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1 ABSTRACT
This paper proposes a novel, fully Python-implemented hierarchical Al system for controlling power distribution
across UAV swarms operating in high-stakes environments such as combat missions and disaster recovery. We
integrate multi-agent reinforcement learning (MARL) and graph-based coordination mechanisms to autonomously
balance energy consumption, extend mission duration, and recover energy from high-load nodes. The research
introduces an Al-embedded chip concept for coordinated power balancing with potential applications in defense,
emergency response, and hostile environment navigation.

2 INTRODUCTION
Coordinating a swarm of UAVs in hostile or unpredictable environments imposes stringent constraints on energy
availability, reliability, and decision-making latency. Traditional control methods fail to adapt to rapid context
changes and swarm-wide energy redistribution demands. Our proposed approach leverages a multi-layered Al
controller composed of:

¢ Local energy estimators on each UAV
¢ Swarm-level Graph Neural Network (GNN) coordinator
¢ Global reinforcement learning-based supervisor

This hierarchical architecture ensures resilience, autonomy, and mission continuity under uncertain conditions.

3 RELATED WORK

Prior studies have explored energy-efficient UAV routing, decentralized swarm control, and Al-based flight
optimization. However, integration of all these dimensions into a single real-time power-balancing architecture has
not been implemented.
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¢ Reinforcement-based swarm navigation (Sutton citeRL)
GNNss for sensor networks (Kipf citeGNN)
e UAV resource coordination (Hasan citetUAVResource)
Our approach differs by introducing a real-time chip-level Al controller combining GNNs and RL in hierarchical
fashion. Related Work
Existing literature explores swarm UAV energy efficiency, multi-agent control, and Al-enhanced routing. However,
few solutions address real-time energy balancing under combat or disaster constraints through embedded chip designs.
Below are key studies forming the foundation of this work:
3.1 Reinforcement-Based UAV Swarm Coordination
Sutton and Barto’s foundational work in reinforcement learning [1] provides the theoretical basis for actor-critic
methods used in our global controller. Multi-agent extensions of these models, like Independent Q-Learning and
centralized training with decentralized execution (CTDE), have shown potential in dynamic environments.
Reference: Sutton, R. S., and Barto, A. G. (2018). "Reinforcement Learning: An Introduction.”
MIT Press. http://incompleteideas.net/book/RLbook2020.pdf

3.2 Graph Neural Networks for Swarm Intelligence
Kipf and Welling [2] proposed Graph Convolutional Networks (GCNs), which form the backbone of our swarm-level
coordinator. GNNs allow efficient message passing and topology-aware learning among nodes.

Reference: Kipf, T. N., and Welling, M. (2017). ”Semi-Supervised Classification with Graph Convolutional
Networks.” ICLR. https://arxiv.org/abs/1609.02907

3.3 UAV Energy and Resource Management

Hasan et al. [3] reviewed energy coordination strategies in UAVs, highlighting decentralized challenges, but did not
integrate Al-based hierarchical control. Our approach adds value by embedding intelligence directly in the energy
control hardware.

Reference: Hasan, M. M., Islam, M. M., and Anwar, F. (2020). ”Energy Management in UAV Swarm

Systems: A Review.” IEEE Aerospace and Electronic Systems Magazine, 35(5), 14-26. https://ieeexplore.ieee.org/docum

3.4 Federated Learning in UAV Networks

Recent federated approaches like Flower and FedAvg (McMabhan et al. [4]) are crucial for secure, distributed training
among UAVs. Our system incorporates these techniques to preserve data privacy while learning coordination policies.
Reference: McMahan, H. B., et al. (2017). ”Communication-Efficient Learning of Deep Networks from Decentralized
Data.” AISTATS. https://arxiv.org/abs/1602.05629

3.5 Energy-Aware Chip Design for Edge Al

Edge-Al chip innovations from NVIDIA Jetson and Google Edge TPU are relevant, though none focus on real-time
swarm energy control. Our proposed chip bridges this gap with a combined GNN-RL architecture and battlefield-
specific resilience features.

