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Abstract. Collective behavior models, such as aggregation and flock-
ing, usually assume self-propelled robots that can directly execute their
desired speed and direction of motion without fundamental constraints.
However, autonomous sailing robots violate this assumption. Their mo-
tion is shaped by wind-dependent propulsion, restricted headings, and
spatially varying wind conditions. In particular, maneuverability is cou-
pled to wind speed: in weak wind, sailboats may turn only slowly or not at
all, whereas stronger wind enables faster turns. This introduces transient
heterogeneity in speed and maneuverability across the flock. We focus on
this fast-slow coordination problem in sailing robot flocks. To study this
problem, we introduce SailSwarmSwIM, a reduced-order simulator for
autonomous sailing robot swarms that captures wind-dependent speed
and maneuverability, no-go zones, tacking behavior, and steady or gusty
wind fields. To design our novel flocking technique, we start from the
Couzin model and introduce a speed-weighted social interaction rule that
accounts for each robot’s transient motion constraints. A key result is
that increasing the social influence of slower robots improves polarization
and reduces close encounters. This effect arises from a balance between
attraction to fast neighbors, which helps maintain movement, and cohe-
sion around slow neighbors, which prevents the flock from fragmenting.
Together, our simulator, SailSwarmSwIM, and the speed-weighted inter-
action rule provide a modeling framework for studying adaptive collec-
tive behavior in robotic fleets whose motion capabilities are continuously
shaped by wind.

Keywords: Autonomous Sailing Robots - Robotic Swarm Simulator -
Flocking

1 Introduction

Classical models of collective motion show how coherent group-level behavior
emerges from local interactions, such as repulsion, orientation, and attraction,
without centralized control [1]. Many foundational models of collective mo-
tion assume fully homogeneous systems, including the well-known models by
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Reynolds [2], Vicsek [3], and Couzin [4]. Homogeneous social interactions and
homogeneous locomotion capabilities are strong assumptions that can compli-
cate the design of controllers for robots whose motion is constrained by actuation
limits, morphology, and environmental forcing. More recent work has relaxed
these assumptions by studying how individual heterogeneity shapes collective
movement [5,6]. For example, two-species Vicsek models [7] and [8] show that
variable individual speed and speed-dependent turning can qualitatively alter
collective motion, affecting polarization, disorder transitions, spatial extent, and
group-size effects.

Our focus on motion-constrained heterogeneous collective motion originates
from the challenge of building a swarm of autonomous sailing robots. Wind-
driven sailing robots cannot move freely in arbitrary directions. Their speed
and maneuverability depend on wind speed, wind direction, sail trim, rudder
control, and their heading relative to the wind [9,10]. In weak winds, turns can
become slow, unreliable, or even temporarily impossible; conversely, stronger
winds can enable faster and more reliable maneuvers. Sailboats can also not sail
directly upwind but must perform tacking maneuvers to reach targets inside the
upwind “no-go” zone [11]. Any desired heading produced by a flocking controller
must be transformed into a feasible sailing direction. The mapping from social
interaction rules to realized motion is therefore indirect, state-dependent, and
environmentally mediated.

These constraints become more important in a swarm. In a fleet of sailing
robots, each robot may experience different (while probably correlated) local
wind conditions, apparent wind angles, and tacking constraints [9]. Even when
the robots are physically homogeneous, the environment introduces temporary
heterogeneity in speed and maneuverability. Similar differences are common in
animal collectives, where individuals exhibit phenotypic variation and may differ
in speed, energetic state, age, morphology [12], or maneuverability [6]. Maintain-
ing cohesion often requires locomotor compromise through adaptive behaviors:
faster or less constrained individuals may slow down, deviate, or otherwise adjust
their movement to remain with slower or more constrained group members [13].
For artificial swarms, this raises an important design question: should social in-
fluence be weighted towards fast neighbors that can make rapid progress, or
towards slower neighbors that risk being left behind?

Starting from a classical zonal flocking controller based on attraction, align-
ment, and repulsion [4], we introduce a speed-weighted social interaction rule.
This rule defines a behavioral continuum ranging from following the fastest-
moving neighbor to anchoring the flock around the slowest neighbors that are
currently more constrained. Slow-neighbor weighting may improve cohesion and
safety by preventing faster robots from overstretching or fragmenting the flock.
A central question is therefore whether an intermediate weighting regime can
reduce proximity risks while preserving group polarization.

