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Overview

1. What is a Disruption?

2. Machine Learning with Text Data

• Text Features
• Sequence Models

3. The Disruption Prediction Model

4. Outlook
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Disruption Duration
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import googlemaps
converter = GPSConverter()
converter.LV03toWGS84(dx['y'], dx['x'], dx['h'])
gmaps = googlemaps.Client()
gmaps.directions(adress, lat_lon, start_time)

Calculate travel time with Google Maps



© Zühlke 2018Leveraging Neural Networks and Python to Forecast Disruptions in the SBB Network | Gabriel Krummenacher, Beat Wettstein 16. Februar 2018 Slide 8

Forecast Disruptions with Machine Learning

Machine Learning Disruption Duration

Train Scheduling

Customer Information

Time Message

16:11

16:12

16:13

16:14

16:20

16:36

17:18

18:24

18:29

«Weichenüberwachung fehlt Weiche 122a»

«KeineFahrtenmehrmöglichvonBasel  

BAD nach BRBA (ausserA15/A16)»

«TEB verständigt»

«Fahrten vonBasel GB nach Basel RB/A/  

Muttenz nur mit Hilfssignal möglich  

(Schutzweiche)»

«Erste Technische Prognose kannum  

16:45 erwartetwerden»

«PikettvorOrt»

«Fachdienst meldet erweiterteStörungs-

suche»

«Störung von selber verschwunden  

vermutetwirdeinwackelkontakt Fach-

dienstwartetnochkurzab»

«Pikettmeldet sich ab Ende derStörung»

16:11 Stellwerkstörung «Weichenstörung» BRBA

18:32  End of Disruption

Disruption
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Supervised Text Classification

Training data

‘Letter’

‘Blog’

‘News’

Xtrain Ytrain

Learning 
Method Prediction

Test data

?

?

?
Classifier

f: X Y Xtest

Label Prediction function

classifier = RandomForestClassifier()

classifier.fit(X_train, y_train)
keras_model.fit(X_train, y_train)

classifier.predict(X_test)
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Machine Learning with Text

0.2
0
⋮
1.5

X = numpy.zeros((n_documents, n_features))
for i, doc in enumerate(documents):

X[i,:] = g(doc)

1. Create Feature Vector from Text 2. Train Classifier on Feature Vectors

( )=g

model.fit(X_train, y_train)
y_pred = model.predict(X_test)

0.2
0
⋮
1.5

( )=f «Blog»
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Text Features: TF-IDF, Bag of Words

Doc1: «Python is the best!»
Doc2: «Python is great for ML»
Doc 3: «Python is great»

Term Doc1 Doc2 Doc3

Python 1 1 1

great 0 1 1

the 1 0 0

best 1 0 0

is 1 1 1

for 0 1 0

ML 0 1 0

g: Bag of Words

g: TF-IDF
• How frequent is a word in 

a document?
• How frequent is a word

overall?

bow = CountVectorizer()
X_train = bow.fit_transform(train_docs)

tfidf = TfidfVectorizer()
X_train = tfidf.fit_transform(train_docs)

1. No word similarity
2. No sentence structure
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Dense Word Embeddings

( )=
0.1
2.4
⋮
1.8

e

Word Embedding

«great»
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Dense Word Embeddings

( )=

0.1
2.4
⋮
1.8

e

Word Embedding

«great»

0
1
⋮
0

embedding( )=

Dictionary

Python

great

the

best

is

for

ML

Dense feature vector

• word2vec: great~best
• Joint supervised

“One-hot” vector

( )=onehot «great» 

0
1
⋮
0

No sentence structure

1.

2.
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Recurrent Neural Network

*  Christopher Olah, colah.github.io

W

O

U
W

O

U

W

O

U

W

O

U
W

O

input = Input((l_sequence, n_features))
output = LSTM(n_hidden)(input)
model = Model(input, output)

Python is the bestMsg 1 Msg 2 Msg 3 Msg t

«Blog»
Duration Duration

Sequence of data points: text, audio, signal, time series

Disruption:
0.1
0.4
⋮
1.6

1.1
2.5
⋮
3.8

0.7
4.4
⋮
2.8

0.1
2.4
⋮
1.8

Feature vectors
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Putting it together: LSTM over Words and Messages

Message 1, Time t1 Message 2, Time t2

Em
bedding

Überwachung

fehlt

Weiche

122a

Em
bedding

TEB

verständigt

Em
bedding

Pikett

vor

Ort

Message 3, Time t3

Disruption Features (Location, Date, Time, …)

Predicted Duration
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Results so far
• One type of disruptions in German-speaking Switzerland for one year
• TF-IDF per Message, LSTM over messages

6 Classes
0 - 15
15 – 30
30 – 60
60 – 90
90 – 120

>120 

minutes
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Product Vision

Questions?


