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Abstract Unmanned Aerial Vehicles (UAVs) require robust navigation in dynamic
environments to avoid collisions with non-cooperative obstacles like birds or other
aerial objects, whose trajectories are non-linear, irregular, and not governed by
road or air-traffic rules. Data-driven forecasting models such as Recurrent Neural
Networks (RNNs) and Transformers, have shown strong performance in trajectory
forecasting; however, progress in the UAV domain is constrained by the absence of
publicly available data capturing such unstructured aerial motions. In this paper, we
present SynTraG, a parametric synthetic trajectory generator that produces a con-
figurable and extensive corpus of 3D trajectories by mixing kinematic primitives
that emulate common non-cooperative motions: linear flight, oscillatory weaving,
complex looping maneuvers, and vertical undulations. The generator is formulated
as a mixture of closed-form kinematic primitives with randomized parameters and
explicit controls over path length, speed, acceleration, curvature, and spectral con-
tent. Heteroscedastic Gaussian noise is incorporated to model localization uncer-
tainty(e.g., GPS/IMU errors) to enable probabilistic trajectory forecasting. We pro-
vide an open-source implementation of SynTraG and a sample dataset of 47,894
diverse trajectories, which enables robust training and benchmarking of forecasting
models for UAV collision avoidance with non-cooperative dynamic obstacles. This
work enables the development and standardized benchmarking of next-generation
forecasting models for safer autonomous aerial navigation.
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Fig. 1 Illustration of the UAV navigation problem among non-cooperative dynamic obstacles. An
ego-UAV (blue) forecasts future trajectories of unpredictable agents like birds (brown) or erratic
drones (purple) based on past observed history. This contrasts with the structured, predictable nature
of ground-based navigation (bottom), for which ample datasets exist.

1 Introduction

The proliferation of Unmanned Aerial Vehicles (UAVs) in various applications such
as surveillance, agriculture, package delivery, and disaster response, has increased the
need for robust collision avoidance systems [3, 8, 17]. In unstructured environments,
UAVs must handle dynamic obstacles with unpredictable, non-linear trajectories,
such as birds or other aerial objects that do not cooperate with the ego-UAV, as shown
in Fig. 1. Proactive avoidance requires an accurate forecast of the future trajectory
of these obstacles, which enables UAVs to adjust their trajectory preemptively.

Recent advances in deep learning, especially recurrent and Transformer-based
sequence models, has shown strong performance in trajectory prediction for pedes-
trians [10, 12], road vehicles [4, 5], and social navigation [2]. However, these models
require large and diverse training data to generalize across various motion patterns.

Existing datasets are focused on ground-based scenarios, such as vehicle or pedes-
trian tracking (e.g., nuScenes [4] or Waymo Open Motion [7]), which fall short for
UAV contexts. Such datasets typically constrain motion to planar or interactive set-
tings, leaving out the complex, erratic, and three-dimensional trajectories seen in bird
movements or drone failures. Collecting real-world data for these obstacles presents
significant challenges, including ethical issues in interacting with wildlife, safety
hazards during flight operations, and the rarity of such collision-prone events. To
the best of our knowledge, there are no widely adopted datasets of non-interactive,



Synthetic Trajectory Generator for Dynamic Obstacles 3

non-cooperative aerial obstacle trajectories suitable for training forecasting models.
As a result, synthetic dataset generation is a pragmatic and effective way to train
such models.

We propose SynTraG, a parametric synthetic dataset generator to bridge this gap.
It employs canonical kinematic equations with randomized parameters to generate
diverse 3D trajectories that emulate non-interactive dynamic obstacles. These primi-
tives were selected to form a basis set for complex aerial motion; straight-line motion
represents predictable flight paths, sinusoidal and up-and-down patterns model pe-
riodic motions like flapping or gliding oscillations, and the trefoil knot serves as a
challenging, high-curvature primitive representative of erratic or evasive maneuvers.
For example, trefoil patterns capture the cyclic, knot-like maneuvers observed in bird
flocks, which can be scaled and offset through parametric models to enhance realism.
Furthermore, SynTraG also introduces localization uncertainty to enable risk-aware
probabilistic trajectory forecasting for dynamic obstacles. To facilitate adoption, we
have open-source the generator code and the data corpus, which comprises around
47,894 trajectory samples.

