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Multiscale Variation-Aware Techniques
for High-Performance Digital Microfluidic
Lab-on-a-Chip Component Placement
Chen Liao and Shiyan Hu3 , Senior Member, IEEE

Abstract—The invention of microfluidic lab-on-a-chip alleviates
the burden of traditional biochemical laboratory procedures
which are often very expensive. Device miniaturization and
increasing design complexity have mandated a shift in digital
microfluidic lab-on-a-chip design from traditional manual design
to computer-aided design (CAD) methodologies. As an important
procedure in the lab-on-a-chip layout CAD, the lab-on-a-chip
component placement determines the physical location and the
starting time of each operation such that the overall completion
time is minimized while satisfying nonoverlapping constraint,
resource constraint, and scheduling constraint. In this paper,
a multiscale variation-aware optimization technique based on
integer linear programming is proposed for the lab-on-a-chip
component placement. The simulation results demonstrate that
without considering variations, our technique always satisfies the
design constraints and largely outperforms the state-of-the-art
approach, with up to 65.9% reduction in completion time. When
considering variations, the variation-unaware design has the
average yield of 2%, while our variation-aware technique always
satisfies the yield constraint with only 7.7% completion time
increase.
Index Terms—Lab-on-a-chip design automation, multiscale optimization, placement, variations.

I. INTRODUCTION

RADITIONAL biochemical laboratory procedures are
often very expensive to perform and the invention of
microfluidic lab-on-a-chip alleviates the burden. Lab-on-a-chip
integrates miniaturized components for implementing various
functions in biochemical analysis into a chip using microfluidic
technology [1], [2]. By lab-on-a-chips, biochemical experiments can be performed in a much cheaper way while having
higher sensitivity and accuracy in detection. Lab-on-a-chip has
been successfully applied to many important biochemical analysis procedures such as DNA analysis and proteomic analysis
[3]. In addition, it becomes indispensable for conducting human
health related research including clinical diagnostics and drug
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Fig. 1. The schematic of a lab-on-a-chip [2], [8], [9].

discovery [4], [5]. For example, lab-on-a-chip has been successfully used in clinical diagnostics on human physiological
fluids [6].
The first generation of microfluidic lab-on-a-chip is continuous flow based and consists of permanently etched micropumps, microvalves, and microchannels. In contrast, the
prevailing second generation of microfluidic lab-on-a-chip is
droplet based, which means that the liquids are manipulated
as discrete microdroplets [2]. A few methods to manipulate
microdroplets have been designed, such as those with structured surfaces, thermocapillarity, electrochemical effects, and
electrostatic actuation [7]. A popular lab-on-a-chip technology
is based on electrowetting where each nanoliter droplet is controlled by the electric-field-induced electrohydrodynamic force
generated from the programmed electrodes (refer to Fig. 1 [2],
[8], [9]). With systematic electrical signal programming, each
biochemical operation can be treated as a three dimensional
module/cell whose size is decided by the space and the duration
the operation needs. Together with the reconfigurability offered
in lab-on-a-chips, a three-dimensional module/cell library
can be designed [2]. The cell-library-based design methodology enables us to build a large-scale integrated microfluidic
lab-on-a-chip efficiently using computer-aided design (CAD)
methodologies [2], [10].
In contrast to the manual design, CAD uses the computer
technology in the design process to handle device miniaturization and increasing design complexity. In the lab-on-a-chip
CAD flow, physical component placement of digital microfluidic lab-on-a-chip is a crucial part whose solution may significantly impact the whole flow. Precisely, it determines the physical location and the starting time of each operation such that
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Fig. 2. Illustration of a lab-on-a-chip component placement.

