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Abstract

During the last decade, the demand for air travel grew in all parts of the world which created delays
due to airspace congestion. To trim ground with air operations, and therefore be more competitive,
airlines need to predict the trajectory and the arrival time of their aircraft, based on the actual
congestion of the airspace, to allow them to adapt their operation if necessary. Building on prior
research, we use a probabilistic generative model of aircraft trajectory prediction to make landing time
inference. The model uses a dataset containing real trajectories that require completion and smoothing
as a preprocessing step for the machine learning algorithm. Based on the intra-cluster covariance
matrices and on held-out measurements, the generative model uses a Gaussian model mixture to
generate the posterior trajectory of aircraft and infer on the landing time. The feature set was extended
with: (1) a measure of the number of aircraft potentially sharing the airspace with each trajectory,
and (2) a feature giving information on wind direction that allows our model to infer more accurately
the active runway. The addition of each of the two features revealed to be a useful addition to the
trajectory prediction performance and landing time inference. The three contributions of this work are:
(1) using estimated trajectories to compute time of landing, (2) the study of accuracy improvement by
addition of two new features indicated by domain knowledge, and (3) to evaluate and implement the
delay estimator on real data. Under this topic, a publication with title “Aicraft trajectory prediction
in crowded terminal areas” is in preparation, to be submitted to the IEEE Transactions on Knowledge
and Data Engineering.
Keywords: Air traffic management, trajectory prediction, terminal airspace, landing time inference,
generative model.

1. Introduction
Less than 120 years after the first flight in the

world, more than 25 thousand commercial aircraft
carry in excess of 4 billion people each year. This
number will grow for the next 20 years, especially in
emerging economies where the growth is expected
to be around 10% per year. In total, IATA forecasts
predict 8.2 billion air travelers by 2037, doubling the
current number of passengers in less than 20 years
time [1]. With the current number of flights, some
airspaces are already saturated, causing numerous
delays across the network. At around 41%, the most
significant contributor to aviation delay in Europe
is a lack of ATC capacity.

From the point of view of an operator, these dis-
ruptions are the source of a major economic effect
that affects the income of the airline at a period
when airfares tend to fall. Taking an average of
USD 74 per delayed minute [2], airlines are attempt-
ing to prevent and forecast delays by integrating
statistical analysis, network representation and or-
ganizational research with machine learning tech-
niques.

The operations of TAP Air Portugal are heavily
impacted by the congestion of Lisbon airport. As
the number of late arrivals due to the congestion of
the airport is rising, this airline is keen to develop
a tool that allows the airline to predict short-terms
delays due to airspace congestion. By predicting
the landing time of their aircraft, the airline would
be able to adapt the operation in order to reduce
the impact of the delay to other flights, preventing
a snowball effect on the entire operation.

Conflict detection and resolution tools use trajec-
tory prediction algorithms but do not make time in-
ference to predict whether an aircraft needs to wait
prior to landing and the consequent arrival time.
As a result, the purpose of this work is to use data
science and machine learning techniques in order
to meet the need of TAP Air Portugal to predict
the arrival time of their aircraft during approach
towards Lisbon airport.

2. Background
2.1. Terminal airspace organization

Before implementing a model able to generate
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trajectories up to the runway, we need to under-
stand how aircraft navigate in terminal areas.

Lisbon airport is located inside the Flgiht Infor-
mation Region of Lisbon, named Lisboa FIR. Being
a Free Route Airspace (FRA), Lisboa FIR allows
the operators to plan shorter routes than before,
where airplanes needed to follow specific air routes
in order to cross a FIR. In FRA, the only require-
ments are that flights need to enter and exit the
airspace using dedicated waypoints. In addition,
flights cannot overfly danger or restricted areas [3].

To guide aircraft to the runway, every airport in
the world has Standard Terminal Arrival Routes
(STARs) published in the aeronautical charts avail-
able to the pilots. Inside the Terminal Maneuver
Areas (TMA), the pilots need to follow these proce-
dures unless instructed by ATC, giving them radar
vectors to navigate. These STARs begin with a fix
waypoint, and the procedure end on the final ap-
proach to a runway. In summary, the STARs help
converging incoming traffic from various directions
to the TMA in order to start the sequencing of the
incoming aircraft to land. In figure 1 we can see
the shape of Lisboa FIR and the TMA of Lisbon
airport.

