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Abstract—This paper proposes a distributed Model Pre-
dictive Control framework for planar vehicle platooning that
integrates Gaussian Process Regression to compensate unmod-
eled dynamics and propagate uncertainty within the predic-
tion horizon. The controller is developed consistently with a
communication-aware supervisory philosophy and assessed un-
der representative operating conditions associated with varying
vehicle-to-vehicle communication quality. It is implemented as
a real-time sparse sequential quadratic programming scheme
and evaluated in multi-vehicle simulations, including emergency
braking, lane changes, and communication-loss scenarios. Re-
sults show that a single controller core can ensure safe spacing,
coordinated motion, and robust path tracking across diverse
platooning conditions.

I. INTRODUCTION

Intelligent Transportation Systems (ITS) aim to improve
road safety, traffic efficiency, and environmental sustain-
ability [1]. Within this framework, vehicle platooning has
emerged as a prominent cooperative-driving strategy in
which vehicles travel in tightly coordinated formations. Pla-
tooning offers benefits such as reduced aerodynamic drag,
increased roadway capacity, and enhanced safety through
anticipatory control [2], [3]. These advantages, however, rely
on strong inter-vehicle coupling and dependable vehicle-to-
vehicle (V2V) communication.

Most existing platooning approaches adopt simplified lon-
gitudinal vehicle models to enable tractable string-stability
analysis and controller design [4]. While effective for formal
analysis, such abstractions limit applicability in realistic
scenarios involving simultaneous longitudinal and lateral
maneuvers, including emergency braking, lane-change avoid-
ance, and curved-road driving [5]. In these conditions, vehi-
cle motion is inherently two-dimensional, and the coupling
between longitudinal and lateral dynamics becomes signifi-
cant, particularly near handling limits.

From a control perspective, a variety of approaches
have been proposed, including classical Adaptive Cruise
Control (ACC) and Cooperative Adaptive Cruise Control
(CACC) strategies [6], [7], consensus-based distributed con-
trol laws [8], and more recently, distributed Model Predictive
Control (MPC) frameworks [9]. Despite their differences,
most of these methods remain rooted in one-dimensional
formulations, where lateral control is either neglected or
treated as a separate low-level problem. While this separation
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is acceptable under nominal conditions, it becomes restric-
tive in safety-critical scenarios requiring coordinated planar
motion and constraint handling.

In parallel, communication-aware platooning has gained
increasing attention, recognizing that V2V communication
quality directly impacts achievable performance, stability,
and safety [10]. Several works have proposed adaptive
topologies, variable spacing policies, and supervisory strate-
gies to cope with communication degradation [11]. In
particular, Graceful Degradation and Upgradation (GDU)
mechanisms allow platoons to switch between cooperative
and fallback modes under intermittent communication [12],
[13]. Nevertheless, these approaches are typically built on
simplified longitudinal controllers and are rarely integrated
within a unified predictive control framework that explicitly
accounts for planar dynamics and constraints.

MPC is a natural candidate for addressing these chal-
lenges, as it enables systematic handling of multi-variable
dynamics and constraints while providing a predictive frame-
work for coordination [9]. At the same time, learning-based
techniques such as Gaussian Process Regression (GPR) have
shown strong potential in capturing unmodeled dynamics and
improving prediction accuracy [14]-[16]. The integration of
GPR within MPC has demonstrated excellent performance in
high-performance autonomous driving applications, particu-
larly in scenarios where vehicles operate close to physical
limits. However, these methods have been predominantly
developed for single-vehicle settings and do not directly
address distributed platooning, inter-vehicle coupling, or
communication-aware operation.

A key gap in the literature is the lack of a unified
and implementable framework combining planar vehicle dy-
namics, distributed predictive control, learning-based model
enhancement, and communication-aware supervision. While
recent work has moved in this direction [17], it relies
on fully nonlinear MPC formulations that are difficult to
implement in real time and do not explicitly account for
varying communication modes, including standard ACC op-
eration. To address these limitations, this paper proposes a
communication-aware distributed control architecture that in-
tegrates nonlinear MPC, Gaussian Process residual modeling,
and operating regimes inspired by the GDU framework of
Hasan et al. [12]. In contrast to [17], real-time feasibility
is achieved through a sparse Sequential Quadratic Program-
ming (SQP) formulation inspired by [14], combined with
tractable uncertainty propagation and constraint tightening
techniques as in [15]. The resulting framework seamlessly
accommodates cooperative, degraded, and ACC operating



regimes within a single controller.

