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Abstract

Stochastic system identification is of great interest in the areas of control and commu-
nication. In stochastic system identification, a model of a dynamic system is deter-
mined based on given inputs and received outputs from the system, where stochastic
uncertainties are also involved. The scope of the report is to consider continuous-time
models used within control and communication and to estimate the model parameters
from sampled data with high accuracy in a computational efficient way. Continuous-
time models of systems controlled in a networked environment, stochastic closed-loop
systems, and wireless channels are considered. The parameters of a transfer function
based model for the process in a networked control system are first estimated by a co-
variance function based approach, relying upon the second order statistical properties
of the output signal. Then, some other approaches for estimating the parameters of
continuous-time models for processes in networked environments are also considered.
Further, the parameters of continuous-time autoregressive exogenous models are esti-
mated from closed-loop filtered data, where the controllers in the closed-loop are of
proportional and proportional integral type, and where the closed-loop also contains a
time-delay. Moreover, a stochastic differential equation is derived for Jakes’s wireless
channel model, describing the dynamics of a scattered electric field with the moving
receiver incorporating a Doppler shift.
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Introduction

Identification of systems is often made by using digital computers, which is based on
availability of the discrete-time input and output. The process models to be identified
is either of continuous-time nature or discrete-time nature. This report focus on iden-
tification of continuous-time stochastic systems. The parameters of the continuous-
time stochastic models are estimated with high accuracy from the sampled data with
high computational efficiency. An important aspect of a model derivation in terms of
a stochastic differential equation (SDE) is also considered in the scope of this report.
This chapter contains an introduction to continuous-time stochastic systems, scope of
methodologies for estimation of the parameters and a model derivation in terms of a
SDE, along with a summary of contributions of the later chapters. The systems inves-
tigated are networked control systems, closed-loop stochastic systems, and multi-path
fading wireless channels, where a model in terms of a SDE is derived for the multi-path
fading scattered electric field of the wireless channel.

1.1 Models of continuous-time systems
Generally, the application of the specific identification method is associated with the
specific structure of the continuous-time system. An overview of the structures of the
continuous-time systems investigated in later chapters is presented here. The continuous-
time systems can be categorized in two main branches; deterministic systems and
stochastic systems [1].

A dynamic system in which the relationship between the states and the events can be
precisely measured and where a given input always produce the same output is defined
as a deterministic system. The model

A(p)y(t) = B(p)u(t) (1.1)

gives a general description of a continuous-time deterministic systems, where

A(p) =

n∑
i=0

aip
n−i, B(p) =

r∑
i=1

bip
m−i, (1.2)

where p denotes the differentiation operator. The parameter vector for the model (1.1)
is

θ0 =
[
a1 · · · an b1 · · · bm

]T
. (1.3)

1
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A continuous-time systems can also be described by a state-space model. The state-
space representation corresponding to the model (1.1) is

ẋ(t) = Ax(t) + Bu(t), (1.4)
y(t) = Cx(t), (1.5)

where A, B, and C are the matrices of appropriate sizes. See, for example, [2] for
further material on deterministic continuous-time systems.

A dynamic system having non-deterministic behavior in which the relationship be-
tween the states and the events can not be precisely measured, where the state is deter-
mined both by the predictable actions and by a random element is defined as a stochastic
system. One general description of such a system is the continuous-time ARMAX pro-
cess

A(p)y(t) = B(p)u(t) + C(p)e(t), (1.6)

where

A(p) =

n∑
i=0

aip
n−i, B(p) =

m∑
i=1

bip
m−i, C(p) =

r∑
i=1

cip
r−i, (1.7)

with a0 = 1, where p denotes the differentiation operator and e(t) is continuous-time
white noise. Continues-time stochastic systems are treated thoroughly in, for example,
[3–5]. Note that the model (1.6) is described as a continuous-time ARMA model for
B(p) = 0. The parameter vector for the model (1.6) is

θ0 =
[
a1 · · · an b1 · · · bm c1 · · · cr

]
. (1.8)

In a general continuous-time model

ẋ(t) =
dx(t)

dt
= αx(t) + βe(t), (1.9)

where e(t) is a continuous-time white noise process with zero mean and constant spec-
trum. This white noise process has no physical existence due to infinite variance and
mathematically relies on the generalized functions. Therefore, the SDE

dx(t) = αx(t)dt+ βdW (t), (1.10)

with W (t) representing a Wiener process [6], is more formally used.

