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Abstract
Autonomous unmanned aerial vehicle (UAV) swarms must coordinate asset protection, threat interception, and collision
avoidance even when electronic warfare degrades inter-agent communication. This paper presents Role-Partitioned Swarm
Intelligence (RPSI) and its Soccer Field Swarm Formation (SFSF) implementation, which organise agents into Defender,
Mid੡elder, and Forward roles for asset shielding, interception and relay, and outer-layer engagement. The proposed archi-
tecture combines rigid-body dynamics on SE(3), Covariance Intersection (CI) for distributed estimation, role-conditioned
arti੡cial potential ੡elds, a decentralised High-Order Control Barrier Function (HO-CBF) quadratic-program safety ੡l-
ter, and a communication-health-triggered resilience mode that freezes role assignments and continues with local sensing.
A dwell-time-constrained switched-system analysis is provided under stated feasibility and bounded-switching assump-
tions. In the PX4-based Software-in-the-Loop (SITL) evaluation, RPSI-SFSF achieved 92.7% asset-protection e੠ective-
ness (APE) under nominal communication, compared with 86.1% for distributed model predictive control, and 79.8%
versus 57.6% under the C5 condition with 0% packet availability. In the 120-run reduced-order packet-drop experiment,
RPSI exceeded the homogeneous controller by 8.75, 3.75, and 23.75 percentage points at 100%, 50%, and 0% target-state
update packet delivery, respectively. Across-run standard deviations ranged from 10.26 to 20.32 points, and some runs at
100% and 50% delivery fell below the 5.0 m design threshold.
Keywords: UAV swarms; swarm intelligence; role-partitioned coordination; distributed control; electronic warfare re-
silience; control barrier functions; distributed estimation; software-in-the-loop

1. Introduction

1.1 Motivation
Coordinated swarms of unmanned aerial vehicles (UAVs) have progressed from a theoretical construct to a practical tech-
nology used in surveillance, search and rescue, disaster response, environmental monitoring, infrastructure inspection, and
coordinated defence. Relative to single-platform systems, swarms o੠er redundancy, scalability, distributed sensing, and
fault tolerance. Realising these bene੡ts, however, requires solving a multi-objective coordination problem involving for-
mation maintenance, collision avoidance, target tracking, resource allocation, communication management, and mission
execution under environmental uncertainty.
The di੣culty is compounded in contested electromagnetic environments. Electronic warfare (EW) systems degrade or
deny communication through jamming, spoo੡ng, packet erasure, and network fragmentation. Coordination architectures
that assume persistent connectivity, particularly consensus-based schemes that require repeated state exchange to maintain
convergence, experience accumulating estimation error and degraded coordination as link quality deteriorates. Centralised
architectures additionally expose single points of failure.

1.2 Limitations of homogeneous coordination
A structural assumption shared by most existing swarm-control paradigms is functional homogeneity: all agents execute
identical coordination policies while pursuing multiple mission objectives simultaneously. Each agent must therefore
balance asset protection, threat interception, formation maintenance, relaying, and engagement within a single controller.
As mission complexity grows, this produces three problems:

1. Resource-allocation con׶ict. Simultaneously active objective gradients can interfere; Section 3.4 formalises this as
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objective interference and shows that removing con੢icting pairs cannot decrease e੣ciency under a common action
budget.

2. Spatial ine׷ciency. Agents pursuing a common blended objective tend to cluster or distribute sub-optimally across
defensive, transitional, and o੠ensive regions of the battlespace.

3. Connectivity dependence. Homogeneous distributed methods typically rely on frequent state exchange; when com-
munication is denied, every agent’s policy degrades because every policy depends on shared state.

This paper addresses the question: can mission eцectiveness be improved by structurally partitioning a swarm into spe-
cialised functional groups rather than coordinating all agents as a homogeneous collective?

1.3 Contribution: Role-Partitioned Swarm Intelligence
We answer this question a੣rmatively, with quali੡cations established by experiment, through Role-Partitioned Swarm In-
telligence (RPSI). RPSI treats functional specialisation as a primary organisational principle governing swarm structure,
communication patterns, and decision-making, rather than as a secondary task-allocation mechanism. Its concrete imple-
mentation, the Soccer Field Swarm Formation (SFSF) framework, partitions the swarm into three role classes inspired by
the layered organisation of association football:

• Defenders protect high-value assets through asset-centred potentials and screening points located on the asset–threat
segment;

• Mid׵elders intercept threats and relay information, optimising interception, relay, and support objectives while bridg-
ing the defensive and o੠ensive layers;

• Forwards project the mission outward, engaging threats under HO-CBF safety constraints.

This partition decomposes a high-dimensional multi-objective coordination problem into coupled lower-dimensional sub-
problems, one per role class. Enabling technologies include geometric rigid-body modelling on SE(3), CI-based distributed
estimation that preserves consistency under unknown cross-correlations and intermittent connectivity, a decentralised HO-
CBF quadratic-program safety ੡lter, and a communication-aware autonomy mode for continued operation under degraded
links.

