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Abstract
The paper proposes an accelerated local formation-

recovery layer for robot swarms driven by a single global
command. The global command specifies the motion
of the group, while each robot uses only neighbor-
to-neighbor communication to restore formation con-
sistency. The local correction problem is formulated
as a regularized strongly convex consensus objective
and solved using the Accelerated Local Voting Proto-
col (ALVP), an accelerated variant of the standard Local
Voting Protocol (LVP). In the considered aerial-swarm
implementation, the same recovery principle is applied
to heading, altitude, and horizontal position alignment.
The approach is evaluated in a high-fidelity multirotor
software-in-the-loop (SITL) environment with ArduPi-
lot SITL, emulated inter-robot communication, packet
losses, and bounded control inputs. In parameter-wise
recovery experiments, ALVP reduces the mean conver-
gence time by 37.2%, 39.8%, and 38.6% for heading,
altitude, and horizontal position, respectively, compared
with LVP. In stationary formation assembly, ALVP re-
mains faster for all tested swarm sizes and shows lower
variance for larger swarms. Commanded-motion ex-
periments further indicate that local recovery is neces-
sary under global motion and that ALVP improves post-
maneuver recovery in turning and circular trajectories.
These results suggest that accelerated local voting is a
promising mechanism for improving transient formation
recovery in single-interface swarm control.
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1 Introduction
Unmanned robotic swarms are attracting growing in-

terest due to their advantages in coverage, redundancy,
scalability, and robustness to individual robot fail-
ures [Chen et al., 2020]. Collectives of aerial, ground,
and surface robots enable applications in agriculture,
search-and-rescue, environmental monitoring, mapping,
infrastructure inspection, and delivery services [Debie
et al., 2023; Skorobogatov et al., 2020]. In many of these
missions, robots are not required merely to move inde-
pendently. Instead, they must preserve a structured rel-
ative configuration while the group moves through the
environment [Tang et al., 2023]. Maintaining such a for-
mation under sensing noise, actuation uncertainty, com-
munication losses, and external motion commands re-
mains a central problem in swarm control.

Two classical coordination paradigms are centralized
and decentralized control. In centralized control, a base
station collects global state information and computes
individual commands for all robots. This can simplify
planning and constraint handling, but it scales poorly
with the number of agents and is sensitive to commu-
nication bottlenecks and single-point failures. In decen-
tralized control, each robot acts using locally exchanged
information. This improves scalability and resilience,
and has motivated a broad class of flocking, consensus,
and formation control methods. However, a fully decen-
tralized architecture is not always the most natural inter-
face for practical robotic missions. Mission objectives
are often specified externally by a human operator, a su-
pervisory planner, or a base station, especially in safety-
critical scenarios such as disaster response, inspection,
and precision agriculture.

This motivates a hybrid global–local architecture. A
low-dimensional global command specifies the motion
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of the group as a whole, for example a centroid veloc-
ity, a joystick input, or a reference generated by a plan-
ner. At the same time, distributed local feedback main-
tains the relative formation using neighbor-to-neighbor
communication. Such an architecture combines a sim-
ple external command interface with local autonomy:
the global command moves the swarm, while the local
layer compensates for formation distortions caused by
disturbances, actuator heterogeneity, packet losses, and
maneuver-induced transients.

The main difficulty is transient recovery speed. Stan-
dard consensus-based protocols are attractive because
they are distributed, scalable, and robust to local com-
munication constraints. The Local Voting Protocol
(LVP) [Vergados et al., 2017], in particular, provides a
simple neighbor-based mechanism for local balancing
and alignment. Nevertheless, in real-time swarm op-
eration, slow convergence may lead to large formation
errors after turns, changes of direction, random initial
placements, or temporary communication degradation.
Therefore, an effective local layer should not only be
distributed and robust, but also recover the desired for-
mation rapidly enough for responsive operator-driven or
planner-driven motion.

In this paper, we develop an accelerated local
formation-recovery layer for swarms driven by a single
global command. The proposed layer is based on the Ac-
celerated Local Voting Protocol (ALVP) [Erofeeva et al.,
2024]. The local alignment objective is regularized to
obtain a strongly convex surrogate suitable for the ALVP
recursion. In the aerial-swarm implementation consid-
ered in this work, the local layer acts on heading, alti-
tude, and horizontal position. These quantities are han-
dled through the same recovery principle, but the main
motivation is practical: to preserve formation quality
during single-interface swarm motion without requiring
centralized individual commands for all robots.

