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Predicting flight trajectories is a research area that holds significant merit. In this paper, we propose a data-
driven learning framework that leverages the predictive and feature extraction capabilities of the mixture
models and seq2seq-based neural networks while addressing prevalent challenges caused by error propagation
and dimensionality reduction. After training with this framework, the learned model can improve long-step
prediction accuracy significantly given the past trajectories and the context information. The accuracy and
effectiveness of the approach are evaluated by comparing the predicted trajectories with the ground truth. The
results indicate that the proposed method has outperformed the state-of-the-art predicting methods on a
terminal airspace flight trajectory dataset. The trajectories generated by the proposed method have a higher
temporal resolution (1 time step per second vs (.1 time step per second) and are closer to the ground truth.

Nomenclature
e = ego agent
F = total number of flights in the current scenario
F = set of flights in the current scenario
f = one of flight
h = output of a hidden layer
p! = position of flight f at time i
twre =  time set for the future trajectory
T{umre = ground truth future trajectory of flight f
Téui o = [future trajectory guide of flight f
T = past trajectory of flight f
T{; o generated future trajectory of flight f
t; = time for step i in the trajectory
wf = wind information around flight f
0 = learning parameter
¢° = context information nearby

I. Introduction

HE terminal airspace is the airspace around airports. This air-

space is characterized by low altitudes, multiple agents interact-
ing closely, dynamic conditions, and the need for fast decisions.
However, only 4% of all active airports in the United States have
control towers that act as a centralized authority for separation [1]. In
these nontowered airspaces, pilots bear the sole responsibility for
ensuring their aircraft’s safety, and the risk of collision is higher.
Therefore, predicting the trajectories of other flights in terminal air-
space becomes more important.

Furthermore, it is more crucial to track and predict the motion of
unmanned aerial vehicles (UAVs) since more and more UAVs are
occupying the airspace when the technology for autonomy has
evolved and matured. The Federal Aviation Administration (FAA)
projects a drone fleet size of 1.81 million units by 2026 [2]. The
security service needs to anticipate the misuse of UAVs in public
areas, which includes public demonstrations, mass events, and air-
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ports [3]. Most of the UAVs should be under surveillance by the
unmanned aircraft system traffic management (UTM), which are
denoted as in-network UAVs. However, those in-network UAVs
could turn into out-network UAVs occasionally due to the limita-
tions and loss of communication. Therefore, timely and accurate
trajectory prediction is the key to preventing potential collisions
with out-network UAVs. This is even more critical for conflict
detection and resolution in UAV landing management [4], which
often occurs near crowded airspace [3].

Machine learning (ML) and data-driven methods have demon-
strated impressive predictive capabilities across various domains,
transcending traditional areas such as motion planning [6], cyber-
security [7-9], and health [10-12]. Furthermore, generative pre-
trained transformer (GPT) achieves promising results on multiple
NLP tasks such as question answering, automatic summarization,
and sentiment analysis [13]. Contrastive Language-Image Pre-
training (CLIP) dramatically boosts self-supervised learning and
achieves promising results on multiple CV tasks, such as image
classification [14]. The Vision Transformer (ViT) [15] and its
extended work [16] proposed a transformer-based approach for
handling computer vision tasks by treating images as sequences
of fixed-size patches. By learning patterns and relationships from
large amounts of historical data, ML algorithms can generate accurate
predictions in real time. These algorithms may be enhanced by
incorporating additional information, including weather patterns, air
traffic patterns, and other contextual factors that may impact UAV
motion [17]. Time Series Modeling [10] demonstrate the superior
performance of transformer-based models, particularly PatchTST, in
capturing the complex patterns in time series data, and their insights
have been crucial in guiding later approaches to time series signal
analysis. Three-dimensional trajectory data have many similar fea-
tures with images and text. The raw trajectory data have the same
dimension as the raw image data. Both the trajectory data and text are
temporal data. Therefore, data-driven and ML are suitable to be
applied in the trajectory prediction of many objects, including aircraft.

In this paper, a learning framework is proposed to provide high-
temporal-resolution trajectory prediction while maintaining high
accuracy. This paper’s primary contributions are as follows:

1) The proposed learning framework can improve long-step pre-
diction accuracy significantly on a terminal airspace dataset, outper-
forming contemporary state-of-the-art methods.