1.4 Positioning against related role-heterogeneous work
Role and hierarchy in UAV swarms are not new in the abstract. Leader–follower architectures assign di੠erentiated roles
implicitly, and hierarchical heterogeneous schemes have been explored for formation control using distributed model predic-
tive control with leader/coordinator/follower roles [42], for LLM-driven role-adaptive navigation [43], for role-decoupled
reinforcement learning in aerial combat [44], and for cluster-head/member hierarchies in spectrum-monitoring swarms [45].
The present work di੠ers in what the roles are and how they are enforced: SFSF roles are spatially layered (inner defen-
sive shell, transitional mid੡eld zone, outer engagement perimeter) with role-conditioned potential functions derived from
screening geometry, integrated within a single uni੡ed architecture with CI estimation, HO-CBF safety ੡ltering, dwell-
time-constrained reassignment, and EW-aware degraded-mode operation. The contribution is a structural integration
and formalisation of role-partitioned organisation for EW resilience, rather than the introduction of role di੠erentiation
itself.

1.5 Contributions and roadmap
The contributions are:

1. The RPSI paradigm: role-partitioned coordination formalised as an organisational principle, with a communication-
cost and resource-allocation analysis (Section 3).

2. The SFSF framework: a three-layer role architecture with suitability-score assignment, quota constraints, and dwell-
time-constrained transitions (Section 4).

3. A communication-resilient distributed estimation architecture based on CI fusion with a consistency guarantee (Section
6).

4. A decentralised HO-CBF safety ੡lter integrated with role-conditioned potential control, with forward invariance of the
safe set (Section 7).

5. A switched-system stability analysis establishing practical stability under average dwell-time role transitions (Section
8).

6. An extensive SITL evaluation with comparative baselines, ੡ve graded EW scenarios, scalability to N = 100, a 500-trial
safety evaluation, and six ablations (Section 9), complemented by a reduced-order sensitivity study (Section 9.5).

Section 2 reviews related work; Section 10 discusses the results; Section 11 presents the limitations; Section 12 concludes.
Proofs are in Appendix A.
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2. Related Work

2.1 Consensus, leader–follower, and virtual structures
Consensus-based coordination [1–4] is distributed and scalable but requires persistent communication to preserve con-
vergence, and typically treats agents as functionally equivalent. Leader–follower and virtual-structure methods [10,11]
provide structure at the cost of leader vulnerability, since leader loss or link failure degrades the whole swarm, a critical
weakness under EW. These observations motivate resilience mechanisms that do not depend on critical nodes.

2.2 Bio-inspired, optimisation-based, and learning-based coordination
Bio-inspired methods (Boids [6], PSO [8], ACO [9]) generate complex behaviour from simple rules but generally lack
formal safety and convergence guarantees. Distributed optimisation and model predictive control [32,33] handle constraints
explicitly but carry computational and communication burdens that grow with swarm size and depend on reliable state
exchange. Multi-agent reinforcement learning [34,35] adapts behaviour through experience but typically lacks certi੡ed
safety, and training demands substantial resources. Recent role-heterogeneous learning frameworks [43–45] demonstrate
that role di੠erentiation improves performance and reduces communication, corroborating the RPSI hypothesis from a
learning-based direction; RPSI pursues the same structural hypothesis with analytically tractable control, estimation, and
safety components.

2.3 Communication resilience and EW-aware coordination
Recent work addresses jamming detection and avoidance [38], topology and power optimisation under jamming [39], game-
theoretic relay selection under communication and navigation jamming [40], and MARL-based anti-jamming channel and
power management [41]. These studies optimise network-level decisions and do not reorganise mission-level responsi-
bilities; relay selection and cluster-head policies provide functional di੠erentiation but not the layered spatial–functional
partition examined here. Communication impairment has also been studied in formation trajectory planning with explicit
delay modelling [46]. The present work is complementary: robustness is achieved partly through estimation and control
mechanisms and partly through the role decomposition itself.

2.4 Research gap
Existing work supports the following research-gap statement: existing swarm architectures either (i) assume functional
homogeneity and therefore force every agent to reconcile competing objectives, (ii) di੠erentiate roles without a spatially
layered mission organisation integrated with consistent distributed estimation and certi੡ed safety ੡ltering, or (iii) address
communication degradation at the network layer without reorganising mission responsibilities. The literature reviewed
here does not identify prior work that uni੡es role-partitioned spatial organisation, CI-based consistent estimation, HO-
CBF safety ੡ltering, and EW-aware degraded-mode autonomy in a single evaluated framework.

3. Role-Partitioned Swarm Intelligence: Formal Foundations

3.1 Definitions
Let the swarm consist of 𝑁 agents with index set ෭ = {1, … , 𝑁}.
De׵nition 1 (Role partition). A role partition is a mapping Π(ԣ) ∶ ෭ → ෯, where ෯ = {ӹ, Ԃ, ӻ} is the role
set. At every time ԣ, the swarm is partitioned into pairwise-disjoint subsets with ෭ե(ԣ) ∪ ෭ծ(ԣ) ∪ ෭է (ԣ) = ෭ and|෭ե| + |෭ծ | + |෭է | = 𝑁 . Agents in di੠erent subsets are governed by distinct objective functions and policies.

