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A METHOD FOR RATIONAL ROLE ALLOCATION IN A 

COMPUTER-VISION-ENABLED SWARM OF UNMANNED 

AERIAL VEHICLES UNDER RESOURCE CONSTRAINTS 

О. Бабілунга, Д. Дмитренко, О. Андріянов. Метод раціонального розподілу ролей у рої безпілотних літальних апаратів із 
комп’ютерним зором з урахуванням обмежених ресурсів. Розподіл ролей у рої БПЛА з бортовим комп’ютерним зором 
ускладнюється тим, що «важкі» алгоритми сприйняття споживають енергію, займають обчислювальний ресурс і підвищують 
вимоги до радіоканалу. Для малорозмірних платформ це напряму пов’язано з обмеженнями розміру, маси та потужності (SWaP) і, 
як наслідок, зі скороченням часу польоту. Більшість практичних евристик вибирає виконавців ролей за геометрією або поточним 
зарядом і тому не враховує взаємозв’язок між енергетикою, обчисленнями та зв’язністю. У роботі запропоновано децентралізовану 
процедуру призначення ролей (Scout, Mapper, Relay, Worker), у якій кожен апарат формує ставку з урахуванням прогнозованих 
витрат на пропульсію, обчислення, сенсори та передачу даних, а також ризику зростання багатострибкової відстані до базової 
станції. Призначення виконується аукціонною процедурою з локальним узгодженням переможців між сусідніми агентами. 
Запроваджено правила допустимості, що відсікають призначення ролей при недостатньому запасі батареї або дефіциті 
обчислювального бюджету, і штраф за перемикання ролей для зменшення осциляцій. Метод перевірено у відтворюваній симуляції 
на ПК для роїв із 20 і 50 апаратів у межах області 1000×1000 м за обмеженого радіуса зв’язку та гетерогенних обчислювальних 
можливостей; оцінювалися SR, Time, CR, Conn і Sw. У складнішому сценарії (N=20) запропонований підхід забезпечує завершення 
місії (SR=1.00), тоді як геометрична евристика та статичний розподіл не досягають порогу (SR=0). Порівняно з SoC‑евристикою 
метод зменшує Sw приблизно у 7–8 разів за збереження 100% успішності та прийнятної зв’язності з базою. Запропонована модель 
вартості може бути використана в системах керування роєм і надалі розширена на сценарії колективного сприйняття, коли частина 
апаратів виконує обчислювально важку обробку зору. 

Ключові слова: ройова робототехніка, розподіл ролей, безпілотні літальні апарати, комп’ютерний зір, енергоменеджмент, 
обчислювальні обмеження, зв’язність мережі, децентралізована координація, моделювання, симуляційний експеримент 

O. Babilunga, D. Dmytrenko, О. Andriianov. A Method for Rational Role Allocation in a Computer-Vision-Enabled Swarm of 
Unmanned Aerial Vehicles Under Resource Constraints. Role allocation in unmanned aerial vehicle swarms equipped with onboard 
vision is constrained not only by geometry but also by size, weight and power limits typical for small platforms. Vision pipelines increase 
energy draw, occupy the onboard compute budget and raise the demand on the wireless link. Heuristics that assign roles solely from distance 
or state of charge often overlook this coupling and may trigger unnecessary re-assignments. We propose a decentralized auction-based role 
allocation scheme (Scout, Mapper, Relay, Worker) where each vehicle computes a bid from (i) predicted energy cost for propulsion, sensing, 
computation and radio, and (ii) the risk of increasing the multi-hop distance to a base station. Feasibility checks prevent assigning vision-
heavy roles to agents with insufficient battery reserve or compute capacity, and a switching penalty reduces oscillations. The approach is 
evaluated in a reproducible PC simulation (1000×1000 m area, limited communication range and heterogeneous computing capabilities) with 
swarms of 20 and 50 UAVs. We report mission success rate, completion time, mission progress, average base connectivity and the number of 
role switches. In the more challenging N=20 case the proposed method completes the mission (SR=1.00) while the distance-based and static 
baselines fail (SR=0). Compared with the battery-only heuristic, it preserves the same success rate but reduces role switching by about 7–8 
while maintaining acceptable connectivity. For N=50 all methods succeed, yet the proposed approach keeps the number of switches at 
310±52 versus 2386±320 for the battery-only baseline. The cost model can be integrated into swarm management systems and extended to 
collaborative perception, where a subset of vehicles performs vision-heavy processing and shares compact results under progressive battery 
depletion. 

