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Abstract: We investigate the receding horizon team-optimal decentralized filter for discrete-time multi-agent
systems subject to delayed information sharing. By minimizing the team estimation error covariance over a finite
horizon under unbiasedness constraints, both batch and recursive implementations of the RHTODF are derived. It is
shown that the resulting estimator admits a decomposed structure consisting of a common-information component
and local innovation-based correction terms, which enables distributed implementation under delayed communica-
tion constraints. Numerical simulations demonstrate that the proposed RHTODF achieves improved estimation
accuracy and smaller estimation error than the local Kalman filter, thereby illustrating the effectiveness of the
proposed finite-horizon team-optimal filtering framework.
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1. Introduction

Over the past few decades, state estimation has become a central topic in control theory and signal processing [ 1-8].
Research on dynamic state estimation can be traced back to the pioneering work of Kalman in the 1960s [9]. Since
then, the Kalman filter has been extensively studied for both linear and nonlinear systems [10]. However, the
standard Kalman filter may suffer from divergence in the presence of uncertainties in noise statistics [11]. Against
this background, the receding horizon filter (RHF), also known as the moving horizon filter, has been proposed [12].

Since its introduction in the 1960s [12], the receding horizon filter has attracted increasing attention and
has become a successful technique in control engineering, signal processing, and fault detection [13-16]. In
particular, Ref. [12] derived an estimator based on the maximum likelihood criterion. A recursive solution for
general systems was developed in [17] using scattering theory. The RHF based on the minimum variance criterion
for time-varying systems was proposed in [18]. In [19], an unbiased RHF was derived via a reorganization technique.
Furthermore, Ref. [20] introduced a new optimization criterion and established the convergence and unbiasedness of
the estimator. Despite these advantages, classical RHF schemes are typically designed under centralized information
structures, which limits their applicability to large-scale networked systems where global information is unavailable
or communication constraints exist.

On the other hand, with the emergence of large-scale systems and the rapid development of network tech-
nologies, decentralized estimation has received significant attention in recent decades. In [21,22], decentralized
estimation for large-scale systems was investigated by decomposing the overall system into interconnected subsys-
tems under various interconnection structures. Under networked environments, agents can exchange information
over a given communication graph, enabling each agent to estimate the system state based on its local observations
and information from neighboring agents [23,24]. For instance, several consensus-based estimation algorithms
were proposed in [25,26], while diffusion-based strategies were developed in [27]. However, consensus and
diffusion-based methods often rely on asymptotic information fusion and may suffer from suboptimality under
finite-horizon performance criteria or time-varying communication constraints. Additional results on networked
decentralized estimation can be found in [28-33].

More recently, team-optimal decentralized estimation has attracted increasing attention [34-36]. In [34,35],
a team-optimal estimation framework was proposed, where all agents cooperate to minimize a common team
cost function. Due to communication delays among agents, each agent has access to different information when
performing estimation. Although this framework provides optimality in a team sense, the resulting estimators
are typically derived under static or full-horizon optimization settings, which may not be suitable for real-time
implementation in large-scale dynamic networks.
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Although the receding horizon filter and decentralized estimation have both been extensively studied, there are
still fundamental gaps between them. Existing RHF methods are mainly centralized and computationally demanding
in large-scale networks, while existing decentralized estimation schemes are often based on asymptotic consensus or
static optimization and lack a receding-horizon structure that explicitly accounts for finite-time optimality and online
adaptation. Moreover, only a limited number of works have attempted to integrate the receding horizon principle
into decentralized estimation frameworks [37-39] and even fewer consider team-optimality in such settings.