Before implementing our flocking method on autonomous sailboat hardware,

we test it in SailSwarmSwIM, our dedicated reduced-order simulator for au-
tonomous sailing robot swarms. Prototyping and testing in simulation is essential
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due to the high cost of deployment (e.g., unpredictable weather, high operational
cost, and safety risks) [9,10]. This approach is also consistent with prior work
on single-boat controllers, which are often tested in simulation before deploy-
ment [14,15]. SailSwarmSwIM focuses on sailing-specific wind-dependent speed,
no-go zones, tacking behavior, and configurable steady- or gusty-wind fields.

We formulate sailing robot flocks as collective-behavior systems shaped by
wind-driven locomotor constraints. We compare the baseline Couzin-type con-
troller [4] against speed-weighted variants that combine modified social heading
selection with sail luffing, a velocity-modulation mechanism that reduces propul-
sion by easing the sail. Our results show that moderate slow-neighbor weighting
improves alignment, safety, and cohesion.

2  Wind-Driven Sailing Robot Model

We use a reduced-order planar model. The model does not reproduce full six-
degree-of-freedom hydrodynamics; instead, it captures the locomotor constraints
relevant for swarm coordination: wind-dependent speed, infeasible upwind head-
ings, tacking, and spatially or temporally varying wind. These constraints are
sufficient to render the mapping from the desired social direction to the realized
motion indirect and environment-dependent.

Reduced-order sailing dynamics. Each robot i has state x; = (z;, y;, ),
where (z;, y;) is its position in the horizontal plane and v; is its heading. The con-
troller outputs a desired heading, which is mapped to feasible motion through
simplified sailing dynamics. Forward speed depends on heading relative to lo-
cal wind, reflecting that sailboats cannot directly command arbitrary velocities.
Both sail trim and rudder action must be coordinated with the wind [10]. The
position update is simply

xi(t+ A\ (xi(¢) ' cos ; (t) o
(yi(t + At)) = (W) A0 | gy (p) ) T Bamra®]s (D)
for the wind-dependent forward speed v;(t), surface drift ugyis ;(t), and simula-

tion time step At. We focus on wind-driven effects and use calm-water conditions.
The heading updates by

Vi(t + At) = y(t) + At wi(t) , (2)

where w;(t) is the commanded yaw rate after applying sailing feasibility con-
straints.

No-go constraint and tacking. Headings inside an upwind no-go cone are
infeasible and must be replaced. A sailing robot can reach any waypoint virtually
under any wind condition, but needs to tack. The robot does so by alternating
between port and starboard headings to make upwind progress [11]. When the
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desired direction lies within the no-go cone, the robot selects a nearby close-
hauled heading and proceeds with tacking. Let 6,,(x;,t) denote the local wind
direction at robot ¢, and let c,g be the half-angle of the no-go cone. We define the
signed angular difference between the desired heading and the upwind direction
as

0; = atan2 (sin(¢} — 0, (x4, 1)), cos(r — 0.,(x4,1))) . (3)

The desired heading is feasible if [6;] > ang. Otherwise, it is projected to the
nearest close-hauled heading,

d)i = Hw(xi, t) + sgn((;i)ozng, if |51‘ < Qng, (4)

and ¢; = 1y otherwise. This projection preserves the controller’s intended di-
rection as much as possible while enforcing the basic locomotor constraint of
sailing. As a result, two robots receiving similar controller outputs may produce
different motions depending on local wind conditions.

Wind field. The wind field is modeled as a base wind plus optional gusts:
W(2,y,1) = Whase(t) + Wgust(z,y,t). Here, w(z,y,t) € R? denotes the local
wind-velocity vector. Its magnitude ||w(x,y,t)| gives the local wind speed, and
its direction defines the local wind direction 6,,(z,y,t). The base wind defines
the nominal wind speed and direction. Gusts introduce spatial and temporal
variation. We use four wind conditions: 5 m/s steady wind, 10 m/s steady wind,
5m/s wind with gusts, and 10m/s wind with gusts. These wind conditions in-
duce transient locomotor heterogeneity: mechanically identical robots differ in
instantaneous ability to follow the flocking rule depending on local wind, point
of sail, tacking requirements, and gusts.