2) Our work leverages the predictive and feature extraction
capabilities of the mixture models and seq2seq-based neural net-
works while addressing prevalent challenges caused by error propa-
gation and dimensionality reduction.

3) It is the first framework to propose mixture models learn from the
output of neural networks to predict flight trajectories. Many research-
ers have applied neural networks and mixture models together to
predict trajectories; however, all the previous methods simply generate
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the mixture model parameters, including weights, means, and cova-
riances, for each mixture component with a neural network [18,19].

II. Related Work

Trajectory prediction for aircraft is a trending research topic with
many proposed methods. Most predictors leverage model-based,
cluster-based, and ML-based methods. The most traditional way
is predicting future aircraft motion naively by physical equations of
motion [20]. OpenAP [21] is a robust aircraft performance model
capable of predicting realistic flight trajectories across various flight
phases by analyzing the distribution of speed, vertical rates, and
altitudes. The 3D hybrid model in [22] combines both data-driven
and physics models, so it is capable of predicting UAV motion
using minimal real flight data. Recently, the hidden Markov model
(HMM) has been utilized to forecast trajectories, taking into
account environmental uncertainties [23]. Recurrent neural net-
works (RNNs) can be trained on historical UAV data to learn
the underlying patterns in the motion of UAVs. The trained RNN
can then be used to predict future motion based on current position
and velocity information. A proposed RNN is designed to forecast
aircraft trajectories incorporating weather characteristics [24],
which are well suited for time series prediction problems. More-
over, a 4D aircraft trajectory prediction model is proposed in [25],
which leverages the deep generative convolutional RNN frame-
work. Generative adversarial networks (GANs), which include
a discriminator and a generator, can also generate a flight trajec-
tory [26]. A multilayer perceptron neural network machine learn-
ing model predicts the deviations in actual flight paths from the
planned routes by extracting features from historical surveillance
data that can be generalized for different route structures [27]. A
conditional tabular generative adversarial network (CTGAN) [28]
model is trained and tested using historical 4D trajectory data from
the Hong Kong region. This study [29] compared hybrid recurrent
neural network models (CNN-LSTM, CNN-GRU, and SA-LSTM)
on aircraft trajectory prediction. Pang et al. [30] used an advanced
Bayesian deep learning approach for predicting aircraft trajecto-
ries, incorporating the effects of weather.

Predicting the trajectory of airplanes, specifically near terminals,
is also a very popular topic. The work in [31] uses a probabilistic
generative model to predict flight trajectories near the terminal at
KJFK airport by directly learning from aircraft positional data.
TrajAir [1] fuses weather data and historical trajectories using
an attention-based neural network and generates predictions near
KBTP airport. A variational autoencoder (VAE) [32] was adapted
to generate random trajectories at the Zurich airport. A Gaussian
mixture model (GMM) has been used to detect abnormal aircraft
[33] at the Incheon International Airport (ICN). GMM [34] can also
predict and simulate trajectories by incorporating clustering anal-
ysis near the Sdo Paulo/Guarulhos International Airport (GRU). By
using Bayesian networks [35], the statistical patterns of aircraft
dynamics can be analyzed to predict their future motion. Most pro-
posed methods only consider a single terminal because applying a
general model across different terminals is very challenging due to
difficulties in obtaining data, lack of structured representation, and
insufficient specificity [36].

Besides aircraft trajectory prediction, many data-driven and ML-
based methods are also proposed to predict the trajectory of other
objects. In many previous trajectories predicting methods, the GMM
is a popular method to represent the distribution of predicted tra-
jectories [19,37,38] because of its capability to model multimodal
behaviors of the predicting agents. A proposed extended Kalman
filter is used to estimate vessel states, which is subsequently used to
help predict the vessel trajectories [39]. The representation of inter-
actions through graphs is also garnering increasing interest, which
results in the application of graph neural networks (GNN) for
trajectory prediction [40]. An HMM trajectory prediction algorithm
is also developed with a self-adaptive parameter that can predict
trajectory in a network-constraint environment [41].

In conclusion, many techniques have been proposed for pre-
dicting flight trajectories. Nevertheless, most methods, especially

feedback-based methods, for predicting flight trajectories are typi-
cally very slow and not suited for online tasks [42]. Meanwhile, all
the previous trajectory prediction methods still do not meet the
accuracy requirement for many applications. Besides, many plan-
ning methods struggle to predict the uncertainty of future trajecto-
ries. A flight may have multiple different path options, but some
predictors cannot anticipate them.