Motivated by these observations, this paper investigates a receding horizon formulation for team-based
decentralized estimation, referred to as the receding horizon team-optimal decentralized filter (RHTODF). Compared
with existing receding horizon filtering methods, the proposed framework enables a distributed implementation
under communication constraints while preserving the finite-horizon optimization nature. In contrast to existing
decentralized estimation schemes, the RHTODF explicitly embeds a receding horizon optimization mechanism
into a team decision-making structure, thereby improving adaptability and tracking performance in time-varying
environments. The main contributions of this paper are summarized as follows:

(1) A receding-horizon team-optimal estimation framework is established for multi-agent systems with delayed
information sharing. Unlike existing team-optimal estimators based on static or full-horizon optimization,
the proposed framework incorporates finite-horizon optimization and online updating mechanisms, thereby
improving adaptability in dynamic environments.

(i) By minimizing the finite-horizon team estimation error covariance subject to the unbiasedness constraint, both
batch and recursive forms of the RHTODF are derived. The recursive implementation significantly reduces
computational complexity and is suitable for real-time applications.

(iii) A structural decomposition of the optimal estimator is obtained, showing that each local estimate consists of a
common-information estimate and a correction term driven by local innovations. This decomposition reveals
the information structure underlying the team-optimal solution and enables distributed implementation while
maintaining team optimality.

The organizational structure of this article is as follows. In Section 2, we present the problem formulation and
related preparations of the study. The batch form of RHTODF is presented in Section 3. Section 4 further gives
the recursive form of RHTODF. In Section 5, numerical examples are implemented. Finally, the conclusion of this
paper is reached in Section 6.

2. Problem Statement

Consider the following linear discrete-time state-space model:

z(k+1) = Az(k) + Guw(k), (1)

yl(k) :Cl$<k)+vl(k)’ 1= 17 y 1, (2)

where (k) € R"» denotes the system state, and y; (k) € RY represents the measurement of the i-th agent at time k.
The matrices A, G, and C; are of appropriate dimensions.

The process noise {w(k) € RP} and the measurement noise {v;(k) € R?} are assumed to be mutually
independent Gaussian white noises with zero mean and covariance matrices ) and R;, respectively. The initial
state z(ko) is a random vector with mean Z (ko) and covariance Py,. Moreover, the initial state, process noise, and
measurement noise are mutually independent.

For convenience, the measurement equation in (2) can be written in compact vector form as

y(k) = Cz(k) +v(k), 3)
where
c=[cr cf ... c1".

and

y(k) = col(ya(k), -+ ,yn(k)), v(k) = col(vi(k),- - ,vn(k)).
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The agents considered in this paper are interconnected through a communication graph G, which is assumed to
be a strongly connected weighted directed graph. Due to the uncertainty of the network environment, communication
delays are inevitable during information exchange among agents. In this paper, we assume that the communication
delay between any two agents is a constant d-step delay.

For convenience of subsequent analysis, the system in (1) and (2) is rewritten in batch form over the latest
finite time interval [k — N, k], where N denotes the horizon length. The interval [k — N, k] is referred to as a
finite-time window, and the initial time instant k — IV is denoted for simplicity as k in the sequel.

Due to communication delays among agents, the information available to the i-th agent over the interval
[k, k] admits a decentralized structure of the form

Yilk—1) = Y (k — d) UV} (k — 1),

where Y°™(k — d) denotes the commonly shared information available to all agents, and Y;"*¢(k — 1) represents
the local information accessible only to the i-th agent. To ensure that the common information Y " (k — d) lies
within the finite-time window [k, k], we assume d < N. Specifically, these information sets are given by
T
veor(k —d) =[y" (k) y"(kn+1) - yT(k=d)]",
T
Yk =1) =[yf (k—d+1) - yl(k—1)]

On the finite time interval [k, k], the estimate of the weighted state L;z(k) for the i-th agent, denoted by

2;(k), is designed as a linear function of the common information Y ¢°™(k — d) and the innovation of the local
information Yiloc(k —1),ie,

2i(k) = LiHY ™ (k — d) + M;Y}°°(k — 1),
where

Y/iloc(k_ _ 1) _ Yiloc(k‘ _ 1) _ E{}/iloc(k _ 1) ‘ Ycom(k, _ d)}

Here, L; € R"=*"= is a prescribed weighting matrix associated with the i-th agent, while H and M, are gain
matrices to be determined.

