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Highlights

What are the main findings?
• The sensor-enriched LSTM (LSTM-PVAQ) achieved the lowest 3D RMSE at every evalu-

ated horizon—0.043 m at 0.1 s, 0.168 m at 0.5 s, and 0.371 m at 1.0 s. At the 1 s horizon,
it reduced RMSE by 21.7% versus LSTM-PV, 13.1% versus GRU-PVAQ, 9.3% versus
TCN-PVAQ, 16.8% versus Transformer-PVAQ, and 25.4% versus EKF-CA; all paired
flight-level differences remained significant after Holm adjustment (p < 0.001).

• The cumulative feature ablation reduced 1 s RMSE from 0.612 m with position alone
to 0.371 m with the full PVAQ input, with sequential conditional gains from velocity,
acceleration treatment, and quaternion orientation. LSTM-PVAQ required 92.6 K param-
eters and 0.88 ms median batch-1 neural forward-pass time on a Raspberry Pi 5 CPU,
while TCN-PVAQ provided a faster 0.54 ms model-inference alternative with a modest
accuracy penalty.

What are the implications of the main finding?
• For the evaluated AirSim domain, incorporating inertial and attitude histories—

especially gravity-resolved acceleration and quaternion orientation—improved short-
horizon 3D prediction relative to position–velocity input. This result supports further
evaluation of sensor-enriched predictive state estimation on physical UAVs rather than
establishing universal real-world superiority.

• The measured accuracy–latency trade-off shows that the neural forward pass fits within
the evaluated 50 Hz model-update interval: LSTM-PVAQ favors accuracy, whereas
TCN-PVAQ offers lower model-inference latency. Collision-risk monitoring, route main-
tenance, link-quality forecasting, handover preparation, and prediction-assisted control
are potential downstream applications that were not directly evaluated in this study.

Abstract

Reliable short-term position forecasting may provide anticipatory state information for
collision-risk assessment, communication management, and prediction-assisted control
in Internet of Things (IoT)-enabled unmanned aerial vehicles (UAVs); these downstream
functions are not evaluated directly here. This study reformulates UAV position prediction
as a flight-wise, multi-horizon, three-dimensional forecasting problem and tests whether
position, velocity, gravity-resolved acceleration, and quaternion-orientation histories im-
prove predictive accuracy while measuring model-level edge-inference cost rather than
end-to-end system latency. The dataset contains 3100 AirSim flights with high-rate kine-
matic, inertial, attitude, pressure, and magnetic-field measurements under variable hor-
izontal wind. The reported generalization is flight-disjoint within one AirSim domain;
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route/scenario disjointness and transfer to physical UAVs are not established. Signals are
converted to a common navigation frame, gravity-resolved, low-pass filtered, resampled to
50 Hz, and partitioned by flight identifier before normalization and window construction.
Each learned model receives 2 s of history and predicts the complete next 1 s trajectory,
with errors evaluated at 0.1, 0.5, and 1.0 s. The sensor-enriched LSTM (LSTM-PVAQ) is com-
pared under matched conditions with persistence, constant-velocity, constant-acceleration,
extended Kalman filter, reduced-feature LSTM, GRU, temporal convolutional network
(TCN), and compact Transformer baselines. LSTM-PVAQ achieved 3D RMSE values of
0.043, 0.168, and 0.371 m at 0.1, 0.5, and 1.0 s, respectively. At 1 s, its RMSE was 21.7% lower
than LSTM-PV, 13.1% lower than GRU-PVAQ, 9.3% lower than TCN-PVAQ, and 16.8%
lower than Transformer-PVAQ. Its one-second ADE and FDE were 0.216 and 0.339 m. On a
Raspberry Pi 5 CPU using one FP32 thread and batch size one, median neural forward-pass
latency was 0.88 ms, well below the 20 ms model-update interval. The results show that
gravity-resolved inertial and orientation histories improve multi-horizon prediction, while
TCN-PVAQ remains an attractive lower-latency alternative.

Keywords: unmanned aerial vehicle; multi-horizon trajectory prediction; three-dimensional
position forecasting; long short-term memory; inertial measurement unit; AirSim; edge
inference; Internet of Things

1. Introduction
Unmanned aerial vehicles (UAVs) increasingly operate as mobile sensing, computa-

tion, and communication nodes within Internet of Things (IoT) ecosystems. Their mobility
enables adaptive coverage, rapid deployment, and access to remote or hazardous envi-
ronments, but it also creates strict requirements for localization, motion anticipation, and
timely decision-making [1–5]. Industry assessments likewise reflect the broadening com-
mercial role of UAV platforms across sensing and monitoring applications [6]. A reliable
short-horizon position predictor may provide an anticipatory state estimate to downstream
collision monitoring, route maintenance, link-quality forecasting, handover preparation, or
control modules. These are potential uses of the forecast rather than functions evaluated by
the present benchmark.

UAV motion prediction is more difficult than road-constrained vehicle prediction.
A multirotor can translate and rotate in three dimensions, respond rapidly to control
inputs, and experience wind, sensor noise, and actuator disturbances. Surveys of future-
location prediction and motion-risk assessment emphasize the importance of matching the
predictor to the motion constraints and uncertainty structure of the platform [7,8]. Wind-
rejection studies further show that disturbances can alter both state evolution and controller
response [9,10]. Kinematic models and Kalman-filter variants remain attractive because
they are interpretable and efficient, but their accuracy depends on process-model fidelity,
covariance tuning, and noise assumptions [11–14]. Data-driven sequence models instead
learn temporal relations directly from historical telemetry, potentially capturing residual
dynamics that are difficult to specify analytically.

Long short-term memory (LSTM) networks are widely used for sequential prediction
because gated memory mitigates vanishing gradients and preserves relevant temporal
information [15]. Gated recurrent units provide a related encoder–decoder mechanism
with fewer gates [16,17]. UAV studies have used recurrent networks to forecast ADS-B
trajectories, predict local positions, and exploit velocity-enriched states [18–20]. However,
the literature also includes technically different tasks such as full trajectory generation,
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obstacle-motion forecasting, disturbance estimation, closed-loop navigation, action genera-
tion, and spoofing classification [21–27]. These tasks use distinct targets, forecast horizons,
inputs, and evaluation units and are therefore treated separately in this benchmark.

This work formulates UAV position forecasting as a flight-wise, multi-horizon, three-
dimensional benchmark. A 2 s history predicts the complete next 1 s trajectory, the dataset
channels and duration statistics are reported consistently, and analytical, filtering, recurrent,
convolutional, and attention-based baselines are evaluated under the same protocol.

The novelty is therefore methodological and empirical rather than a claim of a new
recurrent cell: the contribution is the controlled sensor-enrichment study, common multi-
horizon benchmark, flight-level inference, and edge-inference characterization under one
protocol. The term “IoT-enabled UAV” denotes the intended deployment context in which
an onboard or companion computer consumes flight-controller telemetry and can expose
predicted states to local autonomy or networked services; the present experiments do not
evaluate a radio link, handover algorithm, or IoT network stack.

The three reported horizons are application-oriented checkpoints within a single con-
tinuous 1 s forecast, rather than three separately trained prediction tasks. The 0.1 s point
(five 50 Hz updates) tests immediate state-continuity prediction; 0.5 s (25 updates) repre-
sents a sub-second look-ahead relevant to detect-and-avoid and rapid replanning, for which
UAV safety systems have used approximately 0.5 s trajectory-update intervals [28]; and 1.0 s
(50 updates) represents a longer proactive interval relevant to planning and communication
management, where recent UAV beam-management work explicitly evaluates 0.5–1.0 s
prediction scales [29]. At the corpus’s nominal 3 m/s operating speed, these checkpoints
correspond to approximately 0.3, 1.5, and 3.0 m of nominal travel. This range therefore
spans immediate extrapolation through a practically meaningful one-second look-ahead
while remaining distinct from long-horizon route generation.

Practical significance is interpreted separately from statistical significance. Millimeter-
scale differences at 0.1 s are useful mainly as a near-term consistency check and should
not be over-interpreted. At 1 s, however, the observed differences reach centimeters to
decimeters (e.g., 0.103 m relative to LSTM-PV and 0.038 m relative to TCN-PVAQ), a scale
that could matter to threshold-based collision-risk, route-maintenance, beam-management,
or handover decisions if the predictor is integrated into such systems. These differences are
not themselves certified safety margins; downstream operational benefit must be validated
at system level.

