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Abstract

In this paper, we present a method of determining the parameters of a dynamic system
using state estimate filter. State estimate filters such as Extended Kalman filter and the
Unscented Kalman filter are widely used to estimate the status in robot and GPS navigation
systems. However, in dynamic systems, determining parameters is difficult because many
kinds of the dynamic systems have the properties like a non-linearity and complexity. The
work we have done is that the status and parameters are simultaneously estimated to decide
the parameter value based on the measurement data set of the system. The works were
applied to a coupled tank. The mentioned system was modeled and then setup for computer
simulations and experimental purposes to test the performance of the estimation process.
Keywords: Parameter Estimation, Extended Kalman Filter, Unscented Kalman Filter,
Coupled Tank

1. Introduction
Most of the mechanical and electrical systems currently used in industry can be represented
as second-order dynamics model comprised of mass, damper, spring, inductances, resistors
and capacitors for convenience and ease of control. However, the parameters of a real system
have measurement noise due to the difficulties of physical measurement. A change in
parameter values can also happen due to the deterioration of the system and sudden change of
the environment. It is for these reasons that we determine the optimal parameters of the
system using filters such as the extended kalman filter (EKF) or the unscented kalman filter
(UKF). Adaptive kalman filters is used for localization algorithms [1, 2]. Some traditional
methods used in the status estimation of a system are the least squares method (LSM) and
maximum likelihood (MLH) among others. The filters have the common property if being
applicable to non-linear systems with their own set of advantages and disadvantages.
Therefore it is proposed to find which one is suitable for the parameter estimation of nonlinear systems.
In the 1980’s, parameter estimation on LSM according to the variation was actively
studied by D. T. Lee [3] where it has the disadvantage of the estimate error being repeated
when the initial estimation value includes a large error.
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Afterward, Jan Swever [4] determined the parameters by applying MLH to decrease
measurement noise. Moreover, the parameters were estimated by S. K. Oh [5] using Fuzzy
Logic and Neural Network respectively. However, the previous given methods are sensitive
to measurement noise.
Park [6] proposed using a modified kalman filter for an adaptive frequency domain channel
estimation in orthogonal frequency division multiplexing systems. The state and parameter
estimation method on EKF in the dynamic system was proposed by Saadettin Aksoy [7], V.
Panuska [8] and Emmanuel Blanchard [9]. Min Zheng [10] performed the method of applying
UKF in dynamic system but did so by analyzing the result of a computer simulation and not
through an actual experiment.
In order to improve on the enumerated disadvantage, there is a need for a method that not
only estimates the state and parameter but is also robust to noise measurements in a real
dynamic system.
The EKF and UKF are used to analyze the results of each parameter estimate performance.
UKF does not require the linearization process for a state equation by using UT. Therefore the
parameter value can be optimally estimated by estimating the optimal state and also running
the covariance update process recursively.
A coupled tank was used for the experimental tests. It was constructed with a NI DAQ
board and simulated in MATLAB to apply the estimate filters on a real system. Computer
simulation and experiments for parameter estimation were performed using the dynamic
equation derived for the system. The results were analyzed with various implementations of
EKF and UKF suitable for non-linear system.
The extended and unscented kalam filters are described in Section 2. The coupled tank
along with the non-linearlity of the system is discussed in Section 3. The state equation
derived through modification of the state space matrix for simulation purposes is also shown.
The computer simulation, experiment results and analysis are outlined in Section 4. Section 5
of Conclusion discusses the experimental results and the conclusions drawn.

2. Estimation Methods
The estimation method is widely used in engineering applications such as for the state of a
dynamic system, the attitude of a robot, navigation system, etc. The estimate filters used for
estimating the state and parameters of a dynamic system are described in this section. EKF is
the method of extending the conventional kalman filter for non-linear system. It involves the
linearization process of state and measurement equations to update the error covariance.
However UKF has a property that calculates the priori estimation value though UT.
Therefore, the linearized error can be disregarded since it is not necessary to linearize the
non-linear equation.
2.1 Extended Kalman Filter
The EKF based on the conventional kalman solves the non-linearity problem of system by
suboptimal. And then it uses Taylor extension to approximate the linearized state and
measurement equations.
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where the status is xk  n ; the measurement value is zk  m : the process noise and
measurement noise are denoted by wk 1 ~ N (0, Qk 1 ) and vk 1 ~ N (0, Rk 1 ) respectively; the
functions f , h are represents non-linear equation and measuremen equation respectively.
Jacobian elements of the system equation are given by (3), (4)

[ Fx ( x, k  1)]i , j 

[ H x ( x, k )]i , j 

fi ( x, k  1)
x j

hi ( x, k )
x j

(3)

