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Estimation of UAV-Swarm

Abstract: Autonomous UAV swarms performing coordinated missions depend critically on communication reliability, but direct measurement
of the underlying parameters—packet failure rate and maximum communication range—typically requires radio-level instrumentation that is
unavailable in legacy or heterogeneous fleets. We address this gap with a non-intrusive, learning-based estimator that infers these two parameters
from observables already produced by a consensus-based formation controller, with no access to the radio stack. The estimator combines a
compact set of formation-level metrics (geometric deviation, coordination-state availability, member participation), temporal summarisation of
their traces, and a small fully connected neural network. We validate the approach in simulation, using Raft-based decentralised control in
GrADyS-SIM NextGen across a wide range of swarm sizes and communication conditions, and compare against a multiple linear regression
baseline. The proposed estimator achieves R> > 0.83 for both targets, clearly outperforming the linear baseline (R*> = 0.73 and R? =
0.54), which empirically supports the central claim that compact, control-aware observables are sufficient to recover hidden communication
parameters. The contributions are: (i) a non-intrusive parameter-inference framework that does not rely on radio-level features; (ii) independent
estimation of two coupled communication parameters from the same compact feature set; and (iii) a reproducible simulation-based evaluation
across heterogeneous communication and mission conditions.

Keywords: Communication constraint estimation, Non-intrusive monitoring, Swarm robotics, Aerial systems, Deep learning methods, Con-
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I. Introduction

Unmanned Aerial Vehicle (UAV) swarms in coordinated for-
mations are increasingly used in mission-critical tasks such as
surveillance, search and rescue, environmental monitoring, pre-
cision agriculture, and military operations [2} 6} [13|[27]. We fo-
cus on formation-control settings where preserving relative po-
sitioning (within a tolerance) is required during trajectory track-
ing. In such settings, mission success depends on the swarm’s
ability to maintain stable formations under adverse communica-
tion conditions, including limited range, delays, and intermittent
loss [4, 15]].

The problem. Formation stability is known to degrade quickly
when packet loss grows or the inter-UAV distance approaches
the maximum communication range [4} 5]. Yet, in operational
deployments, the parameters that drive these failure modes—
per-link packet failure rate and maximum effective communica-
tion range—are rarely visible to the controller. Direct measure-
ment requires either physical-layer instrumentation (RSSI/SNR
logging, channel sounding) or active probing, which is of-
ten unavailable in legacy hardware, heterogeneous fleets, or
bandwidth-constrained networks. The mission, however, must
continue, and decisions about formation tightness, fallback be-
haviour, or relay selection should arguably be informed by an
estimate of these very parameters. This is the gap our work ad-
dresses.

Why a compact set of formation-level metrics?  Existing
learning-based approaches that touch on UAV-swarm commu-
nication tend to consume rich, radio-specific features—signal
strength, power loss, routing overhead—and to focus on adap-
tation (closing the loop on action) rather than estimation (recov-
ering the unobserved parameters). We pursue the opposite ques-
tion: are the observables that a consensus-based formation con-

troller already produces—geometric deviation, coordination-
state availability, member participation—sufficient on their own
to recover the hidden communication parameters? Our central
hypothesis, which the rest of the paper validates, is that they
are. The novelty is therefore not in inventing new metrics, but in
showing that compact, control-aware observables are sufficient,
and quantifying how much better than a linear baseline a small
neural model can do with them.

We consider a mission in which the swarm follows a figure-
eight trajectory composed of two tangent loops. Formations
switch between circular and inline, which stresses real-time co-
ordination (Fig.[T). Individual UAVs may also leave to recharge
at a base station and later rejoin, increasing formation complex-
ity.

To ground the inference framework, we adopt a decentralised
consensus-based formation control architecture using Raft [20],
which maintains leadership and state agreement under message
loss, departures, or temporary disconnections. The choice of
Raft is deliberate: beyond avoiding the single point of fail-
ure common in leader-follower models, it exposes control-state
health signals (e.g., leader availability) that are observable to
all participants without tapping into lower-level radio diagnos-
tics, making it a natural platform for non-intrusive monitoring.
The same idea has recently been explored for cooperative forma-
tion control [24]], which reinforces the relevance of consensus-
based coordination as a substrate for our estimator. While the
present study focuses on Raft, the broader methodology—using
consensus-coordination outcomes as proxies for communication
quality—generalises to other decentralised control protocols.

