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Abstract— Fusion of a simulation model and observation data
has been investigated extensively for the purpose of data assim-
ilation in geophysics. The inaccuracy of the parameters, initial
conditions, or boundary conditions causes a discrepancy in the
simulation results and the actual phenomenon. The present paper
describes the parameter identification of a pressure regulator
with a nonlinear structure by sequential Bayes estimation in
the framework of data assimilation. A damping coefficient of
feedback system in the pressure regulator that cannot be observed
directly is estimated using a particle filter and a nonlinear state
space model. The data assimilation concept is demonstrated using
a pressure regulator as an engineering application.
Keywords: Parameter identification, data assimilation,
particle filter, nonlinear state space model, pressure regu-
lator.

I. I NTRODUCTION

In the procedure of modeling, the unknown parameters that
are difficult or impossible to observe directly may be included
in the constructed model. Parameter identification, which has
been investigated in a number of studies, is a method that
decides such values. Conventionally, there are two types of
parameter identification for a nonlinear model: (i) linearization
of the model itself by linear approximation around the equilib-
rium point, and (ii) application of the Extended Kalman Filter
by linear approximation around the state variables at each time.
However, in these methods, the performance of identification
is degraded if the model has strong nonlinearity [1].

The particle filter [2], [3], [4] method has received a great
deal of attention in various fields [5]. This filter performs
sequential Bayes estimation and is able to deal with the model
nonlinearity, non-Gaussian distribution of the assumed prob-
ability model, and high-dimensional state quantities directly.
Such model are used extensively in oceanography, geophysics,
and meteorology for data assimilation [6], [7], [8], [9] because
the models constructed for simulation in such fields may have
strong nonlinearity and high-dimensional state variables. In
these cases, the simulation results obtained using non-linear
and non-Gaussian models tend to have a discrepancy with
the actual phenomenon. The discrepancy is caused by non-
linearity of the simulation model or inaccuracy of the initial

or boundary conditions or parameters. Data assimilation is a
method in which discrepancies in the simulation results, initial
or boundary conditions, and parameters are compensated by
the fusion of the simulation model and the observation data.
The particle filter is an efficient method for achieving this
fusion.

Data assimilation by fusion of the simulation model and
observation data is also important in engineering. Successful
fusion has some advantages, such as decreasing experimental
uncertainly, reduction and concentration of the measurement
points thorough the clarification of interesting or influential
variables in the system, and/or validation of the accuracy of
the physical model. Simulation based on a physical model
is regarded as a powerful method for designing products
and clarifying objective systems. For example, in the design
process of an automobile or an airplane, numerical simulation
experiments are usually performed using physical models by
analysis of the forward problem and wind-tunnel testing are
carried out in order to observe from the real system both.
However, in many cases, these two types of experiments
are performed independently, and the results of wind-tunnel
testing are only used for validating the results of the numerical
simulation experiment, or vice versa. In this approach, fusion
of a simulation model and observation data is poor.

Although some studies have investigated the fusion of a
simulation model and observation data in engineering, f.e.
[10], [11], most studies introduce some of sort of linearization.

In the present study, we consider a pressure regulator with
a non-linear structure as an engineering case study for data
assimilation because the pressure regulator has a simple mech-
anism but strong nonlinearity. Here, the damping coefficient
of the feedback system in the pressure regulator is identified
because it is difficult to measure the value of the damping
coefficient parameter directly. In the parameter identification,
we base the simulation model of the pressure regulator on a
number of physical rules and construct a non-linear state space
model [3]. Then, parameter identification by the constructed
pressure regulator model is performed without linearization in
the framework of data assimilation by using a particle filter.
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Fig. 1. Single-stage pressure regulator

