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Abstract

Autonomous Unmanned Aerial Vehicles (UAVs) are widely used in smart agriculture,
logistics, and warehouse management, where precise trajectory prediction is important for
safety and efficiency. Traditional approaches require complex physical modeling including
mass properties, moment of inertia measurements, and aerodynamic coefficient calculations,
which creates significant barriers for custom-built UAVs. Existing trajectory prediction
methods are primarily designed for motion forecasting from dense historical observations,
which are unsuitable for scenarios lacking historical data (e.g., takeoff phases) or requiring
trajectory generation from sparse waypoint specifications (4–6 constraint points). This
distinction necessitates architectural designs optimized for spatial interpolation rather
than temporal extrapolation. To address these limitations, we present a segmented LSTM
framework for complete autonomous flight trajectory prediction. Given target waypoints,
our architecture decomposes flight operations, predicts different maneuver types, and
outputs the complete trajectory, demonstrating new possibilities for mission-level trajectory
planning in autonomous UAV systems. The system consists of a global duration predictor
(0.124 MB) and five segment-specific trajectory generators (∼1.17 MB each), with a total size
of 5.98 MB and can be deployed in various edge devices. Validated on real Crazyflie 2.1 data,
our framework demonstrates high accuracy and provides reliable arrival time predictions,
with an Average Displacement Error ranging from 0.0252 m to 0.1136 m. This data-driven
approach avoids complex parameter configuration requirements, supports lightweight
deployment in edge computing environments, and provides an effective solution for multi-
UAV coordination and mission planning applications.

Keywords: UAV trajectory prediction; data-driven modeling; segmented LSTM; complete
flight trajectory prediction; lightweight deployment; edge computing

1. Introduction
Autonomous Unmanned Aerial Vehicles (UAVs) are important to modern applications

spanning smart agriculture, logistics, warehouse management, and autonomous delivery
systems. The success of these applications requires precise trajectory prediction to enable
safe, efficient, and autonomous flight operations [1].

Traditional trajectory prediction approaches use simplified mathematical models. They
assume the UAV can perfectly track the planned path. This neglects the complex dynamics
and real-world disturbances of actual flight [2]. These limitations become obvious in
high-precision tasks such as autonomous navigation in dense environments, precision
agriculture operations, and coordinated multi-UAV missions. In these scenarios, trajectory
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prediction errors can lead to collision risks, mission failures, and reduced operational
efficiency [3].

The emerging paradigm of edge computing offers new opportunities for UAV trajec-
tory prediction systems [4]. Due to limitations of onboard computing resources, offloading
computational tasks to edge environments enables more sophisticated trajectory prediction
while preserving battery life [5]. This motivates the development of lightweight models
suitable for distributed deployment across edge devices.

Recent advances in machine learning, particularly deep learning methods, have helped
address these challenges. LSTM-based approaches have demonstrated great capability in
capturing temporal dependencies in UAV trajectories [6,7], while trajectory segmentation
techniques have emerged as effective strategies for managing complex flight patterns [8].
Despite these advances, several limitations persist in current UAV trajectory prediction
research. Existing trajectory prediction methods are primarily designed for motion forecast-
ing from dense historical observations, which are unsuitable for scenarios lacking historical
data (e.g., takeoff phases) or requiring complete trajectory generation from sparse waypoint
specifications (4–6 constraint points). Additionally, state-of-the-art architectures exhibit
computational challenges: Transformer-based models demonstrate quadratic complexity
(O(T2)), while probabilistic generative models require multiple sampling iterations for
diverse trajectory generation. As noted in recent surveys, these computational charac-
teristics can “impact the ability of the drone to make rapid trajectory adjustments” [9].
Conversely, simpler lightweight models such as basic LSTM or small feedforward networks
lack the representational capacity to generate complete multi-segment trajectories spanning
extended durations with diverse maneuver types.

This paper addresses these limitations by proposing a data-driven UAV trajectory pre-
diction framework based on segmented LSTM architecture (Implementation available at:
https://github.com/JudsonJia/drone-trajectory-lstm, accessed on 16 December 2025). Our
framework decomposes autonomous missions into five specialized maneuver types, enabling
complete flight trajectory prediction through a combination of global duration estimation and
segment-specific trajectory generation. The system is designed for lightweight deployment
in edge computing environments, with a total model size of only 5.98 MB (0.124 MB dura-
tion predictor + 5 × 1.17 MB trajectory generators), making it suitable for integration with
UAV systems.

The key contributions of this paper are:

• Introduce a trajectory prediction approach that generates complete spatiotemporal
sequences (5–25 s) from sparse waypoint specifications (4–6 constraint points), ad-
dressing a distinct problem from existing motion forecasting methods designed for
dense historical observations.

• Develop a segmented LSTM architecture where each segment specializes in distinct
flight maneuvers. The architecture incorporates physics-informed constraints to
ensure realistic trajectory generation while preserving computational efficiency. Each
maneuver-specific module requires only 1.17 MB, enabling flexible deployment either
onboard UAVs or on edge devices.

• Demonstrate the practical applicability of our approach through validation with real
Crazyflie 2.1 UAV (https://www.bitcraze.io/products/old-products/crazyflie-2-1/,
accessed on 16 December 2025) flight data collection (Data collection framework
available at: https://github.com/JudsonJia/crazyfly-data-collection, accessed on 16
December 2025). Our validation shows prediction accuracy with Average Displace-
ment Error ranging from 0.0252 m to 0.1136 m across different maneuver types.
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The proposed framework has broad implications for UAV applications requiring
predictive planning capabilities. In smart agriculture, the system can enable autonomous
crop monitoring missions with precise timing and coverage predictions. For logistics and
warehouse management, it supports automated delivery systems with reliable arrival
time estimation and path optimization. The lightweight architecture makes it suitable for
deployment in multi-UAV coordination scenarios. Furthermore, the data-driven approach
avoids the need for complex parameter configuration requirements typical of physics-based
methods. This accessibility is valuable for the growing ecosystem of custom-built UAV
systems where traditional modeling approaches face significant implementation barriers.

The remainder of this paper is organized as follows. Section 2 reviews current UAV
trajectory prediction approaches and identifies research gaps. Section 3 presents the experi-
mental setup and framework design. Section 4 details the data collection and segmented
LSTM training framework. Section 5 provides evaluation results using real flight data.
Section 6 presents our insights and discussion on limitations and threats to validity.
Section 7 concludes the paper and presents future research directions.

2. Background and Related Work
The field of UAV trajectory prediction has evolved from traditional mathematical

approaches to advanced machine learning methodologies. This section reviews current
methods and identifies gaps motivating our work.

