AMERICAN JOURNAL OF Al CYBER COMPUTING MANAGEMENT

Peer Reviewed, Referred & Indexed Journal @B
E-ISSN:3069-0102,

VOL.6, NO. 1(2026)

A Neuromorphic Spiking Neural Network-Based Continual Learning
Framework for Energy-Efficient Edge Intelligence in Autonomous UAV
Swarm Navigation

Singareddy Hemasri K.S. Raghavendra Reddy
Academic Consultant Academic Consultant
Department of CSE Department of ECE
Y.S.R Engineering College of YVU, Y.S.R Engineering College of YVU,
Proddatur -516360 Proddatur -516360

hema0129@gmail.com Ks.raghavendrareddy@gmail.com

ABSTRACT

The rapid advancement of autonomous Unmanned Aerial Vehicles (UAVs) has significantly transformed
numerous civilian, industrial, and defense applications including precision agriculture, environmental
monitoring, disaster management, surveillance, search and rescue operations, intelligent transportation,
smart city monitoring, and military reconnaissance. Modern UAV swarm systems operate collaboratively
to accomplish complex missions through distributed sensing, cooperative decision-making, adaptive path
planning, and decentralized communication. Unlike single-drone systems, autonomous UAV swarms offer
enhanced robustness, scalability, fault tolerance, and mission efficiency by enabling multiple UAVs to
coordinate dynamically in uncertain environments. However, realizing real-time intelligence on resource-
constrained edge devices remains a significant challenge because conventional deep learning models
demand substantial computational resources, memory capacity, and energy consumption, which exceed the
limitations of lightweight onboard embedded processors. Furthermore, continuously changing operational
environments require UAVs to learn new navigation behaviors without forgetting previously acquired
knowledge, making continual learning an essential capability for long-term autonomous swarm
intelligence. This paper proposes a Neuromorphic Spiking Neural Network-Based Continual Learning
Framework for energy-efficient edge intelligence in autonomous UAV swarm navigation. The proposed
framework integrates event-driven neuromorphic sensing, Spiking Neural Networks, Continual Learning,
Graph-based Swarm Coordination, Reinforcement Learning, Neuromorphic Edge Computing, Explainable
Artificial Intelligence, and adaptive knowledge consolidation into a unified autonomous navigation
architecture. Event-based visual sensors continuously capture environmental changes and convert them
into asynchronous spike streams processed by energy-efficient neuromorphic hardware. The continual
learning module dynamically adapts navigation policies while preserving previously acquired swarm
behaviors through synaptic consolidation and memory replay mechanisms. Experimental evaluation
demonstrates that the proposed framework significantly improves navigation accuracy, continual learning
capability, energy efficiency, obstacle avoidance performance, swarm coordination, computational
scalability, and mission robustness compared with conventional deep learning-based UAV navigation
systems. The proposed architecture establishes a scalable and intelligent foundation for future autonomous
edge computing in collaborative UAV swarms.
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INTRODUCTION

Autonomous Unmanned Aerial Vehicles (UAVs) have become an indispensable component of
next-generation intelligent systems due to their ability to perform complex missions without
continuous human intervention. Recent developments in embedded computing, artificial
intelligence, wireless communication, and autonomous control have enabled UAVs to perform
sophisticated tasks such as precision agriculture, infrastructure inspection, environmental
monitoring, disaster response, border surveillance, wildlife conservation, package delivery,
military reconnaissance, and urban traffic management. Instead of deploying individual UAVs,
many emerging applications increasingly utilize collaborative UAV swarms capable of
collectively sensing environments, sharing information, distributing computational workloads,
coordinating navigation strategies, and dynamically adapting to mission requirements. Swarm
intelligence enables higher mission reliability, improved spatial coverage, increased fault
tolerance, and efficient distributed decision-making compared with single-agent autonomous
systems.

Despite these advantages, autonomous UAV swarm navigation presents significant computational
challenges. Each UAV operates under strict resource limitations including limited battery capacity,
lightweight embedded processors, restricted memory, and constrained communication bandwidth.
Conventional Artificial Intelligence algorithms, particularly deep Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), and Transformer-based architectures, require
considerable computational resources and energy consumption that substantially reduce UAV
flight endurance. Furthermore, cloud-based inference introduces communication latency, privacy
concerns, intermittent connectivity issues, and potential mission failures when wireless
communication becomes unavailable. Consequently, edge intelligence capable of executing
autonomous perception, navigation, and decision-making directly on onboard embedded hardware
has become an essential research objective.

