- _ I Intelligence & Control
=ClI I Ig ht https://www.sciltp.com/journals/ic

Article

Observer-Based Finite-Horizon H., Consensus Control of
Multi-Agent Systems under Multi-Round-Robin Scheduling

Jiaxin Chen, Yezheng Wang * and Fan Wang

College of Automation, Nanjing University of Information Science and Technology, Nanjing 211800, China
* Correspondence: wangyz_sdust@ 163.com

How To Cite: Chen, J.; Wang, Y.; Wang, F. Observer-Based Finite-Horizon Ho, Consensus Control of Multi-Agent Systems under
Multi-Round-Robin Scheduling. Intelligence & Control 2026, 2(1), 3. https://doi.org/10.53941/ic.2026.100003

Received: 4 December 2025 ~ Abstract: This paper investigates the finite-horizon H., consensus problem for

Revised: 14 March 2026 time-varying discrete-time multi-agent systems governed by a multi-Round-Robin

Accepted: 23 March 2026 scheduling protocol. ~ Within a networked communication environment, the

Published: 27 March 2026 my]ti-Round-Robin protocol is employed to facilitate flexible and scheduled data
exchanges among agents. To enhance the system’s robustness against external
disturbances, an observer-based cooperative control strategy is developed, utilizing
the estimated states from neighboring agents. The primary objective is to design a
distributed cooperative controller for each agent to ensure the prescribed H, consensus
performance over a finite time interval. Sufficient conditions for achieving the desired
consensus behavior are derived, and both controller and observer parameters are
determined by solving two coupled backward recursive Riccati difference equations.
Finally, a numerical example demonstrates the effectiveness of the proposed approach
and highlights the superiority of the multi-Round-Robin protocol over the conventional
Round-Robin protocol.

Keywords: multi-agent systems; observer-based strategy; finite-horizon; H,
consensus; backward recursive Riccati difference equations; Round-Robin protocols

1. Introduction

Since the emergence in the 1970s, multi-agent systems (MASs) have undergone rapid development in both
theoretical foundations and practical applications. The progress is largely attributed to MASs’ inherent distributed
computing capabilities, which make it able to solve problems that are intractable for single-agent approaches. As a
result, MASs have attracted substantial research interest over the years. Recent decades, in particular, have witnessed
significant advances and successful deployments of MASs across a variety of fields, such as sensor networks [ 3],
microgrid power systems [4—6], unmanned aerial vehicles [7-9], and intelligent transportation [10—12]. It is worth
noting that in real-world applications, MASs are often time-varying and inevitably subjected to various external
disturbances and uncertainties. The widespread presence of such disruptions highlights the urgent need for robust
consensus and control methodologies suitable for time-varying MASs [13, 14].

As a fundamental issue in cooperative control of MASs, the consensus problem represents a central research
direction in this field. The core objective of consensus control is to design distributed strategies that enable large-scale
systems composed of multiple agents to achieve global state consensus or behavioral coordination using only local
neighborhood interactions. With advances in algebraic topology and control theory, a multidimensional research
framework has been established, covering continuous-time and discrete-time settings, as well as deterministic and
stochastic scenarios. A variety of advanced methodologies have been developed to tackle consensus challenges, such
as adaptive distributed dynamic event-triggered observers for directed graph topologies [15], distributed intermediate
estimators for fault-tolerant control [16], and improved dynamic adaptive event-triggering mechanisms for nonlinear
MASs [17]. In response to practical engineering needs, several variants of consensus have also been extensively
investigated, including quasi-consensus [ 18, 19], bipartite consensus [20,21], and scaled consensus [22,23].
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With the increasing scale of MASs, network data transmission has become a critical bottleneck limiting
further improvement of system performance [24]. In typical application domains such as industrial automation,
intelligent transportation, and distributed robotics, the expansion of system size requires communication networks to
handle exponentially growing volumes of information exchange [25]. Traditional analytical models for networked
systems often rely on the assumption of infinite bandwidth in communication links. Although such an idealized
assumption simplifies theoretical analysis, it significantly diverges from real-world network environments. In
practice, communication constraints due to limited bandwidth lead to several issues, including packet loss,
out-of-order data delivery, and transmission delays. To address the network-induced challenges, the design
of effective communication protocols has emerged as a key technical pathway for enhancing the performance of
networked systems.