Keywords: swarm robotics, role allocation, unmanned aerial vehicles, computer vision, energy management, computational 
constraints, network connectivity, decentralized coordination, simulation, mission planning 

 
1. Introduction 
Unmanned aerial vehicles (UAVs) equipped with onboard computing modules (single-board 

computers, embedded GPUs, etc.) are increasingly used for computer-vision tasks: object detection 
and tracking, mapping, VIO/SLAM-based localization, and elements of collaborative perception. Inte-
grating such algorithms increases energy consumption and the load on the onboard computer, and also 
raises the requirements for the wireless link. For small platforms this directly manifests as size, weight 
and power (SWaP) constraints: additional mass and power draw reduce endurance and decrease the 
available control authority margin. 

In swarm systems these constraints interact with formation control, network connectivity mainte-
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nance, and the distribution of functions among agents. Surveys in swarm robotics and formation con-
trol emphasize that scaling a swarm is not possible without decentralized coordination and infor-
mation-exchange protocols [1, 2]. Role allocation enables specialization of subsets of vehicles: some 
perform scouting and data collection, others relay traffic and maintain the network, while others exe-
cute compute-intensive vision tasks. Common approaches include contract-net mechanisms, auction-
based methods, and consensus algorithms such as CBBA [3, 4]. 

This paper proposes a decentralized role allocation approach for a UAV swarm with onboard vi-
sion that simultaneously accounts for predicted energy costs, available computing resources, and the 
risk of degrading multi-hop connectivity to a base station. In practical terms, an agent’s bid is not re-
duced to “closer/farther” or “higher/lower SoC”; instead, it includes the expected costs of propulsion, 
data processing, sensing, and communication, as well as a penalty for frequent role switching. The 
novelty of the approach lies in combining these components within a single auction procedure together 
with feasibility rules that prevent assigning resource-intensive roles to energy- or compute-limited 
platforms. The workflow of the method is shown in Fig. 1. 
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Role assignment 
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Role → goals (planner) 
Formation control and 

security level 

 
Fig. 1. Workflow of role allocation considering energy, computation, and connectivity 

2. Literature review and problem statement 
Designing UAVs with onboard computers requires reconciling size-weight and energy con-

straints with the demands of vision algorithms. Energy consumption and power-supply selection for 
UAVs are actively discussed in the literature, particularly in the context of mission endurance and 
flight profiles [5]. At the same time, modern camera-based navigation and mapping systems 
(VIO/SLAM), such as VINS‑Mono and ORB‑SLAM2, demonstrate high accuracy but require stable 
computing performance and, in collective settings, efficient mechanisms for data exchange [6, 7]. A 
related direction is energy-efficient sensing and computing (e.g., event cameras), which can potentially 
reduce power demand [8]. 

For UAV swarms, key challenges include formation control, cooperative trajectory planning, and 
maintaining network connectivity during maneuvering. Survey works [1, 2] summarize distributed 
control and coordination approaches and highlight the role of communication topology. Role and task 
allocation in multi-robot systems is often implemented via market-based mechanisms and auctions, 
which ensure scalability but require a well-defined cost function [3, 4]. However, in many publications 
the role/task cost is dominated by geometric or temporal factors (distance, time-to-arrival), while the 
energy price of onboard computation and the risk of losing connectivity to the base station are ac-
counted for only indirectly or ignored. This gap defines the focus of the present study. 

Classical works on Multi-Robot Task Allocation (MRTA) provide formal taxonomies and criteria 
for comparing task-allocation algorithms, which is useful for a correct problem formulation in UAV 
swarms [9, 10]. For scenarios with dynamic communication constraints, extensions of CBBA have 
been proposed that consider time windows, resource costs, and changing network topology [11], as 
well as approaches that reduce inter-agent communication to accelerate convergence [12] and methods 
that explicitly account for limited bandwidth and collisions in a shared channel [13]. A review of task 
allocation methods specifically for UAV systems is given in [14]. Despite substantial progress, most 
works still lack an integrated treatment of three groups of constraints: (i) energy (SoC and cost predic-
tion), (ii) onboard computing (load from computer-vision pipelines), and (iii) connectivity require-
ments for delivering data to a base station. The proposed approach focuses on this integrated setting. 