Simulation loop. At each simulation step, SailSwarmSwIM updates the wind
field, evaluates the local wind at each robot, computes a desired heading direction
from the selected flocking controller, projects this direction through the sailing-
feasibility layer, and advances the robot state using Eqgs. (1) and (2). We separate
social interaction from locomotor-feasibility and, hence, the same flocking rule
can produce different realized motions depending on the wind.

3 Flocking Controllers

We compare a baseline Couzin-type flocking controller with our novel speed-
weighted variant, which modulates the influence of faster and slower neighbors
in the alignment calculation. Both controllers compute a desired alignment di-
rection from local information. This direction is then mapped to a target heading
and passed to the low-level sailing controller (Sec. 2).
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Baseline: Couzin-type flocking. The baseline controller follows the zonal
interactions of Couzin-type flocking models [4,16]. Each robot i observes neigh-
boring robots j € N; within a finite interaction range and partitions them into
three zones according to their distance d;;. Robots within the repulsion zone
(dij < Trep) are too close and trigger collision-avoidance behavior. Robots inside
the orientation zone (ryep < d;j < Top) influence heading alignment. Robots
inside the attraction zone (roy < di; < ragt) pull toward the local group.

Let A; be the set of neighbors observed by robot i, and let p; = (4, ;)"
denote its planar position. For each neighbor j, we define

P; —P:

dij = lpj —pill, Ty ==, &= (costpy,singy) " .
ij

The repulsion, orientation, and attraction terms are then

rp=— Y By, o= Y &, a= Yy By,
JeN, JEN; JeN; (5)
dij<Trep Trep <dij <Tori Tori <dij <Tatt

here 7rep, Tori, and 7,4¢¢ denote the radii of the repulsion, orientation, and attrac-
tion zones, respectively. The controller uses the standard priority order: repul-
sion, then orientation and attraction [4,16]. If at least one neighbor lies inside
the zone of repulsion, the desired social direction is determined by r;. Other-
wise, the robot combines the orientation and attraction terms d$°“*! = o; + a;.
This direction-only Couzin controller is our baseline. It computes a desired so-
cial heading, while speed changes arise passively from wind-dependent sailing
dynamics rather than active speed matching or luffing (loss of sail drive when
too close to the wind).

Speed-weighted social influence. The baseline controller assigns equal in-
fluence to all neighbors within the same interaction zone. In wind-driven robot
flocks, this ignores the fact that robots may differ in their instantaneous locomo-
tor capacity. A robot on a favorable point of sail may move and respond quickly,
while an unfavorable apparent wind angle, a no-go constraint, or a tacking ma-
neuver may slow another. We introduce a speed-weighted variant in which a
neighbor’s influence depends on their current speed. This information could be
communicated between autonomous sailboats. For considered robot ¢ and each
of its neighboring robots j € N;, we define a regularized inverse-power law

1

W,y —= —————
Y (v e

(6)
where v; > 0 is the current speed of neighbor j, € is a small regularization
constant, and + is the speed-weighting exponent. The exponent ~ is important
as it defines the slow-fast behavioral axis of our novel flocking algorithm. For
positive v, the rule gives larger weights to smaller v;, whereas for negative «y this
preference is reversed. The offset € > 0 removes the pole at v; = 0, so the weight-
ing remains finite over the admissible domain. We have several qualitatively dif-
ferent options: v < 0 gives greater influence to faster neighbors, v = 0 recovers
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uniform social weighting (Vi,j € N; : w;; = 1), and v > 0 gives greater influence
to slower neighbors. Importantly, v = 0 does not remove wind-dependent speed
variation from the robots; it only removes explicit speed-dependent social weight-
ing. Here, v changes the social weighting of neighbors rather than acting as a
direct throttle command. The ~-sweep, therefore, changes the social weighting of
neighbors, while the luffing layer provides the corresponding speed-equalization
mechanism. The uniform Couzin baseline does not actively luff for speed match-
ing; consequently, comparisons against this baseline measure the combined effect
of speed-aware social weighting and sail-based speed modulation.