III. Problem Statement

The goal of this paper is to predict the trajectory of flights in
the near future using their past trajectories and any useful given
information, such as wind information and their neighbors. In this
section, the inputs and outputs are going to be defined.

The flight trajectory usually is discretized into multiple way-
points. We locate the physical flight position in airspace with three-
dimensional Cartesian coordinates. Considering time, each point is on
a 4-D space defined by four variables: time (f), the position in the x-
axis (x), the y-axis (y), and the z-axis (z) of the airspace. Usually, z is
the altitude of the drone, and (x, y) is the position in the plane that
is parallel to the ground. Therefore, the past trajectory of flight f, T{>,
is expressed as

T} = {p{,pﬁ,zﬁ S -pﬁ} E Ry (1)
pl= <t,-~xf}y‘f'~ Z{-'> ER, 2

where f € F = {1,2,...f,...F} is one of the flights in the current
airspace. T’; contains points starting from time #; to time ¢,. The
aircraft flies from the position (x;, y;, z;) to the position (x,,, y,, z,)
in the airspace within the time interval #; to #,. The future trajectory

(T*ffumre) has the same form as the past trajectory.
f I~ f S S
Tfulure - {pn+l’pn+2’pn+3 . "pn+k} € ka4 (3)

The time set in the future trajectory, fryue = {fna1sfuta - - - bugk)s 1S
decided by the specific task based on which specific time point of
the position is desired to be predicted. Figure 1 shows an example of
four agents and their past and future trajectories 7', and Ty in the
airspace.

The predictor G we proposed should take the past trajectory of
the ego agent T, the context information nearby ¢¢, and the past
trajectory of the flights near the agent T{,, Vfe{l,...,F}asinput,

and output the ego agent’s predicted trajectory Thea: Here, the ego
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Fig. 1 Past trajectories and future trajectories.
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agent is the agent of interest for which we want to predict its future
trajectory.

¢ ea = G(T. Th.¢°) €

The goal of training the predictor G is to minimize the prediction
error A between the predicted trajectory T4 and the real future
trajectory T¢ as shown in Eq. (5). The detailed performance

future?
metric for prediction error in the application will be defined in the

Results section.

Mgin A(Tgred ’ T?uture) (5)

where 6 is the learning parameter. Moreover, because the prediction
result will be further used for the subsequent tasks, such as collision
avoidance, air traffic management, and path optimization, and the
flight flies extremely fast, the prediction process should be fast
enough so that more time can be left for the subsequent tasks.

OG) Kty —t, 6)

where O(G) is the computing time of the prediction process, f, is
the time we start to predict, and ¢, is the time when the desired
forecast trajectory starts.

In other words, the trajectory predictor should be able to take the
past trajectory of the ego agent and all the related context features
and predict the future trajectory in a very short time.

IV. High-Temporal-Resolution Prediction Framework
A. Challenges for High-Temporal-Resolution Prediction Framework

High-density autonomy operations require a high-temporal-
resolution trajectory prediction model. In statistical words, a mix-
ture model signifies the mixture distribution that represents the
probability distribution of observations across the entire popula-
tion. The mixture model is one of the most promising solutions
because the future trajectory of the flights is highly heterogeneous,
and a mixture of probabilistic models can be very efficient in repre-
senting the future trajectory. Mixture models have been adopted in
many trajectory-predicting projects and achieved significant results
[31,19]. Compared to the output of deep learning models, the mixture
model does not suffer from the same kind of error propagation issues
that are often associated with feedforward neural networks or other
deep learning models. Figure 2 shows an example of a more recent
feedforward neural network model, called TrajAir [1], which has a
much larger error when predicting high-temporal-resolution trajecto-
ries. The identical neural-network-based predictor performs much
worse when generating results for every time step (i.e., TrajAirl in
Fig. 2) compared to generating results for every 10 time steps (i.e.,
TrajAir10 in Fig. 2). On the other hand, the naive mixture model
also presents challenges when predicting trajectories because it relies
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Fig. 2 Feedforward neural networks suffer from error propagation
(average displacement error [ADE] increases very fast along the time).