1.1 Related Work
Human–swarm interaction studies emphasize the

importance of compact interfaces and high-level
supervisory commands for controlling large robot
groups [Kolling et al., 2015; Kolling et al., 2012]. Semi-
autonomous human–robot cooperation has also been
demonstrated in mission-oriented settings such as search
and rescue [Doroodgar et al., 2010]. These works moti-
vate the use of global or supervisory commands, but they
are primarily focused on interaction paradigms rather
than on accelerating distributed formation recovery.

Formation control has been studied extensively
through flocking, leader–follower, and consensus-based
methods. Classical works analyze stable flocking un-
der fixed topologies [Tanner et al., 2003], decentralized
shape generation [Hsieh et al., 2008], and flocking with
preserved network connectivity [Zavlanos et al., 2007].
Consensus-based formation control provides distributed
mechanisms for maintaining inter-robot configurations
using local information [Ren, 2006; Zhu et al., 2019].

More recent studies address robust formation coordi-
nation under nonlinear dynamics and unknown distur-
bances [Hu et al., 2022] and dynamic consensus-based
formation under communication constraints [Li et al.,
2025]. These approaches provide scalable local coor-
dination mechanisms, but their transient recovery speed
can be limiting in time-critical global-motion scenarios.

A complementary line of work studies stochastic-
approximation and randomized-input control methods
under weak statistical assumptions on disturbances, in-
cluding multiagent load-balancing and adaptive-control
problems with arbitrary external noise [Granichin, 2015;
Amelin and Granichin, 2016].

Hybrid global–local architectures are closely related
to the setting of this paper. In [Zhang et al., 2023],
centralized trajectory guidance is combined with lo-
cal consensus-based estimation and distributed ob-
servers. Human-in-the-loop consensus control is con-
sidered in [Ma et al., 2023], where a human supervises
a leader and followers maintain formation through local
consensus. A two-level architecture with supervisory ve-
locity references and local model predictive consensus
control is proposed in [Yang et al., 2023]. These works
support the idea that global commands and local consen-
sus can be combined, but they do not focus on accelerat-
ing the local recovery mechanism itself.

Partially centralized single-console swarm-control ar-
chitectures have also been studied in earlier work, where
a common operator command is combined with lo-
cal inter-robot communication and LVP-based forma-
tion maintenance [Amelin et al., 2025]. A preliminary
ALVP-based version for a group controlled by a single
remote was later evaluated under sharp maneuvers and
packet losses [Arkhipov et al., 2025]. The present paper
extends this line by formulating channel-wise strongly
convex recovery objectives and evaluating heading, al-
titude, and horizontal-position recovery in a multirotor
SITL stack.

Another relevant direction studies systems controlled
by shared global inputs. Multiple magnetic robots actu-
ated by a global magnetic field are considered in [Asadi
and Hurmuzlu, 2023], while [Shahrokhi et al., 2017]
controls large microrobot swarms through global light-
based inputs and swarm statistics. These works demon-
strate that global-input strategies can be effective, but
the actuation and coordination models differ substan-
tially from mobile robot swarms with neighbor-based lo-
cal formation recovery.

Compared with the above literature, our work fo-
cuses on the local recovery bottleneck in single-interface
swarm control. We do not propose a new human–swarm
interface or a full centralized planner. Instead, we adapt
ALVP to a real-time robotic formation-recovery problem
in which the swarm is driven by a single global com-
mand, while each robot restores local formation consis-
tency using only neighbor messages. This requires defin-
ing pose-compatible local recovery objectives for alti-
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tude, heading, and horizontal position, embedding them
into a global–local command architecture, and evaluat-
ing the resulting layer in a multirotor SITL stack with au-
topilot dynamics, bounded low-level commands, packet
losses, and emulated inter-robot communication.

1.2 Contributions
The main contributions of this work are as follows:

1. We adapt the Accelerated Local Voting Protocol
(ALVP) to a real-time swarm formation-recovery
layer operating under a single global command.
In the proposed architecture, the global command
drives the group motion, while the ALVP-based lo-
cal layer restores formation consistency using only
neighbor-to-neighbor communication.