1.2 A direct approach for parameter estimation
The estimation of the parameters of a specific model by forming a linear regression and
then using the least squares method is described for model (1.1). The linear regression
for the model (1.1) is given as

y(t) = ϕT (t)θ0, (1.11)
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where the parameter vector θ0 is defined in (1.3) and the regression vector ϕ(t) is
described as

ϕT (t) =



−pn−1y(t)
−pn−2y(t)

...
−y(t)
pmu(t)
pm−1u(t)

...
u(t)


. (1.12)

The parameter vector θ0 can be estimated by least squares as

θ̂ =

(
N∑
t=1

ϕ(t)ϕT (t)

)−1 N∑
t=1

ϕ(t)y(t), (1.13)

provided that the inverse exists. The differentiation operator must be approximated.
See, for example, [7] for how this can be done. Note that this can be implemented
on-line [8–10] as

θ̂(tk) = θ̂(tk−1) +K(tk)
(
y(tk)−ϕT (tk)θ̂(tk−1)

)
, (1.14)

where θ̂(tk) is the estimate of θ0 at time tk,

K(tk) = P (tk−1)ϕ(tk)
(
λ+ϕT (tk)P (tk−1)ϕ(tk)

)
, (1.15)

and

P (tk) =
P (tk−1)− P (tk−1)ϕ(tk)ϕT (tk)P (tk−1)

(
λ+ϕ(tk)TP (tk−1)ϕ(tk)

)−1

λ
,

(1.16)
where λ is a forgetting factor.

1.3 Summary of Chapter 2
A covariance function based approach to the networked parameter estimation problem
is described in Chapter 2. The networked control system as described in Figure 1.1 has
randomly distributed time-delays in the wireless links [11–14]. The time-delay from the
sensor to the controller is described by τsc,k, and the time-delay from the controller to
the actuator is described by τca,k. The total time-delay from the sensor to the controller
and then to the actuator is τk = τsc,k+τca,k. A continuous-time model of the networked
control system is chosen since the random time-delays make it difficult to work with a
discrete-time model; a time-varying model would be required to described the discrete-
time system. The model (1.4)-(1.5) is assumed for the process in network environment.
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Figure 1.1: A networked control system for the clock sampling

The corresponding time-varying discrete-time model is represented by

x(kh+ h) = eAhx(kh) +

∫ h−τk

0

eAσdσBuk +

∫ h

h−τk
eAσdσBuk−1, (1.17)

for the case when 0 6 τk 6 h, where h is the sampling interval, whereas five equations
are needed for the case when 0 6 τk 6 2h. A general expression for the discrete-time
model of a networked control system is given in [15, 16], and a simplified expression
for {τk} 6 3h is given as

x(kh+ h) = Fx(kh) +

(∫ h−tk,1

0

eAσB dσ

)
uk +

(∫ 2h−tk,2

h−tk,1

eAσB dσ

)
uk−1

+

(∫ 3h−tk,3

2h−tk,2

eAσB dσ

)
uk−2 +

(∫ h

3h−tk,3

eAσB dσ

)
uk−3, (1.18)

where

tk,j = min


max{0, τk+j−l + (j − l)h},
max{0, τk+j−l+1 + (j − l + 1)h}, . . . ,
max{0, τk−l − lh}, h


for j ∈ {1, 2, 3}, where l = τmin/h and l = τmax/h are positive integers. The different
sizes of the time-delays, i.e., the sizes of τk, τk−1, and τk−2 for {τk} 6 3h, has the
following effects at discrete-time model:

• The total number and the structure of the integrals in (1.18) is varying, thus con-
tributing to the time-varying nature of the discrete-time model. If the input sig-
nal samples are taken from a white noise sequence, it is shown that we have a
discrete-time ARMA model with time-invariant AR part and time-variant MA
part.

• Any specific set of these time-delays for τk > h, represent a discrete-time equa-
tion. To formulate the total number of equations from (1.18) the total number of
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these specific time-delays are required. The procedure of finding these specific
time-delay is described. In summery, there are 144 equations for τk 6 3h, five
equations for τk 6 2h and one equation (1.17) for τk 6 h, for specific set of
these time delay.