The main contributions of this work are fourfold: (i) the
development of a distributed nonlinear MPC framework for
cooperative planar platooning; (ii) the integration of Gaussian
Process residual modeling within the prediction layer to
capture unmodeled dynamics and propagate uncertainty; (iii)
the design and validation of a single controller core across
communication-dependent operating regimes inspired by the
GDU framework of Hasan et al. [12]; (iv) a real-time
implementable GPR-SQP-MPCC formulation, validated in
multi-vehicle simulations.

The remainder of this paper is organized as follows.
Section II presents the system model and the considered
V2V communication operating conditions. Section III de-
tails the proposed methodology, including the GP-augmented
prediction model, uncertainty propagation, and the GPR-
SQP-MPCC formulation. Section I'V discusses the simulation
results. Finally, Section V concludes the paper.

A

o
Fry
¢ X
Y g Ty w 1 "
o™
L
0 X >

Fig. 1: Single-track bicycle planar model and conventions.

II. SYSTEM MODEL

The system model combines a nominal planar vehicle
model with a data-driven residual term. The nominal dynam-
ics is described by the nonlinear single-track bicycle model
(1), based on the scheme in Fig. 1.
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The state is z = [X,Y,¢,v,,v,,w]", where (X,Y) are
the Center of Gravity (CoG) coordinates in the inertial
frame, ¢ is the yaw angle, (v;,v,) are the body-frame
longitudinal and lateral velocities, and w is the yaw rate.
The input is v = [D,8]T, where D € [~1,1] is the
normalized rear-wheel longitudinal actuation and J is the
front steering angle. The parameters m, I,, and (ls,[;)
denote the vehicle mass, yaw inertia, and distances from the
CoG to the front and rear axles, respectively. The model
assumes planar motion, front-wheel steering only, and an
algebraic longitudinal actuation law. The nominal predictor
used in the controller assumes the lateral tire forces as linear
functions of the slip angles Fr, = Cray, F., = Croy,

with oy = —arctan(%) +0 o, = arctan(%)

where C'; and C, are constant cornering stiffnesses. The rear
longitudinal tire force is modeled as

(Orn 1=

where C,,1, Cp2 describe the lumped motor characteristic,
Cron the rolling resistance, and C, the aerodynamic drag.
Allowing D < 0 enables the same algebraic law to represent
braking as well. In simulation, (1) is used as the predic-
tion/control model, while the high-fidelity plant is given by
the Vehicle Body 3DOF block from the Vehicle Dynamics
Blockset [18], which captures load transfer, aerodynamic
effects, and nonlinear lateral tire dynamics consistently with
the autonomous-racing benchmark in [14].
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A. V2V Communication Model

The V2V layer is modeled by a directed graph G =
(V,€,A), where a;; = 1 if vehicle i receives information
from vehicle j, and N is the corresponding neighbour set.

At each sampling instant, vehicle ¢ broadcasts the first
two moments of its predicted planar position. The receiv-
ing vehicles then reconstruct the corresponding curvilinear
progress along the common centerline from the communi-
cated planar information. These neighbour predictions are
treated as known parameters in the SQP and enter the
controller through the cooperative progress reference. The
reconstructed preceding-vehicle curvilinear estimate is used
in the rear-end collision-avoidance constraint, while the
uncertainty terms are used for chance-based tightening.

The cooperative longitudinal target is generated from the
neighbour-average law in [17]:

S = Y ny (s (0) + G- i)do), @

JEN;

with ZjGNi Ni; = 1, Nij > 0, Ni; = 0 and do being the
adopted spacing offset. Thus, all vehicles share the same
geometric path, while the along-path reference is adjusted
according to the communication topology and the received
neighbour trajectories.