2. We define channel-wise local recovery objectives
compatible with robotic pose variables. The alti-
tude, heading, and horizontal position components
are formulated as coordinate-wise recovery chan-
nels with neighbor-predicted targets, allowing the
same ALVP recursion to be applied across the for-
mation quantities used in the aerial-swarm imple-
mentation.

3. We regularize each local recovery objective by a
control-effort term, obtaining a strongly convex sur-
rogate suitable for the ALVP estimating-sequence
update. This connects the acceleration mechanism
to physically meaningful local corrections rather
than to an abstract consensus variable.

4. We validate the resulting global–local architecture
in a high-fidelity multirotor software-in-the-loop
(SITL) stack including ArduPilot SITL, bounded
low-level commands, packet losses, and emulated
inter-robot communication. The evaluation com-
pares ALVP with standard LVP and no-local-
correction baselines in parameter-wise recovery,
stationary formation assembly, and commanded-
motion scenarios.

2 Problem Formulation
We consider a swarm of N mobile robots that receive

a common global command while maintaining a pre-
scribed relative formation through distributed local cor-
rections. The global command specifies the motion of
the group as a whole, whereas the local layer compen-
sates for formation deviations caused by communication
delays, sensing noise, actuator heterogeneity, and limited
onboard resources.

In the main simulation study, this architecture is in-
stantiated for aerial robots. The corresponding formation
quantities are heading, altitude, and horizontal position.
These quantities will be used below to define the local
recovery objectives and performance metrics.

The robots exchange information over a time-varying
undirected communication graph

G(t) = {N , E(t)}, N = {1, . . . , N},

where E(t) is the set of available communication links at
time t. The neighbor set of robot i is denoted by Ni(t).

Assumption 1. There exists an integer Tc > 0 such
that, for every t, the union graph over the interval [t, t+
Tc − 1] is connected.

This standard bounded-window connectivity assump-
tion allows temporary packet losses and switching neigh-
bor sets, but excludes permanent decomposition of the
swarm into disconnected components. Similar delayed
neighbor-exchange models arise in operating-system-
level coordination primitives for edge multiagent sys-
tems, where agreement mechanisms must tolerate un-
synchronized messaging, bounded delays, and peer fail-
ures [Krokhalev et al., 2026; Arkhipov et al., 2026].

Let xi(t) ∈ Rm be the state of robot i, and let

X(t) = [x⊤
1 (t), . . . ,x

⊤
N (t)]⊤ ∈ RmN

be the stacked swarm state. A reference centralized
formulation can be written in the discrete-time linear-
quadratic form

xi(t+ 1) = Axi(t) +Bui(t) +wi(t), (1)

where A, B, and wi(t) denote the state matrix, input
matrix, and disturbance, respectively.

Define the tracking error e(t) = X(t) − X⋆(t). The
corresponding finite-horizon centralized objective is

J0 =

T−1∑
t=0

[
e⊤(t)Qe(t) +

N∑
i=1

u⊤
i (t)Rui(t)

]
+ e⊤(T )Qe(T ),

(2)

where Q ≻ 0, R ≻ 0, and admissible controls satisfy
∥ui(t)∥ ≤ umax.

This centralized formulation is used only as a reference
point. Solving such a problem over the full state X(t) ∈
RmN is generally undesirable for real-time swarm op-
eration because the optimization dimension grows with
N . Therefore, we use a hybrid global–local structure: a
low-dimensional global input, generated for example by
a human operator, a supervisory planner, or a reduced-
order Model Predictive Control (MPC) layer, drives the
group motion, while distributed local corrections restore
the relative formation using neighbor information.

The present paper does not claim to solve the full cen-
tralized finite-horizon optimal control problem. Instead,
it focuses on the local formation-recovery layer executed
after the global command has been issued. The heading,
altitude, and horizontal position components are treated
as coordinate-wise instantiations of a common acceler-
ated recovery template. In each channel, robots build
a local disagreement objective from neighbor messages,
add a control-effort regularizer to obtain a strongly con-
vex surrogate problem, and apply the same Accelerated
Local Voting Protocol (ALVP), an accelerated variant of
the standard Local Voting Protocol (LVP), to compute
the local correction.
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3 Main Result
This section presents the proposed global–local con-

trol architecture and the accelerated local formation-
recovery layer. The global layer provides a low-
dimensional command for the motion of the group, while
the local layer restores the relative formation using only
neighbor information. We first describe this decompo-
sition and the platform-level command map. We then
formulate altitude, heading, and horizontal-position re-
covery as coordinate-wise instantiations of the same lo-
cal recovery template and apply the Accelerated Local
Voting Protocol (ALVP) to this template.