All simulations were performed using the GrADyS-SIM
NextGen frameworK'} a network-oriented simulator for dis-
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Fig. 1 Mission path with alternating circular and linear UAV formations.

tributed autonomous systems. Recent work has emphasised the
importance of principled simulator selection and experiment de-
sign for UAV-swarm research [18]], a methodological concern we
share. It models communication delay, range limits, message
loss, and UAV dropout. We vary swarm size, communication
parameters, and formation types.

We define three evaluation metrics: (i) shape_error, deviation
from ideal geometry; (ii) leader_off, fraction of time without a
Raft leader; and (iii) presence_error, discrepancy between ex-
pected and actual participation. These metrics capture coordina-
tion quality and communication impact (Section [III).

Despite advances in UAV communication and formation
control, it is unclear whether a compact set of swarm met-
rics—shape_error, leader_off, presence_error, size_formation,
and comm_delay—can infer two key communication parame-
ters: failure rate and maximum range. Unlike delay, which
can be measured via round-trip time (RTT), these parameters
co-occur and are hard to disentangle.

We study whether a data-driven model can estimate these pa-
rameters from the compact feature set. We use a fully connected
network that consumes temporally summarized stability metrics
plus static features.

Our main contributions are:

* A non-intrusive inference approach that relies solely on
measurable inputs (shape_error, leader_off, presence_er-
ror, size formation, and comm _delay) to predict failure rate
and communication range.

* A learning-based method to disentangle the joint effects of
failure rate and maximum range, enabling independent es-
timation of both parameters.

* A simulation-based validation across diverse communica-
tion conditions and mission configurations, with a linear
regression baseline for comparison.

Results show high predictive accuracy (R? > 0.83 for both
targets) and low test loss, indicating that the proposed estima-
tor can recover key communication parameters from minimal,
conventional inputs.

The remainder of this paper is structured as follows. Sec-
tion [l reviews related research on UAV swarm communication

and formation control. Section [[lI| defines the proposed perfor-
mance metrics and problem formulation. Section |[[V|details the
neural network architectures and training strategy. Section [V]
describes the simulation environment and experimental config-
uration. Section [VI] presents experimental results and analysis.
Section [VII] discusses threats to validity. Section outlines
practical implications for deployment. Section[[X]concludes the
paper and suggests directions for future work.

II. Related Work

Prior work applies machine learning to UAV swarm commu-
nication, including reinforcement learning, random forests, and
federated learning. For example, 3] analyzes packet delivery ra-
tios and throughput in linear formations, while [8] uses random
forests to predict signal strength in triangular swarms. Deep re-
inforcement learning approaches are proposed in [L1} 21] for
coordination under variable communication conditions.

Most approaches rely on rich features beyond formation ge-
ometry, such as signal strength, power loss, or routing overhead
[26} 28]. [19] proposes a multi-agent RL framework for relay
selection under jamming. [10] combines DRL with LSTM to
improve throughput and convergence. [15] uses deep learning
to adjust UAV positions in circular and conical formations.

These studies largely address adaptation (choosing actions to
improve communication or coordination) rather than estimation
(inferring latent communication parameters). When estimation
is included, it typically depends on features that require radio-
level access or additional probing traffic, which limits applica-
bility in constrained or heterogeneous hardware environments.

A complementary body of work in control engineering studies
how UAV formation controllers should behave when communi-
cation is impaired. Vazquez Trejo et al. [1]] design an event-
triggered leader-following controller that remains stable under
communication faults; Ji et al. [[7] address communication de-
lays and external disturbances via a dynamic event-triggered
sliding-mode formulation; and Wu et al. [25] target multi-UAV
systems with unstable topologies and hybrid delays. James et
al. [5] and Hudak et al. [4] provide empirical evidence that
packet loss and path loss directly degrade swarm coherency, mo-
tivating the choice of comm_failure and comm_range as the esti-
mation targets in this work. Saulnier et al. [22] introduce a met-
ric of resilience for mobile-robot teams, framing connectivity as
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a controllable property of the team rather than as an external nui-
sance. These works share with our setting the assumption that
communication quality is critical and difficult to instrument, but
they aim to control or characterise the system rather than to infer
unobserved parameters from coordination-level observables.