Various communication protocols have been developed and widely adopted in networked control systems
to address these challenges. Common communication protocols primarily include stochastic communication
protocols [26-28], which employ probabilistic mechanisms to manage network access and are particularly suitable
for systems with uncertain communication conditions; Round-Robin protocols [29-3 1], which provide deterministic
and fair scheduling by allocating transmission rights in a fixed cyclic order; and weighted try-once-discard
protocols [32—34], which prioritize data freshness by discarding outdated information based on weighted importance
metrics. The Round-Robin protocol is a classical scheduling mechanism that ensures fair and deterministic
communication access in networked systems by allocating transmission rights to each node in a fixed cyclic order.
This approach guarantees collision-free data exchange and predictable channel utilization for industrial control
systems. In practical networked systems, communication bandwidth is typically limited, although a fixed number
of concurrent transmissions are usually permitted. The traditional Round-Robin protocol is relatively conservative in
communication scheduling. In large-scale multi-agent systems, where each agent may have many neighboring nodes,
the polling period for each communication link becomes long, resulting in inefficient information exchange. In
contrast, the multi-Round-Robin protocol extends the conventional framework by introducing multiple overlapping
Round-Robin sequences with differentiated scheduling periods or priority levels. The enhanced architecture allows
for more flexible bandwidth allocation, supports heterogeneous node priorities, and enables adaptive scheduling
in dynamic environments, which can significantly accelerate the convergence speed of consensus algorithms.
Moreover, by adjusting the number of concurrent transmissions, the protocol provides a flexible mechanism to
balance communication overhead and control performance. Despite existing research on control of MASs with
Round-Robin protocols, e.g., [35,36], a critical gap remains in the study of the multi-Round-Robin protocol,
where [37] represents one of the few initial efforts.

Given the dynamic and complex nature of real-world environments, agents are often affected by exogenous
disturbances and measurement uncertainties, making robustness a fundamental requirement in consensus control
design. As an effective robust control framework, H, control has attracted sustained attention because it can
attenuate the influence of worst-case disturbances while providing guaranteed performance levels for closed-loop
systems. Although considerable progress has been achieved in H, control of MASs, e.g., [13, 38, 39], the
development of finite-horizon observer-based H, consensus schemes for time-varying MASs under practical
communication scheduling constraints is still insufficient. Therefore, it is both theoretically meaningful and
practically important to investigate the observer-based finite-horizon H,, consensus control problem in such
networked environments.

Based on the preceding analysis, this paper presents a comprehensive study on the observer-based finite-horizon
H, consensus control problem for time-varying MASs. Specifically, a multi-Round-Robin protocol is adopted to
schedule network resource allocation in the information exchange among neighboring agents. This work addresses
three fundamental challenges: (1) how to appropriately model the scheduling behavior of the multi-Round-Robin
protocol in communication processes between adjacent agents? (2) how to strike a balance between consensus
control performance and the control effort as well as the observer correction effort of the agents? and (3) how to
co-design an observer-based cooperative controller for time-varying MASs under external disturbances that fulfills
the prescribed H, performance requirement?

The primary objective of this paper is to address three key questions, with the main contributions summarized
as follows:

1. Different from the existing consensus results developed under conventional Round-Robin scheduling
protocols (e.g., [29, 30, 35]), this paper, for the first time, investigates the finite-horizon H,, consensus
problem for discrete time-varying MASs under a multi-Round-Robin scheduling mechanism. A novel
binary-matrix-based modeling approach is developed to effectively capture the scheduling behavior of the
protocol and can be readily adapted to the conventional Round-Robin protocol.
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2. To address the tradeoff between consensus regulation quality and implementation effort, a synthesis-oriented
quadratic performance index is constructed, which simultaneously penalizes the consensus error, the control
energy, and the observer correction energy. Compared with conventional performance indices (e.g., [14,40]),
this formulation provides an explicit mechanism for balancing consensus performance, control actuation effort,
and observer update effort within a unified design framework.

3. A novel design method based on two coupled backward recursive Riccati difference equations (RDEs) is
established to simultaneously compute the observer and controller gains within the time-varying framework
and achieve the desired H, consensus performance. Compared to [39], this co-design strategy provides
a systematic way to synthesize the observer-based consensus controller under the multi-Round-Robin
scheduling mechanism.

The remainder of this paper is structured as follows. Section 2 introduces the necessary preliminaries, covering
graph theory, the multi-Round-Robin protocol, and the problem formulation. In Section 3, sufficient conditions
for achieving the H, consensus performance are established, with the controller parameters and observer gains
designed via two coupled backward recursive RDEs. A numerical example is provided in Section 4 to demonstrate
the effectiveness of the proposed methodology. Finally, Section 5 presents concluding remarks and suggests potential
directions for future research.

Notations: Unless otherwise stated, the notation used in this paper follows established conventions. E{x}
denotes the expectation of the stochastic variable x. I denotes the identity matrix with appropriate dimensions
when no confusion arises. diag{- - -} represents a block-diagonal matrix. ||z|| denotes the Euclidean norm of a
vector z, and |z| denotes the cardinality of the set 2. For a matrix M € R™*", M T denotes its Moore-Penrose
pseudo inverse. | M || denotes the Frobenius norm of the matrix M. ® and o denote the Kronecker product and the
Hadamard product of matrices, respectively. gcd(a, b) denotes the greatest common divisor of the integers a and b.