on context information, where the given features are large-scale and
high-dimensional. Dealing with high-dimensional features can be
challenging due to the peaking phenomenon [43], which means that
the performance of a machine-learning model eventually decreases
as the dimensionality of the feature space increases. However,
research [44] has shown that the predictive power of the mixture
model increases with additional features as long as the net effective-
ness of an added feature set exceeds the size of this added feature set.
Moreover, although mixture models are capable of clustering and
generating high-dimension data, we observed that the 3-D trajectories
of the flight generated from high-dimension data by the mixture
model lack coherence. Figure 3 shows an example of an incoherent
predicted trajectory generated by high-dimension mixture model
regression. Even if each point of the generated trajectory is relatively
close to the ground truth trajectory, the generated trajectory is not
useful. All in all, high-dimensional features are crucial for prediction
accuracy, but directly incorporating them into a mixture model proves
ineffective. Therefore, in our framework, we proposed the neural net-
work guide-generating module to reduce the dimension of the given
information while keeping the useful information as much as pos-
sible. The training dataset for the mixture model then only includes
three dimensions (x, y, and z in the Cartesian coordinate), avoiding
nonsmoothness caused by the projection process.

Therefore, to overcome the above challenges to provide a high-
temporal-resolution prediction framework, we propose a learning
framework, as shown in Fig. 4, that consists of four main modules:
feature extraction, feature fusion, neural networks guide generator,
and mixture model predictor. The raw input includes the past
trajectory learning models. Information about the ego agent, the
past trajectory of other agents, and the context is sent to feature
extraction units in the feature extraction modules separately. After
the feature extraction units extract important features from the raw
input, the feature fusion module combines those features from
all the raw input together. The guide generator then generates the
trajectory guide using the fused feature, which contains the infor-
mation from all the inputs. Finally, the mixture model predictor
module generates the trajectory prediction based on this guide.

In this paper, we trained a future trajectory predictor with our
framework on a general aviation trajectory dataset [1], which uses
the past trajectories of the ego agent, the past trajectories of the
neighboring agents, and weather content as input to predict the ego
agent’s future trajectory. We pick neural networks from the TrajAir-
Net model [1] and probabilistic trajectory models [31] to complete
the framework. The details of the implementation of our learning
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Fig. 3 High-dimensional mixture model regression produces an
unsmooth 3-D trajectory.
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Fig. 5 Implementation details of the framework.

framework are shown in Fig. 5. Each module is introduced in detail
as follows.

B. Feature Extraction Module

The feature extraction module transforms all the provided raw
data that may affect the future trajectory into a set of features that
effectively represent the underlying characteristics of the data and
yield improved results compared to applying machine learning
directly to the raw data. Feature extraction is a crucial step in the
data-driven pipeline. Raw data in different formations need different
extraction methods. In this framework, neural-network-based meth-
ods are preferable because the extracted feature representation are
easier to be integrated into the neural network’s guide generator
module. In the trajectory predicting tasks, the most commonly
provided raw data is the past trajectory, which is a form of sequential
data. The long short-term memory (LSTM) networks [45] are useful
for extracting features from past trajectories. Another way to extract
features from past trajectories is the Autoencoders [46]. Temporal
convolutional networks (TCNs) [1] are also applied to handle the
past trajectories. Another common raw input is the picture of the

environment near the ego agent. Graph neural networks (GNNs)
[47] are an option to extract features from the picture for trajectory
prediction tasks.

In this paper, the feature extraction module consists of two input
layers, which are temporal convolutional networks (TCNs) and
convolutional neural networks (CNN). The past trajectories of both
ego and neighbor agents will be sent to TCNs, and the wind context
will be sent to CNNs. The TCN [48] layers can convert the spatio-
temporal trajectory into a latent vector while ensuring that causal
connections within the data are preserved. The TCNs simply consist
of two layers of dilated causal convolution and rectified linear unit
(ReLU), which provide nonlinearity, followed by a spatial dropout.

hlen = TCN(T’,Z), Viell,... F} %)

The CNN was widely recognized since [49]. The CNNs can com-
bine the wind context near the different flights together and transfer
the feature to a shape we want. The wind near flight f consists of
wind velocity in x and y directions.
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wf = (W ww) eR, (8)

Then, in the feature fusion module, the outputs of TCNs and CNNs
are concatenated together and become the encoded hidden item.

e = hl, ® CNN(w/) ¥ f € {1.....F} ©)