Our work is positioned at the intersection of formation mon-
itoring and communication inference. By restricting inputs to
high-level formation metrics, we aim to show that useful link-
quality proxies can be derived without instrumenting the radio
stack, enabling deployment in legacy systems or in mixed-fleet
scenarios where low-level data is unavailable.

Table [I] summarizes recent studies by formation type, learn-
ing architecture, communication parameters, and metrics. In
contrast to these approaches, we focus on estimating commu-
nication parameters from a compact set of formation-based met-
rics. The next section formalizes our scenario and the measur-
able variables used for inference.

Table 1 ML Approaches for UAV Swarm Communication

Ref. Formation ML architec- | Performance
type ture metrics
130 Linear N/A Mission time,
energy effi-
ciency
(81 Triangular RF?, K-means Euclidean dis-
tance
(10] N/A DRL", LSTM® | Higher
throughput
(L1 N/A DRLP Delay mitiga-
tion
[13] Circular N/A Leadership er-
ror, formation
error
[LL5]] Circular, coni- | NN¢Y Position devia-
cal tion
[19] N/A MARLS, BER!, energy
DRL" use, SINR!
[121] Diamond (L- DRLP , DQN®& Convergence
F) rate
[26] N/A DQN® Waypoint
tracking error
[128]] L-F Fed. learning” Convergence
rate, energy
consumption

Notes: *Random Forest, "Deep Reinforcement Learning, “Long Short-
Term Memory, dNeural Network, °Multi-Agent RL, fLeader-Follower,
8Deep Q-Network, "Federated Learning, 'Bit Error Rate, JSignal-to-
interference and noise ratio.

Recent efforts have also strengthened the ecosystem around
evaluation and validation. Lamenza et al. [16] describe
GrADyS-SIM NextGen environments with varying realism lev-
els, supporting externally parameterized delay, range, and loss
rates during each run. Earlier distributed coordination strate-
gies for dynamic UAV groups were explored by Olivieri and
Endler [17], addressing node departures and re-entries during
aerial data collection. Complementary real-world FANET ex-
periments reported in [23] reinforce the practical relevance of

simulation-based assessments.

Focusing on formation-level indicators under Raft-based co-
ordination, Lucchesi et al. [14] show through extensive simula-
tion that shape_error, presence_error, and leader-absence time
capture communication-induced degradation; this supports our
objective of inferring comm_range and comm_failure from com-
pact, high-level observables.

Although these works demonstrate the potential of learning-
based techniques for UAV swarm coordination, they generally
employ rich input feature sets and focus on adaptation rather
than inference. To the best of our knowledge, no prior research
has investigated whether a limited set of measurable swarm met-
rics—such as shape_error, leader_off, presence_error, size_for-
mation, and comm_delay—is sufficient to infer underlying com-
munication characteristics such as failure rate and maximum
communication range. This gap motivates the present study.

I11. Problem Definition

This section formalizes the mission scenario, formation pat-
terns, coordination mechanisms, and evaluation metrics used in
our study. It also defines the learning objective: infer communi-
cation parameters from measurable swarm indicators.

A. Mission and Formations

The UAV swarm follows a planar figure-eight trajectory
formed by two tangent circles of radius Rm (Fig. [I). This path
requires adaptation during direction reversals and stresses coor-
dinated maneuvering.

Two formation types are used: circular, with UAVs evenly
spaced on a circumference, and linear, with UAVs aligned on a
straight line.

UAVs may leave to recharge at a ground Base Station (BS)
and later rejoin. Formations adapt to the number of active UAVs.

The mission parameters (trajectory geometry, speed, and for-
mation spacing) are fixed within a run, while communication
parameters vary across runs. This separation allows us to iso-
late communication effects from intentional changes in forma-
tion design.

B. Raft Implementation

Coordination is maintained through Raft-lite, a simplified
Raft variant [20] adapted from [9]. Raft-lite maintains a shared
status vector indicating UAV availability (active or recharging).
Leader elections occur as needed, and heartbeat updates keep
formation state consistent. presence_error and leader_off are
derived from this status vector.

The Raft implementation exchanges periodic state updates
that are already required for coordination. We treat these up-
dates as a given communication load, and we do not introduce
additional probing or diagnostic traffic during data collection.

