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Abstract

This work focuses on an accurate Extended Kalman Filter (EKF) estimator, which is applied to a forced-feedback
metering poppet valve system (FFMPVS). The EKF estimator is used to estimate the position and velocity of the main
poppet valve, position and velocity of the pilot poppet valve and pressures within the pilot stage of the valve. The EKF
estimator takes advantage of its recursive optimal state estimation to estimate the states of this metering poppet valve by
using one pressure signal measurement. The results from the EKF are compared with the simulation results from the
model and also compared with the states which can be measured from the physical system set up in the lab. It is shown
that the EKF estimator tracks the states accurately for both the steady-state and transient performance. The EKF estima-
tor has robustness to parameter variations. It is shown specifically that the EKF estimator has robustness to an example
of model uncertainty, variations in the spring stiffness parameter.
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1 Introduction

The metering poppet valve discussed in this paper is
a unique design developed at the University of Mis-
souri with two stages: a pilot stage and a main stage.
Both stages employ poppet valves rather than more
common spool valves. Previous work focused on the
experimental evaluation of the valve, which is studied
by Fales and Li (2008). Experiments were carried out
to correct the model parameters based on the actual
construction of the valve. The parameters in the simula-
tion were adjusted to match experimental results since
there were some dynamic characteristics of the model
such as friction that require experimental data to deter-
mine. The dynamic response was analyzed by compar-
ing the experimental results with the nonlinear and
linear model simulations. The system response is found
to have very high speed. The performance varies based
on changes in operating conditions and model uncer-
tainty.

From the results of previous work, it is found that in
the metering poppet valve model, there are several
sources of model uncertainties. (a) Parameters can vary
from valve to valve if the valve were to be mass pro-
duced or as the valve wears over time causing model
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uncertainty. (b) The complexity of the geometry makes
the determination of a physics based flow force model
difficult. (¢) The model linearization changes depend-
ing on operating conditions which can also be treated
as uncertainty. Another problem is that the measure-
ment of the control volume pressure is disturbed by
sensor noise. A common solution to the noise problem
is to introduce low pass filtering, but the filtering will
also restrict the transient performance of the pressures,
which have very high speed dynamics.

In order to obtain higher performance, the metering
poppet valve system needs the position of the main
poppet and the pilot poppet as the feedback signals for
the close loop controller. Also, the system needs the
pressure measurements for pressure control. Measuring
the position of the main poppet or the pilot poppet
directly by using the Linear Variable Differential
Transformer (LVDT) is possible, but it is impossible to
measure the positions of the two poppets simultane-
ously because of the physical limitations of the system.
In order to obtain the positions and pressures of the
system, an estimator is necessary.

This newly developed forced-feedback metering
poppet valve system is a nonlinear and multiple input
and output system, which has a lot of model uncertain-
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ties. In the very limited existing literature, a linear ob-
server is discussed by Muller and Fales (2008). Al-
though the linear observer tracks the steady state re-
sponse of the system well, it cannot follow the transient
response closely and it is fragile to system nonlinearity,
parameter variation, operating conditions changes and
other model uncertainties. Also, it requires highly pre-
cise measurement for estimating, which increases the
cost for high performance sensors.

The EKF estimator is one of the most widely used
solutions for determining unmeasured signals in dy-
namic systems. It has been applied to many different
kinds of systems and works well for many systems. The
application of the EKF in fault detection in hydrauli-
cally actuated systems is described in detail by An and
Sepehri (2005); the EKF for the direct torque controlled
interior permanent magnet synchronous motor drive is
discussed by Zhuang Xu and M. F. Rahman (2003);
using the EKF to develop a sliding mode control sys-
tem for subjugator by Walchko, Novick and Nechyba.
(2003). An EKF was shown to be able to estimate bulk
modulus and viscous damping coefficients in a high
performance electro hydraulic actuator by Chinniah,
Burton and Habibi. (2003). All these examples show
that the EKF is suitable for tracking and filtering due to
its optimality, tractability and robustness to model
uncertainties for nonlinear systems. Therefore, the EKF
estimator is suitable for this metering poppet valve
system due to its accurate estimations and robustness to
model uncertainties.

