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Abstract—The paper proposes a dynamic ontological model for the semantic-predictive self-organization of an
unmanned aerial vehicle (UAV) swarm. A multi-layer ontological model of the UAV swarm is developed,
comprising a static core, a dynamic instance layer, an agent layer with local knowledge projections, and a
mechanism for semantic synchronization of agents to ensure knowledge consistency in a distributed multi-agent
system. A mathematical model is formulated to formalize the processes of knowledge alignment, scenario
forecasting, and optimal action selection. The organization of interactions between structural layers is
examined, providing knowledge exchange, adaptive role allocation, and support for collective agent behavior.
Experimental simulation conducted in the Gazebo environment for forest fire monitoring by a group of 12 UAVs
confirms the effectiveness of the proposed approach: semantic consistency reached 91%, the accuracy of critical
event prediction increased by 17-20%, and network load decreased by 83.4%. The developed model ensures
scalability, robustness to the loss of individual agents, and efficient execution of cooperative tasks, making it
suitable for the development of intelligent control systems for autonomous UAV swarms.

Keywords—Dynamic ontology, multi-agent system, UAV swarm, semantic-predictive self-organization,

agent coordination.
I. INTRODUCTION

The application of unmanned aerial vehicle
(UAV) swarms requires a high degree of autonomy
and the ability to adapt to dynamically changing
environmental conditions under resource constraints
[1], [2]. The transition from single-drone deployment
to complex swarm structures enables a significant
expansion of area coverage and enhances the overall
system resilience to the loss of individual elements
[3]. The adoption of the multi-agent systems (MAS)
paradigm facilitates decentralized decision-making:
each UAYV operates as an intelligent agent endowed
with its own computational resources and local agent
tasks aligned with the global mission objective [5],
[7], [11]. Such MAS-based organization eliminates
single points of failure and ensures flexibility in
mission execution even in the presence of hardware
failures or under conditions of intensive electronic
warfare interference [8].

Existing UAV swarm control architectures are
generally classified into three main types: centralized
(sensitive to communication delays and electronic
countermeasures) [2], decentralized (more robust to
communication loss but typically limited to locally
optimal solutions) [4], and hybrid MAS architectures
[5], [6], [11] that integrate strategic planning with the
capability for autonomous tactical actions at the local

level. One of the key challenges for MAS lies in
organizing interaction among swarm elements at the
semantic level and enabling agents to anticipate the
evolution of events [2], [13]. The use of dynamic
ontologies extends MAS functionality by ensuring
semantic consistency of operational data obtained
from swarm sensors regarding environmental
changes, as well as adaptive knowledge management
for effective alignment of information flows among
swarm agents [7], [9], [10], [13].

A dynamic (evolving) ontology is defined as an
ontological model capable of real-time adaptation
under the influence of data streams from UAV
swarm sensors, the emergence of new facts, or
changes in the domain, thereby maintaining
knowledge relevance without requiring complete
model reconstruction [12]. In multi-agent systems, a
dynamic ontology constitutes a distributed
ontological representation of knowledge, where each
agent operates on a local projection O(f) S O(),
while the global ontology O(r) evolves through
mechanisms of alignment, synchronization, and
consensus among agents.

Ontology-based modeling methods enable agents
to correctly interpret uncertain situations observed in
the external environment and to perform semantic
processing of data obtained from heterogeneous
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sources [4], [7], [9], [14]. This establishes the
necessary foundation for the functioning of collective
forecasting algorithms. The semantic representation
of operational data ensures effective interaction
among heterogeneous UAVs, regardless of the
specifics of their sensor systems [15], [16]. The
objective of this study is to develop and
experimentally validate the effectiveness of semantic-
predictive swarm self-organization, integrating
dynamic ontologies, semantic data alignment
procedures, and collective forecasting algorithms for
anticipating changes in situational dynamics.