the overall completion time determined by the last operation is
minimized (see Fig. 2 for an example). Similar to very large
scale integration (VLSI) placement, designing a high-quality
module placer is quite challenging in lab-on-a-chip CAD. There
are a large multitude of previous works for VLSI placement.
For example, [11] proposes a quadratic-based placement algorithm. A partition-based placement approach is designed in [12].
Reference [13] proposes the constraint graph based technique
for global placement and the greedy method based technique
for the detailed placement. All the above techniques are effective in VLSI placement. One may want to directly migrate
the techniques from VLSI placement to lab-on-a-chip component placement. However, there are critical differences. For example, lab-on-a-chip component placement handles resource
constraint and scheduling constraint while VLSI placement only
considers location optimization. On the other hand, VLSI placement is usually for two dimensions while lab-on-a-chip component placement is for three dimensions due to the reaction time.
Thus, simple migration of the techniques from VLSI design to
lab-on-a-chip design is difficult to lead to high-quality solutions.
In spite of wide application of lab-on-a-chips, existing research works on lab-on-a-chip CAD are quite limited. For the
lab-on-a-chip component placement, there are only two previous works [9], [14]. Reference [14] proposes a simulate annealing based technique and [9] improves it by the incorporation of -tree data structure. These algorithms are effective;
however, they are not always able to compute a lab-on-a-chip
component placement satisfying all design constraints due to
that they are based on simulated annealing [9]. On the other
hand, the timing of a biochemical reaction is sensitive to variations such as temperature variations, which necessitates the variation-aware lab-on-a-chip component placement. However, no
previous work considers this issue. Thus, effective algorithmic
techniques to compute high-quality variation-aware lab-on-achip component placement satisfying various design constraints
are in demand.
In this paper, a multiscale variation-aware optimization
technique is proposed for the lab-on-a-chip component placement. Our technique is always able to return high-quality
placement and it is the first technique addressing the variation-aware lab-on-a-chip component placement. Our simulation
results demonstrate that without considering variations, the
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proposed technique significantly outperforms the previous
state-of-the-art approach [9] and is able to achieve up to 65.9%
reduction in completions time. When considering variations,
the variation-unaware design has the average yield of 2%, while
our variation-aware technique can always compute the designs
satisfying the yield constraint with only 7.7% completion time
increase. The main contribution of the paper is summarized as
follows.
• Without considering variations, the multiscale technique,
which consists of the grid coarsening stage and the frontline-based fine-scale tuning stage, is proposed to efficiently
compute the solution for the variation-unaware lab-on-achip component placement.
• In contrast to the previous simulated annealing-based
works, which cannot always return the solution satisfying
all constraints, our proposed technique can obtain the
nearly optimal solutions while satisfying all the constraints.
• To the best of the authors’ knowledge, this is the first work
addressing the variation-aware lab-on-a-chip component
placement. A novel multiscale variation-aware optimization technique is proposed. Latin Hypercube sampling
technique is also integrated in the multiscale technique for
efficiency.
• The simulation results on the standard benchmark
lab-on-a-chip designs demonstrate that without considering variations, the proposed technique always
satisfies the design constraints and it outperforms the
state-of-the-art approach [9] with up to 65.9% reduction
in completion time.
• When considering variations, the variation-unaware design
has the average yield of 2%, while the design by our variation-aware technique can always satisfy the yield constraint with only 7.7% completion time increase.
The rest of the paper is organized as follows. Section II
presents the problem formulation and integer linear programming formulation for lab-on-a-chip component placement.
Section III introduces our multiscale optimization technique
for variation-unaware placement. Section IV describes our
multiscale variation-aware technique to efficiently compute the
variation-aware placement. Section V presents the simulation
results with analysis. A summary of work is given in Section VI.
II. PRELIMINARIES
A. Problem Formulation
A lab-on-a-chip is to manipulate droplets which contain biochemical reactants to perform biochemical reactions/operations.
As a basic element in a lab-on-a-chip, each biochemical operation can be treated as a three-dimensional cell/module whose
plane) and the duravolume is decided by the space (
tion ( -dimension) the operation needs. For a module , deits length, by
its width, and by
its
noted by
height, which is the time needed to perform the corresponding
biochemical operation, respectively. Note that the timing of a
biochemical reaction is sensitive to variations such as temperature variations. That is, the variations may impact the height
, which results in the variational height. In
of a module
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practice, droplet movements are manipulated at discrete intervals and the biochemical operations are scheduled at discrete
time. A lattice is laid onto the solution space, which means that
a module can be placed only at a grid point. The lab-on-a-chip
component placement is to determine the physical location and
the starting time of each operation/module/component.
In the lab-on-a-chip component placement, modules are to be
packed such that scheduling constraint, spacing constraint, and
resource constraint are satisfied [9]. Scheduling constraint, also
called precedence constraint, specifies temporal relationship between operations by a sequencing graph. Spacing constraint,
also called nonoverlapping constraint, ensures that no operations can be performed during the same scheduled time period
at the same location. For those modules sharing some resources,
they can be scheduled at the same time only if there are enough
available resources. This is called resource constraint. Given
modules, the lab-on-a-chip component placement problem
targets to compute module placement solution with minimum
completion time (determined by the last module) subject to the
above constraints. When considering variations such as temperature variations, some modules in the above lab-on-a-chip component placement may overlap due to the change of module size
in some operating condition. Given a lab-on-a-chip component
placement, we call the placement under an operating condition
a sample. Given a large enough number of samples, yield is defined as the ratio of the number of samples not leading to any
overlap over the total number of samples. In the variation-aware
lab-on-a-chip component placement problem, a yield constraint
is given and one targets to compute a placement solution satisfying the yield constraint. Our problem is formulated as follows.
Performance Driven Variation-Aware Lab-on-a-chip
Component Placement: Given a set of three-dimensional
modules, each of which is specified by some length, width, and
variational height and a fixed die area, to compute a solution
for the lab-on-a-chip component placement, i.e., to decide
the physical locations of the module with minimum overall
completion time such that the nonoverlapping, resource, and
scheduling constraints are satisfied and the yield constraint is
also satisfied.
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. Given modules, the
of the th module is placed at
objective is to minimize the timing subject to the following
constraints.
The first constraint is to ensure that each module can be
placed at only one location. That is,
(1)

