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Abstract--This paper presents a design, implementation and experimental evaluation of an Al-Driven
Autonomous Unmanned Aerial Vehicle (UAV) Delivery System. The system uses Simultaneous Localization
and Mapping (SLAM)-based navigation and real-time path optimization. The proposed system combines
Deep Reinforcement Learning, Convolutional Neural Networks and an Explainable Al decision module. This
enables autonomous parcel delivery in complex urban environments.

Our system uses a custom hexacopter drone platform with LiDAR, stereo cameras, IMU, barometric
pressure sensors and ultrasonic proximity detectors. The SLAM pipeline uses an ORB-SLAMS3 and LIiDAR
SLAM fusion approach. This achieves sub-10 cm localization accuracy. The real-time path optimization
engine executes a Modified A* algorithm. It also uses D* Lite re-planning and DRL-guided adjustments. This
operates at 50 Hz update frequency.

The Explainable Al module generates natural-language explanations of every drone decision. This includes
route changes, altitude adjustments, obstacle detections and emergency protocols. The system is fully
auditable and trustworthy for compliance. Experimental results across 847 real-world flight tests demonstrate
a delivery success rate of 97.3%. The mean path planning latency is 18.7 ms. The obstacle avoidance reaction
time is 23 ms. There is an end-to-end energy efficiency improvement of 34% over baseline systems.

Keywords: Autonomous UAV, SLAM Navigation, Deep Reinforcement Learning, Path Optimization,
Explainable Al Mile Delivery, Obstacle Avoidance, Multi-Sensor Fusion, Real-Time Systems, Edge
Computing

l. Introduction

The development of intelligent transportation systems has significantly increased the importance of
autonomous delivery technologies. Among these technologies, Unmanned Aerial Vehicles (UAVS),
commonly known as drones, have emerged as a promising solution for fast and efficient delivery operations.
UAV-based delivery systems can reduce transportation time, avoid road traffic congestion, and improve
accessibility in remote regions.

Modern industries such as e-commerce, healthcare, military logistics, and disaster management are
increasingly adopting autonomous drone systems for package transportation. Despite these advantages,
several technical challenges still affect the practical implementation of UAV delivery systems. Navigation in
unknown environments, collision avoidance, limited battery capacity, communication delays, and inefficient
route planning are major research issues.

Traditional drone systems often depend on GPS-based navigation, which may fail in dense urban areas,
indoor environments, tunnels, or regions with poor satellite signals. Moreover, many Al-based navigation
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models operate as black-box systems and do not explain the reasoning behind their autonomous decisions.
This lack of transparency reduces trust, safety, and reliability.

To address these problems, this research proposes an Al-driven autonomous UAV delivery framework that
combines SLAM-based navigation, real-time path optimization, and Explainable Artificial Intelligence
(XAl). The system enables drones to create environmental maps, identify their location, avoid obstacles,
optimize delivery routes, and provide understandable explanations for their decisions.

The proposed framework aims to improve delivery efficiency, operational safety, transparency, and energy
optimization in smart logistics environments.

I1. Background and Related Work

A. Autonomous UAV Navigation

Autonomous UAV navigation has been studied extensively. Early systems relied on GPS-waypoint
navigation. This was adequate for field agricultural applications. However it was unsuitable for environments.
GPS accuracy degrades to £5-10 meters due to multipath effects.

B. SLAM for UAV Systems

SLAM-based UAV systems have improved over GPS- approaches. They perform well in environments.
Our work builds upon these foundations. We fuse ORB-SLAM3 with FAST-LIO2 in a novel sensor fusion
architecture. This is optimized for delivery drone payloads and computational constraints.

C. Path Planning and Optimization

Path planning for robots has a rich literature. Classical A* and Dijkstra algorithms are used. Sampling-
based methods and learning-based approaches are also used. For environments D* Lite enables efficient re-
planning. Reinforcement learning for UAV navigation was pioneered by Sadeghi and Levine.

D. Explainable Al in Robotics

The integration of Al (XAI) in autonomous systems is emerging. Our XAl module extends this concept to
UAYV systems. It provides language, sensor-grounded explanations for all operational decisions.

E. Commercial UAV Delivery Systems

Commercial drone delivery programs have demonstrated feasibility at scale. However they operate in pre-
mapped geofenced areas. They rely on 4G/5G connectivity and centralized flight management. They lack
intelligence to operate in GPS-denied or connectivity-impaired environments.

I11. Problem Statement

Existing autonomous UAV delivery systems have limitations. They rely on GPS for localization. This
makes them ineffective in canyons, tunnels and indoor last-meter delivery scenarios. Path planning algorithms
are often static. They require -computed maps. They fail to adapt to obstacles in real-time. The decision-
making processes of Al controllers are often opaque 'black boxes. This makes safety certification and
regulatory approval difficult.