2 Related Work

2.1 Trajectory Forecasting

Trajectory forecasting for UAVs has gained significant advancement due to its criti-
cal role in autonomous navigation, collision avoidance, and air traffic management.
Advances are largely driven by sequence modeling frameworks such as recurrent
neural networks (RNN), transformers, and convolutional architectures designed for
spatio-temporal data [1, 20]. For instance, QCNet-3D [19] introduces a UAV-specific
predictor that models 3D motion through correlated axis-wise refinement and per-
forms better than traditional 2D methods by addressing the unique complexities of
aerial environments. Learning-based approaches increasingly integrate multimodal
data from vision, LiDAR, and event sensors to improve long-horizon forecasting
under adverse conditions [13]. Uncertainty quantification and probabilistic models
are emerging to better capture the inherent stochasticity in UAV flight paths [11].

2.2 Existing Datasets for UAV Navigation

The development of UAV trajectory prediction methods depends strongly on ac-
cess to high-quality datasets, which remain scarce in aerial domains. The MiTra
dataset [6] leverages drone-collected traffic trajectories to characterize urban aerial
movements across diverse traffic states. Similarly, the MMAUD dataset [18] incor-
porates multimodal sensor data (e.g., LiDAR, radar, and fisheye cameras) in urban
UAV interception scenarios, enabling realistic evaluations in noisy and dynamic en-
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vironments. Other datasets such as BuckTales [14] focus on multi-UAV tracking in
wildlife habitats, capturing relatively predictable collective dynamics unsuitable for
non-cooperative airborne obstacles. Datasets tailored to erratic or adversarial drones,
or bio-inspired motions (e.g., birds), remain an important gap in the literature.

2.3 Synthetic Dataset for Motion Prediction

Synthetic trajectory generation has become a crucial tool for augmenting limited
real-world UAV data, enabling more diverse and complex motion pattern training.
Simulators such as AirSim [16] and SynDrone [15] enable configurable multi-agent
UAV flights in varied environments but primarily focus on structured, cooperative
scenarios. Transformer-based generative models, such as TrajGPT [9], advance con-
trolled synthesis of realistic trajectories under learned spatio-temporal distributions.
Probabilistic diffusion models such as DiffTraj [21] further support the creation of
privacy-preserving GPS trajectories for improved forecasting pipelines. However,
existing synthetic and real-world datasets remains limited in representing erratic,
bio-inspired, or adversarial flight dynamics essential for collision avoidance in open
airspace. Furthermore, existing generative models often learn from real-world data
distributions that are unavailable for our target domain. SynTraG, therefore, adopts a
first-principles, parametric approach of kinematically diverse and challenging aerial
motions.

3 The SynTraG Framework

This section explains the mathematical modeling of the proposed SynTraG frame-
work, explaining its key components for generating synthetic trajectories. This
includes the definition of trajectory forecasting task, generator’s objective, mix-
ture prior governing the selection of motion primitives, the conditional priors for
primitive-specific parameters, the state-transition dynamics incorporating uncer-
tainty modeling, and the kinematic equations for each motion primitive. Fig. 2
shows the overall system diagram of the framework.

3.1 Mathematical Formulation

3.1.1 Forecasting task

The trajectory forecasting problem is defined as given a sequence of historical states
of a dynamic obstacle over a time horizon𝑇 , predict its future states over a subsequent
time horizon 𝑁 . The state at time 𝑡 is defined as s𝑡 = [𝑥𝑡 , 𝑦𝑡 , 𝑧𝑡 , 𝑣𝑥,𝑡 , 𝑣𝑦,𝑡 , 𝑣𝑧,𝑡 ]𝑇 ∈ R6
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Parameter Priors
Π𝑘 for each primitive 𝑘

(speed, amplitude, frequency...)