3.1 Global–Local Control Architecture
The full swarm state has dimension mN . Therefore, a

centralized controller that computes an individual com-
mand for every robot at every time step generally scales
with the swarm size. Even in a linear–quadratic setting,
solving a centralized Model Predictive Control (MPC)
problem over the complete state may become unsuit-
able for real-time operation as N grows [Erofeeva et al.,
2025].

To avoid this dependence at the command-generation
level, we use a two-layer architecture. Each robot re-
ceives a global command ug(t) and combines it with a
distributed local correction ul

i(t):

ūi(t) = δi(t)Hgu
g(t) + ul

i(t), (3)

where Hg maps the global command to the reduced-
command coordinates of the local correction, and
δi(t) ∈ {0, 1} indicates whether robot i has received the
global command at time t. The global command may be
generated by a human operator, a supervisory planner,
a reduced-order MPC controller, or a Linear Quadratic
Regulator (LQR). It is responsible for group-level mo-
tion, such as translation of the swarm centroid or a com-
mon heading command.

The local correction ul
i(t) is computed by each robot

using only its own state and the information received
from its neighbors in Ni(t). Its purpose is not to solve
the full centralized optimal-control problem, but to com-
pensate for formation errors caused by disturbances,
communication losses, actuator heterogeneity, and com-
manded maneuvers.

The reduced command ūi(t) is translated into
platform-level inputs by a low-level command map

ui(t) = R(ūi(t)), (4)

where R is platform-specific. For an aerial robot, R pro-
duces attitude, throttle, and yaw commands; for a planar
ground robot, it may produce wheel commands or body-
frame velocity commands. In this paper, R is assumed
to be available at the firmware or low-level control layer.

For local recovery synthesis, we use the local linear
approximation

R(ūi(t)) = M ūi(t) + µi(t), (5)

where M is a constant input map and µi(t) collects
unmodeled nonlinearities and low-level tracking errors.
Substituting (5) into the robot dynamics (1) gives

xi(t+ 1) = Axi(t) +BM ūi(t) + w̄i(t), (6)

where

w̄i(t) = wi(t) +Bµi(t)

is treated as a bounded effective disturbance. This re-
duced model is used only to motivate the local correction
design; the closed-loop performance of the resulting ar-
chitecture is evaluated in simulation.

3.2 Coordinate-Wise Local Recovery Template
The local correction is applied to several formation

quantities. In the aerial implementation considered in the
simulation study, these quantities are altitude, heading,
and horizontal position. Instead of treating them as un-
related controllers, we describe them as coordinate-wise
instantiations of the same accelerated recovery template.

Let r denote a recovery channel. In this paper, r ∈
{z, yaw, xy}, where z denotes altitude, yaw denotes
heading, and xy denotes horizontal position. For robot i,
let y(r)

i (t) ∈ Rmr be the local variable associated with
channel r, and let û(r)

i,t ∈ Rmr be the current estimate of
the corresponding local correction. The one-step chan-
nel prediction is written as

y
(r)
i (t+ 1) ≈ y

(r)
i (t) +Grû

(r)
i,t , (7)

where Gr is the effective input matrix of the channel.
For each neighbor j ∈ Ni(t), let ŷ(r)

j→i(t) be the value
that neighbor j expects robot i to have in channel r. For
altitude and heading, this value is obtained from the de-
sired relative offset. For horizontal position, it is the
grid-based neighbor-expected position.

For compactness, define the predicted neighbor resid-
ual

r
(r)
ij (u) = y

(r)
i (t) +Gru− ŷ

(r)
j→i(t). (8)

For angular variables, such as heading, this residual is
evaluated after wrapping the angular difference to the
principal interval. Thus, the Euclidean norm used be-
low is interpreted channel-wise: standard Euclidean dif-
ferences are used for altitude and horizontal position,
whereas wrapped angular differences are used for head-
ing.

The local regularized recovery objective of robot i in
channel r is

ϕ
(r)
i,t (u) =

1

2

∑
j∈Ni(t)

pij
∥∥∥r(r)ij (u)

∥∥∥2 + λr

2
∥u∥2Wr

, (9)
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where pij > 0 are communication weights, λr > 0,
Wr ≻ 0, and ∥u∥2Wr

= u⊤Wru. The first term penal-
izes predicted neighbor disagreement, while the second
term penalizes excessive local control effort.