2. Preliminaries and problem formulation

2.1. Graph Theory

Consider a weighted directed graph G(V, £, H) with n nodes, where V £ {v1, vy, ..., v, } denotes the finite
set of nodes, £ C V x V represents the set of directed edges, and H = [Pi jlnxn With 0 < h; ; < 11is the weighted
adjacency matrix with non-negative elements. An edge e;; 2 (v, vj) € & indicates a directed information flow from
node v, to its neighboring node v;. The set of neighboring nodes of v; is defined as ; = {v; € V| (v;,v;) € E}.
Let D = diag{dy,ds,...,d,} be a diagonal matrix with d; = Sy hij.

2.2. System Description

Consider a discrete time-varying MAS defined over finite horizon s € [0, 7 — 1]. The MAS comprises n agents
with node set V = {1,2,...,n}. For each agent i € V, the dynamic model is described as follows:

)
s)xzi(s) + F(s)vi(s) )

where z;(s) € R™ and u;(s) € R™ denote the system state and the control input of agent 7, respectively;
yi(s) € R™ and z;(s) € R™= denote the measurement output and the controlled output of agent ¢, respectively;
wi(s) € l2([0,7 — 1;R™) and v;(s) € l2([0,7 — 1];R™) denote the process disturbance and measurement
disturbance, respectively. Matrices A(s), B(s), C(s), E(s), F(s), and M (s) are time-varying system parameters
with appropriate dimensions.

It is assumed that the system state is unmeasurable. To enhance the robustness of the control method against
external disturbances, observers are applied to estimate the internal state of each agent, which has the following form:

Zi(s+1) = A(s)Zi(s) + B(s)ui(s) + L(s) (vi(s)
— C(s)i‘z(s))

where Z;(s) and Z;(s) denote the estimated state and estimated controlled output of agent i, respectively, and L(s)
is the observer gain to be determined.
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To ensure the solvability of the consensus control problem and facilitate the subsequent analysis, we give the
following assumption regarding communication topology.

Assumption 1. Ref. [24]. For the considered MAS in (1), the directed graph G contains a directed spanning tree.

2.3. Multi-Round-Robin Protocol

To achieve consensus, each agent communicates with its neighbors over a shared network under a potentially
time-varying topology. To efficiently manage network resources, prevent data collisions, and minimize bandwidth
waste, a multi-Round-Robin protocol, inspired by [37], is introduced to regulate the transmission order among agents.

Under the multi-Round-Robin protocol, agent ¢ can only receive data from a specifically selected subset
of its neighbors during each transmission slot. The following proposition formalizes the multi-Round-Robin
scheduling mechanism.

Proposition 1. For agent i, let its ordered neighbor set be N; = {v1,va, ..., vy, }, and let the multi-Round-Robin
scheduling rule be defined by

CZ(S) £ {"%,1(3); Hi,Q(s)» cey }ii,bi(s)}a 2)
kij(s) Emod((s —Du+j—1,p)+1, j=1,2,... 0, 3

where (;(s) denotes the set of indices of the neighbors scheduled to transmit to agent i at time instant s. Then the
above rule realizes a multi-Round-Robin scheduling mechanism in the following sense:

1. at each time instant s, exactly i; distinct neighbors are selected;

2. the selected neighbors are consecutive in the fixed cyclic ordering of N;;

3. fromtime s to s + 1, the selected set shifts forward by 1; positions in the cyclic ordering;
4. the scheduling period is T; = p;/ ged(p;, t;).

Proof. The following proof is organized into four main steps, each addressing one of the claims in the proposition.
First, for any j € {1,2,...,;}, by the definition of the modulo operation,

0<mod((s—1)u;+j—1, p;) <p;i— 1.

Hence, 1 < k; ;(s) < p;. Therefore, each &; ;(s) is a valid index of the ordered neighbor set ;.
Second, we show that the selected indices are pairwise distinct. Consider any jq,j2 € {1,2,...,:;} with
j1 # j2. Suppose, by contradiction, that

Ki gy (8) = Kijy (8).
Then, mod((s — 1) +51— 1, pi) = mod((s — 1D +J2 — 1, pi), which implies j1 — j2 = 0 (mod p;).
However, since j1, j2 € {1,2,...,¢;} and ¢; < p;, one has
0 < |j1 — Jjal < pi,

and thus j; — jo cannot be a multiple of p;, which is a contradiction. Therefore, ;1(s), £i 2(S), ..., Ki.; (5)
are pairwise distinct, and consequently, |(;(s)| = ¢;. This proves that exactly ¢; neighbors are selected at each
time instant.