2.1. Traditional and Machine Learning Approaches

UAV trajectory prediction has traditionally relied on physics-based models incorporat-
ing kinematic and dynamic constraints. A recent comprehensive survey by Shukla et al. [9]
reveals that UAV trajectory prediction methods have evolved from traditional kinematic
models to diverse paradigms encompassing machine learning, deep learning, and rein-
forcement learning. The survey emphasizes tight integration between trajectory prediction
and planning systems, and identifies key future directions: multi-UAV cooperative predic-
tion for efficiency optimization, generative AI (e.g., GANs, diffusion models) for diverse
trajectory generation, and lightweight deployment solutions for resource-constrained envi-
ronments. Traditional models, while computationally efficient, suffer from oversimplified
assumptions, poor environmental adaptability, and require detailed system parameters
including mass properties, moment of inertia, and aerodynamic coefficients. This poses
practical obstacles for rapid deployment across diverse platforms.

Deep learning models, particularly Long Short-Term Memory (LSTM) networks [10],
have emerged as dominant solutions for capturing temporal dependencies in sequential
prediction tasks. Foundational trajectory prediction works such as Social LSTM [11] demon-
strated LSTM’s effectiveness for learning complex motion patterns from observed sequences
in crowded pedestrian scenarios, establishing the viability of data-driven approaches over
hand-crafted social force models. These early successes motivated subsequent applications
of LSTM architectures to diverse trajectory forecasting domains, including autonomous
vehicles and aerial platforms. Shu et al. [7] achieved centimeter-level accuracy with Stacked
Bidirectional and Unidirectional LSTM (SBULSTM), while Zhang et al. [6] demonstrated
6.25 m average error for 3D trajectories using Recurrent LSTM with ADS-B data integration.
Peng et al. [12] proposed sliding window LSTM (9 time steps), which required an average
inference time of 1.219 s to complete 500 prediction steps, outperforming polynomial fit-
ting for hovering and turning trajectories. Chen et al. [13] developed EC-Bessel-BiLSTM
deployed on ground stations via 5G (transmission delay < 400 µs), achieving RMSE below
1 m in 0.1 s with 30,000–40,000 parameters through Bessel coordinate transformation and
PID-based error compensation.

https://doi.org/10.3390/fi18010004

https://doi.org/10.3390/fi18010004


Future Internet 2026, 18, 4 4 of 23

Wang et al. [14] combined LSTM with Particle Swarm Optimization for path plan-
ning, achieving 3.05% path length reduction. Palamas et al. [15] introduced multi-task
learning for simultaneous state identification (98.51% accuracy) and trajectory prediction
(<3.44 m error at 3 s). Zhang et al. [16] transformed prediction into a classification problem
by segmenting the reachable airspace and predicting grid cell probabilities via an Attention-
based ConvLSTM (AttConvLSTM) network. On a high-speed aircraft dataset, their model’s
error increased with the prediction horizon, reaching a mean absolute error of 45.73 m at
2.5 s, while maintaining much higher accuracy (e.g., 2.09 m) at shorter horizons (e.g., 0.5 s).
Despite these advances, nearly all methods focus on short-term horizons, insufficient for
complete flight trajectory planning.

2.2. Trajectory Segmentation and Advanced Strategies

To improve prediction accuracy, researchers have explored trajectory segmentation
and hierarchical strategies. Some approaches also attempt to extend prediction horizons
beyond typical 1–3 s windows.

Conte et al. [8] introduced trajectory segmentation for time-of-flight prediction, de-
composing paths into “corner” sub-paths and achieving 3.2% error. However, their work
produced only temporal predictions, not complete spatiotemporal trajectories.

The effectiveness of trajectory segmentation has been demonstrated in aviation con-
texts. Phisannupawong et al. [17] proposed Aircraft Trajectory Segmentation-based Con-
trastive Coding (ATSCC), which uses the Ramer-Douglas-Peucker algorithm to automati-
cally identify turning points and partition trajectories into segments. Through contrastive
learning on these segments, ATSCC achieves superior performance in trajectory classifi-
cation and clustering across multiple airport datasets without requiring labeled data or
predefined configurations.

While ATSCC applies segmentation to discriminative tasks (representation learning
for classification), our work applies it to trajectory generation from sparse waypoints. Both
demonstrate that decomposing trajectories into semantically coherent segments enables
more effective flight dynamics modeling, though the specific objectives differ: ATSCC learns
representations for analysis, while our framework generates complete spatiotemporal
trajectories for planning.

Xie et al. [18] proposed hierarchical prediction combining Ada-AE-DeepESN for long-
term maneuver unit prediction with GWSPSO-LSTM for short-term refinement. Their
maneuver library contains 21 basic types (horizontal, vertical, spatial patterns), achieving
0.002 s per step with 6–7 m horizontal errors. This approach extends prediction horizons to
10–20 s but still falls short of complete trajectory coverage. Zhang et al. [19] proposed a
framework that first classifies UAV flight into five states (climb, level flight, turn, descent,
circle) using PCA-SVM, then applies state-specific BP neural networks for trajectory pre-
diction. This flight state recognition approach achieved mean prediction error of 0.214 m,
with maximum error of 0.41 m in the challenging circling state, substantially outperform-
ing direct neural network prediction without state recognition. While demonstrating
segmentation’s value, these methods lack complete spatiotemporal trajectory generation.

For multi-UAV scenarios, Sun et al. [20] combined LSTM with attention-based GCN
for air combat prediction (0.713 km average displacement error across 1v1, 2v2, 2v3 en-
gagements, outperforming LSTM-only methods at 0.826 km). Wang et al. [21] used GAN
with cooperative information interaction (GAN-CI) for eight UAVs, achieving 0.397 km
average error and 0.619 km final error—45% improvement over non-cooperative GANs and
38% over LSTM with pooling. Ma et al. [22] proposed LSTM-based framework for swarm
trajectory prediction with intent recognition, focusing on enemy cluster prediction for
defense applications. Together, these studies highlight how trajectory prediction techniques
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can capture interaction, cooperation, and intent within UAV groups, demonstrating the
potential of such methods to enhance collective intelligence in multi-UAV scenarios.

2.3. Control-Oriented and Physics-Informed Methods

Recent research emphasizes integrating control considerations into prediction frame-
works. Liu et al. [2] presented control-oriented trajectory planning using Trajectory-
Mapping Network (TMN) based on TSCNN within an MPC framework, demonstrating
strong obstacle avoidance performance and revealing the necessity of integrating UAV
tracking characteristics.

As noted in recent surveys [9], future research is expected to combine control-oriented,
physics-informed, and data-driven paradigms. In line with this trend, our method inte-
grates lightweight physics-informed components by introducing physical loss constraints
during training, enabling trajectory predictions consistent with UAV motion dynamics
while retaining computational efficiency suitable for real-time, edge-deployed systems.

2.4. Deployment Constraints and Existing Solutions

Computational demands present significant challenges for real-time UAV operations.
Edge computing solutions have been explored to address these limitations. Sankara-
narayanan et al. [5] proposed PACED-5G architecture combining edge computing with
predictive control to compensate for 5G communication delays. Their approach achieved
RMS estimation error of 0.5 cm or less in all dimensions and mean tracking error below
6 cm. Chen et al. [13] demonstrated practical deployment by offloading to ground sta-
tions (transmission delay <400 µs), enabling 0.1 s inference with sub-meter accuracy using
single-layer BiLSTM (60 hidden units, 30,000–40,000 parameters).