II. SIMULATION MODEL

A. Pressure Regulator

Figure 1 shows an LP gas single-stage pressure regulator. In
the present paper, the discussion is limited to the domestic LP
gas pressure single-stage regulator. The regulator is positioned
between an LP high-pressure container and a gas meter and
is used to depressurize gas from high-pressure gas containers,
so that the regulator can be used in domestic gas devices such
as stove burners. (In high pressure containers, the maximum
and minimum pressure differentials with respect to atmo-
spheric pressure are approximately 1.56 MPa and 0.07 MPa,
respectively. The maximum absolute pressure is approximately
1.66 MPa, and the minimum absolute pressure is 0.17 MPa.
In domestic devices, the maximum and minimum pressure
differentials with respect to atmospheric pressure are 2.8 kPa
and approximately 3.3 kPa. The maximum absolute pressure is
approximately 1,046 hPa, and the minimum absolute pressure
is 1,036 hPa.) For this purpose, the regulator controls the
divergence of the rubber valve and the nozzle to in order to
equalize the pressure in the decompression chamber with the
pressure of an air chamber at a desirable output pressure. In
order to do this, the regulator has a feedback system.

B. Variables and Parameters

Qt: Flow volume from LP gas container to the inlet of
the regulator[m3/s], Q1(t): Flow volume from the nozzle
to the decompression chamber[m3/s], Q2(t): Flow volume
from the decompression chamber to the outlet[m3/s], Qa(t):
Flow volume between the air chamber and the atmosphere
[m3/s], Pt: Pressure in the LP gas container[Pa], Pi(t):
Pressure in the inlet of regulator[Pa], Pd(t): Pressure in
the decompression chamber[Pa], Patm: Atmospheric pressure
[Pa], Pa: Pressure in the air chamber[Pa], Ai: Cross-sectional
area of the inlet of the regulator[m2], Ao: Cross-sectional
area of the outlet[m2], Aa: Cross-sectional area of the hole
in the air chamber cap[m2], dn: Diameter of the nozzle
[m], ρa: Density of air [kg/m3], ρg: Density of LP gas
[kg/m3], S: Effective area that can receive the pressure of
the diaphragm[m2], Vi: Volume of the inlet to the regulator
[m3], Vd: Initial volume of the decompression chamber[m3],
Va :Initial volume of the air chamber[m3], R: Gas constant
[J/(kg ·K)], T : Temperature[K], m: Mass of the diaphragm
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Fig. 2. Block diagram of the feedback system

and spring[kg], d: Damping factor of the diaphragm and
spring[N ·s/m], k: Spring factor of the diaphragm and spring
[N/m], x(t): Displacement of the diaphragm[m], x0: Quantity
of the fastened springs[m], l: Lever ratio, z(t): Distance
between the nozzle and the rubber valve[m], g: Gravitational
constant[m/s2], c: Flow volume coefficients,cf : Conversion
factor fromm3 to mol.

C. Flow Volume and Pressure

Flow volumesQt and Q2 can be expressed as physical
models of the flow into an orifice. These models are given,
respectively, by the following equations based on Bernoulli’s
theorem:

Qt(t) = cAisgn(Pt − Pi(t))

√
2
ρg

|Pt − Pi(t)|, (1)

Q2(t) = cAosgn(Pd(t) − Patm)

×

√
2
ρg

|Pd(t) − Patm|. (2)

PressurePi can be shown as a physical model by using the
difference between the flow into the duct and the flow out of
the duct. This model is given by the following equation based
on a state equation:

Pi(t) =
cfRT

Vi

∫
(Qt(t) − Q1(t))dt. (3)

D. Flow Volume between the Nozzle and the Rubber Valve,
and Pressure in the Decompression Chamber

Flow volume can be expressed as a mathematical model of
a flapper-nozzle system. This model is given by the following
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Fig. 3. Graphical model of the regulator’s simulation model

equation:

Q1(t) = πcdnz(t)sgn(Pi(t) − Pd(t))

×

√
2
ρg

|Pi(t) − Pd(t)|. (4)

Since the volume in the decompression chamber is influenced
by the displacement of the diaphragm, the model can also be
expressed as follows:

Pd(t) =
cfRT

Vd − x(t)S

∫
(Q1(t) − Q2(t))dt. (5)

E. Flow Volume and Pressure in the Air Chamber

For the reason described above, the flow volumeQa be-
tween the air chamber and the atmosphere is given by the
following equation:

Qa(t) = cAasgn(Patm − Pa(t))

×
√

2
ρa

|Patm − Pa(t)|. (6)

The air chamber is open to the atmosphere and the volume is
influenced by the displacement of the diaphragm, as follows:

Pa(t) =
cfRT

Va + x(t)S

∫
(Qa(t))dt

+Patm
Va

Va + x(t)S
. (7)

F. Dynamics of the Diaphragm and the Rubber Valve

The equilibrium position of the diaphragm is determined by
the differential pressure of the decompression chamber and the
air chamber. Here,x0 is adjusted to bring this position into a
desirable range.

