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Abstract: In this paper we prove the following new and unexpected result: it is possible
to design a continuous-time distributed filter for linear systems that asymptotically tends at
each node to the optimal centralized filter. The result concerns distributed estimation over a
connected undirected graph and it only requires to exchange the estimates among adjacent
nodes. We exhibit an algorithm containing a consensus term with a parametrized gain and show
that when the parameter becomes arbitrarily large the error covariance at each node becomes
arbitrarily close to the error covariance of the optimal centralized Kalman filter.
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1. INTRODUCTION

Distributed filtering involves state estimation using a set of
local filters that communicate with all other nodes through
a communication network that constraints the information
exchange to the neighbors in the network. In the last years
distributed filtering techniques are becoming increasingly
popular in the sensor network community due to their
scalability for large networks and high fault tolerance and
spurred a great amount of research to investigate their
design and performance. They are particularly relevant in
the context of cooperative multi-agent systems, a frame-
work that is attracting a great deal of attention (see Lewis
et al. (2013); Qu (2009) for comprehensive treatments).
Surveys of distributed state estimation approaches and
comparison with centralized and decentralized methods
can be found in Chong (2017); Olfati-Saber et al. (2007);
Taj and Cavallaro (2011). The most relevant issues for
distributed estimation techniques include: (i) accuracy,
i.e., reducing the estimation error at each node; (ii) con-
sensus, i.e. convergence of estimates across nodes that is
essential for cooperation of multi-agent systems; (iii) com-
munication, i.e. reducing the amount of communication
burden among nodes; (iv) observability, i.e. the capability
of dealing with sensors with limited or null system mea-
surements (Kamal et al., 2013). It is generally assumed
the existence of trade-offs among these features, whose
relative relevance may also vary in different application
areas. For example, strong consensus may be obtained
at the expenses of estimation accuracy at some nodes
(Battistelli et al., 2014), and increased accuracy might
require more intensive communication across nodes. It is
moreover tacitly assumed that the accuracy of distributed

schemes is always worse than accuracy of a centralized
optimal algorithm that uses all the available information
at the same time.

From a theoretical perspective the results presented in
this work show that, at least for the relevant case of
continuous-time systems and undirected network topology,
these trade-offs and tacit assumption are apparent. We
exhibit an algorithm that attains perfect consensus and
optimal accuracy with least communication burden and
requires only collective observability (i.e. the system must
be observable from the union of the sensor nodes in the
network). From a more practical perspective the proposed
algorithm extends the consensus distributed DKF algo-
rithm proposed Olfati-Saber et al. (2007) to the case of
networks with nodes that have limited or null measure-
ment capabilities and provide a more accurate estimate.
Our filter, named Asymptotic Distributed Kalman Filter
(ADKF) is introduced in Section 4 after formally describ-
ing the framework in Section 2 and the centralized optimal
approach in Section 3. The proof of the asymptotic opti-
mality of ADKF is derived in Section 5. Finally, in Section
6 and Section 7 we compare, from the theoretical and
numerical perspective, the proposed algorithm with the
centralized solution and other 3 recent approaches, namely
the already mentioned DKF of Olfati-Saber et al. (2007),
the Multi-Agent Consensus Filter of Ren et al. (2005);
Ji et al. (2017), and the distributed information-weighted
Kalman consensus filter (IKCF) of Ji et al. (2017).

Notation. R and C denote real and complex numbers.
For a square matrix A, tr(A) is the trace and o(A) is the
spectrum. A is said to be Hurwitz stable if o(A) < C_,
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the set of complex numbers with negative real part. E{-}
denotes expectation. ® is the Kronecker product between
vectors or matrices. The operators row;(), col;(), diag;()
denote respectively the horizontal, vertical and diagonal
compositions of matrices and vectors indexed by 4. Let
S(n) € R™ ™ be the set of symmetric matrices of size n.
P(n) (resp., P+(n)) € S(n) denotes the set of positive
semi-definite (definite) matrices in S(n). We denote I,
the identity matrix of size n and by U, = 1,1, 1, =
col?_;(1), the square matrix of size n having 1 in each
entry.

