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Abstract

In this paper, we investigate the distributed estimation problem of continuous-time stochastic dynamic systems over sensor
networks when both the system order and parameters are unknown. We propose a local information criterion (LIC) based on
the L( penalty term. By minimizing LIC at the diffusion time instant and utilizing the continuous-time diffusion least squares
algorithm, we obtain a distributed estimation algorithm to simultaneously estimate the unknown order and the parameters
of the system. By dealing with the effect of the system noises and the coupling relationship between estimation of system
orders and parameters, we establish the almost sure convergence results of the proposed distributed estimation algorithm.
Furthermore, we give a simulation example to verify the effectiveness of the distributed algorithm in estimating the system

order and parameters.

Keywords Stochastic differential equations - Sensor networks - Distributed order estimation - Cooperative excitation
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1 Introduction

With the rapid development of computer and communication
technology, sensor networks are widely applied in engineer-
ing systems due to high flexibility, robustness, and ease of
placement. One of the important issues is how to design
distributed algorithms to estimate unknown parameters in
dynamical systems by efficiently using the data from sen-
sor networks. Compared with the centralized algorithms,
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each sensor in distributed algorithms can exchange informa-
tion with its neighbors via network structure, and complete
the estimation task cooperatively. It is clear that distributed
algorithms can greatly reduce the communication and com-
putation burden, and have better robustness to node attacks.
Distributed estimation algorithms have a wide range of prac-
tical applications such as target tracking, health monitoring,
environmental monitoring and pollution prevention [1-4].
Meanwhile, the theoretical investigation of distributed algo-
rithms has attracted much attention of researchers in various
fields, e.g., control theory, system identification, signal pro-
cessing. (cf., [5-8]).

For discrete-time dynamical systems, some distributed
algorithms were proposed and convergence results of the
algorithms were also established for time-invariant param-
eters (cf., [9, 10]), time-varying parameters (cf., [11, 12]),
order estimation (cf., [13]), sparse signals (cf., [8]). How-
ever, in many practical scenarios, continuous time signals
such as electrical signals, speech signals, attitude control,
seismic waves, electromagnetic waves, etc. are widely used,
and the dynamical systems are often modeled by (stochas-
tic) differential equations based on specific laws of physics
[14-20]. In recent years, some theoretical results for dis-
tributed estimation problems of continuous-time systems
are given. For example, Chen and Wen et al. in [21] stud-
ied the consensus-type distributed identification algorithm

& Springer T


http://crossmark.crossref.org/dialog/?doi=10.1007/s11768-023-00190-7&domain=pdf

X.Zhuetal.

for continuous-time systems where regressors are uniformly
bounded and satisfy the cooperative persistent excitation
(PE) condition. Nascimento and Sayed in [22] investigated
the exponential stability of diffusion-type LMS algorithm
with PE regressors. Papusha et al. in [23] investigated the
asymptotic parameter convergence of consensus-type dis-
tributed gradient algorithm under PE condition. We see that
in most of existing results, the regressors are required to be
deterministic and satisfy the PE condition, which is hard to
be satisfied for the stochastic feedback systems.

The linear regressions are often used to model the engi-
neering systems. Generally speaking, the regression model
with higher order and more parameters can fit the data better.
However, the model with high order may lead to param-
eter redundancy as well as computational pressure. How
to choose the proper order of a regression model is an
important topic in the fields of statistics, machine learning
and system identification. For discrete-time linear regres-
sion models, some algorithms are constructed by optimizing
some information criteria, such as AIC (Akaike Informa-
tion Criterion) [24], BIC (Bayesian Information Criterion)
[25], and CIC (the first letter “C” refers to the information
criterion designed for feedback control systems) [26] and
their variants, and some theoretical results for the algorithms
are obtained. For example, Hannan and Kavalieris in [27]
used the AIC criterion to design an algorithm to estimate the
system order and unknown parameters, and gave the conver-
gence analysis of the algorithm under stable input signals.
Ninness in [28] established the Cramér-Rao lower bound for
the order estimation problem of the stable stochastic observa-
tion model. Chen and Guo in [29] proposed a least-squares
based order estimation algorithm by introducing an infor-
mation criterion, and the consistent results for the system
order and parameters were given under non-persistent exci-
tation condition when the upper bounds of orders are known.
Later, Guo and Huang in [30] established the convergence
result of the order estimation problem with unknown upper
order bounds. Chen and Zhao in [31] proposed a recursive
order estimation algorithm with independent and identical
distributed input signals. In recent years, some studies have
been carried out based on genetic algorithms and neural
networks [32, 33]. However, only simulation experiments
were conducted to validate the algorithms, no corresponding
rigorous theoretical analysis was given. For the order esti-
mation problem of continuous-time models, Victor et al. in
[34] designed a two-stage estimation algorithm to estimate
the unknown parameters and orders of a noise-free dynamic
system and verified the effectiveness of the algorithm by
simulation experiments. Belkhatir and Laleg-Kirati in [35]
studied local convergence for order estimation and parame-
ter estimation of noisy systems under bounded input—output
assumption. Subsequently, Stark et al. in [36] analyzed local
convergence results for system order estimation with obser-
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vation noise. So far, little attention was paid to the design
and global convergence of the distributed order estimation
problem of continuous-time stochastic systems.