Third, we prove that these selected neighbors are consecutive in the cyclic ordering and that the set shifts
forward by ¢; positions at the next time instant. For any fixed s and any j € {1,2,...,¢; — 1}, one has

Kij+1(s) = mod((s — 1) +5 — 1, p;) + L.

Hence, compared with x; ;(s), the index increases by one position in the cyclic ordering modulo p;. Therefore,
the selected indices in (;(s) form ¢; consecutive positions on the cycle 1 — 2 — -+ — p; — 1.
Moreover,

Kij(s+1) = mod(su +75 -1, pi) +1
=mod(k;;(s) + ti, pi) + 1.
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Thus, each selected index at time s + 1 is obtained from the corresponding selected index at time s by shifting
forward ¢; positions modulo p;. Therefore, the selected neighbor set evolves cyclically by a step size of ¢;, which is
exactly the defining feature of a multi-Round-Robin mechanism.

Finally, we determine the period. The scheduling returns to its initial configuration if and only if the starting
position of the selected block returns to its initial value. This is equivalent to the existence of a positive integer T;
such that T;¢; = 0 (mod p;). The smallest positive integer satisfying the above congruence is well known to be
T; = pi/ ged(pq, Li). Hence, the scheduling rule is periodic with period T;.

Combining the above four steps, we conclude that the defined rule indeed realizes a multi-Round-Robin
scheduling mechanism. O

To simplify the description, a mapping function .# (-) is introduced to convert the set (;(s) representing
selected neighbors into a vector comprising binary values, which characterizes the scheduling behavior of the
multi-Round-Robin protocol. Specifically, for agent i with neighbor set N; £ {vy, v, ... , Up, }, where v, (k €
{1,2,...,p;}) denotes the k-th neighbor of agent 7 in a fixed ordering, the mapping function . (-) is defined as:

%(Cl(s)) £ il(s) £ [Xi,l(S)7 Xi,g(s), - 7Xz',n($)}T,
o i(s) = {17 if j € NV; and 3k € (;(s) such that j = vy,

0, otherwise

where x; ;(s) denotes the j-th element of X;(s), indicating whether agent j is selected to transmit information to
agent ¢ at time instant s.
The global scheduling behavior of the multi-Round-Robin protocol is characterized by the following matrix:

A(S) £ [)21(8),)22(8)7...7)Zn(8)]T. (4)

Remark 1. 7o illustrate the effectiveness of the specially designed representation method, we give the following
example. Consider agent i with p; = 5 neighbors, where N; = {2,4,7,9,11} (i.e, v1 =2, v =4, v3 =T, v4 =9,
vs = 11) and 1; = 2. At time s, since 1; = 2, the multi-Round-Robin protocol selects two neighbors, yielding
Gi(s) =1{2,3} (i.e., K;,1(s) = 2 and k; 2(s) = 3). Then, x; ;(s) = 1 for j € {4, 7} because:

e Forj=4:4€ N;and 4 = vy, where k =2 = £, 1(s) € ().
e Forj=T7:7€N;and 7= vs, where k = 3 = k;2(s) € (;(s).

For all other agents j & {4,7}, we have x; ;(s) = 0.

Remark 2. The scheduling behavior of the multi-Round-Robin protocol is illustrated in Figure 1. Each colored
block represents a distinct neighboring agent. In this example, agents i, j, and k have 3, 4, and 5 neighbors,
respectively, implying p; = 3, p; = 4, and p, = 5. As time progresses, the selected neighbors cycle sequentially.
When v; = 1, 1; = 2, and 1, = 2, the scheduling period for agent i is T;, completing one full cycle. Taking agent j
as an example: at time s = 1, it selects the adjacent agents denoted by the blue and green block; at time s = 2, its
selection shifts to those marked by yellow and red block. These two consecutive time steps constitute one complete
scheduling cycle for agent j. It is worth pointing out that, when 1; = 1 for each agent, the multi-Round-Robin
protocol reduces to the conventional Round-Robin protocol.

Remark 3. Unlike conventional protocol modeling methods, where the scheduling behavior is usually described by a
mode-dependent switched system model (see [41,42]), the proposed binary scheduling matrix directly characterizes
the activation status of all communication edges at each transmission instant. Such a representation is particularly
suitable for the multi-Round-Robin protocol, where multiple neighboring agents may be scheduled simultaneously.
It avoids cumbersome mode enumeration, and leads to a compact closed-loop formulation for the subsequent
RDE-based controller and observer design.
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Figure 1. An example for the multi-Round-Robin protocol scheduling.

2.4. Augmentation Error System

Before preceding, we introduce the following lemma, which will be used in the subsequent analysis.