Recent UAV research has emphasized lightweight orchestration frameworks for edge
deployment. Conti et al. [23] developed Twinflie, a digital twin UAV orchestrator and
simulator that seamlessly integrates real and virtual UAV platforms for coordinated mission
execution. Their framework demonstrates the feasibility of distributed AI-based navigation
systems across heterogeneous edge nodes, particularly for indoor environments where
GPS is unavailable. Similarly, Soliman et al. [24] proposed an AI-based UAV navigation
framework combining deep reinforcement learning with digital twin technology for energy-
efficient mobile target visitation, demonstrating how simulated training environments
can reduce real-world deployment costs. Together, these works align with the growing
trend toward flexible deployment strategies that balance computational efficiency with
mission requirements.

Digital twin technology has been applied mainly for real-time control. Xiao et al. [25]
achieved 0.127 m average error between virtual simulation and physical execution through
continuous synchronization. Yang et al. [26] implemented digital twin-based obstacle
avoidance using feedforward-feedback MPC (maximum error 0.18 m), offloading planning
to virtual space via offline EGO-Planner computation.

However, these solutions are highly dependent on network/system infrastructure.
Bandwidth-constrained environments and highly variable network conditions present
significant challenges for real-time control in autonomous UAVs. Offloading approaches
require reliable connectivity—empirical study on micro-UAVs [27] has shown that net-
work bandwidth below 0.225–0.25 kbps causes control instability and oscillations. This
bandwidth sensitivity limits autonomous operation in resource-constrained or intermittent
connectivity environments. Digital twins require detailed physics-based modeling, tight
synchronization, and high computational overhead. Moreover, they address control-level
tracking rather than complete trajectory prediction. These edge-oriented solutions em-
phasize communication architectures to mitigate latency (particularly for latency-sensitive
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applications such as real-time media streaming [28] and teleoperation [29]) rather than
designing inherently lightweight models optimized for onboard deployment.

Application-specific optimizations achieve strong domain performance but lack gen-
eralizability. Karam et al. [30] developed OptiFly for agriculture (17.6% path reduction),
Kong et al. [31] created attention-based pointer networks for delivery (18% path reduction
versus genetic algorithms), and Suhartono et al. [32] introduced time compensation for
cargo operations (<1 s error). These frameworks rely on domain-specific assumptions
limiting cross-platform applicability.

In contrast, our complete trajectory generation offers inherent tolerance to computa-
tional delays. Since entire trajectories are produced in a single inference, minor latency
does not disrupt closed-loop control, mitigating strict real-time requirements of step-wise
short-horizon methods. Furthermore, our segmented framework enables distributed de-
ployment: each maneuver-specific prediction module requires only 1.17 MB, allowing
independent onboard execution on individual UAVs or edge devices without centralized
computation infrastructure.

2.5. Research Gaps and Positioning

Four critical gaps emerge from this review:
Complete trajectory Perspective: Most methods predict short-term ahead [6,7,15],

serving immediate safety monitoring but limiting applicability for autonomous mission
planning spanning complete flight operations from takeoff to landing. Existing long-
horizon attempts either predict time only [8] or operate on limited windows [18].

Lightweight Deployment: While deep learning approaches achieve high accuracy, few
are optimized for resource-constrained edge computing environments. Existing solutions
rely on offloading to ground stations [13] or edge servers [5], creating communication
dependencies. Frameworks enabling complete trajectory generation with flexible deploy-
ment on local resources and independence from continuous communication infrastructure
remain absent.

Segmented Modeling: Trajectory segmentation has been explored for flight state
classification [19] and time-of-flight prediction [8]. However, comprehensive segmented
approaches that generate complete spatiotemporal trajectory sequences for different ma-
neuver types through end-to-end learning remain underdeveloped.

Generalizability: Application-specific methods [30–32] require reconfiguration for
new platforms. Physics-based approaches [9] need detailed parameters. Data-driven
frameworks with lightweight physics constraints that adapt across platforms without
extensive tuning are needed.

This research addresses these limitations through a segmented LSTM framework
specifically designed for complete mission trajectory prediction with lightweight de-
ployment characteristics. Our approach combines data-driven learning with lightweight
physics-informed constraints, avoiding complex modeling while enabling scalable complete
trajectory prediction capabilities for autonomous UAV operations.

3. System Design and Experimental Methodology
Our system consists of two main phases: Flight data collection using repeatable

Crazyflie 2.1 missions, followed by segmented LSTM model training for trajectory predic-
tion. This two-stage approach enables us to capture real-world flight behaviors and learn
complete trajectory prediction capabilities.

https://doi.org/10.3390/fi18010004
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3.1. Phase 1: Flight Data Collection

Figure 1 shows our experimental environment. It includes the 3D visualization inter-
face of the Loco positioning system and the physical test environment.

(a) (b)

Figure 1. Experimental environment: (a) Software interface showing 3D anchor configuration and
real-time tracking; (b) Physical test environment with Crazyflie UAV and UWB anchors. (a) The
Loco positioning system interface displays 8 UWB anchor points and tracks the Crazyflie drone in
real time. Battery voltage reads 3.938 V. Link quality is good. Anchors are numbered 0 to 7 across
the experimental space. (b) The physical setup shows the Crazyflie 2.1 UAV at the center of a red
flight zone. Eight UWB nodes (Nodes 0–7) surround the test area. A glass room encloses the space to
maintain controlled conditions.

3.1.1. Experimental Testbed Setup

To collect real flight trajectory data of unmanned aerial vehicles with different trajectory
lengths across various trajectory types, we established an experimental platform for data
collection in a controlled environment. The hardware configuration consists of one Crazyflie
2.1 quadrotor, weighing 27 g, a Crazyradio PA USB dongle operating in the 2.4 GHz band
with 20 dBm power amplification [33], and an 8-anchor Loco Positioning System providing
sub-10 cm positioning accuracy.

For experimental repeatability, we used one Crazyflie drone equipped with STM32F405
microcontrollers, nRF51822 radio and power management MCUs, and BMI088 3-axis accelerom-
eter/gyroscope with BMP388 high-precision pressure sensor [34]. The drone is also fitted with a
DWM1000 module to interface with the positioning system for precise localization.

Accurate position tracking is essential for our experiments. While the theoretical
minimum for 3D positioning is 4 anchors, we used the maximum supported 8 anchors for
improved redundancy and accuracy. Each Loco Positioning Node is based on the Decawave
DWM1000 module implementing IEEE 802.15.4 UWB standard [35]. The system provides
±10 cm positioning accuracy in three dimensions with a tested range of up to 10 m. Each
node is controlled by an STM32F072 MCU and can be configured to work in Anchor, Tag,
or Sniffer mode [35].