II. PROBLEM STATEMENT

Under contemporary conditions, the deployment
of UAV groups increasingly involves the execution
of complex cooperative tasks in dynamic
environments characterized by incomplete and
uncertain information. In such settings, system
performance is primarily determined by each agent’s
ability to make autonomous decisions, flexibly
redistribute functions, and promptly respond to
changes occurring in the external environment.

In this context, the use of multi-agent systems
and ontological knowledge models becomes
particularly significant. These approaches enable the
formalization of domain concepts, the specification
of relationships among them, and the definition of
agent communication rules. The integration of the

ontological  approach  with  self-organization
mechanisms promotes knowledge consistency
within the system, supports the semantic

interpretation of events, and facilitates adaptive
coordination of UAV group actions.

Moreover, the operation of UAVs in complex
environments requires dynamic knowledge updating,
adaptive reassignment of agent roles, and forecasting
of event evolution. This necessitates the
development of a knowledge model capable of
ensuring interaction across different levels of
representation and maintaining consistency in the
semantic description of system states.

Thus, a relevant scientific challenge is the
development of a multi-layer ontological model of a
multi-agent system for UAV groups that integrates
dynamic knowledge representation, semantic
analysis mechanisms, and agent coordination. The
implementation of such an approach is intended to
enhance adaptability, knowledge consistency, and
the overall efficiency of collective task execution in
dynamic environments.

In addition to ensuring dynamic ontology updates
based on UAV sensor data, effective mission

execution requires forecasting the occurrence of
events and predicting the system’s agent responses
to these events, thereby supporting successful task
accomplishment and overall mission fulfillment.

III. PROPOSED METHOD

The ontological model integrates a static
ontology core, a dynamic instance layer, an agent-
layer knowledge projection, and a semantic
synchronization mechanism to ensure consistent,
adaptive, and decentralized swarm operation in
dynamic environments. Figure 1 illustrates the
proposed four-layer ontological model that
underpins the semantic-predictive self-organization
of a UAV swarm. It structures the interaction
between knowledge representation, agent reasoning,
and coordination mechanisms.

The first layer of the model is the static ontology
core, Ocor, Which serves as a declarative foundation:
it defines a system of interrelated concepts (a class
taxonomy), the relationships among them, and a set
of logical axioms. Integrated inference rules
(SWRL) automatically generate new knowledge; for
example, a spatial localization rule associates a task
with the operational zone of an agent, thereby
simplifying mission monitoring:

executes(a,f)Alocated in(a,z)—located in(z,z)).

The second layer is the dynamic instance layer
1(¥), which functions as the swarm’s operational
memory by capturing the current state of the
environment through concrete individuals (/nst),
variable telemetry attributes (Val), and dynamic
relations (Reljs):

1(t) = ( Inst, Val, Relps). (1)

Continuous updating via sensor streams, mission
events, and network updates ensures real-time
system responsiveness.

The third layer is the agent layer, which endows
each UAV with a local knowledge projection O(¢) to
construct its internal world model WM;. Using an
ontological reasoner, each agent selects an optimal
strategy 7;. Data exchange is performed exclusively
through structured messages rather than raw data,
thereby minimizing communication load and
enabling decentralized decision-making.

The fourth layer is semantic synchronization,
which is responsible for maintaining knowledge
consistency across the system. In particular, it
ensures the integrity and coherence of the dynamic
instance layer among all agents operating under
conditions of limited observability and asynchronous
data access. The semantic synchronization
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mechanism is implemented through four key
components: change propagation strategy, conflict
resolution, minimization of redundant network
traffic, and support for ontology model evolution.
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Fig. 1. Four-layer model of semantic-predictive self-
organization of a UAV swarm

The change propagation strategy is based on two
mechanisms:  Push, which involves active
dissemination during critical events (an agent
immediately notifies all spatially or tactically related
agents), and Pull, which enables on-demand data
requests initiated by agents.

Conflict resolution addresses inconsistencies
arising from concurrent updates of shared data
through three approaches: prioritization of the agent
with higher sensor accuracy, preference for the most
recent message, or group consensus for the most
critical decisions.