Lemma 1. Ref. [43). For any matrices A, B, C and D with appropriate dimensions, the Kronecker product
® satisfies:

1. ( )®C=ARC+B&C.
2. ( J(C®D)=(AC)® (BD).

3. (AeB)T =AT @ BT.

4. ) r=At@B L if A7 and B! exist.

Lemma 2. Ref. [14]. Let A, B and C be known nonzero matrices with appropriate dimensions. The solution X to
minx”AXC — B”F is ATBCT.

Based on the multi-Round-Robin scheduling and state estimation, the consensus controller for each agent is
designed as

ui(s) = K(s) Y Xij(s)hij (25(s) = 2i(s)) ®)
j=1

where u;(s) (i € V) denotes the control input of agent i, K(s) € R™=*"= (s € [0,7 — 1]) is the feedback gain
matrix to be determined.
Based on the introduced auxiliary matrix A(s), controller (5) is rewritten by

uils) = K(5) D hijhig(s)(#5(5) — 2i(s)) ©)
j=1

where \; ;(s) denotes the (i, j)-th entry of matrix A(s). A; j(s) € 0,1 acts as a scheduling gate for edge (j — 4):
Ai,j(8) = 1if neighbor j is selected by the multi-Round-Robin protocol at time s, and \; ;(s) = 0 otherwise.
The state consensus error and controlled output consensus error are defined as follows:

{fds) 2 2i(s) — (1/n) Xj_, &5(s) @)

Zi(s) & Zi(s) — (1/n) 1271 %)
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To facilitate the subsequent analysis, the following vectors are defined:

w(s) £ [2](s) 2f(s) ... «Z(s)]",
y(s) 2 [ (s) wE(s) .. i)
2) 2 [F(s) F(s) ... D))"
i(s) £ [#1(s) #1(s) ... &T(s)]",
) 2 [81(s) T(s) ... D))"
u(s) 2 [ul(s) uf(s) ... ul(s)]",
w(s) 2 [wf(s) wh(s) wT(s)]",
v(s) 2 VT (s) vE(s) ... vI(s)]"

From (5), it is deduced that

u(s) = (Ho(s) @ K(s))a(s) ®)

where Hy(s) £ H o A(s) — D, with D = diag{d,ds,...,d,} and d; = > highig(s).
Based on Lemma 1, the following global system is obtalned

z(s+1) = (I ®A(s))x(s)+([ ® B(s )) (s)

+ (In @ E(s))w(s)
y(s) = (I @ s )x<s>+( & F(s))w(s)
From (2), it is deduced that
E(s+1) = (I, ® A(s) + Hg(s) ® (B(s)K(s)))&(s)
T (I ® (L(5)C(s) (a(5) — #(5))
+ (In ® (L(S)F(s)))y(s).
Define z(s) = [z¥(s) z2(s) ... ZL(s)]T and 2(s) = [2T(s) 2zI(s) ... zL(s)]T. Itis derived

from (7) that

C))

where F £ I, — (1/n)1,17F;
Defining the estimation error as e(s) = z(s) — #(s) and noting that H,(s).7 = H4(s), one obtains

Z(s +1) = (In ® A(s) + (FHy(s)) @ (B(s)K(s)))
x Z(s) + (F @ (L(s)C(s)))e(s)
+ (F @ (L(s)F(s)))v(s)
e(s+1) = (I, @ A(s) — I, ® (L(s)C(s)))e(s)
(1 ® B@)u(s) — (I © (LS F()r(s)

By denoting the augmented vector £(s) 2 [27(s) e”'(s)]” and w(s) £ [w”(s) vT(s)]”, the augmented
closed-loop system is represented in the following form:

(10)
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where

Before proceeding, the following definition is introduced.

Definition 1. Ref. [14]. The considered MAS (1) is said to meet the H, consensus performance requirement over
the finite-horizon [0, 7 — 1], if the following condition is satisfied:

ZZ( ()12 = 22 (i) + i) 12) )
i=1 s=0
—’ysz 0)Wz;(0) <0 (11)

forV(wi(s), v;(s), a’ci(O)) # 0, where v > 0 is a specified disturbance attenuation level, and W = W7 > 0 is a
given positive definite matrix.

The objective of this paper is to design an observer-based consensus controller for MAS (1) under a
multi-Round-Robin protocol scheduling, such that the extended dynamics (10) satisfies the following reformulated
H, performance constraint:

3
|
—

(1) 12 = 22 lla(s))12) — 227 (O)WE(0) < (12)

@
Il
=)

where W = diag{I,, ® W, 0}.

3. Main Result

The following theorem is given for the analysis of the H, performance of the MAS.

