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Abstract

To address the dynamic communication topology switching, asynchronous perception
information, and uncertainty caused by vehicle mobility in the cooperative control of a
vehicle-charger pile-grid under industrial Internet environments, this paper proposes a
cooperative optimal control method based on decentralized holistic sensing graph-based
estimation. First of all, this method constructs a time-varying weighted directed graph
by using decentralized holistic sensing data obtained from the industrial Internet to char-
acterize the dynamic evolution of communication topologies in real time. Secondly, a
distributed graph estimator relying solely on local perception information is designed,
enabling each agent to predict online its neighbor set and link reliability over a short future
horizon based on its own position, the motion trends of nearby objects, and historical
link states. On this basis, the graph-based estimation results are embedded as a feed-
forward compensation term into the consensus control law, forming a predictive graph
consensus control algorithm that enables the system to proactively adjust control inputs
before topology switching occurs, achieving a paradigm shift from “passive response” to
“active pre-compensation.” Meanwhile, an Age of Information (Aol)-aware event-triggered
mechanism is introduced, where broadcasting is triggered when the state error exceeds a
threshold or the Aol approaches its upper bound, significantly reducing communication
load while ensuring control accuracy. Finally, simulations are conducted on a modified
IEEE 33-bus distribution system comprising 61 agents (20 electric vehicles, eight charging

) Check for updates stations, and 33 grid nodes). The results show that, compared to the event-triggered con-

sensus method without prediction, the proposed method reduces the steady-state error by
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1. Introduction

With the deep integration of the global energy transition and transportation elec-
trification, the coordinated interaction among electric vehicles (EVs), charging stations,
and the power grid—namely the “vehicle-station—grid” (VSG) system—has become a key
component in building new-type power systems [1-3]. In this system, EVs can serve as
flexible loads for demand response or deliver electricity back to the grid via vehicle-to-grid
(V2G) technology, supporting ancillary services such as peak shaving, valley filling, and fre-
quency regulation [4]. Yet the VSG system is fundamentally a heterogeneous, dynamic, and
geographically dispersed cyber—physical system. Its coordinated control faces two inherent
challenges: intermittent communication disconnections and rapid topology reconfiguration
caused by vehicle mobility; and the asynchronicity, heterogeneity, and uncertainty of multi-
source sensing data. Achieving efficient and robust distributed collaborative control under
such dynamic conditions remains a pressing concern for both academia and industry.

The rapid development of the Industrial Internet of Things (IloT) offers a new technical
pathway to address the above challenges [5-7]. By deploying edge computing nodes, low-
latency wireless communication networks, and ubiquitous sensing terminals, the IlloT
enables real-time collection, transmission, and processing of massive heterogeneous data
in the “vehicle-station—grid” system [8]. Distributed panoramic sensing technology, in
particular, draws on multi-source sensing means including roadside units, onboard sensors,
and charging station monitoring modules to achieve comprehensive, multi-granularity
perception of vehicle pose, charging status, and grid load. This provides a rich data
foundation for collaborative control [9,10]. However, enhanced sensing capability does
not directly resolve the core challenge of collaborative control, namely how to maintain
consistent decision-making among distributed nodes when communication topologies
change dynamically [11].

Currently, academia has conducted extensive research on the collaborative control of
mobile distributed systems such as “vehicle-station—grid” systems, which can be broadly
categorized into three approaches [12-14]. The first is centralized optimal control, in which
a central controller collects global information, computes control commands uniformly,
and distributes them via broadcast [15]. Theoretically, this approach can achieve a glob-
ally optimal solution; however, in scenarios with a large number of vehicles and poor
communication conditions, it suffers from inherent issues such as single-point failure,
high computational load, and poor real-time performance, making it difficult to meet the
reliability requirements of “vehicle-station—grid” systems [16]. The second is distributed
consensus control based on fixed topologies, where each agent exchanges state information
only with its neighbors and reaches global agreement through iteration. This approach
offers good scalability and robustness, but its convergence and stability heavily depend
on the connectivity assumption of the communication topology [17]. In practical scenar-
ios where high-speed vehicle mobility causes frequent topology switching, traditional
consensus algorithms often exhibit state oscillation or even divergence. The third encom-
passes switched-system and robust control methods, which model topology changes as
switching among a finite number of modes or design controllers to suppress uncertain
disturbances [18]. However, robust control methods tend to be conservative, trading
convergence speed for robustness; switched-system methods require prior knowledge of
all possible topology modes and their switching sequences, which is difficult to satisfy
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in practical scenarios where vehicles enter and exit arbitrarily. More critically, both of
these approaches follow a “reactive” paradigm—they only adjust control after topology
changes occur, and thus cannot fundamentally avoid oscillations triggered by abrupt state
changes [19].

