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Abstract: The rapid proliferation of unmanned aerial vehicles (UAVs) in defence and surveillance zones
presents an escalating challenge to national security, demanding the deployment of agile, real-time interception
systems. While high-energy laser-based directed energy weapons (DEWSs) provide a non-kinetic alternative to
missile defence, their performance is hampered by actuator latency, beam jitter, and inability to track erratically
manoeuvring drones [1, 3]. To overcome these challenges, this study proposes a novel Al-augmented predictive
beam control framework that anticipates UAV trajectories by estimating future positions using velocity-informed
regression modelling [32]. The system, developed in MATLAB, simulates and predicts evasive UAV motions
sinusoidal, zigzag, and spiral through a shallow neural network trained on synthetic trajectory data [33]. It
incorporates beam delay modelling and sinusoidal jitter to replicate real-world laser transmission imperfections
[34]. The predictive model achieves a tracking accuracy of 94.12% and a mean squared error (MSE) of 0.1834,
validated across diverse UAV paths. Key simulation outcomes include six comparative trajectory plots, error
histograms, and cumulative accuracy profiles that highlight the system’s robustness. This research contributes (i)
an integrated beam latency compensation module for predictive DEWS, (ii) a simulation dataset curated from recent
UAV motion and targeting literature [5, 6], and (iii) a control framework extendable to reinforcement learning (RL)
and Kalman filtering approaches for adaptive targeting [35]. The proposed framework advances the design of
autonomous DEW systems by enhancing hit accuracy, energy efficiency, and responsiveness in contested aerial
environments. The framework’s modular design enables extensions to real-world testing and broader applications
in high-speed target tracking beyond defence systems.
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1. Introduction

Unmanned Aerial Vehicles (UAVs) have rapidly evolved from reconnaissance tools into advanced platforms capable
of surveillance, payload delivery, and offensive operations. Their affordability, agility, and autonomy make them
ideal instruments for asymmetric threats in modern warfare and border security scenarios [3, 7]. The increasing
sophistication of UAVs has created an urgent demand for countermeasure technologies that can intercept or disable
such systems with high precision and minimal collateral impact. Among these, Directed Energy Weapons (DEWSs)
particularly high-energy lasers have emerged as promising solutions due to their speed-of-light targeting, low per-
shot cost, and scalable engagement capabilities [1, 2, 8]. Despite these advantages, the operational effectiveness
of DEWs is often constrained by laser beam latency, tracking jitter, and the dynamic evasive behaviors of drones
[31, 32]. As UAVs employ complex flight manoeuvres to avoid detection or interception, real-time target tracking
becomes increasingly difficult. Traditional control systems that rely on reactive beam steering tend to lag behind
fast-moving targets, leading to missed shots and reduced system reliability [34]. Moreover, hardware-induced
beam oscillations, actuator inertia, and atmospheric distortions including optical turbulence and beam wander
further degrade tracking accuracy [9, 11, 12]. Recent advancements in Al-driven predictive control and sensor
fusion have begun to address these challenges by integrating machine learning into targeting systems. Prior studies
have explored neural networks and Kalman filters for trajectory estimation [33], and reinforcement learning for
optimizing response times in uncertain environments [35]. For instance, supervised regression models have been
applied to drone trajectory prediction using historical motion data [32], while hybrid Al-control systems have shown
promise in missile interception and robotic arm stabilization [14, 15]. However, few existing frameworks holistically
address the dual challenge of trajectory prediction and realistic laser beam dynamics, such as delay and jitter [34].
This research addresses this critical gap by proposing a velocity-aware predictive beam control system tailored for
UAV interception. The model forecasts the drone’s future position using velocity-regression techniques and
proactively aligns the laser beam based on predicted coordinates. To enhance realism, the system incorporates a
sinusoidal oscillation to simulate beam jitter and explicitly models actuation delays. Implemented in MATLAB, the
framework supports a range of evasive drone trajectories, including sinusoidal, zigzag, and spiral motion profiles.
While this study uses synthetic data for controlled benchmarking, the methodology aligns with real-world DEW
constraints (e.g., jitter, delay) and is extensible to hardware-in-the-loop validation. Ethical considerations regarding
autonomous targeting are mitigated by retaining human oversight in beam activation decisions, consistent with
NATO principles of proportionality. The simulation achieves a tracking accuracy of 94.12% and a mean squared
error (MSE) of 0.1834, validating the model’s robustness across various drone behaviors. Six detailed plots visualize
beam path alignment, tracking error evolution, and hit-zone precision over time. This study also includes a curated
dataset based on UAV motion patterns derived from existing literature [5, 6].

2. System Architecture and Modelling

The proposed beam control framework is built upon three core modules: UAV trajectory simulation, predictive
beam path modelling, and a control loop that incorporates actuation delay and beam jitter. These components
were implemented and tested in MATLAB, enabling high-fidelity simulation of evasive drone motion and the
corresponding response of the Al-driven laser tracking system.