(4)

The algorithm can be divided into two steps namely the time prediction step and the
measurement update step.
Time prediction:

xˆk  f ( xˆk 1 , k  1)

(5)
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(8)
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Measurement update:

where x̂ is the estimate value, the subscript k denotes a prior estimation value, subscript
k presents a posterior estimation value respectively.
2.2 Unscented Kalman Filter
UKF based on UT without the linearization process could effectively be applied to nonlinear systems. It gernerally has a better performance than EKF, because it is not necessary to
calculate the jacobian matrix of system equation and then shows the improving approach for
non-linear system [11].
The UKF algorithm is as follows;
Initialize with:
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For k {1,

, }

Calculate sigma points:

 i K 1  [ xˆk 1, xˆk 1  (n ) Pk 1 , xˆk 1  (n ) Pk 1 ]

(12)

Time update:
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Measurement update equations:
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where Pk is state error covariance, Pkxz is correlation error covariance, wi ( m) , wi (c ) are the
weights.

3. System and Equipment
The dynamic system and the state and parameter estimation process are described in this
chapter. The dynamic system is setup in order to obtain the system measurement data. The
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equation for the system is derived via mathematical methods. The derived equation is
transformed into state space equation form. The dynamic system tested is the coupled tank.
The system has second order ordinary differential equation (ODE). The orifice coefficient
parameter is important for the stability and control of the system.
3.1 Coupled Tank
The coupled tank shown in Figure 1 is manufactured by Quanser innovate. Educate Co.
The system is comprised of two tanks, a pump and a water basin. Both tanks has a height of
32 inches with an inside radius of 4.5 cm. The way the tanks are mounted, water is pumped
into Tank 1 from a water basin and then water from Tank 1 flows into Tank 2 and then out
into the water basin.
The system was constructed to control the pump but is used to deal with parameter
estimation in our experiments [12]. The numerical model of Coupled tank is comprised of an
input and output function is as follows;

Figure 1. Coupled Tank system at right side and block diagram of coupled tank
at left side
dh1
= f (h1 , qi1 )
dt

(23)

dh2
= f (h2 , qi 2 )
dt

(24)

where h1 and h2 are the height of tank1 and tank 2, and qi1 and qi 2 mean the flowing
quantity into tank1 and tank 2, respectively. The height of tank 1 and 2 could be obtained
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from calculating the difference between inflow and outflow. The outflow quantity of the tanks
is given below;

c1 h1 , c2 h2

(25)

where c1 and c2 are the orifice coefficients.
The inflow quantity of water in the tank 2 is same as outflow quantity of water in the tank
1. Therefore, the total equation that is including the input from the pump is derived as
follows;
qi1 - c1 h1 - A1

dh1
= 0
dt

c1 h1 - c2 h2 - A2

dh2
= 0
dt

qi = kvi

(26)

(27)
(28)

where k is [cm/volts] constants, and vi is the pump input, and A1 , A2 denote the inside
areas of tanks. In order to transform the equation adapted the filters, we are defined as
dh
dh2
A1 1 = A1h&
= A2 h&
1 , A2
2 . And then it arrangs the either sides of equation from the
dt
dt
equations (26) and (27), is given by (29).
A1h&
1 = kvi - c1 h1

(29)

A2 h&
2 = c1 h1 - c2 h2

The state space matrix form is obtained to apply to the filters.
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3.2 Data Acquisition System
The equipment and specifications to experiment the system are denoted in Table 1 we also
assume the following rules. Table 1 lists the equipment and specifications of the experimental
setup for the system. The following rules are also observed: In a coupled tank, a fixed amount
of water is pumped into Tank 1 and the amount of water in Tank 2 is dependent on the
outflow of Tank 1.
This process is continuously repeated until Tank 1 is full. The measurement values are the
height of the tanks. In order to measure the data, we set up the data sampling frequency at
100Hz with data type at the volts level. Data such as height of the tanks are measured using
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DAQ Board which are transmitted and saved to MATLAB SIMULINK. The calibration of
the measuring equipment is based on the value before an operation. The block diagram for
measurement process is drawn in Figure 2.

Figure 2. Block diagram for measurement
Table 1. Equipment and Specifications
Item
Computer
Hewlett Packard
6253A
BNC-2120
Connector Block
NI PXI 8145-RT
NI PCI 6064E
DAQ Board
NI PXI
1031-Chassis
Initial values

Copyright ⓒ 2013 SERSC

Specifications
Regulation : 0.01%
Ripple : 200 V
Analog I/O
Digital I/O
Real-time Embedded Controller.
Processor : 266MHz low-power Intel Pentium MMX
Interface : Serial, CAN, MXI-3 chassis expansion
Resolution : 12, 16 bit
1 Channel : 500ks/s
Multichannel : 250ks/s
Accuracy :  25ppm
Maximum Clock : 250 ps
Coupled Tank
Height of Tank 1 : 0
Height of Tank 2 : 0
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3.3 Parameter Table
The parameter of the dynamic system is represented in Table 2. Most of parameter is
directly measured value or the initial value when it is constructed.
Table 2. Parameter of Coupled tank
Description
Cross-sectional areas of tank 1

Sym.