A statistical analysis of the “fictitious” input signal samples corresponding to the clock
sampling instants is made. This is of interest since the degree of whiteness of these fic-
titious samples sent from the controller is affected by the random time-delays when
they reach the actuator. It turns out that this non-whiteness can be described as a
MA(2) process for τk 6 3h. The sampled output signal is characterized by a stan-
dard ARMA(n, n+ l − 1) model, where l is related to the size of the time-delays. The
MA part of the sampled output signal depends in a complicated way on the system
parameters and the statistical properties of the time-delays. The estimation of param-
eters consists of two parts. In the first part, a discrete-time Yule-Walker equation is
used for estimating the parameters of the transfer function denominator polynomial the
networked controlled system process. In the second part, an equation relating the co-
variance function of the output signal and derivatives of the covariance function of the
filtered input signal at the controller is used for the numerator polynomial parameter
estimation. The covariance function based approach is easy to work with as it only re-
lies on second order statistical properties, and that the input signal samples are from a
discrete-time white noise sequence. In particular, the method does not need to know the
actual irregular time instants when new input signal levels are applied at the actuator.

1.4 Summary of Chapter 3
In this Chapter a comparison study of some parameter estimation approaches for a
networked control system as in Figure 1.1 is made. The discrete-time description of
the process in the networked environment is time varying due to random time-delays
and is hence difficult to work with. Therefore, a continuous-time description as (1.1) is
considered. The networked control system is discretized in two ways:

• The commonly used clock sampling criteria, as described in (1.17) for small
time-delays τk 6 h. The discretization for larger time-delays τk 6 2h is also
considered, which is described by five equations.

• An irregular sampling criterion is also proposed for which architectural changes
in the sensor in the networked control system are required for implementing the
criteria. The sampling is described by

x(Λk+1) = eAτkx(Λk) +

∫ τk

0

eAσdσBu(Λk−1), (1.19)

where
Λk = Σk−1

i=1 τi, (1.20)
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and

τsc,k = h+ τsc, (1.21)
τca,k = h+ τ ca. (1.22)

Here, τsc ∈ U(0, hh) and τ ca ∈ U(0, hh), where h and h parameters for any
specific description of the networked control system time-delays.

Off-line as well as on-line situations are considered for estimation of the parameters.
A comparison study of three estimation approaches is made. In the first approach, the
open-loop description of the networked control system is considered, where the input
is acting at the actuator and then the output is received from the sensor. The parameters
are estimated similar to what is described in the beginning of Section 1.2. In the second
approach, following [17] a transformation of the differentiation operator p to another
casual and stable linear operator ψ is made, and

G(p) =
B(p)

A(p)
=
B̃(ψ)

Ã(ψ)
= G(ψ), (1.23)

where ψ = 1/κ
p+1/κ is a filter operator, is obtained. Thereafter, the parameters are esti-

mated in a similar way to what is described in the beginning of the Section 1.2. In the
last approach, a closed-loop description of the networked control system is considered.
The dynamics of the time-delay in the closed-loop of the networked control system
from the sensor to the controller and then to the actuator are included. The time-delay
in the closed-loop is approximated by the Padé approximation e−τkp = −p+2

p+2 , a linear
regression is formed and the parameters are estimated by least squares. The on-line
estimate for the first approach is described by (1.15), which is respectively modified
for the other two approaches. These three estimation approaches are implement for the
clock-sampling and the proposed irregular sampling criteria. The numerical study for
the description of these three approaches is presented in the examples.

1.5 Summary of Chapter 4
This Chapter deals with parameter estimation from possibly irregularly sampled data
from a closed-loop system as described in Figure 1.2. Here, G(p) = B(p)/A(p),
H(p) = 1/A(p), and the process is controlled by F (p) = F1(p)

F2(p) , a proportional (P) or
a proportional (PI) integral controller with known parameters. The closed-loop system
contains a time-delay, approximated as e−sT ≈ ∆(s) = ∆1(s)

∆2(s) ,where ∆(s) is a rational
transfer function. The closed-loop system is described by a continuous-time ARMAX
(CARMAX) process

y(t) = Gry(p)r(t) +Gey(p)e(t), (1.24)
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F (s) G(s) e−sT

H(s)

e(t)

r(t) y(t)

−

Figure 1.2: The closed-loop system configuration.

where r(t) is the reference signal and

Gry(p) =
∆1(p)B(p)F1(p)

∆2(p)A(p)F2(p) + ∆1(p)B(p)F1(p)
, (1.25)

Gey(p) =
∆2(p)F2(p)