3.2 Objective decomposition
Let Γ denote the global mission objective. A homogeneous architecture minimises a weighted sum of all objective terms
with a common policy for every agent. Under RPSI the global objective is decomposed into role-conditioned objectivesΓ = ∑֍∈ร ӿ֍, where ӿե governs asset protection, ӿծ interception and support, and ӿէ o੠ensive engagement. This
transforms one high-dimensional problem into coupled lower-dimensional problems solved locally within each role class.

3.3 Communication-cost analysis
Counting dense exchanges within each role and between the Mid੡elder layer and the other layers gives the proxyӸճ = 𝑁2ե + 𝑁2ծ + 𝑁2է + 𝑁ծ(𝑁ե + 𝑁է ).
Proposition 1 (communication-cost bound). Under balanced roles, 𝑁ե = 𝑁ծ = 𝑁է = 𝑁/3, giving Ӹճ = 5𝑁2/9,
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compared with leading-order homogeneous cost Ӹթ ∼ 𝑁2, a 44.4% constant-factor reduction in the dense-link model. If
each agent instead has a maximum degree Δ independent of 𝑁 , then Ӹճ ≤ Δ𝑁 = Ԅ(𝑁), and Ӹճ/Ӹթ → 0. The proof
is given in Appendix A.

3.4 Resource-allocation efficiency
Let Ӷ be a ੡xed total action budget over a common horizon. De੡ne objective interference as the weighted sum of positive-
part alignments over simultaneously active objective-gradient pairs, Ӿչ = ∑֌∈ฤՃ Ԧ֌[− ̂Ԗ⊤֌,1 ̂Ԗ֌,2]+, and e੠ective actionsӺչ = Ӷ − ᅴӾչ, with ᅴ > 0 and e੣ciency ᅱչ = Ӻչ/Ӷ.
Proposition 2 (resource-allocation e׷ciency). With a common action budget and horizon, if RPSI activates a subset of
the objective pairs used by the homogeneous controller for every agent, then ᅱճ ≥ ᅱթ . The proof is given in Appendix A.

3.5 Role transition dynamics
Role transitions are governed by a switching operator subject to a minimum dwell time ᅽե > 0, preventing excessive
switching and supporting the stability analysis in Section 8.

4. The Soccer Field Swarm Formation Framework

4.1 Architecture
Consider a defended region containing protected assets Ωassets = {Ԗ1, … , Ԗլ} and detected adversarial entities Ωadv(ԣ) ={ℎ1, … , ℎծ}. SFSF organises agents into three concentric zones: an inner Defender layer (asset shielding, perimeter main-
tenance, last-line interception, gap minimisation), an intermediate Mid੡elder layer (threat interception, formation support,
information propagation, dynamic reinforcement), and an outer Forward layer (threat neutralisation, early engagement,
forward reconnaissance).
Figure 1 illustrates the spatial organisation of the three role layers.

Figure 1. Conceptual SFSF spatial organisation. Defenders occupy the inner protection layer, Mid੡elders the intermediate
interception and relay layer, and Forwards the outer engagement layer.
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4.2 Role assignment
For each agent Ԙ and candidate role ԡ ∈ {ӹ, Ԃ, ӻ}, the suitability score combines normalised energy, threat-related
suitability, positional, and sensing features:Ӹ(֍)ք (ԣ) = Ԧ(֍)զ ̃Ӻք(ԣ) + Ԧ(֍)յ ̃ԉ (֍)ք (ԣ) + Ԧ(֍)ձ ̃ԅ (֍)ք (ԣ) + Ԧ(֍)մ ̃Ԉ(֍)ք (ԣ).
The weights satisfy Ԧ(֍)ֆ ≥ 0 and ∑ֆ Ԧ(֍)ֆ = 1. Features are mapped to [0, 1] using prede੡ned bounds, and the weights
are held ੡xed during evaluation. Assignment uses binary variables ԧք֍ ∈ {0, 1}, where ԧք֍ = 1 indicates assignment
of agent Ԙ to role ԡ, with ∑֍ ԧք֍ = 1 and per-role quotas 𝑁min֍ = ⌈ᅻmin֍ 𝑁⌉ ≤ ∑ք ԧք֍ ≤ ⌊ᅻmax֍ 𝑁⌋ = 𝑁max֍ , with a
feasible quota con੡guration satisfying ∑֍ ᅻmin֍ ≤ 1 ≤ ∑֍ ᅻmax֍ . The feasible role assignment with the highest aggregate
suitability is selected. A dwell-time lock holds the previous role assignment, ԧք,֍Վ(֏−)(ԣ) = 1, while ԣ − ԣlastք < ᅽե.