2 Dynamic Model of the Metering Poppet
Valve System

The metering poppet valve model is briefly dis-
cussed in this section. More details can be found in
previous works by Muller and Fales (2008). A descrip-
tion of the operation of the valve design is presented in
the work by the Fales and Li (2008).

System dynamics are based on the metering poppet
valve system shown in Fig. 1.

The actuator force applied to the pilot poppet, F, is
the only input to the system while the dynamic vari-
ables are the pilot poppet position, x, the pilot poppet
velocity, x, the main poppet position, y, the main pop-
pet velocity, y , the control volume pressure between

the main and pilot poppet, Pc, and the control volume
pressure between the pilot poppet and the actuator
housing, Pp. The state vector is chosen to be
x =[x Xy yPc Pp]” with measured output, y = [Pc],
and input, u = [F].

The control volume pressure between the main and
pilot poppet, Pc, is chosen as the output because it can
be easily measured by using a pressure sensor and the
system is observable with the corresponding output
matrix. The nonlinear valve system equations are repre-
sented by Eq. 1 to Eq. 4, which are discussed in detail
by Muller and Fales (2008).
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Fig 1:  Metering poppet valve with a forced-feedback con-
figuration

In Eq. 2, Pg is the supply pressure and P, is the load
pressure through the return line. In the simulation, the
data measured for these two pressures from the experi-
ment is used to supply the value for each of them. The
terms, f; and f,, represent the flow forces on the pilot
poppet while f£; represents the flow force on the main
poppet (See Fig. 1). The steady state flow forces are
shown in Eq. 5 to 7. Though transient flow forces may
have some effect on the system dynamics, the flow
forces considered in this work neglect any transient
terms. Neglecting the transient flow forces represents a
simplification of the model which the authors feel is
justified since these terms are likely small.

1, =2c0s(0)Cy (hx+a,,, ) (R —F) (5)
1, =2cos(0)Cihx(P. - F,) (6)
/s =2cos(0)Cihy(P.—F,) (7)

0 is the flow rate across the inlet orifice to control
volume. O, is the flow rate across the outlet orifice
from control volume. The flows are modeled using the
standard orifice equation as shown in Eq. 8 and Eq. 9.

0, =C, (hlx+alma.x) %(PS_PC) (®)
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0= thzx,’%(Pc _PL) )

Qg is the low Re tube flow through a circular tube in
the pilot poppet which connects P¢ to Pp and is mod-
eled using Eq. 10.

4
0, :8L(Pc B (10)

# Lpilot

The flow through the tube, Qg, creates a viscous
damping effect on the pilot poppet by creating pressure
difference between P and Pp which leads to a force
imbalance on the pilot poppet when motion causes flow
through the tube. In Eq. 2, the viscous friction terms, by
and by, were determined by comparing experimental
responses to simulations and adjusting the parameters
as needed. These friction coefficients would be difficult
to determine accurately by analytical means due to the
many factors involved. Further work to experimentally
determine the friction characteristics under a wide vari-
ety of conditions could be used to improve the accuracy
of the friction model but was not pursued in this work.
A nonlinear friction model would also improve accu-
racy, though steps were taken to minimize the effects of
nonlinear friction as described in Section 4. The vis-
cous friction force on the main poppet is small com-
pared to the hydrostatic forces and was found to have a
small effect on simulation responses under the condi-
tions seen in lab experiments. The viscous friction force
on the pilot poppet had a more significant effect on
simulations but was smaller than damping effect caused
by the flow, Q.

All remaining parameters which appear in Eq. 1
through Eq. 10 are constants as shown in the Nomen-
clature section.

The EKF estimator requires the state space model of
the system, which is obtained by linearizing the model
equations with respect to the state vector at each time
step. Online computation of state space matrix (Jaco-
bian matrix) is shown in Eq. 11,

f[o 1 o0 o0 o0 0
I T T O fas g
. R (x,u1) o 0o 0 10 0

ko ax N O gy Sy Sgs O
S T A S S /S
et o2 O 0 Jes e )

whereF(x,u,t):%[x iy vy B B].