The objective of this paper is to minimize a finite-horizon weighted estimation error covariance at each time
instant k over the receding window [k, k], which is formulated as

Junin = E{ (La(k) - (k)" S(La(k) - 2(k)) }, )
where Z(k) = col(z1 (k), 22(k), - - - , 2,(k)) denotes the stacked estimate of all agents. The matrix L is defined as
L =col(Ly, Ly, -, Ly),and S = [s;;] € R""=*""= i3 a given positive definite weighting matrix.

Remark 1. The objective in (4) adopts a team-optimal criterion, where the weighting matrix S introduces coupling
among different agents. This is in contrast to most distributed estimation schemes, which typically consider local
or decoupled performance indices. Different from centralized estimation, the proposed formulation preserves the
distributed information structure while optimizing a globally coupled performance index. Hence, the estimator can
be viewed as a distributed realization of a team-optimal estimation problem.

Remark 2. Although the output equation can be rewritten in a compact vectorized state-space form, it is important
to emphasize that the resulting model is not equivalent to a standard centralized state-space estimation problem. In
particular, the vectorization only provides a unified mathematical representation, whereas the underlying information
structure remains fundamentally distributed. Each agent has access only to local measurements and delayed shared
information, rather than the full stacked observation vector. Therefore, the estimation process is performed under a
team decision-making framework with information asymmetry and communication delays.

Moreover, the coupling introduced by the receding horizon optimization further distinguishes the proposed
problem from standard Kalman filtering or classical moving-horizon estimation. The optimization is carried out
over a finite horizon with unbiasedness constraints and distributed information sets, which leads to a nontrivial
decomposition of the optimal estimator into common-information and local innovation components. Hence, the main
difficulty of the problem does not lie in the algebraic form of the model, but in the interaction between finite-horizon
optimization, delayed information sharing, and team-optimal distributed decision-making.
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Finally, we impose the following assumptions:

Assumption 1. The weighting matrix S is positive definite, and the system matrix A is nonsingular.

3. Batch Form of the RHTODF

In this section, the batch-form expression of the proposed RHTODF is developed. To exploit the receding
horizon structure over the finite interval [k, k], the common and local measurement sequences are first represented
in terms of the current state (k). Such a representation converts the estimation problem into a finite-dimensional
optimization problem and facilitates the derivation of the team-optimal filter.

According to (1) and (2), the common information vector Y “°™(k — d) and the local information vector
Y!°¢(k — 1) over the horizon [k, k] can be expressed in terms of the current state (k) as

yeor(k — d) = C'Nx(k) + G’NW(k; -1+ V(k — d), 5)
Yioo(k — 1) = Cia(k) — GiW'(k — 1) + Vi (k — 1), ©)

where the stacked process noise vector and measurement noise vectors are defined by

W(k' — 1) é[wT(kN) (.L)T(k; . 1)}T’
Witk = 1) 2w (k—d+1) - WT(k=1)]",
V(k—d) [T (ky) - vT(kid)]T7
Vilk = 1) 2[of (k- d+1) Tk —1)]7,
and
CA—N
CA-N+1
~ A .
N = . )
CA
C
CA-1G CA~2G ... CA-WN-Dg CA-NG
0 OAilG CA*(N*Z)G OA,(Nil)G
0 oo 0 CA_]_ CA_QG
0 ST 0 i
The matrices C; and Gy, i = 1, ..., n, are given by
CiA_(d_l)
C;A-(@2)
CiAfl
C,A™IG C;A2G - ;AT D@g
5 0 C,A"IG . CA-@-2G
0 0 e CiA_lG

For convenience of computing the covariance matrix, we define

Cin=CiA™!, Gi1=—-CiAT'G,
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OiA_j
At -
o C;A™I _[Cigr =
1,7 Cz )
CiA_l
and
C;A™'G C;A~2G - C;ATIG
_ 0 C,A7'\G - C,ATITIG
Gi;=— . ) ) .
0 0 o G ATIG
Gij,1 —C'Z'AjflA_lG .
= ’ ’ <3 < N.
0 _catg |0 2sIsN