III. PROPOSED METHODOLOGY

This work proposes a Model Predictive Contouring Con-
trol (MPCC) problem for vehicle platooning, as it combines
path tracking and speed planning within a single receding-
horizon problem [14]. Moreover, to account for unmodeled
dynamics and disturbances, GPR is used to learn the residual
mismatch between the nominal predictor and the high-fidelity
plant from previously collected state—input data [19], [20].
In the following, the superscript ¢ denotes the vehicle index
and t = 0,..., N, — 1 the prediction-step index. For vehicle
i, the Gaussian Process (GP)-augmented predictor is used
along the horizon with

nom(xt,ut)+Bd(dl(zt)+Vt) (3)

where 2! is defined as
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Since the nonlinear dynamics and the stochastic GP cor-
rection make the exact multi-step predictive distribution
intractable, a Gaussian closure is adopted and only the
first two moments are propagated [20]. Define w! :=

[T )T ~ Ny D), with
i i i LR St Zh
:u‘w,t = [(/‘Lz,t)—r (:uu,t)—r:| ’ Ew,t& = [(Ez ’t)T Ez )t:|
Since the regressor is affine in (¢, ut),
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The predictive mean is propagated by evaluating the GP-
augmented predictor at the current mean pair,

[ i1 = From (e s iy 1) + Ba pigp(Z)). (5)

To derive a tractable covariance recursion, the predictor is
linearized around the current mean trajectory. Let J; =

Dt p|,; - and define
] 0 :;om 7
Al = J; + BaJ{ [B; 0], (6)
(:uz,ﬁltu.t)
1 9 riwm )
= J; + BgJ; [0 I]. (7)
U )

Under a first-order approximation, the state covariance
evolves as
Ei;,t-;—l ~ A;7tzi,t(A;7t)T + Ai,tﬁiu,t(Ai,t)T
AL (S ) (AL ) T+ AL T (A )T
+B4(25" () +2,)B] . (8)

To limit covariance growth, an ancillary linear feedback
is introduced: uf = pl,, + K'(ul , — x}), which implies
i, =K% (K'Y and 3%, , = -3¢ (K*)". Therefore,
(8) reduces to '

i i i i GPigzi
Yo R Acl,tzw,t( cl,t)T + Bd(zd (z) + ZV)B;,

with A%, = AL, — Al K'. Hence, the GP posterior
mean corrects the nominal prediction through (5), while
the posterior covariance enters the MPC through uncertainty
propagation and the associated chance-constraint tightening.

A. GPR-SQP-MPCC Formulation

The implemented controller is a real-time sparse reformu-
lation of the nonlinear distributed stochastic GP-based MPC
framework in [17], combining the GP-oriented approxima-
tion strategy of [20] with the MPCC structure of [14] and
the constraint treatment of [15].

Rather than solving a fully coupled stochastic optimal
control problem online, the controller adopts an SQP ap-
proximation in which the GP posterior mean is evaluated and
linearized along the shifted scheduling trajectory, so that its
first-order effect is embedded in the local SQP dynamics (6)—
(7). In contrast, covariance propagation is performed exter-
nally along the same scheduling trajectory and is used only to
update chance-constraint tightenings before the SQP solve.
As a result, the online SQP optimizes the predicted mean

dynamics under pre-tightened constraints, while remaining
blind to decision-dependent changes in covariance within
the current iteration. The resulting online controller solves
a sequence of sparse QPs in receding-horizon fashion.

The prediction model is augmented with an explicit curvi-
linear progress state s and a virtual progress-rate input vyg.
The augmented state and input are defined as

.
=X Yi p var vyk wi Sk] . (9)

up = [Dy S vep] (10)

where the physical inputs are the normalized longitudinal
actuation D and the front steering angle J, while vy governs
the progress dynamics si41 = s + Tsvgr, 0 < g < V.

The nonlinear MPCC problem is solved by successive
convexification around a shifted warm-start trajectory. The
initial trajectory is obtained by shifting the previous solution
by one stage, injecting the current state at the first node,
and completing the tail with the last available input. At each
SQP pass, all nonlinear quantities are re-evaluated along the
current trajectory, the GP-corrected dynamics and nonlin-
ear terms are linearized, and the resulting sparse multiple-
shooting QP is solved. The QP solution then defines the
next linearization trajectory. After the last pass, only the first
control move is applied to the plant.