Reference: Chen, Y. H., et al. (2017). ”Eyeriss: An Energy-Efficient Reconfigurable Accelerator for
Deep Convolutional Neural Networks.” IEEE JSSC. https://ieeexplore.iecee.org/document/7801949 Research Gap

Summary: None of the current solutions:
- Embed multi-level Al for power control directly into chip hardware
- Address combat/disaster zone resilience and redundancy under energy attack scenarios
- Combine LSTM forecasting, GNN communication, and PPO decision-making for distributed UAVs
Our system unifies these aspects, offering a novel contribution to swarm autonomy and onboard energy intelligence.
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4 PROBLEM FORMULATION

Let U= {u,uy,...,u,} denote n UAVs each with energy Ei(¢), and mission tasks 7i(¢). The objective is to:
T n
max Z Z YR (t
" t=1 i=1 ) (1)
Where:

- R(f): reward for UAV i for completing task with optimal energy use
- 7 decentralized policy shared via swarm GNN

- y: discount factor

The chip-based embedded controller updates 7 using actor-critic learning. Problem Formulation

Our goal is to optimize energy distribution and mission continuity in UAV swarms under constraints of dynamic
environments. This problem requires a hybrid approach that includes local prediction, swarm-level message
passing, and global decision-making. In this section, we develop a mathematical model of the system.

4.1 UAV Swarm Energy Model

Let U= {ui,u,...,u,} be a swarm of n UAVs, each with a finite battery capacity £™**. The instantaneous energy
level of UAV u; at time ¢ is Ei(?).

Each UAV performs one of & tasks T = {T1,7>,...,Tx} with an energy cost c;(f) when UAV i performs task 7;at
time ¢. The goal is to dynamically assigr? tasks while balancing energy:

f{I‘L{l}% Z (1€ 0, 0) (8) — a2 Ri(t) + a3 Li(t)]

i=1 (2)
Where:
- ai(?): task/action assigned to UAV i at time ¢
- Ri(?): mission reward function
- L(1): energy loss due to idle time or inefficient routing
- a1, a2, 03: weighting coefficients
4.2 Local Forecasting Using LSTM
Each UAV predicts its future energy profile using an LSTM model:
E(t+1)=LSTM(EAD).E(t—1),....E{t — h)) 3)

Where # is the forecasting horizon. The prediction accuracy ensures proactive coordination with other UAVs
for task reallocation.

4.3 Swarm Graph Model
UAVs are treated as nodes in a dynamic graph G, = (V, E;) where:
- Vi UAVs active at time ¢

- E; communication links between nearby UAV's

Node features x; include normalized energy, location, and task load. The Graph Neural Network propagates
embeddings as:

hf”” =0 Z 1.1:(15);11(_0 +b®
JEN(i)

(4)
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Where:
- N(7) is the neighborhood of UAV i

- WY and b are weights and biases at GNN layer /

Reference: Kipf and Welling (2017) https://arxiv.org/abs/1609.02907
4.4 Global Optimization Using Proximal Policy Optimization (PPO)

A central controller trains a shared policy zs(als) to maximize expected reward across the swarm:
J(6) = Eqfmin(r:(6)A s clip(r:(0),1 - €1 + €)A")] (5)

Where:

- r(#) is the probability ratio between new and old policies

- A'.is the advantage estimate
- € s the clipping threshold (typically 0.2)

Reference: Schulman et al., PPO Algorithm (2017) https://arxiv.org/abs/1707.06347

4.5 Novel Contributions

Our unique contributions include:

- Embedding this hybrid Al model into a chip-level design for onboard inference

- Designing a federated learning protocol that transmits only GNN embeddings

- Real-time energy-aware routing and task reassignment based on live LSTM forecasts

4.6 Summary of Technical Stack

- Forecasting: TensorFlow LSTM

- Coordination: PyTorch Geometric GNN

Decision: Stable-Baselines3 PPO

Simulation: NumPy, Pandas, Matplotlib — Platform: Google Colab with distributed clients

5 SYNTHETIC DATA SIMULATION
We simulate a combat zone with 10 UAVs executing variable-energy maneuvers:

- E(0) ~ U(70,100) (initial energy in %)
- Tasks: scanning, payload drop, communication relay

- Disturbances: enemy jamming, wind speed

Python scripts using NumPy and Pandas generate real-time mission logs for energy states. Python
Implementation Workflow and Experimental Setup

This section outlines the implementation steps taken in Python, using only publicly available libraries in Google
Colab. Our goal is to prototype the hierarchical Al control model, simulate swarm energy states, train
decentralized agents, and validate the proposed architecture.

5.1 Synthetic Environment Generation

We simulate a swarm of 10 UAVs across 720 time steps (30 days of simulated mission time). Each UAV receives
randomized mission profiles, environmental noise, and energy constraints.

Python Tools Used:
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NumPy: Random energy usage modeling https://numpy.org/
Pandas: Mission schedule dataframes https://pandas.pydata.org/
Matplotlib: Energy trend visualizations https://matplotlib.org/ Energy Initialization:

E init = np.random.uniform(70, 100, size=(10,)) # Percent energy task matrix =

np.random.choice(["scan", "relay", "drop"], size=(10, 720)) disturbance matrix =

np.random.normal(0, 0.1, size=(10, 720))

5.2 Local LSTM Forecasting
Each UAV uses a local LSTM model to forecast energy demand. We train LSTM models on individual energy
traces using Keras.

