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Abstracit—This study introduces a novel distributed cloud-edge framework for autonomous multi-unmanned aerial
vehicle (UAV) systems that combines the computational efficiency of neuromorphic computing with nature-inspired
control strategies. The proposed architecture equips each UAV with an individual spiking neural network (SNN) that
learns to reproduce optimal control signals generated by a cloud-based controller, enabling robust operation even
during communication interruptions. By integrating spike coding with nature-inspired control principles inspired by tilapia
fish territorial behavior, our system achieves sophisticated formation control and obstacle avoidance in complex urban
environments. The distributed architecture leverages cloud computing for complex calculations while maintaining local
autonomy through edge-based SNNs, significantly reducing energy consumption and computational overhead compared
to traditional centralized approaches. Our framework addresses critical limitations of conventional methods, including
the dependence on premodeled environments, computational intensity of traditional methods, and local minima issues
in potential field approaches. Simulation results demonstrate the system’s effectiveness across two different scenarios:
first, the indoor deployment of a multi-UAV system made up of 15 UAVs, and second, the collision-free formation control of
a moving UAV flock, including six UAVs considering the obstacle avoidance. Due to the sparsity of spiking patterns, and
the event-based nature of SNNs on average for the whole group of UAVs, the framework achieves almost 90% reduction
in computational burden compared to traditional von Neumann architectures implementing traditional artificial neural
networks.

Index Terms—Cloud-edge computing, distributed control, formation control, multi-UAV systems, nature-inspired con-

trol, spiking neural networks (SNNs).

|. INTRODUCTION

HE evolution of autonomous robotic systems, particularly
T in multiagent scenarios, faces significant challenges in
managing task complexity, optimizing energy consumption,
and ensuring safe operation in complex environments. While
swarm intelligence and nature-inspired approaches have demon-
strated remarkable potential in decentralized control [1], the
implementation of these systems often struggles with computa-
tional efficiency and real-time processing demands, particularly
when scaling to larger swarms. Simultaneously, advances in
neuromorphic computing systems [2] present promising solu-
tions to these computational challenges, suggesting a poten-
tial synergy between nature-inspired control architectures and
efficient computing paradigms for distributed multiagent sys-
tems. Traditional centralized control methods impose significant
constraints on implementing sophisticated multiagent systems,
particularly in urban environments where complex obstacles and
dynamic conditions prevail [3], [4]. While cloud-based control
architectures [5], [6] have emerged as potential solutions, they
introduce additional complexities, including the requirement for

Received 3 February 2025; revised 26 March 2025; accepted 3 May
2025. Date of publication 6 May 2025; date of current version 23 May
2025. This work was supported in part by NASA Oklahoma EPSCoR
Initialization under federal award no. 80NSSCM0029. (Corresponding
author: Yaser Mike Banad.)

The authors are with the School of Electrical and Computer En-
gineering, University of Oklahoma, Norman, OK 73019 USA (e-mail:
iamrezaahmadvandi@ou.edu; s.sh@ou.edu; bana@ou.edu).

Datasets are available online at https:/github.com/INQUIRELAB/
SNN-Based-UAV-Formation-Control

Digital Object Identifier 10.1109/JISPIN.2025.3567374

persistent plant-cloud communication and potential vulnerabili-
ties in case of communication failures. These limitations become
particularly critical in multi-UAV systems, where reliable opera-
tion must be maintained even in cases of central computer failure
[3], [4]. The need for robust decentralized control solutions
that can maintain performance even with limited or interrupted
cloud connectivity has become increasingly apparent. Spiking
neural networks (SNNs) have emerged as a compelling solution
for energy-efficient low-latency control applications [7], while
nature-inspired control methods have demonstrated exceptional
capability in handling complex multiagent scenarios [8], [9].
Traditional approaches to multi-UAV control face several criti-
cal limitations. Path planning and geometric guidance methods
require a priori knowledge of the implementation environment
with premodeled obstacles, limiting their effectiveness in dy-
namic or unknown environments [8], [9]. Potential field function
approaches, while offering reactive control capabilities [10], can
suffer from local minima problems and may not guarantee op-
timal trajectories. Model-predictive control methods [11], [12],
though capable of anticipating future states, introduce significant
computational overhead due to their requirement for continuous
prediction of system dynamics over future time intervals. De-
spite recent advances combining standalone path planning with
particle swarm optimization methods [13], [14], these hybrid
approaches still struggle with real-time adaptation to dynamic
obstacles [4]. Furthermore, while artificial potential field (APF)
methods have shown promise in environments with known
obstacle maps [15], [16], [17], [18], their effectiveness dimin-
ishes in scenarios with dynamic obstacles and multiple moving
agents. These limitations become particularly apparent in urban
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environments, where complex obstacles, including both static
structures and dynamic obstructions, require real-time adapta-
tion and decision-making capabilities. Inspired by digital-twin
(DT) approaches, our research introduces a novel framework that
synthesizes these parallel developments by implementing a dis-
tributed control architecture where each UAV is equipped with
its SNN-based controller. This approach combines energy effi-
ciency, low latency, and robustness of SNNs with nature-inspired
control strategies. The system leverages the cloud in a neuromor-
phic DT architecture for complex calculations and control signal
generation while maintaining local autonomy through individual
SNN s that can learn and reproduce these control signals at the
edge for each UAV separately. Building upon previous works in
SNN-based frameworks for estimation and control of dynamical
systems [19], [20] and recent advances in multi-UAV control
systems incorporating APF concepts [15], [16], [17], [18], we
propose a distributed cloud-edge architecture.