(a) (b)

Figure 1: Lisboa FIR covering the mainland of Por-
tugal up to Madeira Archipelago (a) and the Ter-
minal Maneuver Area of Lisbon airport in the ex-
tended vicinity of the airport (b). Figure from [4].

The predicted trajectories by the generative
model need to reflect the organization of the
airspace, and the STARs published for Lisbon Air-
port in order to generate plausible trajectories.

2.2. Trajectory prediction algorithms

In the context of this work, as landing time in-
ference is based on the trajectory prediction, it is
mandatory to review some of the existing algo-
rithms in the trajectory prediction field. The ap-
plication of the large majority of these algorithms
is the conflict detection and resolution between air-

craft, such as the widely used Traffic Collision Ad-
visory System (TCAS).

An early approach to predict the trajectory of
aircraft is by looking at the current state of an air-
craft and propagate that estimate integrating with
respect to time the physical equations of motion.
The current states of the aircraft are estimated by
tracking the aircraft position data received from
the primary and secondary surveillance radar sys-
tems.The limitation of this kind of algorithm lies
on the difficulty on getting the flight controls input
needed to accurately estimate of the present states
of the aircraft [5].

A way to improve these predictions is by syn-
thesizing trajectories by combining individual seg-
ments defined by different modes of operation -
fast, nominal and slow - and estimating vertical
paths based on the weight of the aircraft. This
trajectory synthesis method is used in the Cen-
ter–Terminal Radar Approach Control Automation
System (CTAS) developed at NASA Ames Research
Center for air traffic control automation. It is a
widely used system in the US where CTAS gener-
ates computer advisories regarding flight paths that
help controllers to produce safer air traffic manage-
ment over an extended terminal area [6].

Another line of work is to learn Bayesian net-
work statistical representations of dynamic vari-
ables from historical radar data. This algorithm
construct aircraft trajectories that are statistically
similar to those observed in the radar data. The
result is a framework from which trajectories can
be generated and used in simulations to provide es-
timates of collision risk between various aircraft [7].
In conjunction with probability flow, this kind of al-
gorithms is the baseline of more advanced trajectory
prediction models used in aviation systems, namely
in the TCAS and ACAS X, the next generation of
TCAS [8].

In addition, hybrid dynamics models of aircraft
are used, taking into account both continuous and
discrete dynamic behavior. The aircraft position
and velocity change continuously (continuous dy-
namics), whereas the flight segment changes dis-
cretely (discrete dynamics). It is possible to prop-
agate the state of the airplane through a stochas-
tic hybrid system model to perform conflict detec-
tion. Combining the dynamical system model with
a method for inferring the navigational intent of the
aircraft leads to a commonly used set of modeling
tools for aircraft trajectory prediction [9]. A more
recent proposed method incorporates the hybrid dy-
namics model with a Bayesian intent model. The
main key in this algorithm is to learn the expected
behavior of pilots from observations of previous air-
craft trajectories [10].

The majority of the models presented so far fo-
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cus on learning probabilistic trajectory models for
aircraft in unstructured airspace. Unstructured
airspace refers to airspace designs that offer opera-
tors complete freedom in path planning. In terminal
regions, specific paths are used in order to sequence
aircraft into landing in an airport. For that rea-
son, modeling aircraft trajectories in terminal re-
gions cannot be done with models for unstructured
operation.

The easiest way to solve this issue is to combine
the models for unstructured airspace with the pub-
lished instrument procedures of the airport. Unfor-
tunately, this approach would give no information
on the variations used by air traffic controllers in
how procedures are executed by the pilots. In an
era where data is abundant, a way to capture the
statistical variation observed in practice is to learn
directly from historical surveillance data recorded
by radars.

Tackling the trajectory prediction in terminal
airspaces, a well-known method involves clustering
turning points, defined as spacial points where a
change of heading occurs. These points are clus-
tered and then the trajectories are reconstructed
using these turning points. The least common sub-
sequence (LCS) algorithm is used to find similari-
ties between trajectories. The conducted test found
that the turning point model does not perform well
on real, noisy radar data. A Gaussian hidden semi-
Markov model was, for that matter, introduced to
represent the transitions between turning points.
This approach only works well on smaller airports
where the number of turning points is low [11].