∆2(p)A(p)F2(p) + ∆1(p)B(p)F1(p)
. (1.26)

whose parameters are difficult to estimate due to the structure of Gey(p). However, by
introducing a filtration approach, (1.24) can be written as

ȳ(t) = Gry(p)r̄(t) + Ḡey(p)e(t), (1.27)

where ȳ(t) = (1/∆2(p)F2(p))y(t), r̄(t) = (1/∆2(p)F2(p))r(t), and

Ḡey(p) =
1

∆2(p)A(p)F2(p) + ∆1(p)B(p)F1(p)
. (1.28)

Moreover, let Gry(p) = B̄(p)/Ā(p), and Ḡey(p) = 1/Ā(p), where Ā(p) = pm +
α1p

m−1 + . . .+ αm, B̄(p) = β1p
m−1 + . . .+ βm, and express (1.27) as

Ā(p)ȳ(t) = B̄(p)r̄(t) + e(t), (1.29)

which is analogous to the CARX model (1.1) for e(t) = 0. This means that (1.29) can
be written in the linear regression from as

ρ(tk) = ϕT (tk)ψ + ε(tk), (1.30)

with ε(tk) as an equation error. The parameters θ0 = [a1, · · · , an, b1, · · · , bm]T can
now be estimated using the approach [18, 19]. Finally, a mapping of the estimate ψ̂
onto estimates θ̂ and T̂ must be made.

1.6 Summary of Chapter 5
In this Chapter, a model in the form of a SDE for the dynamics of a scattered electric
field at a moving receiver for a wireless channel is given. Generally, in typical radio
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mobile communication, the transmitter is fixed and the receiver is moving and multi-
path component are available at the receiver due to reflections from the environment,
that is, through buildings etc. The received signal is well defined by Jakes’s model

r(t) = Re

{
P∑
k=1

Ake
i(2πfkt−2πfcτk)ei(2πfct)

}
,= Re

{
E(t)ei(2πfct)

}
, (1.31)

where

E(t) =
P∑
k=1

Ake
i(ωkt+φk(t)), (1.32)

r(t) is the received signal at a moving receiver, P is the number of paths, and fc is the
carrier frequency of the baseband signal. Moreover, τk, fk, and Ak are the correspond-
ing time-delay, the Doppler frequency and the strength, respectively, for path k. The
random phase offset or the random phase shift −2πfcτk is associated with the delay
through the multi-path reception and may be represented by φk(t), E(t) represents the
scattered electric field for the multi-path fading wireless channel and ωk is the Doppler
frequency in radians. Just as in [20], the randomness of the phases φk(t) is described
as

dφk(t) =
√
CdWk(t), (1.33)

where C is a constant and dWk(t) is the increment of the Wiener process Wk(t). The
Wiener processes Wk(t), k = 1, . . . , P , are assumed independent. The received signal
can be decomposed as

r(t) = Re[E(t)ei(2πfc(t))] = EI(t) cos(2πfct)− EQ(t) sin(2πfct), (1.34)

where EI(t) and EQ(t) are the in-phase and quadrature components described as

EI(t) =

P∑
k=1

cos (ωkt+ φk(t)),EQ(t) =

P∑
k=1

sin (ωkt+ φk(t)). (1.35)

The auto-correlation and the cross-correlation of the in-phase and the quadrature com-
ponent observe a character of Bessel function [21]. Two scenarios for the Doppler shift
are considered.

The first scenario is when the receiver moves with approximately constant speed
with respect to the transmitter, and where the negligible variations in the Doppler fre-
quency are assumed. The SDE for any twice differential function f(t, {dWk}), can be
modeled by using the Ito’s formula [22–24] defined as

dx(t) =

(
∂f

∂t
+

N∑
i=1

∂f

∂Wi,k
)dt+

1

2

N∑
i=1

∂2f

∂2Wi,k

)
dWi,k. (1.36)

where {dWk} = {dW1,k, dW2,k, · · · , dWN,k} is a set of independent Wiener pro-
cesses, see [23] for SDEs. Hence, the SDE

de(t) =

(
∂e(t)

∂t
− C

2
e(t)

)
dt+

√
CσdΓ(t), (1.37)
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is obtained for Jakes’s model (1.32) of the scattered electric field, where

e(t) = lim
P→∞

E(t,W(t), P ) (1.38)

and where the dependency on P is emphasized. An approximate model is found as

de(t) ≈
(
iω̄ − C

2

)
e(t)dt+

√
CσdΓ(t) (1.39)

with the approximation∂e(t)
∂t ≈ iω̄e(t).