A1

Val.
15.5179

Cross-sectional areas of tank 2

A2

15.5179

cm 2
cm 2

Pumping rate

qi

5

Volts

Flow constant

k
c1
c2

6

cm / Volts

Orifice coefficient of tank 1
Orifice coefficient of tank 2

Unit

5
5

4. Experiments
The state and parameter estimation performance is based on MATLAB, EKF and UKF.
The result of estimating the parameters of the two orifice coefficients of the tanks are
analyzed. Computer simulation and then experimental tests were done to estimate the
parameters.
The estimation of the state and parameter is performed based on MATLAB for EKF, UKF.
Two orifice coefficients of the system are estimated. It is analyzed as the results of the
parameter estimation. The EKF and UKF were then applied to the real system wherein the
measurement noise was obtained and determined by measuring the noise when the system
was stopped.
4.1 State Estimation
The state and parameter estimation result is shown in Figure 3 The estimation error at the
initial part of the process is emphasized as shown. The algorithms for EKF and UKF estimate
the state value on the measurement data. The measurement error in Tank 1 occurred when the
pumped water dropped into the tank. In Figure 2, each solid line is the measurement data, the
results are represented as solid-solid line for EKF and solid-dot line for UKF.
4.2 Parameter Estimation
The unexpected state error happened due to the initial water pressure dropped from the
pump. According to that error, the estimation value that is the orifice coefficient initially
increased but stabilized afterward through recursive update.
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Figure 3. Result of State Estimation for Coupled Tank

Figure 4. Result of Estimation for Orifice Coefficient of Tank 1 and Tank 2
4.3. Comparison
The estimation error and results are analyzed, calculated and compared using mathematical
methods. The estimation performance is analyzed using objective results of the processing
time of the filters.
Accuracy :Based on the computer simulation and experimental results of EKF and UKF
from the previous section, the performance of each is analyzed through their RMSE. Table 3
denoted the result of the parameter estimation of coupled tank system. where value is the
estimated value, RMS is calculated after the converged time at reference value.
Table 3. Result of Parameter Estimation for Coupled Tank
Unknown parameter
c1
c2

5.00
5.00

EKF(RMS)
Value
5.0946
5.0522

UKF(RMS)
Error
0.0946
0.0522

Value
5.0245
5.0123

Error
0.0245
0.0123

The experiment results for Couple Tank is shown in Table 4.
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Table 4. Result of Parameter Estimation for Coupled Tank
Unknown parameter
c1
c2

5.00
5.00

EKF(RMS)
Value
5.1285
4.6336

UKF(RMS)
Error
0.1285
0.3664

Value
5.1201
4.9615

Error
0.1201
0.0385

Estimating time:Although the estimating time varies according to the simulation
environment and the kinds of trajectory, the results are trustworthy because the estimation of
all filter is implemented using the same lab equipments and data set
Table 5. Estimating Time of filters
Dynamic System
Com. Simulation
Coupled Tank
Exp. Simulation

EKF(sec)
0.452
0.602

UKF(sec)
1.656
2.249

In Table 5, EKF requires 0.452 sec for estimating the state and parameter and UKF needs
1.656 sec on simulation. On experiment, the estimating time of UKF takes more time than
EKF, 3.74 times.

5. Conclusion
For this research, models were derived, dynamic systems were constructed and the
computer simulation and experimental tests were performed. The measurement of data
systems were collected through NI DAQ Board and linked to MATLAB Simulink.
The state and parameters are estimated in order to analyze the performance of extended
kalman filter and unscented kalman filter. The orifice coefficients of a coupled tank that
affects system stability were estimated for this research.
As the results of the accuracy of estimation, UKF shows an outstanding performance for
estimating the state and parameter. On the other hand, the results of EKF estimation have a lot
of estimation error because of linearization of state equation.
The last test done was to check how long the filters need to estimate the state and
parameters. It showed that the UKF required as much as 3.74 times it took EKF. Computer
simulations also showed that both EKF and UKF performed excellently when used to
estimate the state and parameters. However, the estimation performance of UKF gave the
better result over EKF which makes it suitable for real-time estimation. This research was
able to verify the accuracy and reliability of UKF.
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