C. Proposed Metrics
We define three metrics to quantify swarm stability:

* shape_error: Deviation from ideal inter-UAV and UAV-to-
center distances, normalized between 0 and 1.

* leader_off: Fraction of time the swarm operates without an
elected Raft leader.

e presence_error: Normalized Hamming distance between
the expected and actual UAV participation.
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These metrics are intentionally heterogeneous: shape_error
captures geometric deviation, leader_off captures control-state
availability, and presence_error captures membership consis-
tency. Together, they provide complementary signals about how
communication constraints propagate into coordination. The
heterogeneity is a deliberate design choice: rather than re-
lying on a single connectivity index (such as the resilience-
of-network-topology metric proposed for resilient flocking by
Saulnier et al. [22]]) or on the structural reliability indices sur-
veyed by Zaitseva et al. [29], we use three metrics that target dif-
ferent layers of the coordination stack (geometry, control state,
membership), which empirically helps the estimator disentangle
the joint effects of comm_failure and comm_range.

Assume there are M key distances, i.e., distances between ad-
jacent UAVs and between each UAV and the formation’s center
of mass. Let di?° and d}°* denote the ideal and real distances.
The unnormalized shape_error is first computed as:

|dreal dzdeal ‘
shape_errorynnorm = Z dldwl (D
Then, it is normalized to the [0, 1] range:
shape_error .
shape_error = P unnorm 2)

1 + shape_errorynnorm

Let Ticaderof s be the total time during which no Raft leader
is elected, and T}, be the overall duration. Then, the already
normalized metric is given by:

neadeT,off
Ttotal

Let s’al ¢ {0,1}" be the ideal status vector and s"** €
{0,1}™ be the measured status vector, where each element indi-
cates whether a UAV is active (1) or recharging (0). The pres-
ence_error is the normalized Hamming distance:

leader of f = 3)

real|

“4)

1,
presence_error = — E |S§deal _
n
i=1

D. Learning Objective

The goal is to estimate comm_range and comm _failure from
high-level swarm metrics that the formation controller already
produces. We choose these two parameters deliberately. Empir-
ical studies of UAV swarm coherency identify them as the two
communication-side properties that most directly drive coordi-
nation failures: increased per-link packet loss disrupts agree-
ment and consensus [5], and shrinking maximum range frag-
ments the communication graph as the formation manoeuvres
[4]. comm_delay, by contrast, can be measured reliably from co-
ordinator heartbeats via round-trip time and is therefore an input
to the estimator rather than a target. comm_range and comm-_-
failure, however, are jointly latent: their effects on formation ob-
servables are conflated (both can manifest as failed leader elec-
tions or geometric drift), which is precisely why disentangling
them with a single, uniform input set is non-trivial.

Inputs are size_formation, comm_delay, shape_error, leader_-
off, and presence_error.  We frame the task as super-
vised multi-output regression, learning a mapping f(x) —
(comm_range, comm_failure), where x is the compact feature

vector. The deployment value of this mapping is operational
rather than purely scientific: a system that estimates comm-_-
range and comm_failure on the fly enables informed decisions
about formation tightness, conservative fallback patterns, or
relay-selection triggers, decisions that delay alone is not suffi-
cient to support.

We treat comm_range as the maximum effective communi-
cation distance under the simulator’s propagation model, and
comm_failure as the probability of message loss. These parame-
ters are fixed within a run, but the observed metrics evolve over
time, motivating the temporal summarisation described next.

IV. Proposed Method

This section describes dataset generation, preprocessing, tem-
poral summarization, and model architecture.

A. Scope and Observables

Beyond estimation accuracy, we emphasize deployability: the
estimator only uses variables that already appear in nominal co-
ordination loops, and it can run on-board or at the edge with
minimal computational overhead.

We use non-intrusive to denote methods that avoid (i) direct
wireless instrumentation (e.g., physical/link layer (PHY/MAC)
measurements, received signal strength indicator/signal-to-noise
ratio (RSSI/SNR) logging, channel sounding), (ii) access to
internal protocol state beyond what formation control already
needs, or (iii) probing traffic that changes network load. Our
estimator uses only high-level observables from nominal state
exchange.

The metric leader_off is Raft-specific and couples the method
to this architecture. More generally, it represents a control-state
health signal (e.g., controller availability or coordination va-
lidity). Future work will test protocol-agnostic substitutes and
quantify the impact of removing it.