Instead of clustering turning points, it is possible
to cluster entire trajectories. This is the main key
behind air traffic flow modeling of en-route traffic
to predict airspace congestion [12]. Unfortunately,
trajectories are different in length meaning that the
majority of algorithms used in clustering cannot be
applied as they require that all trajectories have
the same length. This issue can be addressed by
using the Density Based Spatial Clustering of Ap-
plications with Noise (DBSCAN). By creating a
common time to landing, DBSCAN clusters time-
aligned trajectories to discover traffic patterns [13].
Another way to cluster the trajectories is by us-
ing the Dynamic Time Warping algorithm (DTW)
that find similarities between varying length trajec-
tories by warping time and aligning all trajectories
to solve the length issue [13].

In [14], the line of work consists of learning a
probabilistic trajectory model in terminal airspaces
uniquely based on position measurements. No other
information apart of latitude, longitude, altitude
and time is available on the dataset used. The
first issue the authors address is the different length
of trajectories, by time aligning the trajectories at

landing and select the points available within a
fixed time-frame for all flights. Firstly, they in-
terpolate, extrapolate, and smooth the trajectories
before being clustered using a K-means algorithm.
The method then fits a generative model to the clus-
ters based on the intracluster covariance matrices.

Our approach builds on the one presented in [14].
Nevertheless, the paper is limited to an area of a
5NM radius around the airport. To meet the pro-
posed work requirements, we need to increase this
radius to be able to predict the landing time of air-
craft with a large enough time-frame to provide a
useful prediction for the operator. In addition, the
prediction of landing time needs to be added to the
existing model, as well as the airspace occupation
and wind information.

3. Data preprocessing
3.1. Trajectory dataset

The Demand Data Repository (DDR2) from EU-
ROCONTROL stores historical traffic data in a
compressed format. It is a pervasive database that
provides data to various tools built by EUROCON-
TROL, namely NEST (Network Evaluation Strate-
gic Tool). NEST is a simulation software for net-
work capacity planning and airspace design. With
these tools, EUROCONTROL provides to air traf-
fic management stakeholders an accurate picture of
the pan-European air traffic demand. The data set
files in DDR2 are organized by AIRAC (Aeronauti-
cal Information Regulation And Control).

The data downloaded is formatted under .so6 files
and corresponds to one day of operation. Each line
of the file corresponds to one segment of a flight.
The relevant information available for each segment
is the latitude, longitude, flight level, time of the
beginning and the end of the segment. Each line is
complemented by the date of operation, origin and
destination of the flight, the aircraft type, callsign
and segment length.

The trajectories plotted in figure 2 are 5 random
flights from our dataset. Even if the majority of
the points of the dataset are around the arrival air-
port, the resolution of the trajectory is not very
high. Trajectories are represented as straight line
segments with sharp changes in heading that are
not plausible and are not feasible trajectories. In
order to have a bigger accuracy on the real aircraft
trajectory, we need to resample the raw data, in-
crease the frequency of the points and approximate
the data available to the real trajectories followed
by the airplanes on their approach. An optimization
problem is derived, both to complete the trajecto-
ries and prepare the data to be clustered.

3.2. Trajectory reconstruction

The raw trajectories in the dataset of EURO-
CONTROL have a different number of measure-
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Figure 2: Plot of 5 flights with raw data coming
from EUROCONTROL dataset. The trajectories
have very low resolution which is translated to an
inaccurate plot of the flight path.

ments that need to be uniformed by a common
length in seconds, Tldg. This parameter is the time-
frame in which the algorithm will be able to pre-
dict the arrival time of an aircraft. Using a larger
Tldg will allow the operator to predict arrival time
sooner. Unfortunately, in our dataset, the density
of points in the dataset decrease as the distance to
Lisbon airport increases. That means that if Tldg
is sufficiently large, the resolution of measurements
can drop to a certain extent that the measurements
in the dataset will not be able to produce well-
reconstructed trajectories. A sampling rate of q (in
seconds) is introduced in order to control the num-
ber of points in each trajectory. The optimization
variable is the reconstructed trajectory

P = (p1, p2, ..., pN ), N =
Tldg
q

(1)

where N is the number of spatial points pi =
(lati, loni, alti) making P ∈ RN×3.