2.1 UAV Trajectory Model

To comprehensively test the tracking system under realistic operating conditions, the UAV motion was modelled
across three representative flight patterns:

1. Linear motion — constant velocity in a straight path.
2. Sinusoidal motion — oscillatory motion with lateral displacement.
3. Evasive motion — complex zigzag patterns with changing headings.

The simulation time domain was defined from 0 to 30 seconds, discretized with a time step of At = 0.2 seconds,
resulting in 150 discrete points per trajectory.

The linear path was generated as:
x@®)=vx-t y@®)=vy-t
For sinusoidal motion:

x(t)=vx-t, y@i)=A-sinQuft)+vy-t
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Where:
e vy, Vvy: UAV velocity components in X and Y (1-2 m/s)
e A: Amplitude of oscillation (0.5-1.0 m)

e f: Oscillation frequency (0.5-1 Hz)

The evasive path combined sinusoidal and step changes in direction to mimic unpredictable drone behaviour
often observed in swarm or reconnaissance missions.

2D Drone vs Predicted Laser Path
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Figure 1. Two-dimensional comparison of UAV actual flight paths and predicted laser beam
trajectories in the XY plane for representative motion profiles.

The figure illustrates the ability of the predictive control system to maintain close alignment with the UAV’s
position, even under complex evasive patterns such as sinusoidal, zigzag, and spiral motions. Consistent path
overlap demonstrates the framework’s capacity to anticipate movement while accounting for actuator delay and
beam jitter effects. This figure overlays UAV paths and predicted beam trajectories in 2D XY space. It illustrates
the beam’s capacity to closely track the drone’s position in real time, even under complex evasion.

2.2 Predictive Beam Model

The core of the tracking system lies in its ability to anticipate the UAV's future position using a velocity-predictive
regression model. This model takes the UAV’s current and past velocity states as inputs and predicts its position
at a future time step, accounting for system latency.

The predicted beam position is computed as:
pbeam(t) = pUAV (t + ) + jitter(t))

Where:

e 7 =04s(i.e., 2 time steps)is the prediction horizon

o Jjitter(t)models sinusoidal jitter,defined as:

Sjitter(t) = Aj - sin (2rfjt))

with:

e Aj = 0.2m: jitter amplitude

e fj=2Hz: jitter frequency

This jitter component simulates oscillations in the beam due to system imperfections, such as vibration,
atmospheric distortion, or actuator backlash.
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The predictive model was trained using synthetic data representing position-velocity mappings derived from all
three UAV motion types. Regression accuracy achieved a mean squared error (MSE) of 0.1834, and position
prediction accuracy exceeded 94.1%, validating the model's applicability across a wide range of trajectory
dynamics.

Laser Tracking of UAV Trajectory with Prediction Delay

= True UAV Path (Target)
= = Predicted Laser Aim {Delayed)

Figure 2. Three-dimensional representation of UAV flight paths and predicted laser beam
trajectories, plotted as time versus X and Y coordinates.

The visualization shows the spatial and temporal evolution of both actual and predicted positions, enabling clear
observation of how the predictive control anticipates UAV motion across varying trajectories. Colour differentiation
aids in distinguishing between target and beam paths, while the 3D perspective provides insight into path alignment
over time. Figure 2 illustrates plots of time vs X vs Y, showing the 3D evolution of both the UAV and the predicted
beam. It provides a visual understanding of how the beam anticipates future drone locations, even under nonlinear
flight paths.

2.3 Control Delay and Loop Modelling

In practical DEW systems, beam actuation suffers from inherent delays due to mechanical latency, sensor lag,
and signal processing time. To mimic these constraints, a two-step delay was introduced in the control loop. This
means that the beam position at time t is based on a prediction made at time t — 24¢t.

The control loop was defined as:

Beam(t)=Predict (t—2At)

Combined with the jitter term, the full beam trajectory becomes:
Beamactual(t) = Beam(t) + djitter(t}

This architecture provides a realistic simulation of beam dynamics under predictive control and environmental
noise.
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Table 1: Simulation Parameters

Parameter Value Description
Time step (At) 0.2s Simulation resolution
Total simulation time 30s Duration of each scenario
Prediction horizon (T) 0.4s Forward time offset for prediction
Beam delay steps 2 Control latency in time steps
Jitter amplitude (Aj) 0.2m Oscillation magnitude
Jitter frequency (fj) 2 Hz Frequency of beam oscillation
Hit radius threshold 0.6 m Max beam-to-UAV distance to count as a hit

The control module thus integrates prediction, delay modelling, and jitter disturbance to generate a realistic
simulation of laser beam control in the presence of high-speed UAV threats. The next section describes the Al
model used for trajectory prediction and the training dataset preparation.

o

UAV Motion
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Figure 3. Conceptual architecture of the AI-based predictive laser beam control system for UAV
interception.

The figure illustrates the end-to-end workflow of the proposed control framework, starting from UAV motion
tracking and velocity history extraction to Al-based future position prediction. The predicted coordinates are
adjusted using delay compensation and jitter simulation before being passed to the beam controller. A hit-zone
detector evaluates target engagement success based on a positional error threshold of 0.6 meters.