The second scenario is when the variation in the Doppler signal from the multi-path
reception is large and not negligible. Multiple non-stationary objects in the path of the
wireless channel explain this situation well, where each moving object incorporates its
own Doppler. The case is considered for a wireless channel with a very large number of
moving objects, giving very large variation in the received Doppler signal in the multi-
path components. The random nature of the Doppler phase shift Φk(t) is modeled as

dΦk(t) = ωdt+ dϕkt, (1.40)

where ω = 2πf is constant and where dϕk(t) =
√
DdBk(t), with Bk(t) being a

Wiener process representing large variation in the Doppler phases received from the k
paths. This gives a modified Jakes’s model

ξ(t) =

P∑
k=1

Ake
i(ωt+ϕk(t)+φk(t)) (1.41)

for a scattered electric field with the large variations in the received Doppler, where
the Wiener processes Bk(t) and Wk(t) in (1.33) are independent. Using, Ito’s formula
(1.36) gives

dξ(t) =

(
iω − (C +D)

2

)
ξ(t)dt+

√
CσdΓ1(t) +

√
DσdΓ2(t), (1.42)

where dΓ1(t) and dΓ2(t) are complex valued Wiener processes. The SDE, whose pa-
rameters can be interpreted physically, facilitates efficient simulations as only one, for
the SDE (5.13), and two, for the SDE (1.42) complex valued signals need to be gen-
erated. A comparison between the derived SDEs and the Jakes’s model describing the
scattered electric field is made, which is based on the comparison of the second order
properties, i.e., covariance function.



Bibliography

[1] E. K. Boukas Z. K. Liu and E. K. Boukas. Deterministic and Stochastic Time-
delay Systems. Birkhäuser Boston, 1st edition, 2002.

[2] T. Glad and L. Ljung. Control Theory, Multivariable and Nonlinear Methods.
Taylor and Francies, 2000.

[3] V. G. Kulkarni. Modeling and Analysis of Stochastic Systems. Taylor and Francies,
2nd edition, 2009.

[4] K. J. Åström. Introduction to Stochastic Control Theory. Dover Publications,
Mineola, NY, 2006. Republication of the edition published by Academic Press,
New York, NY, 1970.

[5] T. Söderström. Discrete-Time Stochastic Systems. Springer-Verlag, London, 2nd
edition, 2002.

[6] N. Wiener. Differential space. Journal of Mathematics Physics, (2):131–174,
1923.

[7] M. Mossberg. High-accuracy instrumental variable identification of continuous-
time autoregressive processes from irregularly sampled noisy data. IEEE Trans.
on Signal Processing, 56(2):4087–4091, August 2008.

[8] T. Söderström and P. Stoica. System Identification. Prentice Hall, Internaional UK
Ltd, 1989.

[9] L. Ljung. System Identification: Theory for the users. PTR Prentice Hall, Engle-
wood Cliffs, New Jersey, 2nd edition.

[10] L. Ljung and T. Söderström. Theory and Practice of Recursive Identification. The
MIT Press Cambridge, Massachustts, 1987.

[11] T. C. Yang. Networked control system: A brief survey. IEE Proc. Control Theory
Appl., 153(4):403–412, July 2006.

[12] J. Baillieul and P. J. Antsaklis. Control and communication challenges in net-
worked real-time systems. Proc. of the IEEE, 95(1):9–28, January 2007.

[13] J. P. Hespanha, P. Naghshtabrizi, and Y. Xu. A survey of recent results in net-
worked control systems. Proc. of the IEEE, 95(1):138–162, January 2007.

[14] F-Y. Wang and D. Liu. Networked Control Systems. Springer-Verlag, London,
UK, 2008.

90



91

[15] Y. Yang, D. Xu, M. Tan, and X. Dai. Stochastic stability analysis and control of
networked control system with randomly varying long time-delays. In Proc. 5th
World Congress on Intelligent Control and Automation, pages 1391–1395, June
15–19 2004.

[16] M. B. G. Cloosterman, N. van de Wouw, W. P. M. H. Heemels, and H. Nijmeijer.
Stability of networked control systems with uncertain time-varying delays. IEEE
Trans. on Automatic Control, 54(7):1575–1580, July 2009.