Meanwhile, advances in distributed panoramic sensing technology offer new pos-
sibilities for overcoming the above limitations. Traditional distributed control methods
typically rely solely on state information transmitted via communication links, failing to
fully exploit the spatiotemporal redundancy embedded in ubiquitous sensing data within
industrial Internet environments [20]. For example, sensing data such as vehicle GPS
trajectories, motion trends captured by roadside cameras, and occupancy status changes in
charging stations actually contain predictive capabilities regarding future communication
topology evolution. If such sensing information can be explicitly incorporated into control
laws, enabling the system to “anticipate” topology changes, it could fundamentally shift
the reactive control paradigm [21-23]. In recent years, a small number of studies have
attempted to leverage sensing information for communication topology prediction, such as
using Kalman filters to estimate the future positions of neighboring vehicles or employing
reinforcement learning to learn link interruption patterns. However, most of these works
treat sensing and control separately—i.e., a sensing module first predicts the topology, and
the prediction results are then fed as independent inputs to a control module—lacking a
theoretical framework for joint sensing—control optimization [24]. Furthermore, existing
methods struggle to achieve a good balance between prediction accuracy and real-time
performance, and they overlook the impact of sensing data timeliness itself on control
decisions [25].

To address the above research gaps, this paper proposes a predictive collaborative
optimal control method based on decentralized holistic sensing graph-based estimation.
The core contributions of the proposed method are as follows:

(1) Constructing a time-varying weighted directed graph to characterize the spatiotem-
poral evolution of the communication topology by utilizing decentralized holistic
sensing data acquired by industrial Internet edge nodes.

(2) Designing a distributed graph estimator that relies solely on local information, en-
abling each agent to predict its online neighbor relationships in the short-term future,
and embedding the graph estimation result into the consensus control law as a feed-
forward compensation term, so that the system can actively adjust the control input
before topology switching occurs, realizing the paradigm shift from “passive response”
to “active pre-compensation”.

(8) Introducing an Age of Information (Aol)-aware event-triggered mechanism to sig-
nificantly reduce the communication load on the premise of guaranteeing control
accuracy. Furthermore, the effectiveness of the proposed method is verified through
typical dynamic scenarios of the improved IEEE 33-bus distribution system.

In order to provide a more rigorous comparison with the existing methods (periodic
triggered consensus (PTC) method, robust consensus (RC) method and event-triggered
consensus without prediction (ETC) method), the control laws, trigger rules and where Aol
is considered in the three comparison methods are compared with the methods proposed
in this paper, as shown in Table 1.
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Table 1. Rigorous comparison with existing methods.
. . Feedforward .
Method Control Law Triggering Rule Compensation Term Aol Perception
PTC Feedback term Fixed period (0.5 s) No No
RC Feedback term + Fixed period (0.5 s) No No
robust term
ETC Feedl.:).ack item + Event—trlggel.'mg No No
auxiliary item (state error-driven)
Feedback term +
The proposed feedforward Event-triggering Yes Yes
method compensation term +  (state error or Aol)

auxiliary term

2. Decentralized Holistic Sensing Graph-Based Estimation Model of
“Vehicle-Charging Pile-Grid” System
2.1. The System Model and Dynamic Equations

In this paper, the “Vehicle-Pile-Grid” cooperative control system is considered to
consist of N agents, which are classified into three categories: the first category is electric
vehicles, assuming there are N, in total; the second category is charging piles, assuming
there are N in total; and the third category is power grid nodes, assuming there are N, in
total. The total number of the three types of agents satisfies the following;:

The continuous-time dynamics of each agent i are described by the following first-
order integrator model, which is used to characterize the regulation process of charging
power or frequency deviation:

xi(t) = u;(t) 2)
where x;(t) represents the state variable of agent i at time #, such as the expected charging
power deviation of electric vehicles, the adjustable available power of charging piles, and
the frequency deviation of power grid nodes; u;(t) represents the control input.