In this paper, we study the distributed estimation problems
of continuous-time dynamical systems described by stochas-
tic differential equation with unknown order and parameters
over sensor networks. Motivated by the discrete-time dis-
tributed order estimation problem (cf., [13]), we introduce a
local information criterion based on the L penalty term,
and propose a two-step distributed algorithm to simulta-
neously estimate the unknown orders and parameters of
continuous-time stochastic regression models. To be spe-
cific, the order estimates are obtained by minimizing the local
information criterion at discrete diffusion points. Based on
this, the unknown parameters are estimated by using diffu-
sion least square algorithm. Under the cooperative excitation
conditions of the regression signals, almost sure global con-
vergence are established for the distributed order estimation
as well as the distributed parameter estimation, where some
mathematical tools such as stochastic Lyapunov function
method, Itd’s theorem, and continuous time martingale esti-
mation theorem are used to deal with the noise effect and
the coupling relationship between the estimate of the system
order and unknown parameters. Finally, simulation examples
are given to verify the effectiveness of the proposed dis-
tributed algorithm. Compared with most existing results on
distributed adaptive estimation algorithms, the convergence
results are established without relying on the commonly
used independency, stationarity or ergodicity assumptions
on regression signals, which makes it possible to apply our
results to the feedback control systems.

The rest of this paper is organized as follows. In Sect. 2,
we give the problem formulation. The main results of the
proposed algorithm are provided in Sect. 3. A simulation
example is given in Sect. 4, and the concluding remarks are
made in Sect. 5.

2 Problem formulation
2.1 Some notations and preliminaries

In this section, we will introduce some notation and prelim-
inary results on graph theory and probability theory.

The communication between sensors are modeled as an
undirected graph G = (V, £), where V = {1,2,..., N} is
composed of all sensorsand £ € Vx Visthe set of edges. The
weighted adjacency matrix A = (a; )nxn 18 used to describe
the interaction weights between sensors, where the weight
ajj > Oifandonlyif (i, j) € £.Forsimplicity of analysis, we
assume that the matrix .4 is symmetric and doubly stochastic,
ie., ajj = aj; and ZzNzl ajj = ZzNzl aji = 1 for all i
and j. A path of length s in the graph G is defined as a
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sequence of labels {iy, ..., is} satisfying (ij,i;11) € & for
all 1 < j < s — 1. The diameter of graph G, denoted as
Dg, is defined as the maximum length of the path between
any two sensors. We define N; = {j € V|(j,i) € £} as the
neighbor set of the graph G. See [37] for more information
about graph theory.

Let (£2, F, P) be a probability space, and {F;, ¢ > 0} be
a nondecreasing family of sub-o -algebras of F. The process
{X:, F+; 0 <t < oo} is said to be a martingale if we have
E(X:|F;) = X almost surely (a.s.) for0 < s <t < o0
, where E[-|-] is the conditional mathematical expectation
operator. The Wiener process {w(t), F;} is an independent
incremental process with E[w(¢)|Fs] = 0 and E[w?(t)] <
0o,t > s > 0, where E[-] is the mathematical expectation
operator. For the continuous-time martingale, the following
martingale estimation theorem is often used to deal with the
continuous-time stochastic noise.

Lemma1 [38] Let (M;, F;) be a measurable process sat-
isfying fot |M;|2ds < oo, as. Yt > 0. If {w;, F}
is a Wiener process, then as t — 09, fot M,dw, =
O(\/S(t) loglog(S(¢) + e)) a.s., where S(t) is defined by
() = [y IM;2ds.

The It6 formula plays akey role in dealing with continuous-
time stochastic processes, which is described as follows:

Lemma 2 [39] Assume that the stochastic process & (t) obeys
the equation d&(t) = a(t,&(¢))dt + B(¢t, &(t))dw(t), and
{a(t,&(t)), F:} is an l-dimensional adaptive process and
{B(t,&()), F:} is an | x m-dimensional adaptive matrix
process satisfying lla(,)|? € Pr and |BC, )| € Pr. If
the functions f](t, x), f1(t, x) and f[.(t, x) are continuous,
then

df (@, &) = f/(t,&@)dr + f’g(,)(t, §(1)d&(r)
1
+ Etr{fg/(,)gm(t, E(0)B(t, E(0)(B(1,£(1)) " Jdr.

2.2 Problem formulation

Consider a network consisting of N sensors. The dynamical
system of each sensori € {I,..., N} obeys the following
continuous-time stochastic differential equation,

Yi(t) = a1Syi(t) + - -+ +apSPy; (1) + by Su; (¢)
+ -+ bgSTu; (1) + v (1), (1)
ui(t) =0, yi(t) =0, r <0,

where S is the [t6 integral operator (i.e., Sy; () = f(; yi(s)ds),
vi(¢) and u; () are the scalar output and input of the sensor
i at time ¢, v; () is the system noise and modeled as a stan-
dard Wiener process, both the order (p, g) and parameters

ai,...,ap,by,..., bz (ay #0,b; # 0) are unknown.

For the convenience of analysis, we assume that the system
order has known the upper bounds, i.e., (p,q) € I,1 £
{(p,q) | 0<p=<U,0=<gq =<U,,}, where U, and U, are
the upper bounds of the order. Denote the vector of regressor
and unknown parameters in (1) as follows:

oi(t; p,q)
= [yi(), ., STy @), ui (1), ST (0],
O(p,q)=lai,...,ap,b1,..., bq]T,

aj=0,b;=0,p<j=<p,g<t=gq

Then the system (1) can be rewritten into the following
regression model,

yi(t) =S¢} (t; p, )0(p, @) +vi(t) (p = p,q > §)

T @)
=8¢; (t; p, )0 (P, q) + vi(?).