Minimization of redundant network traffic is
achieved by combining three update mechanisms.
Differentiated  update  frequency  determines
transmission priority: static data are transmitted once,
dynamic data at high frequency, and critical data
immediately. Delta updates involve transmitting only
state changes instead of complete datasets. Update
aggregation consolidates small messages into larger
packets to reduce communication overhead.

Ontology model evolution occurs when an agent
detects a phenomenon not represented in the existing
model. In such cases, the agent initiates a proposal

for a new class, which, after consistency
verification, is incorporated into the ontology core.
The semantic synchronization mechanism

ensures that all agents progressively achieve a
consistent understanding of the environment and is
based on the principle of eventual consistency:

Vagi € Ag(Ox (t + Af)E assertion), 2)

where agr denotes an agent of the multi-agent
system; Ot + Af) is the updated ontology (local
knowledge base) of the agent; and assertion is a
statement or fact that must be consistently
represented within the knowledge system.

Overall, the semantic synchronization mechanism
enables the swarm to attain a level of collective
intelligence, supporting proactive planning in
dynamic environments.

Formal description of the intelligent control
model for a UAV group is represented as a tuple:

M=(0(), Ag, ¥, @, II). 3)
Its foundation is a dynamic ontology:
O(t) = OCor U I(t); (4)

where Oc,r = (C, R, F, Ax) denotes the invariant core
comprising the hierarchy of concepts C, relations
among them R, attribute sets F, and the axiomatics
Ax, while I(f) serves as the operational memory
populated with up-to-date  observations  of
individuals.

Through the axioms Ax, the system maintains
knowledge consistency and is capable of
autonomously inferring latent facts from the current
system state, thereby establishing a logical
foundation for collective interaction.

The multi-agent layer Ag = {ag; | i =
consists of autonomous agents:

agi=(O(0), WM m, Comy.  (4)

Each UAV operates on a local ontology Oi(%),
which is a context-dependent projection of global
knowledge, significantly reducing computational
costs. Based on O(f), an internal world model WM, is
constructed, and a behavioral strategy m:WM; X
PS—4 is implemented, mapping the current state of
the space PS to an action a € A. The communication
module Com; enables the exchange of semantic
constructs rather than raw data streams, which is
essential for aligning knowledge models within the
group.

The semantic alignment function ¥ is responsible
for maintaining consensus within the collective by

l..n}
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minimizing discrepancies through the maximization
of the pairwise similarity metric S; for neighboring
nodes:

206G O] ean

OEE0

This mechanism ensures the convergence of local
representations ~ while  accounting for the
geographical distance d; and the degree of overlap
between conceptual spaces C. As a result, the swarm
gains robustness to communication delays, and
agents learn to filter informational noise from distant
sources.

The cognitive function @ implements the
transition from representing the current state to
predicting future events:

DO, E®) = {(Vsm, wn)}, (6)

where Vs, denotes a set of virtual scenarios and w,
represents their corresponding probabilistic weights.
Using logical inference mechanisms, the system
constructs probabilistic models of event evolution
(e.g., “a sudden wind gust leads to a risk of
trajectory deviation”). The weight w, of each
scenario is determined as the product of the
statistical reliability of the involved rules and their
relevance to the current environmental context £(f).

S (1) )

The final selection of the optimal action a* is
performed by maximizing expected utility under

time constraints:
T
1. (7

Here, U(a, Vsn.) denotes the utility of an action
within a given predicted scenario, while the factor
(1-T/Tmax) introduces a  “delay  penalty”,
encouraging agents to select faster decisions. Thus,
the described cycle endows the swarm with the
ability to adapt to environmental dynamics while
preserving the coherence of collective behavior.