To accommodate practical physical constraints, such as power saturation and response
rate limits, this paper incorporates state and input constraints as follows:

x;mi“ < xi(t) < At 3)

U < () < ur (4)

where x?‘in /x{"® represents the minimum /maximum allowable value of the state variable;

u?‘m/ u?‘ax represents the minimum/maximum rate limit of the control input.

2.2. The Communication Topology and Graph Estimation Model

In this paper, the information interaction among agents is described by the following
time-varying weighted directed graph:

G(t) = (V,&(t), A(t)) )

where V = {1,2,..., N} represents the set of nodes; €(t) C V x V represents the set of
directed edges at time t; (j, i) € €(t) represents that node j can send information to node
i;and A(t) = [a;(H)] .y
elements in the adjacency matrix.

represents the adjacency matrix, where a;;(t) represents the
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Due to vehicle mobility, the communication topology may intermittently disconnect
and reconfigure. For each agent i, based on local decentralized holistic sensing data, the
graph structure within a future horizon AT can be estimated online, thereby obtaining
the estimated adjacency matrix A;(t + 1), € [0,AT]. In the distributed graph-based
estimation, for agent i, its link reliability estimate for neighbor j at time ¢ is as follows:

. pi(t+7)—pi(1) 12

a;j(t+7) = a;j(t) - eXP(—‘]T) ¥ii(7)

1, there is a V2X communication link between i and j

sij(t), iand jare within physical perception range (6)

a;;(t) =
l]( ) but there is no V2X link

0, otherwise

pi(t+71)=pj(t) +oi(t)T )
‘Yl-]-(T) = max(0,1 — 7/ Tmax) (8)

where p;(t) represents the position of agent i, which can be obtained from sensing data, such
as GPS; p;(t + 7) represents the predicted future position of neighbor j based on motion
trend; o represents the standard deviation parameter of the communication range, which
determines the rate where the link attenuates with distance; s;;(¢) represents the physical
proximity coefficient based on decentralized panoramic perception; ¥;;(7) represents the
time decay factor; v;(t) represents the instantaneous velocity; and Tmax represents the
maximum prediction horizon.

Under the decentralized holistic sensing framework introduced in this paper, the
adjacency matrix element not only includes the neighbor state information directly received
through the Vehicle-to-Everything (V2X) communication link, but also the spatial proximity
information obtained by physical perception means such as roadside units (RSUs), on-
board GPS and cameras. When two agents are within the physical perception range but
have not yet established V2X communication, a;;(t) takes a small non-zero value (i.e.,
sij(t)) to reflect the proximity strength obtained from physical perception. Therefore, the
graph estimator in Equation (6) can predict future topology changes based on physical
perception information before the actual communication link is established, so as to realize
feedforward pre-compensation.

The feedforward compensation term f;(t) can be computed from the estimated graph,
as shown below:

)= X e+ AT) - (xi() — xi(1)) ©)
JENF (1)
where N (t) represents the set of neighbors that may exist at the prediction terminal time
t + AT according to the estimated graph; AT represents the prediction step size.

It should be noted that the constant-velocity model (i.e., Equation (7)) is a reasonable
approximation in high-speed cruising scenarios, but its prediction error increases under
large vehicle maneuvering conditions. To enhance robustness, an acceleration estimation
term can be introduced, or the predictive step size AT can be shortened to within 1.0 s to
limit error accumulation. Furthermore, the Gaussian attenuation model in Equation (6)
is a fitted approximation of offline measured link quality—distance data, and the actual
channel attenuation may deviate from this model in urban canyon scenarios with severe
occlusions. In this case, online correction based on measured signal strength can be adopted,
or confidence intervals can be introduced into graph-based estimation to quantify model
uncertainty. Additionally, for more accurate modeling, an S-shaped attenuation function
can be adopted to reflect the nonlinear characteristics of the channel. In this paper, the
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piecewise linear approximation in Equation (8) is used to simplify the calculation, which is
suitable for short-term prediction scenarios where AT ranges from 1 to 2 s.

2.3. The Predictive Graph Consensus Control Model

The control input u;(t) consists of a feedback term and a feedforward compensation
term, which can be expressed as follows:

ui(t) = —(C1 Z al-j(t) (xl-(t) — x](t)) — C377i(t) —C X fi(t) (10)
JEN;(t) v
feedforward
Standard consensus term .
compensation
term

where c1, ¢y, c3 represent the adjustable gain coefficient; N; () represents the actual com-
munication neighbor set, which can be determined by the current topology; and #;(t)
represents the auxiliary variable introduced by the event-triggered mechanism.