Key Steps:

- Normalize energy traces

- Create supervised time series dataset with history window 4 = 24

- Fit model: 2-layer LSTM with dropout and 50 epochs Code Sample:
model = Sequential() model.add(LSTM(64, input_shape=(24, 1),
return_sequences=True)) model.add(Dropout(0.2)) model.add(LSTM(64))

model.add(Dense(1))
model.compile(loss="mse’, optimizer="adam”)

Library: TensorFlow/Keras https://www.tensorflow.org/

5.3 Swarm Graph Construction and GNN Messaging

We use networkx to build the UAV swarm communication graph. GNNs are trained on node features (energy,
location, task urgency).

Library: PyTorch Geometric https://pytorch-geometric.readthedocs.io/en/latest/ Steps:

- Generate adjacency matrix based on UAV proximity

- Encode node features into 16D vector

- Train 2-layer GCN to learn updated energy-coordination embeddings

5.4 Global PPO Reinforcement Agent

The PPO agent takes the GNN output as global state to compute swarm-level actions.
Training Setup:

- Use stable-baselines3 PPO agent

- Reward = energy-balanced task completion score
- Observation = GNN embeddings, LSTM predictions

- Action = task reassignment, sleep mode, energy redistribution
Library: Stable-Baselines3 https://stable-baselines3.readthedocs.io/

5.5 Federated Learning Protocol
We simulate federated learning where each UAV:
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- Trains its local LSTM and GNN models independently
- Sends only parameter gradients or embeddings to a global aggregator
- Aggregation uses weighted FedAvg (McMahan et al. [4])

Library: Flower Framework (for simulation only) https://flower.dev/
5.6 Software Environment

- Platform: Google Colab
- Python version: 3.10

- Hardware: Standard Colab GPU instance (Tesla T4)

5.7 Summary of Notebook Workflow

Notebook 1: Synthetic data generation and visualization
Notebook 2: LSTM energy forecasting for each UAV
Notebook 3: Swarm graph and GNN training

Notebook 4: PPO agent training and swarm evaluation
Notebook 5: Federated updates and result aggregation

All models, data, and logic have been implemented using Python exclusively to ensure accessibility,
reproducibility, and open research compliance.

Next Section: Results and Evaluation Metrics

6 HIERARCHICAL AT CONTROL DESIGN
Local Level Each UAV uses an LSTM energy predictor:

E(t+ 1) = frsou(Et = k),...,E(?)) (6)
Swarm Level The swarm-wide state is encoded as a graph G = (V,E) with:

- V:UAVs
- E: proximity links

The GNN propagates node messages for decentralized action selection.

Global Level A shared RL agent trains over episodes to optimize 7 across all UAVs using PPO (Proximal Policy
Optimization). Results and Evaluation Metrics

In this section, we analyze the performance of the proposed hierarchical Al-based energy control framework
across various simulated mission scenarios involving UAV swarms. We define evaluation metrics to quantify

energy efficiency, mission continuity, and communication overhead. All results are derived from Python-based
simulations conducted in Google Colab.

6.1 Evaluation Metrics

The following metrics were used to benchmark system performance:
- Mission Duration (MD): Total time steps until first UAV failure due to energy exhaustion.
Energy Load Balance (ELB): Standard deviation of energy levels across UAVs at each time step.
Task Completion Ratio (TCR): Percentage of planned tasks successfully completed by the swarm.
Communication Overhead (CO): Average size (in KB) of embeddings exchanged per update cycle.
Computation Latency (CL): Time (in milliseconds) for inference and task reassignment decision.

IJERTV 14l S060156
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)


www.ijert.org
www.ijert.org

International Journal of Engineering Research & Technology (IJERT)

| SSN: 2278-0181
Vol. 14 | ssue 06, June - 2025

Published by :
http://lwww.ijert.org

6.2 Experimental Setup

Experiments were conducted using synthetic data across 5 mission scenarios:
- Scenario A: Standard surveillance mission, minimal interference

- Scenario B: Communication jamming introduced

- Scenario C: High wind turbulence

- Scenario D: Dynamic task injection during mission

- Scenario E: Simulated combat zone with energy attacks

Each scenario was simulated over 10 independent trials to ensure statistical reliability.
6.3 Baselines for Comparison
We compared our framework against the following baselines:

- Fixed Greedy: UAVs choose nearest task without energy awareness

Central Controller: Single centralized RL controller (no decentralization)

- Energy-Aware Static Planner: Pre-mission optimized plan with no adaptability

6.4 Key Results

Table 1: Performance Comparison Across Methods (Scenario E)

Method MD (steps) ELB | TCR (%) CO (KB) CL (ms)
Greedy 210 34.8 61.5 0.5 25
Central RL 365 21.2 79.3 4.1 92
Static Planner 248 29.6 67.9 0.2 18
Ours (GNN+LSTM+PPO) 482 11.4 92.1 1.9 47

6.5 Visualization and Trends
- Energy convergence plots indicate improved homogeneity of battery distribution using our model.
- Mission duration consistently extended by 30—45% over baseline models.
- Embedding-level communication overhead is modest despite swarm-wide coordination.

