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Zircher Hochschule

fur Angewandte Wissenschaften

1. ZHAW Zurich University of Applied Sciences,
School of Engineering

Switzerland’s biggest fully-featured university of applied sciences

« >10°000 students
« >2'600 employees
« >1°000 (associate) professors

School of Engineering emanates from «Technikum Winterthur» (est. 1874)
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1. ZHAW Datalab: Est. 2013

Forerunner
* One of the first interdisciplinary data science initiatives in Europe
* One of the first interdisciplinary centers at ZHAW

Foundation

* People: ca. 70 researchers from 5 institutes / 3 departments opted in

» Vision: Nationally leading and internationally recognized center of excellence
» Mission: Generate projects through critical mass and mutual relationships

« Competency: Data product design with structured and unstructured data

Success factors
* Lean organization and operation - geared towards projects
» Years of successful pre-Datalab collaboration
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1. ZHAW Datalab: R&D zh

Volume Spin-offs

¢ > 9 Mio. CHF 3 party funding in . Prggno@
first4 years

* Overall turnover of projects up to spring . \ SPINNINGBYTES - ajoint spin-off

2017: > 19.5 Mio. CHF in < 4 years from ZHAW and ETH

—a ZHAW IAS spin-off

Topics: all of digitization

* Industry 4.0 (e.g., CTI project «QualitAl»)

» E-Health (e.g. SystemsX/SNSF project «AneuX»)
* FinTech (e.g., CTI project «DatFrisMo»)

» Mobility (e.g., project «Placebook»)

« Sustainability (e.g., CTI project «<EAT-IT CO,»)

» Technology (e.g., SNSF project «Bio-SODA»)

Figure: Visualizing the relationships of all Swiss foundations, based on the
o Swiss Confederation similarity of goals as expressed in their statutes. A proud collaboration of InIT
Somplarioe o mcweiowr. STTETUNG m and IDP within CTI project «Stiftungsregister SR 2.0»

and Innovation CTI
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1. ML @ Information Engineering Group

Institute of Applied Information Technology, School of Engineering
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1. ML @ Information Engineering Group

Institute of Applied Information Technology, School of Engineering

Machine learning-based
Pattern Recognition
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2. Face matching
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2. Face matching — challenges & solutions

ID
Detection &
classification

[ DL ENSEMBLE ]
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y

User
Action
Prediction

[CNN + FCNN ]

Replay
Attack

> Detection

[ DL ENSEMBLE ]

ID image

r v
Image Face Face
ODrleetr;f:a:it;n Detection N Matching Errqr @
Handling .
[ DL ENSEMBLE ] [ MTCNN ] [ CNN + FCNN |
Y

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi,
Geiger, Lorwald, Meier, Rombach & Tuggener (2018).

«Deep Learning in the Wild». ANNPR’2018.
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face image

User Replay
Action Attack
Prediction > Detection
[ CNN + FCNN ] [ DL ENSEMBLE ]
Image Face Face
Orientation Detection Matching
Detection > >
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Error @
Handling

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi,
Geiger, Lorwald, Meier, Rombach & Tuggener (2018).

«Deep Learning in the Wild». ANNPR’2018.
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2. Face matching — challenges & solutions
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3. Music scanning
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3. Music scanning — challenges & solutions
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Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.

Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.

Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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3. Music scanning — challenges & solutions
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Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.

Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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3. Music scanning — challenges & solutions 4
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3. Music scanning — challenges & solutions 4
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For the 630 training utterances, GMMs with 32 mixtures are
an identification experiment is run for the

built a priori, then 5
It vields a satisfactory 0.57 closed set

630 test utterances.
identification error.

[IH]. Evaluations typically concentrate on data sets built
from broadcast news/shows and meeting recordings, where
diarization error rates ranging from 8% to 247 are reported
[28][34][45]. _These results are confirmed by more recent

The hypothesis of this paper is: the techniques originally
developed for speaker verification and identification are not
suitable for speaker clustering, taking into account the es-
calated difficulty of the latter task. However, the processing
chain for speaker clustering is quite large — there are many
iprovement. The question is: where

potential areas for in /‘ 7
be made to improve the final result’
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4. Speaker clustering — exploiting time 4
Information

CNN (MLSP’16)

speaker labels

8: softmax (#nS ]
I

7: dense (#10n_/2) ]
I

6: dropout (50%) ]
I

5: dense (#10n,) ]
I

4: max-pooling (4x4) ]
I

.3: convolution (#64) (FxT) ]

2: max-pooling (4x4) ]

Ll: convolution (#32) ( FXT)]

frequency

030 60 80
spectra (1 second)

spectrogram

Method MR MR (legacy)
RNN /w PKLD 2.19% (L2A+2.5%+1.95%+3.75% ) 4 38% (average of 4 runs)
CNN /w PKLD [24] - 5%

CNN /w cross entropy [23] - 5%

v-SVM [40] 6.25% -
GMM/MFCC [40] 12.5% -

Lukic, Vogt, Durr & Stadelmann (2016). «Speaker Identification and Clustering using Convolutional Neural Networks». MLSP’2016.
Lukic, Vogt, Dirr & Stadelmann (2017). «Learning Embeddings for Speaker Clustering based on Voice Equality». MLSP’2017.
Stadelmann, Glinski-Haefeli, Gerber & Durr (2018). «Capturing Suprasegmental Features of a Voice with RNNs for Improved Speaker Clustering». ANNPR’2018.
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4. Speaker clustering — exploiting time
Information