1) Each UAV is equipped with an individual SNN that learns
to replicate control signals generated by a sophisticated
controller operating on the cloud in the neuromorphic DT
architecture.

2) The cloud controller implements a nature-inspired
collision-free formation control strategy based on tilapia
fish territorial behavior and obstacle avoidance [21], [22].

3) Each SNN operates independently from the implemented
control algorithms in the cloud, ensuring the continued
operation of the SNN-based controller at the edge even
during discontinuous cloud-edge communication.

4) The distributed architecture maintains the benefits of
swarm intelligence for the situational awareness of the
agents while incorporating efficient neuromorphic com-
puting at the individual agent level.

The foundation of our approach integrates multiple innovative
elements from nature-inspired formation control drawing from
biological models [4], individual SNNs implementing leaky
integrate-and-fire (LIF) neurons [23], and obstacle avoidance
strategies [24], [25], [26], implemented through neuromorphic
computing. Our methodology uniquely combines rapid learning
capabilities at the edge with nature-inspired control principles in
the cloud. This distributed architecture ensures that each agent
can maintain effective control even during temporary losses of
cloud connectivity. When the connection is available, agents
still benefit from the complex computational capabilities of
cloud-based controllers. Furthermore, to assess the validity of
our approach, it has been utilized in two different multi-UAV
scenarios. First, the collision-free optimal indoor deployment of
a multi-UAV system consists of 15 UAVs, and second, it has
been applied to the collision-free formation control of a moving
flock of six UAVs in the presence of obstacles. The results
demonstrated that our strategy has an acceptable performance
in the implementation of our controller architecture.

The rest of this article is organized as follows. Section II
presents the theoretical framework, including the integration of
distributed SNNs with nature-inspired control strategies, multi-
UAV dynamic modeling, and the underlying principles of both
cloud- and edge-based control. Section III details our imple-
mentation methodology, SNN architecture, and experimental
setup. Section IV presents comprehensive simulation results
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Fig. 1. Schematic of neuromorphic cloud-based DT.

and analysis across various scenarios. Section V concludes this
article.

[I. THEORY

This section begins with the theoretical underpinnings and
outcomes of our study, focusing on the application of SNNs in
our proposed architecture, and follows with controller design.
Our approach leverages a nature-inspired controller on the cloud
for collision-free optimal control of a multi-UAV system in a
predefined barrier area [27]. The controller on the cloud interacts
with a virtual twin network (a mathematical model on the cloud
server, which models the physical multi-UAV system) to produce
the ideal output of the real-world multi-UAV system as an
expected output for comparison with the obtained outputs of
the navigation system in the monitoring center. In the presented
approach, each UAV has its own SNN-based controller that can
learn to replicate the control signal w provided by the cloud
using a local online supervised learning approach [26], [28],
[29]. Fig. 1 depicts the proposed architecture for neuromorphic
DT.

Moreover, our proposed architecture in this study leverages
the advantages of neuromorphic computing such as the energy
efficiency of SNNs, compared to traditional computing frame-
works such as artificial neural networks (ANNs), while using
the optimality of nature-inspired methods for environmental
awareness.