4.3 Role objectives ӿե = ӿasset + ӿcoverage + ӿintercept,ӿծ = ӿsupport + ӿrelay + ӿintercept,ӿէ = ӿattack + ӿrecon + ӿprojection.
4.4 Communication architecture
Three levels operate hierarchically: intra-role, inter-role (Mid੡elder-mediated), and a degraded mode. When the local
communication-health score falls below a threshold (ᅶք(ԣ) < ᅶcrit), the agent transitions to autonomous resilience oper-
ation: the role assignment is frozen and target tracking continues on local sensing alone, providing graceful degradation
rather than mission failure.
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Figure 2. Overview of the RPSI-SFSF coordination and resilience architecture. Communication-health assessment selects CI-assisted
fusion or local-only resilience operation; role-conditioned control is passed through an HO-CBF quadratic-program safety ੡lter before

actuation. The dashed arrow represents feedback to the next sensing and estimation cycle.

5. System Dynamics on SE(3) and Role-Conditioned Control

5.1 Rigid-body dynamics
To avoid Euler-angle singularities, each agent’s state is ᅹք = (ԟք, ԥք, ԇք, Ωք) ∈ ԈӺ(3) with ԟք ∈ ℝ3, ԥք ∈ ℝ3, ԇք ∈ԈԄ(3), Ωք ∈ ℝ3. Translational dynamics:Ԝք ̇ԥք = ԜքԖԔ3 − ԕքԇքԔ3 − ӹᇁԥք + Ԥք,
where Ԝք is mass, ԕք collective thrust, Ԗ gravitational acceleration, ӹᇁ translational drag, and Ԥք the swarm-level control
input. Rotational dynamics: ԇ̇ք = ԇքΩ×ք , ӿքΩ̇ք = Ԃք − Ωք × (ӿքΩք) − ӹΩΩք,
with ӿք denoting inertia, Ԃք the moment input, ӹΩ rotational damping, and Ω×ք the skew-symmetric map. SE(3) provides
a globally valid representation; remaining limitations (modelling error and unmodelled aerodynamics) are discussed in
Section 11.

5.2 Role-conditioned control laws
The swarm-level input decomposes as Ԥք = Ԥroleք + Ԥsafeք + Ԥtrackք withԤroleք = −∇֋ՎΦ֍ք − ӹվԥք, ԡ ∈ {ӹ, Ԃ, ӻ},
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Here, ӹվ is positive-de੡nite damping and Φ֍ք is the role potential. Target assignment is the nearest currently estimated
adversarial target, ԙ֍ք = arg minօ ‖ԟք − ̂ԟօ‖, with ԡ ∈ {Ԃ, ӻ} and ties broken by index. For Defenders, with assigned
asset Ԗֆ∗ and nearest-to-asset threat ԙեք , the screening point isԠեք = Ԗֆ∗ + ᅻե( ̂ԟօԯՎ − Ԗֆ∗), 0 < ᅻե < 1,
lying on the asset–threat segment.
Defender potential. Φեք = ᅫ12 ‖ԟք − Ԡեք ‖2 + ᅫ2 ∑ℓ∈มԯ∖{ք} 1‖ԟք − ԟℓ‖ᇌ1+ ᅫ3 ∑ֆ 1‖ԟք − Ԗֆ‖ᇌ2 .
Mid׵elder potential. Φծք = ᅬ12 ‖ԟք − ̂ԟօԸՎ ‖2 + ᅬ22 ∑ց∈ℱՎ(֏) ‖ԟք − ԟց‖2+ ᅬ3 ∑ֆ 1‖ԟք − Ԗֆ‖ᇌ3 .
with ℱք(ԣ) denoting the set of Forwards supported by Mid੡elder Ԙ.
Forward potential. Φէք = ᅷ12 ‖ԟք − ̂ԟօԱՎ ‖2 + ᅷ2 ∑ℓ∈มԱ ∖{ք} 1‖ԟք − ԟℓ‖ᇌ4+ ᅷ3 ∑ֆ 1‖ԟք − Ԗֆ‖ᇌ5 .
The quadratic target-attraction term directs Forwards towards the currently estimated target. Gains ᅫ, ᅬ, ᅷ ≥ 0 are strictly
positive on active terms; exponents ᅸ > 0 set repulsion steepness; all are ੡xed per experiment. The HO-CBF ੡lter of
Section 7 independently enforces inter-agent safety when it modi੡es the nominal control.

6. Communication-Resilient Distributed Estimation

6.1 Local estimation
Each target h has state ԧℎ = [ԟ⊤ℎ , ԥ⊤ℎ ]⊤ with dynamics ̇ԧℎ = Ӷԧℎ + Ԧℎ, Ԧℎ ∼ ෭(0, Ԇℎ) [23,25]. Each UAV runs a
prediction–correction ੡lter from local observations ԩֆ:̂ԧֆ|ֆ−1 = Ӷ ̂ԧֆ−1|ֆ−1, ԅֆ|ֆ−1 = Ӷԅֆ−1|ֆ−1Ӷ⊤ + Ԇ,Ԁֆ = ԅֆ|ֆ−1ӽ⊤(ӽԅֆ|ֆ−1ӽ⊤ + ԇ)−1,̂ԧֆ|ֆ = ̂ԧֆ|ֆ−1 + Ԁֆ(ԩֆ − ӽ ̂ԧֆ|ֆ−1), ԅֆ|ֆ = (Ӿ − Ԁֆӽ)ԅֆ|ֆ−1.
6.2 Covariance Intersection fusion
To eliminate information loops and double counting in cyclic networks, estimates are fused in information form [18–20]:ԎCI = ᆂԎք + (1 − ᆂ)Ԏօ, ԨCI = ᆂԨք + (1 − ᆂ)Ԩօ,
with Ԏք = ԅ −1ք and Ԩք = Ԏք ̂ԧք; recovery via ԅCI = Ԏ −1

