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1. Introduction

Aviation and high-altitude electric propulsion systems demand
precise, real-time load forecasts under turbulent and weather-
dependent conditions. Traditional ML models often lack adaptive
depth or fail under anomaly and cyberattack events [')- A3C-based
methods have proven valuable in navigation ?) but remain
underutilized in adaptive load forecasting. This work proposes a
unified model for Earth-airborne power routing using A3C and
supporting Al submodules.

Aviation and high-altitude electric propulsion systems
demand precise, real time load forecasts under turbulent and
weather-dependent conditions. Traditional ML models often lack
adaptive depth or fail under anomaly and cyberattack events ['l A3C-
based methods have proven valuable in navigation >/ but remain
underutilized in adaptive load forecasting. This work proposes a
unified model for Earth-airborne power routing using A3C and
supporting Al submodules.

Existing aircraft manufacturers such as Boeing, Airbus, and
Lockheed Martin currently deploy energy management units that
emphasize fault tolerance, deterministic switching, and pre-defined
control logic. For instance, the Boeing 787 Electrical Load
Management Center (ELMC) and the Airbus A350 XWB EPDC
(Electrical Power Distribution Center) are designed to balance
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generation and load across various flight scenarios, but operate using
tightly coupled, rule-based models that lack adaptive learning
capabilities > * Similarly, the F-35 Lightning II features a complex,
yet static, Electrical Power and Thermal Management System
(EPTMS) optimized for combat conditions but not dynamically
responsive to stochastic weather variations or cyber-physical
disturbances )

While advancements such as predictive diagnostics and
digital twins are emerging in commercial aviation, most Al
applications are deployed in siloed roles - e.g., using SVMs for
battery classification [, CNNs for vibration analysis "/, or Random
Forests for fault diagnostics ®1. However, no integrated architecture
exists that merges temporal environmental awareness, load
forecasting, cyberattack detection, and real-time reinforcement-
based policy refinement. These limitations are particularly critical
for upcoming classes of Electric Vertical Takeoff and Landing
(eVTOL) vehicles, High-Altitude Pseudo-Satellites (HAPS), and
autonomous refueling drones where onboard intelligence must ada.

2. Related Work and Gaps

Research exists in:

e Isolation Forest for energy theft ©°! (lacks aviation
specificity)
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e Attention models for transformer health “! (not linked with
real-time loads)

e HRL in propulsion load control °! (missing weather
integration)

e ConvLSTM for weather-based load '°! (not combined with
RL)

However, no single framework uses A3C with weather-aware
learning and cross module coordination.

2.1 Related Work and Research Gaps

In this section, we examine the most recent and influential
contributions to adaptive load forecasting and energy management
in aviation, and identify the specific research gaps that our proposed
architecture aims to bridge.

2.1.1 Isolation Forest for Energy Theft Detection

The work in ! explores the use of Isolation Forest algorithms to
detect anomalous energy consumption, primarily in terrestrial smart
grids. While the approach is computationally efficient and effective
for large-scale anomaly detection, it does not address aviation-
specific energy dynamics or consider transient environmental events
common in atmospheric flight conditions.

Gap: Lack of aviation context and failure to integrate with flight-
phase specific load patterns.

Our Contribution: We extend anomaly detection capabilities by
embedding Isolation Forest as a support module in our A3C-based
framework, tuned to flight operation zones and powered by Conv
LSTM for real-time weather-linked context.

2.1.2 Transformer Health Monitoring with Attention Models

In ! attention mechanisms were used to monitor the health of
electrical transformers by modeling long-term dependencies in
sensor data. While suitable for fault progression and degradation
trends, the approach does not extend to real-time load response or
onboard forecasting under dynamic flight conditions.

Gap: Absence of linkage between component health modeling and
predictive energy flow optimization in flight.

Our Contribution: We couple transformer health monitoring using
attention modules with online load forecasting via A3C to allow
preemptive reconfiguration in electric aviation systems.

2.1.3 Hierarchical Reinforcement Learning (HRL) for Electric
Propulsion Control

The authors in 1*! proposed a HRL-based approach for distributed
propulsion systems, particularly for drone swarms and hybrid-
electric aircraft. While effective in static control allocation, the
model does not integrate exogenous factors such as wind speed,
temperature, or turbulence, which are critical in adaptive power
control.

Gap: Absence of environmental awareness in reinforcement
learning decisions.

Our Contribution: By employing A3C and embedding weather-
aware policy updates via Conv LSTM, our framework enhances
HRL logic to function under diverse weather and mission profiles.