Problem statement. Let the swarm consist of N agents. For the i-th agent, the state si(t) includes, 
in particular, the remaining battery charge SoCi(t), the effective performance of the onboard computer 
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Ci, and local information about neighbors in the network. The goal is to assign roles ri(t) ∈ {Scout, 
Mapper, Relay, Worker} so as to maximize mission progress under the following constraints:  

1) SoCi(t) does not drop below SoCmin given predicted expenditures;  
2) roles with vision load do not exceed the available compute budget;  
3) multi-hop connectivity to the base station is maintained to deliver data.  
The problem is complicated by the fact that energy cost and compute demand depend on the role, 

while communication topology changes as agents move. For quantitative evaluation, we use PC-based 
simulation; examples of UAV simulation environments include AirSim and RotorS [15, 16]. 

3. Aim and objectives 
The aim of this study is to develop a role allocation method for a UAV swarm with onboard vi-

sion computing that enables rational use of energy, computing, and communication resources. 
To achieve this aim, the following tasks are addressed: 
– define role profiles in terms of computing demand, traffic, and typical energy (SoC) consumption; 
– build a resource-aware role cost model (energy + computation + connectivity) and feasibility rules; 
– develop an auction-based role assignment procedure with a switching penalty; 
– define a simulation evaluation protocol and compare the proposed method with baseline heuristics. 
4. Materials and methods 
The proposed method treats role assignment as a local decision made by each agent based on its 

own state and messages from neighbors. Every Δt seconds, an agent checks role feasibility with re-
spect to battery reserve and compute budget, computes bids, and exchanges them with neighbors with-
in communication range. After local agreement on winners (given role quotas), assignments are acti-
vated for the next control interval, while a switching penalty reduces oscillations in role composition. 

4.1. Roles and resource profiles. Four roles are defined in the swarm: Scout, Mapper, Relay, and 
Worker. Each role is described by a profile of compute requirements, traffic demand, and typical rela-
tive state-of-charge consumption. The profiles used in this paper are listed in Table 1 (all values are 
given in relative units). 

Table 1 

Role profiles and resource requirements 

Role Main tasks Compute demand 
(rel.) Traffic (rel.) SoC drain, 1/s 

Scout object search/detection, vid-
eo data collection 1.5 1.0 0.0019 

Mapper SLAM/mapping, local map 
alignment 1.2 1.2 0.0016 

Relay packet relaying, 
connectivity maintenance 0.8 1.5 0.0012 

Worker tracking/coverage, auxiliary 
tasks 0.5 0.3 0.0010 

 
4.2. Connectivity and local network model. The communication structure is modeled as an undi-

rected graph G(t) = (V, E(t)), where vertices V correspond to agents and an edge (i, j) ∈ E(t) exists if 
the distance between agents does not exceed the communication range R. The base station B is con-
nected to agent i if d(i, B) ≤ R. An agent is considered connected to the base if there exists a path from 
i to B in the graph (multi-hop). The fraction of agents connected to the base is defined as CB(t) = 
NB(t)/N, where N_B(t) is the number of connected agents at time t. To assess network risk, we use the 
hop distance hi(t), i.e., the length of the shortest path from agent i to the base in G(t) (if no path exists, 
we set hi(t) = ∞). We deliberately use hop distance as a simple local metric: it can be obtained from 
neighbor messages without computationally expensive global network estimates. 

4.3. Energy model and cost prediction. The agent’s energy expenditure is decomposed into com-
ponents associated with flight (propulsion), computation, communication, and sensing. At the level of 
instantaneous power: 
 ,prop ,comp ,comm ,sens( ) ( ) ( ) ( ) ( ), , ,i i i i i i i iP t P t P r t P r t P r t= + + + . (1) 
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To check feasibility and compute bids, we estimate the energy “price” of a role over a horizon H. 
In the simplest case, we use a prediction of the average power for role r and obtain: 
 ,pred ( ), , ·( )i iE r t P r t H= . (2) 

4.4. Computing constraints and load. Because some roles (Scout, Mapper) execute vision algo-
rithms, we introduce the effective compute capability Ci of agent i and a relative role load C(r). The 
normalized compute utilization is defined as: 
 , (( /) )i iu r t С r C=  (3) 

