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PROBLEM
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Terminal Scheduler
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Schedule Airports with TMI Constraints

Airport Surface Model

Predictive Engine = Surface Model + Scheduler

• Airport Surface Model: generate unimpeded trajectory used as input by the scheduler 
• Scheduler: generate OFF prediction while enforcing constraints at terminal boundary and each airport surface

Modeling unimpeded trajectory requires significant adaptation and was bottleneck to scalability
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• Detailed link node network 
defines the airport surface 
structure including gate 
locations, runway 
locations, and taxi routes

• Adaptation goes beyond 
physical structure to 
include SME knowledge 
encoded in decision trees 
(for example the fix to 
runway mappings)

• Requires significant time 
and effort to build and 
maintain for each airport

KDFW Adaptation Example
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Monolithic service for single application, using adaptation-based algorithms to 
generate trajectory predictions as input to terminal scheduler; requiring site-to-
site deployment

Transformed into service-oriented architecture of highly reusable digital services 
accessible on the platform to support many advanced applications; upgraded to 
machine learning-based algorithms for predictions to enable NAS-wide scalability 

Break Up
Monolithic TOS

Apply ML to
Prediction Services

Access
Via Cloud1 2 4

Previous:  ATD-2 monolithic physics/adaptation based Current: DIP service-oriented leveraging machine learning

Flight operators
and ATC

NASA
network

TOS

Taxi Time

Runway ON Time

Configuration

Provide as
Building Blocks3

Fuser

Flight operators
and ATC

Service
Providers

+
+

TOS

Microservices

Data

✓

FUSER/DIS

Digital transformation aligned with FAA vision for Info-Centric NAS:
Learning, adaptable, and lightweight interacting systems

Machine Learning Airport Surface Model:
Digital Transformation of Adaptation/Physics Based System to Machine Learning
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Previous:
ATD-2 physics/adaptation based airport surface model

Current:
Scalable DIP Machine Learning airport surface model

Mental models encoded 
into complex decision trees

Good at specific tasks
Requires detail knowledge

Absorbs information from
multiple existing data sources

Flexible to new tasks
Learns detailed knowledge

Requires continuous 
maintenance

Semi-automated
maintenance

version 1.0
2.0

3.0
SME data

Surface data
Similar to: 
Skilled worker

Similar to: 
3D printer

Updating…
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MLOps Architecture Supporting Real-time Deployment

Data 
Query

Data 
Engineering

Model Building 
and Training MLFlow Registry

Bitbucket 
Versioning

Long Term Data 
Storage

FUSER Airport Model

Real Time 
Monitor

Long Term 
Monitor

ML 
metrics 
Storage 

Data & Model  Analysis

ATC/Airlines
Displays

CDDR Inputs

ML Model Training Pipelines

Short 
Term 
Data 

Storage

Model 
Call 

Storage

Live Data Streams:
SWIM, LAMP, 
SWA EOBT, …

Live System 

ML models

Data

Source code



11
11

ML pipelines

We developed our training pipelines in Python around mainly three Python libraries :
-  Kedro : pipeline structures defined by DAGs, help to abstract inputs and to define a common design for the team 
-  Scikit-learn : used for the Pipeline class that allows to store some feature engineering into the model
-  MLflow : keeps track of the models, their artifacts, performances, tags the latest models

split between live feed/model calculation 
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MLflow log example : parameters

Each run in MLflow
contains :
 
• Run date
• Git Hash : allows
to identify the source
code used for the run

• Parameters of the
training : along with the 
Git hash allows to 
reproduce the results of 
any run, and compare 
run performance



13
13

MLflow log example : metrics & artifacts
For each run, MLflow stores a set of performance metrics and some artifacts. Artifacts are the pickle file containing
the model, the model environment definition, some visualizations of the performance/data property (ie feature value 
distribution)

Model pickle and environment definition
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KDFW Runway Prediction Accuracy

Departure Runway: ML prediction 
accuracy within 1% of ATC assigned 
runways

Arrival Runway: ML prediction 
outperformed legacy FAA Time 
Based Flow Management (TBFM)
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KDFW Arrival ON Accuracy Sampled @ Fix

Arrival ON: ML prediction reduced the 
bias and as a result had higher 
percentage of flights landing within 
+/-2 minutes of prediction

Arrival ON: ML prediction 
outperformed throughout the lifecycle 
of the field evaluation in variety of 
operating conditions
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KDFW Estimated Take Off Time (ETOT) Accuracy Sampled @ OUT

Departure Estimated Take Off Time: 
ML prediction slightly better than 
legacy adaptation-based methods

Departure Estimated Take Off Time: 
Performance consistent across 
lifecycle of field evaluation in variety 
of operating conditions
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Conclusion

• ML Airport Surface Model a result of digital transformation from legacy system 
to scalable ML system in alignment with FAA Info-Centric NAS

• Validation results from operational field evaluation in North Texas while 
running parallel systems (ML vs legacy approach)

• Arrival ML predictions showed improvement over legacy system for both 
arrival runway and arrival ON time

• Departure Estimated Take Off Time (ETOT) ML predictions slight improvement 
over legacy system and achieved with more scalable architecture