2. SYSTEM AND PROBLEM FORMULATION

We use a graph G = (V,€) to describe the information
exchange between the N nodes, where V = {1,2..., N} is
the set of vertices representing the N agents and £ € VxV
is the set of edges of the graph. An edge of G is denoted
by (i,7), representing that nodes i and j can exchange
information between them. The graph is undirected, that
is, the edges (i,j) and (j,4) € £ are considered to be the
same. Two nodes ¢ and j are neighbors to each other if
(i,5) € €. The set of neighbors of node 7 is denoted by
NGO = {jeV:(ji)e&, j+i}. Apathisa sequence of
connected edges in a graph. A graph is connected if there
is a path between every pair of vertices. The adjacency
matrix A of a graph G is an N x N matrix, whose (i, 7)-
th entry is 1 if (4,5) is an edge of G and 0 otherwise.
The degree matrix D of G is a diagonal matrix whose i-
th diagonal element is equal to the cardinality of N;. The
Laplacian of G is defined to be a N x N matrix £ such that
L =—-A+7D. L is symmetric if and only if the graph is
undirected. Moreover, 0 = A1 (£) < A2 (L) < -+ < An (L),
where \;(£) denotes an eigenvalue of £, if and only if the
graph is connected. An eigenvector associated to A1 (L) is
1n.

Consider the process
).(t :AXt + ft, (1)

ygi) =0;x; + gt(i), i=1,..., N, (2)

where x; € R"”, yiz) € R%, ¢; = 0, and f; and ggl), i =
1, ..., N, are zero-mean white Gaussian noises, mutually
independent with covariance respectively Q € P4 (n), R; €
P.i(g;) i =1,...,N. The matrices @ and R = diag;(R;)
are nonsingular. Also xg is random with mean X := E{xq}
and covariance Yy, 1= E{(x¢ — X0)(x0 — Xo) ' }.

If C' = col;(C;) we assume that (C, A) is observable. Also,

we use the notation y; = coli(yt(i)). Each yii) represents
the data available at node 7,7 = 1, ..., N, in the network.

We will design an optimal distributed state estimator for
the system (1) with the given topology of the network
G. The distributed estimator will consists of N local
estimators, one for each node, which exchange their local
estimate with the neighbors.

3. THE CENTRALIZED KALMAN-BUCY OPTIMAL
FILTER (CKBF)

The equations of the centralized Kalman-Bucy optimal
filter (CKBF) for (1) are
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);Et :A)?t + Kt(yt — C)’Et),
Xo =Xo,
P, =AP, + P,AT + Q — P,CTR™'CP,,
Py =%4,, (3)

with K; = P,CTR™!. The matrix P; represents the
covariance of the estimation error E{(x; — X;)(x; — X¢) " }.
We have P; € P, (n), bounded for all t > 0 and Py — Py,
as t — 400 with Py, € P4 (n) the unique solution of

0= APy, + P,A" +Q — P,OCTR™'CPy. (4)
This Riccati equation can be also written as

0=AcPy + PoAL +Q+ P,CTR'CPy ()
where

Ac = A— Ky,C. (6)

From (3) we also obtain the asymptotically optimal CBKF
(ACKBF)

;Ess,t = Aﬁss,t + KOO(yt - Cszss,t)y (7)
with
Ky = P,CTR™. (8)

4. THE ASYMPTOTICALLY OPTIMAL
DISTRIBUTED KALMAN FILTER (ADKF)

Our distributed Kalman filter (ADKF) consists of one
filter for each sensor node of the network. The equations
for the ADKF at the i-th sensor node are:
;‘i?) =A% + Ki(y!) - C:2(")
P Y, & %), (9)
JEN @)
with K; = NPOOC’iTRi_1 and v > 0 a parameter to be
tuned as pointed out in the following proposition. Define
AiZ:A—KiCi,i:L...,N, (10)
and
Ap(v) = diag;(A;) — (L ® Pu).
Notice that Ap(y) € RPNxnN,

Proposition 1. There exists 9 > 0 such that for all v > ~q
Ap(v) is Hurwitz stable.

(11)

Proof. We prove that there exists a positive definite
symmetric matrix Xo, € P4 (nN) and ~ > 0 such that
for all v > g

X Ap(y) + AL(7) X < 0.
If Xo :=1Ipn ®Pog1 we have
X Ap(7) + Ap ()Xo = diag;(Wi) —2v(L®1,) (13)
where W := P;1A; + A P51 Since
ve R™\{0}: v (L®I,)v=0
=v =1y ®v, veR"\{0},

(12)

(14)
it follows that
veR™\{0}: v (L®L)v=0
= v diag;(W;)v = No' (P 'Ac + ALP; Yo < 0.