It is necessary to build an objective function that
not only takes into account the measured trajecto-
ries in the dataset, but considers as well the ma-
neuverability of the aircraft to recreate real plau-
sible trajectories. First, we want to ensure data fi-
delity to the measurements in the dataset. It means
that the reconstructed trajectories need to follow
the general path of the flight. To do so, we use
the least-squares regression method with the data
fidelity term ‖AP−P̂‖2F , where F defines the Frobe-

nius norm. The vector P̂ ∈ RN×3 is the measured
vector of points coming from the raw dataset. It
is the trajectory P that needs to be reconstructed
by solving the optimization problem. The diagonal
matrix A ∈ RN×N is introduced in the formulation
of this term to control which points of P are com-

pleted. If there is a measurement at time i, aii is
one . Otherwise, aii is zero, so the optimization pro-
cess will add information relative to missing points
in the reconstructed trajectory P .

Now the issue lies in recreating feasible air ma-
neuvers based on the measured trajectory. Intro-
ducing an acceleration term will allow us to control
the attitude of the aircraft using previous measure-
ments as guidelines on how the aircraft performs.
Mathematically this is implemented by the term
‖D2P‖

2

F where D2 is the discrete acceleration op-
erator where each line i of the matrix is defined by

(D2)i = ei − 2ei+1 + ei+2 (2)

with ei denoting the ith standard unit vector. In
addition, it is possible to control the rate of change
of the acceleration by introducing the third-order
difference matrix, also known as the jerk operator.
Similarly to the acceleration matrix, this operator
is defined by

(D3)i = −ei−1 + 2ei − 2ei+2 + ei+3 (3)

and the term to be added in the objective function
is ‖D3P‖

2

F . Matrices D2 ∈ RN−2×N and D3 ∈
RN−4×N are banded matrices and their influence
can be changed by multiplying them by parameters
λ1 and λ2.

Summing the terms, the objective function that
will return the reconstructed trajectory is

f(P ) = ‖AP − P̂‖
2

F +λ1‖D2P‖
2

F +λ2‖D3P‖
2

F (4)

In conclusion, the first term of the function in 4
is the term that ensures fidelity to the measure-
ments, and the last two terms control the smooth-
ing of the trajectory. This optimization problem
is unconstrained, meaning that no constraint func-
tions need to implemented. Nevertheless, in order
to build matrices D2 and D3, the number of recon-
structed points, N , must be greater or equal to 5.

The final formulation of the optimization problem
is

minimize
P

‖AP − P̂‖
2

F + λ1‖D2P‖
2

F + λ2‖D3P‖
2

F .

(5)
In order to get an unique solution that minimizes
the objective function we need to ensure that the
problem is strongly convex. By writing the objec-
tive function using the quadratic form and studying
the definiteness of the quadratic term, we conclude
that the problem is strongly convex as long as at
least one entry of A equals to 1.

As our problem is simple, it is possible to get an
optimal solution analytically. In fact, least-squares
regression has an analytic solution as the objective
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function can be expressed as the quadratic function.
Using normal equations, the final reconstructed tra-
jectory will be

P =
[
ATA+ 2λ1D

T
2 D2 + 2λ2D

T
3 D3

]−1
AT P̂ . (6)

Regularization parameters estimation

The parameters that control the optimization prob-
lem, λ1 and λ2, need to be chosen from the data, as-
suming that they are larger than zero. To tune the
regularization parameters, TAP Air Portugal han-
dled some trajectories of their flights that have a
very high sampling rate. For this reason,the trajec-
tories represent with precision the actual flight path
of the aircraft. We can compare our reconstructed
trajectories coming from the optimization problem
with the ones coming from the airline and calculate
the root mean square error (RMSE) between these
trajectories.

In table 1 we have calculated the average RMSE
between reconstructed 10 trajectories for various
values of λi based on the dataset of NEST and
the correspondent trajectory found in the dataset
of TAP.