The control station consists of a Linux-based computer with an Intel Core i7 processor,
16 GB RAM, and USB 3.0 ports for Crazyradio connection. This hardware setup creates a
controlled environment where flight data can be collected while maintaining accurate position
tracking, allowing us to isolate the effects of environment conditions on flight performance.

https://doi.org/10.3390/fi18010004
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3.1.2. Flight Mission Design and Execution

We designed nine distinct flight patterns to systematically capture diverse flight
behaviors across vertical and horizontal maneuvers. These patterns were carefully selected
to represent fundamental UAV movement primitives that occur in real-world applications.
Table 1 presents the set of mission patterns used in our data collection.

Throughout mission execution, the system continuously logs multi-sensor data at 100 Hz
sampling rate, capturing position, velocity, attitude, and acceleration measurements with
precise temporal synchronization.

Table 1. Flight Mission Waypoint Coordinates.

Mission Pattern Waypoint Sequence (x, y, z)

vertical_small (0, 0, 0.3) → (0, 0, 0.6) → (0, 0, 0.9) → (0, 0, 0.6) → (0, 0, 0.3)
vertical_med (0, 0, 0.4) → (0, 0, 0.8) → (0, 0, 0.4)
vertical_large (0, 0, 0.5) → (0, 0, 1.0) → (0, 0, 0.5)

square_small (0, 0, 0.3) → (0.3, 0, 0.3) → (0.3, 0.3, 0.3) → (0, 0.3, 0.3) → (0, 0, 0.3)
square_med (0, 0, 0.4) → (0.5, 0, 0.4) → (0.5, 0.5, 0.4) → (0, 0.5, 0.4) → (0, 0, 0.4)
square_large (0, 0, 0.5) → (0.7, 0, 0.5) → (0.7, 0.7, 0.5) → (0, 0.7, 0.5) → (0, 0, 0.5)

triangle_small (0, 0, 0.6) → (0.4, 0, 0.6) → (0.2, 0.4, 0.6) → (0, 0, 0.6)
triangle_med (0, 0, 0.6) → (0.5, 0, 0.6) → (0.25, 0.5, 0.6) → (0, 0, 0.6)
triangle_large (0, 0, 0.6) → (0.8, 0, 0.6) → (0.4, 0.6, 0.6) → (0, 0, 0.6)

Mission Execution Characteristics: The vertical patterns capture pure z-axis move-
ments at fixed horizontal positions. Square trajectories involve alternating single-axis
horizontal movements (x-only or y-only changes between waypoints), while triangle pat-
terns combine single-axis movements with diagonal segments requiring simultaneous x-y
coordinate changes. This design systematically covers fundamental movement primitives:
vertical-only, x-only, y-only, and combined x-y movements.

3.2. Phase 2: Segmented LSTM Model Training

All models were trained using an NVIDIA GeForce RTX 3050 Laptop GPU (NVIDIA
Corporation, Santa Clara, CA, USA) with sufficient memory to accommodate the specified
batch sizes.

3.2.1. Problem Formulation

We formulate trajectory prediction as a two-tier supervised learning problem. The
first tier involves global duration prediction, mapping start positions, target positions, and
maneuver types to mission duration, average velocity, and trajectory sampling points. The
second tier generates detailed trajectories, combining position boundary conditions and
predicted durations to produce complete spatiotemporal trajectory sequences.

3.2.2. Data Preprocessing and Segmentation

Raw flight data undergoes automated segmentation using our trajectory segmentation
tool to extract individual autonomous missions from continuous data streams. The seg-
mentation process categorizes trajectory segments into five fundamental maneuver types:
takeoff sequences, vertical ascent, vertical descent, horizontal straight movements, and
horizontal diagonal movements. Quality filtering removes incomplete or erroneous tra-
jectory segments, while normalization processes trajectory coordinates, average velocities,
durations, and other parameters to ensure training consistency.

https://doi.org/10.3390/fi18010004
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3.2.3. Segmented LSTM Architecture

Our framework employs specialized neural networks optimized for each maneuver
type. The Global Duration Predictor utilizes a 3-layer feed-forward network with segment
embeddings, processing geometric features including start/end positions, direction vectors,
distance, and segment type information to predict mission timing parameters.

Five segment-specific trajectory generators implement 2-layer LSTM architectures with
time encoding and boundary constraint capabilities. Each generator processes start/end
positions, initial velocity, and segment type embeddings to output complete spatiotemporal
trajectories (positions and velocities indexed over time, given the predicted duration and
sampling points). Direction vectors are computed internally from the position boundaries.
The velocity output primarily serves to ensure physics consistency during training through
velocity-position coherence constraints rather than as a direct prediction target.

3.3. Evaluation Methodology
3.3.1. Model Training Process Assessment

Global Duration Predictor Training Metrics:
(1) Duration Prediction Mean Absolute Error: Evaluates deviation between predicted

mission duration and actual flight time; (2) Average Speed Prediction Mean Absolute Error:
Validates predicted average flight speed accuracy; (3) Trajectory Sampling Points Prediction
Mean Absolute Error: Assesses precision of predicted trajectory points.
Segment Trajectory Generator Training Metrics:

(1) Training Process ADE Monitoring: Tracks average displacement error convergence
during training for each segment type; (2) Physics Consistency Loss: Mean squared error
between velocities calculated from position differences and model-output velocities, ensur-
ing trajectory physical plausibility; (3) Boundary Condition Loss: Evaluates satisfaction
of start/end position and velocity constraints; (4) Acceleration Smoothness Loss: Ensures
trajectory motion continuity and reasonableness.
Training Optimization Strategies:

Employs differentiated early stopping mechanisms (duration predictor patience = 20,
trajectory generators patience = 30), adaptive learning rate scheduling (ReduceLROnPlateau),
and gradient clipping (max_norm = 1.0) to ensure training stability.

3.3.2. Final Model Performance Evaluation

Spatial Accuracy Metrics:
Average Displacement Error (ADE) evaluation for five maneuver types (takeoff, verti-

cal_up, vertical_down, horizontal_straight, horizontal_diagonal) to validate specialized
modeling effectiveness.
Temporal Accuracy Metrics:

Mission duration prediction error: Evaluates absolute deviation between global dura-
tion predictor output and actual execution time.
System Integration Assessment:

Through 3D trajectory comparison and X-Y plane projection visualization analysis,
geometric consistency between predicted and actual trajectories is evaluated. Combined
with quantitative ADE metrics, validates overall prediction accuracy and trajectory shape
fidelity when the global duration predictor and segment trajectory generators work jointly.

https://doi.org/10.3390/fi18010004
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4. Proposed Architecture for Data-Driven UAV Trajectory
Prediction Modeling
4.1. Trajectory Prediction System Architecture

Figure 2 provides an architectural overview of the complete UAV trajectory prediction
system, illustrating the integration between five key components: data collection, data
processing, model training, prediction inference, and evaluation/validation.