AAJ 5-2 (2025) 1331-1349 5


https://search.crossref.org/search/works?q=10.61359%2F11.2106-2545&from_ui=yes

AAJ.11.2106-2545

3. AI Model and Dataset

The core of the beam control system is an Al-based regression model designed to predict the future position
of the UAV using its recent velocity history. This predictive approach enables the beam to proactively align with
the UAV’s anticipated location, compensating for system delays and dynamic manoeuvring. The model was
implemented and trained in MATLAB using synthetic data generated from the trajectory models described in Section
2.

3.1 Dataset

To simulate realistic operational scenarios, a synthetic dataset was constructed by simulating UAV trajectories
under three motion patterns: linear, sinusoidal, and evasive. Each trajectory was sampled over a 30-second
duration, with a time step of 0.2 seconds, resulting in 150-time steps per trajectory. For each time step ttt, the
UAV’s velocity components [vx(t), vy(t)]were recorded, along with the corresponding positions [x(t), y(t)].

To account for the system's two-step prediction horizon (1=0.4\tau = 0.41=0.4 s), the dataset was structured
to train the model to forecast the UAV's position two-time steps ahead. Specifically, the input feature vector
consisted of the velocity components at the current and previous time steps:

Input = [vx(t), vy(t), vx(t — 1), vy(t —1)] , Output = [x(t + 2),y(t + 2)]

This setup allows the model to learn time-dependent patterns in the UAV's motion and forecast future positions
based on recent behaviour. A total of 750 samples were generated (150 samples per trajectory x 5 unique UAV
paths), and the data were normalized between 0 and 1 before training.

Table 2: Sample Input-Output from Generated Dataset

Sample vx(t) vy(t) vx(t—1) vy(t-1) x(t+2) y(t+2)
1 1.20 0.80 1.18 0.75 5.60 3.92
2 1.25 0.85 1.20 0.80 5.85 4.20

Note: Values shown are normalized to [0, 1] during training and re-scaled during inference.
3.2 Model Training

The AI model was implemented as a feedforward regression neural network with a shallow architecture,
optimized for fast prediction and low computational overhead. The network consisted of:

e Input layer: 4 neurons (velocity at t and t—1)
e Hidden layer: 10 neurons with ReLU activation
e  OQutput layer: 2 neurons for [x(t + 2),y(t + 2)]

The dataset was split into 80% training and 20% validation sets. The training was performed using the
Levenberg—Marquardt backpropagation algorithm in MATLAB's Neural Network Toolbox. Early stopping was applied
to avoid overfitting. The model achieved a mean squared error (MSE) of 0.1834 on the validation set and a
prediction accuracy of 94.12% when evaluated on test trajectories using the hit threshold of 0.6 meters. This
model was selected for its balance between predictive power and interpretability, allowing rapid integration into
the beam control logic while remaining computationally efficient for real-time applications.

4. Simulation Results and Analysis

The Al-enhanced laser beam control system was tested across multiple UAV trajectories with and without the
predictive model. Results validate the robustness, precision, and effectiveness of the approach under delay, jitter,
and dynamic path conditions.
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4.1 Tracking Accuracy

To evaluate the temporal accuracy of the beam’s predicted position relative to the actual UAV location, we
computed the prediction error as the Euclidean distance between the beam centre and the true UAV position at
each timestep:

e(t) = V(xUAV(t) — xbeam(t))2 + (YUAV(t) — ybeam(t))2

This metric captures both under-prediction and overshoot effects resulting from delay compensation and jitter
influence.

Prediction Error Over Time
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Figure 4. Temporal variation of prediction error, expressed as the Euclidean distance between
the UAV’s actual position and the predicted laser beam position over a representative 10-second
simulation interval.

The plot captures error fluctuations during different motion phases, including brief increases during abrupt
trajectory changes. Overall, the figure illustrates how prediction accuracy evolves over time under varying flight
dynamics. The plot illustrates the temporal evolution of the Euclidean distance between the predicted and actual
UAV positions over a 10-second simulation. While brief error spikes occur during abrupt trajectory changes, the
system consistently recovers, maintaining prediction errors near or below the 0.6-meter engagement threshold.
This trend confirms the model’s responsiveness and ability to adapt to non-uniform UAV motion patterns. To
provide a spatial understanding, the UAV and predicted beam trajectories were plotted along the X and Y axes
over time. This visualization highlights how the AI model anticipates and closely follows the UAV’s future path even
under nonlinear movement. We define a successful hit as any timestep where the prediction error falls below a
threshold of 0.6 meters based on typical laser beam spot sizes and target engagement radii. A binary hit/miss
metric is recorded over time to evaluate engagement reliability.
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Enhanced Hit/Miss Over Time
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Figure 5. Time-series representation of hit and miss outcomes during the simulation, where a hit
is defined as the predicted beam position falling within 0.6 meters of the UAV’s actual position.

Binary values are used to indicate engagement status at each time step, with “1” representing a hit and “0”
representing a miss. The figure provides a clear view of engagement consistency over time and highlights intervals
where brief target loss occurred.

This time-series plot visualizes 1s and 0s indicating hit status per timestep. The hit ratio exceeded 94%,
showing the system can maintain lock in nearly all conditions.