λ1

λ2

1 10 50 70 100 200

1 604 559 418 383 354 416

10 400 390 350 340 352 429

50 399 406 433 445 458 494

70 457 461 477 484 494 521

100 517 519 530 535 542 564

200 677 678 683 685 689 701

Table 1: Root mean square error (RMSE), in me-
ters, between the reconstructed trajectories and
the trajectories in the dataset of TAP Air Portu-
gal varying hyper parameters. The lowest value of
RMSE over the 10 studied flights is attained for
λ1 = 10 and λ2 = 70.

The lowest average RMSE is attained for λ1 =
10 and λ2 = 70, minimizing the deviation between
the reconstructed trajectories from NEST and the
ones recorded by TAP. The value of 340 meters is
satisfactory when taking into account that it only
takes less than 5 seconds for an aircraft in the final
approach to fly 340 meters. Using λ1 = 10 and
λ2 = 70 on NEST trajectories, we see in figure 3
that we have smooth trajectories that replicate the
expected flight dynamics shown in the dataset of
TAP.

Figure 3: Reconstructed trajectories, in red, for
λ1 = 10 and λ2 = 70. The black line is the plot
coming from the raw trajectories of EUROCON-
TROL, the black scatter is the trajectory recorded
by TAP Air Portugal. For the three flights, we can
see that the turns of the reconstructed trajectory
are smooth and seem to replicate plausible flight
trajectories.

3.3. Feature engineering
Aircraft density model for delay prediction

In addition to the trajectories, we aim to include
in this work the influence of traffic and weather in
air operations. Our goal is to complement the land-
ing time inference with a delay prediction on the
final phase of a flight. To reflect the influence of
traffic in the trajectories of aircraft, we include a
density metric that will help our generative model
to have more accurate previsions learning how air-
craft behave in crowded terminal areas.

The line of work regarding the density model con-
sists of considering the number of aircraft that are
closer to the airport than the one of interest. It con-
sists in counting the number of aircraft contained
in a circle centered in Lisbon airport that passes
through the aircraft of interest. By doing so, we
suppose that the aircraft inside that circle will land
before the aircraft on the edge of the circle.

In figure 4, there is plotted the difference, in sec-
onds, between the actual flight time inside Lisboa
FIR and the scheduled flight time inside Lisboa FIR
submitted on the flight plan. By doing so, we can
calculate the delay flights gained inside Portuguese
airspace. This variable was plotted against the av-
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erage number of aircraft inside the circle. In this
plot, only flights landing in Lisbon airport were con-
sidered as we supposed that cruising traffic inside
the Portuguese airspace and traffic taking-off does
not interfere with flights approaching Lisbon air-
port. This statement will be justified later on.

Figure 4: Plot of the flight delay inside LPPC ver-
sus the number of aircraft within a circle centered
in Lisbon airport. It is the plot that shows the most
noticeable relation between the two variables. For
this case, R2 = 16.6%. Nevertheless, a large ampli-
tude of delay is present for every density of aircraft.

A linear fitting was adapted in order to show a re-
lation between delay and occupancy of the airspace.
This fitting revealed that there is in fact trend be-
tween the variables as the value of R2 is equal to
16.6%. To include this model in the generative
model, we associate each point of our training tra-
jectories with an additional variable that is the den-
sity of aircraft in the circle at that timestamp. Each
trajectory is now P ∈ RN×4 and each spacial point
is pi = (lati, loni, alti, densi). Also, the linear fit-
ting of the delay versus the number of aircraft inside
the circle is added to landing time inference.

Non-landing aircraft influence

In the previous subsection, we stated that only
aircraft landing in Lisbon airport could delay other
flights landing in the same airport. Nevertheless,
this assumption can easily be proven by recom-
puting figure 4 and fit the linear regression to the
points, but this time, counting all aircraft inside the
circle. By doing so, we also count aircraft that are
climbing or cruising in the airspace.

The value of R2 decreased from 16.6% to 14.5%
meaning that the linear fitting is less accurate pre-
dicting the delay of aircraft landing in Lisbon when
we count all aircraft in the airspace.