4.1.1. Data Collection Pipeline

The data collection pipeline addresses Crazyflie’s packet size constraints through a
two-stream acquisition strategy operating at 100 Hz. Under the hardware limit of 30 bytes
for LogConfig payload, the 12-dimensional state vector must be divided into separate
position-velocity and attitude-IMU log groups. System timing optimization relies on a
delay measurement tool that measures LogConfig transmission delays and recommends
optimal time slot configurations. The PureContinuousCollector implements 10 ms time slots
to reconstruct complete flight states from temporally-aligned sensor streams. Waypoint
commands are transmitted via Crazyradio PA to the onboard autopilot for autonomous
trajectory following. Meanwhile, two independent LogConfig channels simultaneously
capture position-velocity estimates and attitude-acceleration measurements. The delay-
calibrated synchronization framework ensures temporal alignment within 10 ms windows,
enabling reconstruction of complete flight states. Quality validation confirms measurement
fusion completeness and consistency before structured data storage.

Figure 2. Three-phase architecture of the UAV trajectory prediction system: data collection and
processing, two-stage model training, and evaluation and validation.

4.1.2. Trajectory Data Processing and Segmentation

The trajectory data processing pipeline employs a three-stage workflow to transform
raw flight data into structured training segments for machine learning models.

Stage 1: Trajectory Selection

The initial processing phase employs trajectory selection script to curate high-quality
flight data from the collected dataset. This component implements automated quality
filtering based on temporal constraints, accepting complete flight trajectories with total
durations between 5–25 s to ensure the quality of trajectory data. The script applies velocity
smoothing using a 3-point moving average window to reduce sensor noise that could
compromise training data quality.
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Interactive visualization generates grid-based preview images showing either height-
versus-time plots for vertical trajectories or X-Y plane projections for horizontal patterns.
At this stage, we remove trajectories with insufficient motion characteristics due to system
limitations. All square_small and triangle_small patterns are filtered out as the Crazyflie
LPS positioning accuracy constraints result in poor horizontal flight trajectory features
during short-distance movements. Additionally, vertical flight trajectories exhibiting exces-
sive hovering durations caused by waypoint positioning judgment errors are excluded to
maintain trajectory quality standards.

Stage 2: Trajectory Segmentation

The core segmentation script divides continuous flight data into semantically mean-
ingful phases. The system recognizes five distinct segment types through rule-based
classification: TAKEOFF (initial ground-to-flight transition), VERTICAL_UP (ascending
flight phases), VERTICAL_DOWN (descending flight phases), HORIZONTAL_STRAIGHT
(linear horizontal movements), and HORIZONTAL_DIAGONAL (angular horizontal tran-
sitions). The segmentation algorithm employs several key processing techniques. Takeoff
phase splitting uses sustained vertical velocity analysis to separate initial transitions into
preparation (TAKEOFF) and ascent (VERTICAL_UP) phases, improving dataset balance.
Apex detection and correction identify true trajectory peaks independent of waypoint
targets for vertical patterns. Multi-criteria waypoints arrival detection combines 0.08 m
positional tolerance with 0.2 m/s velocity thresholding to determine segment boundaries
accurately. Figure 3 demonstrates the effectiveness of the segmentation algorithm across
different trajectory patterns, showing clear phase boundaries and velocity transitions for
each flight category.

Stage 3: Dataset Analysis

The final processing stage employs dataset analysis tools to generate distribution statistics
and validation results. The analysis component processes all segmented trajectory files to ex-
tract trajectory type distributions, segment type counts, and duration/distance characteristics.

The dataset contains 1939 trajectory segments divided into five flight categories, as
detailed in Table 2. The distribution is well-balanced across categories. This gives us
enough samples in each category for training the LSTM models. The dataset covers all
main flight patterns, from takeoff to complex horizontal maneuvers.

Table 2. Final Dataset Composition After Trajectory Selection And Segmentation.

Segment Type Samples Duration Range (s) Distance Range (m)

TAKEOFF 313 3.30–3.48 0.0055–0.0522
VERTICAL_UP 463 0.94–5.20 0.1921–0.6947
VERTICAL_DOWN 463 0.99–5.48 0.0332–0.5995
HORIZONTAL_STRAIGHT 400 1.00–7.63 0.4148–0.8308
HORIZONTAL_DIAGONAL 300 1.47–7.91 0.4338–0.8252

Total 1939 0.94–7.91 0.0055–0.8308

4.1.3. Segmented LSTM Training Framework

The training framework implements a two-stage optimization process with specialized
handling for different trajectory types. The Global Duration Predictor employs a multi-
layer feed-forward architecture with segment type embedding layers, trained using batch
sizes of 32 samples with early stopping mechanisms (patience = 20 epochs) and learning
rate scheduling to prevent overfitting. The Global Duration Predictor will be used in the
prediction stage.
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Figure 3. Trajectory Segmentation Results Across Different Flight Patterns. Left panels show trajectory
paths with color-coded segments, right panels display speed profiles with segment boundaries. The
segmentation algorithm successfully identifies distinct flight phases including takeoff preparation,
vertical motion, and horizontal maneuvering patterns. (a) Vertical Large Trajectory. (b) Vertical
Medium Trajectory. (c) Vertical Small Trajectory. (d) Square Large Trajectory. (e) Square Medium
Trajectory. (f) Triangle Large Trajectory. (g) Triangle Medium Trajectory.

The segment-specific trajectory generators utilize 2-layer vertically stacked LSTM
architectures. The first LSTM layer processes concatenated inputs of time embeddings
(32 dimensions) and context vectors (128 dimensions), producing 128-dimensional hidden
state sequences. The second LSTM layer receives the first layer’s output as input and
generates the final 128-dimensional representations, which are subsequently mapped to 6-
dimensional trajectory predictions through a linear output layer. Training is conducted with
reduced batch sizes (8 samples) and extended training duration (150 epochs, patience = 30) to
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accommodate the complexity of spatiotemporal sequence modeling. The generators optimize
trajectory reconstruction through combined loss functions including position accuracy, velocity
consistency, physics-informed constraints, and boundary condition losses.

For horizontal trajectory segments (straight and diagonal patterns), the training pro-
cess incorporates intermediate point correction mechanisms. This enhancement applies
soft constraints at strategic trajectory positions (1/4, 1/2, 3/4 points along the path) using
weighted correction factors (weight = 0.3) that blend predicted and target positions. Ad-
ditionally, horizontal segments use boundary loss weight of 15.0 versus 10.0 for vertical
segments to improve geometric path adherence during training.

4.1.4. Physics-Informed Loss Function Implementation

The training process incorporates multiple loss components to ensure physical plau-
sibility and geometric accuracy. Position reconstruction loss employs mean squared er-
ror between predicted and target trajectory points, representing the primary prediction
objective. Velocity outputs serve primarily as auxiliary constraints to enhance position
prediction quality through physics consistency constraints, ensuring coherence between
model-predicted velocities and velocities derived from position differences, rather than as
independent prediction targets.