[17] R. Johansson. Continuous-time model identification and state estimation using
non-uniformly sampled data. Saint-Malo, France, July 6–8 2009.

[18] T. Söderström, H. Fan, B. Carlsson, and S. Bigi. Least squares parameter esti-
mation of continuous-time ARX models from discrete-time data. IEEE Trans. on
Automatic Control, 42(5):659–673, May 1997.

[19] E. K. Larsson, M. Mossberg, and T. Söderström. Identification of continuous-time
ARX models from irregularly sampled data. IEEE Trans. on Automatic Control,
52(3):417–427, March 2007.

[20] T. Feng, T. R. Field, and S. Haykin. Stochastic differential equation theory applied
to wireless channels. IEEE Trans. on Communications, 55(8):1478–1483, August
2007.

[21] W. C. Jakes, Jr. Microwave Mobile Communications. Wiley, New York, NY, 1974.

[22] P. E. Kloeden and E. Platen. Numerical Solution of Stochastic Differential Equa-
tions. Springer-Verlag, Berlin/Heidelberg, Germany, 1992.

[23] B. Oksendal. Stochastic Differential Equations: An Introduction with Applica-
tions. Springer-Verlag, New York, NY, 6th edition, 2003.

[24] R. Brockett. Stochastic Control. Lecture Notes, Harvard University, 1983.

[25] R. M. Murray, K. J. Åström, S. P. Boyd, R. W. Brockett, and G. Stein. Future di-
rections in control in an information-rich world. IEEE Control Systems Magazine,
23(2):20–33, April 2003.

[26] L. Schenato, B. Sinopoli, M. Franceschetti, K. Poolla, and S. S. Sastry. Founda-
tions of control and estimation over lossy networks. Proc. of the IEEE, 95(1):163–
187, January 2007.

[27] W. Zhang, M. S. Branicky, and S. M. Phillips. Stability of networked control
systems. IEEE Control Systems Magazine, 21(1):84–99, February 2001.

[28] J. Xiong and J. Lam. Stabilization of networked control systems with a logic
ZOH. IEEE Trans. on Automatic Control, 54(2):358–363, February 2009.

[29] A. S. Matveev and A. V. Savkin. Estimation and Control over Communication
Networks. Birkhäuser Verlag, 2008.



92

[30] D. Brscic, I. Petrovic, and N. Peric. ATM available bit rate congestion control
with on-line network model identification. In Proc. 9th Int. Conf. on Electronics,
Circuits, and Systems, pages 1243–1246, Dubrovnik, Croatia, September 15–18
2002.

[31] L. X. Li, M. R. Fei, and X. Y. Xie. Adaptive control systems with network closed
identification loop. In Proc. Int. Conf. on Intelligent Computing, pages 1037–
1048, Kunming, China, August 16–19 2006.

[32] C. Li and J. Xiao. Adaptive delay estimation and control of networked control
systems. In Proc. Int. Symp. on Communications and Information Technologies,
pages 707–710, Bangkok, Thailand, October 18–20 2006.

[33] M. Fei, D. Du, and K. Li. A fast model identification method for networked con-
trol systems. Applied Mathematics and Computation, 205(2):658–667, November
2008.

[34] J. Wang, W. X. Zheng, and T. Chen. Identification of linear dynamic systems
operating in a networked environment. Automatica, 45(12):2763–2772, December
2009.

[35] L. Råde and B. Westergren. Mathematics Handbook for Science and Engineering.
Studentlitteratur, Lund, 4 edition, 2006.

[36] M. Mossberg. Pole estimation by the Yule-Walker equation and the total least
squares algorithm. In Proc. American Control Conf., pages 1683–1688, Min-
neapolis, MN, June 14–16 2006.

[37] M. Mossberg and T. Söderström. Continuous-time errors-in-variables system
identification through covariance matching without input signal modeling. In
Proc. American Control Conf., pages 4390–4391, St. Louis, MO, June 10–12
2009.

[38] M. Mossberg and T. Söderström. Covariance matching for continuous-time errors-
in-variables problems. Submitted to IEEE Trans. on Automatic Control, 2009.

[39] E. K. Larssonn, M. Mossberg, and T. Söderström. Identification of continuous-
time ARX models from irregularly sampled data. IEEE Trans. Automatic Control,
52(3):417 – 427, March 2007.

