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Abstract

This paper proposes a distributed model predictive control (DMPC) framework integrating
an event-triggered mechanism and an adaptive alternating direction method of multipliers
(ADMM) to address the challenges of constrained computational resources and stringent
real-time requirements in distributed vehicle platoon control systems. Firstly, the longitudi-
nal dynamic model and communication topology of the vehicle platoon are established.
Secondly, under the DMPC framework, a controller integrating residual-based adaptive
ADMM and an event-triggered mechanism is designed. The adaptive ADMM dynamically
adjusts the penalty parameter by leveraging residual information, which significantly accel-
erates the solving of the quadratic programming (QP) subproblems of DMPC and ensures
the real-time performance of the control system. In order to reduce unnecessary solver
invocations, the event-triggered mechanism is employed. Finally, numerical simulations
verify that the proposed control strategy significantly reduces both the computation time
per optimization and the cumulative optimization instances throughout the process. The
proposed approach effectively alleviates the computational burden on onboard resources
and enhances the real-time performance of vehicle platoon control.

Keywords: vehicle platoon; distributed model predictive control; alternating direction
method of multipliers; event-triggered mechanism

1. Introduction
The increasing severity of traffic congestion and vehicle collisions in recent years has

placed substantial pressure on modern transportation systems. To address these challenges,
intelligent transportation systems (ITS) have been proposed, offering a unified framework
that integrates autonomous driving technologies, vehicle-to-everything (V2X) wireless
communications, and advanced computing into traffic management. This integration
facilitates seamless interaction between vehicles-to-infrastructure (V2I) communication
and vehicles-to-vehicles (V2V) communication, thereby enabling the formation of vehicle
platoons that maintain desired inter-vehicle spacing and travel velocities.

Compared to traditional single-vehicle control strategies, the adoption of platoon-
based control extends the optimization objective to the entire vehicle group. This holistic
coordination allows for significantly reduced inter-vehicle gaps, leading to improved traffic
throughput, enhanced longitudinal stability, and notable gains in overall energy efficiency
for multi-vehicle systems [1–3].
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Distributed model predictive control (DMPC) has emerged as a promising control
strategy due to its capability to explicitly handle system constraints and address multi-
objective optimization problems in a systematic manner. By leveraging future system
predictions, DMPC enables comprehensive performance optimization over a receding
horizon. As a result, it has been extensively investigated and applied in a wide range of
domains, particularly in the cooperative control of vehicle platoons. Zheng et al. [4] estab-
lished a four-element modeling framework for vehicle platoon control, comprising node
dynamics, information flow topology, platoon geometric configuration, and distributed
controllers. Concurrently, a distributed model predictive controller suitable for nonlinear
heterogeneous platoons was designed. Zhang et al. [5] proposed a self-organizing cooper-
ative control strategy, where merging vehicles form local platoons via a dynamic critical
interval algorithm, and a DMPC framework coordinates their integration into the main
formation. However, this approach still suffers from a high computational burden due
to nonlinear modeling and DMPC optimization, relies on idealized assumptions such as
homogeneity and perfect communication, and lacks sufficient validation under realistic
conditions. Similarly, Hu et al. [6] proposed a distributed economic MPC strategy with
switched feedback gains to improve fuel efficiency in vehicle platoons, and validated its
stability and performance through theoretical analysis and simulations. However, the
proposed EMPC strategy exhibits limitations in computational efficiency for real-time
implementation, relies on idealized communication assumptions, and lacks comprehensive
experimental validation under realistic disturbances and heterogeneous vehicle dynam-
ics. Qiang et al. [7] proposed a DMPC scheme for heterogeneous vehicle platoons with
inter-vehicle distance constraints. By adopting a parallel optimization framework with
alternating updates between even- and odd-indexed vehicles and a tailored terminal in-
equality constraint, their approach overcomes key limitations of conventional methods,
such as infeasibility in the absence of leader information, difficulty in maintaining spacing
constraints, and limited adaptability to varying leader speeds. Pi et al. [8] further developed
a DMPC-based energy-efficient strategy for electric platoons and integrated braking force
distribution with energy recovery, which improved stability, tracking accuracy, and energy
efficiency. Cen et al. [9] proposed a DMPC scheme for nonlinear platoon systems that
employs a fused state estimator to mitigate missing state information caused by communi-
cation delays. However, the proposed framework relies on a linearized vehicle model and
lacks a rigorous theoretical analysis of closed-loop and string stability under the combined
effects of nonlinear dynamics, communication delays, and state estimation. Xu et al. [10]
tackled critical challenges in highway multi-platoon cooperative control, namely poor
system architecture scalability, low control accuracy under non-ideal communication con-
ditions, and inadequate leader vehicle control adaptability in mixed traffic environments.
Zhao et al. [11] and Zhao et al. [12] presented systematic cloud-based model predictive
control schemes with novel delay compensation mechanisms, rigorously guaranteeing both
asymptotic and string stability for vehicle platoons under heterogeneous communication
delays, thereby enhancing tracking accuracy, fuel efficiency, and practical applicability. Wen
et al. [13] proposed a novel linear control law for connected and automated vehicle platoons
that incorporates a vehicle speed prediction model to effectively mitigate the detrimental
effects of time-varying communication delays, thereby enhancing platoon stability and
safety. Their solution comprises a system architecture combining static management with
dynamic switching capability, alongside a delay-compensated DMPC method and a robust
MPC strategy for the leader vehicle under disturbances from human-driven vehicles. While
the aforementioned studies successfully employed DMPC to achieve effective control of
vehicle platoon systems in their respective scenarios, the computational burden associ-
ated with solving the DMPC optimization problem becomes significant when considering
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complex vehicle dynamics characterized by coupled longitudinal-lateral nonlinearities.
Consequently, there is a pressing need to investigate computationally efficient solution
algorithms to ensure the real-time performance of cooperative platoon control.