In this paper, we put forward a two-step distributed algo-
rithm to alternately estimate the system order (p, ¢) and the
parameter 6 (p, g) in (2). First, a local information criterion
is proposed, by minimizing which the estimate of the sys-
tem order can be obtained; Then, the diffusion least squares
algorithm will be adopted to estimate unknown parameters
based on the order estimate due to fast convergence rate of
least squares algorithm.

In the following, we first introduce the diffusion least
squares algorithm. In this algorithm, the update of unknown
parameters only occurs at discrete diffusion time instants
which are denoted as 0 = 1y, 11,12, ..., t, ... satisfying
tx — oo as k — oo. Fort € [t,, t,+1), we introduce the
following local objective function with fixed order (p, g),

Jni@t; p,q,0(p,q)
= Jn,i(tn; p.q.9(p,q))

" dy;(s) 2 (3)
+/ { y(; —eT(p,qw,-(s;p,q)} ds,
tn s
i=1,2,..., N,
and

Jnt1i(tnt15 P, 4, 0(p, @)
= Z az]Jn,](tn+l;p,476(17aq», l= 1729”"N’
JeN;

Jo.i(to; p,q,0(p,q) =0, i=1,2,...,N,

where 0 < a;; < 1 is the ith row and jth column of the
weighted adjacency matrix A of the sensor network, and
vi(s), @i (s; p, q) are considered as the outcomes, thus, the
integral is Riemann integral. By the above recursive form,
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we have for ¢ € [t,,, ty+1)

Jn.i(t; P, q,0(p, q))
Noncl kg [T [ dy;cs)
= Z Zaij .

. "

i=1k=0 ds
T 2 4)
—0 (p,q)¢j(szp,q)} ds
t d . 2
+/ {y’—(s) —GT(p,q)fbi(s;p,q)} ds,
tn+1 dS
and for t = 1,41
Jn+1,i(tnr1: p. g, 0(p, q))
N n B k+1 (d -(s)
_ (n k+l)/ { Vj
— a.. S
ng kgo Y f ds )

2
6T (p. )9 (53 p. @)} ds.

By minimizing the objective functions (4) and (5), we can
derive the following diffusion least squares algorithm. The
details can be found in [40].

Algorithm 1 Diffusion least squares algorithm

Fori € {1,...,n}and ¢t > 0O, given any initial estimates 6 ; (p, g; 0),
and any initial positive definite matrices Py ; (p, g; 0).

Step 1 (Adaptation): For ¢ € [ty, ty+1), 6n,i (t; p,q) and Py ;(t; p, q)
are generated according to the following adaptation process

40, (t; Py @) = Pui(t; p, @)Pn,i(t; p, @){dyi (1)

— ¢ (15 P, @)0ni (15 p, @)d1), )
dPyi(t; p.q) = — Pui(t; p, Obn.i(t5 P, q)

<1t P @) Pai (85 p,g)dr. 7
Step 2 (Diffusion): For ¢t = t,41, Pnjl,i(tﬂﬂ; p.q) and

On+1,i (tn+1; P, q) are updated by using the information of neighbors
—1
{Poj st po@). O j(tnrr: P} ey

Pn_JrI],i(ln+1; Pq)= ) aijP,;}(fn+1; P49, (8)
JEN;
Ont1,i (a1 lp @) = Put1,i(tat15 P q)
Y aij Py (i P2 )0 (tngt: P ). ©
JEN; ’

Output: {0, ;(t; p,q),t € [ty tat1), n € N},

For each sensori € {1,..., N} and any ¢t > 0, we intro-
duce the following local information criterion to estimate the
order p, g of the dynamic system (2),

Fui(t; p,q)
= Jni(t; p,q,00,i(t; p,q)) (10)
+ (p +Q)§(t), e [tn9tn+l)v n e Nv
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where the definition of J,, ; (¢; p, g, 0,,i(t; p, g)) is given in
(3), 6,,.i(t; p, q) is the estimate of 6 given in Algorithm 1.
In (10), the first term is the accumulative error between the
system output and the prediction, while the second term (p +
q)&(t) is the penalty term, and can be regarded as the L
regularization of the unknown parameter vector. The function
&(t) reflects the balance between the accumulative prediction
error and the penalty term, and we will provide a principle
to select £(¢) in Sect. 3. The distributed order estimation
algorithm based on the information criterion (10) is given in
the following Algorithm 2.

Algorithm 2 Distributed order estimation algorithm

For each sensor i € {l,...,n}, k > 0, given any initial estimates
60.i (0, p, ¢) and any initial positive definite matrix Py ; (0, p, ).

Step 1: For ¢ € [#, tx+1) and for all (p, g) € I, Algorithm 1 is con-
ducted to obtain the parameter estimates {Ox+1,; (tk+1; P> q)}(p.g)el -
Step 2 (Order estimation): For ¢ = #;1, based on the parameter esti-
mates {Ok+1.i (lk+15 P> @)} (p.q)el, the estimate (p; (tk+1), gi (tk+1)) of
the system order (p, ¢) can be obtained by minimizing the local infor-
mation criterion (10), i.e.,

(pi(te1), qi (k1)) = arg min - Fryy i (k415 P, q)- (1D
(p.q)el

Step 3 (Parameter estimation): For ¢ € [ty 1, tx+2), the parameter esti-
mate Ok 41, (t; pi(tk+1), qi (tk+1)) is obtained by replacing (p, g) in Step
2by (pi (tk+1), i (te+1))-

QOutput: The order estimate (p; (fx+1), ¢i (tx+1)) and the parameter esti-
mate O+1,; (15 pi (f+1), Gi (Gre+1))-

3 Convergence analysis of Algorithm 2

In this section, we will establish theoretical results for
convergence of the distributed order estimation algorithm
(Algorithm 2) proposed in Sect. 2.2. For this purpose, we
introduce some assumptions on the network topology and
regressors.