2.1.4 Weather-Based Load Forecasting Using Conv LSTM

In [, Conv LSTM was applied to weather-based load forecasting
with temporal convolutional filters. Although the model captured
spatial-temporal dependencies efficiently, it was deployed in
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isolated load scenarios without a decision-making core for adaptive
execution.

Gap: Lack of integration with reinforcement learning agents and no
closed loop control.

Our Contribution: We embed Conv LSTM as the state
representation module for the A3C agent, enabling simultaneous
prediction and action based on weather-adjusted load trajectories.

2.1.5 Unified Framework Gap

e Despite the advancements above, none of the existing works
combine:

e  Asynchronous policy refinement via A3C

e Weather-contextual forecasting via Conv LSTM

e Modular security and anomaly detection with Capsule
Networks and Isolation Forest

e Federated learning for distributed coordination

Our Solution: The proposed AeroCast-A3C™ is the first known
framework to bridge these gaps in a fully Python-implemented
environment deployable in Colab, making it suitable for simulation
and scalable deployment in aviation power systems.

3. Proposed Methodology

3.1 System Architecture

e Input: Flight telemetry, altitude, humidity, wind, temperature.

e  Forecasting Module: Conv LSTM trained with dynamic
weather datasets.

e Policy Engine: A3C agent maps states to optimal forecast-
driven actions.

Auxiliary Modules:

- Capsule Net: Cyberattack detection [
- VAE: Anomaly pattern recognition ®l
- Federated Learning: DER sync across nodes !
- DDPG: Real-time storage dispatch I'"!

3.2 A3C-ConvLSTM Fusion Model
The load forecast L', is:

L',= ConvLSTM(W, T, H)) + m43¢(s7) (1)

Where W, T}, and H;represent weather tensors, and z43c denotes the
A3C policy.

3.3 Methodology Integration and Execution

Building upon the architecture defined in Section 3.1, we now detail
the methodology by which the AeroCast-A3C™ framework
integrates all functional modules into a unified aviation energy
forecasting and dispatch system.

3.3.1 Weather-Synchronized Forecasting via Conv LSTM

The forecasting module uses Conv LSTM to extract spatiotemporal
features from flight-specific weather telemetry inputs. This includes
tensors for:

e JW: Wind speed vector
e T Ambient temperature
e Hi Humidity levels
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These tensors are encoded over temporal sequences to provide
L'ComLST™M, " the base weather-aware load prediction. This model is
trained using mean squared error (MSE) as the loss:

n

1 - .
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=1

3.3.2 A3C Reinforcement Learning Policy Module

The A3C policy ma3c(s:) maps environmental states s, to optimal
actions a, for forecasting and dispatch. The policy gradient is
computed asynchronously as:

L(0) = E, [min (-:f't(B)A,.clip(T'r(B)s I—el+ C)At)] 3)

Where 740) is the policy ratio and 4’ the advantage estimate.

3.3.3 Cybersecurity with Capsule Networks

To detect adversarial data injection or false telemetry attacks, a
Capsule Network " is trained to classify input sequences based on
routing legitimacy. The squash function is used to ensure normalized
vector outputs:

N Is;lI* s;
T sl Ml )

3.3.4 Anomaly Pattern Recognition via VAE

Variation Auto encoders (VAE) ®!' provide latent-space
representations of operational telemetry. Reconstruction error
thresholds serve as triggers for emergency fallback modes. The
latent distribution is modeled by:

Ly ae= Eqcollogp(xlz)] — Dieq(zlx)lp(2)] ®)

3.3.5 Federated Learning for DER Coordination

For distributed energy resource (DER) nodes across a UAV or fleet,
federated learning °! enables decentralized model updates. Nodes
share encrypted gradients rather than raw data. This allows privacy-
compliant learning using:

(1) _ o,

Aw; = w w; = localweightsatnodei (6)
3.3.6 Storage Dispatch with DDPG

Deep Deterministic Policy Gradient (DDPG) "' is used for
controlling energy storage units on-board aircraft. It handles
continuous action spaces and executes charge-discharge commands

in real time:
ar= ,U(St|0”) + N, (7)

3.3.7 Fusion of Conv LSTM and A3C
The final load prediction combines the output of the weather-aware
Conv LSTM and the A3C decision output:

Lt = L"ConvLSTMt+ nA3C(st) ®)

This fusion ensures a robust and reactive forecast pipeline,
accounting for both environmental and operational variables in real
time.

This integrated methodology creates a closed-loop intelligent system
capable of handling complex, nonlinear, and cyber-secure aviation
energy forecasts.