The weighted orientation and attraction terms are

ry = - E Tij s Oyi = E Wij €5, 8y, = E Wij Tij
JEN; JEN; JEN;

dij<Trep Trep <dij <Tori Tori <dij <Tatt

(7)

The corresponding social vector is d.,; = 0,,; + a,,;. The purpose of Eq. (6)

is not to set the stage to find a universally optimal flocking controller, but to

expose a slow-fast tradeoff. If fast or wind-favored robots dominate the social

direction, the flock may stretch or fragment as slower robots fall behind. If slow

robots dominate too strongly, the group may remain compact but lose directional

alignment. Sweeping ~ therefore allows us to test where the useful regime lies
between cohesion, collision reduction, and polarization.

Speed Equalization by Sail Luffing. Our speed-weighted approach changes
the desired collective heading but is agnostic to speed modulation. A robot
on a favorable beam reach may move faster than a robot sailing close-hauled
or stalled near the no-go zone, because sailboat speed depends on the point
of sail. To reduce this heading-induced speed dispersion, our speed-weighted
controllers include a simple sail-luffing layer that depowers fast boats toward
the neighborhood speed. We represent sail trim by 7; € [0, 1], where 7; = 1 is
fully powered and 7; = 0 is fully eased. Luffing is asymmetric: it can reduce the
available sail force but cannot increase it beyond the wind. The depower factor

’ 1-(18’860>2(1—Ti), (8)

where f3; is the apparent-wind angle ( 0° is dead downwind and 180° is head-to-
wind). Hence, easing the sail is constrained downwind (3; = 180°) but strongly
reduces lift-driven propulsion near head-to-wind (45° < 8; < 180°).

Safety and boundary handling. The repulsion term is not speed-weighted:
local collision avoidance should not depend on whether a neighbor is fast or
slow. If a neighbor enters the repulsion zone, the controller prioritizes separation
using Eq. (5). Although SailSwarmSwIM can accommodate COLREGs-based
vessel right-of-way rules (international collision-avoidance rules for vessels at
sea) for maritime encounters [17], we use a lightweight hard-repulsion layer here
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Table 1: Default simulation and controller parameters.

param. value meaning param. value meaning

N 10 number of robots Qng 45° no-go half-angle
Ly 35m arena half-size Trep 4m repulsion radius
dnear 1.0m unsafe proximity threshold 7o 10m orientation radius
¥ [-2,10] speed-weighting exponent Tatt 18 m attraction radius
kp 0.4 luffing proportional gain

to keep the focus on flocking under wind-driven locomotor constraints. Candi-
date headings that would immediately violate the safety distance are rejected in
favor of the nearest feasible alternative. A safety-threshold violation is recorded
whenever any pair of boats comes within dg. = 1.5m. This metric captures
repeated close encounters and provides a conservative proxy for safety.

4 Experimental Design and Statistical Analysis

All experiments use a square surface arena with half-size Ly, = 35 m, so that robot
positions lie in z,y € [—Ly, Ly,]. For flocking, we use a toroidal interpretation of
positions when computing neighbor relationships and flock metrics, as in classical
flocking studies. This avoids artificial fragmentation or any wall effects when a
coherent flock crosses an arena boundary, while the sailing dynamics and wind
field are still evaluated in the square domain.

For each run, a swarm of N robots is initialized by sampling positions uni-
formly at random inside a central disk of radius Ry, with headings sampled uni-
formly from [—m, 7). Unless otherwise stated, we use N = 10 robots and repeat
each controller—environment configuration over 50 random seeds. The simulator
advances with a time step of At = 1s up to a horizon of T' = 300s. Metrics are
logged at each step, but statistical comparisons are performed on time-median
over ¢ € [100, 300] s per seed rather than on tick-level samples.

Controller and environment sweep. We compare the baseline Couzin-type
flocking controller against our speed-weighted controller from Sec. 3. The speed-
weighted controller uses € = 0.1 and sweeps 7y over both negative and positive
values. Negative v values correspond to fast-neighbor following; v = 0 does not
fully recover the Couzin baseline because we do luffing, and positive v values
correspond to slow-neighbor anchoring. We sweep v over 25 values v € [—2, 10,
with denser sampling near the exponent sign change at v = 0 to resolve the
transition between fast-neighbor following, uniform Couzin weighting, and slow-
neighbor anchoring. We evaluate each controller under four wind conditions:
5m/s steady wind, 10m/s steady wind, 5m/s wind with gusts, and 10m/s wind
with gusts. All experiments reported here use calm-water conditions, so the
observed differences arise from wind-driven locomotor constraints rather than
wave-induced drift.
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Metrics. We evaluate three quantities: flock compactness, alignment, and
safety. Flock compactness is measured by the convex-hull area Ap(t) of the
robot positions. Lower area indicates a more compact flock. Alignment is mea-