Assumption 1 The graph G is undirected and connected.

Remark 1 Denote the ith row and jth column element of the
matrix A" as a[.(;"). By Lemma 8.1.2 in [37], we know that
under Assumption 1, ai(]r.")

where amin = min; jeyp a

> amin > Oholds forallm > Dg,
v g

In fact, the above assumption for the communication graph
can be generalized to the case where G is a strongly connected
balanced graph, and the corresponding analysis is similar to
the undirected graph case. Thus, we just provide the analysis
of Algorithm 2 under Assumption 1.

The properties of regressors are important for the con-
vergence of the identification algorithms. In this paper, we
introduce the following cooperative excitation condition on
the regressors.
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Assumption 2 (Cooperative excitation condition) There exists

a real function £(¢) that satisfies
() E&@) > 0,fort > 0;
2)£(t) — 00,ast — 00;

. log(R(t;Up,Uy)) . £(r)
(3) lim ED =0, lim s oD

€ I*, as. where I* = {(p, Uy) . (Up. q) }.

=0, (p,q)

R(t;Up, Uy) = )\max{Po_l(IOQ Up, Uq)}

N
+2

i=1J1y

Amin(1; P, q)

t

i (53 Up, Uy)*ds,

N tnngJrl T
= Amin Zf ®j(si p, @)@ (s; p. q)ds
0]

j=1
N —1
+2 Py (s paq) g -
j=1

Remark2 The choice of &£(fr) depends on the regressors,
and here we show how to choose it for a special case.
Assume that for i € {l,..., N}, the regression vector
¢i (s; p, q) is bounded, and there exists a matrix 7; such
that § [ ¢i (s: p. @ ¢ (s: . ds — Yioand Y, 7
is positive definite [41]. Then &£(¢) can be taken as £(fr) =
* 0<a<l1.

Before giving convergence results for the estimation of the
system order and parameters in Algorithm 2, we give some
preliminary lemmas. We first provide the upper bound on
the accumulative noise, which is an important step for the
convergence of the algorithm.

Lemma 3 For fixed order (p, q), let

Hy1,i(tav1; P q)
N

N T ik [ .
=2 24 ¢j(s: p,q)dv;(s),
Tk

j=1k=0

Ho,i(t0; p,q) = 0.
Then the following inequality holds:

HY i (tagts o @) Pt (st Do @) Hugt i (b P, @)
= O(log R(n; p, q)),

where P41, (tht1; P, q) is defined in (8). O

Proof Denote

w(t; p,q) 2 diag{g1(t; p.q). ... dn(t: P, D),
V@) £ @i@),....on@)"

P, (1) £ diag{Py,1(t; p.q). ..., Pan(t: p. @)},
Hy (1) £ col{H,1(1; p.q), ... Hin(t: p. @)}

12)

For simplicity of expression, we omit (p, g) in the equa-
tions without confusion. By the definition of Hj,41 ;(t+1)
and (12), we have for t = 1,41,

n T+1
Hyg1(tnr1) = 3 /010 / @ (5)dV (s)
I

= tn+1 13)
=,Q%(Hn(tn) +f lP(s)dV(s)),
tll
and for € [t,, t,+1), we have
n—1 Tk+1
H,(t) = ZM”*’”/ W (s)dV (s)
k=0 174 (14)

t
+ / v (s)dV(s),
n

where 7 is the adjacency matrix of graph G. Differentiating
both sides of (14), wehavedH, (t) = ¥ (¢)dV (¢). Integrating
both sides of this equation over [#,, #,4+1) and substituting it
into (13), we can derive the following equation:

Hy1(tn1) = & Hy (tn41)- (15)

Consider the stochastic Lyapunov function HnT (P, (t)H,
(7). By the It6 formula in Lemma 2, we have

d(H, (1) Py (1) Hy (1))

= H, ()dP, (1) Hy (1) + 2H, (t) P, (1)d H,, (1)
+ (P, ()W ()W (1))dt

= —H, () (Pa)¥ ()W (1) P, (1)) Hy (1)dt
+2HT (1) P, (1)@ (1)dV (1)
+ (P, ()Y OW T (r))ds.

Integrating both sides of the equation over [f,, t,+1) yields

H,Y (t341) Pa(tn 1) Hy (g 1)
= H,) (tn) Py (tn) Hy (1)

Int1

— HY ()P, ()W ()W (1) Py (1) Hy (1)dt
tn (16)

Int1
+2 HY (1) P, ()W (1)dV (1)

In

tn+1
+ / tr(P()d P, (1)).
In
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By (15), (16) and lemma A.1 in [10], we have

H,Ly (1) Pogt (bn1) Hyo1 (t1)
= H,) (tn1) A Pyt (tng1) o Hy (tn41)
< HY (t441) Pu(tns1) Ha (g 1)
< H, (tn) Pa(ty) Hy (1)

In+t1
— HY () Py()W ()W (1) Py (1) Hy (1)dt

In

(7]
+2f HY (1) P, ()W (1)dV (1)
In

tn+1
+ / (P, ()dP, (1))
tn
< Hy (to) Po(to) Ho(to)

Tg+1

— ZO H (t) P ()W ()W (£) P (¢) Hy (1)dt
n +1
; / HY () P() W (1)dV (1)
n lk+|

+k2 / r(Pe(ndP ().