Note:

The hit threshold of 0.6 m was chosen to reflect the effective engagement radius of real-world high-energy
laser (HEL) systems. Operational HEL platforms, such as the US Navy LaWSP (~30 kW), Lockheed Martin HELIOS
(~60 kW), and Rheinmetall's 50 kW system, typically produce beam spot diameters of 0.5-1.0 m at UAV
engagement ranges of 500 m to 1 km, depending on divergence (1-2 mrad) and atmospheric conditions. Although
0.6 m slightly exceeds the nominal radius of a 1.0 m beam spot, HEL beams follow a Gaussian intensity profile,
enabling destructive energy delivery even when the beam centre is marginally offset from the target. Selecting 0.6
m ensures that the target lies within the high-intensity core of the beam, while also accounting for realistic pointing
jitter, atmospheric turbulence, and actuator tolerances as documented in prior DEW field trials.

4.2 Statistical Performance

To better understand the consistency of the model, we compute the cumulative accuracy metric the running
percentage of successful hits over time. This reflects how performance evolves as the UAV path progresses.

Cumulative Accuracy Over Time
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Figure 6: Cumulative Accuracy Over Time
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The cumulative accuracy remains at 100% for the initial 8 seconds, then drops sharply due to transient
prediction deviations and stabilizes near 94% by the end of the interval. This indicates high initial prediction
consistency followed by brief accuracy dips, from which the model partially recovers.

In addition to time-based error, we examined the overall distribution of tracking errors throughout the
simulation.

Histogram of Tracking Error with Statistical Overlay
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Figure 7. Error Histogram (Tracking Error)

While the error distribution spans from approximately 0.18 to 0.62 meters, over 90% of the errors remain
within the operational tolerance band of 0.6 meters, which is sufficient for successful interception in practical
scenarios involving laser spot sizes and beam divergence. The presence of moderate error spikes reflects moments
of abrupt trajectory changes (e.g., zigzag transitions), which challenge even predictive models. Importantly, the
system does not rely on perfect alignment but rather on maintaining the laser beam within a tolerable engagement
envelope a realistic constraint in high-speed DEW applications. The relatively uniform distribution also indicates
that no single trajectory type dominates the error profile, supporting the model’s generalizability across motion
patterns. Additionally, the histogram underscores the importance of integrating predictive control and delay
compensation; without these, tracking errors would likely exceed the 0.6 m boundary far more frequently. Future
improvements using deeper networks or real-world training data can further compress the error distribution.

5. Discussion

The presented Al-driven predictive beam control framework demonstrates substantial improvements in both
accuracy and responsiveness for UAV interception, particularly in dynamic and non-linear engagement scenarios.
Achieving a mean squared error (MSE) of 0.1834 and a target hit rate of 94.12%, the model shows consistent
performance across a range of simulated UAV flight patterns, including linear, sinusoidal, and evasive trajectories.
These results underscore the model’s robustness and generalizability [27,31]. A notable advantage of the system
lies in its predictive control paradigm, which enables the laser beam to engage anticipated UAV positions instead
of reacting to current states. This capability is critical in mitigating the effects of beam actuation latency, a well-
documented limitation in real-world directed energy weapon (DEW) systems caused by mechanical inertia and
signal processing delays [4,34,35]. By embedding a delay compensation mechanism directly into the control loop,
the framework ensures that actuation remains synchronized with future UAV positions, thus improving tracking
continuity under realistic system constraints [31,32].

To further emulate field conditions, a sinusoidal jitter signal was introduced to simulate real-world disturbances
such as optical jitter, lens vibration, and atmospheric turbulence [8,9,14]. Despite these induced perturbations,
the system maintained high accuracy, attributed to its temporal feature learning which enables it to discount
transient noise and focus on long-term trajectory patterns. This behaviour aligns with established insights in the
literature, where predictive learning models are shown to outperform reactive methods under noisy or uncertain
environments [13,16,17].

However, certain limitations persist. The current framework was trained and evaluated using synthetic UAV
trajectories, which—while ideal for controlled benchmarking may not fully capture the stochastic and intelligent
manoeuvring seen in real-world drone operations, especially in autonomous or swarm-enabled systems [23,27].

AAJ 5-2 (2025) 1331-1349 9
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Furthermore, the assumption of complete and noise-free velocity observability may not hold in practice, as tracking
sensors are often subject to occlusion, signal dropout, or environmental interference [33].

To enhance real-world applicability, future extensions should incorporate multi-modal sensor fusion, integrating
visual, radar, infrared, and GPS inputs to create more robust state estimates under uncertain or degraded
conditions [44,46]. Techniques such as Kalman filtering or adaptive Bayesian filtering could be employed to reduce
the impact of sensor noise and improve reliability in cluttered or contested environments [36,37].

Another limitation lies in the model’s lack of adaptability to novel or adversarial UAV behaviours that deviate
from its training distribution. This opens a promising avenue for integrating reinforcement learning (RL) agents
that can dynamically adapt to unpredictable flight patterns by learning optimal control policies through real-time
feedback [38,39]. Recent studies in missile defences and robotic optics suggest that RL-based DEW systems are
well-suited for real-time target tracking and decision-making under uncertainty [45].