CI and ̂ԧCI = ԅCIԨCI.
Theorem 1 (CI consistency). If ԅք and ԅօ are consistent covariances for two agents observing the same target, ԅCI is
conservative and consistent for all ᆂ ∈ [0, 1] [18–20].
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6.3 EW attenuation and mode toggling
Jamming is represented through packet reception probability ԅrx = (1 − ӿ(ԣ)) exp(−ᅫԓքօ), with ӿ(ԣ) ∈ [0, 1]. The
local communication-health score is ᅶք(ԣ) = ∑օ Ԧքօԅrx. If ᅶք(ԣ) < ᅶcrit, the agent enters autonomous resilience mode
(Section 4.4), freezes its role assignment, and continues tracking with locally available estimates.

7. Safety-Critical Control via High-Order Control Barrier Functions

7.1 Safe set
Let ԇsafe > 0 be the minimum allowable inter-agent distance. The safe set is ෢ = {ԧ ∶ ℎքօ(ԧ) ≥ 0, ∀Ԙ ≠ ԙ}, with the
relative-degree-two barrier ℎքօ(ԧ) = ‖ԟք − ԟօ‖2 − ԇ2

safe.
Di੠erentiating twice exposes the acceleration-level control dependence:ℎ̇քօ = 2(ԟք − ԟօ)⊤(ԥք − ԥօ),ℎ̈քօ = 2‖ԥք − ԥօ‖2 + 2(ԟք − ԟօ)⊤( ̇ԥք − ̇ԥօ).
7.2 Decentralised QP safety filter

De੡ning ᆁքօ = ℎ̇քօ + ᅫ1ℎքօ and imposing ̇ᆁքօ + ᅫ2ᆁքօ ≥ 0 yields the per-agent quadratic program [27]

min֐Վ 12‖Ԥք − Ԥnomք ‖2
s.t. ӶcbfԤք ≤ ԑcbf.

If the QP is infeasible, a fallback applies maximum damping deceleration Ԥք = −ӹmaxԥք to dissipate kinetic energy
rapidly.
Theorem 2 (forward invariance). Consider the swarm dynamics with the HO-CBF constraints above. If the QP remains
feasible at every update and all agents apply the resulting inputs, the safe set ෢ is forward invariant [24,26].

8. Stability of the Switched Role-Partitioned Swarm
Closed-loop dynamics are modelled as a switched system ̇ԧ = ԕᇐ(֏)(ԧ), where σ(t) tracks the active role con੡guration
[30,31]. For a ੡xed con੡guration, the energy-based candidateԋ (ԧ) = 12 ∑ք ԥ⊤ք ԥք + ∑ք Φ֍Վ(ԟք).
satis੡es ̇ԋ = − ∑ք ԥ⊤ք ӹվԥք ≤ 0, so ੡xed role con੡gurations are stable; under standard LaSalle arguments the swarm
converges to stationary points of the role potentials [28,29]. Role switches introduce a bounded potential shift |ԋ +−ԋ −| ≤Δԋ . Limiting the switching frequency by an average dwell-time condition 𝑁ᇐ(ԉ ) ≤ 𝑁0 +ԉ /ᅽե ensures that continuous
energy dissipation dominates discrete switching-induced gains [31].
Theorem 3 (stability of RPSI). Consider the RPSI swarm with role-conditioned potentials, positive-de੡nite damping,
average dwell-time switching, and feasible HO-CBF constraints. Under the assumptions detailed in Appendix A, the
closed-loop trajectories converge to a neighbourhood of the equilibrium set.

9. Experimental Evaluation

9.1 Platform and protocol
The primary evaluation uses a Software-in-the-Loop (SITL) platform coupling PX4 autopilot instances to a 6-DoF rigid-
body engine at 240 Hz [36,37], with communication, sensing, and EW models. It comprises ੡ve graded communication-
health scenarios (Table 1), comparative baselines under nominal conditions (Table 2), scalability tests to N = 100 (Table
3), EW degradation sweeps (Table 4), a 500-trial safety evaluation (Table 5), six ablations (Table 6), and onboard timing
(Table 7). Section 9.5 presents a separate reduced-order packet-drop experiment.
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Table 1. Communication-health degradation scenarios.
Scenario Packet availability Description

C1 100% Nominal operation, complete link availability
C2 75% Light interference and packet loss
C3 50% Moderate adversarial jamming, fragmentation
C4 25% Severe EW disruption
C5 0% Complete communication denial

Metrics. Asset-Protection E੠ectiveness (APE) is the mean composite mission score formed from the fraction of threats
neutralised and the fraction of assets kept uncompromised. Mission Success Rate (MSR) is the percentage of trials in
which all threats are neutralised with no asset compromise. Estimation error is the mean target-position error of the fused
estimate. The nominal inter-agent protection distance is ԇsafe = 5.0 m. The reduced-order APE analogue uses equal
weights for threat neutralisation and asset protection.