Theorem 1. Consider time-varying MAS (10) under the multi-Round-Robin scheduling. Given the disturbance
attenuation level y > 0, the controller gain matrices { K ()} se[0,r—1], the observer gain matrices {L(8)}se[0,r—1],
and the positive definite matrix W, the system (10) achieves the H, performance criterion (12) if there exist a
sequence of non-negative definite matrices {P(s)}sc(0,r—1) satisfying the following backward recursive RDE:

P(s) = AT(s)P(s + 1)A(s) + MT (s)M(s) + AT (s)

x P(s+1)D(s)A™(s) DT (s)P(s + 1) A(s) (13)
subject to
P(0) <¥*W
P(r)=0 (14)
A(s) 242 — DT(s)P(s +1)D(s) > 0.

Proof. Define V;(s) £ ¢7(s)P(s)&(s). Then, one obtains that

https://doi.org/10.53941/ic.2026.100003 8 of 18


https://doi.org/10.53941/ic.2026.100003

Intell. & Control 2026, 2(1), 3

Chen et al.
B (s) 2 V(s +1) = Va(s)
=" (s) (AT ()P (s + 1)A(s) = P(s))&(s) + €7 ()
x AT (s)P(s + 1)D(s)w(s) + w” (s)D” (s)
x P(s 4+ 1)A(s)é(s) + 0T (s) DT (s)P(s + 1)
x D(s)w(s).
Adding the following zero term to the equation:
1Z()11* = 2@ (s)II* = [IZ(s)II* +~* @ (s)II* =0,
one obtains
D(s) = €7 (s) (AT (s)P(s + 1) A(s) + M7 (s)M (5))€(s)
+€7()AT (s)P(s + 1) D(s)w(s) + w” (s)DT (s)
x P(s+ 1)A(s)&(s) + 0" (s) (DT (s)P(s + 1)
s)E(s) = 12(s)II?

x D(s) = 7*I)w(s) — £ (s)P(

+2 @ (s)lI*.

Utilizing the completing squares method and according to (13), we obtain
15)

—(@(s) —w* ()" Als) (@(s) — w*(s))

Yi(s) =
Z)|7 + 2w (s)]*

2 A7H(s)DT(s)P(s + 1) A(s)&(s)

where w*(s) =
Summing both sides of (15) from 0 to 7 — 1, it follows that
M (r)P(1)é(r) = €1 (0)P(0)£(0)

Since A(s) > 0, P(0) < v*W, and P(7) = 0, one has

5= =3 (@(s) - w () As) ((s) — w(s))
O

s=0
+£7(0)(P(0) —¥*W)E(0) <0

which implies that the predefined H, performance criterion (12) is satisfied. The proof is complete.

So far, we have established the sufficient conditions regarding the predefined H, performance criterion with
the specified disturbance attenuation level v and the positive definite matrix W. In what follows, we proceed to
design the controller gain matrices K (s) and the observer gain matrices L(s) under the worst-case disturbance

(16)

scenario, i.e., when w(s) = w*(s).
Based on (8) and (9), and to facilitate the subsequent analysis, define §(s) = (I, ® C(s))e(s). Then, it is

deduced that
u(s)
i(s) = C(s)€(s)
where
K(s) 2 [Ho(s)  K(s) 0], C(s)2 [0 L& C(s)].
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The closed-loop system (10) is rewritten as follows:

{6(8 +1) = (A(s) + D(5))&(s) + B(s)u(s) + L(s)ii(s) (17
Z(s) = M(s)&(s)
where
= a [ In®A(s) 0
Als) = { 0 I, ®A(s)} ’
- s [F@BG6)] -, | s [FOL(s)
Ble) = [ } o) 2 {In © L(sﬂ
D(s) 2 D(s)A™(s)DT (s)P(s + 1) A(s). (18)

In this paper, a quadratic cost function is introduced in accordance with the standard optimal control rationale
to balance regulation performance and implementation effort.
The cost function is defined as

T—1

23 (121 + eallu()? + 22l L(5)ii(s)]2) (19)

s=0

where £; > 0 and 2 > 0 are given constants. Specifically, the term ||Z(s)||? penalizes the consensus error
and therefore directly reflects the control objective; the term 1 ||u(s)||* penalizes the control energy to prevent
excessively aggressive actuation; and the term e2|| L(s)7(s)||? penalizes the observer correction energy so as to
avoid overly large observer gains and excessive sensitivity to measurement innovation. Therefore, J; is introduced
as a synthesis-oriented quadratic performance index under the H, robustness constraint induced by .J;.

Based on Theorem 1, we now proceed to design the controller gain matrices and observer gain matrices such
that the system achieves the H, performance constraint.