Weather information

Surface weather observations grant information
on the weather reported at aerodromes, such as the
Meteorological Terminal Air Report (METAR), is-
sued every 30 minutes. For everyday operations,

the wind observed in METAR imposes the runway
in use and gives valuable information for pilots in
order to prepare their approach to land in an air-
port. Therefore, we estimate that including wind
information in the trajectories will help the gener-
ative model to choose the appropriate landing run-
way based on the wind conditions.

To have access to historical METARs, a database
of historical weather information from the Iowa
State University 1 was downloaded, from which we
extracted the relevant information for this feature.

By adding just one column to the trajectories,
with a binary variable corresponding to the run-
way in use, the generative algorithm will be able
to determine more accurately the runway in which
an aircraft should land. This information can be
deducted from the METAR as the wind direction
should not exceed 90 degrees from the runway head-
ing. Using this way of including the wind feature
to the dataset, we will have a trajectory P ∈ RN×5

and pi = (lati, loni, alti, densi, rwyi).

4. Learning and generative processes
4.1. Data normalization

The need to normalize data comes from the clus-
tering algorithm that clusters data by using a dis-
tance metric. In our case, latitudes range from -90
to 90 and longitudes range from -180 to 180. Be-
sides, we can consider that altitude ranges from 0
to about 40 000 feet. As the amplitude in altitude
is much larger than the other features, the cluster-
ing will be governed by the altitude. Therefore, the
range of all features should be normalized so that
each feature contributes approximately proportion-
ately to the final distance. To do so, we use the
standard score, also known as a z-score, is calcu-
lated for each point of a dataset as follows:

zi =
xi − x̄
σ

(7)

where x̄ is the average of the values of a feature and
σ is the standard deviation of the original values of
the feature.

4.2. K-means parameter estimation

Determining the optimal number of clusters in a
data set is a fundamental step in order to guaran-
tee optimal results from the algorithm. Unfortu-
nately, there is no definitive answer to this question
but there are some metrics used to indicate an ap-
propriate number of clusters for our dataset. The
Elbow method computes the ( Within cluster sum
of squares - WSS), plotted against the number of
clusters. In figure 5, this procedure is done for the
dataset of EUROCONTROL varying the number of
clusters from 3 to 70.

1https://mesonet.agron.iastate.edu/request/download.phtml,
accessed on 07/04/2019
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Figure 5: Elbow plot for the dataset of the model.
The elbow is located around k=13. From this point,
WSS does not vary significantly if a cluster is added.

In this plot, we can see the shape of the so-called
elbow. For around k = 13 clusters, the total WSS
does not improve much with the addition of new
clusters, meaning that the optimal value for the
number of clusters lie around that number. Nev-
ertheless, as for AIRAC cycle 1910, the number
of STARs in Lisbon airport is 28, meaning that
aircraft can come from roughly 28 directions to-
wards Lisbon airport. For that being, we decided
to choose an intermediate number of clusters of
K = 20.

4.3. Generative model

Once that the data set of the model has been
reconstructed and the clustering algorithm gener-
ated the archetypal trajectories, it is time to build
the generative model that will allow us to make a
prediction of the path marginalized on initial mea-
surements. The model used in [14] is based on a
Gaussian mixture model. A Gaussian mixture is a
function comprised of several Gaussians. In a ma-
chine learning context, the number of Gaussian dis-
tributions is imposed by the number K of clusters
in the model. Each Gaussian k in the mixture is
defined by a mean µk and a covariance matrix Σk

where k follows a categorical distribution over all
clusters

k ∼ Categorical(K)

p ∼ N (µk,Σk)
(8)

To eliminate the influence of outlier trajectories and
to reduce noise, a Singular Value Decomposition
(SVD) is made on the intra-cluster covariance ma-
trices, only selecting the highest r singular values.
Due to the high number of clusters, we consider
that r = 5 permits to capture the majority of the
trajectories inside the clusters.

One benefit of modeling the trajectories using
GMMs is that conditioning a Gaussian distribution
on measurements gives another Gaussian distribu-

tion. Iterating this process multiple times, it is pos-
sible to build a full trajectory using this model by
emitting multiple Gaussian distributions dependent
on the past.