Figure 1 summarizes the motivation and scope of the benchmark. It links the role
of IoT-enabled UAVs and the need for near-future prediction to the challenges of free-
flight motion, the sensor-enriched input representation, the comparator families, and the
edge-oriented evaluation criteria.

The research question is: Does adding gravity-resolved acceleration and orientation
history to a compact LSTM improve flight-wise, multi-horizon 3D UAV position prediction
relative to simpler kinematic predictors and matched neural sequence models, while
satisfying the study’s edge-inference latency constraint? Four hypotheses are evaluated:

• H1—feature value: LSTM-PVAQ yields lower per-flight 1 s 3D RMSE than LSTM-PV
under the same split and training protocol.

• H2—model value: LSTM-PVAQ outperforms persistence, constant-velocity, constant-
acceleration, and EKF baselines.

• H3—comparative value: any advantage over GRU, TCN, and Transformer baselines
remains after paired flight-level uncertainty analysis.

• H4—deployability: median batch-1 inference latency remains below the 20 ms model-
update interval on the evaluated edge platform.
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Here, “edge-inference latency constraint” has a specific and limited meaning: the
median batch-1 forward-pass time of the prediction model on the evaluated Raspberry
Pi 5 CPU must be below the 20 ms interval between 50 Hz model updates. It is a model-
computation budget, not an end-to-end control-loop or network-latency requirement;
sensor acquisition, preprocessing, operating-system scheduling, communication, actuation,
and tail latency are outside this timing measurement.

Figure 1. Motivation and scope of the multi-horizon 3D UAV position-prediction benchmark, in-
cluding IoT-enabled use cases, forecasting challenges, the PVAQ input representation, comparator
families, and edge-oriented evaluation criteria.

The contributions are:

1. a direct multi-output formulation that predicts the complete next 1 s 3D trajectory at
50 Hz from 2 s of history;

2. a consistent coordinate-frame and gravity-resolution procedure that distinguishes
raw specific force from navigation-frame acceleration;

3. a controlled feature ablation from position-only through position–velocity–acceleration–
quaternion inputs;

4. a matched benchmark spanning analytical, filtering, recurrent, convolutional, and
attention-based models;

5. a flight-level statistical protocol with hierarchical bootstrap intervals and paired
comparisons; and

6. an edge-inference evaluation combining accuracy, model size, latency, and mem-
ory measurements, with IoT/networking uses treated as downstream deployment
scenarios rather than experimentally validated network functions.

The remainder of this paper is organized into a more compact structure. Section 2
reviews related work and clarifies task boundaries. Section 3 describes the AirSim cor-
pus and preprocessing. Section 4 presents the prediction formulation, LSTM architecture,
benchmark models, training diagnostics, and feature-ablation protocol. Section 5 defines
accuracy, statistical, and edge-computing evaluation. Section 6 reports the results, Section 7
discusses practical interpretation and generalizability, and Section 8 concludes the paper.
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2. Related Work and Task Boundaries
Figure 2 provides the organizing map for this section. The central block is the super-

vised ego-UAV position-forecasting problem evaluated in this study. Dashed connections
denote technically related tasks whose targets and metrics are not directly comparable,
whereas solid arrows show how a future-position sequence can serve as an input to plan-
ning, navigation, and control. Table 1 summarizes these task boundaries; the following
subsections distinguish state prediction, cross-domain foundations, sequence models, and
adjacent UAV tasks.

Multi-Horizon 3D
Position Prediction

historical UAV
telemetry → future
ego-UAV positions

Trajectory
Generation

sparse
goals/waypoints
→ complete path

Obstacle
Forecasting

tracked objects →
future object states

Disturbance
Estimation

vehicle response →
wind/disturbance

Security Clas-
sification

sensor sequence
→ attack label

Planning and
Navigation

state and map →
route or action

Control
desired state →

actuator commands

Figure 2. Task boundaries used in this article. Solid arrows indicate possible downstream use of
position forecasts; dashed connections indicate related but technically distinct learning tasks.

2.1. Traditional and Learned UAV State Prediction

Traditional UAV prediction uses kinematic and dynamic models, Kalman filters, Gaus-
sian processes, graph-based methods, and aerodynamic models [21]. Constant-velocity
and constant-acceleration predictors are strong short-horizon baselines for smooth tra-
jectories. Extended and unscented Kalman filters incorporate uncertainty and recursive
state correction, but performance depends on the appropriateness of the model and noise
assumptions [12,13]. Learned residuals and covariance adaptation can improve filters,
although they introduce additional stability and calibration questions [14].

Zhang et al. combined ADS-B position histories with a recurrent LSTM for two-step
3D UAV trajectory prediction [18]. VECTOR enriched a GRU with velocity to improve
real-time 3D forecasting under maneuvers and wind [20]. Jia et al. addressed a different
problem: generation of complete 5–25 s trajectories from sparse waypoints using segmented
LSTMs and real Crazyflie data [22]. These studies support recurrent modeling but also
show that prediction horizon, output representation, and data source strongly influence
model rankings.

Recent UAV trajectory-prediction studies further show that conclusions depend
strongly on data provenance, maneuver diversity, sensing modality, and validation design.
Hashemi et al. compared recurrent variants on 1820 simulated UAS-S4 trajectories and
found that recurrent architecture choice affects prediction stability across horizons [30].
Yoon et al. evaluated a GRU-based framework on urban micro-UAV trajectory data and
emphasized rapid directional changes and generalization as central challenges [31]. Ruseno
and Lin moved beyond offline simulation by demonstrating real-time GRU trajectory pre-
diction during DJI Phantom 4 flight tests using Broadcast Remote ID telemetry [32]. Tang
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et al. evaluated a learning-based interacting-multiple-model predictor across 17 multirotor
trajectory datasets and explicitly tested shifted trajectory distributions [33]. More recent
studies have also examined multi-step GRU forecasting for autonomous site assessment [34]
and short-term UAV prediction across different flight states, velocity levels, sampling fre-
quencies, and prediction horizons [35]. Together, these works broaden the evidence base
from single-regime recurrent prediction toward real-flight, multi-dataset, maneuver-aware,
and distribution-shift evaluation, while also underscoring that performance measured in
one simulator or operating envelope should not be assumed to transfer unchanged to other
UAV platforms or flight regimes.

The distinction from these studies is not the use of an LSTM by itself. Zhang et al.
forecast from ADS-B position histories, while VECTOR explicitly demonstrates the value of
adding velocity to a recurrent predictor. Sensor-rich UAV work such as Shankar et al. uses
inertial, attitude, and control telemetry to estimate wind rather than future ego-UAV posi-
tion. Within the supporting literature considered here, the narrower unresolved question is
whether gravity-resolved acceleration and quaternion attitude add measurable value to
direct multi-output 3D ego-UAV forecasting when the data split, history/target, training
objective, and comparator protocol are controlled. The present contribution addresses that
question through a cumulative PVAQ ablation, matched recurrent/convolutional/attention
baselines, flight-level uncertainty analysis, and model-level edge-inference measurements.
It does not claim a novel LSTM cell or that inertial/attitude sensing itself is new.

2.2. Cross-Domain Foundations for Trajectory Prediction

Trajectory forecasting developed through location mining, trajectory-pattern discovery,
and road-network clustering. Significant-location and pattern-mining methods predict fu-
ture movement from recurring GPS traces, while road-network methods identify repeated
spatial structures across users and routes [36–39]. More recent work uses geographically
clustered deep estimators, convolutional models for pedestrian motion, recurrent models
for vehicle trajectories, and vehicle tracks extracted from UAV imagery [40–43]. Interaction-
aware graph-attention and Transformer models extend these ideas to multi-agent depen-
dencies and social constraints [44–46]. These studies provide important methodological
foundations, but their ground-motion assumptions and evaluation horizons do not directly
represent free-flight UAV dynamics.

2.3. Alternative Neural Sequence Models

GRUs reduce the number of gates relative to LSTMs and often provide favorable
accuracy–latency trade-offs [16,17,20]. Temporal convolutional networks (TCNs) use causal
dilated convolutions and residual blocks to model long receptive fields with parallel
computation [47]. Transformers use self-attention to capture long-range dependencies but
can require more memory and computation, particularly for long input sequences [48].
Cross-domain benchmarking also indicates that recurrent and attention-based rankings
depend on sequence length, noise, and the underlying data regime [49]. Accordingly, the
benchmark uses the same history, target, features, training split, search budget, and direct
multi-output objective for each architecture.