Mixture Prior
𝝅 = (𝜋1, 𝜋2, 𝜋3, 𝜋4 )∑4

𝑘=1 𝜋𝑘 = 1

Initial State
s𝑡0 ∼ 𝑝0

y𝑡0 ∈ [−𝑏, 𝑏]3, v𝑡0 = 0

Sample Primitive
𝑘 ∼ Cat(𝝅)

Sample Parameters
𝜑𝑘 ∼ Π𝑘

Straight Line
Φstraight

y𝑡+Δ𝑡 = y𝑡 + 𝑠dΔ𝑡
v𝑡+Δ𝑡 = 𝑠d

Parameters: 𝑠, d

Sinusoidal
Φsinusoid

𝑥𝑡+Δ𝑡 = 𝑥𝑡 + 𝑠Δ𝑡

𝑦𝑡+Δ𝑡 = 𝐴 sin(𝜔 (𝑡 + Δ𝑡 ) + 𝜙)
𝑧𝑡+Δ𝑡 = 𝑧𝑡

Parameters: 𝑠, 𝐴, 𝜔, 𝜙

Trefoil Knot
Φtrefoil

𝑥 = 𝛼(sin 𝜏 + 2 sin 2𝜏 ) + 𝑜𝑥

𝑦 = 𝛼(cos 𝜏 − 2 cos 2𝜏 ) + 𝑜𝑦

𝑧 = −𝛼 sin 3𝜏 + 𝑜𝑧

Parameters: 𝛼, o

Up-and-Down
Φup-down

𝑥𝑡+Δ𝑡 = 𝑥𝑡 + 𝑠Δ𝑡

𝑦𝑡+Δ𝑡 = 𝑦𝑡

𝑧𝑡+Δ𝑡 = 𝐴 sin(𝜔 (𝑡 + Δ𝑡 ) )

Parameters: 𝑠, 𝐴, 𝜔

State Transition Dynamics
s𝑡+Δ𝑡 = Φ𝑘 (s𝑡 , 𝑡; 𝜑𝑘 ) + 𝜺𝑡

Roll out for 𝑡 ∈ [𝑡0 , 𝑡0 + (𝑇 + 𝑁 − 1)Δ𝑡 ] with Δ𝑡 = 0.1s

Localization Uncertainty (Optional)
𝜺𝑡 ∼ N(0, Σ𝑘 ) , Σ𝑘 = 𝜎2 (ℓ )I3, 𝜎2 (ℓ ) = 𝛼 · ℓ · 𝑢

where ℓ =
∑

𝑡 ∥y𝑡+Δ𝑡 − y𝑡 ∥2 (path length), 𝑢 ∼ U[0.9, 1.1], 𝛼 = 0.1

Sequence Partitioning
History: X1:𝑇 = [s𝑡0 , . . . , s𝑡0+(𝑇−1)Δ𝑡 ] ∈ R𝑇×6 (𝑇 = 30, 3 seconds)

Future: Y𝑇+1:𝑇+𝑁 = [y𝑡0+𝑇Δ𝑡 , . . . , y𝑡0+(𝑇+𝑁−1)Δ𝑡 ] ∈ R𝑁×3 (𝑁 = 50, 5 seconds)

Paired Training Sample

(X(𝑖)
1:𝑇 , Y(𝑖)

𝑇+1:𝑇+𝑁 ) with variance target 𝜎2 (ℓ (𝑖) )

SynTraG Dataset Corpus

D = { (X(𝑖)
1:𝑇 , Y(𝑖)

𝑇+1:𝑇+𝑁 ) }𝑀
𝑖=1 with 𝑀 = 47,894 samples

Balanced across 4 primitives × diverse parameter configurations

draw 𝑘draw 𝜑𝑘

if 𝑘 = 1 if 𝑘 = 2 if 𝑘 = 3 if 𝑘 = 4

Repeat 𝑀 times to
generate full dataset

Stage 1:
Configuration

& Initialization

Stage 2:
Random
Sampling

Stage 3:
Kinematic
Primitives

Stage 4:
Trajectory
Simulation

Stage 5:
Uncertainty

Injection

Stage 6:
Sequence
Extraction

Stage 7:
Data Pair
Formation

Heteroscedastic Model:
Noise scales with trajectory
length ℓ to emulate GPS
drift & IMU integration error

Temporal Windows:
Observation: 3 sec (30 steps)
Prediction: 5 sec (50 steps)
Total simulation: 8 seconds