C. Feature Fusion Module

The feature fusion module combines data from different sources
or forms to create a more informative and selective feature repre-
sentation. It can also combine features from different layers or
branches. It is extremely important to notice that the selection of
the feature fusion module should be closely aligned with the feature
extraction module. Simple concatenation [1] is a traditional feature
fusion that is suitable for the same feature space. Pooling [50] also
has been used to fuse interaction information in trajectory predic-
tion. Short skip connections fuse the identity mapping features
and residual learning features in residual networks (ResNet)
[51,52]. Inception, introduced in [53], fuses the outputs of a variety
of convolutions and pooling layers. Some research fuses outputs of
multiple branches with different kernel sizes with attention [54,55].
At this point, convolutional mechanisms [36] and attention mech-
anisms are standout neural network structures for feature fusion
in trajectory prediction tasks. Many previous papers have applied
convolutional mechanisms [57] and attention mechanisms [58] to
fuse and extract common information in trajectory prediction tasks.

In this paper, we choose the graph attention network (GAT) [59]
as the main neural network in the feature fusion module. The GAT
layer can decide which information is more important than others in
the encoded hidden item that extract features from the past trajectory
and the wind context of all flights. In a scalable way, an attention
mechanism, as seen in GATS, can selectively focus on specific
agents that affect the trajectory of the ego agent.

Iy = GAT (hlne) (10)

The GATs generate a hidden output for each agent. The hidden
output is then concatenated and segregated with the previously
encoded hidden item of the ego flight A,..

D. Neural Networks Guide Generator

The neural network guide generator can generate the guide for the
mixture probabilistic module, giving fused features from the feature
fusion module. After the raw data are extracted and fused together,
the processed data will be sent to the guide-generating module. The
guide-generating module can be an output layer in the neural net-
works. Some research [60] simply uses MLP as the output layer to
generate the trajectories. Another popular generating output layer is
sequential generating, such as the output layer of LSTM [61], RNN
[24], and transformer [62]. Variational autoencoders (VAEs) [63]
are another type of generative model that generates new data sam-
ples that are similar to the ones in the training dataset.

In this paper, we construct a conditional variational autoencoder
(CAVE)-based neural network as the guide generator [64]. The con-
catenated vector from the feature fusion module is sent to CAVE,
which is the first layer of the neural network guide generator, as the
conditional input. The CVAE consists of two main parts: an encoder
Q(-) and a decoder P(:). After training, the decoder can take the
concatenated vector and a Gaussian noise z and generate a proba-
bility distribution. The generated probability distribution then can
sample a hidden output for the ego agent A,,..

z~N(,1)

1D
hivae ~ P(hgvae [z, hée @ hjgjat)

The output layer is multilayer perceptron (MLP), and the MLP takes
the sampled CVAE output h¢,,. and output the acceleration out-
put. The dimension of the output will be (k/At, 1); At is the time

interval between each time step; k is the task prediction length. Each
element in the output vector represents the acceleration s¢ of the ego
agent in each time step from #, . t0 £, 1x/a;-

Sterttuar = MEP(hve ) (12)
The acceleration output is subsequently transformed into absolute
positions simply with the kinematic equation. And the calculated
absolution positions can form the trajectory guide Tg ..

Piy = 2pf = pily + piAr (13)

Touige = {P;+Ar»PZ+2An . "pr—(k/Ar)Ar} (14)

We call the Tg ;. trajectory guide because it is then used to guide

the mixture model predictor module to generate the prediction
trajectory.

E. Mixture Model Predictor Module

The mixture model predictor module is the core module of this
framework that will generate the final trajectory prediction given
the guide generated by the guide-generating module. In this paper,
Gaussian mixture regression (GMR) is deployed as the mixture
model predictor module. The GMR predictor is initially introduced
in [37] and [65]. The specific one employed in this paper is pro-
posed by [31]. It is one of the most widely recognized trajectory
predictors. Before predicting, we need to train a GMM. First, the
GMM learns the training dataset through the expectation maximi-
zation (EM) [66] algorithm. A trajectory of the training dataset
consists of three parts: the first part is the past trajectory T4, the
second part is the future trajectory guide generated by the previ-
ous neural networks guide generator 7 ,., and the third part is the

guide’
ground truth future trajectory f? After the GMM is trained, the
GMM is shown as Eq. (15).