IV. RESULTS

acA

a" =argmax ZL w, -U(a,Vsm)-(l—

The experimental validation of the proposed
architecture was conducted in the Gazebo simulation
environment [17] using a forest fire monitoring
scenario over an area of 1.5 km?. A group of 12
unmanned aerial vehicles (UAVs) employed an
ontological model comprising 53 concepts and 136
relationships. The obtained results were compared
with a baseline multi-agent system lacking
ontological support, in which information exchange
was performed at a fixed frequency of 2 Hz. Figure 2
presents the dynamics of semantic synchronization
among agents and a comparison of active UAV
swarm self-organization with semantic-predictive
synchronization (green) and without it (red).
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Fig. 2. Mission task execution with and without semantic synchronization of agents
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The application of the proposed approach increased
the level of semantic consistency within the group
from 78% to 91%, whereas in the baseline scenario this
indicator decreased to 56% due to the accumulation of
discrepancies in environmental perception. The
statistical significance of the results (p < 0.01
according to Student’s #-test) confirms that semantic
knowledge updating effectively prevents degradation
of the world model under dynamic conditions.

The effectiveness of the proposed ontological
model was further evaluated in terms of its ability to
predict event evolution in a dynamic environment.
For this purpose, a series of experiments was

conducted simulating key changes characteristic of
forest fire development, including shifts in fire
spread direction, the emergence of new ignition
points, and variations in fire intensity within the
frontal zone. The results of prediction accuracy
analysis for these events are presented in Fig. 3.

Prediction generation was performed using
logical inference based on rules defined in the
SWRL language. The use of these rules enables
integrated analysis of sensor data, incorporation of
historical information, and consideration of spatial
relationships among objects represented in the
ontological model.
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Fig. 3. Prediction accuracy for three types of events in fire dynamics

Figure 3  illustrates  simulation results
demonstrating the effectiveness of inter-agent
synchronization and semantic-predictive UAV self-
organization in fire monitoring and localization
tasks. The analysis covers three key types of
changes: fire spread direction, emergence of new
ignition points, and fire intensity in the frontal zone.

The highest prediction accuracy (84%) was
achieved for the event “change in fire spread
direction”. This can be attributed to the fact that
direction estimation is directly based on measurable
physical parameters (wind speed and direction),
which are continuously updated in the ontology via
high-frequency  sensor inputs. The lowest
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performance was observed for the event “emergence
of new ignition points” (73% versus 62%), due to
the stochastic nature of ignition processes caused by
non-deterministic factors (e.g., sparks, localized
flare-ups). The proposed approach provides a stable
improvement of 17.2% owing to the ontology’s
ability to accumulate and analyze spatiotemporal
patterns of prior events.

The prediction accuracy for the event “change in
fire intensity” reached 79%, driven by stable
correlations between vegetation type, moisture level,
and combustion intensity. These dependencies are
explicitly represented within the ontological
taxonomy. Table I summarizes the comparative
performance results of the proposed and baseline
approaches.

TABLE 1. SUMMARY COMPARISON OF APPROACH PERFORMANCE
Metric Proposed Approach Baseline Approach Improvement / Reduction
Semantic consistency 0.91% £ 0.01 0.56% £ 0.07 +62.5%
Event prediction accuracy 73-84% 62-71% +17-20%
Total network traffic 473 MB 284.6 MB —83.4%

Scalability analysis over a range of 6 to 24 UAVs
demonstrated that the time required to reach
consensus grows sublinearly, not exceeding 14.3 s
for the largest group. Under these conditions, task
success rates remain consistently high, indicating the
absence of bottlenecks in the ontological model as
the number of agents increases.

The introduction of delta compression and
differentiated knowledge update mechanisms
reduced network load by 83.4%. The decrease in
peak traffic to 124.8 kbit/s makes the proposed
architecture particularly suitable for deployment in
bandwidth-constrained tactical networks, ensuring
system survivability even under conditions of
intensive electronic countermeasures.

V. CONCLUSIONS

The proposed semantic-predictive architecture
for UAV swarm self-organization integrates multi-
agent control with dynamic ontologies that serve as
the cognitive layer of the system. The scientific
novelty of the approach lies in shifting the focus
from representing the current state to probabilistic
modeling of future scenarios through ontological
reasoning.  This  enables intelligent agent
coordination and facilitates a transition to proactive
planning based on adaptive scenario trees, allowing
the swarm to operate effectively under conditions of
high uncertainty.