The nonoverlapping constraint is handled as follows. For any
grid point, at most one module can be placed to cover it, i.e., the
corresponding operation is active at the grid point. Formally,
covers
if its lower left index is in
a module
, i.e., any of
is 1 where
,
and
. Thus,
(2)

To handle the resource constraint, assume that there are types
available units
of resources and there are
the reof resource . Denote by the nonnegative constant
quired units of resource for performing operation . For all the
modules performed at time , total required resources need to be
no greater than the available resources for each resource type.
Thus,
(3)

where a module covers a time if the corresponding biochemical
operation is active at . A module
covers if the -coordinate
. To handle precedence/
of its lower left index is in
scheduling constraint, if module needs to be performed before
module as specified in the sequencing graph, we have

(4)
B. Integer Linear Programming (ILP) Formulation for
Variation-Unaware Lab-on-a-Chip Component Placement
We first introduce the ILP formulation for variation-unaware
lab-on-a-chip component placement in this subsection. The
variation-aware lab-on-a-chip component placement will be
presented in Section IV. In contrast to the previous approach
for the lab-on-a-chip component placement [9], which migrates VLSI circuit placement/floorplanning techniques, our
technique directly solves the lab-on-a-chip component placement as a constrained three dimensional packing problem.
For this, the problem of the lab-on-a-chip component placement is formulated as an integer linear programming (ILP)
problem. We associate with each module and each three-dimensional grid point
a binary variable
, i.e,
. Each module is indexed by its lower left
means that the lower left corner
corner. Thus,

Note that the above needs to be iterated to (subject to the
following boundary issues), which is the maximum completion
time. Further, note that the boundary issue needs to be handled. An operation with the corresponding module cannot be
started at time later than
since all operations need to
be completed by . This means that all for module in the
. and for module
above formulations can be up to
are similarly handled. For the simplicity of presentation, assume that all boundary issues have been taken care of in the
following formulation.
The objective of the linear program (LP) is to minimize .
Since one does not know and the precedence/scheduling constraints cannot be formulated without it, the above mathematical program is cast to a decision problem rather than an optimization problem. The complete decision integer linear pro-
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gramming formulation is shown as follows, assuming that the
boundary issues have been taken care of for simplicity:

(5)
Suppose that there is an approach to solve this integer linear
program which will be presented soon. The optimal completion
time, denoted by , can be then found by performing a binary
search within the upper bound, denoted by and lower bound,
denoted by . Each time,
is used to formulate the
above decision linear program. Subsequently, either the lower
bound or the upper bound will be set to according to the decision result. That is, if the integer linear program is not feasible,
the lower bound is set to . Otherwise, the upper bound is
set to . The above process is iterated until the ratio between
and is smaller than a user specified parameter. Denote by
the ratio between the initial upper and lower bounds. The above
technique needs
iterations.
This process can be accelerated through performing the following logarithmic scale binary search proposed in [15] within
. For this, each time,
the upper and lower bounds of
is used to formulate the decision linear program. The
decision problem is then solved and either the lower bound or
the upper bound will be set to as above. It can be shown that
in this way, the number of iterations is reduced to
as follows. After solving each decision problem, if the upper
bound is reduced to , the ratio between the new upper and
. If the
lower bounds will be
lower bound is increased to , the new ratio will be
. In either case, the ratio of new upper
and lower bounds is reduced to
. After the next iteration,
. In general, one can prove
the ratio will be reduced to
that after oracle queries, the ratio between upper and lower
. Clearly, for this ratio to be below a ratio ,
bounds is
iterations. For any constant ratio
it needs
, the above logarithmic scale binary search needs to perform
iterations. In our simulations, since needs to be
an integer by recalling that each module can only be placed in
discrete position (i.e., at grid point), instead of using a fixed
ratio , we perform the logarithmic scale binary search until
. As demonstrated in the simulation results, the logarithmic scale solution search is efficient.
The classic sequential rounding proposed in [16] is adopted to
solve our ILP. One first relaxes the integer constraint
in (5) to be
. The resulting linear program,
called relaxed linear program, does not have any integer constraint. It is well known that in practice, the linear programming

problem can be solved in quadratic time in terms of the number
of variables and constraints. The solution for the relaxed linear
program will be rounded to integers in an iterative manner.
In each iteration, a linear program is solved. In the solution,
are fixed to 1, where is a user specified
all
parameter. If no new variable is fixed, the one with the smallest
rounding error will be fixed to 1. These can be accomplished by
to (5). The new
adding some additional constraints
linear program will then be solved. Thus, each time, at least one
variable is rounded. The above process is repeated until all variables have the integer values. This guarantees that the rounding
procedure will compute an integer solution. This process is integrated into the logarithmic solution search as described above
to solve the ILP.
III. MULTISCALE OPTIMIZATION
Given a large lab-on-a-chip, the linear program may contain
many variables and constraints, which degrades the efficiency
in computation. This motivates us to explore the multiscale optimization technique for the problem of the lab-on-a-chip component placement. This technique consists of grid coarsening
for speedup and fine-scale tuning for completion time improvement. Note that similar multiscale techniques are popular in
VLSI placement, however, our algorithm is different from them.
A. Grid Coarsening
In the grid coarsening stage, the grid size is first coarsened
by a factor of . That is, the three-dimensional modules are
only allowed to be placed at grid location which is a multiple
along -dimension means that
of . For example, setting
each module can only be placed at a coordinate of 0, 4, 8, …
along -dimension (refer to Fig. 3). In this way, the number of
variables will be significantly reduced. For example, there is
in the linear program when setting
no
. One can similarly set along the , dimensions. As a
result, the number of constraints and the complexity of the linear
program will be significantly reduced. Note that there is no such
restriction on . Together with the fact that modules can have
various heights, does not need to be a multiple of . Solving
the lab-on-a-chip component placement at a coarse scale introduces speedup but degrades the solution quality. Varying , different trade-off between runtime and solution quality can be obtained.
B. Fine-Scale Tuning
To recover the solution quality loss, the following fine-scale
tuning technique is proposed. For simplicity of presentation, let
us just focus on the completion time reduction along -dimension and other dimensions could be handled similarly. After obtaining the integer linear program solution at a coarse scale, we
will attempt to move each module downward along -dimension. Consider an example in Fig. 3 which shows an integer
. The modules starting at
linear program solution with
can be certainly pushed downward to reduce the completion time. In contrast to only moving the modules along -dimension, in our algorithm, more solution space will be explored.
Take module 5 as an example. Suppose that its lower left corner
. A new linear program
is placed at (1, 2, 4), i.e.,
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Fig. 4. A possible fine-scale tuning solution for 1-upward module set of Fig. 3,
where 0, 4, 8 refer to the time. Assume that all constraints are satisfied.