The detailed calculation of the elements of Jacobian
matrix is shown in part I of the Appendix.

Before attempting to implement the EKF estimator
for the metering poppet valve system for estimating
states, it is necessary to examine the observability of
the system. The system must be observable to success-
fully implement the EKF in a way that will result in
accurate state estimates. The EKF estimator uses meas-
ured pressure, Pc, to determine the state estimates.
Therefore, the output matrix, C, of the system is

C=[000010]
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Fortunately the observability matrix ,
[C CA CA’ CA’ CA* CA’Y,
formed using the A and C matrices at a nominal operat-
ing point is full rank. This means that for a particular
linearization at a steady state operating condition, the
system is observable. While not every possible operat-
ing condition has been checked, this gives some confi-
dence to move forward with estimator design since the
system is found to be observable at the nominal operat-
ing conditions.

3 Extended Kalman Filter

The EKF has two main advantages in that it: (1) can
provide optimal estimation of states for a nonlinear
system under changing operating conditions, and (2)
provides a solution for estimating states when there are
model uncertainties and measurement noise.

The EKF estimator uses a two-step recursive algo-
rithm for estimating and filtering. At the given sam-
pling time #, both the priori optimal estimate states

X, and the error covariance matrix P, go into the EKF

loop. The over-hat () indicates the variable is an esti-
mate, and the superscript (-) denotes the best estimate
before correcting for the current state measurement. An

initial guess of X, and P is necessary to start the Kal-

man Filter Loop.

The first step for the EKF estimator is to compute
the optimal state estimations. It includes three proce-
dures: (1) calculate the Kalman gain used for this sam-
pling time, (2) calculate the optimal state estima-

tions, X, at # by updating the measurement through the

measured pressure, Pc at #, and (3) update the error
covariance matrix. These procedures are shown in
Eq. 12 to 14.

K, =P Cl (C,PCI+W,)" (12)
& =% 4K, (5, -C&) (13)
P =(I-K,C,)P, (14)

where Cy is the output matrix. Wy is the measurement
noise variance matrix, which is a zero-mean stochastic
process determined by sensor specifications. It is a
diagonal matrix containing the variances (c°) of the
sensors. yy is the new measurement, P, at #,. The mea-
surement noise matrix is of dimension 1 x 1 since P¢ is
the only measurement for the implementation of EKF.

The second step of the EKF loop is to project the
state estimations and the error covariance matrix ahead
in time for next loop. A modified second-order Euler
integration technique is applied based on the system
inputs, uy, at f, when projecting the state estimations as
shown in Eq. 15 and Eq. 16.

X, =% +TF[%,u] (15)
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xlz+l :%('ﬁk +x:+l +T;F[x1:+]7uk:|) (16)

The error covariance matrix is projected ahead as
shown in Eq. 17 by updating the discrete state transi-
tion matrix (STM), @y, which is the discrete Jacobian
matrix of the nonlinear state equations.

P, = (I)kqu)i (17)

@, is updated by computing the linearized state
space matrix, Ay, evaluated at # as shown in Eq. (18).

1
D, = I+AkTs+EAk2Ts2 (18)

T, is the sampling period.

Figure 2 shows the complete EKF loop, which
forms a recursive loop providing an optimal state esti-
mate at each time step.

Enter loop with a priori estimates
x, P

| > Compute Kalman gain
| »| K=RC/(GPCHH)

Project ahead in time A 4

X, =% +TF [xk U ] Measurement update
_ 1 /. . . T (P &=
Xy = E(xk + X +TSF[xk+],uk:|) X, =x +K, (yk Ckxk)
= 7
P, =0 P D,

| Update error covariance

P, =(1-K,C,)P,

Fig. 2:  Extended Kalman Filter loop

4 Experiment and Simulation Setup

Figure 3 shows the actual construction of the meter-
ing poppet valve system set up in the lab to run the test.
An amplifier (controlled by a signal from a computer
which is also used to gather sensor data) was used to
supply current to the valve actuator solenoid. The cur-
rent was measured using a current sensor which was
placed in the electrical circuit between the amplifier
and solenoid. A known relationship between current
and force was used so that the force input to the system
could be determined as needed.