The gradient of (9) is

∇ϕ
(r)
i,t (u) = G⊤

r

∑
j∈Ni(t)

pijr
(r)
ij (u) + λrWru. (10)

All quantities in (10) are available locally to robot i.
The regularization makes the local surrogate strongly

convex. Indeed, the Hessian of (9) is

∇2ϕ
(r)
i,t =

 ∑
j∈Ni(t)

pij

G⊤
r Gr + λrWr ⪰ λrWr ≻ 0.

(11)
Thus, the local channel objective is strongly convex with
a bound

µr ≥ λrσmin(Wr),

and its gradient is Lipschitz continuous with, for exam-
ple, the bound

Lr ≤

 ∑
j∈Ni(t)

pij

 ∥G⊤
r Gr∥2 + λr∥Wr∥2.

These constants are used to select the parameters of
ALVP in each channel.

3.3 Local Voting and Accelerated-LVP Update
We now describe the update used in each recovery

channel. The standard Local Voting Protocol (LVP) is a
distributed gradient-like consensus rule: each robot com-
pares its current channel value with the values predicted
by its neighbors and applies a local correction propor-
tional to the corresponding disagreement.

For channel r, the non-accelerated LVP update can be
interpreted as the gradient-like step

û
(r)
i,t+1 = û

(r)
i,t − hrY

(r)
i,t , (12)

where hr > 0 is the channel stepsize and Y
(r)
i,t is the lo-

cal gradient estimate computed from neighbor messages.
In the deterministic notation of (10), this quantity is

Y
(r)
i,t = ∇ϕ

(r)
i,t

(
û
(r)
i,t

)
,

whereas in implementation it may include measurement
and communication errors.

To accelerate this local voting step, we use the ALVP
recursion from [Erofeeva et al., 2024]. Unlike a fixed-
momentum update, ALVP uses an estimating-sequence
parameterization. For each channel r, define the internal
parameter set

Pr = {hr, Lr, µr, ηr, αx,r, γ0,r},

where Lr and µr are the Lipschitz and strong convex-
ity parameters of the local surrogate, ηr ∈ (0, µr), and
αx,r ∈ (0, 1). Set

Hr = hr −
h2
rLr

2
. (13)

At every time instant, robot i maintains two ALVP
variables in each channel: the correction estimate û

(r)
i,t

and the auxiliary variable v
(r)
i,t . For compactness, define

cr = 2
(
Hr −

αx,r

2

)
, qr = µr − ηr.

The scalar coefficient α(r)
i,t is chosen as the admissible

positive solution of(
α
(r)
i,t

)2

= cr

(
γ
(r)
i,t + α

(r)
i,t

(
qr − γ

(r)
i,t

))
. (14)

Then

γ
(r)
i,t+1 =

(
1− α

(r)
i,t

)
γ
(r)
i,t + α

(r)
i,t (µr − ηr). (15)

The extrapolated point is computed as

s
(r)
i,t =

α
(r)
i,t γ

(r)
i,t v

(r)
i,t + γ

(r)
i,t+1û

(r)
i,t

γ
(r)
i,t + α

(r)
i,t (µr − ηr)

. (16)

Robot i then computes the local gradient estimate at this
extrapolated point:

Y
(r)
i,t = ∇ϕ

(r)
i,t

(
s
(r)
i,t

)
, (17)

where the gradient is evaluated using the locally avail-
able neighbor messages as in (10). The correction esti-
mate is updated by

û
(r)
i,t+1 = s

(r)
i,t − hrY

(r)
i,t . (18)

Finally, the auxiliary variable is updated as

v
(r)
i,t+1 =

(
1− α

(r)
i,t

)
v
(r)
i,t +

α
(r)
i,t

γ
(r)
i,t

(
qrs

(r)
i,t −Y

(r)
i,t

)
.

(19)
Thus, ALVP preserves the neighbor-based structure of

LVP but replaces the direct local voting step with an
estimating-sequence accelerated update. The channel-
specific quantities are y(r)

i , the neighbor-expected values
ŷ
(r)
j→i, the local gradient estimate Y

(r)
i,t , and the parame-

ters Pr. The internal ALVP recursion itself is the same
for altitude, heading, and horizontal-position recovery.
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3.4 Channel Instantiations
The three recovery channels used in the experiments

differ only in the choice of the channel variable, the con-
struction of ŷ(r)

j→i(t), and the platform-level output.

