enhanced kriging for high-dimensional surrogate modeling 
and design optimization. AIAA J 55:4330–4346. https ://doi.
org/10.2514/1.J0558 42

Hessel V, Löwe H, Schönfeld F (2005) Micromixers—a review on pas-
sive and active mixing principles. Chem Eng Sci 60:2479–2501. 
https ://doi.org/10.1016/j.ces.2004.11.033

Hsiao KY, Wu CY, Huang YT (2014) Fluid mixing in a microchannel 
with longitudinal vortex generators. Chem Eng J 235:27–36. https 
://doi.org/10.1016/j.cej.2013.09.010

Ito Y, Nakahashi K (2004) Improvements in the reliability and quality 
of unstructured hybrid mesh generation. Int J Numer Methods 
Fluids 45:79–108. https ://doi.org/10.1002/fld.669

Jones DR, Schonlau M, Welch WJ (1998) Efficient global optimization 
of expensive black-box functions. J Glob Optim 13:455–492. https 
://doi.org/10.1023/a:10083 06431 147

Kaminakis NT, Stavroulakis GE (2012) Topology optimization for 
compliant mechanisms, using evolutionary-hybrid algorithms and 
application to the design of auxetic materials. Compos Part B Eng 
43:2655–2668. https ://doi.org/10.1016/j.compo sites b.2012.03.018

Kang TG, Singh MK, Kwon TH, Anderson PD (2008) Chaotic mix-
ing using periodic and aperiodic sequences of mixing protocols 
in a micromixer. Microfluid Nanofluidics 4:589–599. https ://doi.
org/10.1007/s1040 4-007-0206-z

Kaveh A, Kalatjari V (2003) Topology optimization of trusses using 
genetic algorithm, force method and graph theory. Int J Numer 
Methods Eng 58:771–791. https ://doi.org/10.1002/nme.800

Kawamoto A, Bendsøe MP, Sigmund O (2004) Planar articulated 
mechanism design by graph theoretical enumeration. Struct 
Multidiscip Optim 27:295–299. https ://doi.org/10.1007/s0015 
8-004-0409-9

Kondoh T, Matsumori T, Kawamoto A (2012) Drag minimization 
and lift maximization in laminar flows via topology optimization 
employing simple objective function expressions based on body 
force integration. Struct Multidiscip Optim 45:693–701. https ://
doi.org/10.1007/s0015 8-011-0730-z

Lin S, Zhao L, Guest JK et al (2015) Topology optimization of fixed-
geometry fluid diodes. J Mech Des 137:081402. https ://doi.
org/10.1115/1.40302 97

Liu RH, Stremler MA, Sharp KV et al (2000) Passive mixing in a 
three-dimensional serpentine microchannel. J Microelectromech 
Syst 9:190–197. https ://doi.org/10.1109/84.84669 9

Liu RH, Yang J, Pindera MZ et al (2002) Bubble-induced acoustic 
micromixing. Lab Chip 2:151–157. https ://doi.org/10.1039/B2019 
52C

Liu YZ, Kim BJ, Sung HJ (2004) Two-fluid mixing in a microchannel. 
Int J Heat Fluid Flow 25:986–995. https ://doi.org/10.1016/j.ijhea 
tflui dflow .2004.03.006

Liu Y, Lo SH, Guan ZQ, Zhang HW (2014) Boundary recovery for 3D 
delaunay triangulation. Finite Elem Anal Des 84:32–43. https ://
doi.org/10.1016/j.finel .2014.02.006

Lynn NS, Dandy DS (2007) Geometrical optimization of helical 
flow in grooved micromixers. Lab Chip 7:580–587. https ://doi.
org/10.1039/b7008 11b

Lyu N, Saitou K (2005) Topology optimization of multicomponent 
beam structure via decomposition-based assembly synthesis. J 
Mech Des 127:170–183. https ://doi.org/10.1115/1.18146 71

Nguyen N-T, Wu Z (2005) Micromixers—a review. J Micromech 
Microeng 15:R1–R16. https ://doi.org/10.1088/0960-1317/15/2/
R01