Let g¢(2¢,ut) denote the GP-corrected discrete-time pre-
diction map. Linearizing around the current trajectory point
(Te,ur) gives ge(we,ur) = ge(Te,Ur) + Ar(we — %) +
By(uy — @), with Ay = &cgtl(i.t,at), By = 8ugt|(i»hﬂt)-
Equivalently, the predictor used in the QP is written as

Ter1 = Api+Brug+cy, et = ge(ZTe, Uy) — ATy — By,

which matches the nonlinear GP-corrected model at the ex-
pansion point and yields the stage-wise affine form required
by sparse multiple shooting.

To improve numerical conditioning, the implemented SQP
is formulated in scaled coordinates using diagonal scaling
matrices T, and 7T, and Ta,. To impose input-rate bounds
linearly, the decision vector stacks all stage-wise state and
input variables, together with the input increments Au; :=
U1 — ug. The resulting QP has the standard sparse form

1
min ~Z, HZ, + f ' Z,, (11)
Zr 2

subject to

Aquk = beqa lg <GZp < Ug, ly < Zy < uyp.

The stage objective retains the MPCC structure while adding
a cooperative longitudinal coordination term based on the
neighbour-average reference trajectory (2). Define e; :=
[éc(xtast) él(xtast)}Ta Ty = [wt 6¢(xt75t)]Ta Qr =
diag(gn, ¢s), with ey (zy, s¢) := ¥y — ®(s;). The stage cost
is then written as

be = lledlldy, + luellh + [ Auell +as(se — %) + |22,

Here, e[|, penalizes contouring and lag errors with re-
spect to the common centerline-based path, while gg(s; —



s5ef)2 drives the vehicle toward the cooperative along-path
target. The terms |lu¢||% and ||Au:||% penalize the control
effort and its stage-to-stage variation, respectively, the latter
promoting smoother inputs and discouraging aggressive actu-
ation changes. Finally, ?"t”?gr provides weak regularization
on yaw rate and heading misalignment, while the dominant
geometric tracking action is provided by contouring and lag.

To obtain the quadratic stage cost used in the SQP, the
nonlinear MPCC error map is linearized at first order around
the current SQP trajectory:

- 8€t

€ = et(ft), Gt = 87 .

ei(wy) = e+ Gi(xy — Ty),
Equivalently, e;(x:) ~ Giay + df, and df := & — GiZs.
Substituting this approximation into the weighted tracking
term yields ||etH?Qe ~z) Qey +q;txt + ety With Qg :=
GtTQtha Ge,t = QGIQedi

The heading-error contribution is treated analogously
through a first-order linearization of ey (x;, s;), whereas the
cooperative progress, yaw-rate, absolute-input, and input-
increment penalties are already quadratic and therefore enter
the QP directly through selector-based state blocks and
diagonal input blocks.

Defining the stage variable x; := [x,T ul Al ] i , the
stage contribution can be written as
1
0 = [ Hixe + b x¢ + const, (12)

2

with H, = 2blkdiag(Q, 1, R, S), hi = [gesr 0 0],
where Qg and ge 5.6t *= Ge,t + s,t + Go,¢ collect the state-
side contributions of MPCC tracking, cooperative progress,
yaw-rate and heading regularization. Terminal weights are
handled by replacing the last-stage tracking blocks with
heavily amplified terminal counterparts, thereby mimicking
terminal constraints without shrinking the feasible set.

B. Problem Constraints

The implemented controller includes the following classes
of constraints.

1) Scaled Box and Rate Constraints: State and input
bounds are imposed directly in the scaled QP coordinates:
Lmin < Tt < Tmax; Umin < Ut < Umax tOgether with
Aumin < Au; < Aupmax. These bounds are enforced
deterministically on the optimized mean trajectory.

2) Lane-Keeping via Time-Varying Slab Constraints: Fol-
lowing [14] with covariance-aware tightening of [15], lane
keeping is enforced through time-varying slab constraints. At
each stage ¢, the admissible lane region is constructed from
the known left and right border endpoints py, ¢, pr; € R2.
Defining d; := pr,+ —pr.t, @ := —d;, the deterministic slab
bounds are obtained as

T T
dby,s = a; pr,, dba s := a; PR,
dbmax,t = max(dbl’t, de,t)7 dbmjn,t = min(dbl’t, dbg’t),
so that the nominal lane constraint reads

T
dbmin,t < a;rpt < dbmax,ta bt = [Xt th} .