The schematic diagram of control structure is shown in Figure 1.

Input layer

Graph estimation
module

u,(t)=-c, Z a, (O)(x,()—x, () —cn () —e, X fi(1)
JEN (1) feedforward
Standard consensus term compensation

Executive layer _ =-—_

Figure 1. Schematic diagram of control structure.

The objective of this control model is to drive the states of all agents to reach consensus
and suppress the oscillations caused by abrupt topological changes, which can be expressed
as follows:

xi(t) = x* (11)

where x* represents the unweighted average or reference value.

2.4. The Event-Triggered Mechanism Based on Information Freshness Awareness

The Aol A;(t) is defined as the interval between the time #/%' when agent i last suc-
cessfully received neighbor information and the current time t, which is shown as follows:

Ai(t) =t — tlost (12)

When the following triggering condition is satisfied, agent i broadcasts its current
state x;(#) and resets the Aol A;(t).

)12 = () — ey’ 14)

ei(t)‘ 12 > w;Ai(t) + Bi (13)
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where ¢;(t) represents the local state change error; «; represents the adjustable threshold
parameter, which can control the sensitivity to information staleness; and f; is the minimum
triggering error.

After triggering, tf“St equals ¢, and the Aol A;(t) is reset to 0. The following auxiliary
variable 7;(t) is defined as a smoothed form of the triggering flag:

i;(8) = =Ani(t) + ) 6(t — t) (15)

where k is the triggering time; A, y represent the decay and gain coefficient; and 4(-) is the
Dirac function, representing the impulse excitation.

3. “Vehicle-Charging Pile-Grid” Collaborative Optimization Method
Based on Decentralized Holistic Sensing Graph-Based Estimation

3.1. The Objective Function and Constraints

This paper formulates the overall collaborative optimization control problem of the
“Vehicle-Charging Pile-Grid” as minimizing the following comprehensive cost function
Jmin subject to dynamic equations and physical constraints, which is expressed as follows:

Ll § i) =502 4+ 0 1y dat
o | &\ Pizl {trigger;(t)} (16)
0

_ 1 N

x(t) = N Zi=1 xi(
where X(t) represents the instantaneous average value; p represents the weight coefficient
of the unit communication cost; and 1y4;¢¢cr, (1)} is the indicator function, which equals 1

when the agent i triggers a broadcast at time ¢, and 0 otherwise.
The system state constraints and control input constraints are

x?‘i.“ < x(t) < amax 17)
u™n <uy(t) < uPe
The boundedness constraint of the Aol A;(¢) is
Ai<t) < Amax (18)

where Amax is the maximum Aol.

3.2. The Optimization Algorithm

Since the “Vehicle-Charging Pile-Grid” collaborative optimization problem based
on decentralized holistic sensing graph-based estimation studied in this paper exhibits
decentralized, event-driven, and topologically time-varying characteristics, this paper
adopts a distributed Event-Triggered Model Predictive Control (ET-MPC) framework [19],
in which each agent i independently executes the following cyclic algorithm steps (i.e., each
agent executes in parallel):

Step 1: Initialization. Initialize ¢ = 0, set x;(0), 15t = 0, A; = 0, 7;(0) = 0, and set the
discretization step size to h. Obtain the initial neighbor set N;(0) and position p;(0) through
perception data.

Step 2: Perception and graph-based estimation. Obtain the local perception data
including the self-state x;(t), position p;(t), velocity v;(t), as well as the neighbor esti-
mated positions p;(t) acquired via broadcasting or environmental perception. Compute
the estimated adjacency matrix A;(t + T) over the predictive step size AT according to
Equation (6), and calculate the feedforward term f;(t) using Equation (9).

https://doi.org/10.3390/pr14152502


https://doi.org/10.3390/pr14152502

Processes 2026, 14, 2502

8of 17

Step 3: Event-Triggered Detection. Compute ‘ei(t)‘ 12 based on Equation (14), and if
Equation (13) is satisfied, execute broadcasting and send x;(t) to all potential neighbors
(including current actual neighbors and estimated neighbors), and reset t%’“t =tand A; = 0.
Meanwhile, update #;(t) according to Equation (15).