The relationship between communication quality and forma-
tion metrics is not strictly unidirectional. Metrics are also af-
fected by control design, vehicle dynamics, and disturbances.
Thus, the estimator learns statistical associations conditioned
on the controller and scenario distribution, motivating valida-
tion with higher-fidelity dynamics and more realistic wireless
models.

Scope and validity. The estimator is calibrated on Raft-lite
and GrADyS-SIM NextGen. Reported performance is therefore
conditional on this control stack, communication model, and
scenario distribution; we treat the model as a practical monitor
within the tested regime, not a universal link-quality estimator.

Our estimator is designed for continuous monitoring rather
than one-off diagnosis. In this role, relative changes over time
can be as useful as absolute accuracy, enabling early detection of
degrading connectivity before formation control fails outright.

The input features are group-level but can be computed in a
decentralized manner using the same state exchange required by
formation control. Each UAV can compute a local geometric
residual (contributing to shape_error) from neighbor-relative po-
sitions, and the swarm can aggregate values via low-rate consen-
sus, a coordinator, or an edge observer. presence_error can be
approximated from neighbor lists and timeouts, while leader_-
off comes from the coordination layer. Under severe disruption,
observables may be missing; in that regime, the estimator is in-
tended for early warning rather than perfect identification.
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Training labels (comm_failure and comm_range) are available
in simulation as controlled parameters. This follows standard
simulation-to-reality practice. To make the dataset informative,
the design should cover the operating envelope and use strati-
fied splits to avoid leakage (e.g., disjoint seeds and parameter
combinations across train/validation/test). The temporal sum-
marization and FCN are not tied to a specific learner; recurrent
or temporal convolutional models could replace the FCN when
fine-grained dynamics are needed.

B. Dataset

The dataset was generated with GrADyS-SIM NextGen. Each
run is parameterized by size_formation, comm_delay, comm_-
range, and comm_failure, and produces time series of shape._-
error, presence_error, and leader_off, recorded at 5 ms over 5
minutes.

Each simulation run yields a single labeled sample with fixed
communication parameters and time-varying observables. This
design keeps labeling unambiguous while still capturing tran-
sient effects caused by formation transitions and UAV depar-
tures.

C. Data Preprocessing

CSV files are parsed to extract static parameters and swarm
metrics. Controlled noise is added to comm_delay to emulate
measurement uncertainty. Static features are normalized to their
maximum values. Time series are already in [0,1] and aligned
to a shared timestamp. The dataset is stored in a compressed
NumPy archive (NPZ) file.

D. Feature Importance via SHAP

SHAP (SHapley Additive exPlanations) [12] analysis indi-
cates size_formation is negligible, so it is removed without loss
of performance.

We use SHAP here as a lightweight diagnostic rather than
a definitive causal analysis. The removal of size_formation re-
duces dimensionality and suggests that the remaining metrics
already encode the dominant effects of swarm size for the sce-
narios considered.

E. Temporal Summary

To compress long time series into a fixed-size input, we ap-
ply a Temporal Summary. Each metric (shape_error, leader_off,
presence_error) is summarized by windowed means, reducing
60,000 samples to a small set of multi-scale features. Figure [3]
illustrates an example in which a 5-minute trace is reduced to
four values corresponding to the last 30s, 120s, 210s, and 300s.
The resulting summaries (four per metric) are concatenated with
comm_delay and size_formation, yielding a 14-dimensional in-
put.

We compute n variable-sized windows to capture short- and
long-term patterns. Feeding full traces is impractical, while a
single average discards dynamics.

This design trades temporal resolution for compactness, mak-
ing it feasible to train on long runs without recurrent models. It
also allows the model to emphasize recent behavior (short win-
dows) while retaining longer-term context (large windows).

Let T" be the total time, n the number of windows, and min_-
ratio the shortest window proportion. Window sizes w; are com-
puted as:

Short
— Linear
— Long
- Min Window (30s)
-~ Max Window (300s)

w
<3
=)

Window Size (w;) [seconds]
e e N NN
©c N O & = X 3
S & & & o 5 3

o
S

w
S

1 2 3 4 5
Window Index (i)

Fig. 2 Temporal Summary Windows (n = 5, T = 300s, min_ratio =
0.1).