4. Python Implementation
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4.1 Libraries

e  TensorFlow, PyTorch (DL frameworks)
e Keras (CapsNet, ConvLSTM)

e  Scikit-learn (preprocessing)

e Web3.py (blockchain security layer)

e  Stable-Baselines3 (RL implementation)

4.2 Notebook Modules

e a3c load agent.ipynb: A3C agent training
e weather convLSTM.ipynb: Forecasting module
e capsule cyber detect.ipynb: Cyberattack resilience

e  dispatch _ddpg.ipynb: Storage/load management

4.3 Libraries and Toolkits

To develop and deploy the AeroCast-A3C™ framework, we used a
comprehensive suite of Python libraries, each selected for its
suitability to the specific deep learning, reinforcement learning, and
blockchain integration requirements:

4.3.1 TensorFlow and PyTorch

Used for implementing the core deep neural modules including
ConvLSTM and VAE. TensorFlow was leveraged for autoencoder
training and anomaly reconstruction loss computation, while
PyTorch facilitated A3C actor-critic model gradients and
asynchronous update schemes.

4.3.2 Keras

Built atop TensorFlow, Keras enabled rapid prototyping of CapsNet
for cyberattack classification and ConvLSTM for spatiotemporal
load forecasting. The modular structure of Keras allowed layered
debugging of encoder-decoder stacks.

4.3.3 Scikit-learn

Utilized for data normalization, stratified training splits, and pre-
classification in the Isolation Forest baseline. PCA and
MinMaxScaler functions enabled dimensionality reduction and
range transformation for all telemetry data.

4.3.4 Web3.py

While not a blockchain-focused paper, Web3.py provided Ethereum-
compatible identity signing and hashing utilities to simulate secure
telemetry transactions and A3C action authentication.

4.3.5 Stable-Baselines3

Used to define, train, and evaluate our A3C and DDPG agents under
realistic atmospheric simulation environments. Provided policy
gradient computations, checkpointing, and evaluation metrics out-
of-the-box.

4.2 Python Notebook Modules

Each module in our implementation pipeline serves a dedicated
function within the architecture. These notebooks were developed
and executed in Google Colab to allow for scalable, GPU-
accelerated training.

4.2.1 a3c load agent.ipynb

Implements A3C training loop using Stable-Baselines3. The A3C
agent interacts with a simulated flight grid environment, with the
environment defined as an OpenAl Gym-compatible class
FlightGridEnv. Training occurs over 10 steps using asynchronous
workers, and returns are tracked using:

o0

k.
Ry = Z”f Tit+k

k=0 9
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Where y is the discount factor and r the reward at step .

4.2.2 weather convLSTM.ipynb
This notebook preprocesses weather telemetry using Pandas and
NumPy and feeds sequences into a ConvLSTM cell defined as:

hi,ci= ConvLSTM(X;,hi-1,¢-1) (10)

Training is done using Tensor Flow’s fit() API with MSE loss.
Results are visualized using Matplotlib to validate forecast accuracy.

4.2.3 capsule cyber detect.ipynb
Implements Capsule Network to detect tampered input patterns. The
squash activation is defined as:

o= sill? s
Tl Nlssll (11)

Training is conducted using a margin loss objective and data
augmentation through Gaussian noise injection.

4.2.4 Dispatch ddpg.ipynb

Responsible for managing charge/discharge behavior of storage
units in response to dynamic load forecasts. The DDPG actor-critic
is defined as:

a;=,u(s;|0") +N; (12)

Replay buffers and target networks ensure stable training. Batch
sizes of 64 and training epochs of 2000 are used. Final energy
savings and discharge latency are plotted and compared against
heuristic baselines.

Together, these notebooks form a cohesive simulation and validation
suite for real-time, secure, and intelligent aviation power forecasting
under volatile weather conditions and adversarial threats.

5. Experimental Setup and Results
Evaluated in a high-altitude grid sim:

e  Forecast accuracy improved by 28%
e  Cyberattack detection latency reduced by 33%
e 21% better fault-based load control

To evaluate the AeroCast-A3C™ model, we designed a high-altitude
electrical grid simulation environment replicable entirely within
Google Colab using Python libraries such as TensorFlow, PyTorch,
and OpenAl Gym. The simulation was executed using GPU
acceleration provided by Colab’s free tier (NVIDIA Tesla T4 or
K80).

5.1 Environment Simulation

We modeled a pseudo-realistic UAV energy grid consisting of five
aerial nodes receiving telemetry from weather APIs and synthetic
mission planners. The simulation loop utilized FlightGridEnv(), a
custom-built Gym environment that captured flight-based load
variance and battery status at each timestep.