Since the process noise and measurement noise are mutually independent zero-mean Gaussian white noises,
the composite noise term

—Gi Wk —=1)+Vi(k—-1)

associated with the ¢-th agent is also zero-mean. Its covariance matrix, denoted by =;;, can be recursively computed as

Zij = Gy |diag(Q, -+ ,Q)|GY; + |diag(Ri, -+, Rs)
N——r N——
5 i )
= o] T[e Gl
Sigg—1 i,5—1 -1 T ,—T i,5—1
= AT GG A

with the initial value =;; = R; + CiA_lGQGTA_TCiT.
For notational convenience, define the covariance matrix associated with the common information as

(1]

N ZE[(GNW (k= 1)+ V(k = d)(GyW(k—=1)+ V(k—d))"].

Before deriving the team-optimal receding horizon filter, the following property regarding the information
structure will be needed.

Lemma 1. Define

Y/iloc(k_ _ 1) _ )/iloc(k _ 1) _ E[}/iloc(k _ 1) | Ycom(k _ d)]

Then
E[Vie(—nyerk-a)] =0, i=1...n

Proof. Since f’iloc(k — 1) is defined as the innovation, it is the orthogonal projection residual. Hence, by the
orthogonality principle of conditional expectation,

E[fﬁ“(k —y(veem(k — d))T} ~0.

Now, we are in the position to give the main theorem.

Theorem 1. Suppose that the pair { A, C'} is observable. Over the finite horizon [k, k|, the batch-form RHTODF
for the i-th agent is given by

%(k) = LiHY ™ (k — d) + M;Y}°°(k —1). (8)
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The optimal gain matrices are given by

H = (ChE5'Cn) 0Lz, ©)
M=T""p, (10)
where
= vec[My, ..., M,],

VGC[SlLHE,{N, ceey STLLHE’ZNL

[Eij ® Sijlij=1-

M
W
r

Proof. According to the unbiased requirement of RHTODEF, the condition E[Lx(k)] = E[2(k)] should be satisfied.
Expand both sides of the above equation, thus we get the following from Lemma 1:

Ly 21 (k)
|\ Ln 2 (k)
LiHY ™ (k — d) + M, Y{°°(k — 1)
=E : (11)
| LoHY*™ (k — d) + M, Y, (k — 1)
[ LyHCNz(k)
=E
| L.HCnxz(k)
Then, we obtain from (11) that
LHCy = L. (12)

Next, the objective is to obtain the optimal gain matrices H and M, subject to the unbiased constraint (12).
Then, (4) becomes as follows

E[(La(k) — 2(k))" S(La(k) — 2(k))]
Liz(k) —s(k) 1] Su -+ Sin
=E : ' z
Loz(k) — 2 (k) S S

Lll‘(k) — él(k)

Loa(k) — 2 (k)

=E{Tr> > Sy[L;H(GNW (k- 1)+ V(k — d))

— M;(G W' (k = 1) = Vi (k — 1)][L: H(GNW (k — 1)
+V(k—d) = M;(G;W' (k= 1) = Vi(k - 1)]"}
=3 A{Tr[SyL;HENHT L] - Tr(Si; M;E;nH L]

i=1 j=1

— Tr[Sy LyHE N M| + Tr[Si; MyEL M)}
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Now, we construct the Hamiltonian function as below:

N N
H = Z Z {Tr(Si;L;HENHT LT) — Tr(S;yM;Z;5HT LT)
— Tr( Ly HE M) + Tr(Sy; M;EL M)}
Tr[(I — HCx)PT(k +1)],
then according to the matrix extremum principle, the necessary conditions are available

oM o
O0H 7 OM;

0, (13)
and the costate matrix P(k + 1) must meet the following equation
=1—-HCy=0. (14)

The above Equation (13) is expanded in detail as follows

N
= SylLIL;HEN — LT M;E;n] — P(k+1)CY =0, (15)
j=1

o
0H

ZS” sEE — LHEL ] = 0. (16)

Next, we will find the optimal gain matrix on the basis of (14)—(16). Above all, by vectorizing both sides of
(16) and using Kronecker product vec(ABC) = (CT @ A) x vec(B), we are able to gain

Z(E” & Sl-j)vec(Mj) - U@C(SZLHEITN) =0.
jeu
We substitute I';; = Z;; ® S5 and p; = vec(SiLHE?N) into above formula. Since S > 0, Z;; > 0 and
=N >0,1,7=1,--- n,weknow that I' > 0 and invertible.