Average last 300s

Temporal Summary Average last 210s

Array [60000] Array > 4

Average last 120s

Average last 30s

Fig. 3 Temporal Summary Architecture

(a) Base scaling:

1
short: ol = = &)
i
— 1
linear: ozi-’ -1 (6)
n
1 1
long: ot =1+~ — 7
ong: o + n n_itl (7
(b) Normalization:
b — 1
a; = min_ratio + (1 — min_ratio) - . = (8
(c) Window size:

The summarization mode (short, linear, or long) is selected
via cross-validation (Section [V)). Figure [2] illustrates a window
distribution for 7" = 300s, n = 5, and min_ratio = 0.1.

F. Model Architecture

The model receives a 14-dimensional input composed of sum-
marized temporal metrics and static features (Fig. d)). The three
time-dependent metrics are each compressed into four values,
and comm_delay and size_formation are appended. The vector
feeds a four-layer fully connected network (FCN) with layer
widths 256, 128, 64, and 32, using LeakyReLU and dropout.
The output layer has two linear neurons predicting comm_range
and comm _failure.

We train the two outputs jointly to exploit shared structure be-
tween the targets, while allowing the final linear heads to map
to different scales. This multi-output regression reduces training
overhead and encourages the network to learn a common repre-
sentation of communication-induced coordination effects.

Figure [4] illustrates the complete architecture, from feature
processing to output prediction.
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Summary
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Temporal 14> 14
Summary

Array - 4
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Formation Points Num

Communication Delay

Hidden Layers

Output Layer

FC3
128 - 64

FC4

6432 2 Labels

322

Communication Transmission Range

FC
322

Communication Failure Rate

Fig. 4 Model architecture showing temporal summarization and FCN layers.

G. Baseline Model

We use a multiple linear regression baseline with the same
14 inputs. Each target is trained separately with an 80/20 split.
Performance is reported with MSE and R?, matching the deep
model.

The baseline serves as a sanity check for linear separability
and establishes a lower bound on performance when nonlinear
interactions are ignored.

V. Experimental Setup

This section describes the simulation environment, data gen-
eration, preprocessing, temporal summarization, and training
configuration. It also defines the evaluation metrics and repro-
ducibility setup, bridging the methodology to the empirical re-
sults.

A. Simulation Environment and Data Generation

The dataset was generated with GrADyS-SIM NextGen. Each
5-minute run alternates circular and linear formations along a
figure-eight path, with UAVs occasionally leaving to recharge.

Each simulation varies size_formation, comm_delay, comm_-
range, and comm failure. We record shape_error, leader_off,
and presence_error at 5 ms (60,000 samples per metric). Static
inputs and ground-truth targets are stored per run.

A single run constitutes one dataset sample (Table[2)). We gen-
erated 5,858 samples spanning size_formation 8—128, comm-_-
range 20—-60 m, and comm _failure 0.00-0.20. The dataset is split
into train/validation/test (80/10/10).

B. Data Preprocessing

We follow Section [[V.C] adding noise to comm_delay, nor-
malizing static parameters, and consolidating aligned time series
into NPZ. SHAP analysis shows size_formation has negligible
importance for both targets, so it is removed without degrading
performance, suggesting scalability with respect to swarm size.

C. Temporal Summarization Strategies

As detailed in Section Temporal Summary compresses
each long time series into compact features. Two hyperparame-
ters control the mechanism: number of windows n and window-
ing mode. We evaluate short, linear, and long. Each metric is
summarized into n averages.

We select n and windowing mode via 10-fold cross-
validation, using mean validation loss and mean R2. Figure
shows both metrics versus n. The best configuration is n = 4
with linear mode. Multiple windows outperform a single global
average.

The cross-validation procedure is used strictly for hyperpa-
rameter selection of the Temporal Summary, not for final evalu-
ation. This ensures the reported test results reflect a single, fixed
configuration chosen without peeking at the test set.

Cross-validation is used only to select the Temporal Summary
configuration; no fold models are reused. After selecting four
linear windows, we retrain a final model on the 80/10/10 split.
The next subsection details training and evaluation.

D. Model Training and Evaluation Metrics

The model is implemented in PyTorch and trained with
Smooth L1 loss. We use AdamW with learning rate 0.001,
weight decay 0.0001, and ReduceLROnPlateau scheduling.
Early stopping with patience 100 prevents overfitting.