The behavior of the diaphragm can be expressed by a mass-
damper-spring system. The positive direction ofx was set to
be the direction of gravitational force, andx was set to be

a consistently positive value. The dynamic equation of the
diaphragm is given by the following equation with the addition
of the forces of the fastened spring and gravitational force:

m
d2x(t)

dt2
+ d

dx(t)
dt

+ kx(t) = S(Pa(t) − Pd(t))

+kx0 + mg. (8)

where z moves in proportion to the lever ratio of the link
structure dependent on the displacement of the diaphragm. The
divergence of the rubber valve is controlled by this movement.

z(t) = l · x(t). (9)

Figure 2 shows a block diagram of the feedback system of the
regulator model. The block diagram reveals that the feedback
system has strong nonlinearity. Figure 3 shows a graphical
model of the regulator’s simulation model and Figure 4
shows the variablesQa in the noise-free condition at damping
coefficient 0.1.

III. O BSERVATION DATA

Here, observed data is employed for parameter identifi-
cation. The data is measured for pressure regulator fault
diagnosis [12]. The exterior of the regulator is sturdy in order
to ensure explosion-proof construction, and it is difficult to
measure the vibration of the diaphragm directly. Therefore,
we measured changes in pressure based on the air flowQa

generated due to the movement of the diaphragm by using
a microphone fixed to the upper wall inside a semi-closed
vessel placed on the regulator. The microphone is inexpensive
and small and has been used in a number of applications [13],
[14]. Figure 5 shows the observed time series data ofQa at a
sampling time of 0.1 ms. The data was measured in situation
that the flow rate ofQ2 is 600L/h. The vertical axis shows
the voltage as raw data. Therefore, the unit is converted from
voltage to flow volume by an ad-hoc method.

888



0 10 20 30 40 50 60 70 80 90 100-1.5-1.0-0.500.51.01.52.0
Time [ms]Flow rate volume [kg/h]

Fig. 4. VariableQa in a noise free simulation
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Fig. 5. Observation data ofQa

IV. PARAMETER IDENTIFICATION FRAMEWORK

A. Nonlinear State Space Model

The particle filter can deal with a nonlinear system and
observation equations. The nonlinear state space model is
given by the following equation:

xt = ft(xt−1,vt), (10)

yt = ht(xt,wt), (11)

vt ∼ N(0, Vt),wt ∼ N(0, Rt)

where xt is the state vector at timet, yt is a time series
observation,ft and ht are functions representing model dy-
namics,vt is the system noise,wt is the observation noise,Vt

andRt are covariance matrices of the system and observation
noises, and respectively,N(0, V ) is a Gaussian distribution
with 0 mean and covariance matrixV . Here,y1:t represents
the observation set{y1,y2, · · · ,yt}. (Note that thex indicates

the state vector, and is distinct from the displacement of the
diaphragmx mentioned in the following.)

The main interest in this form is to estimate the most
probable PDFs of the state variablesxt based on the observed
time datayt. The Kalman filter [15] is a well-known and
efficient method of estimation ifft andht are linear functions.
However, the Kalman filtering algorithm cannot be used in the
present case becauseft is a nonlinear function.