Ortmann C, Schumacher A (2013) Graph and heuristic based topology 
optimization of crash loaded structures. Struct Multidiscip Optim 
47:839–854. https ://doi.org/10.1007/s0015 8-012-0872-7

Sigmund O, Maute K (2013) Topology optimization approaches: a 
comparative review. Struct Multidiscip Optim 48:1031–1055. 
https ://doi.org/10.1007/s0015 8-013-0978-6

Sigmund O, Petersson J (1998) Numerical instabilities in topology 
optimization: a survey on procedures dealing with checkerboards, 
mesh-dependencies and local minima. Struct Optim 16:68–75. 
https ://doi.org/10.1007/BF012 14002 

Stroock AD, Dertinger SK, Whitesides GM, Ajdari A (2002a) Pattern-
ing flows using grooved surfaces. Anal Chem 74:5306–5312. https 
://doi.org/10.1021/ac025 7389

Stroock AD, Dertinger SKW, Ajdari A, Mezic I, Stone HA, Whitesides 
GM (2002b) Chaotic mixer for microchannels. Science 295:647–
651. https ://doi.org/10.1126/scien ce.10662 38

Su R, Wang X, Gui L, Fan Z (2011) Multi-objective topology and siz-
ing optimization of truss structures based on adaptive multi-island 
search strategy. Struct Multidiscip Optim 43:275–286. https ://doi.
org/10.1007/s0015 8-010-0544-4

Tang W, Tong L, Gu Y (2005) Improved genetic algorithm for design 
optimization of truss structures with sizing, shape and topology 
variables. Int J Numer Methods Eng 62:1737–1762. https ://doi.
org/10.1002/nme.1244

Wang H, Iovenitti P, Harvey E, Masood S (2002) Optimizing layout 
of obstacles for enhanced mixing in microchannels. Smart Mater 
Struct 11:662–667. https ://doi.org/10.1088/0964-1726/11/5/306

Wang H, Iovenitti P, Harvey E, Masood S (2003) Numerical 
investigation of mixing in microchannels with patterned 
grooves. J Micromech Microeng 13:801–808. https ://doi.
org/10.1088/0960-1317/13/6/302

Williams MS, Longmuir KJ, Yager P (2008) A practical guide to the 
staggered herringbone mixer. Lab Chip 8:1121–1129. https ://doi.
org/10.1021/10.1039/B8025 62B

Yang Z, Goto H, Matsumoto M, Maeda R (2000) Active micromixer 
for microfluidic systems using lead-zirconate-titanate(PZT)-gen-
erated ultrasonic vibration. Electrophoresis 21(20000101):116–
119. https ://doi.org/10.1002/(SICI)1522-26836 :AID-ELPS1 
16%3E3.0.CO;2-Y.):21:1%3C11

Yang J-T, Huang K-J, Lin Y-C (2005) Geometric effects on fluid mixing 
in passive grooved micromixers. Lab Chip 5:1140–1147. https ://
doi.org/10.1039/b5009 72c

Yoshimura M, Shimoyama K, Misaka T, Obayashi S (2017a) Topology 
optimization of fluid problems using genetic algorithm assisted by 
the Kriging model. Int J Numer Methods Eng 109:514–532. https 
://doi.org/10.1002/nme.5295