K

p(x.y) =Y mNu(x.y |y, ) (15)

k=1

where N (x,y | pyy, . Zyy,) are Gaussian distributions with mean
M.y, and covariance X, , K is the number of Gaussians, and x is the
input and y is the output, where x is the combined past trajectory and
future trajectory guide of the ego agent (T, Tguide) € Riusi/nnxss
and y is the trajectory prediction T},.q € Ryx4. Note that z; € [0, 1]
are priors that sum up to one. If 7 is larger, the more likely the (x, y)
belongs to N.

GMR estimates the distributions of the output y with a given
input x by determining the conditional distribution p(y | x), The
conditional distribution for each individual Gaussian is defined by

N(x.y |1y Zy) (16)

The prior and conditional distribution of each individual Gaussian is
determined by the following equation:

I Ni(x | pk, Zei) a7
s ;(:1 Ni(x |, )

After the priors are calculated, we can obtain the conditional dis-
tribution with the following equation:

K
p(y | x) = Zﬂyhka(y |ﬂy\x,\vzy\x‘) (18)
k=1

Once we have the conditional distribution, we can simply sample
an output y from the conditional distribution as the final predic-

3 e
tion Tpred.
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F. Loss Function and Accuracy of Trajectory Prediction
The entire neural network pipeline uses integration loss functions

Lioa = £traj + Levae (19)

The L, measures the mean-squared error between the generated
guide future trajectory and the ground truth.

Lunj = MSE(Té,40: fguide) (0)

The L. quantifies the KL divergence between the sampling
distribution of the latent variable, A/(0, I), and the distribution of
the trained latent variable.

Lowe = Du(Q(2 | Aiuiae: hene ® B )INO.D) 21

The hidden item ﬁguide is the hidden output of TCNs taking the
actual ground truth trajectory guide of the ego agent. If the output of
the neural networks is closer to ground truth, the KL divergence
should be smaller.

Aguide = TCN( Aguide) (22)

To measure the accuracy of trajectory predictions, we adopt a
suite of three metrics, two of which are used in many previous
trajectory prediction works [67], the last one is vertical displacement
errors, which pose a greater safety risk in the terminal areas. We use
p = {p;} to denote the ground truth point, where ¢ is the time we
desire to predict the position of the ego flight, and we use p = {p,}
to denote the predicted point.

1) Average displacement error (ADE): The ADE is the average
L2 norm distance between the points in the ground truth trajectory
and the points in the predicted trajectory: (1/k)Y_, || p; — p:|l, where
t €ty thta .- tas kis the desired time step we want to predict

2) Final displacement error (FDE): The FDE is the L2 norm
between the last point in the ground truth trajectory and the last
point in the predicted trajectory: ||p; ., — pi,.. Il

3) Vertical displacement error (VDE): The VDE is the L2 norm
height difference between the points in the ground truth trajectory
and the points in the predicted trajectory: (1/k)3_,11Z, — z||,, where
tE€ty1, bty .. typr k being the desired time step we want to
predict.

V. Results

A. Data and Baseline Method Description
The TrajAir dataset [1] is a pioneering collection that captures
the multiple flight paths around a typical nontowered airport
(Pittsburgh-Butler Regional Airport [ICAO:KBTP]), comple-
mented by the accompanying weather conditions. The FAA has
set forth specific guidelines that aircraft must adhere to when
entering or departing from nontowered airspace, ensuring the
efficiency and safety of all involved parties. Notably, both runways
of KBTP follow left traffic patterns. These traffic patterns take a
rectangular form, characterized by left-turning maneuvers in rela-
tion to landing or takeoff directions. The dataset contains multiple

Table 1

scenes that are formed by multiple frames. Each frame of the
dataset contains the frame number, aircraft ID, and aircraft position
atx, y, and z dimensions and wind speed at the x and y dimensions.

The evaluations are conducted using a 28-day segment from the
TrajAir dataset. This subset encompasses four groups, each contain-
ing 7 sequential days from different months. We present the results
from our model alongside comparisons with other methods across
these four segments. Day 1 includes 7143 predictable agents, day 2
includes 2932 predictable agents, day 3 includes 1936 predictable
agents, and day 4 includes 3225 predictable agents. We report the
mean, variance, and worst-case values of ADE, FDE, and VDE across
all predictable agents. With the aim of creating long-horizon predic-
tions, we use the length of the past trajectory, n = 11 s, guide time
interval At = 10 s, and predicting length & = 120 s. Therefore, the
proposed prediction model observes 11 s of the past trajectory and
predicts 120 s of the future trajectory with 12 guided points. The
proposed prediction model predicts one step every second. The
learning rate of the TrajAirNet is le—3, and the optimizer is
the Adam optimizer. The number of individual Gaussians is 150.
We selected TrajAirl and GMR as the baseline models. All baseline
models utilize 11 s of past trajectory data as input to generate
predictions for the next 120 s of the future trajectory, similar to the
proposed method. Additionally, we present the results for TrajAir10,
which generates predictions only for 12 steps (one step every 10 s)
and Transformer [68]—a novel closed-loop trajectory predictor, serv-
ing as a reference. Note that we report the best result among five
samples for each test case and all methods, following some previous
studies.