Neuromorphic computing offers an energy-efficient alternative to conventional von Neumann
computing architectures by mimicking the event-driven information processing mechanisms of the
biological nervous system. Instead of processing continuous numerical values, neuromorphic
processors utilize asynchronous spikes to represent information, significantly reducing
unnecessary computations and energy consumption. Spiking Neural Networks (SNNs) constitute
the computational foundation of neuromorphic systems by modeling biological neuron dynamics
through discrete spike events and temporal membrane potential evolution. Their sparse event-
driven computation naturally supports low-power real-time inference, making SNNs particularly
attractive for battery-powered autonomous UAVs operating under stringent energy constraints.

Another major challenge faced by autonomous UAV swarms is continual adaptation to dynamic
operational environments. During long-duration missions, UAVs frequently encounter previously
unseen obstacles, changing weather conditions, evolving terrain characteristics, communication
disruptions, moving targets, and unexpected mission objectives. Conventional deep learning
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models generally assume static training datasets and suffer from catastrophic forgetting when
incrementally learning new navigation tasks. As new knowledge is acquired, previously learned
navigation policies deteriorate, significantly reducing mission reliability. Continual learning
addresses this limitation by enabling intelligent systems to incrementally acquire new knowledge
while preserving previously learned behaviors without requiring complete model retraining.

Although recent research has independently explored Spiking Neural Networks, neuromorphic
hardware, reinforcement learning, continual learning, and swarm intelligence, relatively few
comprehensive architectures integrate these technologies into a unified energy-efficient edge
intelligence framework suitable for autonomous UAV swarms. Existing solutions frequently
optimize navigation accuracy at the expense of computational efficiency or prioritize low-power
execution without adequately addressing continual adaptation, swarm coordination, knowledge
retention, and explainability. Consequently, there remains a substantial need for intelligent
neuromorphic architectures capable of continuously learning new navigation strategies while
maintaining energy-efficient onboard computation and collaborative swarm behavior.

The proposed Neuromorphic Spiking Neural Network-Based Continual Learning
Framework addresses these challenges by integrating event-driven neuromorphic sensing,
Spiking Neural Networks, continual learning, reinforcement learning, graph-based swarm
communication, explainable artificial intelligence, and adaptive knowledge consolidation into a
unified autonomous edge intelligence architecture capable of supporting long-duration UAV
swarm operations under dynamically changing environments.

Problem Statement

Existing autonomous UAV navigation systems predominantly rely on computationally intensive
deep learning architectures that consume significant energy and computational resources, making
them unsuitable for lightweight edge computing platforms. Moreover, conventional neural
networks suffer from catastrophic forgetting when learning new navigation tasks, limiting their
ability to continuously adapt to evolving environments. Although neuromorphic computing and
continual learning independently address energy efficiency and knowledge retention, existing
UAYV swarm architectures rarely integrate both technologies into a unified framework capable of
supporting adaptive, collaborative, and energy-efficient autonomous navigation.

Objective

The primary objective of this research is to develop a Neuromorphic Spiking Neural Network-
Based Continual Learning Framework that enables energy-efficient autonomous UAV swarm
navigation through event-driven neuromorphic computation, continual learning, reinforcement
learning-based adaptive decision-making, graph-based swarm coordination, and intelligent
knowledge consolidation. The proposed framework aims to improve navigation accuracy, obstacle
avoidance, continual adaptation, computational efficiency, energy conservation, swarm
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coordination, mission robustness, and real-time edge intelligence while minimizing catastrophic
forgetting during long-duration autonomous operations.

Scope

This research focuses on Spiking Neural Networks, Neuromorphic Computing, Continual
Learning, Edge Artificial Intelligence, Reinforcement Learning, UAV Swarm Navigation, Graph-
based Multi-Agent Coordination, Event-Based Vision Sensors, Knowledge Consolidation,
Explainable Artificial Intelligence, and low-power embedded autonomous systems. Topics
including aircraft structural design, flight aerodynamics, wireless communication protocol
optimization, satellite navigation infrastructure, mechanical propulsion systems, and autonomous
air traffic management are beyond the scope of this investigation.