B. Particle Filter

The particle filter is a kind of sequential Monte Carlo
method and approximates the probability distribution functions
(PDF) of xt by a sample set generated from assumed PDFs.
The sample is called a particle. The prediction distribution
and filter distribution of state vectorx are approximated by
the following equations:

p(xt|y1:t) ≅
1
N

N∑

i=1

δ(xt − x
(i)
t|t), (12)

p(xt|y1:t−1) ≅
1
N

N∑

i=1

δ(xt − x
(i)
t|t−1), (13)

whereδ(·) is Dirac’s delta function,xt|j expresses a condi-

tional mean ofp(xt|y1:j), and{x(i)
t|· }

N
i=1 is a set ofN particles

generated byp(xt|y1:·). The filtering particles are calculated
by using above approximation and the following procedures:

1) Generate the initial particles from an initial distribution
p0(x) abouti = 1, · · · , N .

2) Execute the following steps at timet = 1, · · · , T ′.

a) Generate a random number{v(i)
t }N

i=1 and calculate
{x(i)

t|t−1}
N
i=1 by x

(i)
t|t−1 = ft(x

(i)
t−1|t−1,v

(i)
t ).

b) Calculatew
(i)
t = ht(yt|x

(i)
t|t−1) based on the likeli-

hood.
c) Determine the filtering particles set{x(i)

t|t}
N
i=1 by

sampling with replacement from{x(i)
t|t−1}

N
i=1 pro-

portional to{w(i)
t }N

i=1

The filtering PDFp(xt|y1:t) is approximated sequentially by
this procedure.

C. Construction of Identification Procedure

In the nonlinear state space model, the state
vector in the present case consists ofxt =
{P1t, Pdt, Pat, Qtt, Q1t, Q2t, Qat, xt, zt, dt}T by using
discretized variables. The parameterd is not included in a
state vector in normal simulation. In the present framework,
the parameterd is included in an element of the state vector
as a variable, and the probable value is estimated by a
particle filter based on likelihood. The sample set{d(i)

t }N
i=1

is generated as follows:

d
(i)

t̃
= d

(i)

t̃−L
+ r(i), (14)

where r(i) ∼ N(0, 1), t̃ is a time indicator of assimilation
step andL is a time interval that observation data is given
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Fig. 6. Graphical model of the model of the regulator for damping coefficient identification

in simulation steps. Figure 6 shows a graphical model for
damping coefficient identification. The identification frame-
work involves the damping coefficientd as a variable like
Figure 6.

The covariance matrix of the system noiseVt is determined
from observation experiments and is introduced to the variable
Pdt as the turbulent flow effect.

V. EXPERIMENT

A. Experimental Condition

We use a fourth-order Runge-Kutta method for time evolu-
tion in simulation at a sampling time of 0.01 ms. Therefore,
the estimation procedure is carried out once in ten simulation
steps because the sampling time of observation data is 0.1
ms. That is, we set asL = 10. Here, we set the system
noise asvt ∼ N(0, 5.1 × 10−3), the observation noise as
wt ∼ N(0, 0.01), and the number of particles asN = 100.

B. Experimental Results

We carried out the experiments using three different initial
values with respect tod in the above condition. Here,d0 is
set to 2, 4 and 6, respectively. Figure 7 shows the results of
parameter identification. The value of vertical axis in Figure
7 indicates the mean of 100 particles with respect todt̃

at each assimilation step. The estimated value in the three
experiment approaches around 4.0. This value is reasonable
for the damping coefficient of the feedback system and corre-
sponds to a damping coefficient estimated from intuitively the
observation data. The first 50 steps of the feedback system
are in the transient response, and the later steps are in the
steady state. However, the vibration is continued by the effect
of the noise term. In this case, degeneration [16], which
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Fig. 7. Parameter identification result

is a problematic phenomenon associated with the particle
filter whereby particles concentrate in a narrow region during
prediction and filtering, did not occur because the variance
of particles about each variable and the damping coefficient
d are set to be comparatively large. With the large variance,
the estimated mean values of the particles fluctuate around a
certain value even in the late assimilation steps.

890



VI. CONCLUSION

The present paper described parameter identification of the
damping coefficient of a pressure regulator system with a
nonlinear structure using a particle filter and a nonlinear state
space model. A framework for parameter identification of a
nonlinear system without linearization in the data assimila-
tion framework for engineering was demonstrated. In other
applications, the parameter identification or initial or boundary
condition estimation for nonlinear systems will be carried out
automatically in this framework.
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