Fig. 2 SynTraG generative pipeline architecture. The framework synthesizes paired trajectory
sequences through various stages: (Stage 1) User-configurable mixture prior 𝝅 and parameter priors
Π𝑘 are specified along with initial state distribution 𝑝0. (Stage 2) For each sample, a primitive index
𝑘 and parameters 𝜑𝑘 are stochastically drawn. (Stage 3) The selected kinematic model Φ𝑘 (one of
four closed-form motion primitives) governs trajectory evolution. (Stage 4) State transition dynamics
(Eq. 3) roll out the complete 8-second trajectory. (Stage 5) Optional heteroscedastic Gaussian noise
𝜺𝑡 models localization uncertainty proportional to path length. (Stage 6) The continuous trajectory
is partitioned into 3-second historical observations X1:𝑇 and 5-second future predictions Y𝑇+1:𝑇+𝑁 .
(Stage 7) A paired training sample with variance target is formed. This process repeats 𝑀 = 47,894
times with different random seeds to construct the complete dataset corpus D, ensuring balanced
representation across all motion primitives and diverse parameter configurations (see Table 1 for
statistical summary).

representing the obstacle’s state at time 𝑡, comprising its position [𝑥𝑡 , 𝑦𝑡 , 𝑧𝑡 ]𝑇 ∈ R3

and velocity [𝑣𝑥,𝑡 , 𝑣𝑦,𝑡 , 𝑣𝑧,𝑡 ]𝑇 ∈ R3 in a 3D Cartesian coordinate system relative to
a world frame. The input is a historical sequence of states X1:𝑇 = [s1, s2, . . . , s𝑇 ] ∈
R𝑇×6, where𝑇 is the length of the input sequence, corresponding to a time window of
(𝑇 ·Δ𝑡) seconds with a time stepΔ𝑡 seconds. The output is forecast of future positions
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Y𝑇+1:𝑇+𝑁 = [y𝑇+1, y𝑇+2, . . . , y𝑇+𝑁 ] ∈ R𝑁×3, where y𝑡 = [𝑥𝑡 , 𝑦𝑡 , 𝑧𝑡 ]𝑇 ∈ R3 denotes
the 3D position coordinates of obstacle’s trajectory at time 𝑡 = 𝑇 + 1, . . . , 𝑇 + 𝑁 ,
and 𝑁 is the prediction horizon, spanning (𝑁 · Δ𝑡) seconds. A prediction model
𝑓𝜃 : R𝑇×6 → R𝑁×3, with learnable parameters 𝜃, maps X1:𝑇 to Ŷ𝑇+1:𝑇+𝑁 .

3.1.2 Generator Objective

The goal of SynTraG is to synthesize a large set of paired sequences:

D =
{
(X(𝑖)

1:𝑇 ,Y
(𝑖)
𝑇+1:𝑇+𝑁 )

}𝑀
𝑖=1 (1)

consisting of 𝑀 paired sequences, where each pair is derived from procedurally
simulated trajectories. These trajectories are generated by sampling from a mixture
of canonical motion primitives and rolling out closed-form kinematic equations
under randomized parameters. The framework provides control over (i) the mixture
weights across motion families (straight, sinusoid, up-and-down, and trefoil) and (ii)
primitive-specific parameter distributions, enabling tunable balance and diversity to
support robust model training and out-of-distribution (OOD) evaluation.

3.1.3 Mixture Prior over Motion Primitives

For each sample, a motion primitive index 𝑘 ∈ {1, . . . , 4} is drawn from a categorical
distribution:

𝑘 ∼ Cat(𝝅), 𝝅 = (𝜋1, 𝜋2, 𝜋3, 𝜋4),
4∑︁

𝑘=1
𝜋𝑘 = 1 (2)

Here,Cat(𝝅) governs the probabilities over the four primitives:straight,sinusoid,
trefoil, up and down. A uniform prior (𝜋𝑘 = 1/4) ensures balanced generation,
while skewed weights (e.g., setting 𝜋trefoil = 0) can induce OOD scenarios, such
as primitive hold-out during training.