A dither signal was applied to the valve solenoid
current commands to reduce nonlinear friction effects.
The dither signal frequency and amplitude were 100 Hz
and 120 mA. The dither signal had a small influence on
the position of the main poppet (other than eliminating
static friction effects). In particular, it could be seen
from experimental results that a low amplitude 100 Hz
component was superimposed on the position response.
The benefit of the dither signal was that the sticking
friction of the valve was significantly reduced. Prior to
adding dither, simulation and experimental responses
did not compare well due to a lack of a nonlinear fric-
tion model. After adding dither, the simulations and
experimental results matched well.

A pressure supply was connected to the inlet port of
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the valve. The outlet port was connected to a line lead-
ing to the hydraulic reservoir as shown in Fig 3. Pres-
sure sensors were placed near the inlet and outlet ports
to measure Pg and Pp. Another pressure sensor was
installed to measure Pc in order to compare the result
simulated from the model and the result estimated from
the EKF and to supply the measured output signal that
was used in the EKF. An LVDT sensor was attached to
the main poppet during the test for measuring main
poppet position for the purpose of comparing to esti-
mated and simulated results as well.

Main poppet
housing <

- —H;sen spr
4 \

Solenoid
Actuator

-Pilot poppet
housing

Fig. 3:  Metering poppet valve system

The EKF estimator was examined by constructing
MATLAB and SIMULINK models for both the valve
system and the EKF estimator. Modifications were
made to the system model used in the EKF in order to
allow the EKF to operate with accuracy when the ex-
perimental conditions are such that the actual poppet
positions and pressures are at their physical limits. The
EKF was improved by adding limits to the algorithm.
For the main and pilot poppets, if the estimated position
of the poppet exceeds the upper limit or the lower limit,
it is correspondingly set to the maximum displacement,
Xmax,» OF the minimum displacement, x;,. Simultane-
ously the estimated velocity of the poppet is set to zero.
Also, the estimated acceleration of the poppet is deter-
mined by both the position and acceleration. If the
poppet hits a limit and the acceleration of the poppet
shows it is moving outside the limits, the acceleration is
then set to zero. Whenever the estimated values for P¢
and Pp exceed the maximum pressure limit, Py, they
are reset to the maximum pressure. The maximum
pressure limit is the same as the relief valve setting in
the lab. When the pressures are below the minimum
pressure setting, P, they are reset to the minimum
pressure, zero gage pressure. The partial derivatives
used in the state transition matrix are calculated based
on the states after the limitations are applied. Therefore,
whenever the actual states hit their physical limits, the
EKF can also estimate states properly at these limits.
To apply the limitations, the values of x, x, ¥, and P¢
will be modified according to the equations in Table 1.
(Note that the limits on y are similar to x and the limits
on Ppare similar to Pc)

In the actual simulation, the sampling time, T, is set
to 107 s in order to track the fast response during tran-
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sient periods. When the pressure measurement for P is
around 107 Pa, the measurement noise from the pres-
sure sensor is around 10° Pa, which means the sensor
has a relative measurement accuracy of 1 %. Many
pressure sensors meet this specification. Therefore the
measurement noise variance is set to be (10° Pa)?,
which indicates the EKF can work by using low accu-
racy pressure sensor measurements. Therefore,

W= [(10°Pa)’] 19

Table 1: Limitations applied to estimated states

x, ifx<x, 0 ifx<x,

XY=3x ifx, <x<x_ X=X ifx, <x<x_
x i x=x 0 if x>x_

0 ifx<x, &x¥<0 P if PP,

¥ ifx<x, &X>0|P.=qP if P <P.<P

C min ma

¥=9 X ifx <x<x_ P ifPx>P_

¥ ifxzx, &i<0

0 ifx>x_&x>0
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Fig. 5:  Supply pressure and load pressure
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In order to observe the workability and drifts in the es-
timation of the EKF in a long test run, the EKF is run for
5 minutes. Therefore a repeated square wave force gener-
ated by the solenoid, shown in Fig. 4, is applied to the
actual metering poppet valve system and the measured
force is applied to the system model and EKF as the only
input. The supply pressure, Ps, and load pressure, P,
shown in Fig. 5, are measured and applied to the system
model and EKF as parameters. Therefore the physical
system, system model and EKF are run under the same
conditions. The output of the system, Pc, is measured and
used in the EKF for estimating all the states of the valve.