Step 4: Information Freshness Update. If broadcasting is not triggered, then
Ai(t+h) = Ai(t) +h

Step 5: Control Input Computation. Obtain the latest neighbor states {x;(t)} received
from broadcasting or memory and compute u;(t) according to Equation (10), update the
state x;(t + h) = x;(t) + h - u;(t) using the Euler method, and project it onto the constraint

min max]

interval [x} !

, X

Step 6: Check for convergence. If converged, the iteration terminates; otherwise, set
t = t + h and return to Step 2.
The algorithm flow chart is shown in Figure 2.

Figure 2. Algorithm flow chart of the “Vehicle-Charging Pile-Grid” collaborative optimization method.

4. Numerical Test and Analysis
4.1. Basic Data and Simulation Conditions

The simulation analysis of the proposed method is conducted based on a modified
IEEE 33-bus distribution system. The system comprises 33 buses and eight charging
stations located at buses 6, 10, 14, 17, 22, 25, 29, and 32. Multiple charging piles within
each charging station are aggregated into a single agent, and the topology is illustrated
in Figure 3. A total of 20 electric vehicles are distributed within the service area, with
their initial positions randomly assigned across a 3 km x 2 km road network covering the
distribution grid. The communication ranges are configured as follows: vehicle-to-vehicle
(V2V) at 200 m, vehicle-to-charging-station (V2CS) at 150 m, while wired communication is
adopted between grid buses. It is assumed that EV speeds vary randomly between 5 m/s
and 15 m/s. To induce significant topological changes, the following events are introduced:
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Event 1 (t =10s): 5EVs (EV3, EV7, EV11, EV15, EV19) move out of the communication
range of their nearest charging stations into a low-coverage area. Event 2 (t = 25 s): A
platoon of six EVs (EV1, EV4, EV8, EV12, EV16, EV20) enters the service area and reconnects
to the charging stations at buses 14 and 17. Event 3 (t = 40 s): The two charging stations at
buses 22 and 25 temporarily lose communication due to interference (lasting 5 s). Event 4
(t = 55 s): The network recovers to a stable fully connected topology. The total simulation
duration is set to 80 s. In this paper, the decay and gain coefficient A, 7y are set to 2.0
and 1.5. The feedback gain c; is set to 2.2, the feedforward gain c; is set to 0.9, and the
event-triggered auxiliary gain cj is set to 0.6. The adjustable threshold parameter «; is set
to 0.4. The minimum triggering error f; is set to 0.008. The discretization step F is set to
0.05 s, the predictive step size AT is set to 1.5 s, and the maximum Aol Apax is set to 1.2 s.
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Figure 3. The modified IEEE 33-bus distribution system.

To demonstrate the superiority of the proposed method, the following four methods
are compared:

(1) PTC method [26]: Fixed broadcast period of 0.50 s. The control law contains only
feedback terms, with no feedforward term or graph-based estimation.

(2) RC method [27]: Robust control with a fixed broadcast period of 0.50 s, without prediction.

(38) ETC method [28]: Uses the same event-triggering condition as the proposed method,
but without graph-based estimation and feedforward compensation; only feedback
control is included.

(4) The proposed method: Incorporates decentralized panoramic-aware graph-based esti-
mation, predictive feedforward terms, and information freshness-aware event-triggering.

All methods are evaluated under identical initial conditions, mobility patterns, and
topology events.

4.2. Simulation Results and Analysis

Table 2 presents the comparative analysis results of the proposed method against the
PTC, RC, and ETC methods. As shown in Table 1, the steady-state root mean square error
(RMSE) of the proposed method is 1.27 kW, representing a 60.1% reduction compared to
PTC (3.18 kW), a 54.0% reduction compared to RC (2.76 kW), and a 40.1% reduction com-
pared to ETC (2.12 kW). This result indicates that by introducing a graph estimation-based
predictive feedforward technique, the proposed method effectively suppresses state devia-
tions caused by abrupt topological changes, ensuring highly consistent charging power
adjustments across all agents after system convergence, thereby significantly improving
the accuracy of vehicle-charger—grid coordinated control. Furthermore, the average con-
vergence time of the proposed method is 9.4 s, compared to 24.6 s, 19.3 s, and 15.8 s for the
PTC, RC, and ETC methods, respectively. Relative to PTC, the convergence time is reduced
by 61.8%; relative to ETC, it is reduced by 40.5%. This is attributed to the distributed graph
estimator’s anticipation of future neighbor sets, enabling proactive adjustment of control
inputs before topological switches and avoiding the delay caused by repeated iterative
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corrections, and making it particularly suitable for dynamic scenarios with frequent vehicle
arrivals and departures.