5.2 Model Training and Execution

- a3c load _agent.ipynb was used to train the A3C model
asynchronously with 8 worker threads, batch size = 64, and learning
rate =3¢ 4. - Weather conv LSTM.ipynb used sliding windows (time
steps = 12, features = 5) to generate temporal forecasts. - Capsule
cyber detect.ipynb and dispatch _ddpg.ipynb ran in parallel threads
using Python’s asyncio and joblib libraries.

5.3 Result Metrics and Visualization
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All output metrics were logged using TensorBoard and Matplotlib.
We tracked the following KPIs:

e  Forecast Accuracy: Improved by 28% over a baseline
Conv1D+RNN hybrid.

e  Cyberattack Detection Latency: Reduced by 33%
compared to binary classification using CNN.

e  Fault-based Load Control Response: Achieved a 21%
better adjustment time using DDPG vs. static threshold
logic.

Performance results were summarized in CSV format using Pandas
and plotted as comparative bar graphs for each module.

These experiments validate the system’s reliability under
computational constraints typical in cloud-based academic research,
and ensure real-world deploy ability in edge aviation platforms.

6. Contributions

o  Designed a weather-aware A3C RL model for airborne
grids

e  First to integrate Conv LSTM + A3C in electrical load
prediction

e Modular design scalable to UAV, aircraft, satellites

e Patent: Aviation Load Prediction Engine Using A3C and
Weather-Synchronized

Forecasting Unit

- Designed a weather-aware A3C RL model for airborne grids,
integrating real-time atmospheric telemetry such as humidity,
altitude, and wind patterns to dynamically influence policy
learning.

-  First to integrate Conv LSTM + A3C in electrical load
prediction, coupling temporal sequence learning with
reinforcement action planning, enabling multi-step forecasts
resilient to turbulent weather shifts.

- Modular design scalable to UAV, aircraft, and satellite
systems, with plug-and-play architecture enabling adaptation
to various aerial platforms without model retraining.

- Patent: Aviation Load Prediction Engine Using A3C and
Weather Synchronized Forecasting Unit, a pioneering system
for synchronized aviation forecasting under volatile
environmental conditions.

- Introduced a multi-threaded asynchronous Python
implementation across forecasting, detection, and control
modules validated in Google Colab; all notebooks are
interlinked for coordinated simulation and logging.

- Filled critical gaps in prior works such as lack of weather
integration in propulsion load prediction ! and missing RL
adaptation in ConvLSTM models '°/, by combining Gated
Weather Features with Actor-Critic feedback loops.

- Demonstrated superior response times (21% improvement)
and forecast accuracy (28% improvement) over current
aerospace grid solutions %!, which previously relied on static
thresholds or sequential control loops.

- Provided complete algorithmic  transparency  for
reproducibility and open science, which is often absent in
proprietary aerospace models, making our framework ideal
for adoption in academia and defense research.

- Enabled the first federated learning adaptation for distributed
airborne power forecasting, addressing node-to-node
decentralization which is missing in existing literature ],
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ensuring model robustness even under node failure or limited
bandwidth.

- Proposed a novel integration of Capsule Networks for
airborne cyberattack detection, enabling lightweight onboard
security modules that dynamically adapt to adversarial
telemetry inputs.

- Delivered a complete prototype system trained and tested
using only open-source libraries, reinforcing the feasibility of
low-cost deployment for both developing nations and public-
sector aviation programs.

7. Conclusion and Future Work

We demonstrated a robust, secure, and adaptive method for high-
reliability load forecasting in flight. Future research includes
integrating post-quantum cryptography and swarm learning models.
We demonstrated a robust, secure, and adaptive method for high-
reliability load forecasting in atmospheric and highaltitude flight
grids using a novel A3C-ConvLSTM fusion model. The integrated
framework addressed the volatility of weather-based telemetry,
cyberattack resilience, and distributed node coordination—
challenges that are largely unmet in existing aviation power systems.
However, several risks persist in real-world deployment, including
limited onboard computational resources, vulnerability to
adversarial inputs in low-signal environments, and real-time failure
recovery under unpredictable weather anomalies. Despite these
challenges, the model’s modular scalability and asynchronous
training loop offer significant benefits in terms of fault tolerance,
latency reduction, and dynamic resource scheduling. Future research
will focus on enhancing cryptographic robustness using post-
quantum encryption protocols to future-proof the system against
emerging quantum threats. Moreover, we aim to integrate swarm
learning models across UAV fleets to enable cooperative energy
optimization, allowing shared learning without centralized
dependencies. These enhancements will not only amplify the
operational integrity of defense aircraft and autonomous aviation
systems but also establish a foundation for next-generation airborne
Al infrastructure with heightened resilience and trustworthiness.
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