3.4.1 Altitude channel. For altitude alignment,

y
(z)
i (t) = zi(t) ∈ R.

Typically, the desired relative offset is zero, so

ŷ
(z)
j→i(t) = zj(t).

The resulting channel correction û
(z)
i,t+1 is mapped to the

throttle correction.

3.4.2 Heading channel. For heading alignment,

y
(yaw)
i (t) = θi(t) ∈ S1.

Since heading is angular, the channel residual is com-
puted using the wrapped error

wrap
(
θi(t)− θj(t)− dθij

)
.

In the experiments, dθij = 0, which corresponds to com-

mon heading alignment. The resulting correction û
(yaw)
i,t+1

is mapped to the yaw command.

3.4.3 Horizontal-position channel. For horizontal
formation recovery, let

ξi(t) = [xi(t), yi(t)]
⊤

be the Cartesian position of robot i. Each robot com-
putes, for every neighbor j, a neighbor-expected posi-
tion ξ̂j→i(t), i.e., the position where neighbor j expects
robot i to be according to the desired grid spacing and
the current heading of j.

Let d > 0 be the grid spacing and define the set of
admissible planar offsets

S =
{
(kd, ℓd)⊤

∣∣ k, ℓ ∈ {−1, 0, 1}, (k, ℓ) ̸= (0, 0)
}
.

For every neighbor j, robot i selects

s⋆j→i(t) ∈ argmin
s∈S

∥∥ξi(t)− (
ξj(t) +R(θj(t))s

)∥∥ ,
(20)

where R(θj) is the planar rotation matrix defined by the
heading of robot j. Then

ξ̂j→i(t) = ξj(t) +R(θj(t))s
⋆
j→i(t). (21)

The horizontal channel applies the same ALVP update to
move ξi toward these neighbor-predicted positions. The
resulting planar correction û

(xy)
i,t+1 is converted into roll

and pitch commands for aerial robots.

3.5 Generic Algorithm
Algorithm 1 summarizes one accelerated recovery step

for a single channel r. The same algorithm is executed
independently for altitude, heading, and horizontal posi-
tion with channel-specific variables and parameters.

Algorithm 1 Accelerated Local Recovery Channel via
ALVP
Require: Channel variable y

(r)
i (t), neighbor mes-

sages {y(r)
j (t)}j∈Ni(t), previous ALVP variables

û
(r)
i,t , v

(r)
i,t , γ

(r)
i,t , channel parameters Pr =

{hr, Lr, µr, ηr, αx,r}.
Ensure: Channel correction û

(r)
i,t+1 for the next actua-

tion cycle.
1: Exchange y

(r)
i (t) with neighbors j ∈ Ni(t).

2: Construct neighbor-expected values ŷ
(r)
j→i(t) for all

j ∈ Ni(t).
3: Compute α

(r)
i,t from (14).

4: Update γ
(r)
i,t+1 using (15).

5: Compute the extrapolated point s(r)i,t using (16).
6: Compute the local gradient estimate

Y
(r)
i,t = ∇ϕ

(r)
i,t

(
s
(r)
i,t

)
from neighbor data.

7: Update the correction estimate:

û
(r)
i,t+1 = s

(r)
i,t − hrY

(r)
i,t .

8: Update the auxiliary variable v
(r)
i,t+1 using (19).

9: return û
(r)
i,t+1.

The output of Algorithm 1 computed at cycle t is ap-
plied as the local correction for the next actuation cycle.
The channel corrections are assembled as

ul
i(t+ 1) = [(û

(xy)
i,t+1)

⊤, û
(z)
i,t+1, û

(yaw)
i,t+1 ]

⊤.

At the next cycle, this correction is combined with the
global command according to (3) and passed to the low-
level command map R.

Consequently, altitude, heading, and horizontal posi-
tion are not three independent algorithms. They are three
coordinate-wise instantiations of the same ALVP-based
local recovery mechanism. The channel-dependent el-
ements are the variable y

(r)
i , the construction of the

neighbor-expected value ŷ
(r)
j→i, the input map Gr, and

the parameters Pr.
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Figure 1. High-fidelity SITL architecture used in the experiments.

