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Abstract— Digital microfluidics systems require advanced
controllers to operate accurately since their parameters are
subjected to change in environment and over time. Due to
imperfect manufacturing processes, their fabricated system
parameters may become different from the destined values.
Hence, estimation based controllers are required to identify the
system parameters. The electrowetting on dielectric can be
precisely controlled to dispense desirable and repeatable
droplets.  However, the system parameters and their variation
over time makes the control system challenging.  This paper
describes the application of an indirect adaptive trajectory
controller for digital Pico-Droplet dispensing system. Forgetting
factor recursive least square estimator is used to estimate the
system parameters including capacitance and resistance of the
occupying droplet between electrodes. Indirect adaptive
technique is used to  measure and control the droplet volume on
the dispensing electrodes. Simulations of the estimator, tracking
performance of dispensed droplet volume and the controller’s
control effort are provided to demonstrate an accurate and high
performance control approach.

I. INTRODUCTION

Digital microfluidic systems are increasingly used in Lab-
On-Chip devices and commercial electronics. Since these
devices are made in small scale, they can advance the speed of
processes and highly reduce the cost of experiments [1]-[3]. In
many applications such as drug delivery or quantitative
analysis, small scale handing of liquids is the key in safe and
accurate operation of the device. Less expensive and highly
functional material have been introduced and used in digital
microfluidics. However, stability and reliability of device
operation depends on the effectiveness of the active
controllers  [4]-[6].  Using real time parameter estimation, the
slowly time varying parameters and device behavioral
variations that affect the droplet dispensing can be identified
and proper control actions can be taken  [4], [7]. Since the size
of droplets is highly dependent on the volume of liquid
reservoir, it is important to control the droplet volume through
various techniques. The parameters of pico-droplet systems
are also subjected to change in environment over time, with
viscosity of liquid, air gap, and operating frequency of the
device. For accurate, rapid, and repeatable droplet dispensing
different control techniques including model reference
adaptive control, model predictive and proportional integral
controllers have been used [8]-[11]. A droplet volume control
technique is based on the footprint of the droplet formation
using optical techniques [6].

Open loop and closed loop controllers can be used to
control and estimate the system behavior. Fixed gain
proportional-integral (PI) controllers have been considered
one of the most common ways to control basic systems.
However, the PI controller performance highly depends on the
accuracy of the plant parameters. Therefore, they cannot
perform accurately in highly sensitive pico-droplet dispensing
systems as their parameters and hence the controller gains
vary over time [12], [13].

Robust methods can also be used to increase the ability of
a system to adapt itself to parameter uncertainty or
disturbance. Robust methods can identify the system
variations and update the controller’s gains. In general,
adaptive controllers can be extremely helpful to control such
devices since they can be adapted to the controlled system
parameters [14]-[16]. The use of model reference adaptive
control has been reported earlier [17]. However, often models
cannot include all system details. In addition, the system
response may have some delays associated with viscous liquid
dispensing, making the system response non-minimum phase.
Therefore, for perfect tracking performance, adaptive
controllers need a parameter estimation unit that can
recursively identify the plant parameters and an adaptation
unit to constantly adjust the controller gains [14]. Forgetting
factor least square method can be used to estimate and identify
the system parameters. By implementing the FFRLS method
in indirect adaptive control scheme, perfect droplet dispensing
performance can be obtained [21].

In this paper, forgetting factor RLS and indirect adaptive
controller have been used to measure and control a pre-
modeled digital microfluidic system. This method has led to
improve the functionality and accuracy of the system.
Simulations of tracking performance and controller effort of
the system have been demonstrated to analyze the
effectiveness of the indirect adaptive control system in digital
microfluidics.

II. DIGITAL MICROFLUIDIC SYSTEM MODELLING

The model for digital microfluidic system has been made
using the electrical equivalent circuit of the system [17]. The
voltage which will be applied across the plates leads to the
electromechanical actuation force, electro-wetting-on-
dielectric (EWOD) and dielectrophoresis (DEP) [10], [11].
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Fig. 1. Schematic diagram of a digital microfluidic system.

These forces can cause pico-droplet to move across the
plates and electrodes. The output of the system will be voltage
on the dielectric layer between air and the liquid. Applying
voltage to each electrode generates forces on the  droplet and
attracts it to move in the same direction as electrodes.

The droplet will fill the gap between plates and change the
output voltage.  The transfer function of the system is defined
as the voltage drop across the droplet Vout to the input voltage
Vin.

Fig. 2. Equivalent circuit of the system

Using equivalent circuit above the transfer function can be
expressed as:
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where A, B, C, and D are system parameters which will be
constitute based on a capacitive-resistive circuit. To control
the droplet dispensing, the parameters should be accurately
known. Perfect estimation of these parameters will update the
system model and the controller gains [17].