By Finsler’s lemma there exists y9 > 0 such that, for all
v > 7, diag;(W;) — 2y(L ® I,,) < 0, which proves (12). O
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5. PROPERTIES OF THE ADKF

In order to study the asymptotic properties of the ADKF
we introduce the local (at the node) estimation error
el :=x, — %" the total estimation error e, := col;(e!”),
the total measurement noise vector g; := coli(ggz)) €
RXi“1%  the noise vector h; := col; (f; — Kigy)) with
covariance ¥, := E{h;h/}, and the estimation error
covariance matrix X, := E{e;e/ }. Clearly, X; depends on
v, but we omit this dependence for notational simplicity.
We have

e =Ap(v)e: + hy (15)
V), =Un @ Q + diag, (K;)Rdiag, (K,"), (16)
where Uy is a matrix with all entries 1 (see notation). No-

tice that the estimates X(*) are (asymptotically) unbiased
since Ap(7) is Hurwitz stable (for v > vp).

Proposition 2. For all v > vy the estimation error covari-
ance matrix X, is uniformly bounded in time.

Proof. The result follows form standard arguments from
the fact that Ap(y) is Hurwitz for v > 79 and ¥, is
constant. The covariance X; obeys for all t > 0

X; = Ap(7)Xs + X AL () + 1y (17)
and its asymptotic value is solution of
Ap(7) X + XocAg('Y) = —Uy. (18)

O

Our purpose is to show the key result that Xo, — Uy ® Py,
when v — oo (recall that P, is the asymptotic error
covariance of the CKBF). The matrix X§ = Uy ® Py,
is the asymptotic error covariance for N identical CBKF's
implemented at each node and using the whole output y;.
Recalling that (£ ® Py)XS = (L® Py)(Uy ® Py) = 0,
we obtain that X¢ satisfies

0 = (diag,(Ac) — 1L ® Py)) XS
.
+X§ (diagf\il(Ac) —Y(L® Poc)) +UN®Q

+ diag’, (Ko)(Un ® R)diag/L, (K,). (19)
Let G; := C;'—RflCi, G4 = diag;(G;),and G := CTR™1C.

Notice that N
G=> G
=1

By introducing the covariance mismatch E; := X; — X§
we obtain after some manipulations

E, = Ap(Y)E; + E;AL(7) + 3,

(20)

(21)
where

Y= N?(In ® Pr)Ga(In ® Py) + Un ® (PG Py)
—N(IN ® Poo)Gd(UN ® Poc) - N(UN ® Poo)Gd(IN ® Poc)~
Our main result can thus be stated as follows.
Proposition 8. limy_, 4o limy 10 Xy = Xg’; = UNn ® Py.

In order to prove the above proposition, we notice that
it is always possible to construct a transformation 7" such
that

T T
T = (\1/NN ty - tJTV) , TLTT = diag{0, \a, ..., An}
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where Ag, ..., A, > 0 are the positive eigenvalues of L (see
Section 2) and

N
tily = Y ti; =0, tit] =i, i,j=2,..., N,
j=1

i.e. T is orthornormal. Define
S =T®I, (22)

and let Et := SE,ST. We have after some manipulations
and taking into account (20)

E; = Ap(7)E; + E;AL(y) + NS (23)
where
Ac HLQ Hl,N
~ Iy 1 oo —yA2Py - -+ Iy N
Ap(v) = : : - :
IIna Iy <o I,y — AN Poo
(24)

N
H17j =Hj,1 = 7\/NZ tj,lPooGl, j = 2, .. .,N, (25)
=1

N
Hi,j :Hj,i = (SiJA — N Z ti,ltj,lPOOGly Z,j = 2, ey N,
=1

(26)
and
0 O 0
- 0 2o Yo N
X=1. . . (27)
03Ny - iN,N
N N N
Ei,]‘ :Zjﬂ' = Z ti,ltj,lPOOGlPoo- (28)

=1

The matrix Ap(y) is Hurwitz for all v > o (since Ap(7)
is Hurwitz for all 4 > ~¢ by Proposition 1). Notice also
that since o(Ap(y)) no(—=AL(y)) = & for all v > 5,
for each v > 7y there exists a unique symmetric solution
Ec(7) to

0=Ap(1)Ex(7) + Ex(mAR(7) + N?E (29)
The proof of Proposition 3 follows directly from the next
two lemmas.