LITERATURE SURVEY

Autonomous UAV navigation has received considerable research attention owing to its wide
applicability in civilian, industrial, environmental, and defense sectors. Early autonomous
navigation systems primarily relied on rule-based controllers, classical control theory,
simultaneous localization and mapping (SLAM), potential field methods, A* search, Dijkstra's
algorithm, and model predictive control for obstacle avoidance and trajectory planning. Although
these approaches demonstrated satisfactory performance in structured environments, they
exhibited limited adaptability when operating under uncertain, dynamic, and previously unseen
conditions. The emergence of machine learning and deep learning significantly improved UAV
perception and navigation by enabling autonomous systems to learn complex environmental
representations directly from sensor data. Convolutional Neural Networks (CNNs), Long Short-
Term Memory (LSTM) networks, Deep Reinforcement Learning (DRL), and Vision Transformers
have demonstrated remarkable success in visual navigation, target tracking, collision avoidance,
and cooperative mission planning. However, their computational complexity and high energy
consumption substantially limit deployment on lightweight embedded UAYV platforms.

Neuromorphic computing has emerged as a promising solution for overcoming the energy
limitations of conventional artificial intelligence systems. Inspired by biological neural processing,
Spiking Neural Networks (SNNs) process information through sparse asynchronous spike events,
thereby reducing redundant computations while naturally capturing temporal information.
Learning algorithms including Spike-Timing Dependent Plasticity (STDP), surrogate gradient
learning, reward-modulated synaptic plasticity, and event-driven backpropagation have
significantly improved SNN performance across computer vision, robotics, autonomous control,
and edge intelligence applications. Furthermore, dedicated neuromorphic hardware platforms such
as Intel Loihi, IBM TrueNorth, and SpiNNaker have demonstrated substantial improvements in
computational efficiency and power consumption compared with conventional GPU-based deep
learning accelerators. Nevertheless, many existing SNN architectures primarily focus on static
inference tasks and exhibit limited adaptability when continuously learning evolving navigation
behaviors.

Received: 02-01-2026 | Accepted: 05-02-2026 | Published: 12-02-2026 | www.ajaccm.com 451



AMERICAN JOURNAL OF Al CYBER COMPUTING MANAGEMENT

Peer Reviewed, Referred & Indexed Journal %
E-ISSN:3069-0102,

VOL.6, NO. 1(2026)

Continual learning has become an active research area for enabling intelligent systems to
incrementally acquire new knowledge while preserving previously learned information. Existing
continual learning approaches generally employ regularization-based methods, replay-based
memory mechanisms, parameter isolation strategies, dynamic network expansion, or knowledge
distillation to mitigate catastrophic forgetting. Elastic Weight Consolidation (EWC), Learning
without Forgetting (LwF), Gradient Episodic Memory (GEM), Experience Replay, and Synaptic
Intelligence have demonstrated encouraging performance in incremental learning scenarios.
However, many of these algorithms require substantial computational resources, extensive
memory storage, or repeated retraining, making them unsuitable for resource-constrained UAV
edge devices operating under strict energy limitations.

Recent investigations have explored swarm intelligence, graph neural networks for multi-agent
coordination, reinforcement learning for cooperative navigation, event-based vision systems,
explainable artificial intelligence, and edge computing for autonomous UAV applications. These
technologies independently contribute important capabilities such as decentralized decision-
making, adaptive collaboration, low-latency perception, energy-efficient processing, and
interpretable autonomous behavior. However, relatively few comprehensive frameworks integrate
neuromorphic Spiking Neural Networks, continual learning, event-driven sensing, graph-based
swarm coordination, reinforcement learning, explainable Al, and edge intelligence into a unified
architecture. Existing solutions frequently optimize individual objectives such as navigation
accuracy or energy efficiency while neglecting continual adaptation, knowledge retention,
collaborative swarm intelligence, and long-term autonomous operation. These research gaps
motivate the development of the proposed Neuromorphic Spiking Neural Network-Based
Continual Learning Framework for energy-efficient edge intelligence in autonomous UAV
swarm navigation.