A. SNN-Based Edge Controller

A spiking neural network (SNN)-based cloud-edge frame-
work for a single-agent system was previously introduced in
[26]. Building upon this foundation, the objective of this section
is to extend that framework to support a multi-UAV system
by deploying individual SNN-based controllers at the edge of
each UAV. To set the stage for this extension, we begin by
briefly reviewing the fundamental concepts of SNNs. SNNs
are biologically inspired brain-mimicking computing tools that
can efficiently replicate the neural circuits in the biological
brain in which the neurons communicate via electrochemical
signals called spikes. Based on the literature and engineering
applications of SNNs, the focus of the presented study is on
utilizing networks consisting of leaky LIF neurons [30].
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Generally, to develop a network of LIF neurons capable of
replicating a desired signal like «, there are two strict assump-
tions that need to be satisfied. First, it is required to define a
linear transformation like (1) for the extraction of the desired
signals from the filtered spike trains r

&= Dr )

In the aforementioned equation, ~ means that the parameter is
extracted from neural activity, and D is a fixed random decoding
matrix that can extract the desired signal & from the filtered spike
train vector re RN [23], [30], [31], [32]. Filtered spike trains
have their own dynamics, which obey the following expression::

7 = —Ar + s. 2)

In other words, filtered spike trains are the convolution of
spike trains with synaptic kernels and can be interpreted as
instantaneous firing rates, where s€ R" is emitted spike train
by the neurons in each time step and has a faster dynamic than r
[23]. Thus, by optimizing the timing of spike occurrence instead
of changing the output kernel values D, the SNN works in a
way to minimize the cumulative prediction error, which is the
error between the actual value of x and the extracted value from
neural activity &. To achieve this, it minimizes the following
cost function [2], [5]:

1/t
J = 5/0 (Il (7) = & (D) I3 + vl (7) [li + el (7) [3) dr.
3)
Here, ||.||3 represents the Euclidean norm, and ||.||;indicates
L; norms. The firing rule presented here represents that the spike
emission is conditioned on the reduction of the predicted error,
an analogy with predictive coding [31]. Therefore, utilizing such
a rule, it can be ensured that neurons will only spike when
they can contribute to the reduction of the cumulative error. On
the other hand, it is notable that, for each individual neuron
in the network, the membrane potential and thresholds can be
considered using the following expressions:

o; (t) = D (x (1) = & (1)) — pri “)
T; = (DI'D; + v +p) /2. (5)

In the aforementioned equations, o; is the membrane potential
of the i*" spiking neuron, and T} defines the thresholds for any
individual neuron in the network, where D; is the i*® column
of matrix D, characterizing the neuron’s output kernel and the
change in the error due to a spike of the ith neuron. Thus,
the neurons will emit spikes when their potential touches the
threshold. Parameters p and v play critical roles in our SNN
architecture. These parameters indeed serve crucial roles in
maintaining network stability and preventing activity collapse in
recurrent SNNs. Parameter i addresses the tendency of recurrent
networks to concentrate activity in a small subset of neurons
by promoting balanced spike distribution across the network,
preventing neuronal dominance patterns that lead to information
bottlenecks. Meanwhile, parameter v regulates overall network
sparsity, creating an important balance between computational
efficiency and sufficient neural activity for accurate control
signal reproduction. Together, they form a homeostatic mech-
anism that ensures stable neural dynamics during prolonged

operation—essential for consistent performance in our control
application. After differentiating and simplification of (4), the
following expression will be achieved:

6=-ro+D"c— (D"D+pul)s+ D" (hx + f (x)).
(6)
In the aforementioned expression, A is the leak rate; also,
the optimal weight matrix for the fast connections is defined
by Q; = DT D + ul, and the optimal encoding matrix is D7
Furthermore, the aforementioned expression says that the SNN
can replicate any arbitrary dynamics like & = f(x) + ¢(t),
based on the satisfaction of two assumptions. First, upon the
inspiration from nonlinear adaptive control theories, for the last
term, the approximation of Ax + f(x) = >, Q;¢:(x) can be
used, where €; is the i*"column of 2, and ¢;(.) can be any
sigmoidal nonlinearity that here is set to tanh(). Then, based on
(1), the desired signal & can be replaced by Dr that will lead to
the following:

&=—ro+DTc—Qps+ DTQT¢ (Dr). 7

From the biology perspective, the last term refers to the
nonlinear and highly structured dendrites that perform nonlinear
operations in the biological brains. Therefore, term ¢(Dr) is
replaced by v; (r) = ¢; (MIr + 0;), which is a highly un-
structured nonlinear dendrite that can receive stochastic inputs
from other neurons, where M is the random fixed matrix, and
0; is a parameter that determines where the tanh(.) changes its
sign in a dendritic branch. It is notable that this substitution is
accepted only when this substitution is justified by the fact that
the internal dynamics meet the inequality N > 2K, because in
such conditions, the network is highly robust to great amounts of
noise [23], [26]. Then, network dynamics will be, thus, defined
by the following expression:

6=—-2o+Fc—Qps+ Q) (r). (8)

To apply a local learning rule inspired by adaptive control
theories, the error e(t) = x(t) — &(¢) is not propagated through
the entire network via the input c¢(t). Instead, it is directly
introduced to each neuron using the optimal encoder D”. As a
result, with these neuron-specific error feedbacks, the network’s
equation is modified as follows:

=10 — Qs+ Q0 (r) + kD e )

where
0. = (r) (DTe)” (10)
In the aforementioned expressions, ¢  (r)=

tanh(MTr + @) that can receive stochastic inputs from
other neurons, where M is the random fixed matrix, and 0 is a
random vector. Moreover, the aforementioned expression shows
that the network utilizes two types of slow and fast synaptic
connections: the slow connections €4 and the fast connections
Q. Slow connections control the main system behavior
and dynamics, while fast connections ensure that spikes are
distributed evenly throughout the network [26]. Finally, using
the network design introduced here, the SNN-based controller at
the edge can replicate the control signal u provided by the cloud
server as the desired signal. Fig. 2 demonstrates the cloud-edge
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Schematic diagram of weight update rule for SNN-based con-
trollers at the edge [26].

Fig. 2.

communication framework and the process of network weight
updates for the UAVs during the mission. By establishing a
predefined threshold for prediction error e(t) = w(t) — @(t),
each UAV autonomously updates its weight matrix, independent
of other UAVs, to accurately reproduce its control input signal
o [26].

In the introduced strategy in [26], for each UAV, the SNN-
based edge controller undergoes two distinct phases of cloud
communication. During the initial phase, spanning the first 50
time steps, the controller maintains continuous communication
with the cloud. After this learning period, the system transitions
to a more efficient operation mode, where cloud communi-
cation is significantly reduced. To maintain performance and
prevent significant deviations from the desired control signal,
the edge controller receives updates from the cloud every five
time steps. During these periodic updates, the controller obtains
the reference signal, updates its internal state, and performs
threshold-based weight adjustments using the latest error calcu-
lations. This optimized communication scheme results in a huge
reduction in energy consumption for cloud-edge data transfer
compared to the initial phase, making it highly efficient for
practical implementations.

B. Nature-Inspired Controller Design

This section focuses on adopting the nature-inspired collision-
free control approach proposed in [27] to the indoor deployment
of a multi-UAV system running on our proposed neuromorphic
DT-based architecture. Fig. 3 demonstrates the schematic design
of a multi-UAV system. In the presented design, to model the in-
ertial translational motion of UAVs and their local dynamics, in-
ertial coordinate frame and body coordinate frames represented
by O; XY and Oy, have been leveraged, respectively.

Considering the defined parameters in Fig. 3 and introducing
w; as to the auxiliary control input for the i*" UAV, the following
dynamical equations are obtained [27]:

D
12)

b; =7,

i)izui

Fig. 3. Schematic design of the multi-UAV system [27].

where p, and v; represent the position and velocity vectors of
the 7" UAV, respectively. Parameters pi; =pj — p; and v;; =
v; — v; are relative position and velocity vectors, respectively.
rs and rg are safety range (none of the UAVs are allowed to
get closer to other UAVs than this range) and detection range,
respectively. Ogoy is the field of view (FOV) of the UAV with
respect to the flight direction. Also, as it is common, to mathe-
matically model a multi-UAV system for the purposes such as
formation controller design and obstacle avoidance maneuvers,
the UAVs in this study have been considered particles [4],
[33], [27].