9.2 Comparative performance under nominal communication (N = 50)
Table 2. Mean ± std over trials.
Method APE (%) MSR (%) Collisions Est. error (m)

B1 Consensus control 71.4 ± 2.9 68.1 ± 3.4 11.2 ± 2.1 5.84 ± 0.71
B2 Leader–follower 74.9 ± 2.7 72.6 ± 3.1 9.5 ± 1.9 5.27 ± 0.66
B3 APF swarm 78.8 ± 2.4 76.1 ± 2.8 8.1 ± 1.6 4.92 ± 0.62
B4 APF + CBF 82.3 ± 2.1 80.7 ± 2.5 0.0 ± 0.0 4.66 ± 0.59
B5 Distributed MPC 86.1 ± 1.8 84.9 ± 2.1 0.0 ± 0.0 4.11 ± 0.53
RPSI-SFSF
(proposed)

92.7 ± 1.4 91.2 ± 1.7 0.0 ± 0.0 3.24 ± 0.41

Under nominal communication, RPSI-SFSF has the highest APE (92.7 ± 1.4%) and mission success rate (MSR; 91.2 ±
1.7%) among the compared methods. Relative to distributed MPC, the di੠erences are +6.6 percentage points in APE
and +6.3 points in MSR. Fused target-position error is 3.24 ± 0.41 m for RPSI-SFSF and 4.11 ± 0.53 m for distributed
MPC. RPSI-SFSF, APF + CBF, and distributed MPC each report zero collisions in this table, whereas the three methods
without a certi੡ed safety ੡lter report nonzero collision counts. These results show higher mean APE and MSR, and lower
target-position error, for RPSI-SFSF than for the listed baselines under the tested nominal conditions.

Figure 3. Nominal SITL APE comparison (Table 2). Bars show mean values and error bars show standard deviations.
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9.3 Scalability and EW degradation
Table 3. Scalability (APE / MSR / comm. load / latency).

N APE (%) MSR (%) Load (kbps/UAV) Latency (ms)

10 95.4 94.8 26.1 14.2
25 94.1 93.0 32.7 17.6
50 92.7 91.2 39.3 22.8
75 91.8 89.6 44.5 28.4
100 90.9 88.7 49.8 33.1

Across N = 10 to N = 100, APE decreases from 95.4% to 90.9% (4.5 percentage points), while MSR decreases from 94.8%
to 88.7% (6.1 points). Communication load per UAV rises from 26.1 to 49.8 kbps, and latency rises from 14.2 to 33.1 ms.
Under the dense-link assumption, the analytical communication cost remains quadratic; lower asymptotic growth requires
a bounded-degree topology.
Table 4. APE (%) under EW degradation.

Packets Consensus APF+CBF Dist. MPC RPSI-SFSF

100% (C1) 71.4 82.3 86.1 92.7
75% (C2) 67.9 80.5 84.3 91.1
50% (C3) 60.8 75.6 79.4 88.5
25% (C4) 49.7 66.2 71.8 84.2
0% (C5) 33.4 51.1 57.6 79.8

At C5, RPSI-SFSF achieves an APE of 79.8%, compared with 57.6% for distributed MPC, a di੠erence of 22.2 percentage
points (38.5% relative to the distributed-MPC value). Across C1 to C5, RPSI-SFSF decreases by 12.9 APE points (92.7%
to 79.8%), whereas distributed MPC decreases by 28.5 points (86.1% to 57.6%). Figure 4 compares the trend across all ੡ve
communication-health settings. RPSI-SFSF exhibits a smaller APE decline than distributed MPC across these simulated
settings.

Figure 4. SITL APE across the ੡ve communication-health settings in Table 4.

9.4 Safety, ablations, and computation
Table 5. Safety evaluation (500 trials).
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Metric Value

Total inter-agent collisions 0
Near-miss events 3
Minimum recorded separation 5.37 m
Required protection distance R_safe 5.0 m
HO-CBF ੡lter activation frequency 4.8%

Across the 500 SITL safety trials, the evaluation records zero inter-agent collisions, three near-miss events, a minimum
separation of 5.37 m, and HO-CBF activation in 4.8% of control updates. The minimum observed separation is 0.37 m
above the 5.0 m design criterion. The nominal role potentials maintained separation in most sampled updates, and the
safety ੡lter intervened when its constraints required correction.
Table 6. Ablations (nominal conditions).