4.5. Role feasibility rules. Before participating in the auction, an agent discards roles that cannot 
be executed given the minimum battery reserve and the available compute resources. For role r, the 
feasibility conditions are: 
 ,pred ,bat minSoC , / SoC ,   , 1( ) ( ) ( )i i i it E r t E u r t− ≥ ≤ . (4) 

4.6. Bid function and switching penalty. For each feasible role, the agent forms a bid bi(r,t), 
which is maximized in the auction procedure (5). In (5), Ui(r,t) is the role utility, Ēi(r,t) is the normal-
ized estimate of energy expenditure over horizon H, Ĺi(r,t) is the normalized estimate of the risk of 
degrading connectivity to the base station, and Ji,sw is the penalty for changing roles (to reduce assign-
ment oscillations). Normalization is introduced so that no term dominates solely due to its scale: 
Ēi(r,t)=Ei,pred(r,t)/(SoCi(t)−SoCmin+ε), Ĺi(r,t)=min(1, hi^pred(r,t)/hmax), where hi^pred is the predicted 
shortest-path length (in hops) from agent i to the base after one motion step in role r, h_max is a 
threshold (in our experiments hmax=6), and ε=10^−3. For brevity, the arguments (r,t) in the right-hand 
side of (5) are omitted. 
 ,·( ), · ·i i i i i i swb r t U Ē u Ĺ J= −α −β − γ − . (5) 

4.7. Auction-based role assignment. At each replanning step t, the agent computes bids for all 
feasible roles and sends to its neighbors messages of the form ⟨role, bid, agent identifier, timestamp⟩. 
Agreement is implemented as an iterative max-consensus procedure: for each role and its quota Kr, 
agents exchange the best known candidates over Lc communication rounds, after which a consistent 
winner list is formed. Conflicts are resolved by priority (higher bid; if equal, lower identifier). In our 
experiments we use Lc=5 (Table 2), which provides stable agreement within the local communication 
range.  

Table 2 

Simulation parameters 

Parameter Symbol Value 
Mission area size L 1000×1000 m 
Speed (simplified) v 5 m/s 

Energy prediction horizon H 20 s 
Consensus iterations Lc 5 

Agent compute resources (rel.) Ci 40%: 1.5; 60%: 1.0 
Simulation time T 600 s 
Replanning step Δt 5 s 

Initial state of charge SoCi(0) 1.0 
Mission progress threshold Mth 1000 a.u. 

Communication range R 180 m 
Minimum battery reserve SoCmin 0.10 

Number of agents N 20 and 50 
Role quotas (N=20) K Scout=2, Mapper=2, Relay=3 
Role quotas (N=50) K Scout=5, Mapper=5, Relay=7 

 
The penalty Ji,sw reduces frequent re-assignments and the associated overhead (communica-

tion/replanning) and decreases the risk of control instability. The overall role-consensus procedure is 
given as pseudocode in Algorithm 1 – Decentralized SWaP-aware role allocation (CBBA-like): 

Input: roles R with quotas K_r; weights w=(α,β,γ,η); prediction horizon H; threshold SoCmin; communication graph 
G(t). 

Output: role assignment ri(t) for each agent i. 
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For each replanning epoch t: 
1. (Evaluation) each agent i forms the set of feasible roles Fi(t) and bids bi(r,t) according to (5). 
2. (Initial bid) agent i ranks roles in descending order of bi and chooses the current proposal ri ← argmax_r bi(r,t). 
3. Repeat until convergence or maxiter: 
     3.1. (Exchange) send neighbors a message m_i=(i, ri, bi(ri), t). 
     3.2. (Local ranking) based on received {m_j}, build for each role r a candidate list and locally select winners 
W_r – the Kr best bids (ties are resolved by ID). 
     3.3. (Max-consensus) agree on Wr with neighbors; if Wr changes, continue iterations. 
     3.4. (Try alternatives) if agent i is not in Wri, remove ri from the local list and choose the next best role; if Fi(t) 
is empty, set ri ← Worker. 
4. After convergence, each agent adopts role ri(t) according to the agreed winner sets Wr. 