The implementation of DMPC requires executing model predictions and solving
receding horizon optimization problems at every sampling instant, which imposes a sub-
stantial computational burden on vehicle platoon systems. To address this issue, increasing
attention has recently been directed toward event-triggered control mechanisms, which
aim to reduce unnecessary computations by updating control actions only when certain
state-dependent conditions are met. This paradigm offers the potential to alleviate resource
consumption while maintaining satisfactory control performance. Zhao et al. [14] pro-
posed an adaptive event-triggered safety control approach that dynamically adjusts the
event-triggering threshold based on abrupt changes in the preceding vehicle’s behavior to
optimize communication bandwidth utilization. By integrating an adaptive cost function
and a controller gain optimization algorithm, the method ensures the strict string stability
of vehicle platoons under limited bandwidth conditions, thereby enhancing both safety
and control performance of the platoon. Luo et al. [15] proposed an event-triggered tube-
based DMPC with a shrinking horizon and terminal region to ensure robustness under
disturbances and delays. The triggering rule based on control plan variations reduces
communication, but may not activate under large errors, posing safety risks. Han [16]
proposed a bandwidth-aware scheduling strategy integrated with event-triggered DMPC
to alleviate communication and computational load by dynamically adjusting triggering
thresholds and optimization frequency. However, the proposed mechanisms lack practical
implementation details for bandwidth state estimation, exhibit high parameter depen-
dency, and insufficiently address robustness concerns under communication delays, packet
losses, and potential event storms. Similarly, Selvaraj et al. [17] developed a memory-
based event-triggered platooning control scheme that utilizes only position measurements
and dynamic thresholds to improve communication efficiency while guaranteeing closed-
loop stability through Lyapunov-based linear matrix inequality (LMI) formulations. Chen
et al. [18] proposed an asynchronous self-triggered stochastic distributed MPC scheme
that ensures probabilistic constraint satisfaction and quadratic stability for vehicle pla-
toons under stochastic disturbances, while substantially reducing communication load
in vehicular ad hoc networks. Du et al. [19] proposed a hierarchical dynamic event-
triggered control protocol that guarantees zero-error tracking for heterogeneous vehicle
platoons with actuator uncertainties and a nonzero-input leader, substantially reducing
communication costs. However, the analysis and design are conducted under an ideal
communication network assumption, leaving the system’s stability and performance vul-
nerable to practical network-induced imperfections such as communication delays and
packet dropouts. Wang et al. [20] proposed a novel periodic event-triggered fault detection
filter for vehicle platoons, which effectively saves communication resources while ensuring
asymptotic stability and H∞ performance of the residual system under actuator faults
and external disturbances. Although event-triggered mechanisms can effectively alleviate
computational and communication burdens, their effectiveness may deteriorate in certain
application scenarios.

A core advantage of the alternating direction method of multipliers (ADMM) in solv-
ing QP problems lies in its powerful decomposition capability. The algorithm decomposes
complex problems into computationally tractable subproblems, allowing for parallel pro-
cessing in large-scale applications. It is particularly effective at decoupling and handling
complex constraints while maintaining high memory efficiency and ease of paralleliza-
tion. Consequently, ADMM serves as a powerful framework for large-scale or structured
quadratic programming. Li [21] proposed a heuristic adaptive ADMM approach for solving
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MPC problems, effectively enhancing the convergence rate of the algorithm. However, the
adaptive parameters still require manual tuning, and improper settings may increase the
convergence time. Tang [22] extended Li’s heuristic method to a multi-UAV simulation plat-
form, demonstrating its potential and effectiveness for multi-agent systems and providing a
novel approach for multi-agent coordinated control. Mallick et al. [23] developed a DMPC
strategy based on a switching ADMM framework for piecewise affine (PWA) systems.
This approach addresses the inherent nonconvex optimization problem by decomposing
it into a sequence of convex subproblems. It concurrently coordinates the consensus of
coupled states among subsystems, significantly reducing the computational burden while
simultaneously ensuring closed-loop stability and recursive feasibility. Feng [24] addressed
longitudinal-lateral coupling and tire nonlinearities using Koopman operator theory. They
employed the ADMM to solve the resulting QP problem, achieving longitudinal track-
ing for vehicle platoons under complex driving conditions. Concurrently, Bai et al. [25]
proposed a parallel DMPC framework based on ADMM, which effectively addresses the
optimization problem with coupled safety constraints in cooperative control for connected
automated vehicle (CAV) platooning, achieving both computational efficiency and robust
safety guarantees. However, the framework lacks a thorough analysis of its convergence
rate and computational scalability for large-scale platoons under real-world communication
delays and dynamic topologies. However, within the aforementioned studies utilizing
ADMM, investigations into its convergence properties remain limited. Furthermore, the
design of adaptive parameters is often heavily reliant on domain expertise, and suboptimal
parameter selection may fail to achieve peak performance.

The main contributions are summarized as follows.

1. To overcome the excessive computation time associated with solving the core QP
problem within traditional DMPC, which may result in delayed control actions and
potential collisions, we design a residual-feedback-based adaptive ADMM algorithm.
This algorithm dynamically adjusts the penalty parameter based on primal and dual
residuals observed during the iterative process, thereby significantly enhancing com-
putational efficiency within the control cycle.

2. To further reduce the computational load of the control algorithm and conserve
valuable onboard computing resources, an event-triggered mechanism is introduced.
This mechanism departs from conventional time-triggered, fixed-period computation
paradigms. Instead, the DMPC optimization is initiated only when the system state
satisfies predefined triggering conditions.

2. Problem Formulation
2.1. Longitudinal Dynamic System of a Single Vehicle

In order to capture the essential characteristics of longitudinal vehicle motion, it is
necessary to establish a nonlinear vehicle dynamics model that considers traction force,
aerodynamic drag, and rolling resistance. Such a model provides a more realistic descrip-
tion of the vehicle’s motion compared with simplified kinematic representations and serves
as the foundation for subsequent controller design. The nonlinear longitudinal dynamics
of the vehicle i can be formulated as follows:

.
pi(t) = vi(t)
ηT,i
rw,i

Ti(t) = mi
.
vi(t) + CA,i(t)v2

i (t) + mig fr,i

τ
.
Ti(t) + Ti(t) = Tdes,i(t)

(1)

where pi(t) and vi(t) are the position and velocity of vehicle i; Ti(t) and Tdes,i(t) represent
the actual and desired driving or braking torque, respectively; mi is the vehicle mass; rw,i is



Vehicles 2025, 7, 115 5 of 22

the tire radius; CA,i(t) is the lumped air resistance coefficient; ηT,i and fr,i are the mechanical
efficiency and rolling resistance coefficient, respectively; g is the gravity constant; τ is the
time lag of the dynamic system.