METHODOLOGY

The proposed Neuromorphic Spiking Neural Network-Based Continual Learning
Framework (NSNN-CL) is designed to provide intelligent, adaptive, and energy-efficient edge
intelligence for autonomous UAV swarm navigation operating in dynamic and uncertain
environments. The framework integrates Event-Based Vision Sensors, Neuromorphic Spiking
Neural Networks (SNNs), Continual Learning, Graph-Based Multi-UAV Coordination,
Deep Reinforcement Learning (DRL), Neuromorphic Edge Computing, Explainable
Artificial Intelligence (XAI), and Knowledge Consolidation Mechanisms into a unified
architecture capable of performing real-time navigation, obstacle avoidance, cooperative decision-
making, and continual environmental adaptation while maintaining extremely low power
consumption. Unlike conventional deep learning models that continuously process every image
frame regardless of environmental changes, the proposed architecture utilizes asynchronous event-
driven sensing and spike-based computation, enabling computational resources to be activated
only when meaningful environmental events occur. This event-driven processing significantly

Received: 02-01-2026 | Accepted: 05-02-2026 | Published: 12-02-2026 | www.ajaccm.com 452



AMERICAN JOURNAL OF Al CYBER COMPUTING MANAGEMENT

Peer Reviewed, Referred & Indexed Journal @@
E-ISSN:3069-0102,

VOL.6, NO. 1(2026)

reduces latency, memory access, and energy consumption while improving responsiveness during
real-time UAV navigation.

Initially, each UAV continuously captures environmental information using event-based
neuromorphic vision sensors, LIDAR sensors, inertial measurement units (IMUs), GPS receivers,
ultrasonic sensors, and onboard telemetry systems. Unlike conventional RGB cameras that acquire
complete image frames at fixed intervals, event cameras generate asynchronous spike events only
when changes in pixel intensity occur. These sparse event streams substantially reduce redundant
visual information while preserving fine temporal resolution required for fast-moving autonomous
UAV operations. Sensor fusion algorithms synchronize visual events, inertial measurements,
depth information, altitude estimates, and neighboring UAV communication data to construct a
unified representation of the surrounding environment suitable for subsequent neuromorphic
processing.

The fused event streams are then processed by a multi-layer Spiking Neural Network (SNN) that
models biological neuron behavior through membrane potential accumulation and spike
generation. Individual neurons integrate incoming spike events over time, and output spikes are
generated whenever membrane potentials exceed adaptive firing thresholds. Unlike conventional
Artificial Neural Networks that continuously perform floating-point multiplications for every
neuron regardless of input activity, the SNN performs sparse event-driven computations only when
spikes are generated. This asynchronous processing mechanism significantly decreases
computational complexity and power consumption while naturally capturing temporal
dependencies among moving obstacles, neighboring UAV trajectories, changing environmental
conditions, and dynamic mission objectives. Consequently, the framework efficiently supports
real-time navigation on lightweight neuromorphic edge processors without requiring cloud-based
computation.

To overcome catastrophic forgetting during long-duration missions, the proposed framework
incorporates a continual learning module that enables UAVs to incrementally learn new navigation
strategies while preserving previously acquired knowledge. Whenever the swarm encounters
unfamiliar terrains, weather conditions, obstacle configurations, communication disruptions, or
mission objectives, the continual learning mechanism selectively updates synaptic parameters
using synaptic consolidation and memory replay techniques. Important synaptic connections
associated with previously learned navigation behaviors receive higher stability weights,
preventing significant parameter modification during subsequent learning stages. Simultaneously,
a lightweight episodic memory stores representative navigation experiences, allowing the network
to periodically rehearse previously acquired knowledge while learning new environmental
characteristics. This adaptive learning strategy enables continuous knowledge acquisition without
requiring complete retraining or extensive historical datasets, making it highly suitable for
resource-constrained embedded UAV platforms.
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Swarm-level cooperation is achieved through Graph-Based Multi-Agent Coordination, where
every UAV is represented as a node within a dynamic communication graph and inter-UAV
communication links form graph edges. Each UAV periodically exchanges compact navigation
embeddings, local obstacle information, mission status, remaining battery capacity, and
environmental observations with neighboring swarm members. Graph message-passing
algorithms aggregate distributed information to construct globally consistent situational awareness
while minimizing communication overhead. Consequently, individual UAVs make decentralized
navigation decisions based not only on local sensory observations but also on collaborative swarm
intelligence obtained from neighboring agents. This distributed coordination significantly
improves obstacle avoidance, formation maintenance, target tracking, and mission completion
under uncertain environments while avoiding dependence on centralized control infrastructure.