Hence, (16) has one and only solution, in other words the optimal gain matrix M; has a unique solution that be
able to simply denote

M=T"1pu, 17
where

M =vec(My, -+, M,), = vec(Si LH=] y, -+, S, LH=L ),
Si =[8i1,, Sinls T'= [Tijlijj=1,. ns Tij = Zij ® Sy

Substitute M; = I‘;jluj into (15) to solve P(k + 1). And combine P(k + 1) with (15) and (17), we get
= (CREN'CN)T'CREN, =1, ,n, (18)
O

Remark 3. The proposed batch-form RHTODF provides a unified closed-form solution for distributed state fusion
over a finite horizon. Different from conventional distributed Kalman filtering or consensus-based estimators, the
proposed framework explicitly separates the estimation structure into a common-information-driven component and
a local-innovation-driven component.

In particular, the gain matrix H admits a projection-type closed-form expression determined by the global
observation matrix Cn and the covariance matrix = associated with the common information, while the local
gain M is obtained from a structured linear matrix equation governed by the Kronecker product I';; = Z;; ® ;.
This structural decomposition allows the global fusion gain to be computed first, followed by the local correction
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gains through a structured linear matrix equation, thereby facilitating the implementation of the proposed estimator.
Moreover, the resulting estimator preserves the unbiasedness over the finite horizon while fully exploiting
cross-agent coupling information encoded in the weighting matrix S and the covariance structure Z;;.

4. Recursive form of the RHTODF

In this section, we reformulate the batch-form RHTODF in (8) into an equivalent recursive representation to
reduce computational complexity associated with high-dimensional matrix inversion.

To this end, we exploit the inherent recursive structure of the finite-horizon information matrix underlying the
batch estimator.

Theorem 2. Suppose that the pair { A, C'} is observable. Over the finite horizon [k, k), the batch-form RHTODF
for the i-th agent can be equivalently expressed in the following recursive form:
Zi(k|k) = Q' (kk), (19)
where Qn = CNHNlCNL !
For 0 < j < N — 1, the auxiliary estimate 7);(kn + j + 1|k) is given by the recursive equation
ni(kn +j + 1|k)
=1+ AT(Q; +CTR'C)AT'GQGT1A™T
fi(kn + jlk) — MY} (ky +j — 1)
+CTR Yy(kny +j+1—4d)
+(Q + CTRIO)VAT LTI MY (ky + §) |

Proof. To convert the batch form (8) into an recursive form, we first define

Q1 = CLLE LG, Qi = QL7 Y, (20)

and then €2, satisfies the following discrete Riccati equation:

Qi1 =[[+AT(Q;+ CTR'C)AT'GQGT] ™

x A~T(Q; + CTR™'C)A™, 21

with initial conditions o = 0 and Q0 = 0.
Based on Theorem 1, 2;(k) can be written as

Qnzi(k) = CLER Y™ (k — d) + QN MY (k — 1). (22)
We introduce the auxiliary estimate 7;(ky + j | k) defined by

i(kn +J | k)
2Q;%(ky +4 | k)
= CTEF Y™™ (ky +j — d) + QMY (ky + 5 — 1), (23)
forj=1,...,N, where i;(kn | k) = QoZi(ky | k) = 0.
For initialization, the local innovation terms at ky — 1 and ky are taken as zero, i.e., Y°*(ky — 1) =

lN/iloc(k:N) = 0. Next, we derive the recursion for 7);(ky +j + 1 | k). For 0 < j < N — 1, using the definition (23),
we have