Physics consistency constraints verify that velocities calculated from position differ-
ences match model velocity predictions:

Lphysics =
1

N − 1

N−2

∑
i=0

MSE
(

pi+1 − pi
0.01

, vpred,i

)
(1)

Boundary condition enforcement ensures trajectory start and end points match speci-
fied position and velocity constraints:

Lboundary = MSE(p0, pstart) + MSE(pN−1, pend) + MSE(v0, vstart) + MSE(vN−1, vtarget) (2)

Acceleration regularization prevents unrealistic motion discontinuities:

Lsmooth =
1

N − 1

N−2

∑
i=0

|vi+1 − vi| (3)

The complete loss function combines these components with segment-specific weighting:

Ltotal = Lposition + Lvelocity + αLphysics + βLboundary + γLsmooth (4)

where α = 5.0, β = 10.0 (15.0 for horizontal segments), and γ = 0.02 based on empirical
optimization. These coefficients were empirically optimized to achieve a balanced trade-off
between positional accuracy, physical consistency, and trajectory smoothness.

4.2. Trajectory Prediction Inference Pipeline
Two-Stage Prediction Process

The inference system accepts high-level mission commands specifying start position,
target position, initial velocity, and maneuver type. The system automatically computes
mission distance and direction vectors required for duration prediction. Mission execution
prediction follows the trained two-tier architecture. The Global Duration Predictor first
estimates mission timing parameters including total duration, average velocity, and number
of sampling points. These temporal parameters are then provided to the appropriate
segment-specific trajectory generator for detailed spatiotemporal sequence synthesis.
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5. Results and Analysis
5.1. Experimental Setup and Evaluation Metrics
5.1.1. Evaluation Framework

The empirical evaluation uses a comprehensive assessment framework that evaluates
both component-level performance and end-to-end trajectory prediction accuracy. The
evaluation encompasses two primary dimensions: temporal accuracy through duration
prediction assessment and spatial accuracy via trajectory reconstruction analysis.

5.1.2. Performance Metrics

Trajectory prediction accuracy is quantified using Average Displacement Error (ADE),
calculated as the mean Euclidean distance between predicted and ground truth trajectory points:

ADE =
1
N

N

∑
i=1

∥ppred,i − ptrue,i∥2 (5)

Duration prediction accuracy employs Mean Absolute Error (MAE) to evaluate tem-
poral estimation performance:

Duration MAE =
1
M

M

∑
j=1

|tpred,j − ttrue,j| (6)

where N represents trajectory points, M denotes trajectory segments, p indicates position
vectors, and t represents duration values.

5.2. Component-Level Performance Analysis
5.2.1. Global Duration Predictor Performance

The Global Duration Predictor demonstrates variable accuracy across different ma-
neuver types (Figure 4), with performance characteristics reflecting both typical execution
patterns and platform variability. Duration prediction achieves median MAE of 0.028 s
(mean: 0.13 ± 0.42 s, n = 313) for takeoff, 0.102 s (mean: 0.19 ± 0.43 s, n = 463) for vertical_up,
0.204 s (mean: 0.32 ± 0.34 s, n = 463) for vertical_down, 0.216 s (mean: 0.39 ± 0.49 s, n = 400)
for horizontal_straight, and 0.371 s (mean: 0.59 ± 0.57 s, n = 300) for horizontal_diagonal.

Figure 4. Duration Prediction Error by segment type.
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The substantial differences between median and mean values indicate right-skewed
error distributions, as illustrated in Figure 5 for representative segment types. Distribution
analysis reveals that approximately 75–85% of predictions fall below the statistical outlier
threshold (Q3 + 1.5 × IQR), with the remaining 15–25% experiencing elevated errors that
elevate mean values. For instance, takeoff segments (Figure 5a) show median MAE of
0.028 s representing typical performance, while the mean of 0.132 s reflects the influence of
outliers beyond the 0.102 s threshold. This bimodal behavior—where most executions are
consistent but a minority exhibit large deviations—reflects the inherent execution variability
of the Crazyflie platform, including inconsistent hover durations at waypoints and variable
flight speeds. For vertical trajectories, samples with excessive hovering were filtered during
data preprocessing. However, for horizontal trajectories, such filtering was not feasible as
abnormal hovering is difficult to distinguish from normal deceleration in the horizontal
plane, so all collected samples were retained for training, resulting in higher variability in
horizontal segment predictions.

(a) (b)

Figure 5. Duration prediction error distributions for representative segment types illustrating right-
skewed patterns. The distributions demonstrate that while median MAE values (green dashed line)
represent typical performance, mean values (red dashed line) are elevated by outlier errors beyond
the Q3 + 1.5 × IQR threshold (orange dashed line). For takeoff segments, approximately 82% of
predictions achieve errors below 0.102 s, with median MAE of 0.028 s indicating high typical accuracy
despite mean MAE of 0.132 s reflecting outlier influence. Similarly, horizontal segments show 80%
of predictions below 1.138 s threshold, with median MAE of 0.216 s versus mean of 0.395 s. This
bimodal behavior reflects platform execution variability where most flight executions are consistent,
but waypoint arrival detection inconsistencies produce occasional large timing deviations. (a) Takeoff
Duration Error Distribution (Median: 0.028 s, Mean: 0.132 s). (b) Horizontal Straight Duration Error
Distribution (Median: 0.216 s, Mean: 0.395 s).

Similarly, horizontal segments (Figure 5b) demonstrate median MAE of 0.216 s versus
mean of 0.395 s, with outliers beyond 1.138 s accounting for approximately 20% of samples.
These extended execution times occur when the UAV requires additional stabilization
cycles to satisfy waypoint arrival criteria, a platform-specific characteristic independent of
the prediction model.

The temporal variability observed across trajectory segments reflects inherent limi-
tations in small-scale quadrotor flight execution consistency. Despite identical geometric
constraints and control commands, the Crazyflie platform exhibits variable acceleration
patterns, maximum velocities, and deceleration behaviors. This variation stems from
multiple factors including battery voltage fluctuations, sensor noise, environmental distur-
bances, PID controller response variations, and most importantly, inconsistent waypoint
arrival detection times. The stabilization verification process requires sustained positioning
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accuracy within tolerance bounds, but the time needed to achieve this stability varies
across identical waypoints due to platform-specific factors. This hardware-level execution
variance explains why segments with similar spatial characteristics can exhibit substantial
temporal differences.

Despite these platform-specific limitations, the proposed model achieves reasonable
predictive accuracy for mission planning purposes. The median values represent typical
flight behavior, while mean values account for platform-specific delays, providing users
with both optimistic (median) and conservative (mean) timing estimates.

Future work could explore performance improvements under standardized flight con-
ditions, where consistent flight behaviors might enable more precise temporal predictions
for autonomous trajectory planning applications.

5.2.2. Segment-Specific Trajectory Generator Performance

Segment-specific trajectory generators demonstrate strong reconstruction accuracy
across all maneuver types (Figure 6). Horizontal trajectory training excludes small patterns
to ensure feature quality under LPS positioning constraints, while vertical trajectories
include all pattern scales.