Lemma 1. For each v > v
lim E, = E,(v)

t——+00

(30)

Proof. Let A, = Et — Eoo (7). Since /Nl(’y) is Hurwitz for
all v = 7o,

A, = APMEA AL
as t — +400. ]
Lemma 2. lim,_, 1 E. () = 0.

(31)

Proof. The solution Ey (v) of (29) is unique and it can be
parametrized in vy as follows. Let

W1 = I'OW?LQHM W2 = C01£V=2H11' (32)
Moo -+ Ilon iz,z iQ,N
L N N :
Myyo - Tnn Sng - iN,N
(33)
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With this definitions the equation (29) reads out as
00\ _ [Ac W -
(0 A) = (W2 Wo — yD@POO> Eeo(7)

.
~ Ac Wi

+Ex() (W2 Wo—7D® Poo) '

D =diagl’,(\) (35)

The solution E (y) is analytic in v > 0 and can be written
(using a Taylor expansion) as

(34)

1 1 1

(riro(L)  Inivo(

Ey(y) == ¥ gl ¥
@© N 1 1 1
7Y2 1+ o — Yg,l + *Yv372 + O —
S Y Y Y

(36)
where Y3 is the unique (since o(D ® Py) no(—D ®
P,)) = ) solution of

Y31(D® Py) + (D® Py)Ysy = N?A,
Y3 2 is the unique (since 0(D ® Py) N o(—D ® Py) = &)
solution of
(D® Py)Ysz + Ya2(D @ Po) = WoYs + Ys 1 Wy,
Y51 is defined as
Yo = W1Ys1(D® Py)™!

and Y7 is the unique (since o(Ac) n o(—AL) = &)
solution of

ACYLl + Y171Ag = —(Wlifg—a + 1/271W1T)
From (36) it follows that lim,_, ; » E(y) = 0. (]

Clearly, from the above lemmas we conclude that

lim lim E;= lim lim E;,=0
y—+00 t—+00 yY—+00 t—+00

(37)
which proves Proposition 3.

An important consequence of proposition 3 is that the
error covariance of each filter at the sensor node tends
(as ¥ —» +o0 and t — +00) to the optimal steady state
error covariance P, of the centralized filter.
Corollary 1.
li lim [X,];; = P.
vir}rlw tﬂlrfoc[ t]]’] @

foreach j=1,..., N.

Remark 1. Tt is worth remarking that in any discrete-time
implementation of the ADKF the value of v cannot be
chosen arbitrarily large, due to numerical issues. Roughly
speaking, a larger v requires a smaller integration step
that constraints the communication lag among nodes.
Consequently, any implementable version of the ADKF
will suffer a certain performance degradation with respect
to the CKBF, in accordance with what happens in the
discrete time framework.

(38)

Remark 2. The ADKF is extremely simple to implement
and the information exchange among nodes is reduced
to a minimum. The matrix Py can be computed (off-
line) by solving (4), a matrix equation with size n that
does not depend on the graph structure. Clearly, with
many sensor nodes the size of C' and R can be large, but
CTR™IC is a n x n matrix. The nodes can easily solve
(4) provided that the value of G = CTR™1C is available.
When measurement noises are independent G is expressed
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as in (20), that is, the sum of the matrices C; R;'C;
all over the graph. A distributed computation of G' can
thus be achieved by resorting to distributed algorithms to
compute aggregate functions over graphs (Kempe et al.
(2003)).

We want to add that also the calculation of the lower
bound g for v can be implemented in a distributed way.
Indeed, it is possible to show that 7 can be lower bounded
by some quantity which depend on G and P, and, as
noticed above, these quantities can be obtained through
a distributed computation.

6. COMPARISON WITH RELATED APPROACHES

In this section we review some recent proposals of dis-
tributed filters for the continuous-time case, in order to
highlight the similarities with the ADKF and the respec-
tive application scenarios.