This leads to the following equivalent form:

H;lr+1 (tn—i-] )Pn+l (tn—i-l)Hn—H (tn-i-l)
n
+ 2 [T @) Py Hy ()| 2de
k=0

no (e (17)
<23 HE (0 P& ()dV (1)

k=0 J 1,

+y

k=0 J 1

Tk+1

(P (AP (1)).

By Theorem 1, the first term on the right side of (17) satisfies

n It 1

> H () Pe)w (1)dV (1)
k=0 J 1 (18)

n

Tk+1
=0<1>+o(zf ||wT(t)Pk<z>Hk<t)||2dr),

k=0 J 1;
and a tedious derivation leads to
te+1

i r(P(dP (1) =

k=0 J 1,

O (log R(n)) . (19)

Substituting (18) and (19) into (17), we have

HY (b1 Past (tng1) Hot 1 (tag1) = O(log R(n)).

This completes the proof of the lemma. O

As we know, in the estimation process of the algorithm, it
is possible for the estimated order to be greater than the true
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order. In the following lemma, we provide an analysis of the
parameter estimation error for this case, which is helpful for
the subsequent theoretical analysis.

Lemma4 For any p > p and q > q, the estimation error
Or.i(t; p, q) of Algorithm I satisfies the following equation,
ijrl] itk ts P @Okr1,i (i1 Py q)

=) au[ kf}(tk;p,q)ék,j(tk;p,q)

JeN;:

T+ 1
—f @ (s; p,q)dvj(s)} ,
173

where 6 i (t; p, q) = [ai —aii(t),....ap —api(t), by —

T
bri(t), ....bg—bg ()], {ari ()}’ and{br i0)7_, are
components of O i (t; p.q) generated by Algorithm 1.

Proof By (7) we have

AP} (t: p.q) = ¢it: p. )i (t: p. q)dt. (20)

By (8) and (20), we have

d(P (t: p. )0k (t: p. @)
= ¢i(t; p. Q)i " (t; p, @)0ki (t; p, q)dt
— i (t; . ¢ (&5 p, @)6k.i (15 p, @)dt + dv; (1)]
= —¢i(t; p, ¢)dv; (7).

Integrating the above equation over [#, tx41) leads to
P (v po )6k (it Py @)
Tket1
$i(s; p, q)dvi(s).
@2y

= Pt p. @0kt p.q) —

Tk

Thus, we have

Pk_+11 i(lk+1; P @)0ks1i(tes1: P, q)
k+1 l(tk+1 P> DOk+1,i k15 P> q)
P (et po@)0(p. q)
= Z aij[ k_,}(fk+1;P,CI)9~k,j(lk+1:P,Q)]

]E i
= ZN aij [Py (s p. )6kt P, @)
- ¢ (s; p, q)dvj(s)],

where the last equation is obtained from (21). We complete
the proof. O
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Now, we give the convergence result for the order estima-
tion of Algorithm 2.

Theorem 5 Under Assumptions 1 and 2, for any i €
{1,...,n}, the order (p;(t), qi(t)) estimated by Algorithm
2 converges to the true order (p, q) almost surely, i.e.,

JHim (pi (0. i(0) = (5.§) @s., i € (1,....n).

Proof We will show thatforanyi € {1,...,n}, (pi(t), qi(t))
has one and only one limit point (p, g) by reduction to
absurdity. Suppose (p},q/) € I is another limit point of
(pi(t), qi (1)) and (p}, q;) # (P, q). Then there exists a sub-
sequence {#,, } such that

Jim (pi () i (hm)) = (P 4)- (22)

To prove that tl_i)rglo(pi (1), qi(t)) = (p, q), we need to show
that neither of the following two cases holds,

(D) p; = p.gq; = qand p; +q; > p+q;

() p; <porg] <q.

We first consider the case (1). By (1) and (5), we have

I (g s pﬁ, 4} Ompi Uy P12 q)
N mg— (mk ) tr4] <
= Z Z / I:mk,(tmk’pl’ql)
j=1 =0 tr

dvi(s)7?
v (s)i| ds
ds

dj(s; pi,qp) +
=5£ki(fmk;p,’~,q,~’)
S (= i ;o
: Z Z ¢j(S§Pi»qi)
Jj=1 =0 tr
¢;r(s’ pl/" ql/)ds] émk,i(tmk; Pl{, ql/)
+ Zérrflk,i(tmk; pz/s ql/)

N myp— ( ) trt
> Z a’”k / ¢ (s; pi,gh)dvj(s)
tr

j=1 =
N mp—1 _ et [dvi(s 2
£ [T )
j=1 =0 - tr §
£ 1410411 (23)

We first estimate the term I. For any p, ¢, integrating both
sides of the equation (20) over [#, tx+1), we have

Pt pag)

_ Tk1 (24)
=Pt p.g) +

¢i(s; p, @b (53 p, g)ds.