III. PARAMETRIC MODEL PRESENTTION

The droplet dispensing system (2) can be represented as a
first-order zero-relative degree system. A parametric model of
the system is as follows:
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where u and y are system input and output  respectively, Z(s)
and R(s) are the numerator and denominator of the transfer
function. These polynomials for an nth order system with
relative degree n-m can be described as
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Parametric model of the pico-droplet system can be
obtained from (1)as
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, are system parameters which are described as
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The system (7) can be described in a suitable parametric
representation as
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where *  is the matrix of unknowns and  is the normalized
matrix of measurement signals as follows
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Considering (3), the Laplace representation of the system
can be obtained as
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Dividing both sides by normalizing signal
( ) ( )ns s , where n is the degree of system  results in

the normalized system representation. This will guarantee the
boundedness of the measurement and output signals as
follows:
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IV. PARAMETER ESTIMATION USING FORGETTING
FACTOR RECURSIVE LEAST SQUARE

Recursive least square is used to identify the parameters of
digital microfluidic system. This technique can be written as

0)0(,Pe ,                       (12)
where 0  is the initial value of the parameters, and e is the
estimation error calculated by
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The covariance matrix P is updated recursively by using the
forgetting factor as
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where 0 is the forgetting factor, and 2
sm is the normalizing

signal, defined as

T
sm 12   ,                            (15)

with a positive 0 as normalizing coefficient. The
performance of the FFRLS  will depend on the choice of

and as they affect the system delay and estimation speed
[18].

V. INDIRECT ADAPTIVE CONTROLLER

The control will use the estimator parameters to control the
droplet volume. Tracking performance of the system highly
depends on the quality of parameter estimation. Using perfect
estimation values, the controller gains can be obtained.

Fig. 3. Block Diagram of Indirect Adpative Controller with Estimator

The closed-loop transfer function from the plant output yp
to the reference signal r without the estimator is:
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In order to get the zero error tracking performance, the
plant and model should generate similar outputs. Therefore,
the controller should generate appropriate signal to drive the
plant as model dictates. Therefore, the plant and model output
to input signals should match:
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(17)

The controller gains for ( K ,
1
,

1
and

2
) can be obtained

from (17) as follows:
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Solving closed loop transfer functions for the plant and
model, two values will be considered for K. The other
controller coefficients will be:
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and
1 0 .

VI. CONTROLLER AND ESTIMATOR SIMULATION RESULTS

To guarantee the stability and parameter estimation
convergence, the

sm
must be persistently exciting [18]. The

control performance highly depends on forgetting and
normalizing factors and . There is an acceptable range for
the  value by which the increment of forgetting factor, the
tracking and estimation time will be advanced. In these
simulations is chosen between 1 and 30. The parameter
estimation profile for each system parameter is shown in Fig.
4-6. There are two different configurations for parameter
estimations and control performance with 10 , 1 , and
the other configuration is 10 , 30 .
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Fig. 4. Plant parameter identification =10 and =1
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Fig. 5. Plant parameter identification =10 and =1

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

x 104

0

1

2

3

4

5

Time (ms)

V
al

ue

P3

Estimated Value
Actual Value

Fig. 6. Plant parameter identification =10 and =1

In Fig. 7-9 it is seen with higher values for forgetting
factor system parameter estimation will be improved and the
estimator quickly converges to actual values.
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Fig. 7. Plant parameter identification =10 and =30
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Fig. 8. Plant parameter identification =10 and =30
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Fig. 9. Plant parameter identification =10 and =30

In Fig. 10-13 tracking performance and the error of the
system are shown. It is seen that at larger forgetting factor
values, the convergence rate of parameters and system
tracking increases.
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Fig. 10. Tracking Performance of Adaptive Controller =10 and =1
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Fig. 11. Error of the system for =10 and =1

Comparing paramter estimations for two different
forgetting factors it can be obtained that for  value of 30 plant
paramters can be estimated less than 2 seconds and for  value
of 1 it takes about 20 seconds to estimate these values. Since
the estimation is more precise, the tracking error is reduced
improving the control performance.
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Fig. 12. Tracking Performance of Adaptive Controller =10 and =30
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Fig. 13. Error of the system for =10 and =30

Plant parameter estimation and trajectory tracking has been
improved by using higher forgetting factor values considering
its limit to keep system stable. Since digital microfluidics
systems require controllers to operate accurately, indirect
adaptive controllers can improve the droplet dispensing by
compensating the system parameter variations. By updating
indirect adaptive controller and using forgetting factor RLS
estimations, system parameters can be accurately  obtained.
This application is suitable for uncertain parameter systems.

In this study, forgetting factor RLS identified system
parameters with different tracking performance. FFRLS
method can improve the controller effort by varying forgetting
factor value. Fig. 14 compares the controller effort for =1
and =30 with same value for =10.
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Fig. 14. Control effort for different forgetting factors.

Higher values for forgetting factor improve the system
tracking performance and control effort. Comparing first 0.75
second of Fig. 14, it is seen that higher values for  enhance
the system control effort. Since the error of the controller
highly depends on control effort, higher forgetting factor value
can advance the system error.

VII. CONCLUSION

Forgetting factor recursive least square estimates the
parameters of systems with different orders and relative
degrees. Having system parameters known perfectly pico-
droplet system can be controlled using indirect adaptive
method. The controller can be adapted to any system
parameter changes to improve the droplet dispensing system
performance through better parameter eestimation and
tracking.
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