The initial guess of the state vector, x™ , is set to
[00000 0] . The initial guess of the error covariance
matrix, P°, which is shown in part II of the Appendix, is
carefully selected to get the filter to converge and yield
good estimator performance. The error covariance matrix
initial guess was chosen by trial and error. Small values in
P caused the EKF to produce noisy estimates while larger
values yielded less noise.

S Experimental Results

Figures 6 through 9 show the performance of the Ex-
tended Kalman Filter for estimating the positions and
velocities of the pilot and main poppets during the tran-
sients and steady state portions of the experiment. The
four estimated states from EKF match the simulated states
from the model well. Periodically the input force changes
from 22 N to 53 N and after 3 seconds the input force
drops back to 22 N. It takes less than 0.05 sec for the EKF
estimator to track the position and velocity of both the
pilot and main poppets. The dynamics of the pilot poppet
velocity and main poppet velocity are very fast, however
the estimated states from the EKF closely resemble the
results from the simulation and have almost no delay.

Pilot poppet pos ition,x
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Fig. 6:  Estimation of pilot poppet position
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Pilot poppet velocity,xdot
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Fig. 7:  Estimation of pilot poppet velocity
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Fig. 8:  Estimation of main poppet position

The main poppet position is also measured by an
LVDT from the actual system in order to check the
results from the EKF. In Fig. 8, the error between the
estimated main poppet position from EKF and the
measured value from the LVDT also remains near zero
except for some small oscillations during the transient
period, but they all decay very quickly.

Figure 8 also shows that when the main poppet po-
sition is zero the estimation from EKF is zero also
which indicates the algorithm for setting limits added in
the EKF program works well in the simulation.
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Main poppet velocity,ydot
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Fig. 9:  Estimation of main poppet velocity

In Fig. 6 through 9, the errors between estimated
states from EKF and states simulated from the model
remain near zero during the entire operation. There are
some oscillations when the force input steps up and
down, but these oscillations decay away extremely
quickly and all the relative errors are less than 10%,
which is within the requirement.

From the zoomed view for the first 10 seconds and
last 10 seconds in Fig. 6 through 9, it is clear that the four
states do not have significant drift and converge from the
beginning to the end during the whole simulation.

Figure 10 and Fig. 11 show the estimations for the
two pressures, Pc and Pp.
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Fig. 10: Estimation of control volume pressure
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Pilot control volume pressure,P
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Fig. 11: Estimation of pilot control volume pressure

In Fig. 10 and Fig. 11 the oscillations in the error
between EKF and model simulation caused by the force
input change return to zero very quickly and stay
around zero at other times during the simulation. Figure
10 also shows the measurement for P from the sensor.
The error between the measured value and the esti-
mated value is always near zero except for some small
variation which is within acceptable limits.

The zoomed view for the first 10 seconds and last
10 seconds in Fig. 10 and 11 also show that the estima-
tion for Pc and Pp do not have any drift and converge
during the entire simulation. Combined with the
zoomed view in Fig. 6 through Fig. 9, all these plots
show that the EKF can be used in a long run.

6 Robustness

In order to check the robustness of the Extended
Kalman Filter, a test is carried out by giving the EKF a
wrong piece of information relating to a parameter. The
spring rate in the system has an important effect on the
dynamics of the system and it is also hard to manufac-
ture precisely. Therefore, the spring rate, k, is chosen as
a parameter to be changed for test. The spring rate is
increased by 10 % for the EKF while the experimental
setup and simulation are left unchanged. For the case
where the EKF is designed with this incorrect value of
k, the corresponding max relative errors for the esti-
mates are compared with the max relative errors for the
estimates using the original spring rate as shown in
Table 2. For the main poppet position, y, and control
volume pressure, Pc, the EKF estimates are compared
with the experiment data. The EKF estimates of the
other states shown in Table 2 are compared with the
model simulation since these states can not be meas-
ured.
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Table 2: Comparison for max relative error