 
Simulation protocol and baselines. The evaluation is performed in an agent-based PC simulation 

over a time interval T=600 s with replanning every Δt=5 s. The motion and network models are de-
scribed in Sections 4.2…4.4, while the vision workload is parameterized (without running real infer-
ence) through the compute and bandwidth requirements in Table 1. For a fair comparison, all methods 
use the same feasibility rules (4) with respect to battery reserve and compute budget; the methods dif-
fer in the bidding/selection criterion and in the re-assignment mechanism. The mission completion 
threshold is set to Mth=1000 arbitrary units. The experiment parameters are given in Table 2. 

Mission progress model. Let nS(t) and nM(t) denote the number of agents with roles Scout and 
Mapper, respectively, that have a path to the base station (i.e., hi(t) ≤ hmax). The accumulated mission 
progress M(t) (arbitrary units) is updated discretely with step Δt according to: 
 ( ( )( ) ( ) · · · )( )S S M MM t t M t t w n t w n t+ ∆ = + ∆ + . (6) 

Initially, M(0)=0, and the mission is considered completed if M(t) ≥ Mth. 
The proposed approach is compared with three baseline methods: (1) “Distance” – role assign-

ment using a geometric heuristic with quotas (Scout – farthest from the base; Mapper – closest; Relay 
– intermediate distances); (2) “Battery level” – role assignment based solely on maximum SoC, with-
out explicit connectivity consideration and without a switching penalty; (3) “Static roles” – a fixed 
role distribution at the start, without replanning. The proposed method is denoted as “SWaP-aware”. 

5. Results and discussion 
5.1. Evaluation metrics. We use the following metrics: SR – share of successful runs (reaching 

the threshold M_th within time T); Time – mean completion time (s); CR – relative mission progress 
at the end of the simulation (M(T)/M_th); Conn – mean fraction of agents connected to the base 
(c_B(t)); Sw – total number of role switches in the swarm. Additionally, to characterize resource use 
we report: ΔSoC_avg – mean battery charge consumed per agent per run; SoC_min,end – minimum 
SoC among agents at completion; Viol – number of violations of feasibility rules (4); VisionHigh – 
share of Scout/Mapper assignments to agents with sufficient compute resources. Summary results are 
given in Tables 3 and 4, and an ablation study is reported in Table 5. 

Table 3 

Comparison of methods by main metrics (mean ± std over 12 runs) 

Method N SR Time, s CR Conn Sw 
SWaP-aware 20 1.00 443.8±22.4 1.00 0.92±0.03 115±18 

Distance 20 0.00 600.0 0.84 0.78±0.05 344±41 
Battery level 20 1.00 395.0±19.1 1.00 1.00±0.00 953±175 
Static roles 20 0.00 600.0 0.77 0.82±0.04 0 

SWaP-aware 50 1.00 182.1±14.7 1.00 0.87±0.04 310±52 
Distance 50 1.00 276.7±18.9 1.00 0.79±0.05 365±49 

Battery level 50 1.00 160.0±12.4 1.00 1.00±0.00 2386±320 
Static roles 50 1.00 275.8±16.4 1.00 0.83±0.04 0 

5.2. Quantitative comparison. Table 3 shows that for the N=20 swarm the static distribution and 
the “Distance” heuristic do not reach the threshold within time T (SR=0.00), whereas SWaP-aware and 
“Battery level” achieve SR=1.00. At the same time, SWaP-aware substantially reduces assignment 
oscillations: Sw=115±18 versus 953±175 for the SoC-only heuristic (about 8.3× fewer switches), 
while maintaining high mean connectivity (Conn=0.92±0.03). Table 4 shows that all methods satisfy 
the feasibility rules (Viol=0) and assign Scout/Mapper only to agents with sufficient compute re-
sources (VisionHigh=100%). From an energy perspective, the SoC-only heuristic predictably main-
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tains a higher minimum charge (SoC_min,end≈0.28), but at the cost of a much larger number of re-
assignments. 