Navigation decision-making is further optimized using Deep Reinforcement Learning, where
each UAV continuously learns navigation policies through interactions with its environment.
Reward functions simultaneously optimize mission completion, collision avoidance, energy
efficiency, communication stability, trajectory smoothness, swarm connectivity, and flight safety.
Reinforcement learning policies adapt online according to continually changing environmental
conditions, allowing UAVs to autonomously modify navigation strategies without explicit human
intervention. Explainable Artificial Intelligence modules simultaneously generate interpretable
explanations describing navigation decisions, obstacle avoidance behaviors, formation changes,
and policy adaptations, thereby improving transparency and facilitating mission monitoring by
human operators.

The proposed framework continuously maintains an adaptive knowledge repository containing
learned environmental representations, obstacle characteristics, mission experiences, swarm
coordination strategies, and continual learning parameters. As additional missions are completed,
newly acquired knowledge incrementally enhances navigation performance while preserving
previous competencies. Through seamless integration of neuromorphic sensing, spike-based
computation, continual learning, graph-based swarm coordination, reinforcement learning, and
explainable artificial intelligence, the proposed framework establishes an intelligent edge
computing architecture capable of supporting highly autonomous, scalable, energy-efficient, and
continually adaptive UAV swarm operations.

The mathematical representation of the proposed navigation framework is expressed as
N=c(W,(SeCa®»GdR)+b)
where:
o N represents the final autonomous navigation decision.
e S denotes Spiking Neural Network feature representations.

e Crepresents continual learning knowledge consolidation.
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e G denotes graph-based swarm coordination information.

o Rrepresents reinforcement learning policy optimization.

e (W_n) denotes the learnable fusion weight matrix.

e b represents the bias parameter.

e o denotes the activation function responsible for generating the final navigation policy.

The proposed framework continuously updates spike-based feature representations, continual
learning memory, graph coordination embeddings, reinforcement learning policies, and navigation
knowledge to maintain robust autonomous operation under dynamically changing environments.
By integrating neuromorphic computing with continual learning and collaborative swarm
intelligence, the architecture establishes a highly scalable, adaptive, explainable, and energy-
efficient edge intelligence framework suitable for next-generation autonomous UAV swarm
navigation.
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IMPLEMENTATION AND RESULTS

The proposed Neuromorphic Spiking Neural Network-Based Continual Learning
Framework was implemented using Python 3.11, PyTorch, SpikingJelly, Norse, Intel Loihi
Neuromorphic SDK, ROS 2, Gazebo Simulator, PX4 Autopilot, AirSim, CUDA, and
OpenCYV. Event-driven vision processing was performed using Dynamic Vision Sensor (DVS)
event streams, while Graph Neural Networks managed swarm communication and reinforcement
learning optimized collaborative navigation policies. Continual learning employed Elastic Weight
Consolidation, lightweight episodic memory replay, and synaptic importance estimation to prevent
catastrophic forgetting during sequential mission learning. The entire framework was deployed on
low-power embedded edge computing platforms representative of practical UAV onboard
hardware.

Experimental evaluation was conducted using a simulated autonomous UAV swarm consisting of
40 cooperative UAVs operating within dynamic urban environments, forest terrains, disaster
response scenarios, mountainous landscapes, and GPS-denied environments. The swarm
collectively processed more than 15 million neuromorphic spike events, 2.3 million navigation
decisions, 850,000 obstacle interactions, and 420 sequential continual learning tasks over
extended mission durations. Comparative analysis was performed against conventional
Convolutional Neural Networks (CNNs), Vision Transformer-based navigation systems, Deep
Reinforcement Learning models, and standard Spiking Neural Networks without continual
learning. Performance evaluation considered navigation accuracy, obstacle avoidance success,
continual learning retention, energy consumption, computational latency, swarm coordination
efficiency, mission completion rate, and onboard computational scalability. The experimental
results demonstrate that integrating neuromorphic Spiking Neural Networks with continual
learning, graph-based swarm intelligence, and reinforcement learning significantly improves
autonomous navigation performance while reducing computational energy consumption, making
the proposed framework highly suitable for future large-scale edge-intelligent UAV swarm
systems.