Ik

Substituting the above equation into (8), we obtain that

PR o) = X ay {PC (i p.g)
JeN;
tk4+1 T (25)
+ ¢j(s: p.q)9;(s;p, q)ds} :

Tk

Moreover we have by (24) and (25)
P,;kl,,'(tmk; D, q)
= Z aij {Py;,{l_Lj(tmk; P.q)
tﬂlk T
+/ ¢j(si p.q@)9; (s; p.q)ds
X )
= Zal.jk Py (to,p q)

N (mp—1) fr41 T
+2X 24 ;i (s; p.)$] (53 p, q)ds.
j=1 =0 t

(26)

By (26) and Theorem 3.8 in [42] it follows that

O (log R(tm;; Up, Uy)) -
27

=0 (log R(tmk; p1/1 ql/)) =

For the second term II in (23), it is clear that

| <2(6,, ; (mys P} q,)Pmk i(tm P} 4))

1
2 e 4!
Pmk,[(tVnkv plv ql)

N my
[ZZ

j=lr

(mg—1) / ®j(s; p,,q,)dvf(s)}
(28)

By applying Theorem 3.8 in [42] to the first term in (28), we
can get the following equation,

16T Gt Pl ql)Pm i Pi- ) |
= 0(log% (R(twy: piva)) 2
= 0(log% (R(tmy: Up, Uy)))-

From Lemma 3, we see that the second term in (28) satisfies

Py (tws P}y 4

N (mg—1) Iyl
1Y X el / ¢ (s; pisqi)dv;(s)
h tr
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0(log? (R(tmy: pf-4)))
0(1og? (Rtn: Up. Uy)))-

(30)

By(27)—-(29), we see that there exists a constant M; > 0 such
that the following inequality holds,

Tngei (bmys PEs @1 Omgi (mys P> 7)) — 1M 31)
> —M, log (R(lmk; Up, Uq))'

Next we consider Juy,i (tm; P, . Omy,i (tmys P q))- By a
similar derivation as that of (23), we have

Jmk,i (tmk; 13’ é: ka,i(tmk; ﬁv (j))

N mp—

=5$k,i(fmk;ﬁ,q')[2 Z a('"k v ¢j(s;15,c})

j=1 1= 24
(b (s; p, Q)ds:l mkt(tmksp Q)+29mk,(lmk:P q)
N myp—1 (me—7)
k—
X X g

N mp—1 _ T+1 dU (S)
(mg—1)
+ Z )3 4ij ,/,r [ ds ] s

T (s by dv; (s)]

(32)

By (26) we have

I'= mkl(tmk»p q) mkl(tmk,l? Q)emkt(tmksp q)
=it 50 Z o Pyl D) (33)

Oy (s P Q)-

For the second term II', we have by Lemma 4,

mk 1(tmk7 p Q)Gm;‘ l(tmk’ P q)

= Zalj Mg — lj(tmk 1; D, Q)‘gmk lj(tmk 1;0,9)
]_

_Za“

Im
¢j(s; p,q)dv;(s)
j= Imy—1
% a(mk) P
J

(to P, ). (t0; P, q)
=1
N m
-

j=lz

k— (m 0 Iyl
; . / ¢;(s: . 9)dvj (s).
(34)

& Springer

Substituting (34) into II' yields the following equation,
' =20, ;(tm: P q)
[Z al™ Py 1 (to: p. )00 j (10 p. §) (35)
P s B )i s 5. D) ]
Substituting (33) and (35) into (32) yields
Do (b P @ O s 5. @) =111
—Gmk itms P @) Py, w3 Dy @Oy i (tmys Pr )
— Ot q)( Za( Py i . D)
O i ms P @) + 20, (b o)
{2 al™ Py 1 (t0; . )00, (t0: p. §)
Pod (s Ps @)Omy i Gy P, q)]
< 0% i(tmes P, ) (Z a™ Py 1 (t0; p. q))
O iy o) + 20, (s Pl D)

( a™ Py 1 (to: p. )80, (t0: p. c}))

(mk>9T (to; ﬁ,q)P()f;(to; P, )60, (t0; p. §)

HMZ

= 0(1). (36)

where the last inequality uses the inequality 2xTAy <
xTAx 4+ yTAy for A > 0. From (31) and (36), there exists a
constant M> > 0 such that the following inequality holds,

T (tmys Pis 47> Ompi (b3 D7 47))
= i s Ps G5 Ompi G5 P> @)
> —M;10g (R(tm,: Up, Uy)) —

(37)

Note that p;(ty,), gi(tm,) in (22) are positive integers.
Then, there exists a K € NT such that for £ > K,
(Pi(tm)s 4i (tmy)) = (P} q}). By

(pi(tmy), qi(tmy)) = arg min  Fyy i (tm,5 Py q),
(p.q)el
we know that

Fogi (tmgs piCtm)s pi(tmg)) — Fangi (tmgs P2 @) < 0. (38)
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On the other hand, by (37) and Assumption 2, we have for
sufficiently large k,

Fongii (tmis Pitmy)s G (tmg)) = Fong i (tmk’ P.4)
= Fuy.i (tmk’ piv qi) Fonyi (t )
= Jni s P} @) Ompi (i P q,~))
= Jmp.i s P+ 4 Oy i (g3 P> )
+ (P +4i = P = 7) §tmy)
> —My1og (R(tmy; Up, Uyg)) —
+ (P +ai — P —q)Etmy)
—Mj log (R(tmk§ UP’ Uq))
&(tmy)

+(p§+q{—15—é))—>00, k — oo,

=~ Mz + () (

This contradicts (38), so case (1) does not hold.

We next show that the case (2) will not happen. If case
(2) holds, i.e., p; < p or g/ < g holds. We construct the
following (x; 4+ ;) dimensional vector,

[a1im)s -

bri(tme), - - -

alq,i(tmk)v

bul‘,i (tmk)]Tv

ka,i (tmk; Ki, /‘Ll) =

where k; = max {p}, p}. wi = max{q!.q}, ami(tm) =
0 (p < m < P)if P, < p bitm) 2 0 (q] < m < §) i
q; <q.