Current UAV delivery systems face multiple operational and technical limitations, including:

e Inaccurate localization in GPS-denied environments
e covers hardware design

e Dynamic obstacle detection failures

e High energy consumption

¢ Navigation delays

e explains the priority decision

e Inefficient route planning

e Unsafe autonomous operation

e Limited real-time adaptability

Hence, a transparent and intelligent UAV delivery framework is required to support accurate navigation,
real-time path optimization, and explainable autonomous decision-making.
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IV. System Architecture and Overview

The proposed system is an intelligent autonomous drone delivery framework that combines Atrtificial

Intelligence (Al), SLAM-based navigation, and real-time path optimization for safe And efficient package
delivery.

The system is mainly divided into three major sections:

e Ground Control Station (GCS)

e Autonomous UAV (Drone)

e Cloud/Al Processing System

These modules work together to perform autonomous navigation,

The AAUDS architecture is organized into five layers each communicating via a high-throughput Robot
Operating System 2 (ROS2) middleware bus with real-time kernel.extensions.

A. Data Flow Architecture
Data flows upward through the perception localization planning pipeline at 50 Hz.

Control commands flow downward at 200 Hz. The XAl module intercepts decision events from all layers
asynchronously generating explanations within 5 ms without impacting control loop timing.

B. Communication Architecture

Interface Specification
Ground Station <> Drone 4G LTE primary, 900 MHz LoRa backup, 2.4 GHz RC emergency
Intra-drone ROS2 Bu6s DDS over shared memory, <0.5 ms latency
LiDAR — Jetson AGX USB 3.2 Gen2, 10 Gbps, PCAP format
Camera — Jetson MIPI CSI-2, 4-lane, 6 Gbps
FPGA < Jetson PCle Gen3 x4, <0.1 ms latency
XAI Log — Cloud MQTT over TLS, 100 ms batch upload

V. Hardware Design and Component Description

The physical platform of the AAUDS is a designed hexacopter(6-rotor configuration) offering superior
redundancy over quadrotor.

Prototype System Diagram
AAUDS PROTOTYPE COMPONENT DIAGRAM
FRONT VIEW TOP VIEW
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V1. Proposed System Overview

The Al-Driven Autonomous UAV Delivery System (AAUDS) is an integrated platform. It autonomously
performs last-mile parcel delivery in urban environments. The system embodies a five-layer architecture:
Perception, Localization, Planning, Control and Explanation.

A. System Philosophy

The AAUDS is designed to provide a reliable and efficient solution, for last-mile delivery. It operates in
urban environments without continuous human intervention or GPS dependency.

The AAUDS design philosophy is based on three principles

e Robustness-first design: every critical function has at least two independent fallback mechanisms.
e Transparency by design: the XAl module is a core system component.
e Edge-computation: all time-critical Al inference executes on the drone without cloud dependency.

B. High-Level Operational Flow
SYSTEM OPERATIONAL FLOW DIAGRAM

RETURN-TO-BASE Optimized Return Route | Battery Monitoring | Emergency Protocol Ready

PRE-FLIGHT CHECKLIST Sensor Calibration | Battery Check | Communication Test | Weather
Assessment

TAKEOFF & CLIMB Vertical Ascent — SLAM Map Initialization — GPS/SLAM Handover

EN-ROUTE NAVIGATION SLAM Localization (50 Hz) | A*/D* Path Optimization | DRL Obstacle
Avoidance

XAI DECISION LAYER [Every decision logged & explained in natural language in real-time]

DELIVERY ZONE APPROACH Precision Descent | Obstacle Scan | Landing Zone Verification | Package
Release

RETURN-TO-BASE Optimized Return Route | Battery Monitoring | Emergency Protocol Ready

MISSION COMPLETE Data Upload | Log Archival | XAl Report Generation | Battery Recharge

VII1. Operational Methodology

The AAUDS operates through a defined operational protocol that encompasses mission planning,
autonomous execution, real-time adaptation and post-mission analysis.

A. SLAM Navigation Pipeline
The SLAM navigation pipeline is the technology enabling GPS-free autonomous operation.

ORB-SLAMS (Visual): Processes stereo camera frames at 30 Hz, extracting and tracking ORB (Oriented
FAST and Rotated BRIEF) feature points across frames. Provides 6-DoF pose estimates to the visual map.

FAST-LIO2 (LiDAR): Processes Velodyne VLP-32C point clouds at 20 Hz using an EKF with point-
level tightly-coupled IMU integration. Provides high-accuracy position with £3 cm base accuracy.

IMU Pre-integration: The ICM-42688 IMU runs at 1000 Hz. Between SLAM updates the IMU provides
short-term pose propagation with -millisecond latency.
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B. Path Planning Algorithm

Our path planning system operates in three cascaded stages:

1.Global Planning (Modified Al): At mission start A\* computes a global path through the pre-loaded HD
map.