Fig. 3. An example to illustrate fine-scale tuning where 0, 4, 8 refer to the time.

will be formulated as follows. All the binary variables corresuch that
sponding to the module 5 are limited to those
spans the lab-on-a-chip base area and only spans over
{1, 2, 3, 4}, i.e., at a fine scale. Recall that in the previous linear
spans over the whole -dimension
problem in (5), in
in the decision LP) when grid coarsening is not applied.
(
With grid coarsening, can only take the values of
to save the runtime. In contrast, in the fine-scale tuning stage,
one can afford to set as every possible integer value since it is
restricted to a small local region around the solution of the coarsened integer linear program. The whole strategy makes sense
since the coarsened integer linear program solution should be a
good starting point for further tuning.
The fine-scale tuning technique is formally described as follows. Define the -front-line module set as a set of modules with
starting time at
in the coarsened integer linear program solution. The 0-front-line module set is the set
for the example shown in Fig. 3. Given the -front-line module
set, define the -upward module set as the union of all -frontline module set where
. For example, the 1-upward module
set consists of all the modules except those in the 0-front-line
module set (which have the starting time at 0). It is the set
for the example shown in Fig. 3. Similarly,
define the -downward module set as the union of all -front-line
. For example, the 1-downward module
module set where
set consists of the modules in the 0-front-line module set (which
for
have the starting time at 0). It is the set
the example shown in Fig. 3. Clearly, the union of any th upward and downward module set forms the set containing all
modules.
Starting with the 1-downward module set, for every module
in the set, fix it as in the coarsened integer program solution.
for
, 2, 3, 4 are fixed
In Fig. 3, this means that all
to the values in the solution of the coarsened integer program.
the current of module in an integer linear
Denote by
program solution. Thus,
for some , . For
in the 1-upward module set, the variables are
each module
constructed to span all , while is restricted to
. We then formulate all the
nonoverlapping, resource, and scheduling constraints over these
variables. The resulting integer linear program will be solved
using sequential rounding technique described in Section II-B
(without grid coarsening since it is the fine-scale tuning stage

and the computation is affordable in local region). Note that
the new decision program is feasible when the completion time
is set to the same as the previous coarsened integer linear
program. This is the case since one can assign the values of
according to the solution of the previous coarsened integer
linear program. The purpose of the tuning is to reduce . For
this, a loop is formed and each time is decremented until the
integer program becomes infeasible. For example, one possible
fine-scale tuning solution for 1-upward module set of Fig. 3 is
shown as Fig. 4. One can see that the locations of some modules
are moved downward and the completion time is reduced.
After this, we will proceed to the 2-downward module set
and 2-upward module set. Basically, fix the module location for
the second downward set and seek the improvement over the
upward second module set. This process is repeated until the
current best solution reaches the last front-line. Our simulation
results indicate the completion time can be significantly reduced
by this fine-scale tuning technique. Refer to Section V for the
details.
IV. VARIATION-AWARE PLACEMENT DESIGN
In reality, the biochemical operations are quite sensitive to
the variations. For example, the environment with different temperature results in the uncertain duration of operations which
refers to the variational height of the modules. With variational
heights of modules, it becomes a significant challenge to design
a high-performance microfluidic lab-on-a-chip. Fig. 5 shows
an example of variation-unaware solution for the lab-on-a-chip
component placement without any overlap, which is illustrated
in two dimension for simplicity. With the variational height of
module 2, an overlap between module 2 and module 5 could
be introduced, which means that the design is sensitive to variations. It is clear that the quality of microfluidic lab-on-a-chip
design is highly dependent on variations. However, no previous
works on lab-on-a-chip design consider the variation-aware
lab-on-a-chip component placement. It is desirable to design
an effective technique for the problem.
A. Variation-Aware Optimization
A novel multiscale variation-aware optimization technique is
proposed based on the multiscale technique in Section III. We
will first introduce the yield evaluation technique and then the
variation-aware optimization technique.
Recall that a placement under an operating condition is called
a sample. Given a large enough number of samples, yield is defined as the ratio of the number of samples not leading to any
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Fig. 5. Illustration of the overlap which is due to variations in a variation-unaware lab-on-a-chip component placement.