Using a Multivariate Gaussian Distribution, let
x represent the position measurements held to the
model and y be the posterior trajectory that needs
to be generated by the model. We suppose that
vectors x and y are jointly Gaussian random vectors
as follows [15]:[

x
y

]
∼ N

([
µx

µy

]
,

[
A C
CT B

])
. (9)

By doing the necessary permutations, we can deter-
mine the conditional distribution of y given x is

y|x ∼ N (µy +CTA−1(x− µx), B −CTA−1C) .
(10)

Our posterior trajectory will be the mean vector
of equation (10) computed by

µy + CTA−1(x− µx) (11)

where µy is the posterior centroid of the cluster cho-
sen from position j and CTA−1(x−µx) is a weighted
deviation of the held out measurements x with the
most probable mean.

All of the parameters needed were learned in the
clustering process. Given the held out measure-
ments, the generative process is automatic and does
not require any additional information.

4.4. Initial landing time inference
Apart from the posterior trajectory, we are able

to get the corresponding most probable position,
j, inside the chosen cluster. As all the trajectories
used in the learning process have the same length
in seconds, Tldg, the cluster centers, representing
archetypal trajectories, are therefore Tldg seconds
long. For that reason, we are able to predict an
initial landing time of the aircraft, based on the
most probable position in the cluster center. The
remaining flight time to landing is computed by

t = q · (N − j) . (12)

The result coming from this operation is given
in seconds. To predict the landing time, we just
add the remaining flight time to the current time
of the day. Unfortunately, this prediction is made
based on the trajectories that are contained in a
determined cluster. It is possible that not all tra-
jectories inside a specific cluster experienced delay
due to airspace congestion. For that reason, in or-
der to study the influence of aircraft sharing the
same airspace on both the trajectory and landing
time inference, we need to introduce this feature in
the clustering phase.
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5. Results
The results presented come from the implementa-

tion of the model using 93535 trajectories landing in
Lisbon available in the dataset downloaded. Once
the trajectories are reconstructed and clustered, we
can run the generative model and add the different
aircraft density models and the meteorology indica-
tor in order to study the influence of these features
in the final results.

This analysis is done by analyzing the posterior
trajectories and remaining time to landing based on
initial measurements generated from Monte Carlo
simulations of flights operated within AIRAC 1901,
with Tldg = 45 minutes.

5.1. Baseline Comparison
To evaluate the performance of the model, TAP

Air Portugal provided information about the histor-
ical average flight time estimated by the flight plans
and the historical average observed flight time over
a period of one year. This information can be used
by the airline to predict the landing time of their
aircraft in Lisbon airport and therefore can be used
as a baseline comparison of our model.

5.2. Model Results
Three different metrics were used to evaluate

model performance. First, we plot the Cumulative
Density Function (CDF) of the error of our model
and the two baselines of TAP Air Portugal for the
Monte Carlo simulations. Added to the Mean Ab-
solute Error (MAEldg), this metric will allow us
to have a visual representation of the error of the
landing time inference. To evaluate the trajectory
generation, we calculate the Root Mean Square De-
viation RMSDpath of the generated path from the
real flown trajectories.

The plot of the CDF of the estimation error of
the landing time inference shows that the combi-
nation of the density and wind features allow our
generative model to perform better compared to the
base model and the model with the wind or density
features. This shows that the two features comple-
ment each other and grant the model significantly
better performance than the base model that only
used position data.

From a quantitative point of view, by adding both
the density and wind features to the base model,
we were able to improve our mean estimation er-
ror by 63 seconds, from 4 minutes and 1 second
to 2 minutes and 58 seconds. Considering that we
are estimating the landing time up to 45 minutes
in advance, this error is very reasonable and gives
TAP Air Portugal a very good indication of the es-
timated landing time of an aircraft. Trajectory root
mean square deviation improved in excess of 26%,
down from 7429 to 5490 meters showing the rele-
vance importance of including additional features

Model with
MAEldg

(in seconds)

RMSDpath

(in meters)

No side

information
241 7429

Only density

in circle
205 6322

Only binary

wind variable
211 6538

Density

and wind
178 5490

Table 2: Mean estimation error comparison and
trajectory root mean square deviation evolution for
each feature and the combined model for Tldg = 45
minutes. Between the model with no features and
the model with both the density and wind feature,
there is an improvement of 1 minute and 3 seconds
in MAEldg and 26% in RMSDpath.

to the simple position measurements. It is impor-
tant to mention that for Tldg ≥ 50 minutes, noise
appeared in the reconstructed trajectories. This is
due to the low resolution of the dataset, where the
amount of measurement decreases when an aircraft
is relatively far from the departure or arrival air-
port.