We have reported the results about the stability of the
errors of these algorithms. It is worth mentioning that none
of them provides the exact variance of the estimation error
at each node, an information that in the case of the ADKF
is readily available by computing tr([Xo];.4)-

6.1 DKF

The following continuous-time distributed filter was pro-
posed in Olfati-Saber (2007). It modifies a previous pro-
posal of a consensus filter of the same author (Olfati-
Saber, 2005) with the aim of enhancing consensus. The
DKF algorithm needs to exchange only the estimates
among adjacent nodes and has equation

& =42+ K (y0 - 0RP) 0k Y (R -2

JeEN @)
(39)
P, =AP, + PA" + Q — P,C/ R7'C;P; (40)
K; =P,C] R !, (41)

with v a positive parameter. The DKF algorithm Notice
the similarity with (9). The only difference is that Py
is replaced by P;. Clearly, P; is bounded when (C;, A)
is an observable pair. A slight extension is to apply
the algorithm by replacing y* with coleNm(y(j)) and
Ci with coljen (Cy). In any case, the DKF can be
applied only when local observability conditions hold,
and in particular C; # 0, that is, all the sensor nodes
(or their immediate neighbors) have measurements. In
this condition it is possible to obtain a result about the
boundedness of the estimation error variance.

6.2 MKCF

The Multi-agent Consensus Filter (MKCF) was originally
proposed in Ren et al. (2005) for systems without dynam-
ical equations. Its extension to our context was carried
out in Ji et al. (2017). Here it is assumed that only the
nodes for which g; = 1 have access to the system output
and in this case C; = I. In other words, the measurement
equation is

y (1) = gizi = gi(z + v2). (42)
The other nodes (i.e., those with g; = 0) must rely on the
estimates of the neighbors as it is commonly assumed for
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wireless sensor networks. The MKCF algorithm needs to
exchange both the estimates and the matrices P; among
adjacent nodes and its equations are

27— 43P 4 PR (s — =)

+P Y P (?cij) - iﬁ”)
JEN (D)

(43)

Pi :APi + PiAT + Q — P; Z ijl + giR;1 P;.
JEN (D)

(44)
There are no theoretical stability results for the estimation
error of the MKCF. MKCF can applied to a wider sets
of network with respect to DKF but it is limited by the
assumption C; = 1.

6.3 IKCF

The information-wieghted Kalman consensus filter (IKCF)
was proposed in Ji et al. (2017) as a modification of the
MKCF, with which it shares the same assumptions except
for the fact that nodes have a partial access to the state,
i.e. C; # I. The measurement equation is

Y (t) = gizi = g:(Ciz + v3). (45)
In addition, IKCF explicitly models communication noises
among nodes over directed graphs. The IKCF algorithm
needs to exchange both the estimates and the matrices P;

among adjacent nodes and, for the case without commu-
nication noises, its equations are

2 ZARD 4 g POTR (2 — CRY)
+pP, Y P (ﬁiﬂ) - ;<5:>)
JEN (D)
P =(A+vI)P + P{(A+v)T +Q — g?P,C] R;'C; P,

S (o) |
JEN@)

The proof of the boundedness of the estimation error
provided in Ji et al. (2017) contains some technical issues,
related to the fact that the P;s do not actually correspond
to the covariance of the estimation error at each node.
Thus, the claim in Ji et al. (2017) that the IKCF provides
an optimal estimate is not correct (Cacace, 2019).

(46)
- P

(47)

7. SIMULATION RESULTS

Consider system (1) with

01 0 0 0
05 —05 0 0

A=195 0o —020 (48)
10 1 0

We consider several scenarios that range from full state
measurement for each node to sparse partial measurement
(the latter case is typical of wireless sensor networks). We
choose N = 5 with the five nodes connected in a chain,
i.e. the edges are (i,i + 1), i€ {1, 2, 3, 4}.

Scenario 1: complete information. The system state is
available to all nodes, i.e. C; = 1.
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Scenario 2: local observability. The system output is
available to all nodes and C; = [1, 1, 1, 1]. Note that
(C;, A) is observable.

Scenario 3: collective observability. The system output
is available to all nodes, with C; = [1, 0, 1, 0],
Cy =10, 1,0, 0], C3 =[1, 0, 0, 0], Cy = [1, 0, 1, 1],
C5 = [0, 1, 1, 0]. Note that (C;, A) is never observable,
but (C, A) is observable.

Scenario 4: sparse state availability. The system state is
available only to nodes in {1, 5}, i.e. C1 = C5 = Iy,
Cy=C3=C4=0.