To design the desired formation control law for the optimal
deployment of a multi-UAV system consisting of N vehicles
in a bounded area of space, the graph theory has been utilized.
Thus, the graph G(U, E) models a homogeneous system with
a set of nodes defined as U = {i} i = 1,2,...,n, and a set of
E ={(i,7)] 4, jeU; i#j} that represents the edges that model
the communication between the UAVs. Moreover, the following
set of nodes in the space describes the neighborhood of each
UAV in its detection range

Ni = {jeU\{i} | [|p; — p;| <ra}-

Furthermore, as introduced in [27], [34], [35], and [36], in-
spired by tilapia fish territorial behavior, for optimal deployment
of UAVs in bounded spaces, a centroidal Voronoi tessellation
(CVT)isrequired. This nature-inspired approach provides inher-
ent adaptability to dynamic environments, particularly effective
where UAVs must coordinate while avoiding obstacles and each
other. As conditions change, the CVT algorithm automatically
redistributes spatial territories, maintaining both coverage and
safety. The multilayered control structure enables UAVs to tem-
porarily deviate around obstacles without compromising swarm
integrity. By integrating collision avoidance forces, CVT-based
positioning, and a unified control law, the system adapts to ob-
stacles and recovers its configuration autonomously, as demon-
strated in our simulations (see Section III-B). This capability is
essential for real-world complex environments.

This capability is critical for real-world applications in com-
plex environments. To implement this nature-inspired control
strategy mathematically, the UAVs need to obey the following

13)
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TABLE |
PSEUDOCODE OF THE IMPLEMENTED LLOYD’S CVT ALGORITHM

Probabilistic Generalized Lloyd’s Algorithm
Input:

- Predefined bounded area Q € R

- Density function p(x) defined on Q

- Positive integer N (number of UAVs)

- Positive integer S, (number of sampling points per
iteration)

- Constants o, 02, B1, and B2 suchthat ou + a2 =1, f1 + f2=1,
o >0, ﬁz >0

Steps:

1. Initialization:
- Choose an initial set of N points {x;}"i=1 in Q.
- Set iteration counters {ji}i=1 = 1.
2. Sampling:
- Randomly sample S,,,,,, points {y;}¥" in Q using a
uniform distribution p(x) as the probability density
function.
3. Point Update:
Foreachi=1,2, ..., N:
- Gather all sampled points y; closest to x; (forming the set
Wi, i.e., the Voronoi region of x;).
- If Wi is empty, do nothing.
- Otherwise:
- Compute the average u; of the points in W;.
- Update x;:
Xi — (i + o) / (i + D) xi + ((0zji + B2) / (i + 1) wi
- Increment j;:
jegitl
4. Repeat or Terminate:
- Form the new set of points {x;}"-1.
- If Q is a hypersurface, project x; onto Q
- Check stopping criteria (e.g., convergence or tolerance).
- If criteria are not met, go back to Step 2.
Output:

- Final set of points {x;}"i-1.

control law [27]:

ug, = Ky, (p; = ¢v,). (14)

In the aforementioned expression, K, is a positive-definite
gain matrix that can be designed by trial and error, and c,, refers
to the centroid of each section in a CVT. Thus, to find the desired
centroids for UAVs in a predefined bounded area, the prob-
abilistic generalized Lloyd’s method has been leveraged. The
pseudocode of the implemented algorithm has been provided in
Table I [27].

It is notable that for the presented study and the presented
algorithm in Table I, the considered probability density function
p(z) is a uniform distribution, which will lead to a uniformly
distributed configuration of UAVs. Furthermore, for considering
the safety factors in the deployment of the multi-UAV system to
avoid intervehicle collision and obstacle avoidance, the follow-
ing parts have been added to the control law [27].

1) Collision Avoidance Controller

Inspired by Hook’s law in the spring-mass-damper system and
considering relative position and velocities between the vehicles,

Sensing range

Fig. 4. Obstacle detection schematic representation [26].

the following expression has been introduced for the collision
avoidance control law [27]:

Ueij = —ke1Pe + ki) (15)
where

1 Pij
(o] —7”5)2 HPUH

In the aforementioned expressions, k., and k., are positive-
definite matrices.

P = (16)

2) Obstacle Avoidance Controller

This section builds upon the obstacle avoidance controller
design introduced in [27], which was inspired by how pigeons
collectively maneuver around obstacles. We first review the
original 2-D planar model, where obstacles were limited to
movement in the x-direction. We then extend this approach to
3-D space, which is the primary focus of our research. The
method consists of two main components: obstacle detection and
maneuver execution. Fig. 4 shows the schematic representation
of the obstacle detection.

Considering the sector-like FOV for the vehicles, and a circu-
lar sensing range, the two considerations have to be met. First,
the obstacle has to be in the sensing range; second, it has to be
in the FOV of the vehicles. Then, the obstacle avoidance needs
to be performed. To this aim, the algorithm presented in Table II
needs to be utilized.