We report mean squared error (MSE) and the coefficient of
determination (R?) for each target, as well as mean R? across
targets and the combined test loss. These metrics capture gener-
alization and the strength of learned relationships.

VI. Results and Discussion

We evaluate whether the compact indicators—shape_er-
ror, leader_off, presence_error, and comm_delay—can predict
comm_range and comm_failure.
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Table 2 Structure of a dataset sample

Role Name Data Type Source
Formation Points Num int (scalar) Design Parameter
Shape Error float [60000] € [0, 1]
Measured data collected over
Features | eader Off int [60000] € {0, 1} 5 minutes, sampled at 5ms
(total of 60,000 time steps)
Presence Error float [60000] € [0, 1]
Comunication Delay float (s) Estimated (Round Trip Time)
Comunication Transmission Range float (m)
Labels Predicted
Comunication Failure Rate float (%)
Validation Loss and R? Score vs Windows
0.843851 0845
0.0058 1 r 0.840
B L0835 _ — short-R?
2 0.0056 c —— linear - R?
E é —— long-R?
E ro0.830 & = best
S 0.0054 4 A —-=- short - Loss
S & —-=- linear - Loss
§ L 0.825 ===~ long - Loss
0.0052
r 0.820
0.0050 A
1 2 3 4 5 6 7 8 3 10
Windows

Fig. 5 Validation loss and R? score vs. number of summary windows for each summarization mode.

We report mean squared error (MSE) and R? per target, plus
the global test loss. The final model uses the Temporal Summary
configuration with four linear windows.

The final model achieved a test loss of 0.0043. Per target:

comm_range: R?=0.8315, MSE = 0.0083 (5.47 m)

comm_failure: R? = 0.8927, MSE = 0.0101 (2.01%)

The linear regression baseline performs worse: MSEs of
0.0133 (6.92 m) for comm_range and 0.0436 (4.18%) for
comm_failure, with R? scores of 0.727 and 0.544. This gap high-
lights the FCN’s ability to capture nonlinear dependencies.

These results indicate low prediction error and strong ex-
planatory power, suggesting the feature set is sufficient to es-
timate the communication parameters.

Qualitatively, the gap between the FCN and the linear baseline
suggests that interactions among the metrics (e.g., simultaneous
increases in leader_off and shape_error) carry information that
cannot be captured by additive models. This supports the use of
nonlinear estimators even when the input feature set is compact.

Figure [6] presents training and validation loss trends.

Loss curves show stable convergence and minimal overfitting.
Slightly lower validation loss is consistent with dropout applied

only during training.

Together, the results indicate the model captures the relation-
ship between swarm metrics and communication parameters and
supports estimating UAV communication characteristics from
high-level observables without low-level diagnostics, enabling
scalable and non-intrusive monitoring.

A. Comparison with Related Work and Novelty Validation

The natural follow-up question is how these results compare
with the broader literature on machine-learning-based UAV-
swarm communication studies. A direct quantitative compari-
son is constrained by the fact that the closest related works do
not target the same estimation problem on the same observables;
therefore, we compare both on type of inputs required and on re-
ported figures of merit.

On the type of inputs. The works summarised in Table [I]
including [110} [19} 21} 26, 28], rely on radio-level or routing-
level features (e.g., signal-to-interference and noise ratio, bit-
error rate, throughput, energy use) and frame the task as adapta-
tion. Khalil et al. [8] use a richer feature set including geograph-
ical positions, formation distances, and signal strength to predict
link quality with random forests. Lu and Li [15] use deep learn-
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Fig. 6 Training and validation loss evolution

ing to adjust UAV positions based on geometric features. None
of these works estimates communication parameters from the
formation controller’s own outputs only. Empirically, the ex-
periments by James et al. [5] and Hudak et al. [4] demonstrate
that packet loss and path loss are first-order drivers of swarm
coherency loss, but they treat these effects as exogenous and do
not infer the underlying parameters. Our compact feature set is
therefore a strict subset of, or orthogonal to, what comparable
approaches consume; the present results indicate that this subset
is sufficient.