To facilitate the analysis of vehicle dynamics, we adopt the feedback linearization
technique, which has been widely employed in previous studies. The corresponding
feedback strategy is expressed as follows:

Tdes,i =
rw,i

ηT,i
(CA,ivi(2τvi + vi) + mig fr,i + miui) (2)

Then, the nonlinear vehicle dynamics model is transformed into a third-order state-
space model by applying feedback linearization method. The longitudinal dynamic model
of vehicle i, i ∈ {0, 1, . . . , N} can be formulated as follows:

.
pi = vi(t)
.
vi = ai(t)
.
ai = − 1

τi
ai(t) + 1

τi
ui(t)

(3)

where pi(t), vi(t) and ai(t) denote the position, velocity, and acceleration of the vehi-
cle i, respectively, and ui(t) represents the control input for the vehicle i, which repre-
sents the desired acceleration. Defining the state vector for the vehicle i at time t as
xi(t) = [pi(t), vi(t), ai(t)]

T. The third-order state-space equation can be obtained as follows:{ .
xi(t) = Ai,cxi(t) + Bi,cui(t)
yi(t) = Ci,cxi(t)

(4)

where Ai,c =

0 1 0
0 0 1
0 0 −1/τi

, Bi,c =

 0
0

1/τi

, Ci,c =

1 0 0
0 1 0
0 0 1

.

Given that wireless communication inherently enables packet-based data transmission
among vehicles, the use of sampled data is more suitable for system analysis and design.
Therefore, a sampling period T > 0 is defined, and the discrete-time longitudinal dynamics
of the vehicle are derived using the forward Euler method. Moreover, the state error model
is formulated as follows: {

x̃i(k + 1) = Ai,d x̃i(k) + Bi,dũi(k)
ỹi(k) = Ci,d x̃i(k)

(5)

where x̃i(k) = xi(k)− xre f
i (k), ũi(k) = ui(k)− ure f

i (k), Ai,d = TAi,c + I =

1 T 0
0 1 T
0 0 1− T/τi

,

Bi,d = TBi,c =

 0
0

T/τi

, Ci,d = Ci,c =

1 0 0
0 1 0
0 0 1

.

The reference signal xre f
i (k) is directly determined by the adopted communication

topology. Specifically, depending on the selected topology, it represents either the state of
the leader vehicle or the state of the immediately preceding vehicle.

2.2. Communication Topology

In the cooperative control of vehicle platoons, the information flow topology is crucial
for determining system stability and coordination performance. This study utilizes concepts
from algebraic graph theory to characterize the information flow among vehicles. The
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communication topology of the vehicle platoon is modeled as a directed graph G = {V, E},
where V = {1, 2, . . . , N} denotes the set of vehicles and E = V × V represents the set of
directed communication links. Different information flow topologies have a significant
impact on the design of the local objective functions for individual vehicles. Several
prevalent communication topologies are illustrated in Figure 1.

0 1 2 3 4

0 1 2 3 4

0 1 2 3 4

0 1 2 3 4

Predecessor Following(PF)

Predecessor-Leader Following(PLF)

Bidirectional(BD)

Bidirectional-Leader(BDL)

Figure 1. Common Topological Configurations in Vehicle Platooning.

Within the platoon, vehicle 0 denotes the leading vehicle, while vehicles 1 to 4 represent
the following vehicles. In principle, the proposed event-triggered DMPC framework can
be extended to above topologies with minor modifications in the coupling terms of the cost
function and the constraint set.

2.3. Formation Objective

The primary objective of vehicle platooning control is to achieve consensus among
vehicles. Consensus refers to the ability of follower vehicles to synchronize their velocity
and acceleration with the leader. Meanwhile, each vehicle should maintain a desired
inter-vehicle spacing with its adjacent vehicles. The formation objective of platoon control
can be defined as follows: 

lim
t→∞

∣∣∣∣pi−1(t)− pi(t)− di−1,i

∣∣∣∣= 0

lim
t→∞

∣∣∣∣vi(t)− v0(t)
∣∣∣∣= 0

lim
t→∞

∣∣∣∣ai(t)− a0(t)
∣∣∣∣= 0

(6)

where v0(t) denotes the actual velocity of the leader vehicle. Within the proposed frame-
work, the leader is not subject to control; rather, its velocity is manually specified and
broadcast to the follower vehicles through the adopted communication topology. This
predefined velocity acts as the external input that governs the platoon dynamics. di−1,i

denotes the desired distance between the vehicle i and its immediate predecessor. The
choice of di−1,i significantly influences the geometric configuration of the vehicle platoon.
Common platoon geometries include constant spacing, constant time headway, and non-
linear spacing policies. In this study, a constant spacing policy is adopted to enhance the
traffic throughput of the platoon:

di−1,i = C (7)
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where C denotes a constant.

3. Adaptive ADMM-Based Event-Triggered Distributed Model
Predictive Control
3.1. Prediction Model

The predictive model estimates future system states over a finite prediction horizon,
utilizing the current state and historical data. For the convenience of controller design,
we further construct the augmented variable ξi(k) = [x̃i(k), ũi(k − 1)], ηi(k) = x̃i(k),
Equation (5) can be obtained as follows:{

ξi(k + 1) = Ak,iξi(k) + Bk,iũi(k)
ηi(k) = Ck,iξi(k)

(8)

where Ak,i =

[
Ai,d Bi,d

0m×n Im

]
, Bk,i =

[
Bi,d

Im

]
, Ck,i =

[
Cd 0n

]
. Here, m = 1 and n = 3 denote

the dimensions of the control input and the vector state vector, respectively. ηi(k) directly
reflects the tracking error with respect to the designated reference vehicle, since ξi(k)
contains the error state x̃i(k). Hence, minimizing ηi(k) in the cost function is equivalent to
minimizing the tracking error.

In the DMPC scheme, the prediction horizon and control horizon are typically denoted
as Np and Nc, respectively. Assuming that the state variable of vehicle i at time step
k is represented by ξi(k), the following prediction equation can be derived based on
Equation (8):

Yi(k) = ψiξi(k) + θi∆Ui(k) (9)

where Yi(k) =


ηi(k + 1|k)
ηi(k + 2|k)

...
ηi(k + Np

∣∣k)

, ψi =



Ck,i Ak,i
...

Ck,i A
Nc
k,i

...

Ck,i A
Np
k,i


, ∆Ui(k) =


ũi(k + 1|k)
ũi(k + 2|k)

...
ũi(k + Nc|k)

,

θi =


Ck,iBk,i 0 . . . 0

Ck,i Ak,iBk,i Ck,iBk,i . . . 0
...