The presented algorithm in Table II shows that in this study,
for the obstacle avoidance maneuver, forbidden areas around the
obstacles have been considered. Thus, for the overall control law
of the vehicles, the following expression has to be implemented:

Through the aforementioned expression, each UAV obtains its
control input vector in a semidistributed fashion, where Lloyd’s
algorithm defines the desired spatial positions of the UAVs.

[II. NUMERICAL SIMULATION

This section presents the obtained results from the imple-
mentation of the neuromorphic DT framework into the indoor
deployment and a collision-free formation control scenario of a
multi-UAV system considering obstacle avoidance.
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TABLE Il
PSEUDOCODE OF OBSTACLE DETECTION AND AVOIDANCE

TABLE Il
NUMERICAL VALUES FOR THE SIMULATIONS—INDOOR DEPLOYMENT

Obstacle detection and avoidance algorithm Parameter Value
# Initialize obstacle detection metric rq(m) 3
ODmetricmnge = Array of zeros with size of number of ry(m) 1
obstacles K K, diag([1,1,1])
# Loop over obstacles K, diag([2,2,3.5])
FORi=1TO K DO: ket 10
# Calculate distance to the obstacle ke 1
ODietricyange = Euclidean norm of (p; — pops;) for ith 8100 (deg) 60
obstacle with respect to j** vehicle u 0.0001
# Calculate FOV 2 0.0001
QDmetriCFOV = Absolut; differepce of angles between v 0.0001
object-obstacle and velocity direction k 500
# Check if obstacle is detected 0.01
IF (ODmemcmnge < (obstacle radius + r;)) AND n .
(ODmetricFOV < GFOV ): TABLE IV

Set 0Dperricli]l = 1
ELSE:
Set ODyerric[i] =0
ENDIF
# While any obstacle is detected
WHILE sum(0D,e¢ric) > 0 DO:
# Adjust position to avoid obstacle
IF py > pObsiy:
p, = Reduce magnitude of p, by scaler
py = Increase magnitude of p,, by scaler
ELSE:
P, = Reduce magnitude of p, by scaler
p, = Reduce magnitude of p,, by scaler
ENDIF
Update p to new adjusted values (py,py , and original p,)
# Recalculate range and FOV metrics
Update ODpetricrange and 0Dpetricp,y, With new

values
# Check if obstacle is still detected
IF (ODmem-cmnge < (obstacle radius + r;)) AND

(ODmetricFOV < GF(?V ):
Set ODpetric[il = 1
ELSE:
Set ODpetriclil =0
ENDIF
ENDWHILE
ENDFOR

A. Case Study 1: Indoor Deployment of the Multi-UAV
System

This section presents the simulation results for deploying 15
UAVs in a rectangular area, approximating an indoor surveying
scenario. Simulations were run for 10 s with a 0.01-s time step,
using the numerical values in Table III. Throughout this work,
the elements of matrix D are sampled from a zero-mean Gaussian
distribution with covariance 1.

Fig. 5 shows the UAVs’ optimal configuration in the enclosed
space, computed via Lloyd’s method. Each Voronoi partition’s
center serves as a target position for the UAVs’ controller.

Fig. 6 shows the deployment results of a multi-UAV
system using our proposed neuromorphic DT-based control

RESOURCE UTILIZATION OF THE UAVS—INDOOR DEPLOYMENT

UAV  Number of Spikes  Resource Utilization (%)

1 6110 6.1
2 7745 7.7
3 3060 3.1
4 1649 1.7
5 1700 1.7
6 2257 23
7 2266 2.3
8 2154 2.2
9 1328 1.3
10 2572 2.6
11 3258 33
12 2670 2.7
13 4801 4.8
14 3117 3.1
15 3849 3.8

Fig. 5. Optimal formation of UAVs in the considered area obtained
from Lloyd’s method.

architecture. It compares the predicted trajectories from a virtual
twin—receiving control signals directly from the cloud-based
controller—to those generated by an edge device model using
an SNN-based controller. The alignment of both trajectories
indicates that the SNN-based approach at the edge successfully
learns and applies the control signals expected from the virtual
twin.
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Fig. 6. Obtained trajectories for UAVs from virtual twins compared with
obtained trajectories for edge devices utilizing signal reproduced by the
SNN-based controller. Video and Code are available online at https://
github.com/INQUIRELAB/SNN-Based-UAV-Formation-Control.
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Fig. 7. Comparison of the obtained control inputs from the controller

on the cloud with the reproduced control signals by the SNNs at the
edge accompanied with their corresponding errors for the first 3 s of
simulation.