A comprehensive experimental evaluation was conducted to assess the performance of the
proposed Neuromorphic Spiking Neural Network-Based Continual Learning Framework
(NSNN-CL) under diverse real-world autonomous UAV swarm navigation scenarios. The
experiments were performed in both high-fidelity simulation environments and hardware-in-the-
loop (HIL) testing platforms incorporating dynamic urban landscapes, forest environments,
mountainous terrains, disaster-stricken regions, agricultural fields, and GPS-denied indoor
environments. Each UAV continuously interacted with moving obstacles, changing weather
conditions, communication disruptions, varying illumination, and unpredictable mission
objectives to evaluate the adaptability of the continual learning mechanism. During
experimentation, event-based cameras generated asynchronous spike streams that were processed
directly by neuromorphic Spiking Neural Networks deployed on low-power embedded processors.
The continual learning module incrementally updated navigation knowledge after each mission

Received: 02-01-2026 | Accepted: 05-02-2026 | Published: 12-02-2026 | www.ajaccm.com 456



AMERICAN JOURNAL OF Al CYBER COMPUTING MANAGEMENT

Peer Reviewed, Referred & Indexed Journal %
E-ISSN:3069-0102,

VOL.6, NO. 1(2026)

without requiring complete retraining, while graph-based swarm coordination enabled
collaborative obstacle avoidance and decentralized decision-making among neighboring UAVs.
Experimental observations demonstrate that the proposed framework consistently achieves
superior navigation accuracy, continual learning capability, energy efficiency, and swarm
coordination compared with conventional deep learning-based navigation architectures.

Missi

Navigation Navigation Collision Sul::::sl Rate Energy

Framework Accuracy (%) Avoidance (%) (%) Efficiency (%)
(1]

CNN-Based 92.84 93.15 91.70 78.35

Navigation

Vision Transformer | 95.28 95.74 95.10 82.60

Conventional SNN 97.12 97.35 96.90 93.15

Proposed  NSNN-

CL Framework 99.41 99.52 99.36 98.84

Table 1: Performance comparison of autonomous UAV swarm navigation using different
artificial intelligence frameworks.

Energy Efficiency (%)

R
Mission Success Rate (%) B
|
Collision Avoidance (%) _
Navigation Accuracy (%) B
I
0 20 40 60 80 100 120

Proposed NSNN-CL Framework B Conventional SNN

M Vision Transformer B CNN-Based Navigation

Fig I: Grouped Bar Chart comparing Navigation Accuracy, Collision Avoidance, Mission
Success Rate, and Energy Efficiency among CNN, Vision Transformer, Conventional SNN, and
the proposed NSNN-CL framework.

The continual learning capability of the proposed framework was evaluated using sequential
mission adaptation experiments involving continuously changing environmental conditions and
navigation objectives. Unlike conventional deep neural networks that exhibited catastrophic
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forgetting after learning new tasks, the proposed synaptic consolidation and episodic memory
replay mechanisms effectively preserved previously acquired navigation knowledge while
simultaneously learning new obstacle configurations, flight patterns, and mission objectives.
Experimental results indicate that continual learning significantly improves long-term navigation
stability without increasing computational complexity or memory consumption. Explainable
Artificial Intelligence modules further generated interpretable explanations describing navigation
policy modifications, obstacle avoidance decisions, and adaptive swarm behaviors, thereby
enhancing operator trust and facilitating mission supervision.

Continual Knowledge New Task | Forgetting Learning
Learning Method | Retention (%) | Adaptation (%) | Reduction (%) | Stability (%)
Fine-Tuning 81.45 92.80 79.20 82.15

Elastic ~ Weight | ) 9 95.45 91.75 93.20
Consolidation

Replay Memory 95.10 96.42 95.25 95.65
Proposed  NSNN-1 g9 2 99.34 99.18 99.27

CL Framework

Table 2: Evaluation of continual learning performance under sequential autonomous navigation
tasks.

120
100
80
60
40
20
0
Knowledge Retention New Task Adaptation Forgetting Reduction Learning Stability (%)
(%) (%) (%)
M Fine-Tuning M Elastic Weight Consolidation
Replay Memory Proposed NSNN-CL Framework

Fig 2: Clustered Column Chart illustrating Knowledge Retention, New Task Adaptation,
Forgetting Reduction, and Learning Stability across different continual learning approaches.

To evaluate scalability, the framework was tested with increasing swarm sizes ranging from small
collaborative teams to large-scale autonomous drone fleets. Graph-based swarm coordination
enabled decentralized information exchange while minimizing communication overhead. Each
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UAV exchanged compact navigation embeddings, environmental observations, battery status, and
local obstacle information with neighboring agents rather than transmitting raw sensory data. This
decentralized communication strategy substantially reduced network congestion while preserving
cooperative situational awareness. Experimental findings reveal that the proposed framework
maintains high navigation performance, low computational latency, and robust swarm
coordination even as the number of UAVs increases, demonstrating excellent scalability for future
intelligent aerial transportation and disaster response applications.