2.4. Adjacent but Non-Equivalent UAV Tasks

R-YOLO integrates object detection and recurrent forecasting to predict external obsta-
cle motion near vertiports [23]; its target is not the ego-UAV state. Shankar et al. estimate
wind from onboard telemetry and use the estimate in semi-autonomous control [24]; this is
disturbance estimation. Layered-RQN learns collision-avoidance and target-acquisition
actions in a dynamic environment [50]; this is closed-loop navigation. Dhiman et al. predict
short-term PAV displacements and intervene using depth thresholds [25]; the system is eval-
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uated by navigation success and collision rate. UAV-VLA predicts language-conditioned
action chunks [26], while Sarode and Naresh classify GPS–IMU spoofing states [27]. These
distinctions prevent invalid cross-task metric comparisons.

Table 1. Task boundaries within the supporting UAV/UAM literature.

Work Task Output Relevance to This Study

Zhang et al. [18] Ego-UAV trajectory prediction Two future 3D points Recurrent prediction from ADS-B
position histories

Nacar et al. [20] Ego-UAV trajectory prediction Future 3D positions Demonstrates the value of
velocity-enriched recurrent input

Hashemi et al. [30] UAS trajectory prediction Future trajectory states Compares LSTM variants on a
dedicated UAS-S4 simulation corpus

Yoon et al. [31] Ego-UAV trajectory prediction Future UAV positions Recent GRU benchmark emphasizing
real-time accuracy and generalization

Ruseno and Lin [32] Real-time UAV trajectory prediction Future position from Remote ID
telemetry

Physical DJI flight-test evidence and
communication-latency context

Jia et al. [22] Complete trajectory generation 5–25 s spatiotemporal path Longer-horizon generation from
sparse waypoints

Ywet et al. [23] Obstacle forecasting Future external-object tracks Integrates detection and prediction,
but not ego-state forecasting

Shankar et al. [24] Disturbance estimation/control Wind estimate and control aid Motivates use of inertial and attitude
evidence

Guo et al. [50] Navigation policy learning Discrete motion action Closed-loop DRL, not supervised
position prediction

Dhiman et al. [25] PAV navigation/control 3D displacement and maneuver Evaluates mission success and
collision outcomes

Gu [26] Semantic action generation Velocity action chunks/tokens Multimodal transformer for
language-conditioned navigation

Sarode and Naresh [27] Security classification Five attack/normal classes Temporal classification, not motion
forecasting

This study Ego-UAV multi-horizon prediction 50 future 3D displacements Controlled sensor ablation and edge
benchmark

3. Dataset and Preprocessing
3.1. AirSim Flight Corpus

The dataset contains 3100 AirSim flight sequences over a mountainous environment.
Raw logging was reported at 1 kHz, with a nominal speed near 3 m/s and independently
varied horizontal wind components in [−7, 7] m/s. The dataset includes 20 scalar channels:
global latitude, longitude, and altitude; local Cartesian position; linear velocity; acceleration
or specific force; quaternion orientation; barometric pressure; and three-axis magnetic field.
The primary PVAQ predictor uses 13 channels: local position, velocity, gravity-resolved
acceleration, and quaternion orientation (Table 2).

The analyzed corpus totals 136.83 h across 3100 flights, corresponding to a mean
duration of 158.90 s per flight. All duration statistics are computed from the same post-
cleaning flight manifest.

Simulation provenance and flight-generation metadata. The archived dataset/
manuscript package establishes the AirSim multirotor domain, one mountainous envi-
ronment, flight identifiers, the nominal speed regime, and the horizontal-wind envelope,
but it does not retain the exact vehicle preset, controller gains/control mode, waypoint
or route-generation script, start-state seed policy, or route-family labels used when the
3100 flights were generated. AirSim itself supports multirotor position/velocity/path
commands and configurable wind in the NED world frame [51]. Because these run-specific
generation records are not recoverable from the current submission archive, we do not
infer or invent them. This is now treated as a reproducibility limitation. In particular, the
70/15/15 split is strictly flight-ID-disjoint, but the absence of route/scenario labels means
that route- or maneuver-family disjointness cannot be verified. Consequently, reported test
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performance should be interpreted as unseen-flight, within-domain generalization rather
than evidence of route-disjoint, map-disjoint, or vehicle-disjoint transfer.

The wind range is a controlled simulation stress envelope rather than a regulatory or
hardware-limit claim. Component-wise horizontal wind up to 7 m/s is more than twice
the nominal 3 m/s translational speed, so the disturbance is intentionally non-negligible
relative to vehicle motion and can induce drift and controller compensation. The realized
speed distribution in Figure 3 is therefore reported alongside a representative held-out
horizontal position trace, allowing the reader to inspect the actual motion regime rather
than infer it only from command settings. The present archived benchmark outputs were
not stratified by commanded wind, so the study does not claim a causal wind–error
response curve; wind variation is treated as a controlled source of operating-condition
variability. The resulting corpus remains biased toward smooth flight near 3 m/s; this
limitation is retained explicitly rather than treating the wind sweep as equivalent to broad
maneuver diversity.

Table 2. Channel manifest for the AirSim dataset.

Group Scalar Channels Count Primary Use

Global position latitude, longitude, altitude 3 Raw geodetic metadata
Local position x, y, z 3 Predictor history and target
Linear velocity vx, vy, vz 3 Predictor history
Acceleration/specific force ax, ay, az 3 Predictor after frame conversion and gravity resolution
Orientation quaternion qw, qx, qy, qz 4 Predictor after unit normalization and sign continuity
Barometer pressure 1 Not used in the primary predictor
Magnetometer mx, my, mz 3 Not used in the primary predictor

Total 20 13 predictors and 7 excluded raw channels

The 3100 sequences provide controlled within-domain heterogeneity: flight identi-
fiers and wind realizations vary, while the simulator family, mountainous environment,
sensing channels, preprocessing, and nominal speed regime are held consistent. Thus, the
benchmark tests generalization to unseen flights from the same simulated domain, not
external-domain generalization to a different map, vehicle, sensor suite, or aggressive flight
regime. Table 3 makes this distinction explicit.

Table 3. Controlled consistency and heterogeneity of the AirSim corpus. The table distinguishes
factors that vary across flights from factors that remain fixed within the benchmark domain.

Factor Corpus Characterization Interpretation for Generalization

Number of
sequences 3100 flight identifiers Supports flight-disjoint evaluation rather than random

window splitting

Environment One mountainous AirSim environment Controls scene/domain variation; does not establish
unseen-map generalization

Speed regime Nominally near 3 m/s; realized magnitudes
shown in Figure 3

Represents primarily smooth low-speed
multirotor motion

Horizontal wind wx, wy ∈ [−7, 7] m/s varied independently Introduces controlled disturbance diversity relative to
the nominal motion scale

Sensors Common 20-channel logged telemetry; 13-channel
PVAQ subset used by the primary model Holds the sensing interface consistent across flights

Partition 2170/465/465 train/validation/test flights Flight-ID-disjoint; route/scenario-disjointness cannot be
verified from retained metadata
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(a) Realized velocity-magnitude distribution. (b) Illustrative held-out horizontal position trace.

Figure 3. Dataset and test-trajectory characterization. Panel (a) shows the realized UAV velocity
magnitudes across the 3100 flights rather than only the nominal command speed. Panel (b) shows
an illustrative held-out x–y trajectory; the black curve is the true position trace, and the prediction
curves are labeled explicitly as LSTM-PVAQ and LSTM-PV. The retained plotting artifact does not
preserve the flight identifier or a predefined rule by which this trace was selected. Accordingly, it is
presented only as an illustrative held-out example, not as a statistically selected “representative” case.
The geometry provides an actual position curve for context and is consistent with the smooth-flight
bias of the evaluated corpus.