Scenario 5: sparse measurement availability. The system
output is available only to nodes in {1, 5}, with

1010 1011
012{0100]’ 05:[0110]’
Cy = C3 = Cy4 = 0. Note that (C, A) is not observable
but (Cz, A) is observable.

(49)

In order to compare the performance of the filters we have
performed 100 simulations with ¢ € [0, 50] and integration
step dt = 2-1073. The noise amplitude of the state noise
has been chosen as QQ = q¢I4 with ¢f = 0.3 and R; = r¢1;,
where ry = 0.6 and I; has the same number of rows as C;.
For ADKF and DKF the parameter v was set to v = 100.

The results are summarized in Table 1. Notice that when
it can be applied, the DKF attains almost optimal per-
formance and a larger consensus than ADKF. This fact
however may depend on the value of . To investigate this
issue we have computed the variance of the estimation
error tr([Xo];,;) at each node as a function of 7 in Scenario
3 by using (18). The results are shown in Fig. 1 (left). The
plot confirms the result of Proposition 3: when ~y increases
the variance of the estimation error of all the nodes con-
verge to the optimal value tr(Py). Fig. 1 (right) shows
that the consensus, expressed as the standard deviation
across nodes of the variance of the estimation error, is a
linear function of ~.

Remark 3. DKF can be used only when local observability
conditions hold, i.e., in scenarios 1 and 2. This is clear
from the equation (40) for P that may become unstable
when (C;, A) is not as observable pair. However, when
there are no measurements at nodes in which (C;, A) is
not observable, the value K; is not needed. The filter
can therefore be implemented by omitting the (potentially
unstable) computation of P; and replacing P; in (39) with
an arbitrary matrix, for example I. This is the approach
that we have used in scenario 4. Clearly, this is not possible
in scenario 3 where the gain K is needed.

Remark 4. MKCF needs C; = I, thus it can be natively
used in scenarios 1 and 4 because P; and R; must have the
same size (see (44). However, when R; is scalar the terms
are still congruent, thus we used MKCF also for scenarios
2, 3.

8. CONCLUSIONS

As mentioned in Remark 1 the results described in this
work for the case of continuous-time filters do not extend
automatically to the discrete-time case. Thus it is of inter-
est to derive a discrete-time implementation of the ADKF
and to characterize the loss of accuracy and consensus of
this discrete-time counterpart with respect to the opti-
mal case as a function of the size of the discretization
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[ [ tr(Px) [ CKBF [ ADKF | DKF [ MKCF [ IKCF |
Scenario 1  mse 0.319 0.344 0.394 0.408 7.374 | 1.544
st.dev. 0.031 0.004 0.411 | 0.155
Scenario 2 mse 0.797 0.868 0.814 0.820 2.539 | > 103
st.dev. 0.015 0.003 0.078 | > 103
Scenario 3 mse 0.553 0.595 0.608 N.A. 17.207 | 2.818
st.dev. 0.029 N.A. 3.632 | 0.703
Scenario 4 mse 0.532 0.570 0.610 0.727 > 102 1.406
st.dev. 0.064 | <103 > 10 0.481
Scenario 5 mse 0.582 0.626 0.672 N.A. N.A. 2.519
st.dev. 0.050 N.A. N.A. 0.519

Table 1. Comparison of mse and consensus among filters in five different scenarios. Consensus
is measured by the mse standard deviation across nodes (smaller values are better).

2.5 e
node 1 —s—
node 2
2.0 + node 3
node 4
node 5 —e—
1.5 + tr(Poc) —— A
1.0 + B
0.5 + £
00 Ll Lol Ll Lol Ll L
le+00 1e+01 1e+02 1e+03 1e+04 1e+05 1e+06

v

1e+00 E 0 LR A ] B AL I AL AL
E st. dev. across nodes —s—

le-01 [

1e-02 L

1e-03 L

le-04 -

le-05

P | P | P L
le+01 1e+02 1e+03 1e+04 1e+05 1e+06
v

1e-06 |
1e+00

Fig. 1. tr([Xs]i,:) for the nodes of Scenario 3, i € {1,2,3,4, 5}, compared with the optimal variance tr(Py) as a function
of v (left). Standard deviation across nodes of the estimation error variances shows that consensus increases with

~ (right).

interval. Additional extensions may include connectivity
hypotheses for the case of directed network topology and
the explicit modeling of communications delay and/or
disturbances.
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