Theorem 2. Consider the time-varying MAS (17) under the multi-Round-Robin scheduling. Given the positive
scalars €1 > 0, 2 > 0 and the positive definite matrix W, there exist controller gain matrices { K (s)}seqo,r—1) and
observer gain matrices { L(8) } sc[0,~—1] for the cooperative controllers and the state observer, respectively, such that
the system (17) satisfies the H, performance constraint (19), if there exist solutions { Q(s), K (s), L(s) }sejo,7—1
satisfying the RDE (13) and the following backward recursive RDE:

(20)

subject to

BT(5)Q(s 4+ 1)B(s) + 11 > 0
Q(5+1) +e2l >0

21
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where

Proof. Define V5(s) = ¢7'(5)Q(s)&(s). Then, one obtains that

D(s) £ Va(s + 1) — Va(s)

Similar to the proof of Theorem 1, by adding the following zero term:

IZ()1* + exllu(s)|* + e2l| L) ()]
—Z(s)I* = erllu(s)I* — el L(s)5(s)]* = 0,

and utilizing the completing squares method, one obtains

where

Intell. & Control 2026, 2(1), 3

(22)

(23)
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Summing both sides of (23) from 0 to 7 — 1 with Q(7) = 0, it follows that

+
/N
—~

ll
—~
[
N
<
—
[
S—
+

NS
*
—
@
NP
S—
|
<
()
—~
VA
SN—
—
ll
—~
VA
SN~—
—~
[
N
+
N
*
—~
VA
SN—
S—
N—

IN
g
|
—~
~—
_|_
=
V)
=
TS
I~
—~
@
=
T
N—
+
Iy
~
—~
o
~
©
—~
o
~—
Iy
—~
o
~

+ 3 (IL()C(s) + T)IHIE)]2).

s=0

To minimize the cost function (19), K (s) and L(s) are chosen iteratively in a backward manner as follows:

K (s) = argmin||K (s) +U(s)||r
K(s)

L(s) = argminHi(s)C’(s) +T(9)|r-
L(s)

By means of Lemma 2, I_((s) and E(s) are solved as (21). Subsequently, according to (16) and (18), and
based on the properties of the Kronecker product, performing block extraction on the matrices K (s) and L(s), the
controller gain matrices K (s) and the observer gain matrices L(s) can be calculated. The calculation procedure is
straightforward and thus omitted here for brevity. O

In summary, based on the main results in the aforementioned theorems, we give the following Algorithm 1 to
achieve finite-horizon H, consensus control problem.

Algorithm 1: Observer-Based Finite-Horizon H,, Consensus Control

Step 1. Given the positive definite matrix W and the positive scalars v, €1, and €9, set s = 7 — 1, P(7) = 0,
and Q(7) = 0.

Step 2. Calculate V1(s) and Va(s) by (22). If V1(s) > 0 and Va(s) > 0, calculate K (s) and L(s) by (21) to
obtain K (s) and L(s), and then proceed to Step 4; otherwise, go to Step 5.

Step 3. Calculate A(s) by (14). If A(s) > 0, go to Step 4; otherwise, go to Step 5.

Step 4. Calculate P(s) and Q(s) by solving the coupled backward recursive RDEs in (13) and (20), respectively.
If s # 0, set s = s — 1 and return to Step 2.

Step 5. If any of the conditions A(s) > 0, V1(s) > 0,Va(s) > 0, P(0) < +?W are not satisfied, this algorithm
is infeasible. Stop.

Remark 4. This study has focused on MASs operating under the multi-Round-Robin scheduling rule, with the
aim of investigating the finite-horizon H., consensus control problem. First, a tractable multi-Round-Robin
protocol scheduling model has been established, which effectively characterizes the scheduling behavior of network
resources by introducing a binary matrix. Building on this foundation and incorporating information interaction
mechanisms among agents, a H., consensus control strategy has been further derived through the analysis of
dynamic characteristics of consensus errors. In Theorem 1, sufficient conditions have been provided for the system
to satisfy the H., performance criterion. In Theorem 2, the consensus controller gain and observer gain that
guarantee the H ., performance have been designed.

Remark 5. Compared with existing studies on consensus control of MASs under communication protocols, this
paper makes two key contributions: (1) it is the first to investigate the finite-horizon H, consensus control for
time-varying MASs under the multi-Round-Robin protocol; and (2) a novel and tractable multi-Round-Robin model
has been established, which not only offers operational flexibility and practicality, but also significantly reduces
modeling complexity by employing a binary stochastic matrix to characterize the scheduling behavior.
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4. A Numerical Example

In this section, a numerical example is presented to validate the effectiveness of the proposed observer-based
consensus control algorithm.

Consider a time-varying MAS comprising five agents, where the dynamic of each agent is described by (1).
The communication topology is represented by a directed weighted graph G(V, £, H) with V = {1,2, 3,4, 5}, as
shown in Figure 2.