Table 4 

Energy and computing metrics (mean ± std over 12 runs) 

Method N ΔSoCavg SoCmin,end Viol VisionHigh, % 
SWaP-aware 20 0.52±0.04 0.16±0.03 0 100 

Distance 20 0.71±0.05 0.10±0.00 0 100 
Battery level 20 0.47±0.06 0.28±0.04 0 100 
Static roles 20 0.70±0.04 0.10±0.00 0 100 

SWaP-aware 50 0.22±0.02 0.65±0.04 0 100 
Distance 50 0.33±0.03 0.48±0.06 0 100 

Battery level 50 0.19±0.03 0.72±0.03 0 100 
Static roles 50 0.33±0.03 0.47±0.05 0 100 

 
Table 5 

Ablation study of SWaP-aware (N=20; mean ± std over 12 runs) 

Variant SR Time, s CR Conn Sw 
Full (α,β,γ,η) 1.00 443.8±22.4 1.00 0.92±0.03 115±18 
No network 
term (γ=0) 0.75 548.0±34.6 0.93±0.05 0.80±0.06 138±25 

No switching 
penalty (η=0) 1.00 412.5±20.1 1.00 0.91±0.04 740±120 

 
For N=50 all methods reach the threshold (SR=1.00), yet differences appear in assignment stabil-

ity and network quality. The SoC-only heuristic achieves Conn≈1.00, but at the cost of a very large 
number of switches (Sw=2386±320). SWaP-aware reduces Sw to 310±52 (about 7.7× fewer switches) 
while preserving high connectivity (0.87±0.04). The ablation study (Table 5) shows that removing the 
network term (γ=0) degrades connectivity and success rate, while removing the switching penalty 
(η=0) causes a sharp increase in Sw. To illustrate the mission progress dynamics for N=20, Fig. 2 
shows a representative single run. 

Figure 2 shows a typical example (one run) of the mission progress dynamics for N=20. In this 
run, the adaptive methods “SWaP-aware” and “Battery level” reach the completion threshold Mth, 
while the “Distance” and “Static roles” baselines exhibit long plateaus due to episodes of degraded 
network connectivity. Aggregate (mean ± std over 12 runs) values of CR and Time are reported in Ta-
ble 3. Base-station connectivity for the same run is shown in Fig. 3. 

Figure 3 illustrates the influence of role assignment on maintaining connectivity to the base sta-
tion. In the shown run, “SWaP-aware” provides more stable connectivity compared to the “Distance” 
baseline, for which deeper and longer intervals of reduced connectivity are observed. This degrades 
data delivery to the base and slows down mission progress in Fig. 2. The number of role switches (Sw) 
is reported in Table 3. 

5.3. Discussion and limitations. The results indicate that for swarms with onboard computers it is 
important to jointly consider energy, computing load, and connectivity. The ablation study (Table 5) 
shows that the network term γĹ_i is critical for sparse-topology scenarios (N=20), while the switching 
penalty η limits oscillations without a noticeable loss in SR. Nevertheless, the study has several limita-
tions: (1) the vision profiles are parameterized and do not include real neural-network inference; (2) 
the communication and motion models are simplified and do not account for obstacles, varying 
throughput, or delays; (3) the evaluation is simulation-only, without hardware validation. Future work 
includes integration with AirSim/RotorS and experiments with real onboard computers and cameras. It 
is also worth noting that in the current configuration computing constraints do not become a bottle-
neck (Table 4: Viol=0; VisionHigh=100%), therefore their impact should be further evaluated in sce-
narios with stronger compute heterogeneity and possible throttling. 
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Fig. 2. Mission progress over time for N=20 (single run; threshold d = 1000) 
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Fig. 3. Base-station connectivity over time for N=20 (fraction of connected agents; same run as in Fig. 2) 

6. Conclusions 
In summary, this paper proposes a decentralized role allocation method for a computer-vision-

enabled UAV swarm that combines energy, computing, and network factors within a single assign-
ment procedure. The main results can be summarized as follows: 

– role profiles and a resource cost model covering propulsion, computation, sensing, and data 
transmission are formulated; 

– feasibility rules and a bid function with normalized penalties for energy, network risk, and role 
switching are proposed; 

– in simulation, the method achieves SR=1.00 for N=20 and N=50; in the more challenging N=20 
scenario it outperforms the geometric heuristic and the static distribution (SR=0), and compared with 
the SoC-only heuristic it substantially reduces role switching (115±18 vs. 953±175 for N=20 and 
310±52 vs. 2386±320 for N=50) while maintaining acceptable connectivity; 

– future steps are outlined: more realistic channel and delay models, integration with Air-
Sim/RotorS, and hardware experiments on onboard platforms. 
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