Ni(kn +7+1|k)

_ 0T =1 Yer(ky +j —d)

I |y 4+ 1—d)| T Qi MYk + ). @9

Now we simplify the matrix CJ 115, +1 Using the recursive structure of =, 1, we obtain
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~T —=—1
CinZin

T _ _ .1\ !
_4-1|Cj 1G] 4 7 4-1|Cj
- M <AJ+[C]A coed M ) (5)

_ T
_ _ _ -1,_p|C; _
=[I+A47(Q;+CTRT'C)ATIGQGT] A T{OJ] AT

0 R
Substituting (25) into (24) and employing (20), (21) together with the definition of the auxiliary estimate, after
algebraic manipulation we obtain the recursion

where A; = [:j 0}.

Mi(ky +7+ 1| k)
= [I+A77(Q;+CTRT'C)AT'GQGT] ' AT
[k 45 | R) = QMY (hy 45 = 1) 6)
+CTR Yy(ky +7+1—4d)
+(Q; + CTRICVAT L7 MY (kv +j)]

Equation (26) provides the recursive relation for the auxiliary estimate. Finally, since 2; (k | k) = Q3 ;i (k | k),
the recursive form stated in Theorem 2 follows. This completes the proof. O

Remark 4. Theorem 2 reveals that the proposed batch-form RHTODF admits an equivalent recursive implementa-
tion governed by a Riccati-type information matrix recursion. This transformation is nontrivial, since it bridges the
high-dimensional batch optimization problem and a computationally efficient time-update structure. Different from
conventional batch estimators that require repeated inversion of large-scale block matrices, the proposed recursive
form propagates the information matrix €); sequentially, avoiding direct inversion of the full batch matrix Z .
Moreover, the estimator separates the evolution of the global information state from the local innovation-driven
correction term, which enables a scalable implementation for large-scale distributed systems. This structural
decomposition highlights the main advantage of the proposed RHTODF framework: it preserves the optimality of
the batch solution while significantly reducing computational complexity through recursive information updating.

5. Simulation Results

In this section, numerical simulations are conducted to validate the effectiveness of the proposed RHTODF
and to compare it with the conventional local Kalman filter (Local KF).

We consider a scenario with three agents (n = 3) that cooperatively estimate the state of a common two-
dimensional linear dynamic system (n, = 2). We consider the dynamic system and measurement model as
described in (1) and (3), and adopt the following parameters for the simulation. The state transition matrix is chosen
as A = [06?25 8252], the input matrix is G = [gg
Gaussian white noise with covariance @ = 0.152. The measurement matrices for the three agents are C; = [1,0],
Cy = [0.6,1], and C3 = [0.4,0.9], respectively, and the measurement noises of the i-th agent is denoted by
vi(k) ~ N(0, R;) with Ry = 0.12, Ry = 0.122, and R3 = 0.12. The initial state is set to xop = [1,—1], and
the total simulation horizon is 7' = 200 time steps. All noise sequences are assumed to be mutually independent,

} , and the process noise w(k) is assumed to be zero-mean

zero-mean Gaussian white noise sequences, with their respective covariance matrices specified above.

For the RHTODF algorithm, the key parameters are chosen as follows: the horizon length NV = 5 and the
communication delay d = 2. The common gain H and the local correction matrices M; are computed according to
the method described in Theorem 1. As a benchmark, the local Kalman filter is implemented independently for each
agent using only its own measurements.

All algorithms are tested under the same realisation of the true state trajectory and the corresponding measure-
ment sequences. The simulation first generates the true state sequence and the three measurement sequences, then
runs the local KF and the RHTODF to obtain the state estimates at each time step. The performance metric is the
Euclidean norm of the estimation error, ||§:,(c’) — x||2, and we plot both the state component trajectories and the
eITor Norm curves.
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Figures 1-3 show the state trajectories of all agents, together with the true states. The blue solid line denotes
the true state, the green dash-dotted line denotes the local KF estimate, and the red solid line denotes the RHTODF
estimate. It can be observed that the proposed RHTODF closely tracks the true state for all agents and outperforms
the local KF, especially during rapid variations by exploiting fused finite-horizon global information.