3.2. Acceleration and Coordinate-Frame Processing

The mean acceleration magnitude near 9.81 m/s2 indicates that the simulated IMU
signal includes gravity. The acceleration channels are transformed to the navigation frame
and gravity-resolved as

an
t = R(qt) f b

t + gn, (1)

where f b
t is body-frame specific force, R(qt) rotates body to navigation coordinates, and gn

is the gravity vector. Quaternion sequences are normalized and made sign-continuous by
flipping qt when q⊤

t qt−1 < 0.
Because the IMU is simulated, its fidelity is characterized by a stochastic sensor

model rather than by a single physical “accuracy” tolerance. AirSim constructs accelerom-
eter and gyroscope outputs from simulator kinematics and adds white-noise and bias-
drift processes [52,53]. In the documented default configuration, AngularRandomWalk
is 0.3 deg/

√
h (internally converted to rad/

√
s), GyroBiasStabilityTau is 500 s, GyroBi-

asStability is 4.6 deg/h (converted to rad/s), VelocityRandomWalk is 0.24 mg (converted
internally using standard gravity), AccelBiasStabilityTau is 800 s, and AccelBiasStability is
36 µg (converted to m/s2) [53]. These are stochastic noise/bias-model parameters rather
than a single meter- or degree-level hardware accuracy bound. The manuscript source
package does not contain a run-specific settings.json; therefore, the documented AirSim
model is reported as the reproducibility reference and any archived configuration over-
ride should supersede these defaults. This distinction avoids presenting an unverified
hardware-equivalent accuracy figure.

Signal provenance and real-UAV interpretation. AirSim distinguishes simulator
ground-truth kinematics, multirotor estimated kinematics, and explicit sensor outputs. Its
API documentation states that multirotor state includes estimated position, orientation,
linear/angular velocity, and acceleration; with the SimpleFlight firmware, estimated and
ground-truth kinematics can coincide because no separate state estimator is modeled,
whereas PX4 provides estimated kinematics [51]. The archived flight files used here contain
local position, linear velocity, quaternion attitude, and gravity-bearing acceleration/specific-
force channels together with simulated barometer and magnetometer channels. However,
the retained archive does not record the exact AirSim API call or logging path that pop-
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ulated the archived position, velocity, acceleration, and quaternion fields. We therefore
cannot determine retrospectively whether each of these channels came from ground-truth
kinematics, estimated multirotor state, or an explicit simulated sensor output. The expres-
sion “state/IMU-like telemetry” is descriptive of the archived variables and is not intended
to imply a more specific AirSim signal source. The benchmark should consequently be
interpreted as forecasting from simulator-generated telemetry, not as demonstrating the
accuracy attainable from raw GNSS and IMU measurements on a physical aircraft. In a real
deployment, analogous p, v, and q inputs would normally be supplied by the flight con-
troller/state estimator, while acceleration would come from the calibrated inertial stream
or estimator; the estimator uncertainty then becomes an additional source of error not
captured by the present AirSim benchmark.

3.3. Sampling, Flight-Wise Splitting, and Normalization

The raw 1 kHz signals are low-pass filtered before decimation to 50 Hz. A 20 Hz
low-pass filter is applied before decimation, and the same filter configuration is used
independently within every flight. Flights are assigned to 2170 training, 465 validation, and
465 test trajectories before normalization, window generation, or hyperparameter tuning.
Feature normalization is fitted only on training flights and applied unchanged to validation
and test data. Windows never cross flight boundaries and advance by 10 samples (0.2 s),
reducing near-duplicate examples.

The retained preprocessing record specifies the 20 Hz cutoff and the flight-wise filter-
ing/resampling order but does not preserve the filter family, order, coefficients, or whether
the original implementation used a causal one-pass filter or a forward–backward offline
filter. We therefore no longer imply that this archival anti-aliasing stage has itself been
demonstrated online. A deployment implementation must use a causal streaming filter (or
a flight-controller/state-estimator output already bandwidth-limited to the required rate),
preserve only past filter state, report its group delay, and then apply the fixed training-set
normalization and rolling 100-sample history. The present Raspberry Pi timing excludes
these operations (Figure 4; Table 4).

Figure 4. Flight-wise dataset preparation and preprocessing pipeline. Flight identifiers are parti-
tioned before filtering, normalization, and window construction. The 1 kHz signals are filtered and
resampled to 50 Hz, and training-set normalization statistics are applied unchanged to validation
and test flights.
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Table 4. Preprocessing and window-construction protocol.

Stage Setting Purpose

Native logging 1000 Hz High-resolution source telemetry
Low-pass filter 20 Hz cutoff Anti-aliasing before decimation; archived filter type/order/phase not retained
Model rate 50 Hz 20 ms update interval
Input history 2.0 s (100 steps) Captures short-term motion trends
Forecast 1.0 s (50 positions) Direct multi-output 3D trajectory

Reported horizons 0.1, 0.5, 1.0 s Near-term continuity, sub-second detect/avoid, and one-second proactive
look-ahead (5, 25, and 50 output steps)

Window stride 10 samples (0.2 s) Reduces redundant overlap within each flight
Split 2170/465/465 flights Flight-disjoint 70/15/15 partition
Normalization Training statistics only Consistent scaling across all partitions

The flight-ID partition is created before normalization and window construction,
preventing window leakage across partitions. However, because the retained manifest has
no route/waypoint-family or maneuver-regime labels, it cannot establish scenario-level
independence among the three partitions. A future reproducibility release should include
route/scenario identifiers and report an additional group-disjoint evaluation when those
labels are available.

4. Prediction Models and Benchmark Protocol
4.1. Multi-Horizon 3D Formulation and LSTM

Let pt, vt, at ∈ R3 denote local position, velocity, and gravity-resolved acceleration,
and let qt ∈ R4 denote the unit quaternion. Historical positions are expressed relative to
the final observed position:

sk = [(pk − pt), vk, ak, qk] ∈ R13, k = t − T + 1, . . . , t. (2)

The input and target are

X t = [st−T+1, . . . , st] ∈ RT×F, T = 100, (3)

Y t = [pt+1 − pt, . . . , pt+H − pt] ∈ RH×3, H = 50. (4)

The decoder predicts 150 displacement values and reshapes them into 50 future three-
dimensional positions, yielding a direct and operationally meaningful multi-horizon forecast.

An LSTM updates its gates and memory as

f t = σ(W f [ht−1, xt] + b f ), (5)

it = σ(W i[ht−1, xt] + bi), (6)

ot = σ(W o[ht−1, xt] + bo), (7)˜︁ct = tanh(W c[ht−1, xt] + bc), (8)

ct = f t ⊙ ct−1 + it ⊙˜︁ct, (9)

ht = ot ⊙ tanh(ct). (10)

The final representation passes through an explicit dropout layer and a linear decoder
128 → 150. Regularization is applied explicitly after the encoded representation and before
the decoder. The compact configuration is summarized in Table 5, and Figure 5 summarizes
the complete input-to-forecast data flow and the evaluated 0.1, 0.5, and 1.0 s horizons.
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Table 5. Compact LSTM configurations.

Component Setting Implementation Details

Input 100 × F F = 6 for LSTM-PV; F = 13 for LSTM-PVAQ
Encoder One-layer LSTM, hidden size 128 Final hidden state
Regularization Explicit dropout p = 0.20 Applied after the encoder
Decoder Linear 128 → 150 Reshaped to 50 × 3 displacements
Loss Mean squared 3D displacement Normalized training and metric-space evaluation
Optimizer Adam, initial 10−3 Selected using validation ADE
Early stopping Patience 15, maximum 200 epochs Validation ADE criterion
Seeds Five fixed seeds Repeated training runs

(a) Multi-horizon input, encoder, decoder, and 3D forecast.
(b) Conceptual recurrent

processing flow.

Figure 5. Sensor-enriched LSTM prediction architecture. The model consumes 2 s of history (100 steps)
using either PV (F = 6) or PVAQ (F = 13) inputs, applies explicit post-encoder dropout, and directly
decodes 50 future three-dimensional displacements spanning 1 s. The LSTM-PVAQ configuration
contains 92,566 trainable parameters.

4.2. Benchmark Models, Training Fairness, and Diagnostics

The benchmark includes models that test distinct explanations for performance: no
learned dynamics, simple kinematics, recursive filtering, gated recurrence, temporal convo-
lution, and self-attention.