3.1.4 Primitive-Specific Parameter Priors

Conditioned on 𝑘 , a vector of motion parameters 𝜑𝑘 is drawn from a user-configurable
prior Π𝑘 :

𝜑𝑘 ∼ Π𝑘

Typically, Π𝑘 factorizes into independent uniform distributions over primitive-
specific parameters, controlling aspects such as amplitude, frequency, phase, offsets,
and bounds on speed or acceleration. For instance, sinusoid: 𝐴∼U[𝐴min, 𝐴max],
𝜔∼U[𝜔min, 𝜔max], 𝜙∼U[0, 2𝜋]; for straight: speed 𝑠 ∼ U[𝑠min, 𝑠max] and di-
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rection d ∈ S2). These priors shape trajectory length, speed/acceleration, curvature,
and spectral content.

3.1.5 State Transition with Optional Uncertainty

Given (𝑘, 𝜑𝑘), the state evolves according to discrete-time dynamics:

s𝑡+Δ𝑡 = Φ𝑘 (s𝑡 , 𝑡; 𝜑𝑘) + 𝜀𝑡 (3)

where Φ𝑘 is the deterministic kinematic mapping for primitive 𝑘 , and 𝜀𝑡 is an
optional noise term that models sensor inaccuracies or environmental perturbations.
For uncertainty-aware generation, we employ zero-mean Gaussian noise:

𝜀𝑡 ∼ N(0, Σ𝑘), Σ𝑘 = 𝜎2 (ℓ) 𝐼3, 𝜎2 (ℓ) = 𝛼 ℓ · 𝑢, 𝑢 ∼ U[𝑢min, 𝑢max] (4)

where ℓ is the sample’s path length (i.e., ℓ =
∑

𝑡 ∥y𝑡+Δ𝑡 − y𝑡 ∥2) and 𝛼 is the
scaling factor (e.g., 𝛼=0.1) that controls the overall noise magnitude. 𝑢 is a random
variable drawn from a uniform distribution U[𝑢min, 𝑢max] that introduces random-
ness to the variance for each trajectory to make them more diverse. This produces
heteroscedastic variance targets compatible with probabilistic predictors.

3.1.6 Generative Program for One Sample

Let 𝑡0 denote the start of the observation window. With an initial state s𝑡0 (sampled
from a bounded prior over positions and zero initial velocity), the data pair (X,Y)
is obtained by rolling out Eq. (3):

𝑘 ∼ Cat(𝝅), 𝜑𝑘 ∼ Π𝑘 , s𝑡0 ∼ 𝑝0,

s𝑡+Δ𝑡 = Φ𝑘 (s𝑡 , 𝑡; 𝜑𝑘) + 𝜀𝑡 for 𝑡 ∈ [𝑡0, 𝑡0+(𝑇+𝑁−1)Δ𝑡],
X1:𝑇 = [s𝑡0 , . . . , s𝑡0+(𝑇−1)Δ𝑡 ], Y𝑇+1:𝑇+𝑁 = [y𝑡0+𝑇Δ𝑡 , . . . , y𝑡0+(𝑇+𝑁−1)Δ𝑡 ]

with y𝑡 the position component of s𝑡 . Repeating this program 𝑀 times yields the
dataset D, with 𝜀𝑡 ensuring probabilistic variance, if enabled.

3.1.7 Induced Mixture over Data Pairs

The generative process induces a probability distribution over data pairs (X1:𝑇 ,Y𝑇+1:𝑇+𝑁 ),
modeled as a finite mixture of four components corresponding to the four kinematic
primitives:

𝑝(X1:𝑇 ,Y𝑇+1:𝑇+𝑁 ) =
4∑︁

𝑘=1
𝜋𝑘

∫
𝑝(X1:𝑇 ,Y𝑇+1:𝑇+𝑁 | 𝑘, 𝜑𝑘) dΠ𝑘 (𝜑𝑘) (5)
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Here, the mixture weights 𝝅 control the balance between primitives, determin-
ing the relative frequency of each motion type in the dataset (e.g., more straight
vs. trefoil trajectories). The parameter priors Π𝑘 govern intra-primitive variability,
allowing diverse trajectory characteristics (e.g., varying speeds or amplitudes within
the sinusoidal primitive). This mixture structure ensures a rich and diverse dataset D
which captures a wide range of non-cooperative obstacle behaviors. For evaluation,
in-distribution (ID) protocols use the full mixture, while out-of-distribution (OOD)
protocols can be configured by modifying 𝝅 (e.g., setting 𝜋𝑘 = 0 to exclude a primi-
tive) or restricting Π𝑘’s support (e.g., limiting amplitude ranges to test generalization
to unseen parameter).