Table 2. Average performance metrics of different methods.

Steady-State Convergence Total Broadcast .
Method RMSE (kW) Time (s) Times Maximum Aol (s)
PTC method 3.18 24.6 9760 0.50
RC method 2.76 19.3 9760 0.50
ETC method 2.12 15.8 4432 1.18
The proposed method 1.27 9.4 2816 0.96

Meanwhile, the total number of broadcasts for the proposed method is 2816, far be-
low the 9760 broadcasts of the periodic broadcasting methods PTC/RC, representing a
71.2% reduction. Compared with ETC, which also adopts event-triggered communica-
tion (4432 broadcasts), the proposed method further reduces broadcasts by 36.5%. This
is because the proposed method not only incorporates an event-triggered mechanism
but also adaptively adjusts the triggering threshold through Aol awareness, greatly re-
ducing unnecessary communication during steady-state operation and thus significantly
alleviating wireless channel pressure in industrial Internet environments. Finally, PTC
and RC maintain a maximum Aol of 0.5 s due to fixed-period broadcasting, but this is
achieved at the cost of substantial communication overhead. The proposed method, while
ensuring control performance, constrains the maximum Aol to 0.96 s, which is lower than
ETC’s 1.18 s, demonstrating that the proposed method more effectively avoids informa-
tion staleness while achieving a superior balance between communication efficiency and
information freshness.

Figures 4 and 5 show the consensus error evolution curves of all 61 agents (20 EVs,
eight charging stations, 33 grid buses) under the proposed method and the PTC method,
respectively. As seen in Figures 3 and 4, during 0-10 s, the proposed method rapidly
converges to near-zero error, whereas PTC converges noticeably more slowly, approaching
zero only after approximately 15 s, demonstrating the advantage of the proposed method
in efficient information exchange during the initial phase of the event-triggered mecha-
nism. At t =10 s, five EVs leave the communication range, causing sudden topological
sparsification where some vehicles lose connection to charging stations and neighbors.
The proposed method exhibits only a minor transient fluctuation of approximately 5 kW,
which is suppressed within 2 s, while PTC produces a large spike of up to 20 kW with
slow recovery. At t =25 s, six EVs enter the service area as new vehicles and reconnect to
charging stations. Thanks to the predictive feedforward and pre-regulation of the graph
estimator, the proposed method shows fluctuations below 2 kW, while PTC produces a
large spike with a recovery time exceeding 10 s, keeping the error elevated for an extended
period. At t =40~45 s, two charging stations lose communication due to interference; under
the proposed method, the error remains smooth and oscillation-free, while PTC exhibits
sustained oscillations with severely degraded dynamic performance. After t =55 s, once
all topological events have concluded, the proposed method enters a near-perfect steady
state, while PTC still exhibits residual fluctuations and fails to fully converge. These results
confirm that the proposed method, through decentralized holistic sensing graph-based
estimation, predictive feedforward control, and the event-triggered mechanism, achieves
collaborative control with small transient fluctuations, fast recovery, high steady-state
accuracy, and low communication load.
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Figure 6 shows the event-triggering patterns of three representative agents under the
proposed method: grid bus 6, charging station 14, and EV 8. As shown in Figure 5, grid bus 6
exhibits an extremely low triggering frequency of approximately 0.3 Hz. This is because grid
buses experience slow state variations and do not require frequent broadcasting. Charging
station 14 shows sparse triggering during normal periods, but its triggering frequency
increases significantly during dynamic events such as the fleet joining at t = 25~30 s and
the communication disruption at t = 40~45 s. This adaptive behavior ensures timely
information updates when system states change abruptly, maintaining the accuracy of
control decisions while conserving communication resources during steady-state periods.
For EV 8, the triggering pattern is entirely determined by the joint condition of its state
error and Aol, where broadcasting is triggered only when the error exceeds the threshold
or the information age approaches the upper bound. Consequently, dense triggering
occurs during Event 1 at t = 10 s, Event 2 at t = 25 s, and during the communication
disruption, while the agent remains silent during other periods. This approach both
avoids channel congestion caused by continuous broadcasting and ensures the timeliness
of critical information.
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Figure 6. Event-triggering patterns under the proposed method.