Denote Oy i (fmy Kiy i) = 0 (kiy i) — Omyi by ki
;). Then we have
~ 2 . 2] 4
[Omyi (tmys s )|~ = min ) 51, |ba| 1= v > 0.
(39)

Similar to the analysis of (23) and (26), we have

Jmk,i(tmk; Pl/, C]l/a ka,i(tmk; P,/a 51,/)) —1II

_ ]Zv:mk_la'(’.”k—f) /[r+l dyj(s)
: 1 t ds

2
O D aD; (53 pfa)) | ds
= Oy i s ki 1) Py (s i g0
(40)

; : 5T :
Ompi s Kis i) — Oy (g Ky i)

N N
. (Z al-(;"")PO_,} (to; ki, Mi)) Q,Ek,i(tmk: Kiy i)
j=1

+ 20,0, (g ki p2i)

N mp—1 (m 7{) fr41
X X et / ¢ (s: ki, pi)dvj(s) | .
j=1 =0 tr

The following is a term-by-term analysis of the right-hand
side of (40). From (26) and Remark 1 it follows that for any
p and g the following inequality holds,

)&min(Pn:kl,,‘(tmk; p, Q)) > AminAmin (tmk; p, CI) ) (41)

where dpin = mlr\l} a( 9) > 0. From (39), (41) and Theo-
€

rem 2.6 in [13], we obtain the following estimate of the first
term at the right-hand side of the equation (40),

é‘;};k)i(tmk; Ki, Mt)Pmk l(tmk7 Ki, Mt)emk l(tI’nk’ Kis i)
> Y0@min min (tmkv Ki, Mi)
> Y0Gmin Min {)&min (tmk; Ds Uq) > Amin (tmk; Up, (/i)} .
(42)

By (41) and Theorem 3.8 in [42], we have for any p > p
andg > ¢q,
L 2
Zl [EIGX]|
1=

_o (IOgR(n; P.q)
Amin (75 D Q)

(43)
> ’ t S [tn»tn+l)-

When p! < p, (q/ < ¢ is the same), for the first
plf components of émk,i (l‘mk;K,', /1,,-) utilizing (43), then
from Theorem 2.6 in [13] and Assumption 2, we have
”émki (tmk; K, /L,') || = O(1). Thus the second term at the
right-hand side of (40) satisfies the following relation,

=

Oy i (mis Ky 147) (Z (m")P (to,Kz,Mz)>
’ ézzk,i(tmk; Kiy i)

< Amax (Z a(t)P (Kls Mz))

= 0(1).

(44)
. 2
Or,i (ki Mi)”

Following an analysis similar to that of (28), the following
estimate of the third term at the right-hand side of (40) can
be obtained by using Lemma 3,

~T .
em,“j(lmks Ki, Ml)

Tyl

I

[; kg TR ¢,,'<s;x,~,u,~>dv,»<s>”

.

< [0, st 1, 10 2 o 1,
1

Pnik,,'(tmk; Kiy [i)
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mr—1

u me—oy [
: Z] ZO a;; /z @i (s; ki, pwi)dvj(s)
j=1 1= .
=0

{

dog? (Rl Uy, Up) | (45)

1
5T . 2 .
emk’i(tmkv Ki, l“l'l')Pmkz’i (tmk7 Ki, Ml)”

Continuing from (39), (41) and Assumption 2 the final esti-
mate of the third term at the right-hand side of (40) is

T
88, oy i, 1)

N Wlkfl (mk—'[) tr41
P> a;; / ¢ (s; ki, pi)dvj(s)
0 tr

j=1 = (46)

Y —1
= 0 {0, s i )P (s i 1)

'émk,i(tmk; Ki, Mi)} .

Substituting (42), (44) and (46) into (40), it can be shown
that there exists a constant M3 > 0 such that the following
inequality holds,

Jmk,i(tmk; pl/a ql/a ka,i(tmk; P,/a C],/)) —1II
> Y0@min Min {kmin (tmk; 12 Uq) , Amin (tmk§ Up, 57)}
~(I+o(1) —M;
- Y0Gmin Min {)&min (tmk; P Uq) > Amin (tmk; Up, é)}
- 2
— M;.

(47)

From (10), (36) and (47) it follows that the following
inequality holds for sufficiently large &,

0 > Fungi (tmgs PiCtm)s i (tm)) — Fngi (b P2 G)
= Finy i (tmk; Pis qz/) = Foyi (’mk; P ‘7)
= Jonei s Pis 41 Omyi Ty P} G7))
= Jngi Cmis Ds @ Ompi Gy P> G)
+ (Pl +4f — P — @) &tm)
_ Y0amin Min {Amin (tni: P, Ug) » Amin (bnis Up. G)}
= 2
— M+ (p} + 4} — p — ) Etmy)
> — M

+ Y0dmin Min {)\min ([mk; P Uq) s Amin (tmk; Ups ti)}
2

(P} +a] — P — @) &tw) }

1+

Y0dmin Min {)\'min (tmk; 1z Uq) s Amin (tmk; Up; fi)}
> — M3

+ Y00min Min {)\min ([mk; P Uq) s Amin (tmk; Ups ti)}
4

—00, k — o0.
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There is a contradiction, which proves that case (2) is not
valid either. O

Noting that (p; (¢), g; (¢)) and (p, g ) are integers, it follows
from Theorem 5 that there exists a sufficiently large integer
T such that, for any t > T, p;(t) = p and g;(t) = g hold.
Thus by (43) and Assumption 2, the following convergence
result on the unknown parameter vector can be obtained.

Theorem 6 Under the condition of Theorem 5, for all i €
{1, ..., n} the following equation holds,

i (5 P (1), 01 (1)) — 0 (5. @) s

where 0, ; (t; pi(t), qi(t)) is given by Algorithm 2.