...
. . .

...

Ck,i A
Np−1
k,i Bk,i Ck,i A

Np−2
k,i Bk,i . . . Ck,i A

Np−Nc−1
k,i Bk,i

.

3.2. Design of the Cost Function

Building upon the previously described vehicle platoon model, a cost function is
defined for each vehicle by incorporating its current state as well as the states of neighboring
and leading vehicles. To ensure feasible and stable control performance while avoiding
infeasibility issues, a slack variable ε is introduced, which guarantees the existence of a
feasible solution at each control step. Then, the objective function is designed as follows:

Ji,k =
Np

∑
k=1

∥η
p
i (k + j

∣∣∣k)− ηi,des(k + j
∣∣∣k)∥2

Qi
+

Nc
∑

k=1
∥ũ(k + j

∣∣∣k)∥2
Ri

+ σε2

s.t.
umin ≤ ũ(k + j|k) ≤ umax

∆ũmin ≤ ∆ũ(k + j|k) ≤ ∆ũmax

(10)
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where Qi represents the weight matrix associated with the tracking performance, Ri repre-
sents the weighting matrix penalizing the variation in control inputs, and ηi,des(k + j

∣∣k)
denotes the desired reference trajectory.

The formulated cost function can be transformed into a standard QP problem for
optimization. However, traditional QP solvers such as interior-point methods and active-
set methods often fail to satisfy the real-time computational requirements of large-scale,
multi-controller systems like vehicle platoons. Therefore, a more efficient optimization
approach is required to enable fast and accurate tracking of the leader vehicle by multiple
follower vehicles.

3.3. Residual-Based Adaptive ADMM Algorithm

The ADMM is a robust optimization framework that decomposes centralized control
problems into smaller subproblems, enabling parallel solutions. It is particularly effective
for distributed convex optimization, progressively converging to a globally optimal or
acceptable locally optimal solution through iterative updates. ADMM has demonstrated
strong performance in solving large-scale constrained optimization problems. It is typically
applied to problems formulated in the following standard form:{

min
x,z

f (x) + g(z)

s.t.Cx + Dz = b
(11)

where f and g represent convex functions, x and z are the variables to be optimized, and
Cx + Dz = b denotes the equality constraints to be satisfied.

By introducing the dual variable ω, the augmented Lagrange function corresponding
to Equation (12) is constructed as follows:

Lρ(z, v, ω) = f (x) + g(z) + ωT(Cx + Dz − b) +
ρ

2
∥Cx + Dz − b∥2

2 (12)

In a typical ADMM framework, the iterative process involves successive updates of
the primal variables x and z, the dual variable ω and the penalty parameter ρ. To reduce
computational complexity and facilitate implementation, the dual variable is often replaced
by its scaled form, µ = ω/ρ, leading to the following update rules.

xk+1 = argmin
x

{
f (x) + ρ

2∥Cx + Dzk − b + µk∥2
2

}
zk+1 = argmin

z

{
g(z) + ρ

2∥Cxk+1 + Dz − b + µk∥2
2

}
µk+1 = µk + Cxk+1 + Dzk+1 − b

(13)

During the iterative process, the primal variables x and z are updated alternately,
which contributes to improved computational efficiency and faster convergence.

Existing adaptive ADMM algorithms typically employ heuristic ratio-based rules to
adjust the penalty parameter adaptively at each iteration, based on intermediate solutions.
However, as a generalization of the standard ADMM, the performance of such ratio-
adaptive ADMM methods is highly sensitive to the proper selection of tuning parameters,
which are usually specified through prior calibration by expert users. Improper selection of
these adaptive parameters by non-expert users may significantly degrade the convergence
speed. To address this limitation, this section proposes a residual-ratio-based adaptive
ADMM method, which dynamically adjusts the relative magnitudes of the primal and dual
residuals. This enables automatic parameter tuning and accelerates convergence, without
requiring any user-defined parameters.



Vehicles 2025, 7, 115 9 of 22

In distributed optimization problems, the primal residual rk = ∥Axk + Bzk − c∥ repre-
sents the violation of the consensus constraints, while the dual residual
sk = ∥ρAT(zk − zk−1)∥ reflects the convergence behavior of the dual variables. Tradi-
tional ADMM employs a fixed penalty parameter ρ, which may lead to an imbalance
between these two types of residuals. Specifically, a large ρ tends to reduce the primal
residual but significantly increases the dual residual, potentially causing oscillations when
sk ≫ rk. Conversely, a small ρ results in a large primal residual and a small dual residual.
The exit condition of the algorithm depends on the primal and dual residuals. Throughout
the convergence process, it is crucial to ensure that both residuals remain sufficiently small
to accelerate convergence and improve overall efficiency.

The algorithm is considered to have converged when both the primal and dual residu-
als satisfy the following conditions:

∥∥∥rk
∥∥∥

2
≤ εprim∥∥∥sk

∥∥∥
2
≤ εdual

(14)

where εprim =
√

nεabs + εrelmax
{∥∥∥Axk

∥∥∥
2
,
∥∥∥zk

∥∥∥
2
, ∥b∥2

}
, εdual =

√
nεabs + εrelρ

∥∥∥ATxk
∥∥∥

2
.

Accordingly, a dynamic balancing criterion is established as follows:

∥rk∥
∥sk∥

≈ O(1) (15)

To enhance algorithm robustness, the penalty parameter ρ is adaptively adjusted to
maintain the primal and dual residuals within the same order of magnitude. Based on
the dynamic balancing criterion, a normalized residual ratio is introduced. Specifically,
the normalized residual ratio between the primal and dual residuals is defined, and the
corresponding expression can be formulated as follows:

r̃k =
∥rk∥
∥r0∥ , s̃k =

∥sk∥
∥s0∥ (16)

where r0, s0 denote the initial primal and dual residuals, respectively.
The adaptive penalty parameter update rule, based on the geometric mean principle,

is formulated as follows:

ρk+1 = ρk ·

√
r̃k

s̃k (17)

The geometric mean principle ensures that the proposed adaptive rule maintains
a balance between global search and local convergence. Specifically, when r̃k > s̃k, the
penalty parameter ρ is increased to enforce constraint satisfaction, while it is decreased to
mitigate oscillations when the dual residual dominates.