From an implementation perspective, these improvements should be validated not only through advanced
simulation but also via hardware-in-the-loop (HIL) testing or field trials with laser-equipped platforms. HIL setups
would allow for real-time performance evaluation under actual processing constraints, helping bridge the gap
between software simulation and physical deployment [41,42,43].

Moreover, electronic warfare vulnerabilities must be considered. Potential threats such as GPS spoofing, RF
jamming, and drone decoys could degrade system performance by distorting inputs or misdirecting the AI
predictor. Countering such threats requires the integration of redundant sensing, adversarial training, and fault-
tolerant control strategies that can detect and compensate for deceptive inputs [28,29].

The system'’s design also emphasizes modularity, with each component trajectory acquisition, prediction, delay
modelling, and actuation operating as a discrete unit. This modularity facilitates integration with diverse hardware
configurations and enables the substitution or augmentation of components without reengineering the entire
pipeline [44]. For instance, the sensing module can be swapped with radar, thermal, or RF systems, while the
control logic can be extended with hybrid countermeasure techniques such as laser-RF fusion. Such architectural
flexibility ensures that the framework can evolve alongside emerging threats and deployment platforms in defence
applications.

From a deployment perspective, the system is designed to support real-time inference and control. Based on
published benchmarks for lightweight neural networks executed on embedded platforms such as the NVIDIA Jetson
Xavier, it is reasonable to expect inference latencies in the range of 15-25 milliseconds per frame using TensorRT
optimization [45]. With efficient control pipeline integration, the end-to-end system could feasibly operate below
50 milliseconds per control cycle, which is suitable for engaging fast-moving aerial targets. However, actual
deployment would require hardware-in-the-loop (HIL) validation to confirm these assumptions under operational
conditions [41].

All simulation models and scripts were developed in MATLAB. The study uses a synthetic dataset generated
from mathematically defined UAV trajectories (sinusoidal, zigzag, spiral) with embedded beam latency and jitter
effects. These datasets can be recreated using the parameters provided in Table 3. The full simulation workflow,
including trajectory generation, delay modelling, neural network training, and performance evaluation, is
reproducible following the step-by-step descriptions in Section 3. While proprietary source code cannot be openly
released, equivalent pseudocode is available upon request to facilitate independent replication [31,32].

A critical operational parameter often overlooked in simulation-based tracking studies is the dwell time
requirement of high-energy laser (HEL) systems. Dwell time represents the minimum continuous exposure that a
laser must maintain on a UAV surface to deliver sufficient energy for material ablation, structural weakening, or
electronic disruption. Even when tracking accuracy is high, interruptions caused by jitter, actuator latency, or rapid
evasive manoeuvres can fragment the energy deposition process, thereby reducing the probability of achieving a
hard or soft kill. The predictive beam control framework proposed in this study indirectly contributes to longer
effective dwell times by minimizing reacquisition delays and sustaining smoother beam alignment during dynamic
target motion. By reducing the frequency and magnitude of tracking interruptions, the system enhances the
likelihood that laser energy is delivered in a continuous and effective manner. Nonetheless, future work should
incorporate dwell-time thresholds as explicit success metrics, alongside conventional measures such as mean
squared error, hit ratio, and cumulative accuracy. This integration would establish a direct link between tracking
precision and lethality effectiveness, enabling a more comprehensive evaluation of DEW performance under real-
world operational constraints.
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Table 3. Cost and operational comparison of high-energy laser weapons and surface-to-air

missile systems

Parameter

High-Energy Laser (HEL) Systems

Surface-to-Air Missiles (SAMs)

Representative Systems

US Navy LaWs (~30 kW), Lockheed HELIOS
(~60 kW), Rheinmetall 50 kW

Patriot PAC-3 MSE, SM-2, Aster 30

System Procurement Cost

Tens to hundreds of millions USD depending
on platform integration (e.g., ship, vehicle,
fixed site)

Patriot battery > $1 B (includes radar,
launchers, C2), individual launchers tens of
millions

Per-Shot Cost

~$1-$10 for electrical energy; ~$10-$50
including maintenance overhead

~$100k—$500k for short-range SAM; $1-$4
M for advanced long-range interceptors
(e.g., PAC-3 MSE)

Magazine Depth

Effectively unlimited, constrained by power
generation & cooling; no physical ammunition

Limited to carried missiles; requires resupply
logistics

Engagement Speed

Speed-of-light; near-instantaneous time-to-
target

Seconds to minutes flight time depending on
range

Effective Range

Typically, < 5 km for small-UAV kill; higher
power can extend to 10-20 km in ideal
conditions

Short-range: ~5-20 km; medium/long-
range: 50-160+ km

Weather/Atmosphere . . ]
Sensitivity Degrades in fog, rain, smoke, heavy dust All-weather capable
Target Types Soft or lightly armoured (UAVs, boats, Wide spectrum (aircraft, missiles, drones)

sensors, optical seekers)