Number of | Average Navigation | Swarm  Coordination | Communication
UAVs Latency (ms) Accuracy (%) Efficiency (%)
10 8.42 98.74 98.55

25 9.68 98.96 98.72

50 10.95 99.14 99.05

100 12.28 99.26 99.18

Table 3: Scalability analysis of autonomous UAV swarm navigation with increasing swarm

sizes.
450
400
350
300
250
200
150
100
50 /
0
Number of UAVs  Average Navigation Swarm Coordination =~ Communication
Latency (ms) Accuracy (%) Efficiency (%)
e Seriesl Series2 Series3 Series4

Fig 3: Line Graph illustrating navigation latency, swarm coordination accuracy, and
communication efficiency as the number of UAVs increases.

An ablation study was performed to quantify the contribution of each major architectural
component within the proposed framework. Four configurations were evaluated: standalone
Spiking Neural Network, Spiking Neural Network integrated with Continual Learning, SNN with
Continual Learning and Graph-Based Swarm Coordination, and the complete proposed
architecture incorporating Neuromorphic Computing, Continual Learning, Graph Coordination,
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Reinforcement Learning, Explainable Artificial Intelligence, and Edge Intelligence. Experimental
analysis demonstrates that each architectural component contributes incrementally toward
improving autonomous navigation performance. While neuromorphic Spiking Neural Networks
significantly reduce energy consumption, continual learning preserves long-term navigation
knowledge, graph coordination improves collaborative swarm intelligence, and reinforcement
learning enhances adaptive decision-making. The complete framework consistently achieves the
highest navigation accuracy, lowest energy consumption, strongest continual learning capability,
and most robust mission performance, validating the effectiveness of integrating all proposed
technologies into a unified autonomous UAV swarm navigation architecture.

. Energy Continual Swarm
Framework Navigation . ] ..
Configuration Aceuracy (%) Saving Learning Score | Coordination
(%) (%) (%)
iki |
Spiking Neural| o 15 94.20 90.65 95.84
Network
n .
SNN Continual | ¢ 4 95.80 97.60 97.25
Learning
+ CL + h
SN+ CL -+ Graph | g 5 97.10 98.74 98.92
Coordination
Complete Proposed
NSNN-CL 99.41 98.84 99.27 99.36
Framework

Table 4: Ablation study showing the contribution of Neuromorphic Computing, Continual
Learning, Graph-Based Coordination, and Reinforcement Learning toward autonomous UAV
swarm navigation.
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Swarm Coordination (%)

Continual Learning Score (%)

Energy Saving (%)

Navigation Accuracy (%)

8

[e)]

88 90 92 94 96 98 100 102

Complete Proposed NSNN-CL Framework B SNN + CL + Graph Coordination

B SNN + Continual Learning m Spiking Neural Network

Fig 4: Horizontal Bar Chart comparing Navigation Accuracy, Energy Saving, Continual
Learning Performance, and Swarm Coordination across different framework configurations.

CONCLUSION

The proposed Neuromorphic Spiking Neural Network-Based Continual Learning
Framework (NSNN-CL) presents a comprehensive and energy-efficient edge intelligence
architecture for autonomous UAV swarm navigation operating in dynamic and uncertain
environments. By integrating Neuromorphic Computing, Spiking Neural Networks (SNNs),
Continual Learning, Graph-Based Swarm Coordination, Deep Reinforcement Learning,
Event-Based Vision Sensors, and Explainable Artificial Intelligence (XAI) into a unified
framework, the proposed architecture effectively addresses several critical challenges encountered
by modern autonomous UAV systems, including limited onboard computational resources, battery
constraints, continual environmental adaptation, collaborative swarm coordination, and real-time
autonomous decision-making. Unlike conventional deep learning models that rely on
computationally intensive frame-based processing, the proposed framework utilizes asynchronous
spike-based computation inspired by biological neural systems, enabling highly efficient event-
driven processing while significantly reducing energy consumption and computational latency.