Fig. 7 provides a more detailed comparison between the
cloud-based controller’s outputs and the SNN-based reproduc-
tion for UAV1S5. The SNN effectively replicates the desired
control input, as evidenced by tracking errors converging to zero
before t = 1 s with negligible fluctuations. This demonstrates
the SNN’s ability to learn and reproduce the control signals in
an event-driven manner on edge devices.

Fig. 8 illustrates the spiking pattern for UAV'15. Most neural
activity occurs before ¢ = 1 s (i.e., the first 100 time steps),
corresponding to the interval during which the tracking errors
in Fig. 7 converge to zero. After that point, the network re-
mains largely idle, reflecting the event-based nature of SNNs,
which become active only when significant deviations exist

0 200 400 600 800 1000
time step
Fig. 8. Obtained spiking pattern for the SNN-based controller consid-

ered for UAV15 during the deployment scenario.

between the reproduced and actual control signals. Quantita-
tively, the UAV 15 controller uses 3849 spikes—about 3.85% of
the 100 000 available—confirming that SNNs reduce computa-
tional effort once tracking errors are minimal.

It is worth noting that, because the results for all UAVs are
qualitatively similar, only the data for UAV 15 (chosen randomly)
are presented here. To further analyze the proposed method’s
computational efficiency in a large-scale system of 15 UAVs,
Table IV provides the corresponding quantitative results. This
table shows that the resource consumption for all UAV's ranges
between approximately 1% and 8%, confirming the efficiency
of our approach. In this architecture, the SNN-based controllers
operate entirely independently of the cloud-based algorithm,
eliminating the need to train separate flight computers on ev-
ery controller parameter. Consequently, implementing our pro-
posed architecture requires only minimal resources at the edge
devices—an advantage in distributed multi-UAV operations.

B. Case Study 2: Moving a Flock of UAVs With
Obstacles

This section presents the obtained results from the implemen-
tation of our proposed architecture in the collision-free control
of a moving flock of UAVs consisting of six UAVs considering
obstacle detection and avoidance maneuvers. Simulation here
has been conducted using the numerical values provided in
Table V for 50 s with a time step of 0.01 s.

In the considered scenario here, first, the UAVs will form an
optimal configuration obtained from Lloyd’s method in an area
defined by {(z,y,2)|0 < z < 2;0 < y < 4; z = 5}; then, they
will move in the x-direction, while they encounter two static
obstacles. Fig. 9 illustrates the obtained optimal configuration
for the UAV flock in the desired area. Each point in the centroid
of the Voronoi partitions has been assigned to any individual
UAV.

Fig. 10 compares the trajectories produced by the virtual
twin model to those generated by the edge device models,
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TABLE V
NUMERICAL VALUES FOR THE SIMULATIONS—MOVING FLOCK

Parameter Value

ra(m) 1.5

r;(m) 0.5

K, diag([1,1,1])
K, diag([2,2,2])
ket 3

ke, 1

Orov (deg) 60

m 0.001

A 0.005

v 0.001

k 500

n 0.001

0 0.5 1 15 2
X (m)

Fig. 9. Optimal configuration for the UAVs from Lloyd’s method in the
moving flock scenario.

which rely on SNN-based control signals. Overall, the plots
illustrate how the edge devices successfully track the expected
paths dictated by the virtual twin. Specifically, Fig. 10(a) shows
the first phase of the scenario in which the UAVs converge
to their optimal configuration (from Lloyd’s method) with no
intervehicle collisions. Fig. 10(b) captures the second phase,
where the vehicles detect and avoid two separate obstacles, yet
continue following their expected trajectories. In Fig. 10(c),
the UAV formation recovers its optimal configuration without
collisions, confirming the viability of the proposed architecture
for multi-UAV surveying or mapping tasks. It is worth noting
that, under closer scrutiny, the edge device trajectories exhibit
minor deviations from those of the virtual twin. This indicates
a small loss of accuracy in exchange for the computational
efficiency of the SNN-based approach—an acceptable tradeoff
given the size of the surveyed area.

