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• Facts about Zurich airport

• Who we are and what we do

• Why predicting the departing runway is important

• Building prediction models

• Five prediction models in more detail

• What’s next?

• Questions? 
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Facts about Zurich airport
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• 31 mio passengers

• 280’000 movements

• 760 daily flights in 

average

• 77 airlines

• 206 destinations

• 3 terminals

• 3 runways

 10/28: 2’500m

 16/34: 3’700m

 14/32: 3’300m

Figures based on year 2018
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Who we are and what we do
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Flight OPS 

Analytics

Data analytics

Fast-time 

simulation
Real time 

simulation

Noise calculation

Coordination of

IT projects

6 data analysts,

1 trainee
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Why predicting the departing RWY is important

14.11.2019 Predicting the departing runway of a flight based on a classification tree model5

• Runway layout at Zurich airport lead to several crossings on ground and in 

air

East departure

RWY16 (mainly

heavier aircraft)

West departure

RWY16 (mainly

heavier aircraft)

Missed approach

corridor RWY14

Conflict point

 departure from RWY16 requires 9NM (east) or 11NM 

(west) separation from arrival on RWY14

 during high outbound demand on RWY16 and high 

inbound demand on RWY14, arriving traffic on RWY14 

has to be restricted (done by ANSP skyguide)

Conflict point

Departure

RWY28 (mainly

lighter aircraft)
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• Various databases available to build models from

• Airport operational database contains a lot of timestamps and other

information, i.e. scheduled time, airline, aircraft type, destination, airborne

time, etc.

• Meterological data are received from several stations around the airport in 

different resolution (i.e. wind information every 3s, temperature and pressure

every 30min)

• Starting with simple and progressing to more complex models

Building prediction models
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• We assume all aircraft take off from the shorter RWY28

• An oversimplification of course

• Still an accuracy of 81% is achieved

1st model
Assumption all aircraft take off from RWY28
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• Heavy aircraft (like A333, B77W, etc.) and A321 take off from the longer

RWY16

• Medium and light aircraft take off from the shorter RWY28

2nd model
Heavy aircraft and A321 on RWY16, rest on RWY28
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+8.9%

+90.5% -10.3%

+16.6%

PPV still 

somewhat

low



| | © Flughafen Zürich AG

• Probability for RWY16 or RWY28 departure is based on historical data

• Excerpt is provided below

• Probability for RWY16 or RWY28 departure is estimated as a function of

airline, aircraft type, destination, weekday and month

• If no estimate can be found, a stepwise reduction of complexity is

introduced, i.e. function of aircraft type and destination in the simplest case

3rd model
Predicting the takeoff RWY based on historical data
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• Split data into a training and test dataset

• 80% as training data, 20% as test data

• Avoids systematic error when training the models

Selection of training and test data
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ID ICT RWY

1 A321 28

2 A333 16

3 A320 28

4 A320 16

5 A343 16

6 B77W 16

7 BCS1 28

8 A321 28

9 A319 28

10 A333 16

ID ICT RWY

8 A321 28

10 A333 16

3 A320 28

2 A333 16

6 B77W 16

1 A321 28

7 BCS1 28

5 A343 16

9 A319 28

4 A320 16

Random 

sampling

Split 

data

ID ICT RWY

8 A321 28

10 A333 16

3 A320 28

2 A333 16

6 B77W 16

1 A321 28

7 BCS1 28

5 A343 16

9 A319 28

4 A320 16

Training 

data

Test 

data
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• Confusion matrix

• The gains dominate and especially the PPV improved considerably (+18.5%)

3rd model
Predicting the takeoff RWY based on historical data
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+2.6%

-4.4% +5.1%

+18.5%

-2.7%
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• Gives already a good accuracy

• Pretty modest with respect to

required data

• Suitable to make good predictions

weeks or even months ahead

3rd model
Predicting the takeoff RWY based on historical data
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• For day of operation prediction too

static

• For example, depending on final 

takeoff weight an A321 takes off either

on RWY28 or RWY16
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• Let’s see what a random forst model can do

• From an operational point of view, selection of RWY is influenced by airline, 

aircraft type and takeoff weight, temperature, pressure and wind

• Random forest base model with predictors: airline, aircraft type and takeoff

weight

• Excerpt is provided below

4th model
Random forest base model
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• Confusion matrix

4th model
Random forest base model
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+3.1%

+4.3% +2.7%

+7.2%

+1.6%
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• Taking into account temperature, pressure and wind as well

• Required to join different datasets

5th model
Extended random forest model
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Wind data 

averaged wind per minute
METAR dataAirport operational database
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• Confusion matrix

• Both random forest models lead to satisfying values in the confusion matrix, 

let’s see how they compare to each other in more detail

5th model
Extended random forest model
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+1.6%

+2.7% +1.2%

+3.3%

+1.0%
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How accurate are the random forest models for the
different aircraft types?
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B77W departures difficult

to predict without

meterological information

A321 departures most

difficult to predict

accurately
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How does the predictability for a RWY16 departure
compare for the different aircraft types?
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Rare operation is

difficult to predict! 

Meterological information

crucial to improve the

prediction quality for A320! 

Rare operation is

difficult to predict! 

Aircraft types that

usually takeoff on 

RWY16 are less difficult

to predict
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How does the predictability for a RWY28 departure
compare for the different aircraft types?
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Meterological information

absolutely crucial to

capture B77W departures

on RWY28

Again rare 

operation is

difficult to

predict

Aircraft types that

usually takeoff on 

RWY16 are less difficult

to predict

Aircraft types that usually

takeoff on RWY16 are less

difficult to predict
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• Provides a very high accuracy

• Suitable to make very good day of

operation prediction

5th model
Extended random forest model
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• Takeoff weight and meterological

information themself are predictions

• Can limit the accuracy of the model
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• Testing other machine learning algorithms

• Study how the prediction of the takeoff weight and meterological information

impacts the extended random forest model

• Demand on RWY in the next weeks or months? 

 Model based on historical data

• Demand on RWY in the next couple of hours?

 Extended random forest model

• An exchange of information will become more crucial to apply the models in 

an operational environment

What’s next?
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Questions?
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Thank you for your attention

benjamin.perucco@zurich-airport.com