Meanwhile, to ensure the continuity of the Lagrange multiplier λk = ρkµk, the dual
variables are scaled synchronously as follows:

µk+1 = µk · ρk

ρk+1 (18)

The cost function described in Equation (9) is reformulated into a QP form, which is
expressed as follows: {

minJ = 1
2 xT Hx + f Tx

s.t.Ax ≤ b
(19)
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where H = 2

[
θT

i Qθi + R 0
0 ρ

]
, f =

[
2ψiξi(k)Qiθi 0

]
, x =

[
∆u
ε

]
, A =


I 0
−I 0
θi 0
−θi 0

,

B =


∆ui,max

−∆ui,min

Yi(k)−ψiξi(k)
Yi(k) +ψiξi(k)

.

Based on the derived standard QP formulation for the longitudinal tracking control
problem of the vehicle platoon, dual variables are introduced to reformulate the problem
into the canonical ADMM form. The resulting ADMM formulation is given as follows:{

min
x,z

J = f (x) + g(z)

s.t. Ax − b + z = 0
(20)

where f (x) = 1
2 xT Hx + f Tx, and g(z) is the indicator function. g(z) defined as

g(z) =

0, if Az ≤ b

+∞, otherwise
.

Based on the Lagrange multiplier method and the preceding ADMM formulation, the
augmented Lagrange function is given as follows:

Lρ(x, z, y) = f (x) + g(z) + yT(Ax − b + z) +
ρ

2
∥Ax − b + z∥2

2 (21)

Based on Equation (11), the scaled dual variable µ = y/ρ is introduced. Then, by
combining the first-order optimality conditions for the primal variable x and the auxiliary
variable z, the iterative update rules are derived as follows:

xk+1 = (H + ρAT A)
−1

[
− f − ρAT(zk + µk − b)

]
zk+1 = max

{
0,−Axk − µk + b

}
µk+1 = µk + Axk+1 − b + zk+1

(22)

To enhance the convergence rate and computational efficiency of the ADMM algo-
rithm, a relaxation parameter α ∈ (1, 2) is introduced. Additionally, the solution from the
previous iteration is leveraged in the update process to accelerate subsequent iterations.
The modified update equations are given as follows:

xk+1 = (H + ρAT A)
−1

[
− f − ρAT(zk + µk − b)

]
zk+1 = max

{
0,−α(Axk − b) + (1 − α)zk − µk

}
µk+1 = µk + α(Axk+1 − b + zk+1) + (1 − α)(zk+1 − zk)

(23)

The computational complexity of the proposed ADMM-MPC algorithm is dominated
by the x-update, which involves solving a linear system. Let the decision variable dimen-
sion be nx. Each iteration of ADMM requires O(n3

x) operations, and the total complexity
is O(Kn3

x), where K is the number of iterations. Compared to classical active-set meth-
ods (ASM) and interior-point methods (IPM), ADMM exhibits a similar per-iteration cost
but typically converges with fewer iterations in practice, particularly when warm-start
strategies are employed.

Extending to the distributed case with M vehicles, each vehicle solves its local QP of
dimension n at every iteration. The total computational complexity of the multi-vehicle
system is therefore O(KMn3

x).
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3.4. Design of Event-Triggered Mechanism

In the development of cooperative control systems for vehicle platoons, the traditional
time-triggered mechanism was initially applicable in the early stages when in-vehicle
networks were relatively underdeveloped. However, with the evolution of intelligent
transportation systems towards large-scale and dynamic deployments, the limitations of
time-triggered mechanisms have become more apparent. Specifically, their rigid resource
utilization leads to unnecessary computation and communication even when the platoon is
in a steady cruising state or the tracking error has converged within an acceptable tolerance,
thereby resulting in wasted computational resources.

In contrast, the event-triggered mechanism effectively addresses the trade-off between
limited computational resources and control timeliness by transitioning from a time-driven
to a state-driven paradigm. It has demonstrated significant advantages in reducing resource
consumption, lowering computation frequency, and maintaining system stability. Specif-
ically, within the framework of DMPC, where the controller performs receding horizon
optimization to generate the optimal control sequence, the triggering condition is defined
as follows:

∆ui(k) =

∆Ui(1, k), if case1

∆Ui(k − kt + 1, kt), if case2

Case1 :
∣∣∣ψref

i (k + 1)−ψi(k + 1
∣∣∣k)∣∣∣≥ ωi

∣∣∣∣∣∣k − kt > Nc

Case2 :
∣∣∣ψref

i (k + 1)−ψi(k + 1
∣∣∣k)∣∣∣≤ ωi

(24)

where ∆Ui(1, k) denotes the control input at the time step k, and kt represents the most
recent triggering instant. The position and velocity components of the output are selected
to formulate the triggering condition:

ψi(k + 1|k) =
[

pi(k + 1|k)
vi(k + 1|k)

]

ψref
i (k + 1) =

[
pre f

i (k + 1)
vre f

i (k + 1)

] (25)

The parameter ωi ∈ (0, 1) serves as a triggering threshold, which is used to reg-
ulate the triggering frequency. When ωi = 0, the event-triggered mechanism reduces
to the conventional time-triggered scheme. As ωi increases, the triggering frequency
decreases accordingly.

Following the description of the core algorithmic components, the overall workflow of
the proposed event-triggered adaptive ADMM-DMPC framework is illustrated in Figure 2.

x Ψ 
Vehicle i Model 

Prediction

a-ADMM 
solution to QP 

probolems

Reference 
trajectory

Event-triggered
laws

Control sequence

Figure 2. Framework of the Event-triggered and Adaptive ADMM-based DMPC for Vehicle Platoon.
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The system accepts a reference trajectory as input, while the event-triggered mecha-
nism determines when local optimization should be executed. Each vehicle formulates and
solves its local QP using the a-ADMM algorithm in coordination with its neighbors. This
workflow highlights the closed-loop integration from trajectory planning to distributed
control execution.

To further clarify the real-time operation of the event-triggered DMPC scheme, the
detailed algorithmic steps at each sampling instant are summarized as follows:

1. Check the event-triggering condition (24). If the triggering condition is satisfied, each
vehicle initiates the distributed ADMM-based DMPC optimization; otherwise, the
vehicles directly reuse the previously computed optimal control sequence and apply
the control input corresponding to the current sampling instant, then proceed to
step 8.

