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Problem Background

• Complex airspace (30000 aircraft)
• ATM needs to handle: 

• Greater Complexity
• Larger Volumes of Traffic

• Safety Guarantees
• Solution

• Efficient Planning
• High fidelity aircraft trajectory prediction

• New trajectory-based ATM paradigm
• Improve the predictability 

of aircraft trajectories
Traffic over Europe ( flightradar24.com )



Objective

• We aim at learning a policy that models the way stakeholders shape 
the evolution of aircraft trajectories w.r.t. contextual conditions (e.g. 
weather conditions), considering historical enriched trajectories as 
experts’ demonstrations.

• In the aviation domain, a trajectory is defined as the description of 
movement of an aircraft both in the air and on the ground (4D).

• Enriched with various data, producing the enriched trajectory.



(Data-driven) Problem Formulation

Given the historical trajectories and a cost function the general 
objective is:

Question: What c models and how is it engineered/learned?



Approach

• Question: Does inverse RL help?

• We aim to imitate trajectories demonstrated by “experts”.

* Generative Adversarial Imitation Learning
[Ho Jonathan, Stefano Ermon 2016]

In this work we explore and demonstrate the potential of GAIL*

• GAIL employs a generative trajectory model 𝐺 that models 𝜋 and a discriminative classifier 𝐷 that distinguishes 
between the distribution of state action pairs generated by 𝜋 and the demonstrated data.

• Learns the optimal policy from expert demonstrations directly, efficiently, scaling to large, continuous state-action 
spaces, and does not need to derive a cost function.

• It aims to bring the distribution of the state-action pairs of the imitator as close as possible to that of the expert.

• GAIL’s Objective:



Implementation of GAIL

➢Use of 
• Trusted Region Policy Optimization (TRPO)

• Generalized Advantage Estimation (GAE)

➢Pretrained G using Behavioral Cloning



(Data-driven) Problem Formulation

• State (continuous)
• Spatiotemporal Information

• Longitude (degrees)
• Latitude (degrees)
• Altitude (feet)
• Timestamp

• Weather Information, aircraft models

• Actions (continuous) in Δt
• ΔLongitude (degrees)
• Δlatitude (degrees)
• Δaltitude (feet)



Data Sources

• Radar tracks for flights between 3 Origin-
Destination pairs considering short and long 
trajectories
• Barcelona to Madrid (BCN-MAD) during 

July 2019 (308 trajectories)
• London Heathrow to Rome Fiumicino 

(LHR-FCO) during July 2019 (219 
trajectories)

• Helsinki to Lisbon (HEL-LIS) during July 
2019 (44 trajectories)

• Weather data obtained from National Oceanic 
and Atmospheric Administration (NOAA)

• Aircraft models



Experimental Results (1/2)

• We measure the prediction accuracy achieved at the pre-tactical phase and at 
the tactical phase introducing a parameter  𝑀 in {0 ,0.2, 0.5, 0.7} showing the 
ratio of trajectory length where the starting prediction state (from the origin) is 

• We report on accuracy using the following measures: 

• Root Mean Square Error (RMSE) in meters

• Along-Track Error (ATE), Cross-Track Error (CTE), and Vertical deviation (V)

• Estimated Time of Arrival  (|T|* Δt)



Experimental Results (2/2)



Concluding Remarks

The lack of benchmarks and study of different cases hinders the systematic comparison of 
trajectory prediction methods. 

Some observations regarding state-of-the-art approaches are as follows:

• Aircraft Trajectory Prediction Made Easy with Predictive Analytics [S. Ayhan and H. Samet. 2016]

• computes the most likely sequence of states derived by a Hidden Markov Model
• authors conclude that the mean value for the cross-track error is 12.601km

• Predicting Aircraft Trajectories: A Deep Generative Convolutional Recurrent Neural 
Networks Approach [Y. Liu and M. Hansen. 2018]

• Tree-based matching algorithm combined with convolutional recurrent neural network
• 3D RMSE increased by 1.21

• AppLearn [C. Spatharis, K. Blekas and G. A. Vouros 2020]

• Apprenticeship learning imitation learning approach assumes linearity on the cost function and 
can be considered as a baseline approach (applied to the same OD pairs)

• The 3D RMSE reported is 2 times greater than our approach for the BCN-MAD pair, and 
approximately 7.2 and 21.3 times, for the LHR-FCO and HEL-LIS pairs



Thank you

This work has been funded and completed in the context of the 
ENGAGE KTN Catalyst Fund project entitled "Data-Driven Trajectory
Imitation with Reinforcement Learning", and it is partially funded by 
University of Piraeus Research Center.



Data Sources: Processing

Per point:

• Spatiotemporal Information
• Longitude (degrees)
• Latitude (degrees)
• Altitude (feet)
• Timestamp

• Weather Information
• Pressure surface (Pa)
• Relative humidity (%)
• Temperature (K)
• Wind speed gust (m/s)
• U component of wind (m/s)
• V component of wind (m/s)

• Aircraft Model



Experimental 
Results (3/3)



Goal of the Paper

• Improve the predictability of aircraft trajectories

• Incorporate preferences, interests, constraints of different 
stakeholders (AUs, ATCs, etc.)

• Reduce the mismatch between planned and flown trajectories

• Reduce uncertainty

• Reduce flight inefficiencies

• Better planning of operations for Airspace Users