States | Max relative error Max relative error
for original spring for modified spring
rate rate
X 0.0183 % 0.43 %
X 0.32 % 2.5 %
y 0.49 % 8.78 %
y 3.33 % 5%
Pc 7.69 % 9.67 %
Pp 0.0421 % 0.38 %

With the increase of the spring rate, the maximum
relative errors of all the states are increased. The max
relative error of the main poppet position, y, has the
largest increase because the spring has direct impact on
the main poppet. But all the max relative errors with the
modified spring rate for all the states are less than 10%,
which is still within the requirement. This indicates that
the EKF has robustness to the spring rate variation.

7 Conclusion

In this paper, the application of Extended Kalman Fil-
ter in the Forced-Feedback Metering Poppet Valve Sys-
tem, which is a nonlinear, dynamic system, is discussed.
Fortunately, for this particular system at a linearized
operating point, the system is observable and the EKF is
stable for all operating conditions tested in the lab.
Therefore the performance of the EKF is satisfactory
during operation. When the input changes, the estimated
states from the EKF follow closely to the true states for
both the steady and transient portions of the experiments.
This indicates the tractability of the EKF estimator.
When model uncertainty appears in the EKF in the form
of an uncertain feedback spring constant, the max errors
of the estimated states are within the reasonable limit of
10 %. This supports the claim that the EKF estimator is
robust to parameter variation.

Future work will focus on the implementation of a

PID or Hy controller to the system using the estimated
states from the Extended Kalman Filter. Further studies
are also needed to conclusively prove that the EKF is
robust to a wide variety of parameter variations such as
changes in friction due to contamination etc. While the
dither signal discussed in Section 4 reduced the effects of
nonlinear friction, the inclusion of a nonlinear friction
model and experimental verification is also a subject of
further study to help improve the accuracy of the model.
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area of variable inlet orifice when
poppet is closed

area of main poppet exposed to
control pressure

area of main poppet exposed to
load pressure

area of pilot poppet exposed to
pilot pressure

area of load piston exposed to load

pressure
area of main poppet exposed to
supply pressure

linear pilot poppet damping
main poppet damping

load piston damping

working load force on the load piston

area gradient to control volume
inlet orifice

area gradient to control volume
outlet orifice

area gradient to main poppet orifice

pilot tube length

feedback spring coefficient
mass of the pilot poppet
mass of the main poppet
mass of the load piston

initial displacement of the feedback

spring
radius of pilot tube

fluid volume between main poppet

and pilot poppet when closed

fluid volume between the valve and

the retracted load piston
fluid volume between closed pilot
poppet and solenoid housing
orifice discharge coefficient
fluid bulk modulus

fluid density

fluid viscosity

jet angle for flow force

pilot poppet position

pilot poppet velocity

pilot poppet acceleration
main poppet position

main poppet velocity

main poppet acceleration

control volume pressure between
the main poppet and pilot poppet
control volume pressure between
the pilot poppet and the actuator
housing

supply pressure

return line pressure

flow force on pilot poppet

flow force on pilot poppet

flow force on main poppet
actuator force on the pilot poppet
flow rate across the inlet orifice to
control volume
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[m”]
[m”]

[Ns/m]
[Ns/m]
[Ns/m]
[N]
[m]

[m]

[m]
[m]
[N/m]
[ke]
[ke]
[ke]
[m]

[m]

[m’]
[m’]

[m’]

[Pa]
[kg/ m’]
[Ns/ m?]

[m]
[m/s]
[m/s?]
[m]
[m/s]
[m/s?]
[Pa]

[Pa]

[Pa]
[Pa]
[N]
[N]
[N]
[N]

[m?/s]

0, flow rate across the outlet orifice  [m?/s]
from control volume
Os low Re tube flow through a circular [m?/s]

tube in the pilot poppet
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Appendix

1. Detailed Calculation of the Elements of the State
Space Matrix:
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II. Initial Guess of the Error Covariance Matrix:
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