3.2 Core Kinematic Motion Models

This subsection defines the kinematic equations for the four motion primitives in
SynTraG: straight-line, sinusoidal, trefoil knot, and up-and-down. These primitives,
implemented via the deterministic mapping Φ𝑘 (s𝑡 , 𝑡; 𝜑𝑘) in Eq. (3), generate di-
verse 3D trajectories that emulate non-cooperative aerial obstacles (e.g., birds or any
other non-cooperative aerial object) within a bounded workspace [−b, b]3 ⊂ R3.
The state s𝑡 = [y⊤𝑡 , v⊤𝑡 ]⊤ ∈ R6, comprising position y𝑡 = [𝑥𝑡 , 𝑦𝑡 , 𝑧𝑡 ]⊤ and velocity
v𝑡 = [𝑣𝑥,𝑡 , 𝑣𝑦,𝑡 , 𝑣𝑧,𝑡 ]⊤, evolves with a fixed timestep Δ𝑡. Each primitive is gov-
erned by parameters 𝜑𝑘 sampled from priors Π𝑘 , as defined in Section 3.1.3 that
ensures variability in trajectory characteristics such as length, speed, and curvature.
These models are designed to capture realistic motion patterns, from linear flights to
complex, bio-inspired maneuvers, supporting robust trajectory forecasting for UAV
collision avoidance.

3.2.1 Straight-Line (Constant Velocity) Motion

This primitive models linear, non-maneuvering motion, such as a drone’s steady
flight or a bird’s gliding path. The state evolves as:

y𝑡+Δ𝑡 = y𝑡 + 𝑠dΔ𝑡 (6a)
v𝑡+Δ𝑡 = 𝑠d (6b)

where speed 𝑠 ∼ U[𝑠min, 𝑠max] controls the magnitude of motion, and direction
d ∈ S2 (a unit vector on the 2-sphere) defines the 3D orientation. Parameters:
𝜑straight = {𝑠, d}. Acceleration is zero (a𝑡 = 0), reflecting constant velocity.



Synthetic Trajectory Generator for Dynamic Obstacles 9

3.2.2 Sinusoidal Motion

This captures lateral oscillatory motion and approximate bird-like weaving in the
𝑦-direction. The state updates are:

𝑥𝑡+Δ𝑡 = 𝑥𝑡 + 𝑠Δ𝑡 (7a)
𝑦𝑡+Δ𝑡 = 𝐴 sin(𝜔(𝑡 + Δ𝑡) + 𝜙) (7b)
𝑧𝑡+Δ𝑡 = 𝑧𝑡 (7c)

𝑣𝑥,𝑡+Δ𝑡 = 𝑠 𝑣𝑦,𝑡+Δ𝑡 = 𝐴𝜔 cos(𝜔(𝑡 + Δ𝑡) + 𝜙) 𝑣𝑧,𝑡+Δ𝑡 = 0 (7d)

with speed 𝑠 ∼ U[𝑠min, 𝑠max], amplitude 𝐴 ∼ U[𝐴min, 𝐴max], frequency
𝜔 ∼ U[𝜔min, 𝜔max], and phase 𝜙 ∼ U[0, 2𝜋]. Parameters: 𝜑sinusoid = {𝑠, 𝐴, 𝜔, 𝜙}.
Acceleration: 𝑎𝑦,𝑡 = −𝐴𝜔2 sin(𝜔𝑡 + 𝜙).