Agent1 ] Agent 4

I
/

Figure 2. The communication topology for the time-varying MAS.

The corresponding adjacent matrix H is given by

X

Il
o= O OO
— O R O
O = O = O
= =
O = == O

Under the multi-Round-Robin protocol, the number of neighbors selected for each agent at each time step is
setast; =i3 =1t5 =1land 1o = ¢4 = 2.
The system parameters of each agent are given by

0.98 + 0.01 cos(0.5s) —0.5
A(S) = . )
-0.1 —0.5 — 0.1sin(0.3s)
0.2 = 0.05sin(0.45) 015 0
Bls) = [ 0.24 ] , M(s) = [ 0 0.15} ’

C(s) =[1.35 0.84], F(s) = —0.4, E(s) = [0.26 0.24]T.

The external disturbances w; (s) and v;(s) are chosen as follows:

wi(s) = 0.8 cos(1.2s), wa(s) = 0.8sin(0.7s),
w3(s) = 0.8sin(1.3s), wy(s) = 0.8 cos(0.6s),
ws(s) = 0.5sin(0.455) + 0.4 cos(0.7s),

v1(s) = 0.8sin(1.2s), va(s) = 0.8sin(0.7s),

v3(s) = 0.8 cos(s), v4(s) = 0.8 cos(0.5s),

v5(s) = 0.4sin(0.8s) + 0.4 cos(0.6s).

The initial states x;(0) for ¢ € V are chosen as
z1(0) =[3.2 1.6]7, 22(0) = [4.8 —0.4]T,

z3(0)=[-1 —=3.6]T, x40 =[1.2 -0.5]T,
r5(0) =25 —3.5].
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In this numerical example, the parameters for the H, performance criterion and cost function are set as
v =0.95W =9.81, g1 = 0.002, and e5 = 0.003.

By conducting Algorithm 1, the observer gains and controller gains are obtained, under which, the simulation
results over the time horizon s € [0, 80] are presented in Figures 3—6. As shown in Figure 3, the open-loop system
exhibits unstable behavior, with the state trajectories of all five agents diverging over time, demonstrating the
necessity of implementing a consensus control strategy. With the proposed observer-based control scheme, Figure 4
show that the state observer successfully tracks the actual states of all agents, providing accurate state estimation for
the controller design despite the presence of external disturbances. For this open-loop unstable MAS, the simulation
results reveal that the proposed consensus control strategy successfully drives the system to achieve consensus, and
the observer-based controller effectively suppresses external disturbances for all agents.

ORE
f— ——Agent 1 |4
Sy 10+ ———Agent2| ]
o 8F ——Agent 3|_|
g ——— Agent 4 -
=S 6 —— Agent 5 [
n
Qo 4r -
o
r—<o 2 7/__\_/\/_\_/\_/\—/\/_\/\—
1
= L _
g 0 /\/\/,\/\/\/\N\/\/\MNW\N
& 2 | | | | | | |
o
0 10 20 30 40 50 60 70 80

Time Instant

N

o

T

Open-loop state xEQ) (s)

2 -
-3
-4 | | | | | | |
0 10 20 30 40 50 60 70 80
Time Instant
Figure 3. Open-loop state trajectories of all agents.
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Figure 4. Estimated state trajectories of all agents.
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Figure 6. Comparison of total consensus error under the multi-Round-Robin and Round-Robin protocols.

The convergence behavior of system (1) is evaluated through consensus errors (Figure 5) show that the
consensus errors converge asymptotically, indicating that all agents successfully reach a common consensus state.
The comparative analysis of these error profiles validates that the proposed consensus control strategy effectively
achieves the consensus objectives through local information exchange. Furthermore, the simulation results confirm
that the multi-Round-Robin protocol scheduling mechanism successfully manages the network resource allocation,
enabling efficient information exchange among neighboring agents while maintaining the desired H, consensus
performance. Figure 6 compares the total consensus error under the multi-Round-Robin and Round-Robin protocols,
showing that the multi-Round-Robin protocol achieves a faster consensus convergence rate.

5. Conclusions

This paper has investigated the H., consensus control problem for time-varying MASs under
multi-Round-Robin scheduling. An integrated observer and finite-horizon consensus control strategy has
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been adopted to achieve anti-disturbance and robust performance. By constructing appropriate Lyapunov functions
and applying the completing squares method, sufficient conditions have been derived to guarantee the H
performance of the time-varying MAS. Furthermore, an observer-based H., weighted consensus controller has
been designed over a directed weighted graph by solving two backward recursive RDEs. A numerical example
has been provided to illustrate the effectiveness of the proposed algorithm. Future research will extend the core
contributions of this work to MASs with relay-assisted communications, while also considering a broader set of
performance objectives (see, e.g., [44—49]).
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