6.6 Ablation Study

To evaluate the contribution of each module, we conducted ablation by removing one module at a time:
- Without LSTM: 18% drop in mission duration
- Without GNN: 27% increase in ELB
- Without PPO: 31% drop in TCR

This confirms the hierarchical synergy of our design.

6.7 Summary
Our fully Python-based simulation confirms that the proposed architecture significantly improves mission
outcomes, swarm robustness, and energy intelligence, validating its suitability for embedded deployment in
combat/disaster UAVs.
7 PYTHON IMPLEMENTATION WORKFLOW
Generate synthetic mission profiles with energy logs

Implement LSTM model using TensorFlow/Keras

1.

2.

3. Encode swarm as networkx graph

4. Train GNN over node features using PyTorch-Geometric
5. Connect GNN to PPO agent in stable-baselines3

All modules were trained in Google Colab using federated learning where each UAV shares only GNN
embeddings, not raw data. Conclusion and Future Work
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7.1 Summary of Contributions
This paper presented a novel hierarchical Al-based energy optimization framework tailored for UAV swarms
operating in combat and disaster environments. Unlike prior approaches, our system uniquely integrates:
Local LSTM forecasting for per-UAV energy prediction
GNN-based decentralized coordination for inter-UAV message passing
PPO-based global control for real-time adaptive task assignment
Federated learning protocols to ensure scalable and privacy-aware training
End-to-end Python implementation compatible with lightweight onboard processors

The model’s architecture was simulated under synthetic energy attack and environmental disturbance scenarios
using Google Colab and open-source libraries. Our evaluation shows clear advantages in mission continuity,
load balancing, and communication efficiency.

7.2 Patent-Targeted Innovation

The simulation and model are a prototype for a real-time Al-embedded chip that could be manufactured for use
in military UAVs. This custom chip would host a lightweight LSTM-GNN-PPO stack optimized for edge
inference, enabling autonomous UAV teams to adapt energy distribution and tasks in real-time without human
oversight.

7.3 Limitations
- Our simulation assumes reliable communication links and GPS data, which may not always hold in real-world
deployments.
- The LSTM forecast accuracy may degrade under adversarial perturbations or rare mission scenarios.
- The federated training cycle incurs additional overhead which must be minimized on hardware.

7.4 Future Work

We propose the following directions for extending this research:

1. Hardware-in-the-Loop (HIL) Testing: Integrate the current framework into NVIDIA Jetson Nano boards or
Raspberry Pi with Coral Edge TPU for real-time experimentation.

2. Real UAV Deployment: Apply the algorithm to physical UAV swarms using ROS2 and Gazebo for validation.

Adversarial Resilience: Extend the model with adversarial RL and Bayesian LSTM for attackaware resilience.

4. Edge Optimized Pruning: Quantize and compress models for efficient deployment on 32-bit embedded
microcontrollers.

5. NATO and UN Integration: Align the embedded model with military standards and disaster response
protocols (e.g., STANAG 4586).

o

7.5 Closing Remarks

Our Python-exclusive architecture has demonstrated the potential of scalable, hierarchical Al control in aerial
mission systems, filling a significant research and deployment gap in energy-aware multi-agent UAV autonomy.
The corresponding patent proposal outlines hardware realization strategies to elevate this software prototype
into a globally marketable embedded Al solution.

8 RESULTS
Simulation shows:

- 28% longer mission duration under dynamic energy loads
- 17% reduction in communication latency
- 23% better load redistribution across swarm

9 PATENT INNOVATION

The patent proposes a custom silicon design:

- Onboard GNN+RL accelerator
- Real-time swarm protocol
- Resilience to cyber interference via energy-aware routing
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This Al-embedded chip enables decentralized real-time optimization for combat UAVs.

10 CONCLUSION

This paper introduces the first fully Python-implemented, chip-oriented hierarchical Al control system for UAV
swarm energy balancing in adversarial and disaster settings. Future work includes FPGA prototyping and
autonomous repair mechanisms.
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