3.2.3 Trefoil-Knot Motion

This models complex, looping 3D maneuvers, inspired by erratic bird flock patterns
or evasive drone behaviors. Let 𝜏 = 𝑡 + Δ𝑡. The state evolves as:

𝑥𝑡+Δ𝑡 = 𝛼(sin 𝜏 + 2 sin 2𝜏) + 𝑜𝑥 (8a)
𝑦𝑡+Δ𝑡 = 𝛼(cos 𝜏 − 2 cos 2𝜏) + 𝑜𝑦 (8b)
𝑧𝑡+Δ𝑡 = −𝛼 sin 3𝜏 + 𝑜𝑧 (8c)

𝑣𝑥,𝑡+Δ𝑡 = 𝛼(cos 𝜏 + 4 cos 2𝜏) (8d)
𝑣𝑦,𝑡+Δ𝑡 = 𝛼(− sin 𝜏 + 4 sin 2𝜏) (8e)
𝑣𝑧,𝑡+Δ𝑡 = −3𝛼 cos 3𝜏 (8f)

with scale 𝛼 ∼ U[𝛼min, 𝛼max] and offset o = [𝑜𝑥 , 𝑜𝑦 , 𝑜𝑧]⊤ ∼ U[−𝑜max, 𝑜max]3.
Parameters: 𝜑trefoil = {𝛼, o}. Accelerations are derived from second derivatives of
the position equations.

3.2.4 Up-and-Down Motion

This represents vertical oscillatory motion, such as flapping wings or altitude-varying
drone flight. The state updates are:

𝑥𝑡+Δ𝑡 = 𝑥𝑡 + 𝑠Δ𝑡 (9a)
𝑦𝑡+Δ𝑡 = 𝑦𝑡 (9b)
𝑧𝑡+Δ𝑡 = 𝐴 sin(𝜔(𝑡 + Δ𝑡)) (9c)

𝑣𝑥,𝑡+Δ𝑡 = 𝑠, 𝑣𝑦,𝑡+Δ𝑡 = 0, 𝑣𝑧,𝑡+Δ𝑡 = 𝐴𝜔 cos(𝜔(𝑡 + Δ𝑡)) (9d)
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with speed 𝑠 ∼ U[𝑠min, 𝑠max], amplitude 𝐴 ∼ U[𝐴min, 𝐴max], and frequency 𝜔 ∼
U[𝜔min, 𝜔max]. Parameters: 𝜑up-and-down = {𝑠, 𝐴, 𝜔}. Acceleration is non-zero only
in the 𝑧-direction: 𝑎𝑧,𝑡 = −𝐴𝜔2 sin(𝜔𝑡).

4 Reference Instantiation and Dataset Corpus

This section details the instantiation of the SynTraG framework through the genera-
tion of a reference dataset corpus, designed to support robust trajectory forecasting
for non-cooperative dynamic obstacles in UAV navigation. The dataset, denoted D,
comprises of 47,894 paired sequences, each consisting of historical state observa-
tions and future position predictions, synthesized using the kinematic primitives and
generative process described in Sections 3.1 and 3.2. This corpus serves as a bench-
mark for evaluating forecasting models and is made publicly available to facilitate
research in safety-critical aerial navigation.

4.1 Data Generation Process

The dataset is constructed by simulating trajectories over an 8-second temporal
window, partitioned into a 3-second historical observation period (𝑇 = 30 timesteps
with Δ𝑡 = 0.1 seconds) and a 5-second future prediction horizon (𝑁 = 50 timesteps).
Historical sequences X1:𝑇 ∈ R30×6 capture the state s𝑡 = [y⊤𝑡 , v⊤𝑡 ]⊤ ∈ R6, where
y𝑡 = [𝑥𝑡 , 𝑦𝑡 , 𝑧𝑡 ]⊤ and v𝑡 = [𝑣𝑥,𝑡 , 𝑣𝑦,𝑡 , 𝑣𝑧,𝑡 ]⊤ represent position and velocity in a 3D
Cartesian frame. Future sequences Y𝑇+1:𝑇+𝑁 ∈ R50×3 provide the predicted positions
y𝑡 over the forecast horizon. Trajectories are sampled at intervals aligned with ap-
proximately one-quarter of the dominant motion period (e.g., 2𝜋/𝜔 for sinusoidal or
up-and-down primitives), ensuring diverse phase representations and comprehensive
coverage of the dynamic behaviors induced by the mappings Φ𝑘 (s𝑡 , 𝑡; 𝜑𝑘). Initial
states s𝑡0 are drawn from a bounded uniform prior over positions within [−b, b]3 with
zero initial velocity, and the rollout incorporates optional heteroscedastic Gaussian
noise 𝜀𝑡 ∼ N(0, Σ𝑘) as per Eq. (3), where Σ𝑘 = 𝜎2 (ℓ)𝐼3 and 𝜎2 (ℓ) = 0.1 · ℓ · 𝑢 with
𝑢 ∼ Unif(0.9, 1.1). This noise, proportional to path length ℓ =

∑
𝑡 ∥y𝑡+Δ𝑡 − y𝑡 ∥2,

models localization uncertainty and supports probabilistic forecasting.