Figure 6. Average Displacement Error by segment type.

Takeoff sequences achieve exceptional precision with mean ADE of 0.0252 ± 0.0086 m
(n = 313), reflecting the controlled vertical motion during initial stabilization. Vertical
maneuvers maintain strong performance with mean ADE of 0.0603 ± 0.0218 m for verti-
cal_up (n = 463, 30–50 cm segments) and 0.0592 ± 0.0209 m for vertical_down (n = 463),
representing 12-20% relative error well within the LPS positioning baseline (±10 cm).

Horizontal trajectory reconstruction demonstrates mean ADE of 0.0903 ± 0.0569 m for
straight movements (n = 400, 50–70 cm segments, medium and large patterns only) and
0.1136 ± 0.0796 m for diagonal patterns (n = 300, 56–72 cm segments, medium and large
patterns only), corresponding to 13–18% and 16–20% relative error respectively. These
results approach the LPS positioning system’s inherent accuracy (±10 cm), indicating
that spatial prediction errors are primarily sensor-bound rather than model-limited. The
elevated standard deviations in horizontal segments (63–70% coefficient of variation) reflect
two factors: (1) accumulated positioning uncertainty in the horizontal plane where LPS
noise is more pronounced over longer flight distances, and (2) endpoint hovering phases
where position drift contributes to ADE measurements.
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All segment types achieve mean ADE at or below the 11 cm threshold, demonstrating
effective learning of flight dynamics within the constraints of the positioning system accuracy.

5.3. End-to-End Trajectory Prediction Validation
5.3.1. Vertical Flight Pattern Analysis

Vertical trajectory prediction demonstrates strong performance across different scales,
with the system effectively capturing ascending and descending flight dynamics. Represen-
tative prediction results for vertical missions are presented in Figure 7.

(a) (b)

(c)

Figure 7. Vertical Flight Pattern Prediction Results. Left panels show 3D trajectory comparisons, right
panels display height versus time profiles eliminating perspective distortion. (a) Vertical Medium
Trajectory (ADE: 0.0776 m). (b) Vertical Small Trajectory (ADE: 0.0678 m). (c) Vertical Large Trajectory
(ADE: 0.0476 m).

The vertical flight analysis reveals consistent prediction accuracy across trajectory
scales, with ADE values ranging from 0.0476 m to 0.0776 m. The system demonstrates
particular strength in modeling altitude changes, accurately reconstructing the vertical
displacement patterns during ascent and descent phases. Height versus time profiles show
strong correlation between predicted and ground truth trajectories, indicating effective
integration of temporal and spatial prediction components.

5.3.2. Horizontal Flight Pattern Analysis

Horizontal trajectory prediction exhibits greater complexity due to the geometric
constraints of maintaining specific path shapes while accommodating UAV dynamics.
Representative results for square and triangular flight patterns are shown in Figure 8.

Horizontal trajectory analysis demonstrates the system’s capability to maintain geo-
metric path characteristics while accommodating UAV flight dynamics. Square patterns
achieve ADE values ranging from 0.0673 m to 0.1607 m, with larger trajectories generally
exhibiting better prediction accuracy due to reduced relative impact of positioning errors.
Triangular patterns show ADE values from 0.0868 m to 0.1131 m, indicating consistent
performance across different geometric configurations.
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(a) (b)

(c) (d)

Figure 8. Horizontal Flight Pattern Prediction Results. Left panels show 3D trajectory comparisons,
right panels display X-Y plane projections eliminating perspective distortion. (a) Square Large
Trajectory (ADE: 0.0673 m). (b) Square Medium Trajectory (ADE: 0.1607 m). (c) Triangle Large
Trajectory (ADE: 0.1131 m). (d) Triangle Medium Trajectory (ADE: 0.0868 m).

6. Discussion and Threats
6.1. Segmented Architecture Effectiveness

The two-stage segmented LSTM architecture demonstrates clear advantages for UAV
trajectory prediction. By decomposing complex spatiotemporal prediction into duration
estimation and segment-specific generation, the system achieves specialized modeling for
different flight maneuvers. The Global Duration Predictor successfully captures temporal
patterns across segment types, while dedicated trajectory generators effectively learn the
unique spatial characteristics of each maneuver category.

The segmented approach proves valuable for understanding model reasoning capa-
bilities across different maneuver types. Under the limitation of the system positioning
accuracy of Crazyflie LPS, the take-off sequence achieved best reconstruction accuracy,
while the vertical and horizontal maneuvers maintained good performance despite the
increased geometric complexity.

6.2. Performance Relative to System Constraints

The spatial prediction results (2.5–11.4 cm reconstruction errors) demonstrate effective
learning within the LPS positioning accuracy baseline (±10 cm). This performance indicates
the model successfully captures essential flight dynamics while accommodating measure-
ment noise. The model achieves sub-positioning-system accuracy for takeoff and vertical
segments(2.5–6.0 cm), and near-system-accuracy for horizontal segments(9.0–11.4 cm), with
narrow standard deviations (±0.9–8.0 cm) confirming consistent spatial reconstruction.

Vertical trajectories include all pattern scales (30–50 cm segments), achieving 12–20%
relative error well within the LPS baseline. For horizontal segments, small patterns were
excluded from training to ensure trajectory feature quality under positioning constraints.
The retained medium and large patterns (straight: 50–70 cm, diagonal: 56–72 cm) achieve
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mean ADE of 9–11 cm, with relative errors of 13–18% for straight segments and 16–20%
for diagonal segments respectively, which is reasonable given the LPS positioning baseline
(±10 cm, or ±14–20% for 50–70 cm flights).

In contrast, temporal prediction exhibits substantially higher uncertainty (std:
±0.34–0.57 s) compared to spatial prediction. This disparity arises from fundamental differ-
ences in prediction targets: spatial trajectories depend primarily on geometric constraints
(start/end positions) which remain consistent across executions, while temporal prediction
must account for platform-dependent factors—battery state, control system response, and
waypoint arrival criteria—all of which exhibit high variability in micro-UAV platforms. The
large temporal standard deviations quantify this execution inconsistency: identical mission
commands can result in 0.3–0.6 s duration variations depending on flight conditions. While
this limits precise temporal scheduling applications, the duration predictor still provides
valuable approximate timing for mission planning scenarios.

6.3. Practical Application Potential

With a total size of only 5.98 MB (0.124 MB duration predictor + 5 × 1.17 MB tra-
jectory generators), the model is lightweight enough for potential deployment in edge
computing environments and directly onboard UAV platforms, enabling real-time trajectory
planning applications.

Our “high accuracy” refers to achieving physically plausible trajectories within system
constraints (ADE: 0.0252–0.1136 m approaching ±10 cm LPS positioning accuracy), demon-
strating effective learning of flight dynamics rather than claiming superiority over existing
methods. Our “lightweight” claim is based on absolute model size suitable for edge de-
ployment, rather than empirically measured deployment performance. Actual edge device
profiling (inference latency, memory usage, energy consumption) remains future work.