overlap over the total number of samples. Monte Carlo simulations are performed to evaluate the yield [17]. For this, a large
number (e.g., 10 000) of samples could be generated according
to the probabilistic distributions on variational heights. However, it degrades the efficiency. To address this, Latin Hypercube sampling technique, which is first proposed in [18], is integrated in the multiscale variation-aware placement technique.
It is a popular technique in improving the simulation efficiency
and it has been successfully used in a few VLSI CAD problems such as [19]. The advantage of Latin Hypercube sampling
is that one can use only a few samples to approximate the simulation results with a large number of samples. This significantly
improves the efficiency in computation. We refer the interested
readers to [18], [19] for the details of Latin Hypercube sampling
technique.
In the variation-unaware linear programming formulation,
i.e., (5), the heights of modules are all fixed. While in variation-aware optimization, duration following Gaussian distribution is introduced to our linear programming formulation. To
solve it, our approach is motivated from [20] which formulates
and solves the robust Knapsack and Portfolio problems using
uncertain data-based linear programming. In (5), the height
of each module
is replaced by
,
where
is defined as the variational range according to
Gaussian distribution and is a parameter to control the variation. Varying , different placement solutions will be obtained.
For example, when is set to 1, the placement solution is the
worst-case design and when is set to 0, the placement solution
the variational
is variation-unaware design. Denote by
height, i.e.,
. Note that after this
is a constant for any fixed . To
transformation, each
explore the best trade-off between the yield and completion
time, in our simulations, the search of (from 0.1 to 1.0 with a
step size of 0.1) is performed.
With a fixed , one can solve the integer linear program in
(5). Based on this solution, the multiscale placement optimization technique is enhanced to consider the variations for yield
improvement. Recall that in fine-scale tuning, when proceeding
to -front-line, the technique perturbs the current placement
to compute a new placement solution for the
-upward
module set in the small local region. In contrast to directly
using this new placement solution, the yield of this solution will
be computed. If the yield is greater than the yield constraint,
this solution will be taken. Otherwise, the original solution will
be kept. The algorithm will proceed to the next front-line in a
similar way. As the example shown in Fig. 6, the yield constraint is set to 99%. A fine-scale tuning solution for 1-upward
module-set is computed from a grid-coarsening solution. The

Fig. 6. An example to illustrate the variation-aware multiscale technique.

yield of the new solution is less than 99%. Thus, this solution
is discarded and the original one is kept. The algorithm will
proceed to the 2-upward module-set in a similar way.
V. SIMULATION RESULTS
In the simulations, the proposed multiscale integer linear programming based lab-on-a-chip component placement algorithm
is implemented in C++ and is tested on a computer with 2.5
GHz CPU and 4 GB main memory. We conduct the simulation on a set of standard lab-on-a-chip benchmarks used in [9]
and compare our new algorithm without considering variations
to [9]. We also conduct the simulation to compare our variation-aware optimization with the variation-unaware optimization. In our simulation, the yield constraint is set to 99% and
Gaussian variation is assumed with the variational range set
in Gaussian distribution. Note that
to 0.1 which is equal to
our proposed technique could also handle other distributions.
Techniques used in comparisons are summarized as follows.
• NEW: the proposed multiscale variation-unaware optimization technique.
• NEW w/o Fine-Tune: NEW except that the fine-scale
tuning is turned off.
• NEW w/ standard binary solution search: NEW with standard binary solution search instead of logarithmic scale solution search.
• NEW w/ variations: the proposed multiscale variation-aware optimization technique.
A. Variation-Unaware Design
We first compare our algorithm with the previous work [9].
The results are summarized in Table I. Since our algorithm is
a multiscale-based technique, it is interesting to investigate the
performance when the fine-scale tuning is turned off, i.e., NEW
w/o Fine-Tune. We make the following observations.
• The previous work [9] cannot always return a solution satisfying the chip area constraint due to the nature of simulated annealing. It is the case for the benchmark design
vitro1-4. The best design we can get after 20 runs of [9]
needs the lab-on-a-chip area of 7 6 with completion time
96. This violates the area constraint of 6 6. Some other
and
, which
results we can get are
violate the area constraint even more.
• NEW is always able to meet the design constraints. Our
solution is much better than the previous work. On average,
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TABLE I
COMPARISON OF NEW AND THE PREVIOUS WORK [9]. TIMING REFERS TO THE OVERALL COMPLETION TIME OF THE LAST MODULE IN THE SOLUTION OF THE
LAB-ON-A-CHIP COMPONENT PLACEMENT. CPU REFERS TO THE RUNTIME IN SECONDS. TIMING REDUCTION REFERS TO THE COMPLETION TIME IMPROVEMENT
OF NEW WHICH IS COMPUTED BY COMPARING TO THE PREVIOUS WORK [9]