For the analytical baselines, persistence uses ˆ︁pt+τ = pt, constant velocity usesˆ︁pt+τ = pt + vtτ, and constant acceleration uses ˆ︁pt+τ = pt + vtτ + 1
2 atτ

2. The EKF-
CA uses a nine-state [p, v, a] constant-acceleration state representation with recursive
prediction/correction. The current archive, however, does not retain the numerical pro-
cess/measurement covariance matrices or their tuning record. Those values are required to
reproduce the exact EKF numbers and are therefore explicitly identified below as missing
implementation metadata rather than reconstructed after the fact.

The three simple analytical baselines are included as assumption tests rather than as
competitive neural architectures. Persistence asks whether any motion model is needed at
all; constant velocity (CV) asks whether the locally smooth trajectories can be explained
by first-order kinematics; and constant acceleration (CA) asks whether the most recent
acceleration is sufficient to extrapolate the trajectory. These assumptions are intentionally
compatible with portions of the simulated corpus because the realized speed distribution
is concentrated near 3 m/s and many segments are smooth. Their value is precisely to
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determine how much of the apparent prediction problem can be solved without learning.
Their progressively larger error with forecast horizon, reported later in Section 6, then
quantifies where the smooth-motion assumptions begin to fail. Table 6 summarizes the
benchmark roles.

Table 6. Benchmark models and their scientific roles.

Model Implementation Input Scientific Role

Persistence ˆ︁pt+h = pt Position Persistence reference
Constant velocity Analytical Position and velocity Smooth-flight analytical baseline
Constant acceleration Analytical Position, velocity, acceleration Analytical acceleration baseline
EKF-CA Nine-state recursive filter Matched kinematic observations Classical estimator/predictor
LSTM-PV One-layer, 128 hidden units Position and velocity (6) Reduced-feature recurrent ablation
LSTM-PVAQ One-layer, 128 hidden units Position, velocity, acceleration, quaternion (13) Sensor-enriched predictor
GRU-PVAQ One-layer, matched budget Same 13 features Lower-gate-count recurrent comparison

TCN-PVAQ Causal dilated
residual blocks Same 13 features Parallel temporal model with

long receptive field
Transformer-PVAQ Compact encoder Same 13 features and positional encoding Attention-based comparison

All models use the identical flight split, filtered 50 Hz signals, 2 s history, 1 s target,
stride, normalization, and test windows. Learned models predict all 50 future positions
directly. Neural parameter budgets are matched as closely as practical, and exact counts
are reported. Each model receives the same validation-search budget and seed set. Physics
baselines use the same sensor-derived kinematic inputs available to the learned models.

For model selection, fairness was defined prospectively by common information
access and common evaluation rules rather than by forcing identical internal architectures.
Candidate learned configurations were fitted only on the 2170 training flights, ranked
by validation ADE on the 465 validation flights, and evaluated on the 465 test flights
only after selection. The same 2 s history, 1 s direct 50-step target, PVAQ channels (for
the PVAQ models), normalization, loss family, five fixed training seeds, and validation
endpoint were used across the learned comparators; early stopping used the validation
criterion without test-set access. Parameter counts were kept in the same compact order of
magnitude (74.3–118.5 K). However, because the exact architecture-specific search ranges
and selected GRU/TCN/Transformer configuration files are not retained in the submission
archive, the manuscript does not claim exhaustive or bitwise-reproducible hyperparameter
equivalence. This limitation is reported explicitly in Table 7.

Table 7. Reproducibility status of the benchmark implementations in the retained experiment
archive. Parameter counts are the measured counts reported in the benchmark; “not retained”
denotes information that must be supplied by the original experiment configuration/code rather
than inferred from the result table.

Model Retained Specification Information Needed for Exact Reproduction

Persistence/CV/CA Closed-form predictors stated in text None beyond the common input preprocessing
EKF-CA 9-state [p, v, a] CA formulation Numerical initialization, Q, R, and tuning record not retained

LSTM-PV 1 layer, 128 hidden units, explicit dropout 0.20, linear
128 → 150 decoder, 89.0 K parameters Common optimizer/early-stopping settings reported in Table 5

LSTM-PVAQ Same LSTM/decoder, 13 features, 92.6 K parameters Common optimizer/early-stopping settings reported in Table 5

GRU-PVAQ One recurrent layer, direct 150-output decoder, 74.3 K
measured parameters

Exact hidden width/dropout implementation not retained in
submission archive

TCN-PVAQ Causal dilated residual TCN, direct 150-output head,
96.8 K parameters

Channel widths, kernel size, dilation schedule, dropout
not retained

Transformer-PVAQ Compact encoder with positional encoding, direct
150-output head, 118.5 K parameters dmodel , heads, layers, feed-forward width, dropout not retained

Table 7 separates what is actually preserved in the submission archive from details
that would be required for bitwise/implementation-level reproduction. This distinction
is important: matched parameter counts and a common validation protocol support a
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comparative benchmark, but they do not substitute for complete code/configuration
disclosure. Accordingly, the public dataset release strengthens data access, while release of
the generation, preprocessing, model, EKF, and statistical-analysis code remains necessary
for full computational reproducibility.

Sensitivity analyses examined candidate input-window and batch-size settings, train-
ing convergence, and the distribution of held-out prediction errors. Figure 6 is diagnostic
rather than confirmatory: the left panels compare final training and validation losses across
the stored tuning candidates and show that extreme settings were not uniformly preferable,
while the right panels show convergence behavior and the shape of held-out Euclidean
errors. These plots are used to check optimization stability, train–validation separation,
and outlier/skew behavior. Hyperparameter selection itself was based on validation ADE;
held-out test errors were not used to tune the models.

Left: window-length and batch-size sensitivity. Right: training convergence and held-out error distribution.

Figure 6. Training diagnostics with unique panel labels. Panel (a): final training/validation loss versus
candidate history-window size. Panel (b): final training/validation loss versus candidate batch size.
Panel (c): training and validation loss versus epoch for the selected configuration. Panel (d): held-out
Euclidean prediction-error distribution used only for post-training characterization. Hyperparameter
selection used validation ADE; the held-out error distribution was not used for tuning.

Feature-ablation protocol. The ablation follows a cumulative sensor-enrichment se-
quence while keeping the prediction target, flight split, window construction, LSTM hidden
size, decoder, optimizer family, early-stopping rule, and five-seed evaluation protocol fixed.
The tested inputs are: (i) position only; (ii) position + velocity; (iii) position + velocity + raw
gravity-bearing acceleration; (iv) position + velocity + gravity-resolved acceleration; and
(v) the full PVAQ input after adding quaternion orientation. Normalization is fitted from
the training flights for the channels present in each feature set. The primary ablation
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endpoint is flight-level 1 s 3D RMSE, and each stage is compared with the immediately
preceding cumulative feature set. This procedure isolates the incremental value of velocity,
acceleration treatment, and attitude information without changing the forecasting task.

This is a sequential conditionalablation, not a factorial attribution analysis. Therefore,
the quoted 7.0% gain after adding quaternion orientation is conditional on position, velocity,
and gravity-resolved acceleration already being present, and the acceleration gains are
conditional on the preceding feature set. The experiment does not identify an independent
marginal effect for acceleration or orientation, nor their interaction. Combinations such as
PV + Q and PV + gravity-resolved acceleration would be required to separate these effects
and are proposed as a follow-up rather than inferred from the existing sequence.

5. Evaluation Protocol
5.1. Accuracy and Statistical Analysis

For test window i at horizon h, the Euclidean error is

ei,h =
⃦⃦⃦

pi,t+h − ˆ︁pi,t+h

⃦⃦⃦
2
. (11)

Horizon-specific 3D RMSE, average displacement error (ADE), and final displacement
error (FDE) are

RMSEh =

⌜⃓⃓⎷ 1
N

N

∑
i=1

e2
i,h, (12)

ADE =
1
H

H

∑
h=1

⃦⃦
pt+h − ˆ︁pt+h

⃦⃦
2, (13)

FDE =
⃦⃦

pt+H − ˆ︁pt+H
⃦⃦

2. (14)

All metrics are inverse-transformed and reported in meters. The archived benchmark
output used for this revision stores the three-dimensional Euclidean error as the primary
endpoint. The previous statement that axis-specific RMSE “accompanies the aggregate
metric” was therefore removed because separate x-, y-, and z-axis aggregate curves are
not present in the archived submission outputs and should not be back-calculated from
3D RMSE. The enlarged held-out trajectory and error-distribution panels provide direct
qualitative characterization, while axis-resolved error curves require regeneration from the
saved per-step predictions.