2. For each vehicle, formulate the local quadratic programming problem by expressing
the objective function in the form of (10) according to its own state-space model and
the coupling constraints imposed by the communication topology.

3. Reformulate (10) into the decomposed form suitable for ADMM optimization (cf.
Equation (20)).

4. Initialize the ADMM solver with the optimal solutions obtained at time d − 1
5. Update the primal and dual variables iteratively according to the distributed ADMM

updating rules, as given in (23).
6. Adaptively update the penalty parameter ρ based on the normalized residual ratio (16)

and the update rule (17), so as to dynamically balance the primal and dual residuals
and enhance convergence speed.

7. Check the termination criteria (14). If satisfied, terminate the iteration and transmit
the control input corresponding to the current sampling instant from the optimized
sequence of each vehicle to the platoon system; otherwise, continue the distributed
iteration until the maximum number of iterations is reached.

8. Advance to the next sampling instant d + 1 and repeat step 1.

4. Asymptotic Stability
To establish the stability of the vehicle platoon, the cost function is commonly em-

ployed as a Lyapunov candidate. Nevertheless, under the event-triggered mechanism, the
optimization problem is not solved at every discrete sampling instant, which prevents the
monotonic decrease in the Lyapunov function from being directly ensured.

Theorem 1. The following theorem provides conditions to ensure the Lyapunov stability of the
system (8).

Supposed that:

1. there exists a stabilizing terminal feedback K such that Acl = AK,i + BK,iK is Schur;
2. there exists a positive definite matrix P > 0 satisfying the discrete-time Lyapunov inequality.

AT
cl PAcl − P ≤ −Q, Q > 0. (26)

Then, for sufficiently large ρ > 0, the platoon is asymptotically stable.

Proof of Theorem 1. We define the collective Lyapunov function:

V(k) = ∑N
i=1 (ξi(k)

T Pξi(k) + ρ∥ei(k)∥2) (27)

where ξi(k) contains the error state x̃i(k), ei(k) = ξi(k)− ξi,p(k).



Vehicles 2025, 7, 115 13 of 22

Substituting Equation (8) into Vi(k + 1)− Vi(k), we obtain:

∆Vi = ξT
i (AT

cl PAcl − P)ξi − 2ξT
i Sei + eT

i Reei + ρ(∥ei(k + 1)∥2 − ∥ei(k)∥2) (28)

where Acl = AK,i + BK,iK, S = AT
cl PBK,iK, Re = KT BT

k,iPBk,iK.

From Equation (26), the first term satisfies:

ξT
i (AT

cl PAcl − P)ξi ≤ −ξT
i Qξi (29)

Thus,

∆Vi ≤ −ξT
i Qξi − 2ξT

i Sei + eT
i Reei + ρ(∥ei(k + 1)∥2 − ∥ei(k)∥2) (30)

By Young’s inequality, for any ε > 0, the second term satisfies:

−2ξT
i Sei ≤ ε∥ξi∥2 + ε−1∥S∥2∥ei∥2 (31)

By applying Young’s inequality to ξT
i Sei, we obtain an upper bound involving only

quadratic terms in ξi and ei. Also, the third term satisfies eT
i Reei ≤ λmax(Re)∥ei∥2.

Thus,

∆Vi ≤ −α1∥ξ∥2 + (ε−1∥S∥2 + λmax(Re))∥ei∥2 + ρ(∥ei(k + 1)∥2 − ∥ei∥2), (32)

where α1 = λmin(Q)− ε > 0.
The prediction error evolves as follows:

ei(k + 1) = Feei(k), (33)

where Fe = Acl . Hence,

∥ei(k + 1)∥2 − ∥ei∥2 = eT
i (FT

e Fe − I)ei (34)

Substituting into Equation (32):

∆Vi ≤ −α1∥ξi∥2 + eT
i Me(ρ)ei (35)

where Me(ρ) = ε−1∥S∥2 I + λmax(Re)I + ρ(FT
e Fe − I).

If ∥Fe∥ < 1, then I − FT
e Fe > 0. Choosing

ρ ≥ ε−1∥S∥2 I + λmax(Re) + α2 I
λmin(I − FT

e Fe)
(36)

Ensures Me(ρ) ≤ −α2 I for some α2 > 0.
Thus,

∆Vi ≤ −α1∥ξi∥2 − α2∥ei∥2 (37)

Since V(k) = ∑N
i=1 Vi(k), we obtain

∆V ≤ −α1∑N
i=1∥ξi∥

2
− α2∑N

i=1∥ei∥
2

(38)

Then, for sufficiently large ρ satisfying the (36), V(k) decreases strictly unless all ξi = 0
and ei = 0 the closed-loop vehicle platoon is asymptotically stable. □
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5. Simulation and Result Analysis
To verify the effectiveness of the proposed controller, simulation experiments are

carried out in MATLABR2022a/Simulink. A platoon of five intelligent connected au-
tonomous vehicles is considered, consisting of 1 leading vehicle and 4 following vehicles.
The predecessor-following (PF) topology is adopted as the communication structure. The
parameter settings for the cost function are summarized in Table 1.

Table 1. Parameter Settings of the Cost Function for the DMPC.

Parameter Value

Qi 10 I
Ri 5 I
ρ 10
T 0.05 s

Np 60
Nc 30

A total simulation time of 30 s was considered, with a sampling period of T = 0.05 s,
leading to 600 sampled data points for each vehicle state.

5.1. Scenario-Based Validation
5.1.1. Disturbance Scenario

The disturbance scenario is designed to assess whether vehicles are initially operating
from different states. The objective is to determine if they can converge to the desired
states specified by the leading vehicle under the proposed controller. The corresponding
simulation results are illustrated in Figure 3.
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Figure 3. The speed trajectories of each vehicle under the disturbance scenario.

Figure 3 illustrates the platoon configuration, where Car 0 denotes the leader vehicle
and Cars 1–4 denote the follower vehicles. The leader vehicle is not equipped with a con-
troller; instead, its velocity profile is predefined and transmitted to the followers through
the communication topology. In the disturbance scenario, the leader vehicle maintains a
constant velocity of 20 m/s, which is transmitted to the followers through the communica-
tion topology. The initial speeds of the following vehicles (ordered front to rear) are set to
24 m/s, 18 m/s, 16 m/s, and 22 m/s, respectively. This heterogeneous configuration places
the system in an unstable initial condition. Nevertheless, the simulation result demon-
strates that the following vehicles, controlled by the proposed controller, rapidly converge
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to the steady state. They achieve consensus with the leader vehicle’s speed, matching the
desired state. The simulation result robustly validates the designed controller’s capability
to stabilize the system despite significant initial internal instability. Furthermore, it satisfies
the requirements for Lyapunov stability and consensus theory.