the completion time is reduced by 44%. For the design
vitro2-3, 65.9% completion time reduction is achieved.
• The multiscale technique in NEW consists of grid coarsening and fine-scale tuning. Note that is not rounded to
the multiple of in the linear programming formulation. To
choose , extensive simulations are performed and the following parameter setting gives the best trade-off between
solution quality and runtime. We coarsen the time dimenon for the first 4 testcases and
sion by a factor of
on for the last 6 testcases.
• Fine-scale tuning can significantly improve the solution
quality. Comparing NEW and NEW w/o Fine-Tune, one
completion time
can achieve up to
improvement.
• It can be seen that [9] saves some runtime over NEW;
however, its solution quality is much worse. As mentioned
above, the completion time by NEW can be about half of
that of [9] in some testcases. Current lab-on-a-chip design
technology is still in the early stage without very large
scale integration. It is the time to compute high-quality
design solutions for promoting the technology advances
in lab-on-a-chip as much as possible. That is, the solution quality, rather than efficiency, is of the top importance.
With regard to the proposed technique, the obtained large
improvement in solution quality clearly outweighs the runtime slowdown.
NEW contains many advanced techniques including logarithmic scale solution search proposed in [15]. It is interesting to
investigate the performance of our algorithm (with
compared to the traditional binary search (with
.
The results are summarized in Table II. Note that the solution
could be changed compared to NEW since each time the approximation result to the decision integer linear program may
be different. However, one can see that the solution quality
difference is slight, but the runtime difference is quite significant. For example, the logarithmic solution search runs up to
faster for the design vitro1-2.
B. Variation-Aware Design
We compare the variation-aware placement with the variation-unaware placement. To explore the best trade-off between
the yield and completion time, a search for the best solution satisfying the yield constraint is applied by varying the parameter

TABLE II
THE RESULTS OF NEW W/ STANDARD BINARY SOLUTION SEARCH

TABLE III
THE RESULTS OF VARIATION-AWARE OPTIMIZATIONS. TIMING INCREASE IS
COMPUTED THROUGH COMPARING THE COMPLETION TIME OF NEW AND
NEW W/ VARIATIONS

. The yield constraint is set to 99%. The results with best are
summarized in Table III, where the timing increase is computed
as the ratio of the completion time of NEW w/ variations over
that of NEW minus 1. From Tables I and III, we make the following observations.
• For all testcases, the yields of the variation-unaware design
computed by NEW are very small. For example, the yield
of testcase of vitro3-3 is 0 and the largest yield is 10.5% for
testcase of 3-2. The average yield is only 2%. When conwith an
sidering Gaussian variations, for each module
original height of
, the variational height has a pos, which could lead
sibility of 1/2 to be greater than
to overlap if the computed variation-unaware placement is
quite compact (i.e., with small amount of empty space).
A rough analysis would then show that the possibility of
an overlap (when considering variations in a variation-unfor
aware placement solution) could reach
modules. Although this number would not be accurate, one
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can get the sense on why the yield is very small. This also
demonstrates that without considering variations, it is difficult to design a high-performance lab-on-a-chip.
• For all testcases, our variation-aware design can satisfy the
yield constraint. It demonstrates that these designs are significantly insensitive to variations, which means that the
NEW w/ variations is effective. On the other hand, the completion time of the design computed by NEW is smaller
than that of NEW w/ variations. However, the great improvement of the yield outweighs the increase of completion time.
VI. CONCLUSION
In this paper, a variation-aware optimization technique is
proposed for the lab-on-a-chip component placement. As a
large number of variables and constraints significantly impact
the efficiency in computation, the multiscale technique including the grid coarsening and fine-scale tuning is explored.
Meanwhile, since the quality of microfluidic lab-on-a-chip
design is highly dependent on the variations, this paper designs
the variation-aware technique for lab-on-a-chip component
placement using Latin Hypercube sampling based Monte Carlo
simulation. The simulation results on standard benchmark
designs demonstrate that the proposed technique is effective
and outperform the state-of-the-art work, with up to 65.9%
reduction in completion time. In addition, our variation-aware
technique can always satisfy the yield constraint with small
degradation in completion time.
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