sured by the polarization &(t) = HN’1 Zivzl éi(t)H, where @ =~ 1 indicates
aligned headings and @ = 0 indicates disordered headings (under a maximum
entropy assumption). This definition is consistent with the literature [3,4,16].

Safety is measured by the cumulative number of unsafe proximity events recorded
during the analysis window.

Statistical analysis. For each independent simulation run, we ignore a tran-
sient phase (¢ € [0,100)), and compute one steady-state summary over the inter-
val t € [100, 300] s. For flock area and polarization, we use the median value over
this interval. For unsafe proximity events, we use the cumulative count. This
produces one value per metric and simulation run.

Each speed-weighted setting is compared against the baseline Couzin con-
troller using seed-matched paired differences A, s = M, s — Myase,s, Where M,
is the metric value for tested exponent v and seed s, and My,ge,s is the corre-
sponding baseline value for the same seed and environment. For flock area and
unsafe proximity events, negative A, ; indicates improvement (smaller metric
values are better). For polarization, positive A, ; indicates improvement (higher
alignment is better).

Because collision counts are discrete and skewed, and because the paired dif-
ferences for some metrics show tail deviations from normality, we use Wilcoxon
signed-rank tests for pairwise comparisons against the baseline. For each metric
and environment, p-values are corrected across all tested ~y values using Holm cor-
rection. We report a change as a significant improvement only if Holm-corrected
p < 0.05 and the median paired difference is in the improvement direction.

5 Results

We report the results for alignment and safety for the two 10 m/s-wind settings
based on our sweep of the speed-weighting exponent v (Eq. 6) over 25 values v €
[—2,10], see Fig. 1. Statistical significance and improvements over the baseline
are given in Fig. 2 and Table 2. Supplementary results are available online.%

Intermediate Speed Weighting Improves Flocking Performance. The
exponent vy parameterizes a continuous social-influence axis: v < 0 gives faster
neighbors greater authority over heading (fast-neighbor following) and ~ > 0
anchors social influence toward slower neighbors. Alignment exhibits a clear
inverted-U shape, with a central region above our Couzin model baseline. Safety
also shows clear improvements over the baseline with a relatively complex system
behavior for v > 1. Within a narrow band v € [-0.1,0.3] every cell of the

S https://praked.github.io/publications/SailSwarmSim-SAB2026
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Fig. 1: Per-seed steady-state distributions for alignment and safety in the 5m/s
environments. Each box summarizes one value per seed over t € [100,300]s
across 50 runs. Higher polarization indicates stronger alignment; lower cumu-
lative unsafe proximity events indicate safer flocking. Formal comparisons use
paired seed-level summaries against the uniform Couzin baseline.

4 x 3 (env, metric) grid registers a significant improvement over the baseline,
without any significant degradations. Outside this band, the picture deteriorates
asymmetrically. Strong fast-neighbor following (v < —1.5) significantly stretches
the flock and reduces polarization in the 10 m/s environments: at y = —2, median
flock area increases by +121.6 and +136.9m? under steady and gusty 10m/s
wind respectively, and polarization drops between 0.04 to 0.07. Strong slow-
neighbor anchoring (v > 1) preserves or improves cohesion but progressively
erodes alignment, culminating at v = 10 with a polarization loss of —0.09 and
an area increase of +194.7 m? under steady 10 m/s wind. The two failure modes
are visible as opposite limbs of Fig. 2.

A Robust Compromise across Cohesion, Safety, and Alignment. Within
the central v €[—0.1,0.3] plateau for safety, small positive exponents v provide
significant gains in both safety and also cohesion as seen in Table 2 for the
representative case v = 0.01. All twelve cells reach significance, with paired ef-
fect sizes |d.| € [0.49,0.99]. The convex flock area shrinks by 45.6 to 106.2m?,
corresponding to a 15 to 29% reduction relative to the baseline median (272
to 376 m?). Cumulative unsafe proximity events drop by between 13.6 and 24.7
events, which is a 22 to 32% reduction relative to the baseline. Polarization rises
modestly by 0.028 to 0.080. The improvement is largest in the highest-energy
environment (10 m/s with gusts), where the baseline controller is most stressed:
d,=—0.98 for area.