2.Re-planning (D\* Lite): When the SLAM system detects obstacles not present in the global map, D\* Lite
re-plans the affected path segment in reverse, from the goal propagating cost changes efficiently. Typically
completing re-planning in <5 ms.

3. Micro-avoidance (DRL Policy): For moving obstacles like birds and vehicles a Deep Q-Network makes
quick evasive moves within 23 milliseconds based on local sensor readings. It works on its own without
the planner.

C. XAl Module. Decision Explanation Architecture

The XAl module is a part of this work. It explains every decision made by the Al in simple language in
real time.

XAl Module Architecture
Decision Interceptor: Hooks into all Al decision points (path planner, DRL policy, emergency system)

Feature Extractor: Identifies top-5 features driving each decision (using gradient-weighted SHAP values)

Template Engine: Maps feature importance patterns to natural language explanation templates

Sensor Grounding: Links each explanation to specific sensor readings at decision time

Log Writer: Appends timestamped explanation + sensor snapshot to flight log within 5 ms

API Endpoint: Real-time WebSocket stream of explanations to ground station dashboard

VIIIl. Mathematical Framework

A . SLAM State Estimation

The UAVs state is estimated using a 15- vector that includes position, velocity orientation and sensor
biases.

X=1[p,v,q,b_a b_g]" € R*xR>xSO(3) xR* x R3

where p = position, v = velocity, g = orientation quaternion, b_a = accelerometer bias, b_g = gyroscope
bias.

B. Modified A Path Planning

The path planning algorithm uses a cost function that includes actual cost, a deep learning heuristic, risk
penalty and energy cost.

f(n) = g(n) + A-h_ DRL(n) + p-r(n) + v-e(n)

where g(n) = actual cost from start, h_DRL(n) = deep learning heuristic estimate to goal, r(n) = risk penalty
(obstacle proximity, restricted airspace), e(n) = energy cost estimate, and A, p, v are tunable weights (A=1.0,
p=2.5, v=0.8 in our configuration).

C. Deep Q-Network Obstacle Avoidance
The obstacle avoidance policy is trained using Deep Q-Learning with a 6-layer network.
D. Energy Consumption Model

The energy consumption model estimates energy usage based on hover time, motor efficiency and avionics
power.

E XAI SHAP Feature Attribution
The XAl module uses SHAP values to attribute features to decisions and generates language explanations.
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IX. Comparison with Existing Systems

We compare AAUDS against six state-of-the-art autonomous UAV delivery systems across twelve
evaluation dimensions to provide a comprehensive assessment of our contributions.

AAUDS demonstrates decisive advantages in GPS-free navigation capability, XAl explainability (unique
among all compared systems), end-to-end latency, and energy efficiency. The delivery success rate of 97.3%
is the highest recorded among compared systems in equivalent urban test environment.

X. Conclusion

This paper presented the Al-Driven Autonomous UAV Delivery System (AAUDS). AAUDS integrates
hybrid SLAM-based navigation, real-time Al path optimization and a pioneering Explainable Al decision
module. Our system proves that autonomous GPS-free last-mile drone delivery is technically feasible in real
urban environments.

Our three primary contributions are:

1. The ORB-SLAMS3 + FAST-LIO2 + IMU fusion architecture achieves < 9.4 cm localization accuracy.

2. The Modified A* with DRL heuristic and D* Lite re-planning achieves 18.7 ms planning latency.The XAl
natural-language decision explanation module provides 100% decision coverage with <5 ms explanation
latency.

AAUDS achieved 97.3% delivery success rate, 34% energy efficiency improvement and 23 ms obstacle
avoidance reaction time across 847 real-world delivery flights.

Key Contributions Summary

1. Hybrid SLAM fusion: < 9.4 cm accuracy in GPS-denied urban environments

2. DRL-enhanced A* planning: 18.7 ms latency, 73% improvement over prior art

3. XAl module: First natural-language decision explanation system for UAVs

4. 97.3% delivery success rate across 847 real-world urban flights

5. 34% energy efficiency gain through Al-optimized route selection

6. Regulatory-compliant operation with full audit trail via XAl logging

XI. Future Scope

The AAUDS platform opens promising avenues for future research and development:
A. Technical Enhancements

Swarm Coordination: Extending the system to coordinate fleets of 10-100 UAVS.

Neural SLAM: Replacing the SLAM pipeline with NeRF-based or Gaussian splatting neural scene
representations.

Quantum-EnhancedOptimization: Investigating quantum annealing approaches for solving the -UAV route
optimization problem.

Federated Learning XAl: Enabling privacy-preserving learning across fleets.

B. XAl Research Directions

Multi-modal Explanations: Extending XAl output to include visual saliency maps, audio explanations and
augmented-reality overlays.

Causal XAl: Advancing from correlation-based SHAP attribution, to reasoning.
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