For a held-out flight f containing N f valid windows and a learned-model training
seed s, flight-level RMSE at horizon h is defined as

RMSE(s)
f ,h =

√︄
1

N f
∑
i∈ f

(︂
e(s)i,h

)︂2
. (15)

Thus, squared Euclidean window errors are averaged within a flight before the square root
is taken; the manuscript no longer describes flight-level RMSE as an average of window-
level RMSE values. Within a given seed, the equal-flight-weight summary is

RMSE
(s)
h =

1
F

F

∑
f=1

RMSE(s)
f ,h, F = 465, (16)

so flights of different lengths contribute equally rather than being pooled by their numbers
of windows. This makes the flight, not the heavily overlapping window, the primary
evaluation unit.
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Each learned model was trained with five fixed seeds. The retained statistical export,
however, contains only the final archived point summaries and inferential outputs; it does
not preserve the five seed-specific intermediate summaries or code needed to establish
whether the historical single point estimate was formed by averaging seed-specific equal-
flight-weight summaries or by an equivalent seed-pooling step before export. We therefore
do not introduce an unsupported seed-aggregation formula after the fact. The reported
point estimates in the result tables are retained archival summaries; Equations (15) and (16)
specify the recoverable window-to-flight and equal-flight-weight aggregation, while ex-
act regeneration of the final seed combination requires the original per-flight/per-seed
predictions or analysis script.

Paired hierarchical bootstrap intervals resample test-flight identifiers and training
seeds. The primary comparison is LSTM-PVAQ versus LSTM-PV at 1 s, while secondary
comparisons with GRU, TCN, Transformer, and EKF use Holm-adjusted significance levels.
Absolute differences, relative changes, and confidence intervals are reported together.

For paired model comparisons, the same resampled flight identifiers must be used
for both members of a model pair so that within-flight dependence is preserved; seed
resampling forms the second hierarchy for learned-model variability. The retained statistical
result exports contain the reported confidence intervals and Holm-adjusted p-values but do
not retain the bootstrap replicate count, random-number seed, resampling index arrays, or
the exact conversion of the paired bootstrap distribution to raw p-values. We therefore do
not invent these implementation details. Exact inferential reproduction requires release or
regeneration of the statistical-analysis script from the per-flight/per-seed predictions. This
limitation does not change the reported archived point estimates, but it limits independent
reproduction of the seed aggregation, intervals, and adjusted p-values.

5.2. Edge-Oriented IoT Evaluation

Batch-1 inference was benchmarked on a Raspberry Pi 5 CPU using one thread, FP32
precision, and a 100 × F input history. The protocol used 100 untimed warm-up runs
followed by 1000 timed inferences. Trainable parameter count, median latency, and peak
resident memory were recorded for each learned model. Comparing median latency with
the 20 ms sampling interval establishes the computational feasibility of edge-resident
prediction within the model-update cycle. This comparison assesses the neural forward
pass only; it does not claim that the complete sensing–preprocessing–networking–actuation
loop meets a 20 ms end-to-end deadline.

The intended deployment architecture is an onboard companion-computer arrange-
ment rather than a remote-cloud assumption. A flight controller/state estimator supplies
position, velocity, attitude, and inertial/state telemetry to a Raspberry-Pi-class companion
computer over a local interface; PX4, for example, documents companion-computer connec-
tions over serial or Ethernet using MAVLink or uXRCE-DDS, and lists Raspberry Pi among
suitable companion computers [54]. The companion maintains the rolling history, applies
the deployment-equivalent causal preprocessing/normalization, runs the predictor, and
can pass the forecast to local planning/control software or forward selected predictions
to networked IoT services. This architecture is illustrative of the intended use; it was
not integrated and timed end-to-end in the present experiment. Table 8 summarizes the
timing scope.
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Table 8. Scope of the Raspberry Pi timing experiment. Only the neural forward pass was measured;
the other stages are necessary components of an operational streaming pipeline and require separate
latency characterization.

Pipeline Stage
Included in
Reported
Latency?

Deployment Implication

Sensor acquisition/flight-controller state estimation No Depends on avionics and estimator update rate
Telemetry transfer to companion computer No Local serial/Ethernet/MAVLink/uXRCE-DDS delay must be measured
Frame conversion and gravity handling No Can be implemented causally from current/past samples
Low-pass/resampling No Requires a specified causal streaming filter and group-delay accounting
Normalization and 100-sample history maintenance No Fixed training statistics; rolling buffer can be updated online
Neural forward pass Yes 0.88 ms median for LSTM-PVAQ under the stated Raspberry Pi 5 protocol
Downstream networking, planning, or actuation No Application-specific and not evaluated here

6. Results
6.1. Multi-Horizon Three-Dimensional Accuracy

Table 9 reports flight-level 3D RMSE at the three forecast horizons. Persistence de-
graded rapidly as the horizon increased, reaching 2.963 m at 1 s. The analytical and filtering
baselines substantially reduced this error, but all learned sequence models achieved lower
1 s RMSE than EKF-CA. LSTM-PVAQ produced the lowest error at every horizon: 0.043 m
at 0.1 s, 0.168 m at 0.5 s, and 0.371 m at 1.0 s. TCN-PVAQ was the strongest alternative at
1 s with 0.409 m, followed by GRU-PVAQ with 0.427 m. Figure 7 visualizes the complete
baseline family on a logarithmic RMSE scale and shows that the LSTM-PVAQ advantage
persists across all three forecast horizons.

Table 9. Flight-level 3D RMSE in meters; brackets show 95% hierarchical bootstrap confidence
intervals. Lower is better.

Model 0.1 s RMSE 0.5 s RMSE 1.0 s RMSE

Persistence 0.298 [0.290, 0.306] 1.489 [1.451, 1.528] 2.963 [2.877, 3.051]
Constant velocity 0.071 [0.068, 0.074] 0.284 [0.272, 0.296] 0.621 [0.590, 0.653]
Constant acceleration 0.066 [0.063, 0.069] 0.258 [0.246, 0.270] 0.523 [0.498, 0.550]
EKF-CA 0.059 [0.056, 0.062] 0.232 [0.221, 0.244] 0.497 [0.472, 0.523]
LSTM-PV 0.052 [0.049, 0.055] 0.211 [0.200, 0.222] 0.474 [0.452, 0.497]
GRU-PVAQ 0.049 [0.046, 0.052] 0.194 [0.184, 0.204] 0.427 [0.408, 0.447]
TCN-PVAQ 0.047 [0.044, 0.050] 0.187 [0.177, 0.197] 0.409 [0.391, 0.428]
Transformer-PVAQ 0.054 [0.051, 0.057] 0.206 [0.196, 0.217] 0.446 [0.425, 0.468]
LSTM-PVAQ 0.043 [0.040, 0.046] 0.168 [0.159, 0.177] 0.371 [0.354, 0.389]
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Figure 7. Multi-horizon three-dimensional RMSE across analytical, filtering, recurrent, convolutional,
and attention-based baseline families. The logarithmic vertical axis keeps the persistence baseline
and the more accurate learned models visible on the same scale. Lower is better.
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The absolute scale is important for practical interpretation. At 0.1 s, LSTM-PVAQ
improves on TCN-PVAQ by 0.004 m (4 mm) and on LSTM-PV by 0.009 m (9 mm); relative
to approximately 0.3 m of nominal travel in 0.1 s, these are modest differences. At 1 s,
the gaps widen to 0.038 m (3.8 cm) versus TCN-PVAQ and 0.103 m (10.3 cm) versus
LSTM-PV, corresponding to approximately 1.3% and 3.4% of the nominal 3 m one-second
travel distance. These differences can be operationally relevant when a downstream
module applies spatial thresholds or uncertainty margins, but the present benchmark does
not equate RMSE improvements with a certified collision-avoidance or communication-
safety margin.

6.2. Trajectory-Level Accuracy and Edge Efficiency

The one-second trajectory-level metrics in Table 10 show the same ordering. LSTM-
PVAQ achieved the lowest ADE (0.216 m) and FDE (0.339 m). TCN-PVAQ ranked second
on both trajectory metrics and was the fastest learned model, with a median latency of
0.54 ms. LSTM-PVAQ required 92.6 K parameters, 14.2 MB peak RAM, and 0.88 ms median
latency. All learned models remained far below the 20 ms update interval, while the
compact Transformer was the slowest and largest learned model. See Figures 8 and 9.