Considering the uncertainty-aware tightening, the predicted
planar covariance Y1 is projected onto the transverse direc-

tion d
- t — /ATnyA
g - ||dt||7 Un,t : nt t N,

and the corresponding lateral margin is computed as
Aty = min(ﬂlanean,7t,AE§X). This margin is then
converted into slab-coordinate units through Ag,; :=
lde]| Alat,e, yielding the tightened bounds ugiape: =
Abmax,t — Adb t, {Glane,t := dbmin,t + Agp+. Hence, the final
lane constraint is

T
lglanc,t S ay Pt S UGlane,t -

3) Chance-Constrained Longitudinal Collision Avoid-
ance: Rear-end safety with the preceding vehicle is enforced
in curvilinear coordinates along the common reference path,
consistently with the distributed stochastic platooning setting
in [17]. Let Asyy = siip™ — 5,57, and assume Asyy, ~
N(,uAs’t‘k., Uis’t‘k). The safety requirement Pr(Ast‘k >
dsafe) > peon 18 replaced by the deterministic surrogate

Hs,ego,t|k < ,Ufs,front,t\k_(dsafe+50As,t\k)7 B = (I)il(pcolly

Here pis tront, ¢k 18 treated as known data obtained from com-
municated front predictions or assumed trajectories, whereas
Hs,cgo,t/k 18 part of the optimization variables. The ego
curvilinear variance is approximated by projecting the planar
covariance onto the local tangent direction of the reference
path. In the local Frenet geometry, this gives
0_2 _ 7——l—zeg‘l,{o,ﬂk T
s,ego,t|k (1 _ I{ec>2 ’

13)

where 7 is the unit tangent to the reference path, x = k(s)
is the local path curvature, and e, is the contouring error. In
implementation, the denominator is numerically clamped to
avoid ill-conditioning when 1 — ke, becomes small.

This longitudinal collision logic is an original contribution
of the implemented controller.

4) Polyhedral Friction-Circle Constraint: To preserve
SQP compatibility, the friction-circle constraint is enforced
through the polyhedral inner approximation of [21]. In the
implementation, a, is obtained from the traction model,
whereas a,, is approximated as x(s)v2; both terms are then
linearized at the stage nominal point, so that the resulting
friction facets enter the QP as affine constraints.

IV. SIMULATIONS AND RESULTS

The proposed controller is evaluated under representative
operating regimes inspired by the GDU framework [12],
without validating runtime supervisor transitions, on a real
highway segment of the Great Ring Road (GRA-A90) in
Rome, Italy, with a spline-based centerline and 3.6 m-wide
lanes. The selected section includes a pronounced curve
before a merging area between two road branches. All
vehicles share the same road reference and are modeled, in
the simulated scenario, as identical passenger cars measuring
4.75 x 1.8 x 1.4m, with mass m = 1300kg and wheelbase



L = 2.8 m. This homogeneous-vehicle assumption is not
critical, since vehicle-specific parameters can be exchanged
during platoon formation, while GPR can compensate resid-
ual unmodeled dynamics even when a common nominal
model is used. Unless otherwise stated, the controller op-
erates with T yipc = 0.10 s, prediction horizon N, = 20,
and one sparse QP solve per control update.

The leader is treated differently from the followers: its
desired progress/velocity profile is assigned exogenously,
consistently with the hierarchical platooning architecture in
which the global path is generated by upper layers [22],
whereas the followers use the cooperative neighbour-based
reference law introduced in the previous section. All simula-
tions were run in MATLAB/Simulink 2025b on AMD Ryzen
4500U; each sparse QP required about 0.04 ms on average
and less than 0.08 ms in the most critical cases.

A. PLF scenario

The first family of simulations refers to a platooning con-
figuration with leader—predecessor following (PLF) topology
that corresponds to the operational regime of the GDU
logic and constant distance gap policy of dy = 14 m
between vehicle centers of gravity. Since this is the tightest
configuration, it represents the most stressful case for the
controller, which must guarantee the highest reactivity and
the strongest coordination along the string.