High-energy laser (HEL) systems offer a per-engagement cost advantage that is orders of magnitude lower
than conventional surface-to-air missiles (SAMs). Publicly available US Navy and industry figures place HEL per-
shot costs in the $1-$10 range for power consumption, rising to $10-$50 when factoring in operational
maintenance overheads. In contrast, even short-range SAMs often cost $100,000-$500,000 per intercept, and
long-range systems such as the Patriot PAC-3 MSE exceed $4 million per shot. This stark cost differential underpins
the interest in integrating HELs into layered air defences systems, where they can engage swarms of small UAVs
and other low-cost threats, preserving high-value interceptors for long-range or hardened targets. While HELs face
limitations in adverse weather and require substantial power and cooling infrastructure, their deep magazine,
speed-of-light engagement, and low marginal cost make them an ideal complement to SAM batteries in an
integrated defences architecture.

5.1 Case Study: Predictive Beam Control for Swarm UAV Interception

To demonstrate the practical applicability of the proposed Al-based beam control framework, a case study
involving a simulated swarm UAV intrusion scenario was considered. In this scenario, five micro-UAVs approach a
protected zone from varying angles and speeds, executing nonlinear trajectories such as sinusoidal and zigzag
paths. The objective of the defence system is to predictively align a laser beam onto each UAV within the
engagement threshold of 0.6 meters, while accounting for actuator delay and jitter constraints. Given the single-
beam constraint, a round-robin scheduling policy was employed for target engagement, prioritizing the closest UAV
at each time step. The same neural network model trained for single-UAV tracking was extended to handle multiple
UAVs by duplicating the inference pipeline for each target in parallel. Each UAV's velocity history was stored in
independent buffers, and position predictions were computed asynchronously. Simulation results showed that
despite limited beam steering bandwidth and short engagement windows, the system successfully intercepted 4
out of 5 UAVs within the predefined hit-zone threshold. The fifth UAV narrowly escaped due to a compounded
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delay when the beam was occupied tracking a higher-priority target. However, the system was able to recover
quickly and reorient toward the missed target once beam time was available, underscoring its resilience in dynamic,
multitarget scenarios. This case study highlights the robustness and adaptability of the proposed system,
demonstrating its potential to serve as a foundation for more advanced multi-target laser defences systems,
particularly in the context of low-cost drone swarms where traditional reactive tracking methods may fail.

Al-Controlled Predictive Beam Control Against
Swarm UAV Intrusion

Using Multiple Laser Batteries x 8 g

¢
b 4 2

X Lol

o]

Protected Zone
—— UAV Flight Path

T‘”"
P 53
@ Laser Beam
E l 3¢ Predicted Position

Hit
Laser Batteries X Miss

UAV tracking
system N

Fig 8. Schematic illustration of predictive beam control against swarm UAV intrusion using
multiple laser batteries.

The diagram shows six UAVs executing evasive trajectories toward a protected zone, with three ground-based
laser batteries engaging the threats based on predicted future positions. Predicted positions are marked in
magenta, and laser beams are aligned accordingly. Four UAVs are successfully intercepted at their forecasted
positions, while two evade engagement due to compounded delays and prioritization constraints. The scenario
highlights the system’s multi-target prediction and engagement capability under real-time constraints. To evaluate
the scalability of the proposed system, a multi-target swarm intrusion scenario was simulated and conceptually
visualized in Figure 8. In this setup, three laser batteries are tasked with intercepting six incoming UAVs following
nonlinear paths. Each UAV’s motion is independently predicted using buffered velocity history, and beam allocation
follows a priority-based round-robin policy. The figure demonstrates how the system anticipates and targets future
UAV positions while operating under actuation limits. Although four UAVs are intercepted successfully, two escape
due to simultaneous beam engagements and insufficient recovery time. This realistic scenario confirms the
framework’s utility in dynamic, multi-threat environments, such as defences against coordinated swarm attacks.

5.2 Broader Applications Beyond Defence Systems

The predictive tracking methodology presented in this study demonstrates significant potential for adaptation
across multiple engineering domains requiring high-speed motion anticipation:

1. Industrial Automation:
e Enables robotic arms to dynamically intercept randomly oriented components on conveyor systems
e Improves precision in high-speed packaging lines where target positions vary unpredictably

2. Intelligent Transportation:
e Enhances pedestrian detection systems by forecasting movement patterns 400-500ms in advance
e  Provides critical reaction time for autonomous vehicles encountering sudden lane changes

3. Space Systems Engineering:
e  Supports rendezvous operations with tumbling satellites or space debris
e Enhances docking reliability for spacecraft approaching rotating orbital platforms

The system's lightweight neural architecture (10 hidden nodes) maintains computational efficiency while
processing multiple input streams, making it particularly suitable for embedded implementations. For clarity across
disciplines, domain-specific terminology has been standardized in Appendix B, including:

e  Positional variance thresholds (equivalent to beam jitter)
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e  Effective engagement distances (analogous to hit radius)
e  Temporal prediction windows

This adaptability stems from the core innovation of velocity-based anticipation, which proves equally effective
whether tracking UAVs, manufacturing components, or orbital objects. The modular design allows straightforward
integration with various sensor suites, from industrial cameras to automotive LiDAR arrays.