5.1.2. Acceleration Scenario

Acceleration represents one of the most fundamental and frequently encountered driv-
ing maneuvers in real-world traffic scenarios. Consequently, validating the performance of
autonomous vehicle platoon systems under acceleration scenarios is essential.

To this end, we define the following reference velocity signal to verify the platoon’s
behavior during acceleration.

v0 =


10 m/s, t < 8 s

10 + 2t m/s, 8 s ≤ t < 13 s

20 m/s, t ≥ 13 s

(39)

At the commencement of the simulation, all leading and following vehicles within the
platoon possess identical initial velocities and exhibit zero position errors. The correspond-
ing simulation results are presented in Figure 4.
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Figure 4. State trajectories of individual vehicles under accelerating scenario. (a) Position state trajec-
tories; (b) velocity state trajectories; (c) acceleration state trajectories; (d) spacing error trajectories.

Figure 4 shows longitudinal position, velocity, acceleration and space error of ve-
hicle platoon. Where Figure 4a shows that the position of each vehicle exhibits linear
growth over time with parallel trajectories, indicating stable inter-vehicle spacing and
well-maintained formation. Figure 4b,c show that the velocity and acceleration states of the



Vehicles 2025, 7, 115 16 of 22

following vehicles effectively synchronize with variations in the leading vehicle, reflecting
coordinated velocity consensus. Regarding space error, Figure 4d shows that the initial
error for all vehicles approximates zero. Transient fluctuations are observed during acceler-
ation, subsequently converging to a stable state, confirming the high stability of the overall
platoon formation.

5.1.3. Deceleration Scenario

Validating deceleration maneuvers within vehicle platoons is crucial for ensuring
road traffic safety and traffic flow stability. Verification under such scenarios ensures the
accuracy of coordinated responses across the platoon.

To this end, we define the following reference velocity signal to verify the platoon’s
behavior during deceleration.

v0 =


20 m/s, t < 8 s,

20 − 2t m/s, 8 s ≤ t < 13 s,

10 m/s, t ≥ 13 s.

(40)

The simulation results of the developed vehicle platooning system under the proposed
DMPC controller are presented in Figure 5.
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Figure 5. State trajectories of individual vehicles under decelerating scenario. (a) Position state trajec-
tories; (b) velocity state trajectories; (c) acceleration state trajectories; (d) spacing error trajectories.

Figure 5 illustrates the longitudinal position, velocity, acceleration, and space error of
the vehicle platoon under deceleration scenarios. Where Figure 5a shows that the position
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trajectories of all vehicles remain parallel during the deceleration process, indicating stable
inter-vehicle spacing and consistent maintenance of the desired following distance, with
no risk of collision. Figure 5b,c demonstrate that the velocity and acceleration profiles of
the following vehicles rapidly adapt to the state changes in the leading vehicle, reflecting
effective coordination and disturbance rejection within the platoon. Regarding space
error, Figure 5d shows that the position errors-measured relative to the leader-exhibit only
brief transient deviations during deceleration and quickly converge to a narrow bound,
signifying high-precision tracking and strong formation stability. Collectively, the platoon
demonstrates synchronized velocity profiles, consistent acceleration patterns, smooth
progression of inter-vehicle spacing with constant distance, and well-regulated position
errors. These results collectively verify the effectiveness of the proposed control algorithm
in enhancing safety and preserving platoon coherence under deceleration conditions.

5.2. Comparison

Based on the simulation results under the aforementioned three scenarios, the pro-
posed DMPC controller achieves comparable tracking performance across all follower
vehicles. For clarity and conciseness of comparison, a representative follower vehicle is
selected to conduct detailed performance analysis.

5.2.1. Comparison of Triggering Strategies

To validate the effectiveness of the proposed event-triggered mechanism in reducing
computational burden while ensuring tracking accuracy, the position errors of the vehicles
are illustrated in Figure 6 and compared with those obtained using the velocity-based
triggering strategy presented in [16].
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Figure 6. Comparison of tracking accuracy under two event-triggered mechanisms. (a) Space error
under the position–velocity trigger; (b) space error under the velocity-based trigger [16].

Compared with the event-triggered strategy presented in [16], the proposed mech-
anism yields smaller error fluctuations during vehicle operation. This indicates that the
proposed approach offers improved control precision and effectively mitigates the growth
of position errors.

The corresponding quantitative evaluation results are summarized in Table 2, which
presents tracking accuracy metrics under both triggering strategies.
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Table 2. Comparison of tracking accuracy parameters for two event-triggered mechanisms.

Method Average Position Error (m) Maximum Position Error (m)

Position–Velocity Trigger 0.033 0.321
Velocity–Based Trigger in [16] 0.040 0.437

The simulation results demonstrate that the proposed event-triggered mechanism
reduces the average position error by 17.5% and the maximum position error by 26.6%,
compared to the velocity-based triggering strategy presented in [16], thereby verifying its
effectiveness in suppressing tracking errors. Overall, the proposed position–velocity event-
triggered mechanism achieves significant improvements in both average and maximum
position errors over the single-variable velocity-based approach.

In addition, the proposed event-triggered mechanism also demonstrates advantages
in reducing computational burden. A comparison of the triggering counts for the two
event-triggered schemes during simulation is provided in Table 3.

Table 3. Comparison of triggering counts for two event-triggered mechanisms.

Event-Triggered Mechanism Triggering Counts

Position–Velocity Trigger 382
Velocity–Based Trigger in [16] 482

As shown in Table 3, the proposed event-triggered mechanism significantly reduces
the number of triggering events compared with the strategy presented in [16]. Specifically,
the proposed method yields 382 triggering counts during the simulation, whereas the
method in [16] triggers 482 times, representing a reduction of approximately 20.7%. This
result indicates that the proposed mechanism effectively decreases the triggering frequency,
thereby reducing both computational burdens.

5.2.2. Performance Comparison of ADMM Variants

As demonstrated in [26], the ADMM-based approach achieves significantly better
real-time performance in solving quadratic programming problems compared to classical
IPM and ASM. Therefore, these two traditional methods are excluded from the comparison.
A qualitative analysis is first conducted by recording the computation time of each ADMM
variant at every sampling instant, and the results are visualized in Figure 7.