Variant APE (%) MSR (%)

A1 Full framework 92.7 91.2
A2 Without role partitioning 83.6 81.9
A3 Without CI fusion 88.1 86.7
A4 Without HO-CBF ੡lter 91.5 90.3
A5 Without comm-aware autonomy 85.8 83.4
A6 Without dynamic reassignment 87.6 85.2

Figure 5 compares each one-component ablation with the full framework. Removing role partitioning reduces APE by 9.1
percentage points, and removing communication-aware autonomy reduces it by 6.9 points. Removing dynamic reassign-
ment and CI fusion reduces APE by 5.1 and 4.6 points, respectively. Removing the HO-CBF ੡lter changes nominal APE
by −1.2 points; APE captures mission e੠ectiveness, while the ੡lter enforces the separation constraints.

Figure 5. Nominal APE in the full framework and ੡ve component ablations (Table 6).

Table 7. Onboard computation.
Module Mean time (ms)

Role assignment 1.4
CI fusion 2.1
HO-CBF QP 4.3
Communication loop 1.0
Total control cycle 8.8
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The module means sum to 8.8 ms (1.4 + 2.1 + 4.3 + 1.0 ms), below the 10 ms period associated with a 100 Hz update
rate.

9.5 Reduced-order packet-drop evaluation
A 2D point-mass simulation evaluates the sensitivity of role partitioning to target-state update packet loss and compares
inter-agent separation under both controllers. The model uses 𝑁 = 12 agents, four moving threats, two protected assets,
and 50 s of simulated time at a 0.1 s step. For each controller and packet-delivery probability ԟpacket ∈ {1.0, 0.5, 0.0},
20 seed-paired runs were completed, giving 120 controller runs. Paired controller runs use the same initial conditions,
packet-delivery draws, observation-noise draws, and exogenous threat disturbances.
Each agent begins with a noisy target estimate. At every subsequent step, each agent-target update packet is delivered
with independent Bernoulli probability ԟpacket. A received packet refreshes the estimate using the current target position
plus Gaussian observation noise; a dropped packet leaves the last received estimate unchanged. Thus, 50% represents
intermittent update delivery and 0% represents no subsequent target-state update packets during a run. This abstraction
isolates the e੠ects of stale target estimates; it does not model radio-frequency propagation, multi-hop routing, or speci੡c
jamming waveforms.

Figure 6. Reduced-order APE analogue as a function of target-state update packet-delivery probability. Error bars show one standard
deviation across 20 runs per controller and setting.

Table 8. Reduced-order packet-drop results (20 runs per controller and setting).

Packet delivery Controller
APE mean ± SD

(%)
Minimum

separation (m) Runs below 5.0 m Runs below 4.5 m

100% RPSI 66.25 ± 20.32 5.00 0/20 0/20
100% Homogeneous 57.50 ± 14.28 4.81 2/20 0/20
50% RPSI 60.00 ± 12.57 4.92 4/20 0/20
50% Homogeneous 56.25 ± 11.11 4.45 5/20 1/20

0% RPSI 31.25 ± 18.80 5.00 0/20 0/20
0% Homogeneous 7.50 ± 10.26 5.00 0/20 0/20
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Mission-e״ectiveness results. RPSI exceeds the homogeneous controller’s mean APE by 8.75 percentage points at 100%
packet delivery, 3.75 points at 50%, and 23.75 points at 0%. The largest di੠erence occurs when no target-state update
packets arrive after initialization. The APE metric is quantised by the small numbers of threats and assets in this model,
and across-run standard deviations range from 10.26 to 20.32 points. The observed di੠erence therefore varies with packet
availability and scenario outcome; the greatest gap in this experiment occurs under the zero-update condition.
Separation results. The minimum separation across all runs is 4.45 m. In the 100% packet-delivery setting, two
homogeneous-controller runs fell below the 5.0 m design threshold, while no RPSI runs did. At 50% delivery, the
threshold was crossed in four RPSI runs and ੡ve homogeneous-controller runs; one homogeneous run fell below 4.5 m.
Neither controller crossed 5.0 m in the 0% setting. The reduced-order model uses velocity-level pairwise projection and
positional correction for separation, while the primary SITL architecture uses the HO-CBF quadratic program described
in Section 7.
The reduced-order experiment evaluates the e੠ect of explicit target-state packet drops in a controlled paired-seed com-
parison. The ੡ndings show a larger role-partitioning advantage under the zero-update condition than under 50% delivery,
while the separation results identify conditions that merit further safety tuning.

10. Discussion
Across the primary SITL scenarios, RPSI-SFSF achieves higher APE than the listed baselines, including a 22.2-percentage-
point advantage over distributed MPC in the C5 setting. The ablations show the largest APE reductions when role partition-
ing and communication-aware autonomy are removed. In the reduced-order experiment with explicit target-state packet
drops, RPSI exceeds the homogeneous controller by 8.75, 3.75, and 23.75 percentage points at 100%, 50%, and 0% packet
delivery, respectively. Separation outcomes also depend on controller and delivery setting: some 100% and 50% runs fall
below the 5.0 m design threshold. Together, the results indicate that role partitioning can improve mission e੠ectiveness in
the evaluated scenarios, with the magnitude depending on target-update availability and threat–asset geometry.
Comparison with the recent role-heterogeneous literature is informative. Learning-based role di੠erentiation [43–45]
achieves analogous communication reductions through training, whereas RPSI achieves them through structure, retaining
interpretable potentials, consistency guarantees, and a certi੡ed safety ੡lter at the cost of requiring hand-designed role ob-
jectives. Hierarchical DMPC with heterogeneous roles [42] shares the structural hypothesis but does not integrate CI-based
EW-resilient estimation or HO-CBF safety in the same framework. The two approaches are complementary candidates for
hybrid learning-augmented role adaptation (Section 12).