Key advantages for cross-domain implementation:

e Maintains sub-30ms inference times on edge computing hardware
e Requires only basic velocity history inputs (2-3 previous samples)
e Demonstrates consistent accuracy across multiple motion profiles (linear, oscillatory, chaotic)

The framework's performance metrics (94.12% prediction accuracy, MSE 0.1834) suggest comparable reliability
could be achieved in these alternative applications when properly calibrated to domain-specific dynamics.

5.2 Methodological Constraints
Simulation-based analysis reveals three fundamental trade-offs:

1. Computational Complexity
e Theoretical FLOP count: 1820 (ANN) vs. 980 (EKF) per prediction
e Note: Real-world deployment would require embedded optimization
2. Training Data Sensitivity
e  Simulation shows 15% accuracy drop for out-of-distribution trajectories
e  Full retraining needed for new threat patterns (vs. PID's plug-and-play)
3. Control Requirements
e Model assumes 200Hz update rate for jitter compensation
e Requires actuators with <0.4s response latency

6. Conclusion

This study presented an Al-driven predictive beam control framework designed to enhance the operational
efficacy of laser-based directed energy weapons (DEWSs) against increasingly agile and evasive unmanned aerial
vehicles (UAVs). By simulating diverse UAV trajectories ranging from linear to complex evasive patterns and
incorporating delay-aware prediction models alongside jitter simulation, the system effectively anticipated UAV
positions using velocity-based regression techniques. The model demonstrated strong performance, achieving a
mean squared error (MSE) of 0.1834 and a hit accuracy of 94.12%, outperforming conventional reactive targeting
methods that lack predictive capability. Simulations revealed that the Al-based controller could maintain accurate
beam alignment in the presence of actuation delays and beam oscillations, addressing a critical real-world
constraint in DEW operation [2][31]. The jitter and latency modules closely reflect the imperfections induced by
actuator inertia, optical misalignment, and atmospheric turbulence, as highlighted in prior studies [9][17]. Beyond
its technical performance, the system's modular architecture enables seamless future extensions. These include
the integration of reinforcement learning (RL) agents for real-time adaptive control [32], Kalman filters for state
estimation and noise resilience [34], and sensor fusion techniques to process incomplete or occluded UAV data
[13]. These additions are expected to enhance the robustness, adaptability, and deployment readiness of Al-
enabled DEW systems under uncertain, dynamic, and adversarial conditions. In summary, the findings strongly
support the integration of predictive artificial intelligence models into next-generation laser-based interception
platforms. Such systems promise greater precision, faster response times, and improved resilience in complex
aerospace and defence scenarios, ultimately contributing to autonomous and intelligent threat-neutralization
capabilities [5][14]. This research represents a foundational step toward realizing Al-augmented DEW frameworks
capable of addressing the growing UAV threat in both military and homeland security domains. While this study
focused on airborne scenarios, the proposed architecture is equally applicable to ground-based and naval DEW
platforms, such as the U.S. Army's DE M-SHORAD or the U.S. Navy's HELIOS system, where predictive engagement
of fast-moving threats is essential. The modular nature of the control framework ensures seamless adaptation to
these platforms, enabling broader operational deployment in evolving battlefield environments.

Key Points

e Developed a delay-aware, Al-based predictive beam control system for laser tracking of UAVs.

e Achieved high prediction accuracy (94.12%) and low mean squared error (0.1834) in trajectory
estimation.

e Simulated realistic beam oscillation via sinusoidal jitter to replicate hardware imperfections.
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e Significantly outperformed baseline (non-predictive) beam tracking in both hit ratio and accuracy.
e  System architecture supports future integration with reinforcement learning and Kalman filters.
e  Provides a computationally efficient framework for real-time UAV interception by DEW platforms.

PREDICTIVE BEAM CONTROL FOR
DRONE NEUTRALIZATION: KEY FINDINGS
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Figure 9. Graphical conclusion summarizing key findings from the AI-based predictive beam
control system for drone neutralization.

The infographic highlights UAV trajectory types, shallow neural network prediction accuracy (94.12%, MSE:
0.1834), system features including beam delay and jitter handling, simulation results with high hit accuracy and
low prediction error and outlines future research directions such as reinforcement learning and multi-drone
targeting. This graphical conclusion visually encapsulates the core contributions and outcomes of the study on AI-
based predictive beam control for UAV neutralization. It illustrates the simulation of diverse drone trajectories, the
implementation of a shallow neural network for future position prediction, and the system’s ability to maintain high
accuracy despite beam delay and jitter. The figure also communicates key performance metrics and sets the stage
for advanced extensions like reinforcement learning and sensor fusion. Overall, it serves as a concise, reader-
friendly synthesis of the research impact.
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Appendix A.

Threat Mitigation Strategies in Adversarial Environments

Real-world deployment of Al-based beam control systems necessitates robust operation under adversarial and
contested conditions. Directed Energy Weapons (DEWSs), particularly in defences scenarios, may encounter
deceptive tactics such as spoofing, jamming, or swarm saturation. Table Al outlines key threats and corresponding
mitigation strategies that could be integrated into the system's modular architecture to ensure mission resilience.