Figure 7 shows the Aol evolution curves for three representative agents under the
proposed method: grid bus 6, charging station 14, and EV 8. As shown in Figure 6, the
Aol of grid bus 6 exhibits a slow sawtooth pattern, resetting only when it approaches
the upper bound (approximately 1.2 s). This is because its state changes slowly, and low-
frequency triggering suffices to meet control requirements, thereby avoiding unnecessary
communication while ensuring information does not become stale. For charging station
14, the Aol grows slowly during normal periods, similar to that of the grid node; however,
during fleet joining (25~30 s) and communication disruption (40~45 s), the Aol frequently
resets to zero (dense triggering), ensuring that information remains fresh at critical moments
and demonstrating adaptive responsiveness to dynamic events. The Aol curve of EV 8
exhibits more irregular sawtooth patterns: it resets frequently (dense triggering) during
Event 1, Event 2, and the communication disruption, while growing to near the upper
bound before triggering during steady-state periods. This behavior is fully consistent
with EV 8’s state-error-driven triggering pattern, confirming the effectiveness of the joint
Aol-state-error-triggering mechanism.
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Figure 7. Aol evolution under the proposed method.
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Table 3 presents the sensitivity analysis results of the proposed method with respect
to key parameters, i.e., predictive step size AT and the adjustable threshold parameter «;.
As shown in Table 2, when the predictive step size AT increases from 0.5 s to 1.5 s, the
steady-state RMSE decreases from 2.08 kW to 1.27 kW, and the broadcast count drops from
3325 to 2812, indicating simultaneous improvements in both accuracy and communication
efficiency. This suggests that moderately extending the prediction window facilitates more
accurate anticipation of topological changes. However, when the predictive step size AT is
set too large (2.0 s), prediction errors increase and the broadcast count rebounds to 3124.
Therefore, the default value of 1.5 s achieves the optimal trade-off. When the adjustable
threshold parameter «; is set to 0.2, the system becomes highly sensitive to stale information,
yielding the best steady-state RMSE (1.08 kW) but causing the broadcast count to surge to
4127. When the adjustable threshold parameter «; is set to 0.8, the broadcast count drops
significantly to 1886, but the RMSE degrades to 2.03 kW. Consequently, the default value
of 0.4 strikes a favorable balance between accuracy (1.27 kW) and communication load
(2812 broadcasts).

Table 3. Sensitivity analysis of the proposed method.

Predictive Step Th;lﬁ g; Eztl?;lble Steady-State Total Broadcast Maximum
Size AT Parameter @ RMSE (kW) Times Aol (s)
1
0.5s 0.4 2.08 3325 0.68
1.0s 0.4 1.61 2976 0.85
1.5 s (default) 0.4 1.27 2812 0.96
2.0 0.4 1.19 3124 1.14
1.5 s (default) 0.2 1.08 4127 0.62
1.5 s (default) 0.6 1.56 2148 1.18
1.5 s (default) 0.8 2.03 1886 1.20

Figure 8 shows the comparison of cumulative broadcast counts over time between
the proposed method and the PTC, RC, and ETC methods. As shown in Figure 7, the
cumulative broadcast counts of PTC and RC grow strictly linearly with time, ultimately
reaching 9760 broadcasts. Regardless of whether the system is in a dynamic event or
steady-state phase, both methods broadcast at a fixed period (0.5 s), resulting in substantial
redundant communication and severe resource waste. The cumulative curve of ETC grows
relatively fast in the early stage and then gradually flattens, reaching 4432 broadcasts in
total, which is approximately 55% fewer than the periodic methods. However, due to the
lack of Aol awareness, ETC still triggers frequently in the steady-state phase owing to
minor state fluctuations, leading to a noticeably higher broadcast count than the proposed
method. The cumulative curve of the proposed method grows the slowest, becoming nearly
horizontal in the steady-state phase after 60 s, where broadcasting becomes extremely
sparse. The final cumulative count is only 2816 broadcasts, representing approximately
a 71% reduction compared to the periodic methods and a 36% reduction compared to
ETC. The primary reason is that the proposed method, through its Aol-aware mechanism,
automatically reduces the broadcasting frequency during the steady-state phase, avoiding
the excessive triggering caused by ETC’s lack of Aol constraints and thereby achieving
“on-demand communication.”
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Figure 8. Cumulative broadcasts over time for four methods.