Regarding the runway landing inference, the
model reaches 96% of accuracy when the wind fea-
ture is considered, versus 87% for the model with-
out wind. In figure 7 we can see the example of a
generated trajectory by our model.

5.3. User study
To evaluate how realistic our generated trajecto-

ries are, we performed a Turing Test, widely used in
artificial intelligence. In our case, we want to deter-
mine whether or not our trajectories are different
from the real ones [16].

To perform the Turing test we prepare 25 pairs
of generated and real trajectories in a random order
and ask to label the trajectories as real or generated.
The test is successful if the accuracy is around 50%,
which indicates that the generated and real trajec-
tories are indistinguishable.

Pilot Engineer

Accuracy 54% 56%

Table 3: Turing test results for the test conducted
with an airline pilot and engineer. The average ac-
curacy is 55%, thus, the generated trajectories are
indistinguishable from the real ones

The Turing test was conducted with two aviation
experts working at TAP Air Portugal. The result-
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Figure 6: Empirical CDF plot comparing the inference performance of for the combination of the density
and wind features for the generative model using Tldg = 45 minutes. The plot in blue shows that the
model with both features outperforms the other models considering only one feature and the baseline of
TAP Air Portugal.

Figure 7: Illustrative example of the posterior tra-
jectory in blue, compared with the real flown trajec-
tory in brown. In black, we can see the archetypal
trajectories that were compared with the held out
points to the model in yellow. The probabilistic
model compares them with the cluster centers and
chooses the most probable equivalent points on the
cluster center plotted in white.

ing accuracies are found in table 5.3. On average,
the accuracy is equal to 55%, meaning that the pilot
and engineer performed slightly better than random
guessing. We can conclude that our model is able to
generate trajectories that are, in practice, visually
indistinguishable from real trajectories.

6. Conclusions

We presented in this work a general generative
model predicting aircraft trajectory in crowded ter-
minal areas. The optimization problem used to re-

construct the trajectories is efficient and accurate.
Regarding the clustering process, the features used
in the model were normalized to guarantee that the
variables used in the generative model would be
learned correctly. The influence of aircraft density
inside the airspace around the airport was intro-
duced and proved to be helpful in both the trajec-
tory prediction and landing time inference. Besides,
a meteorological variable informing on the wind di-
rection helped the model to infer on the runway in
use. The results from the presented model are sat-
isfactory, bearing in mind the initial limitations of
the dataset used. In addition, the landing time in-
ference outperforms the baseline estimations made
by TAP Air Portugal. The three main contributions
of this work are: (1) using estimated trajectories to
compute time of landing, (2) the study of accuracy
improvement by addition of two new features in-
dicated by domain knowledge, and (3) to evaluate
and implement the delay estimator on real data.

Even though the proposed goals within the scope
of this work were achieved, the overall model may be
improved, and further features that contribute for
a more precise and versatile model to predict air-
craft trajectories in crowded terminal areas could be
added. More trajectories can be added to eliminate
noise from the trajectories with larger length. The
study of the density feature could be furthermore
improved by looking at different ways of evaluat-
ing when a landing aircraft will be delayed due to
landing traffic ahead. Information on traffic taking-
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off would improve the landing time inference as the
separation between take-off and landings need to
be ensured. The model could be joined with a dy-
namic process that would actualize the landing time
inference as the aircraft approaches the airport.

Regarding operational implementation, this
model can easily be used by TAP Air Portugal to
help the different actors to monitor the arrival time
of their flights in Lisbon airport. To predict the
landing time, the model needs, in real-time, the po-
sition of all traffic scheduled to land in Lisbon air-
port and the position of the flights of TAP Air Por-
tugal. A user interface should be added to visualize
the landing time predicted by the model. In ad-
dition, useful information such as the sequence of
landing aircraft can therefore be presented to the
users.
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