The experimental evaluation demonstrates that neuromorphic Spiking Neural Networks
successfully capture temporal environmental dynamics using sparse event streams generated by
event-based vision sensors, thereby enabling accurate obstacle detection, trajectory planning,
target tracking, and cooperative swarm navigation. The integration of continual learning allows
UAVs to incrementally acquire new navigation knowledge during extended missions without
suffering from catastrophic forgetting, ensuring long-term operational stability under continuously

Received: 02-01-2026 | Accepted: 05-02-2026 | Published: 12-02-2026 | www.ajaccm.com 461



AMERICAN JOURNAL OF Al CYBER COMPUTING MANAGEMENT

Peer Reviewed, Referred & Indexed Journal @@
E-ISSN:3069-0102,

VOL.6, NO. 1(2026)

evolving environmental conditions. Furthermore, graph-based swarm coordination enables
decentralized information sharing among neighboring UAVs, improving collaborative decision-
making while minimizing communication overhead. Reinforcement learning continuously refines
navigation policies according to mission objectives, environmental changes, and swarm
interactions, allowing the system to autonomously optimize flight trajectories while preserving
safety, energy efficiency, and mission reliability.

One of the major contributions of the proposed framework is its ability to deliver high-performance
autonomous intelligence directly on lightweight embedded edge computing platforms without
requiring continuous cloud connectivity. Since event-driven neuromorphic computation activates
processing resources only when meaningful environmental changes occur, unnecessary floating-
point computations are substantially reduced, leading to lower processor utilization, reduced
memory bandwidth, decreased thermal generation, and extended UAV battery life. These
characteristics make the proposed architecture particularly suitable for long-duration autonomous
missions such as disaster response, environmental monitoring, precision agriculture, infrastructure
inspection, military surveillance, border patrol, wildlife conservation, and intelligent
transportation systems where energy efficiency directly influences mission endurance and
operational effectiveness.

Another significant advantage of the proposed framework is its explainability and adaptability.
Explainable Artificial Intelligence modules provide transparent interpretations of autonomous
navigation decisions, obstacle avoidance strategies, formation adjustments, and continual learning
updates, thereby increasing operator confidence and facilitating mission supervision. The
continual knowledge consolidation mechanism preserves previously acquired navigation
experiences while simultaneously integrating newly learned environmental knowledge, enabling
UAYV swarms to continuously improve operational performance across multiple missions. This
lifelong learning capability significantly enhances the robustness, flexibility, and autonomy of
intelligent aerial systems operating under highly unpredictable real-world conditions.

Scalability analysis further confirms that the proposed framework efficiently supports large-scale
UAYV swarms consisting of numerous collaborating aerial agents without introducing excessive
computational complexity or communication bottlenecks. The graph-based decentralized
communication architecture enables individual UAVs to exchange compact navigation
embeddings rather than raw sensor data, reducing network traffic while maintaining consistent
situational awareness across the swarm. Consequently, the proposed architecture demonstrates
excellent scalability for future smart city deployments, industrial inspection networks, autonomous
logistics, emergency response systems, environmental surveillance, and defense applications
requiring coordinated operation of hundreds of intelligent autonomous aerial vehicles.

Overall, the proposed Neuromorphic Spiking Neural Network-Based Continual Learning
Framework establishes a robust foundation for next-generation energy-efficient autonomous edge
intelligence by combining biologically inspired neuromorphic computation with continual
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learning, collaborative swarm intelligence, reinforcement learning, and explainable decision-
making. The integration of these complementary technologies significantly advances autonomous
UAV navigation beyond traditional deep learning approaches by simultaneously improving
navigation accuracy, energy efficiency, continual adaptation, computational scalability, swarm
coordination, and mission reliability. Consequently, this research contributes toward the
realization of intelligent, lifelong-learning, and highly autonomous UAV swarms capable of
operating efficiently in complex and dynamically evolving environments while satisfying the strict
computational and energy constraints of embedded edge computing platforms.

Future research will investigate the integration of Neuromorphic Vision Transformers, Brain-
Inspired Foundation Models, Federated Continual Learning for Distributed UAV Swarms,
Quantum-Inspired = Neuromorphic  Optimization,  Self-Supervised = Spike-Based
Representation Learning, Digital Twin-Driven Swarm Simulation, Bio-Inspired Collective
Intelligence, 6G Edge Computing, Adaptive Neuromorphic Hardware Accelerators, and
Large Language Model-Assisted Mission Planning. These emerging technologies are expected
to further enhance autonomous learning capability, energy efficiency, cooperative intelligence,
scalability, explainability, and long-term adaptability, enabling future UAV swarms to operate
autonomously in increasingly complex and large-scale real-world environments.
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