On the figures of merit. Achieving R?> > 0.83 for both
comm_range and comm_failure, with a test MSE corresponding
to a 5.47 m error in range and a 2.01% error in failure rate, is, to
our knowledge, the first quantitative report of joint estimation of
these two parameters from formation-level observables alone.
The closest comparable numbers are Khalil et al.’s machine-
learning estimates of signal strength [8] and Lu and Li’s deep-
learning position adjustments [15]], which, although qualitatively
similar in methodology, target different output variables. We
therefore frame our comparison as an existence proof rather than
a head-to-head ranking: comparable accuracy is reachable with-
out radio-level features.

On the FCN-vs-linear gap. A second, internal comparison
provides direct empirical support for the novelty claim. The lin-
ear regression baseline, which uses the same 14-dimensional in-
put, drops to R? = 0.727 for comm_range and R? = 0.544 for
comm_failure. The substantial gap (AR? ~ 0.10 and AR? ~
0.35, respectively) shows that the information needed to recover
the communication parameters is present in the compact feature
set, but it lives in nonlinear interactions among the metrics (e.g.,
the joint behaviour of leader_off and shape_error). This is the
operational meaning of ”compact, control-aware observables are
sufficient”: a small neural model can extract this information; an
additive linear model cannot. We interpret this as empirical val-

idation of the novelty claim stated in the Introduction.

VII. Threats to Validity

Simulation bias: The dataset is generated in GrADyS-SIM
NextGen and reflects its wireless and mobility models. Real-
world propagation, interference, and aerodynamic effects may
differ.

Controller dependence: The use of Raft-lite couples the fea-
tures (notably leader_off) to a specific consensus mechanism.
Alternative coordination stacks may exhibit different observ-
ables or dynamics.

Feature availability: The method assumes access to high-
level observables computed from nominal control messages.
Under severe disruption, observables may become sparse or de-
layed.

Distribution shift: The model is trained on a bounded param-
eter space. Performance outside tested ranges of swarm size,
delay, failure rate, or range is not guaranteed.

Temporal compression: The Temporal Summary trades tem-
poral resolution for compactness. Rapid link changes shorter
than the smallest window may be smoothed out, which can re-
duce responsiveness to transient failures.

Label fidelity: Ground-truth labels for comm_range and
comm _failure are simulator parameters. In real deployments,
these quantities may be only approximately measurable, which
can introduce additional noise at deployment time. Established
methods for assessing reliability and importance of components
in drone swarms [29] could be combined with our approach to
bound the residual uncertainty in operational settings.

Real-swarm validation: The study relies on simulation; real-
swarm validation remains future work. One route is to log the
same metrics during flight tests and obtain approximate labels
via controlled experiments (e.g., varying transmit power, adding
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artificial packet drops, or placing obstacles) or external instru-
mentation in a calibration phase. When exact ground truth is un-
available, validation can rely on relative ranking, cross-platform
generalization, and consistency with independent link-quality
proxies.

VIII. Practical Implications

The estimator can run online using the same telemetry ex-
changed for formation control. Inference consists of temporal
summaries and a forward pass through a small FCN, which is
lightweight enough for onboard or edge execution. Predicted
comm_range and comm _failure can trigger formation reconfig-
uration (e.g., tighter spacing or a conservative fallback) before
coordination degrades.

In a deployment pipeline, temporal summaries can be com-
puted incrementally as new telemetry arrives, allowing near-
real-time updates without buffering full traces. This supports
low-latency decision making while keeping computation and
memory bounded.

IX. Conclusion

We propose a deep learning approach to estimate failure rate
and maximum communication range from high-level swarm
metrics. The method avoids low-level communication mea-
surements by using shape_error, leader_off, presence_error, and
comm_delay. A Temporal Summary compresses long time se-
ries, and its configuration is selected via cross-validation.

Results show high predictive accuracy, with R? > 0.83 for
both targets and low test loss, indicating good generalization.

Future work includes integrating estimation into formation
control, generalizing features to reduce Raft-specific depen-
dence, and improving responsiveness to transient communica-
tion changes. We also plan per-UAV estimation and model op-
timization for embedded hardware. A promising direction is to
learn the Temporal Summary parameters jointly with the predic-
tive task.

Overall, the study indicates that compact, formation-level
observables can provide a practical proxy for communication
health, enabling monitoring in systems where radio-level diag-
nostics are unavailable or undesirable.

Data Availability

The datasets and source code that support the findings of this
study are publicly available at https://github.com/Project-GrA
DyS/DeepLearningEstimation.
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