4.2 Dataset Composition and Visualization

The resulting dataset is structured as X ∈ R47894×30×6 for observations and
Y ∈ R47894×50×3 for targets, reflecting a balanced distribution across the four motion
primitives: straight-line, sinusoidal, trefoil knot, and up-and-down. A 3D visualiza-
tion of representative trajectories is provided in Fig. 3, illustrating the diversity in
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Fig. 3 Representative 3D trajectories for each motion primitive with uncertainty quantification.
Subplots (a-d) show a single trajectory of each exemplar trajectory, while plots (e-f) show the 5
samples of the same trajectories. solid color segments represent observed history (3s), circle shows
the current position, dashed segments show ground-truth future (5s), and shaded segments indicate
±1𝜎 uncertainty from the heteroscedastic noise model.

initial positions and motion patterns, from linear paths to complex loops and vertical
oscillations.

4.3 Statistical Analysis

The dataset’s statistical properties are summarized in Table 1, which reports the
sample count, average trajectory length, minimum and maximum lengths, average
speed, and variance metrics for each motion type. The average length is computed as
the cumulative Euclidean distance over the 8-second simulation, while average speed
is derived from the mean magnitude of the velocity vector ∥v𝑡 ∥ =

√︃
𝑣2
𝑥,𝑡 + 𝑣2

𝑦,𝑡 + 𝑣2
𝑧,𝑡 .

Variance estimates, reflecting the heteroscedastic noise model, are calculated as 10%
of the path length scaled by a uniform random factor ∼ Unif(0.9, 1.1), providing a
realistic uncertainty profile for training mixture density networks (MDNs) or similar
probabilistic models.

Table 1 also reveals the dataset’s diversity. For instance, sinusoidal and up-and-
down trajectories exhibit greater length and speed variability, reflecting their oscil-
latory nature, while trefoil knots maintain consistent lengths due to their parametric
structure.
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Table 1 Dataset statistics per motion type.

Motion Type Sample
Count

Avg
Length

(m)

Min
Length

(m)

Max
Length

(m)

Avg
Speed
(m/s)

Min
Speed
(m/s)

Max
Speed
(m/s)

Avg. 𝝈2

(m2)
Std.
Dev.
(m)

sinusoid 10280 44.27 8.22 116.53 4.07 1.00 12.38 1.99 1.24
straight 13650 27.24 6.65 66.16 1.26 0.50 2.00 0.62 0.22
trefoil 11568 38.53 18.21 59.95 4.60 4.43 4.79 2.23 0.65
up and down 12396 46.35 8.91 125.51 4.25 1.00 13.27 2.08 1.33

4.4 Accessibility and Usage

The complete dataset corpus in Python pickle (.pkl) format, along with the code and
a detailed implementation for the SynTraG framework, is publicly available under
the MIT License and accessible at: https://github.com/syediu/SynTraG.git. Users
can leverage the dataset for training forecasting models, with pre-computed variance
estimates facilitating probabilistic predictions. The framework’s configurability al-
lows for regeneration of D with adjusted mixture weights 𝝅 or parameter priors Π𝑘 ,
enabling tailored datasets for specific research objectives.

5 Conclusion

This paper introduces SynTraG, an open-source synthetic trajectory generator ad-
dressing the critical need for data to train UAV collision avoidance systems against
non-cooperative dynamic obstacles. By synthesizing 47,894 diverse 3D trajecto-
ries via mixture of four kinematic primitives with optional uncertainty, SynTraG
provides a flexible, open-source tool for robust forecasting model development.
Reference instantiation demonstrate its utility, while the publicly available dataset
and code facilitate further research. Future work will explore real-world validation,
integration with multi-modal sensors, and extension to adversarial motion patterns.
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