The system’s dual temporal-spatial prediction capabilities make it suitable for multi-
agent coordination scenarios requiring accurate timing and path prediction for collision
avoidance and mission synchronization. This segmentation method enables the model
to naturally extend to swarm robot applications, where agents can focus on different
segmentation types while sharing the prediction results. The physics-informed trajectory
generation provides a foundation for autonomous navigation systems requiring predictive
path planning from high-level waypoint commands.

6.4. Hardware Platform Limitations

As demonstrated in our analysis, despite the same geometric constraints and control
commands, the crazyfly platform exhibits variable acceleration modes, maximum velocities,
and deceleration behaviors. Possible causes include battery voltage fluctuations, sensor
noise, environmental interference, changes in PID controller response, and inconsistent
waypoint arrival detection times. The stability verification process needs to be maintained
within the waypoint arrival determination conditions, but due to platform-specific factors,
the time required to achieve such stability may vary at the same waypoint. These are the
fundamental reasons for the significant differences in duration in the figure chart.

6.5. Controlled Environment Limitations

Data collection in a controlled indoor environment may not capture environmental
disturbances encountered in real-world operations. Wind effects, temperature variations,
and electromagnetic interference typical of outdoor operations were not systematically
evaluated, potentially overestimating model robustness.
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6.6. Trajectory Type and Scale Generalization Limitation

The training process only uses a limited number of trajectory segment types and
lengths. When the model encounters unseen trajectory patterns or exceeds the scale of the
training distribution, it may lead to a decrease in prediction accuracy or even prediction
failure. The current framework is confined to five basic segment types (take-off, vertical up
and down, horizontal straight line/diagonal) within a specific distance range, which limits
its ability to handle trajectory sequences of different lengths from the training dataset and
different flight actions.

6.7. UAV Platform Generalizability

The current model is trained on a specific UAV (Crazyflie 2.1) and is therefore not
directly transferable to platforms with different aerodynamic and inertial properties. How-
ever, the underlying training methodology is general and can be applied to other UAV
platforms with appropriate data.

6.8. Evaluation Metric Limitations

This model does not impose any restrictions on the accessibility of the target. For
instance, whether the remaining battery power of the current drone can support the drone
to eventually reach the target.

7. Conclusions and Future Work
This research addresses limitations in existing approaches. We designed a segmented

LSTM architecture for complete flight trajectory prediction. The framework breaks down
complex missions into five maneuver types. This allows complete spatiotemporal trajectory
prediction for full missions.

We validated our approach using real Crazyflie 2.1 flight data. The results show
three main contributions. The segmented LSTM architecture achieves high prediction
accuracy. Average Displacement Error ranges from 0.0252 m for takeoff to 0.1136 m for
diagonal trajectories. Each segment is effectively specialized for its maneuver type. Our
two-stage prediction process combines global duration estimation with segment-specific
trajectory generation. This captures both temporal and spatial flight characteristics. Ex-
isting short-term methods cannot meet these complete flight trajectory planning require-
ments. The model architecture is compact at 5.98 MB total (0.124 MB duration predictor +
5 × 1.17 MB trajectory generators). This size supports deployment in edge computing or
onboard environments.

The training framework uses physics-informed loss functions. We add three constraint
terms: velocity consistency between adjacent trajectory points, boundary conditions match-
ing the start/end states, and acceleration smoothness penalizing sharp changes. These soft
constraints guide the LSTM to generate realistic trajectories without adding computational
overhead during inference. The model achieves reconstruction errors within baseline
LPS accuracy (±10 cm). This shows the model learned essential flight dynamics despite
measurement noise.

Within the scope of five fundamental maneuver types, the system has practical appli-
cations for structured UAV operations. Smart agriculture can use it for autonomous crop
monitoring missions with precise timing and coverage predictions. Logistics applications
benefit from automated delivery systems with reliable arrival estimates. The lightweight
modular architecture (1.17 MB per segment) enables distributed deployment, providing
a foundation for multi-UAV coordination in structured scenarios where agents execute
similar basic maneuvers.
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However, we must acknowledge several limitations. The model is trained on Crazyflie
2.1 data. It needs retraining for other UAV architectures. Our controlled indoor environment
may not capture outdoor complexity. Wind disturbances and electromagnetic interference
are absent from our tests. The framework currently handles five fundamental maneuvers
within specific distance ranges. This limits applicability to missions requiring maneuver
types outside these five primitives, or trajectories exceeding the training distance range
(0.0055–0.8308 m per segment). Dynamic replanning in response to unexpected obstacles
or environmental changes also remains beyond current scope.

Future research directions include extending the segmented modeling approach to
incorporate weather-adaptive prediction capabilities and more granular trajectory decom-
position to support longer missions (e.g., decomposing horizontal and vertical movements
into acceleration, uniform, and deceleration phases for scalable trajectory prediction). Such
extensions could expand the maneuver library from five basic types to more refined seg-
ments, enabling representation of substantially more complex missions through flexible
composition. Further avenues include exploring transfer learning mechanisms for rapid
adaptation to different UAV platforms and integrating real-time environmental percep-
tion (e.g., computer vision) for dynamic trajectory adjustment to enhance dynamic flight
planning capabilities. A critical future direction involves systematic baseline comparisons
by adapting existing trajectory prediction methods (Transformer-based, GAN, unified
LSTM) for waypoint-based input, establishing standardized benchmarks, and conducting
ablation studies to quantify segmentation benefits. Empirical edge deployment validation
on resource-constrained platforms with measured inference latency and energy profiling
would further strengthen practical deployment claims.

While our current implementation addresses complete flight trajectory prediction
from predetermined waypoints using five fundamental maneuver types, the segmented
architecture provides a scalable foundation for future mission-level autonomous systems.
By demonstrating that segmented approaches can achieve both high prediction accuracy
(ADE: 0.0252–0.1136 m) and computational efficiency (5.98 MB total size), we establish
the feasibility of this architectural paradigm. The key insight is that as the maneuver
library expands—for example, decomposing horizontal flight into acceleration, cruise, and
deceleration phases, or adding curved transition segments—the framework can generate
increasingly complex trajectories through flexible composition of atomic prediction mod-
ules. In this vision, any flight mission decomposable into a sequence of learned maneuver
primitives becomes predictable through modular assembly, regardless of overall complexity.
This positions our work as a foundational building block demonstrating the viability of
segmented prediction architectures for future mission-level UAV planning systems, while
acknowledging that realizing comprehensive mission-level autonomy requires expanding
the maneuver library and integrating with higher-level planning capabilities beyond our
current contribution.

This work connects data-driven methods with mission-level planning needs for au-
tonomous flight. Our segmented LSTM framework maintains deployment efficiency and
prediction accuracy. It offers a practical approach for trajectory prediction in intelligent
UAV systems under task-level flight control.
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