Table 10. One-second trajectory accuracy and edge-computing measurements for the learned pre-
dictors. Latency was measured on a Raspberry Pi 5 CPU with one FP32 thread, batch size one,
100 warm-up runs, and 1000 timed inferences.

Model ADE (m) FDE (m) Params (K) Median Latency (ms) Peak RAM (MB)

LSTM-PV 0.278 0.433 89.0 0.84 13.9
GRU-PVAQ 0.246 0.390 74.3 0.72 13.2
TCN-PVAQ 0.237 0.373 96.8 0.54 15.8
Transformer-PVAQ 0.260 0.407 118.5 1.41 18.7
LSTM-PVAQ 0.216 0.339 92.6 0.88 14.2

Figure 8. One-second trajectory-level average displacement error (ADE) and final displacement error
(FDE) for the learned models. Lower is better.
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Figure 9. Accuracy–latency trade-off among learned predictors. The horizontal axis shows median
batch-1 edge inference latency, the vertical axis shows 1 s three-dimensional RMSE, and marker area
is proportional to trainable parameter count. Model identity is labeled directly; no color bar is used.
All median latencies are below the 20 ms sampling interval, and the lower-left region represents the
most favorable accuracy–latency trade-off.

6.3. Feature Ablation

Using the cumulative ablation procedure defined in Section 4.2, Table 11 quantifies
sequential conditional gains as sensor groups are added to the LSTM; it does not identify
independent marginal feature effects. Position-only input produced 0.612 m RMSE at 1 s.
Adding velocity reduced error by 22.5%. Raw gravity-bearing acceleration produced a
further 7.6% reduction, while gravity resolution improved the corresponding acceleration
model by 8.9%. Quaternion orientation reduced RMSE by another 7.0%, yielding the full
LSTM-PVAQ result of 0.371 m. Figure 10 summarizes the confidence intervals, incremental
gains, and representative trajectory distributions.

Table 11. Sequential feature ablation for the LSTM at the 1 s horizon. Brackets show 95% confidence
intervals.

Feature Set F 1 s RMSE (m) Gain vs. Prior Observed Effect

Position only 3 0.612 [0.584, 0.642] – Position-history baseline
Position + velocity 6 0.474 [0.452, 0.497] 22.5% Substantial gain from velocity
+ raw gravity-bearing acceleration 9 0.438 [0.417, 0.460] 7.6% Additional short-term motion information
+ gravity-resolved acceleration 9 0.399 [0.380, 0.419] 8.9% Gain from gravity resolution
+ quaternion orientation 13 0.371 [0.354, 0.389] 7.0% Complete sensor-enriched input

6.4. Paired Flight-Level Comparisons

The paired analysis in Table 12 confirms that the LSTM-PVAQ advantage was consis-
tent across held-out flights. Its 1 s RMSE was 0.103 m lower than LSTM-PV, 0.056 m lower
than GRU-PVAQ, 0.038 m lower than TCN-PVAQ, 0.075 m lower than Transformer-PVAQ,
and 0.126 m lower than EKF-CA. All intervals remained below zero after pairing, and the
Holm-adjusted values were below 0.001. See Figure 11.
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Table 12. Paired flight-level comparisons at the 1 s horizon. Define ∆ = RMSE(LSTM-PVAQ)−
RMSE(comparator); negative values favor LSTM-PVAQ.

Comparison ∆ RMSE (m) 95% CI Relative Change Holm-Adjusted p

LSTM-PVAQ vs. LSTM-PV −0.103 [−0.121,−0.085] 21.7% lower <0.001
LSTM-PVAQ vs. GRU-PVAQ −0.056 [−0.071,−0.040] 13.1% lower <0.001
LSTM-PVAQ vs. TCN-PVAQ −0.038 [−0.051,−0.024] 9.3% lower <0.001
LSTM-PVAQ vs. Transformer-PVAQ −0.075 [−0.092,−0.058] 16.8% lower <0.001
LSTM-PVAQ vs. EKF-CA −0.126 [−0.148,−0.104] 25.4% lower <0.001
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(b) Gain vs prior stage

Sequential sensor ablation for the LSTM predictor

(c) Held-out Euclidean error distributions.

Figure 10. Feature-enrichment and held-out error characterization. Panels (a) and (b) report 1 s
three-dimensional RMSE with 95% confidence intervals and sequential relative improvements, re-
spectively. Panel (c) enlarges the held-out Euclidean error distributions for LSTM-PVAQ and LSTM-
PV; the LSTM-PVAQ distribution is shifted toward lower errors. The corresponding illustrative
true/predicted x–y trace is shown earlier in Figure 3; as noted there, the retained plotting artifact
does not preserve a formal trajectory-selection rule, so the example is not used as inferential evidence.
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Figure 11. Paired flight-level differences in 1 s three-dimensional RMSE between LSTM-PVAQ
and LSTM-PV, GRU-PVAQ, TCN-PVAQ, Transformer-PVAQ, and EKF-CA. Error bars show 95%
confidence intervals; negative differences favor LSTM-PVAQ, and the vertical zero line marks parity.

7. Discussion
7.1. Interpretation of the Predictive Gains

The results support the primary feature hypothesis. Relative to LSTM-PV, the full
LSTM-PVAQ reduced 1 s RMSE by 21.7%, and the sequential ablation attributed improve-
ment to both gravity-resolved acceleration and quaternion orientation. The advantage
increased with forecast horizon, which is consistent with the added channels becoming
more informative as simple positional persistence and constant-velocity assumptions lose
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accuracy. The strong performance of constant-velocity and EKF-CA baselines at short
horizons is expected because the dataset is dominated by smooth flight near 3 m/s.

The ablation also suggests a physically plausible interpretation, while not proving a
causal feature mechanism. Velocity provides the first temporal derivative of position, and
acceleration provides higher-order information about changes in motion that can precede
visible position divergence over a short forecast horizon. Gravity resolution is particularly
informative because it separates translational acceleration from the gravity component
expressed through vehicle attitude. Importantly, the transition from raw gravity-bearing
acceleration to gravity-resolved acceleration keeps the feature dimension fixed at nine yet
reduces 1 s RMSE from 0.438 to 0.399 m; this same-dimensional comparison supports the
value of physically meaningful preprocessing rather than an explanation based only on
adding more input channels. Quaternion orientation then supplies the body-to-navigation
attitude context needed to interpret inertial motion consistently during rotation. Its addi-
tional 7.0% conditional gain may reflect both genuine attitude information and the greater
input dimensionality. Because the ablation is sequential rather than factorial, the present
experiment cannot fully separate semantic/physical information content from generic
additional-covariate effects or quantify acceleration–orientation interactions independently.

The matched architecture comparison shows that LSTM-PVAQ also outperformed
GRU, TCN, and Transformer variants receiving the same PVAQ input under the evaluated
AirSim protocol and parameter budgets.

The Transformer-PVAQ result should not be interpreted as evidence that Transformers
are intrinsically inferior for UAV trajectory prediction. Parameter count is only a capacity
proxy and does not guarantee better generalization. In this benchmark, the input is a
relatively short 100-step history dominated by smooth local dynamics, for which recurrent
gating and causal convolution provide strong temporal inductive biases. The compact
Transformer also had to learn positional and attention structure from the same 3100-flight
domain without pretraining, and the matched search budget was designed for fairness
rather than exhaustive Transformer-specific optimization. In contrast, recent multirotor
work has reported benefits from Transformer-based sequence estimation on more diverse
and distribution-shifted trajectory collections [33]. Together with broader sequence-model
benchmarks [49], this supports a protocol-specific explanation: the additional Transformer
parameters were not automatically useful under the present data regime, sequence length,
and tuning budget.

7.2. Accuracy Versus Deployability

LSTM-PVAQ provided the best accuracy, but TCN-PVAQ offered the strongest speed–
accuracy compromise: its 1 s RMSE was only 0.038 m higher while its median latency was
0.54 ms rather than 0.88 ms. GRU-PVAQ used the fewest parameters and the least peak
RAM among the learned PVAQ models, while the compact Transformer was both slower
and less accurate in this protocol. All learned models completed the measured forward
pass within a small fraction of the 20 ms update interval, supporting model-level edge
inference for the evaluated batch-1 workload but not establishing end-to-end real-time
pipeline latency. The results support LSTM-PVAQ for accuracy-oriented deployment and
TCN-PVAQ for latency-oriented deployment.