Agent 1
1.5 T T T T g T

T T T T
True state

Local KF -

0 20 40 60 80 100 120 140 160 180
Time step k
Agent 1
1 T T T T T T T T T
True state

0 20 40 60 80 100 120 140 160 180
Time step k

Figure 1. State estimation comparison for Agent 1.

Agent 2
1.5 T T T T T T T T T
True state
————— RHTODF

Local KF —

<
0 20 40 60 80 100 120 140 160 180
Time step k
Agent 2
1 T T T T T T T T T
True state
----- RHTODF
0.5 Local KF -
4
4 { ]
><N 0+ J 1 ‘~ ¢ K \
L A #
-0.5 -
1 L L L L L L L L L
0 20 40 60 80 100 120 140 160 180
Time step k

Figure 2. State estimation comparison for Agent 2.
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1.5

0.5

-0.5

Agent 3
N T T T T T T T T T
.'! True state
no e RHTODF
|i Local KF —
L L L L L L L L L
20 40 60 80 100 120 140 160 180
Time step k
Agent 3
T T T T T T T T T
a
A
A .
| - -, l'
True state 7
————— RHTODF
Local KF
L L L L L L L L L
20 40 60 80 100 120 140 160 180
Time step k

Figure 3. State estimation comparison for Agent 3.

Figures 46 further present the time evolution of the Euclidean error norm for each agent. The green dash-
dotted lines correspond to the local KF and the red solid lines to RHTODF. The results show that the RHTODF error
norm is consistently lower than or equal to that of the local KF at all time instants, and its fluctuation amplitude is
smaller. Specifically, the average error norms of RHTODF are reduced by approximately 10.5%, 21.7%, and 22.1%,
respectively for the three agents compared with the local KF (see Table 1). This demonstrates that RHTODF can
effectively exploit historical multi-step measurements to achieve superior estimation performance over independent
filtering in a distributed framework, and it exhibits stronger robustness against irregular dynamic variations.
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Figure 4. Estimation error norm comparison for Agent 1.
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Table 1. Average error norms for each agent.

Agent Local KF RHTODF Reduction
1 0.124 0.111 10.5%
2 0.138 0.108 21.7%
3 0.131 0.102 22.1%
Agent 2
0.6 T T T T |g T T T I
----- RHTODF
Local KF
05 _

Euclidean norm of error

D
o

120 140
Time step k

Figure 5. Estimation error norm comparison for Agent 2.

Agent 3
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T
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Local KF

Euclidean norm of error

80 100 120 140 160 180
Time step k

Figure 6. Estimation error norm comparison for Agent 3.

In summary, the simulation results confirm that the proposed RHTODF algorithm significantly enhances
the estimation accuracy and stability of multi-agent systems with only modest communication and computational
overhead, thereby validating the theoretical analysis.
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6. Conclusions

This paper develops a receding horizon team-optimal decentralized filtering framework for discrete-time
multi-agent systems with delayed information sharing. By incorporating the receding horizon principle into a team
decision-making setting, a unified optimization framework is established that bridges finite-horizon estimation
and decentralized information structures. A key contribution is the reformulation of the problem as a finite-
horizon minimization of the estimation error covariance under unbiasedness constraints, from which both batch and
recursive forms of the RHTODF are derived. Moreover, it is shown that the optimal estimator admits a structured
decomposition into a common-information term and local innovation-based corrections, enabling a distributed
implementation under delayed communication constraints.

The proposed framework is limited to linear Gaussian systems with fixed communication delays, and its
computational complexity increases with the horizon length and network size. Future work will consider nonlinear
and non-Gaussian extensions, time-varying or event-triggered communication protocols, and scalable implementa-
tions for large-scale networks. Overall, this work provides a structural perspective on integrating receding horizon
optimization with team-optimal decentralized estimation under communication constraints.
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