Theorem 6 provides the almost sure convergence result for
Algorithm 2 when both the order and parameters in (2) are
unknown. We see that the convergence results are established
without assuming the statistical properties of regression vec-
tors, such as independency, stationarity or ergodicity, which
makes our results applicable for feedback control systems.

4 Simulation results

In this section, we will verify effectiveness of the proposed
distributed order estimation algorithm (Algorithm 2) by a
simulation example.

Example 1 Consider a network of ten sensors (N = 10).
The dynamics of each sensor is described by the following
stochastic differential equation

yi(t) = S¢I ()0 +v; (1), i =1,2,..., 10,

where both the parameter vector § € RY and the system order
q are to be estimated, v; (¢) is the system noise following the
standard Wiener process. For g = Uy, the regressor ¢; (1) €
RY (t > 0),i e {1, ..., 10}) is taken as

0.5¢ +0.5, if mod(i,3) =0,

xi(t)y =43 t+0.5, if mod(i, 3) =1,
2405, if mod(i,3) =2,
$i(t) =le1,...,0,e,0,...,01"X; (1), (48)
Uq
where X;(1) = (xi(t),...,xi(t))T, 0 denotes the Uj,-
—— —

U,
dimensional column vector] with all zero elements, T =
2+mod(i, Us; — 1), the mod is a remainder operator, and e,
denotes the tth column of the unit matrix IUq. Forg < U,,
the regressor ¢;(¢) is taken as the first g elements of (48).
The network topology G is shown in Fig. 1, whose weighted
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Fig.1 Topology of the sensor network

adjacency matrix A = (ami)10x10 is determined by the
Metropolis rule (cf. [43]).

All sensors will estimate the true system order of g = 3
and the unknown parameter vector 6 = (0.3, 0.4, 1.2)T. It
is clear that the graph G is connected and the regressor ¢; (¢)
of all sensors i € {1,..., 10} satisfies Assumption 2 with
E(0) =12

Set the initial estimate 6;(0) = (O, ..., O)T, the fusion

e

time instants fo = 0,0.1,0.2,0.3, ..., tﬁe upper bound of
system order is taken as U; = 5. Algorithm 2 is conducted
100 runs with the same initial setting, and the order estimates
{gi(®)},i = 1,2, ..., 10 and the average estimation error of
parameters can be obtained.

Figure 2 shows the simulation results for the order estimate
obtained by Algorithm 2 proposed in this paper and the non-
distributed algorithm (namely, N = 1 and Dg = 1). It can
be seen that the sequences of order estimates {g; ()} (i =
1, ..., 10) by using Algorithm 2 converges to the true order,
and not all sequences of order estimates can converge to the
true order for the non-distributed order estimation algorithm.

Figure 3 shows the simulation results of the average
estimation error of parameters by Algorithm 2 and the non-
distributed algorithm. It can be seen that the estimation errors
generated by Algorithm 2 for each sensor i converge to
zero, while the estimation errors generated by non-distributed
algorithm do not tend to zero.

From this simulation example, we can reveal the coopera-
tive effect of multiple sensors: all sensors can cooperatively
estimate unknown system order and parameters, while none
of them can do it separately.

5 Concluding remarks

In this paper, we study the distributed order estimation
problem of continuous-time stochastic regression models.
The distributed order estimation algorithm (Algorithm 2)
is designed by minimizing the piecewise continuous local
information criterion based on the L penalty term, and uti-

= 5

o

'§ 4 “F

g 37 (ﬁ ‘

& 2

5 | — Sensor 1

v ! Sensor 2

C 0 T T T T T T T — Sensor 3

00 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0~ Sensor4

. —-— Sensor 5
Time ¢ -— Sensor 6
(a) Sensor 7

a 5 Sensor 8

2 4 Sensor 9

= Sensor 10

8 2_ {i:[-rj rl "

b5 1 A [ !

<

S

O O T T T T T T T T T

00 0.5 1.0 1.5 2.0 25 3.0 3.5 40 45 5.0

Time ¢
(b)

Fig. 2 Order estimates generated by (a) Algorithm 2 and (b) non-
distributed algorithm

o 2.0
e M
5 151
=
S 1.0-
<
g 05 — Sensor 1
h7 e Sensor 2
K 0.0 — e — Sensor 3
0.0 0.5 1.0 1.5 2.0 2.5 3.0 35 40~ Sensor4
. -— Sensor 5
Time ¢ —-— Sensor 6
(@) Sensor 7
5 20 gensorg
e _ ensor
5 151 Wy T Sensor 10
=
5ol \
£ N
a 0.5 \\‘(‘k‘- e
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0.0 0.5 1.0 1.5 2.0 2.5 3.0 35 4.0 45 5.0
Time ¢
(b)

Fig. 3 Parameter estimation errors by (a) Algorithm 2 and (b) non-
distributed order estimation algorithm

lizing the continuous-time distributed least squares algorithm
based on the diffusion strategy. By introducing cooperative
excitation condition and dealing with the complex coupling
between estimates of system order and parameters, almost
surely convergence results of the proposed algorithm are
established. The convergence results in this paper is obtained
without assuming regression vectors to be bounded or satisfy
the persistent excitation conditions, which allows our results
to be further used in the related studies of feedback control
systems. Finally, the effectiveness of the proposed distributed
algorithm for the unknown order and parameters is verified
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by a simulation example. Some interesting problems such as
the distributed order estimation problem with unknown upper
bound, the distributed adaptive control problem, deserve to
be further studied.
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