We identify two mechanisms that plausibly account for the joint improvement
in cohesion—safety. First, increased weighting of slower neighbors pulls the flock’s
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Fig. 2: Effect of speed-weighting on alignment and safety in the 10 m/s environ-
ments. Each panel shows the median paired difference relative to the uniform
Couzin baseline over 50 seed-matched runs; error bars show the interquartile
range. Positive A® indicates improved alignment, while negative AC' indicates
fewer unsafe proximity events.

Table 2: Effect of the slow-anchoring setting v = 0.01 relative to the baseline
(paired differences, 50 seed-matched runs; brackets show Cohen’s d,). Negative
values improve area and unsafe proximity events; positive values improve polar-
ization. Asterisks denote significance (* p < 0.05; **p < 1073; ***p < 1079).

Environment y AAnan [mz] AP AC

5m/s, steady 0.01 —61.4 [~0.72] +0.080°" [+0.99] —16.9°" [~0.73]

10m/s, steady 0.01 —93.8°** [~0.93] +0.035" [+0.49] —24.7** [—0.64]

5m/s, gusts  0.01  —45.6"[—0.52] +0.052" [+0.53] —13.6"** [—0.68]
= [ ] =

10m/s, gusts 0.01 —106.2*** [—0.98] +0.028"* [+0.60] —22.2*** [-0.75]

centroid toward stalled or windward robots. Hence, we do not observe long-tail
stretching following uniform alignment in gusty wind. Second, by reducing the
relative speeds between leaders and trailers, slow-neighbor anchoring lowers the
approach speed and the rate at which the unsafe proximity layer is triggered.

In summary, we find v = 0.01 as a robust default, but not as a per-metric
optimum. Within the plateau, per-metric optima occur at different points across
the sweep: in the 10m/s environments, area is minimized near v~ 1 and un-
safe proximity events near v = 10, but those same settings significantly reduce
polarization. Choosing v = 0.01 sacrifices the last few percent of per-metric im-
provement in exchange for simultaneous gains on all three metrics in all four
environments, with no significant degradation in any cell.
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Fig. 3: Alignment—safety tradeoff across wind conditions. Markers are v settings
as a median paired effect relative to the uniform Couzin baseline. The favorable
region is lower right: higher polarization and fewer unsafe proximity events.

Over-Anchoring Reveals an Alignment Tradeoff. Pushing v beyond the
plateau exposes a sharp alignment tradeoff. For v > 1 in the 10m/s environ-
ments, alignment drops significantly relative to baseline. Under steady wind,
AP decreases from —0.018 at v = 1 to —0.088 at v = 10, with qualitatively the
same monotone degradation under gusts. Cohesion continues to improve over
this range (AAp. remains negative until v = 10, at which point it reverses
to +194.7m? under steady 10m/s wind). This can be seen as over-anchoring:
an overly strong influence of slow robots preserves cohesion but degrades align-
ment. In Fig. 3, we show this tradeoff by plotting changes in polarization against
changes in unsafe proximity events. The desirable region is the lower-right quad-
rant (increased polarization increases, reduced unsafe proximity). Across envi-
ronments, small positive v settings occupy this region.

6 Conclusion

We studied flocking in wind-driven robot swarms where social interaction rules
are filtered through sailing-specific locomotor constraints. Because no-go zones,
tacking, and local wind conditions make some robots temporarily faster or more
constrained than others, flocking becomes a slow-fast coordination problem. We
introduced a speed-weighted Couzin controller in which v < 0 implements fast-
neighbor following and v > 0 implements slow-neighbor anchoring. Across four
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wind conditions, moderate slow-neighbor anchoring improved compactness, in-
creased safety, and preserved or improved polarization. Stronger anchoring re-
vealed an alignment tradeoff. Future work should extend this analysis to het-
erogeneous fleets, explicit energy costs, wave and current disturbances, and field
experiments with physical sailing robots.
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