4 Simulation Experiments
This section evaluates the proposed Accelerated Local

Voting Protocol (ALVP) layer in a high-fidelity multiro-
tor software-in-the-loop (SITL) environment and com-
pares it with the standard Local Voting Protocol (LVP)
and, where applicable, with the no-local-correction base-
line. The experiments are designed to answer three ques-
tions: (i) whether ALVP accelerates individual recovery
channels, (ii) whether the full formation can be assem-
bled from random initial conditions, and (iii) whether
local recovery remains useful when the swarm is driven
by an external global command.

4.1 Simulation Setup
All experiments use a physics-based multirotor simu-

lation with identical onboard controllers, bounded con-
trol inputs, state-estimation noise, and synchronized
discrete-time updates. Communication is local and de-
termined by a fixed neighborhood radius. Packet losses
are enabled in the convergence and assembly experi-
ments: at each communication cycle, an agent misses
an incoming neighbor message with probability 0.1, and
fails to transmit its own message with probability 0.05.

The SITL stack consists of a Go-based environ-
ment simulator, one ArduPilot SITL instance per drone,
MAVProxy for global coordination, and an ESP32
firmware running in a QEMU-based simulator for emu-
lated inter-drone communication. Unlike a purely kine-
matic simulation, this stack includes the vehicle autopi-
lot loop, bounded low-level commands, communication
timing, and message losses. Therefore, the experiments
evaluate the formation-recovery layer under implemen-
tation constraints that are closer to deployment than ide-
alized point-mass simulations. The overall simulation
stack is shown in Fig. 1.

All drones send neighbor messages at 5 Hz and com-
pute local corrections at 10 Hz. The desired planar for-
mation is a grid with spacing d = 10 m. Unless other-
wise stated, initial positions, headings, and altitudes are

sampled independently across runs. The same controller
and algorithm parameters are used within each experi-
mental set.

The ALVP parameters used in the simulations are sum-
marized in Table 1. The LVP gains are 0.3, 0.8, and
0.03 for heading, altitude, and horizontal position, re-
spectively. For each method and recovery channel, pa-
rameters were tuned empirically on pilot runs and then
kept fixed for all reported runs.

Table 1. ALVP parameters used in simulation.

Ch. αx γ0 h L µ η

Head. 0.75 0.50 0.30 10 0.60 0.050

Alt. 0.40 0.80 0.30 10 0.60 0.100

Pos. 0.10 0.10 0.05 5 0.09 0.005

Although the quantitative evaluation in this
paper is performed in SITL, supplementary
videos show a preliminary hardware run with
several quadrotors executing the same global-
command/local-recovery principle: https:
//disk.yandex.ru/d/sKljuLKvenlCdA.

4.2 Experimental Design and Metrics
The first experiment evaluates the three recovery chan-

nels separately: heading, altitude, and horizontal posi-
tion. Each channel is tested over 10 runs for LVP and
10 runs for ALVP with N = 4 drones and a duration
of approximately 30 s. The remaining channels are kept
inactive so that each test isolates one formation quantity.

The second experiment evaluates stationary formation
assembly. The swarm starts from random positions and
headings, no global motion command is applied, and the
local layer assembles the desired formation. The swarm
size is varied as

N ∈ {4, 6, 9, 12}.

Each run lasts approximately 60 s.
The third experiment evaluates formation maintenance

under global motion. A swarm of N = 9 drones starts
from a correct formation and is driven by a uniform ex-
ternal command along three trajectories: straight motion,
motion with a turn, and circular motion. The local re-
covery layer is responsible for compensating formation
errors induced by the commanded maneuver.

We use four metrics. Heading error is the aggregate
mean absolute yaw deviation from the group heading.
Altitude error is the aggregate mean absolute altitude de-
viation from the group altitude. Horizontal formation
error is the aggregate deviation from the desired grid-
relative positions. Convergence time is the first time in-
stant at which the corresponding error remains below a
prescribed threshold for 1 s. The thresholds are 1◦ for

https://disk.yandex.ru/d/sKljuLKvenlCdA
https://disk.yandex.ru/d/sKljuLKvenlCdA
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heading, 25 cm for altitude, and 0.5 m for horizontal po-
sition.