7.3. Limitations and Future Work

The evaluation is based on AirSim flights from one mountainous environment, with
trajectories concentrated near a nominal speed of 3 m/s. Performance on physical UAVs,
aggressive turns, vertical maneuvers, payload changes, turbulence, and different vehicle
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platforms remains to be established. Model rankings may also vary with sensor-noise
conditions, preprocessing choices, and architecture budgets.

Accordingly, four transfer dimensions remain untested: environmental transfer (new
maps/obstacle layouts), dynamic transfer (different speed and maneuver envelopes),
sensing transfer (different noise, estimator delay, and calibration), and platform transfer
(different multirotor dynamics, payloads, and flight controllers). The reported numerical
errors should therefore be treated as benchmark evidence for unseen flights within the
retained AirSim domain, not as expected error bounds for arbitrary UAV deployments.

Accordingly, the demonstrated generalization is flight-disjoint within-domain general-
ization: test windows come only from 465 flights that were excluded before normalization
and window generation, but those flights still share the same simulator domain and broad
operating regime as training. The study does not establish zero-shot transfer to unseen
maps, aircraft, sensor calibrations, or real flight. For deployment, the coordinate-frame
convention, gravity removal, sensor scaling, and temporal rate must be reproduced or
recalibrated, and model performance should be revalidated under the target vehicle’s ma-
neuver envelope. This distinction is consistent with recent real/multi-source UAV trajectory
studies showing that model rankings can change under shifted trajectory distributions [33].

A disturbance- or maneuver-stratified test would be particularly informative because
acceleration and attitude cues should be most valuable when constant-velocity assumptions
break down. The present archive does not retain a synchronized per-window wind label,
turning-rate summary, or acceleration-bin result table tied to the saved model predictions,
so a post hoc wind/turning-rate performance curve cannot be regenerated reliably from the
submission outputs alone. We therefore avoid claiming that the PVAQ gain is concentrated
in high-wind or high-maneuver flights. A future analysis should prespecify bins (for
example by wind magnitude, ∥a∥, yaw rate, or curvature), maintain flight-level grouping
within each stratum, and report stratum-specific uncertainty.

Different flight conditions can affect this predictor through distinct mechanisms.
Higher translational speeds increase the distance traveled within a fixed 0.1–1.0 s horizon
and can amplify the effect of controller lag or model mismatch; a network trained mainly
near 3 m/s may therefore extrapolate poorly at substantially higher speeds. Aggressive
turns and rapid attitude changes increase yaw/pitch/roll rates and curvature, making
orientation and acceleration histories potentially more informative, but they also move
the input sequence farther from the smooth-motion regime represented in the training
corpus. Strong vertical climbs or descents change the coupling between thrust, gravity
resolution, and the z-axis dynamics, so performance observed in predominantly horizontal
flight cannot be assumed to hold for sustained vertical maneuvers. Gusts and turbulence
can introduce higher-frequency accelerations and estimator noise; under such conditions,
the 50 Hz model rate and 20 Hz anti-aliasing choice may require revalidation because
rapid disturbance content can be attenuated or aliased differently. Payload, battery state,
airframe, and flight-controller changes alter mass, inertia, actuation limits, and closed-loop
response, changing the mapping from the same recent PVAQ history to future displace-
ment. These mechanisms explain why broader validation should vary speed, maneuver
class, wind/turbulence, payload, controller, and vehicle rather than simply add more
flights from the same scenario. Recent real-flight and multi-dataset studies likewise show
the value of testing across physical flights, multiple trajectory distributions, and explicit
maneuver/velocity conditions [32,33,35].

Scalability should therefore be interpreted in two separate senses. Computationally,
the present predictor is compact, and its batch-1 neural forward pass fits comfortably
within the measured Raspberry-Pi-class budget; increasing the number of stored training
flights primarily affects offline training and data management. Operational scalability,
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however, is not established by this timing result: deploying across heterogeneous UAV
fleets would require platform-specific state-interface validation, normalization/calibration
checks, and preferably scenario-disjoint or leave-one-platform/environment-out testing.
The current model is also a single-ego-UAV predictor and does not model inter-UAV
interactions, so scalability to dense multi-UAV traffic is a separate research problem rather
than a demonstrated property of the benchmark.

The edge comparison reports median model-inference latency on one platform; prepro-
cessing cost, state-estimator delay, telemetry transport, tail latency, and energy consumption
remain outside the present scope. The archived experiment package also lacks some run-
specific generation metadata, exact non-LSTM comparator configurations, EKF covariance
settings, filter coefficients, and bootstrap-resampling details; these omissions limit exact
computational reproduction and motivate a code/configuration release in addition to the
now-public dataset. The present trajectory and error plots characterize horizontal geometry
and Euclidean error but do not replace a regenerated axis-resolved x/y/z error analysis;
that analysis should be produced from stored per-step predictions in a future reproducibil-
ity update rather than inferred from aggregate 3D RMSE. Future evaluation will include
physical UAV logs, multiple environments and maneuver regimes, sensor degradation,
axis-resolved error diagnostics, and closed-loop control or networking experiments.

8. Conclusions
This study reformulated UAV position prediction as a flight-wise, multi-horizon 3D

benchmark and evaluated a compact sensor-enriched LSTM against analytical, filtering,
recurrent, convolutional, and attention-based alternatives. Using 2 s histories to predict
the complete next 1 s trajectory, LSTM-PVAQ achieved RMSE values of 0.043, 0.168, and
0.371 m at 0.1, 0.5, and 1.0 s. Its one-second RMSE was 21.7% lower than LSTM-PV and
9.3% lower than TCN-PVAQ, the strongest alternative learned model. The cumulative
ablation showed sequential conditional gains when velocity, gravity-resolved acceleration,
and quaternion orientation were added; it does not establish independent causal effects for
each feature group.

The model required 92.6 K parameters and a median of 0.88 ms per batch-1 neural
forward pass on a Raspberry Pi 5 CPU, demonstrating model-level computational compat-
ibility with the 20 ms update interval. TCN-PVAQ remained a competitive deployment
option because it reduced median latency to 0.54 ms with a modest accuracy penalty. Within
the evaluated AirSim conditions, the results establish a strong accuracy–efficiency profile
for sensor-enriched multi-horizon prediction, while route/scenario transfer, physical-sensor
robustness, and end-to-end IoT/network timing remain unvalidated. Future work will
extend the evaluation to physical UAV logs, aggressive three-dimensional maneuvers,
unseen environments, sensor faults, and closed-loop networking or control outcomes.
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Data Availability Statement: The dataset supporting this study is publicly available as Dataset
Version 1.0 (September 2026) through Google Drive at https://drive.google.com/drive/folders/
1LDBI4PIeq4zmwgqeI1TlBZuW1f48BDHj?usp=sharing, accessed on 7 September 2026. The release
contains the AirSim flight data analyzed in this study, comprising 3100 flight sequences and the
20 recorded scalar channels summarized in Table 2; 13 PVAQ channels are used by the primary
predictor. Google Drive was selected as the hosting platform because the complete high-frequency
dataset is very large, and it allows the full release to remain publicly accessible through a single shared
location. The Google Drive release represents the dataset version associated with this manuscript. No
DOI-backed repository record is currently claimed for Dataset Version 1.0. To preserve traceability,
any future corrected or reorganized release will receive a new version identifier and an updated
manifest/changelog rather than silently replacing Version 1.0. The manuscript and accompanying
manifest provide the flight counts, duration statistics, channel organization, split sizes, preprocessing
order, window protocol, version information, and access conditions needed to interpret the release.
The corresponding author can provide clarification regarding file organization and preprocessing.

Acknowledgments: The authors acknowledge the RMC that hosts the AirSim simulation environment.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
Abbreviations used in this manuscript:

ADE Average Displacement Error
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EKF Extended Kalman Filter
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IMU Inertial Measurement Unit
IoT Internet of Things
LSTM Long Short-Term Memory
PVAQ Position, Velocity, Acceleration, and Quaternion
RMSE Root Mean Squared Error
TCN Temporal Convolutional Network
UAV Unmanned Aerial Vehicle
VLA Vision–Language–Action
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