https://doi.org/10.1016/0045-7825(91)90017-Z
https://doi.org/10.1007/s00158-004-0508-7
https://doi.org/10.1007/s00158-006-0028-8
https://doi.org/10.1002/nme.1560
https://doi.org/10.1002/nme.2724
https://doi.org/10.1002/nme.2724
https://doi.org/10.1007/s00158-014-1154-3
https://doi.org/10.1115/1.4025706
https://doi.org/10.2514/1.J055842
https://doi.org/10.2514/1.J055842
https://doi.org/10.1016/j.ces.2004.11.033
https://doi.org/10.1016/j.cej.2013.09.010
https://doi.org/10.1016/j.cej.2013.09.010
https://doi.org/10.1002/fld.669
https://doi.org/10.1023/a:1008306431147
https://doi.org/10.1023/a:1008306431147
https://doi.org/10.1016/j.compositesb.2012.03.018
https://doi.org/10.1007/s10404-007-0206-z
https://doi.org/10.1007/s10404-007-0206-z
https://doi.org/10.1002/nme.800
https://doi.org/10.1007/s00158-004-0409-9
https://doi.org/10.1007/s00158-004-0409-9
https://doi.org/10.1007/s00158-011-0730-z
https://doi.org/10.1007/s00158-011-0730-z
https://doi.org/10.1115/1.4030297
https://doi.org/10.1115/1.4030297
https://doi.org/10.1109/84.846699
https://doi.org/10.1039/B201952C
https://doi.org/10.1039/B201952C
https://doi.org/10.1016/j.ijheatfluidflow.2004.03.006
https://doi.org/10.1016/j.ijheatfluidflow.2004.03.006
https://doi.org/10.1016/j.finel.2014.02.006
https://doi.org/10.1016/j.finel.2014.02.006
https://doi.org/10.1039/b700811b
https://doi.org/10.1039/b700811b
https://doi.org/10.1115/1.1814671
https://doi.org/10.1088/0960-1317/15/2/R01
https://doi.org/10.1088/0960-1317/15/2/R01
https://doi.org/10.1007/s00158-012-0872-7
https://doi.org/10.1007/s00158-013-0978-6
https://doi.org/10.1007/BF01214002
https://doi.org/10.1021/ac0257389
https://doi.org/10.1021/ac0257389
https://doi.org/10.1126/science.1066238
https://doi.org/10.1007/s00158-010-0544-4
https://doi.org/10.1007/s00158-010-0544-4
https://doi.org/10.1002/nme.1244
https://doi.org/10.1002/nme.1244
https://doi.org/10.1088/0964-1726/11/5/306
https://doi.org/10.1088/0960-1317/13/6/302
https://doi.org/10.1088/0960-1317/13/6/302
https://doi.org/10.1021/10.1039/B802562B
https://doi.org/10.1021/10.1039/B802562B
https://doi.org/10.1002/(SICI)1522-26836:AID-ELPS116%3E3.0.CO;2-Y.):21:1%3C11
https://doi.org/10.1002/(SICI)1522-26836:AID-ELPS116%3E3.0.CO;2-Y.):21:1%3C11
https://doi.org/10.1039/b500972c
https://doi.org/10.1039/b500972c
https://doi.org/10.1002/nme.5295
https://doi.org/10.1002/nme.5295


Microfluidics and Nanofluidics (2019) 23:30 

1 3

Page 21 of 21 30

Yoshimura M, Shimoyama K, Misaka T, Obayashi S (2017b) Topology 
and sizing optimization of micromixers using graph-theoretical 
representation and genetic algorithm. In: ASME 2017 interna-
tional design engineering technical conferences & computers and 
information in engineering conference IDETC2017, Cleveland, 
OH, USA, DETC2017-67745. https ://doi.org/10.1115/DETC2 
017-67745 

Zhang K, Guo S, Zhao L et al (2011) Realization of planar mixing by 
chaotic velocity in microfluidics. Microelectron Eng 88:959–963. 
https ://doi.org/10.1016/j.mee.2010.12.029

Zhu X, Kim ES (1998) Microfluidic motion generation with acous-
tic waves. Sensors Actuators A Phys 66:355–360. https ://doi.
org/10.1016/S0924 -4247(97)01712 -3

Publisher’s Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1115/DETC2017-67745
https://doi.org/10.1115/DETC2017-67745
https://doi.org/10.1016/j.mee.2010.12.029
https://doi.org/10.1016/S0924-4247(97)01712-3
https://doi.org/10.1016/S0924-4247(97)01712-3

	Optimization of passive grooved micromixers based on genetic algorithm and graph theory
	Abstract
	1 Introduction
	2 Numerical methodologies
	2.1 Graph theoretical representation
	2.2 Surface data generation
	2.3 CFD methodology
	2.4 Optimization methodology

	3 Optimization problems
	4 Results and discussion
	4.1 Result (case 1)
	4.2 Result (case 2)
	4.3 Result (case 3)
	4.4 Result (case 4)
	4.5 Sensitivity analysis
	4.6 Verification of the mixing performance trend in more groove cycles

	5 Concluding remarks
	References