The practical significance is demonstrated by a
reduction in task execution time by 15-25% and a
decrease in data exchange volume by 25%, which is
critical for system survivability under constrained
communication conditions. The proposed approach
provides a foundation for the development of
scalable and resilient UAV swarms. Future research
will focus on improving collective forecasting
algorithms under conditions of extreme dynamics
and active adversarial interference.

The semantic-predictive architecture of UAV
swarm  self-organization  further  integrates

decentralized multi-agent control with dynamic
ontologies functioning as the system’s cognitive
layer. Its scientific contribution consists in shifting
the emphasis from static state description to
probabilistic  modeling of future scenarios
mocpeactBom ontological inference. This ensures
intelligent coordination among agents and supports
proactive planning based on adaptive scenario trees,
enabling the swarm to function efficiently in highly
uncertain environments.

The practical relevance is confirmed by a 15—
25% reduction in task completion time and a 25%

decrease in data exchange volume, which is
critically —important for maintaining system
survivability = under limited  communication

bandwidth within the UAV swarm. The proposed
approach establishes a basis for constructing
scalable and robust UAV groups. Further studies
will aim at enhancing collective prediction
algorithms in the presence of extreme dynamics and
active counteraction.
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A. 5. Taaanyn, K. O. Xama, O. €. Boakos, B. M. Cimaxin. /JluHamiuHa OHTOJIOTiS AJsI CeMAHTHYHO-
NPOrHOCTHYHOI camoopranizanii poro bnJIA

VY cTarTi 3amponOHOBaHO AMHAMIYHY OHTOJIOTIYHY MOJENb Uil CEMaHTHYHO-TIPOTHOCTUYHOI caMoopraHizauii poro
0e3nuToTHUX JiTanbHuX anapatiB (brJIA). Po3pobiieHo GaraTopiBHEBY OHTOJIOTIUHY MOJENb poro BriJIA, 1o BiItovae:
CTaTHUYHE PO, PIBEHb AMHAMIYHUX E€K3EMIULIPIB, areHTHUH PIBEHb i3 JIOKAIbHUMHU MPOCKLISIMHU 3HaHb Ta MEXaHi3M
CEeMaHTUYHOI CMHXPOHI3alil areHTiB AJsl Y3roJUKeHHs 3HaHb Y PO3MOILICHIN MylnbTHareHTHiil cucremi. ChopmoBaHa
MaTreMaTuuHa Mojenb (hopMaii3ye MpolecH y3ro/PKEHHs 3HaHb, MPOTHO3YBaHHs CLEHApiiB Ta BUOOPY ONTUMAalbHUX
nifi. Po3risHyTO Opranizamiro B3aeMoOIii MK PIBHAMH CTPYKTypH, II0 3a0e3redye OOMiH 3HAHHIMH, aJalTHBHUI
pO3IIOAIN posieil Ta MiATPUMKY KOJICKTHBHOI IOBEAIHKM areHTiB. EKcliepHMEHTanIbHE MOETIOBAHHS B CEPEIOBHIIL
Gazebo 11t MOHITOPHHTY JicOBOi mokexi rpymoto 3 12 BriJIA migTBepamio eheKTHBHICTH MiAXOMy: CEeMaHTHYHA
y3rojukeHicTs nocsrna 91%, TOUYHICTH IPOTHO3YBAaHHS KPUTHYHHX MOAiH 3pocma Ha 17-20%, a MepexHe
HaBaHTAXKEHHS ckopormiocs Ha 83.4%. Pospobnena Monenb, MiATPUMYE MacIITaOOBaHICTh, CTIHKICTH A0 BTPATH
OKpEeMHX areHTiB Ta eQEeKTHBHE BHKOHAHHS CIIUIPHHX 3aBAaHb, MIO pPOOUTH ii NpPWUAATHOIO JUIS CTBOPEHHS
IHTEJIEKTyaJIbHUX CUCTEM KepyBaHHs aBTOHOMHHMMHU rpynamu brJIA.
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