B. ADE, FDE, and VDE Comparison

The ADEs for each baseline method and our method on each
dataset are shown in Table 1. The results show that our method
yields a considerably lower ADE compared to GMR. The ADE of
our method is only 41% on day 1, 58% on day 2, 74% on day 3, and
55% on day 4 in relation to GMR’s ADE, while the variance and
worst case are also reduced. The Transformer model produces a
worse mean result compared to GMR and the proposed method,
although it exhibits similar variance and outlier behavior. TrajAir 1
performs significantly worse than all other methods. The ADE of
our method is quite close to the TrajAirNet, even though TrajAirNet
only generates a 12-point prediction, while our method generates a
120-point prediction.

The FDEs for each baseline method and our method on each
dataset are shown in Table 2. Our method also has a markedly lower
FDE relative to GMR. Compared to GMR’s FDE, our method’s
ADE is merely 52% on day 1, 69% on day 2, 82% on day 3, and
67% on day 4. Moreover, our method marginally surpasses TrajAir
and the transformer in terms of FDE. In the worst-case scenario, the
proposed method’s FDE is still significantly lower than that of all
baseline methods.

The VDEs for each baseline method and our proposed method
across the datasets are presented in Table 3. The proposed method
achieves excellent VDE performance, largely due to the effective
guidance mechanism. Compared to GMR without guidance, our
method reduces VDE by approximately 83% on day 1, 79% on day
2, 83% on day 3, and 77% on day 4. At the same time, the
Transformer demonstrates poor VDE results, and TrajAir continues
to perform poorly as expected. At the same time, the proposed

ADE results

ADE (mean =+ variance(largest)) unit, km

Method Day 1 Day 2

Day 3 Day 4

GMR-net (ours) 0.72 £ 0.68(7.34)

GMR 1.77 £ 1.21(16.69)
TrajAirl 5.57 £ 3.92(27.83)
Transformer 1.82 £ 0.90(9.50)

TrajAir10 (our guide) 0.74 £ 0.64(7.46)

0.87 & 0.8(8.80)

1.5 £ 1.11(14.52)
7.33 & 8.14(31.45)
1.63 £ 0.43(8.65)
0.87 = 0.84(8.95)

0.92 £ 0.8(7.10) 0.8 + 0.78(6.77)

1.24 £ 0.93(15.33) 1.45 £ 1.07(16.57)
12,61 £ 11.73(39.52)  4.68 + 3.79(25.57)
2.06 £ 0.70(10.28) 1.81 £ 0.41(9.41)

0.89 = 0.7(7.05) 0.93 + 0.87(7.27)
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Table 2 FDE results

FDE (mean =+ variance(largest)) unit, km

Method Day 1

Day 2 Day 3 Day 4

GMR-net (ours) 1.26 £ 1.38(7.22)
GMR 2.44 + 1.47(15.83)
TrajAirl 12.33 + 12.33(26.75)
Transformer 2.08 £ 1.60(9.45)

TrajAir10 (our guide) 1.51 £ 1.21(7.32)

1.55 + 1.59(8.76)
2.23 + 1.4(14.15)
15.55 & 16.48(29.34)
2.12 + 1.45(9.00)
1.78 £ 1.66(8.79)

1.69 + 1.67(6.93)
2.06 + 1.34(15.17)
26.42 £ 22.84(37.19)
2.20 % 1.56(9.45)
1.76 £ 1.32(7.04)

1.45 £ 1.63(6.81)
2.18 + 1.52(15.88)
10.6 £ 7.73(25.04)
274 £ 2.47(9.17)
1.94 + 1.8(7.27)

Table 3 VDE results

VDE(mean =+ variance(largest)) unit, km)