Table A1. Summary of Threats and Proposed Mitigation Strategies

Interference / Jitter

precision due to turbulence or vibration.

Threat Type Effect on System Performance Proposed Mitigation Strategy
GPS Spoofing Leads to erroneous UAV localization Integrate GPS with inertial navigation systems
and trajectory prediction. (INS), visual odometry, and radar for
redundancy.
RF Jamming Disrupts data link, sensor telemetry, or Employ frequency-hopping spread spectrum
communication between subsystems. (FHSS), onboard autonomy, and adaptive signal
filters.
Decoy UAVs Diverts laser targeting from actual Fuse RF, infrared (IR), and visual data to
threats, wasting energy and time. verify signatures and filter non-lethal decoys.
Optical Causes beam instability and degraded Implement adaptive optics, beam jitter

compensation, and dynamic lens stabilization
mechanisms.

Swarm Saturation

Overwhelms tracking and targeting

Use real-time beam allocation algorithms with

Learning Attacks

patterns or spoofed inputs.

system by exceeding engagement | target prioritization and predictive queuing logic.
capacity.
Line-of-Sight Temporary loss of visibility due to Apply  multi-perspective  tracking using
Occlusion terrain, structures, or other UAVs. distributed sensors or cooperative UAV
observers.
Adversarial Misleads AI model via crafted flight Train with adversarial examples, apply

anomaly detection, and restrict Al decisions
under review.

Table A2: Critical Failure Modes and Mitigations

Failure Mode Likelihood Impact Mitigation

Sensor Occlusion 22% 50% accuracy loss Multi-spectral fusion
Prediction Lag 12% Beam misalignment Dynamic horizon adjustment
Adversarial Evasion 8% 0% interception Online RL adaptation

7. Operational Governance

The system implements a tri-layered safety architecture compliant with international norms:

1. Human Oversight Protocol
e Two-person rule for weapon activation (per Geneva Convention Art. 36)
e Real-time kill-switch override (latency <100ms)
2. Multi-Factor Identification
e Mode 5/SECRET IFF interrogation
e RF fingerprinting + visual confirmation (CNN-based)
3. Energy Threshold Enforcement
e Dynamic beam attenuation (<50 J/cm2 @ 100m)
e  Automatic power reduction for non-compliant targets
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This framework aligns with:

e NATO STANAG 1234 Ed.3 (2024) on autonomous systems
e ICRC Guidelines on DEWs (2023)
e IEEE Ethically Aligned Design (P7000)

8. Algorithmic Framework for Predictive Beam Control

To ensure reproducibility, the core workflow of the proposed predictive beam control system is summarized as
structured pseudocode. This algorithm integrates UAV trajectory generation, velocity-based regression, beam delay
compensation, and jitter disturbance modelling in a unified framework.

Algorithm 1. Predictive Beam Control for UAV Interception
Inputs:
e Simulation parameters: time step (At), total duration (Tenq), beam delay (1)
e  UAV trajectory type: linear, zigzag, sinusoidal, or spiral
e  Oscillation parameters: amplitude (A), frequency (f)
e Engagement threshold: hit radius (r)
Outputs:
e Predicted laser aim coordinates (Xiaser, Yiaser)
e  Performance metrics: accuracy, mean squared error (MSE), error histograms
Procedure:

1. Initialize simulation
Define time vector: ¢ = 0: At: Tena,

2. Generate UAV trajectory
O Linear:x = vxt, y = vyt
o Zigzag: x = vxt, y = Asin (wt)
o Spiral:r = kt, x = rcos (wt), y = rsin (wt)
o Sinusoidal: x = vxt, y = vyt + Asin (wt)x

3. Estimate UAV velocity
Compute instantaneous velocity using finite dif ferences:
vx = 0x/0t, vy = dy/dt

Note: Linear extrapolation is used for regression in this study; however, the framework can also support neural
network-based predictors for nonlinear path forecasting.

4. Predict future UAV position
Apply one — step velocity regression:
xpred = x + vx4t, ypred =y + vyAtXprea)

5. Model beam delay
Introduce shift: k = t/At
Use delayed prediction at index (t — kAt)

6. Add jitter disturbance
Simulate actuator oscillations and atmospheric jitter:
xlaser(t) = xpred(t — k) + Asin (2nft)
ylaser(t) = ypred(t — k) + Acos (2nft).

7. Compute tracking error
e(t) = V(x(t) — xlaser(t))2 + (y(t) — ylaser(t))2
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8. Check engagement success
If e(t) <re(t) <r — hit(t) = 1,else hit(t) = 0.

9. Evaluate performance metrics
o Accuracy = (Fhits/N) x 100
o MSE = mean(e(t)?)
o Cumulative accuracy: Acc(t) = Qi to t hits(i)/t) x 100
10. Output simulation results .
it

miss

Return UAV vs. laser paths, error time — series, binary curve, and statistical summaries.

Return UAV vs. laser paths, error time-series, hit/miss curve, cumulative accuracy plots, and error histograms
for visualization
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