4.3 Results
Table 2 summarizes the repeated convergence experi-

ments for two complementary settings. The first group
of rows isolates individual recovery channels. This ex-
periment evaluates the effect of ALVP on one formation
quantity at a time and therefore directly tests whether
acceleration improves the corresponding local recov-
ery mechanism. The second group evaluates station-
ary full-formation assembly, where altitude, heading,
and horizontal-position corrections act together while
the swarm starts from randomized initial conditions.

In the parameter-wise tests, ALVP consistently reduces
the mean convergence time relative to LVP: by 37.2%
for heading, 39.8% for altitude, and 38.6% for horizon-
tal position. The variance is also lower or comparable in
all three channels. This indicates that the accelerated up-
date improves not only the average transient speed, but
also the repeatability of convergence under randomized
initial conditions and packet losses.

The stationary full-formation assembly experiment
shows that the same trend persists when all recovery
channels are active simultaneously. ALVP remains faster
for all tested swarm sizes N ∈ {4, 6, 9, 12}. As N in-
creases, the relative improvement decreases from 38.7%
at N = 4 to 21.7% at N = 12, which suggests
that larger formations introduce additional coupling and
communication-induced transients. Nevertheless, the
absolute time gap between LVP and ALVP remains sub-
stantial. Moreover, for N ≥ 6, ALVP shows a much
smaller variance than LVP, indicating more predictable
assembly times for larger swarms.

Fig. 2 shows horizontal formation errors during com-
manded motion. The no-local-correction baseline pro-
duces substantially larger errors, confirming that local
recovery is necessary when the group is driven by a com-
mon external command. The comparison between LVP
and ALVP is scenario-dependent. In straight-line mo-
tion, LVP achieves a lower steady error for part of the
run. However, in the turn and circular-motion cases,
ALVP reduces the post-maneuver error more effectively
and reaches a lower final error. This suggests that ALVP
is most beneficial when the global command creates
stronger transient formation distortions.

The heading and altitude channels were aligned before
commanded motion started. During the motion, both
quantities remained within admissible bounds even with-
out additional dedicated alignment: below 25 cm for al-
titude and below 1◦ for heading. Therefore, the domi-
nant formation degradation in these tests is horizontal,
which is the most sensitive channel under translational
and turning commands.

Fig. 3 shows representative ALVP trajectories for the
same commanded-motion scenarios. The trajectories
confirm that the reported error dynamics correspond to

coherent group motion rather than isolated pointwise
corrections. In the straight-line case, the formation re-
mains visually stable; in the turn and circular cases, tran-
sient distortions appear during the maneuver and are re-
duced by the local recovery layer.

Overall, the simulation results support the main claim
of this paper: the proposed ALVP layer accelerates lo-
cal formation recovery in convergence-oriented scenar-
ios and improves post-maneuver recovery under non-
stationary global motion. The strongest quantitative evi-
dence comes from the repeated parameter-wise and sta-
tionary assembly experiments, whereas the commanded-
motion experiments demonstrate representative behavior
of the global–local architecture under external motion
commands.

5 Conclusion
This paper presented an accelerated local formation-

recovery layer for robot swarms driven by a single
global command. The proposed architecture separates
group-level motion from local formation maintenance:
the global command specifies the desired motion of the
swarm, while the distributed local layer compensates for
formation errors using only neighbor information. The
local recovery problem was formulated as a regularized
strongly convex consensus objective, which enables the
use of the Accelerated Local Voting Protocol (ALVP) for
heading, altitude, and horizontal-position recovery.

The proposed approach was evaluated in a high-fidelity
multirotor software-in-the-loop environment and com-
pared with the standard Local Voting Protocol (LVP).
In parameter-wise experiments, ALVP reduced the mean
convergence time by 37.2%, 39.8%, and 38.6% for head-
ing, altitude, and horizontal position, respectively. In
stationary formation assembly, ALVP was faster for all
tested swarm sizes N ∈ {4, 6, 9, 12} and showed lower
variance for larger swarms. In commanded-motion ex-
periments, local recovery was necessary to keep the for-
mation bounded under a global motion command, and
ALVP improved post-maneuver recovery in turning and
circular trajectories.

These results suggest that accelerated local voting is a
promising mechanism for improving transient formation
recovery in single-interface swarm control. The current
study focuses on the local recovery layer and uses SITL
validation rather than physical multi-UAV experiments.
Future work will include hardware validation, systematic
delay and packet-loss sweeps, integration with collision
avoidance, and joint tuning of the global command gen-
erator and the accelerated local recovery layer.
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