Method Day 1

Day 2 Day 3 Day 4

GMR-net (ours) 0.084 + 0.0078(3.90)
GMR 0.48 £+ 0.18(11.92)
TrajAirl 3.41 + 2.21(17.30)
Transformer 0.45 £+ 0.032(3.27)

TrajAirl0 (our guide) 0.094 + 0.0077(3.86)

0.099 + 0.0055(2.40)
0.47 £ 0.087(7.11)
4.41 £ 3.13(19.14)
0.30 & 0.012(3.92)
0.10 = 0.0055(2.40)

0.11 £ 0.016(5.46)
0.65 + 0.27(7.58)
4.88 + 3.87(21.21)
0.71 £ 0.018(4.23)
0.11 = 0.016(5.58)

0.10 & 0.0056(2.88)
0.43 £ 0.11(7.63)
3.07 £ 1.97(15.89)

0.20 & 0.0067(3.39)

0.10 & 0.0056(2.86)

method has lower variance and smaller worst-case outliers com-
pared to others.

The ADE in each time step is shown in Fig. 6. These outcomes
indicate that our method offers a more accurate and stable pre-
diction than GMR. Furthermore, the ADE of our method is a little
higher than the TrajAir at the first couple of time steps but
ultimately overpasses the TrajAir. It means that our method has
the same level of accuracy as TrajAir but 10-fold the predicting
temporal resolution. Figure 7 shows samples of predictions gen-
erated by our method and the baseline methods compared to
ground truth. A predictor with lower mean, variance, and outlier

ade in each time step day 1
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2.0 4
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>
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©
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values for ADE, FDE, and VDE is more useful for real-world
operations. For instance, a better predictor allows for the con-
struction of smaller and more practical reachable sets, which are
easier to use in tasks such as collision avoidance and path plan-
ning. For example, if the reliable reachable sets of one flight are
smaller, the flight can reserve less airspace and leave more air-
space for other flights. It is important to note that the TrajAir
dataset includes only thousands of trajectories from similar types
of agents, with most agents following the same flight plan. As a
result, the trained model is likely limited to performing well on
this specific dataset.
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Fig. 6 ADE results for each method.
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Fig. 7 Examples of prediction comparison for each method.

Table 4 Computing time results

Average generation time per trajectory, s
Dataset Day 1 Day 2 Day 3 Day 4
Value 0.234 0.27 0.35 0.31

C. Generation Time Analysis

The result for generation time is shown in Table 4. The result
shows that our method is not super-fast because it is a two-phase
method, and we run the model on a decent computer. The comput-
ing time is still small in magnitude. The generation time fora 1 s
prediction only takes less than 0.1 s. The average generation time for
a single trajectory is less than 0.4 s, which is significantly shorter
than the typical traffic data update interval. This indicates that the
proposed method is fast enough for continuous prediction.

VI. Conclusions

This paper proposes a learning framework consisting of four main
modules. Each individual module collaborates with each other to
achieve the best result because the strength of a module can com-
pensate for the weaknesses of the others. The feature extraction
module takes raw data directly, transforming it into more informa-
tive features. The feature fusion module can combine extracted
features from different sources and formats together. The guide
generation module can utilize these fused features, which store all
the provided information, and generate a low-dimensional guide for
the mixture model module, which finally gives the final trajectory
prediction. Each of the modules can be trained to enhance their

performance in their respective tasks. We then test the framework by
filling the modules with some previous methods. The result shows that
our framework outperforms the current state-of-the-art methods on the
tested dataset. However, the prediction results are still not sufficient
for real-world applications, such as tactical separation tasks. Further
research on improving prediction accuracy is required. Meanwhile,
similar to most previous methods, we tested the proposed approach
on data from a single airport. This does not necessarily guarantee that
the method will perform well at other airports with different runway
configurations. Therefore, additional datasets from various airports
should be evaluated in the future. Given that the proposed method
incorporates a fusion mechanism capable of understanding airport
configurations, it is expected to outperform most trajectory-based
methods. In the future, the current framework is worthy of being
exploited. Any novel feature extraction method, feature fusion method,
and regression model can empower this framework. For example, the
framework may perform better with a stronger context encoder filled in
the feature extraction module. Another possible improvement is to
apply some diffusion steps on the guidance and generate the final
prediction. We also would like this framework to be tested on different
trajectory prediction datasets. In this work, we only test the proposed
framework on one dataset because there are very few open-source
flight trajectory datasets.
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