[40] E. K. Larsson, M. Mossberg, and T. Söderström. Estimation of continuous-time
stochastic system parameters. In H. Garnier and L. Wang, editors, Continuous-
time model identification from sampled data. Springer-Verlag. 2008.

[41] J. Wang, W. X. Zheng, and T. Chen. Identification of linear dynamic system op-
erating in a networked enviroment. Automatica, 45:2763–2772, December 2009.

[42] M. B. G. Cloosterman, N. Vouw, and W. O. H. Nijmeijer. Stability of networked
control systems with uncertain time-varying delays. IEEE Trans on Automatic
Control, pages 1575–1580, July 2009.



93

[43] M. Mossberg, Y. Irshad, and T. Söderström. A covariance function based approach
to networked system identification. 2nd IFAC Workshop on Distributed Estimation
and Control in Networked Systems, Annecy, France, 2010.

[44] M. B. G. Cloosterman, N. van de Vouw, W. P. M. H. Heemels, and W. O. H.
Nijmeijer. Stability of networked control systems with large delays. IEEE Trans.
on Decision and Control, pages 5017–5022, December 2007.

[45] T. Söderström and P. Stoica. System Identification. Prentice–Hall, Hemel Hemp-
stead, UK, 1989.

[46] L. Ljung. System Identification. Prentice–Hall, Upper Saddle River, NJ, 2nd
edition, 1999.

[47] K. J. Åström. Maximum likelihood and prediction error methods. Automatica,
16:551–574, 1980.

[48] M. Mossberg. Variance analysis of a cross-covariance matching method for
continuous-time ARX parameter estimation. IEEE Trans. on Automatic Control,
53(4):1072–1076, May 2008.

[49] M. Mossberg. Identification of continuous-time ARX models using sample cross-
covariances. In Proc. American Control Conf., volume 7, pages 4766–4771, Port-
land, OR, June 8–10 2005.

[50] M. Mossberg and Y. Irshad. Closed-loop identification of stochastic models from
filtered data. In IEEE Conf. System and Control, San Antonio, TX, 2008.

[51] R. H. Clarke. A statistical theory of mobile radio reception. Bell Syst. Tech. J.,
47(6):957–1000, July 1968.

[52] T. Feng and T. R. Field. A state-space model for flat fading channels with a novel
method of rational function filter design. IEEE Trans. on Wireless Communica-
tions, 7(12):5316–5325, December 2008.

[53] M. M. Olama, S. M. Djouadi, and C. D. Charalambous. Stochastic differential
equations for modeling, estimation and identification of mobile-to-mobile com-
munication channels. IEEE Trans. on Wireless Communications, 8(4):1754–1763,
April 2009.

[54] T. R. Field and R. J. A. Tough. Stochastic dynamics of the scattering amplitude
generating k-distributed noise. J. of Mathematical Physics, 44(11):5212–5223,
November 2003.

[55] T. Feng and T. R. Field. Statistical analysis of mobile radio reception: An ex-
tension of clarke’s model. IEEE Trans. on Communications, 56(12):2007–2012,
December 2008.



94

[56] M. Mossberg and Y. Irshad. A stochastic differential equation for wireless chan-
nels based on Jakes’s model with time-varying phases. In Proc. 13th IEEE Digi-
tal Signal Processing Workshop, pages 602–605, Marco Island, FL, January 4–7
2009.

[57] C. D. Charalambous and N. Menemenlis. Stochastic models for long-term multi-
path fading channels and their statistical properties. In Proc. 38th IEEE Conf. on
Decision and Control, pages 4947–4952, Phoenix, AZ, December 1999.

[58] M. Mossberg, E. K. Larsson, and E. Mossberg. Fast estimators for large-scale
fading channels from irregularly sampled data. IEEE Trans. on Signal Processing,
54(7):2803–2808, July 2006.

[59] M. Huang, P. E. Caines, and R. P. Malhamé. Uplink power adjustment in wireless
communication systems: A stochastic control analysis. IEEE Trans. on Automatic
Control, 49(10):1693–1708, October 2004.

[60] M. Mossberg, E. K. Larsson, and E. Mossberg. Long-term fading channel estima-
tion from sample covariances. Automatica, 45(5):1126–1133, May 2009.

[61] M. M. Olama, S. M. Djouadi, and C. D. Charalambous. Stochastic power con-
trol for time-varying long-term fading wireless networks. EURASIP Journal on
Applied Signal Processing, 2006. Article ID 89864.