11. Limitations
1. Simulation-only evidence. All primary results are SITL. Wind, aerodynamic perturbation, sensor delay, non-Gaussian

noise, and real RF propagation are not modelled; Section 9.5 adds a reduced-order study, not physical validation.
2. Communication model. The primary SITL EW model uses stochastic packet availability and exponential distance

attenuation; the reduced-order experiment explicitly drops target-state update packets. Neither model reproduces RF
propagation, correlated jamming bursts, spoo੡ng, or adaptive adversaries.

3. Conditional advantage. The magnitude of the reduced-order mission-level advantage varies with packet delivery; the
primary SITL scenario set does not systematically vary asset exposure or threat pressure.

4. Quadratic communication growth. Proposition 1 is a constant-factor result; sub-quadratic scaling requires bounded-
degree topologies not evaluated here.

5. QP feasibility. Theorem 2 assumes feasibility; the fallback deceleration mitigates but does not certify behaviour in
dense encounters.

6. Parameter sensitivity. Role weights, potential gains, and dwell time were ੡xed per experiment; a systematic sensitivity
analysis is future work.

7. Metric de׵nitions and reproducibility. APE and MSR are composite constructs; the reduced-order APE analogue is
de੡ned separately in Section 9.5. The primary SITL materials are available upon reasonable request.
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12. Conclusions and Future Work
This paper presents Role-Partitioned Swarm Intelligence and its Soccer Field Swarm Formation implementation, com-
bining role-conditioned objectives, Covariance Intersection-based estimation, an HO-CBF safety ੡lter, and dwell-time-
constrained role transitions. In the primary PX4 SITL evaluation, RPSI-SFSF reaches 92.7% APE under nominal commu-
nication compared with 86.1% for distributed MPC, and 79.8% compared with 57.6% in the C5 condition. In the 120-run
reduced-order packet-drop experiment, mean APE is higher for RPSI by 8.75, 3.75, and 23.75 percentage points at 100%,
50%, and 0% target-state update delivery. The same experiment records a minimum separation of 4.45 m, with some 100%
and 50% delivery runs falling below the 5.0 m design threshold. Future work will extend the evaluation to hardware-in-the-
loop and ੢ight experiments, examine richer adversarial communication models, and systematically vary asset exposure,
threat pressure, and network topology.
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Appendix A. Proofs
Proof of Proposition 1 (communication-cost bound). With balanced roles, 𝑁ե = 𝑁ծ = 𝑁է = 𝑁/3 and Ӹճ =3(𝑁/3)2 + (𝑁/3)(2𝑁/3) = 5𝑁2/9. The fully connected homogeneous baseline has 𝑁(𝑁 − 1) links, so its leading-
order communication cost is Ӹթ ∼ 𝑁2. Thus, limկ→∞ Ӹճ/Ӹթ = 5/9 < 1 and (Ӹթ − Ӹճ)/Ӹթ → 4/9. If every
intra-role and inter-role link set has maximum degree Δ independent of 𝑁 , then each agent sends at most Δ messages per
cycle, yielding Ӹճ ≤ Δ𝑁 = Ԅ(𝑁) and Ӹճ/Ӹթ → 0. □
Proof of Proposition 2 (resource-allocation e׷ciency). Each pairwise interference term is nonnegative because the
weights and positive-part operator are nonnegative. The RPSI interference sum covers a subset of the homogeneous pairs,
so Ӿճ ≤ Ӿթ . With common action budget Ӷ, ᅱճ − ᅱթ = ᅴ(Ӿթ − Ӿճ)/Ӷ ≥ 0. □
Proof of Theorem 3. Between switches, ̇ԋ ≤ 0, and LaSalle’s invariance principle gives convergence to the largest
invariant subset of {ԥք = 0} within the active role con੡guration, i.e., critical points of ∑ք Φ֍Վ(ԟք). At a switch, ԋ
increases by at most Δԋ ; under the average dwell-time bound 𝑁ᇐ(ԉ ) ≤ 𝑁0 + ԉ /ᅽե, the total injected energy over[0, ԉ ] is bounded by Δԋ (𝑁0 +ԉ /ᅽե). Choosing ᅽե su੣ciently large for dissipation between switches to dominate these
injections yields bounded energy and convergence to a neighbourhood of the equilibrium set, whose size shrinks with Δԋ
and 1/ᅽե. Feasible HO-CBF constraints preserve the safe set ෢ by Theorem 2. □
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