Table 4 presents the scalability analysis of the proposed method against the PTC, RC,
and ETC methods in a larger-scale system comprising 169 agents (120 EVs, 16 charging
stations, and 33 grid buses). As shown in Table 3, the proposed method achieves a steady-
state RMSE of 1.52 kW, significantly outperforming PTC (3.42 kW), RC (2.95 kW), and ETC
(2.31 kW), with error reductions of 55.6%, 48.5%, and 34.2%, respectively, confirming that
the proposed method maintains the highest consensus control accuracy even in large-scale
systems. Furthermore, the convergence time of the proposed method is only 11.3 s, far
faster than PTC (28.1 s), RC (22.4 s), and ETC (19.9 s), representing approximately 43%
reduction compared to ETC and approximately 60% reduction compared to PTC. This
is attributed to the graph estimation-based feedforward mechanism, which effectively
accelerates information diffusion and consensus achievement in large-scale networks.
Moreover, the total broadcast count of the proposed method is 7164, which is only 26.5%
of that of PTC/RC and approximately 42% fewer than ETC (12,288). With the number
of agents increased by nearly threefold, the proposed method still maintains the lowest
communication load, demonstrating the superiority of the event-triggered and Aol-aware
mechanisms in large-scale scenarios. Finally, the average per-agent per-step computation
time of the proposed method is 1.9 ms, slightly higher than ETC (1.2 ms) but far below the
control step size (50 ms), satisfying real-time requirements. The additional computational
overhead primarily stems from graph-based estimation and feedforward computation, yet
it yields substantial improvements in accuracy, convergence speed, and communication
efficiency, making the overall trade-off more favorable.

Table 4. Scalability comparison of different methods.

Method

Average
Steady-State Convergence Total Broadcast Computation
RMSE (kW) Time (s) Times Time per Agent

(ms/step)

PTC method
RC method
ETC method
The proposed method

342 28.1 27,040 0.3
2.95 224 27,040 0.5
231 19.9 12,288 1.2
1.52 11.3 7164 1.9
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5. Conclusions

This paper proposes a cooperative optimal control method based on decentralized
holistic sensing graph-based estimation. The method constructs a time-varying weighted
directed graph model driven by decentralized holistic sensing, and designs a distributed
graph estimator that relies solely on local perception information. Each agent can predict
its neighbor set online and link reliability over a short future horizon based on its own
position, the motion trends of nearby objects, and historical link states. Furthermore, the
graph-based estimation results are embedded as a feedforward compensation term into
the consensus control law, enabling the system to proactively adjust control inputs before
topology switching occurs, thereby achieving a paradigm shift from “passive response”
to “active pre-compensation.” The effectiveness and robustness of the proposed method
under dynamic topologies are validated through comprehensive simulations. Additionally,
by incorporating an Aol constraint, broadcasting is triggered when the state error exceeds
a threshold or the Aol approaches its upper bound, which ensures the timeliness of control
information while significantly reducing communication load. This mechanism strikes a
good balance between communication efficiency and control reliability. Finally, simulations
are conducted on a modified IEEE-33 bus distribution system. In a typical scenario with
61 agents, compared to the PTC method, the proposed method reduces the steady-state
error by 60.1%, shortens the convergence time by 61.8%, and decreases the total number of
broadcasts by 71.2%; compared to the ETC method without prediction, it reduces the steady-
state error by 40.1%, shortens the convergence time by 40.5%, and reduces broadcasts by
36.5%. In a large-scale system with 169 agents, the proposed method still maintains the
highest accuracy, the fastest convergence speed, and the lowest communication overhead,
while meeting real-time computational requirements.

However, the method proposed in this paper currently mainly targets typical scenarios
with communication uncertainties and sensing noises, and has not yet considered adversar-
ial scenarios with malicious cyberattacks (such as data injection, DoS attacks, etc.). Under
the existing framework, the protection capability of the method against data injection
attacks can be further enhanced by introducing a lightweight signature mechanism or a
trusted execution environment, which will be an important direction of our future work.
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