[62] B. N. Datta. Numerical Methods for Linear Control Systems. Elsevier, San Diego,
CA, 2004.

[63] M. Mossberg. Estimation of continuous-time stochastic signals from sample co-
variances. IEEE Trans. on Signal Processing, 56(2):821–825, February 2008.

[64] M. Mossberg. High-accuracy instrumental variable identification of continuous-
time autoregressive processes from irregularly sampled noisy data. IEEE Trans.
on Signal Processing, 56(8):4087–4091, August 2008.

[65] A. Goldsmith. Wireless Communication. Cambridge University Press, Singapore,
2005.



Karlstad University Studies
ISSN 1403-8099     

ISBN 978-91-7063-348-5 

Some problems of modeling and  
parameter estimation in continuous-
time for control and communication

Stochastic system identification is of great interest in the areas of control and communica-
tion. In stochastic system identification, a model of a dynamic system is determined based 
on given inputs and received outputs from the system, where stochastic uncertainties are 
also involved. The scope of the report is to consider continuous-time models used within 
control and communication and to estimate the model parameters from sampled data 
with high accuracy in a computational efficient way. Continuous-time models of systems 
controlled in a networked environment, stochastic closed-loop systems, and wireless chan-
nels are considered. The parameters of a transfer function based model for the process in 
a networked control system are first estimated by a covariance function based approach, 
relying upon the second order statistical properties of the output signal. Then, some other 
approaches for estimating the parameters of continuous-time models for processes in net-
worked environments are also considered. Further, the parameters of continuous-time 
autoregressive exogenous models are estimated from closed-loop filtered data, where the 
controllers in the closed-loop are of proportional and proportional integral type, and 
where the closed-loop also contains a time-delay. Moreover, a stochastic differential equa-
tion is derived for Jakes’s wireless channel model, describing the dynamics of a scattered 
electric field with the moving receiver incorporating a Doppler shift.



 
 
    
   HistoryItem_V1
   TrimAndShift
        
     Range: all pages
     Create a new document
     Trim: cut top edge by 28.35 points
     Shift: none
     Normalise (advanced option): 'original'
      

        
     32
     1
     1
     No
     760
     385
     None
     Up
     0.0000
     0.0000
            
                
         Both
         AllDoc
              

       PDDoc
          

     Smaller
     28.3465
     Top
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.0d
     Quite Imposing Plus 2
     1
      

        
     2
     1
     2
      

   1
  

    
   HistoryItem_V1
   TrimAndShift
        
     Range: all pages
     Trim: cut bottom edge by 127.56 points
     Shift: none
     Normalise (advanced option): 'original'
      

        
     32
     1
     0
     No
     760
     385
     None
     Up
     0.0000
     0.0000
            
                
         Both
         AllDoc
              

       PDDoc
          

     Smaller
     127.5591
     Bottom
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.0d
     Quite Imposing Plus 2
     1
      

        
     2
     1
     2
      

   1
  

    
   HistoryItem_V1
   TrimAndShift
        
     Range: all odd numbered pages
     Trim: cut right edge by 127.56 points
     Shift: none
     Normalise (advanced option): 'original'
      

        
     32
     1
     0
     No
     760
     385
     None
     Up
     0.0000
     0.0000
            
                
         Odd
         AllDoc
              

       PDDoc
          

     Smaller
     127.5591
     Right
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.0d
     Quite Imposing Plus 2
     1
      

        
     2
     0
     1
      

   1
  

    
   HistoryItem_V1
   TrimAndShift
        
     Range: all even numbered pages
     Trim: cut left edge by 127.56 points
     Shift: none
     Normalise (advanced option): 'original'
      

        
     32
     1
     0
     No
     760
     385
     None
     Up
     0.0000
     0.0000
            
                
         Even
         AllDoc
              

       PDDoc
          

     Smaller
     127.5591
     Left
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.0d
     Quite Imposing Plus 2
     1
      

        
     2
     1
     1
      

   1
  

    
   HistoryItem_V1
   DefineBleed
        
     Range: all pages
     Request: remove bleed info
      

        
     0.0000
     1
     0.0000
     0.0000
     810
     337
     0.0000
     Remove
            
                
         Both
         AllDoc
              

      
       PDDoc
          

     0.0000
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.0d
     Quite Imposing Plus 2
     1
      

        
     2
     1
     2
      

   1
  

 HistoryList_V1
 qi2base