Algorithm 1 represents Proposed ADMM in this article.
Algorithm 2 represents Heuristic ADMM in [21].
Algorithm 3 represents ADMM in [26].
Subsequently, a quantitative analysis is performed by comparing two performance

metrics: the maximum and average computation times, as summarized in Table 4.

Table 4. Comparison of computational time among the three ADMM.

Method Average Computational
Time (s)

Maximum Computational
Time (s)

Proposed ADMM 0.0016 0.013
Heuristic ADMM in [21] 0.0023 0.038

ADMM in [26] 0.0043 0.021

A cross-reference comparison of computation time results reported in [21,26] demon-
strates that the ADMM-based method proposed in this study offers substantial improve-
ments in computational efficiency. Specifically, the proposed method achieves a reduction
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of approximately 30.4% and 62.8% in average computation time compared to the methods
in [21] and [26], respectively. In addition, the maximum computation time is also lower,
with reductions of about 65.8% and 38.1% relative to [21] and [26], respectively.

 
0 5 10 15 20 25 30

Time(s)

0

0.005

0.01

0.015

0.02

0.025

0.03
Algorithm 1
Algorithm 2
Algorithm 3

Figure 7. Comparison of computational time among the three ADMM.

To validate the superiority of the proposed adaptive ADMM algorithm, a comparison
of tracking accuracy was conducted against two other ADMM variants under identical
standardized simulation scenario. The corresponding results are illustrated in Figure 8.
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Figure 8. Comparison of tracking accuracy under three ADMM. (a) Space error under the proposed
ADMM; (b) space error under the heuristic ADMM in [21]; (c) space error under the ADMM in [26].
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As illustrated in Figure 8, the proposed adaptive ADMM algorithm achieves a signif-
icantly lower space error compared to the other two ADMM algorithms under identical
coordinate scales. Subsequently, a quantitative comparison is performed by comparing two
evaluation metrics: average and maximum position errors, as presented in Table 5.

Table 5. Comparison of tracking accuracy parameters for three ADMM.

Method Average Position Error (m) Maximum Position
Error(m)

Proposed ADMM 0.033 0.321
Heuristic ADMM in [21] 0.047 0.524

ADMM in [26] 0.049 0.440

As shown in Table 5, the proposed ADMM method achieves a clear advantage
in terms of position error. Specifically, the average position error achieved by the pro-
posed approach is 0.033 m, which is significantly lower than the results of 0.047 m and
0.049 m reported in [21,26], corresponding to reductions of approximately 29.8% and 32.7%,
respectively. Moreover, the maximum position error is also reduced, with a value of
0.321 m compared to 0.524 m in [21] and 0.440 m in [26], representing reductions of around
38.7% and 27%, respectively. These results demonstrate the effectiveness of the proposed
method in limiting maximum tracking errors.

Remark 1. The simulation results under other topology configurations exhibit similar behavior to
those of the predecessor-following (PF) structure and lead to the same conclusions. For brevity, the
results for these additional topologies are not included in the paper.

The above results demonstrate that the proposed ADMM method effectively improves
positioning accuracy by reducing the maximum tracking error and mitigating error fluc-
tuations, thereby enhancing overall system stability and reliability. In summary, under
road-driving scenarios with stringent real-time requirements, the proposed residual-based
adaptive ADMM method significantly reduces computation time while improving tracking
accuracy. These advantages contribute to enhanced driving safety and system stability,
providing a reliable foundation for real-time vehicle control applications.

Moreover, the proposed event-triggered DMPC scheme demonstrates robustness
across disturbance, acceleration, and deceleration scenarios, where the position errors
consistently converge to zero, validating its capability to cope with dynamic driving
conditions. From a computational perspective, each vehicle only solves a local QP
through the a-ADMM decomposition, leading to moderate iteration counts (approximately
10–20 per step) and real-time feasibility. Simulations with varying fleet sizes further in-
dicate that the average computation and communication burden per vehicle increases
approximately linearly, thereby confirming the scalability of the distributed architecture.
Future work will focus on extending the analysis to communication delays, packet losses,
and larger-scale fleets.

6. Conclusions
This paper addresses the critical challenges of limited onboard computational re-

sources and stringent real-time control requirements in DMPC-based vehicle platoon
systems by presenting an event-triggered adaptive ADMM-DMPC framework. A longitu-
dinal vehicle dynamics model and a communication topology are established to facilitate
the implementation of the proposed control strategy under the DMPC scheme. Specifically,
a residual-based adaptive ADMM algorithm is developed, which dynamically adjusts the
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penalty parameter based on residual scaling. This significantly accelerates the solution of
quadratic programming subproblems in DMPC, thereby ensuring real-time performance.
Moreover, the proposed adaptive ADMM method enhances tracking accuracy and im-
proves overall control quality. A dual-state event-triggering mechanism is designed, where
optimization is triggered only when position or velocity states exceed predefined thresh-
olds. This substantially reduces unnecessary computations and alleviates computational
burden during the control process. The proposed strategy is thoroughly validated through
numerical simulations.

To validate the effectiveness of the proposed method, we established a simulation
platform within the Matlab/Simulink environment and conducted system simulations.
Compared with the velocity-based triggering strategy in [16], the event-triggered mecha-
nism reduces the average error, maximum error, and triggering frequency by 17.5%, 26.6%,
and 20.7%, respectively. The ADMM-based distributed optimization further demonstrates
improved computational efficiency, with reductions in average computation time of 30.4%
and 62.8%, and reductions in maximum computation time of 65.8% and 38.1%, relative
to [21,26]. In terms of tracking accuracy, the proposed approach achieves average and max-
imum errors of 0.033 m and 0.321 m, corresponding to improvements of up to 32.7% and
38.7% over existing methods. These results indicate that the method significantly reduces
both the computational time per optimization step and the total number of optimizations
performed, effectively mitigating computational demands on vehicle-side processors and
markedly improving the real-time performance of cooperative vehicle platooning.

For future work, it is of interest to implement the proposed algorithm in cloud com-
puting, which contributes to further saving onboard computational resources. Furthermore,
this study does not consider the coupled lateral and longitudinal control, and it is promising
to extend the proposed algorithm to the combined horizontal and longitudinal control of
vehicle platoons.
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