Fig. 11 shows the spiking patterns for all UAV's in the moving
flock. Although most networks display similar activity, UAVs
2 and 4—each encountering an obstacle in the x-direction—
exhibit distinctly different behavior. After time step 2000, their
neural firing increases sharply for a brief interval before return-
ing to near-idle levels, whereas other UAVs remain largely idle
throughout. This demonstrates the event-based nature of the
SNN-based controllers, which adjust computational load and

Obs.1
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y (m)

—— Virtual Twin | |
»=== Edge Devices | |

20 ‘
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o~ I 4
Es e e e
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N Obs.2 3
10 2 g
; = 1
o
0 — — -1
0 10 20 30 40 50 60 70 80
x (m)
©
Fig. 10.  (a)—(c) obtained trajectories for UAVs from virtual twin com-

pared with obtained trajectories for edge devices utilizing signals repro-
duced by the SNN-based controllers for the moving UAV flock.

TABLE VI
RESOURCE UTILIZATION OF UAVS—MOVING FLOCK

UAV  Number of Spikes  Resource Utilization (%)

1 33730 4.5
2 73583 9.8
3 31362 4.2
4 39015 5.2
5 26067 3.5
6 23304 3.1

resource usage according to significant changes in input data. In
contrast, a traditional approach, such as an ANN, would remain
fully active at every time step, continuously consuming 100%
of available resources. Moreover, in our architecture, each SNN
operates independently, so elevated neural activity from UAVs
2 and 4 does not affect the other networks.

To qualitatively assess the resource consumption of UAVs
in this scenario, Table VI lists the number of spikes used by
each SNN-based controller to reproduce the desired control
signals. Given the SNN size and total simulation time, up to
750 000 spikes are available. As shown in Table VI, UAVs that
did not encounter obstacles used between 3% and 4.5% of their
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Fig. 11. Obtained spiking patterns for the UAVs in the moving flock.

possible spikes, whereas UAVs 2 and 4—both of which inter-
acted with obstacles—consumed around 10%. These findings
quantitatively confirm the spiking pattern observations, where
additional neural activity arises in response to obstacles, leading
to higher resource usage. Our architecture specifically addresses
operation during communication interruptions through a robust
learning and adaptation mechanism. During the initial learning
phase (first 50 time steps as described in Section II-A), each
UAV’s SNN develops a comprehensive internal representation
of the control policy by learning to reproduce cloud-generated
control signals. This representation is encoded primarily in the
slow connection weights (£25) as defined in (10), creating a
neural model of the desired control behavior. After this initial
learning phase, the SNNs demonstrate remarkable resilience to
communication disruptions. The networks can autonomously
generate appropriate control signals without continuous cloud
connectivity, receiving only periodic updates every five time
steps to maintain alignment with the cloud controller. This
designed intermittency confirms the system’s inherent robust-
ness to communication gaps—a critical advantage in real-world
deployment scenarios where connectivity cannot be guaranteed.
The spiking patterns visualized in Figs. 8 and 11 illustrate
another key efficiency of our approach: computational activity
concentrates during significant control signal transitions while
remaining minimal during stable flight phases. This event-driven
processing conserves computational resources when control
demands are low. Furthermore, as evidenced by (10), weight
updates depend on both the prediction error and current neural
activity, enabling the network to continuously refine its control
policy even during periods of limited communication. During
complete communication interruptions, the network leverages
its most recently updated error values and current filtered spike
trains to maintain effective control based on its learned policy.

IV. CONCLUSION

The proposed distributed cloud-edge architecture for multi-
UAV systems offers a transformative approach to addressing

the challenges of task complexity, energy efficiency, and real-
time adaptation in dynamic and obstacle-rich environments. By
integrating SNNs with nature-inspired control strategies, the
framework achieves a robust balance between local autonomy
and the computational capabilities of cloud-based controllers.
The architecture’s ability to maintain effective operation during
temporary cloud connectivity losses demonstrates its resilience
and adaptability, while its use of neuromorphic computing en-
sures energy efficiency and low-latency performance.

Experimental results in two distinct scenarios—collision-free
indoor deployment of 15 UAVs and formation control of a mov-
ing flock of six UAVs—highlight the framework’s effectiveness
in achieving optimal collision-free operations in complex en-
vironments. The synergy between SNN-based local controllers
and nature-inspired cloud-driven global strategies enables scal-
able decentralized control that can adapt to dynamic conditions
in real time. This approach represents a significant step forward
in the design of multiagent autonomous systems, particularly for
applications in urban and other complex operational domains.
Future work may focus on further optimizing the framework’s
scalability and exploring its potential in other multiagent con-
texts.
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