1) Nominal cooperative platooning: In this scenario, all
vehicles track the common road geometry while preserving
the desired inter-vehicle spacing and a coordinated longitu-
dinal evolution along the platoon as shown in Fig. 2, where
the leader changes its velocity, causing an oscillation of the
follower vehicles.
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Fig. 2: Inter-vehicle distances. The oscillation is caused by
leader-speed change from 22 to 15 m/s.

2) Obstacle-Induced Lane Change: A second platoon-
ing test considers a simplified obstacle-induced lane-change
manoeuvre. No online high-level planner is implemented;
obstacle information and the updated centerline reference are
assumed to be provided by the upper-layer architecture. The
manoeuvre is thus realized by replacing the reference path,
without changing the GPR-SQP-MPCC controller.

Fig. 3 shows the lateral-velocity responses. The lane
change starts at about 37s, while the oscillations observed
beforehand are due to the road geometry. The transient
caused by the reference update remains bounded and de-
cays after the manoeuvre, confirming stable tracking. The

manoeuvre is performed at a commanded speed of 22m/s
with a constant-distance-gap policy.
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Fig. 3: Lateral-velocity responses during lane change.

3) Emergency braking: The most demanding platooning
test is an emergency-braking manoeuvre in which the leader
decelerates from 30 m/s to 6 m/s while the platoon travels
through a curved road segment.

The contouring penalty is increased with respect to the
nominal setting; this prevents the optimizer from recover-
ing feasibility through excessive path deviation during hard
braking on a curved segment.

Fig. 4 reports the most representative responses. The
longitudinal velocities remain coordinated along the string,
the lateral-velocity transients stay bounded, and the inter-
vehicle distances remain above the safety threshold. As
expected, the strongest transient occurs at braking onset,
where path curvature makes the longitudinal-lateral coupling
more critical.
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Fig. 4: Longitudinal velocity and inter-vehicle distances.

B. ACC scenario

The second family of simulations refers to the fallback
condition corresponding to the unsafe regime of the GDU
logic. In this case, V2V information can no longer be relied
upon as the primary source for predecessor tracking, and the
architecture effectively relies on onboard sensing.

In the present implementation, the predecessor state is
reconstructed through the simple velocity model proposed



in [23], where the prediction is fed by ideal radar-like mea-
surements, while any available V2V information can only be
used as an auxiliary correction source. Hence, the cooperative
preview available in platooning mode is replaced by a more
conservative state-estimation mechanism, consistently with a
sensing-based fallback architecture.

Fig. 5 reports the longitudinal-velocity responses in this
ACC scenario. The string remains collision-free, but the
transient becomes more conservative and a larger overshoot
appears toward the rear of the platoon. This behaviour is
consistent with the simplified prediction model adopted in
the estimator, which reacts less aggressively to abrupt pre-
decessor decelerations than the cooperative preview available
in the platooning regime. Therefore, the unsafe case confirms
safe fallback operation at the price of reduced performance.
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Fig. 5: ACC scenario: longitudinal-velocity response with
radar/KF-based predecessor estimation.

Overall, the reported simulations indicate that the proposed
GP-SQP-MPCC regulation layer can handle cooperative PLF
platooning and sensing-based ACC fallback under the con-
sidered operating conditions, while preserving longitudinal
safety and satisfactory path-tracking behaviour.

V. CONCLUSIONS

This paper presented an implementable distributed
communication-aware GPR-SQP-MPCC framework for pla-
nar vehicle platooning, combining planar predictive control,
GP-based residual compensation, and GDU-inspired outage-
aware operation within a unified low-level architecture. The
proposed approach explicitly accounts for the coupling be-
tween longitudinal and lateral dynamics, while incorporat-
ing learning-based model refinement and communication-
dependent supervisory logic.

Simulation results in representative multi-vehicle scenar-
ios, including emergency braking, lane changes, and com-
munication loss, demonstrate that the proposed framework
can maintain safe inter-vehicle spacing, coordinated motion,
and robust path tracking. Moreover, the use of a sparse
SQP formulation ensures real-time feasibility, supporting the
practical deployment of learning-enhanced predictive control
in distributed platooning applications.

Future work will address the integration of covariance-
aware SQP schemes for improved uncertainty handling,
the development of formally verifiable GDU supervisory
mechanisms, and the incorporation of PHY-accurate 5G V2X
communication models.
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