CNN (MLSP’16)

speaker labels

A

8: softmax (#ns) ]
I

7: dense (#10n_/2) ]
I

6: dropout (50%) ]
I

L5: dense (#10n,) ]
I

4: max-pooling (4x4) ]
I

.3: convolution #64) (FxT) ]
I

2: max-pooling (4x4) ]
I

1: convolution #32) (FxT) ]

frequency

spectrogram

Lukic, Vogt, Durr & Stadelmann (2016). «Speaker Identification and Clustering using Convolutional Neural Networks». MLSP’2016.
Lukic, Vogt, Dirr & Stadelmann (2017). «Learning Embeddings for Speaker Clustering based on Voice Equality». MLSP’2017.

minibatch data

(1,2,similar)

(1,3 dissimilar)

(2,3 dissimilar)

(2,4,dissimilar)

(3,4,similar)

minibatch data

CNN & clustering-loss (MLSP’17)

Method

MR (legacy)

RNN /w PKLD
CNN /w PKLD [24]

CNN /w cross entropy [23]

v-SVM [40]
GMM/MFCC [40]

219% ( 1.25‘%.+2.5%—0;1.25"n+3.7

) 4.38% (average of 4 runs)

5%
5%
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Stadelmann, Glinski-Haefeli, Gerber & Durr (2018). «Capturing Suprasegmental Features of a Voice with RNNs for Improved Speaker Clustering». ANNPR’2018.
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4. Speaker clustering — exploiting time

zh
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CNN (MLSP’16) CNN & clustering-loss (MLSP’17) RNN & clustering-loss (ANNPR’18)
speaker labels
A e e e e e ——————— e
8: softmax (#n) ] I - ]
I Training |
7: dense (#10n_/2) ] I ____________________
i | [Tl ! 2 Pl
T N
L5: dense (#10n_) ] I I 3 I : I
I
4: max-pooling (4x4) ] I : 3 I_1 segment 3 : | |L3: bidirectional 1stm (256)|—|L4: dense (cs’la)l
L3: convoluti;ﬂ (#64) (FxT) ] I : 4 I : I I I
3: : 6 | I : : | |L2; dropout (53%)| |L5 drapout (zs%)l
|
L2: max-pooling (4x4) ] | ] [ I I
_‘ I ! minibatch data : data : I |L1: bidirectional lstm (256)| |L6‘ dense (cﬁ's)l
1: convolution (#32) (FxT) ] I L S e I I
I (Tr———————— S Yl Y = [T 1 I Lo input (128XT) |U; dene (cgll
| ™ I 4 i ¥
I : (1,2 similar) : I I |LS softmax (output) (cs)l
I : (1,3 dissimilar} I : I
z I I
g : (2,3.dissimilar) cost function 1 I
H 1 |
= |
I : (2,4 dissimilar) : I I
I : (3,4,similar) : ﬂ E H H H E : :
|l oo | _ e sang |
spectrogram I |

Method MR MR (legacy)
RNN /w PKLD 2.19% (L2BAL2IRLLIRL3TIN) 4 38%, (average of 4 runs)
CNN /w PKLD [24] - 5%

CNN /w cross entropy [23] - 5%

v-SVM [40] 6.25% -
GMM/MFCC [40] 12.5% -

Lukic, Vogt, Durr & Stadelmann (2016). «Speaker Identification and Clustering using Convolutional Neural Networks». MLSP’2016.
Lukic, Vogt, Dirr & Stadelmann (2017). «Learning Embeddings for Speaker Clustering based on Voice Equality». MLSP’2017.
Stadelmann, Glinski-Haefeli, Gerber & Durr (2018). «Capturing Suprasegmental Features of a Voice with RNNs for Improved Speaker Clustering». ANNPR’2018.
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4. Speaker clustering — learnings & future work

zh
aw

° LF > MSjs1 Embedding L3 L4 — L6 — L7 L8
6 & -+ ® Moo
e O ® e © FDRDL
4 o .‘ ' w‘;f' A ° ?.. ® AWED
oede ° = Qo 8° @ o' .0.° ® MABWO 0201 )
° 0 @
& Lo 8 o g%, tA» ” .o‘.o P Al
& o G \
) ‘B8 g0 o , 0::.‘ ¢ g0 015 \
B L BUER |
2] @, °e® o e i 010\ _
e e 00 g o w oPehe,
4 '. aﬁ"' ¢ 2% e g ) 0.05 \ o
- e . L 051
%. @ [ (% e eo%a \/\ -
-6 1 ® e ] \\\ 77_7_7_7_7,_,_7—
° 000f=------=====- 29 e
15 1o 5 o 5 10 5 200 100 200 300 400 500 750 1000

Segment Size [ms]

«Pure» voice modeling seem largely solved

«  RNN embeddings work well (see t-SNE plot of single segments)

* RNN model robustly exhibits the predicted «sweet spot» for the used time information

» Speaker clustering on clean & reasonably long input works an order of magnitude better (as predicted)

« Additionally, using a smarter clustering algorithm on top of embeddings makes clustering on TIMIT as
good as identification (see ICPR’18 paper on dominant sets)

Future work

« Make models robust on real-worldish data (noise and more speakers/segments)
» Exploit findings for robust reliable speaker diarization

» Learn embeddings and the clustering algorithm end to end

Hibraj, Vascon, Stadelmann & Pelillo (2018). «Speaker Clustering Using Dominant Sets». ICPR’2018.
Meier, Elezi, Amirian, Durr & Stadelmann (2018). «Learning Neural Models for End-to-End Clustering». ANNPR’2018.
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5. Learning to cluster
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5. Learning to cluster
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5. Learning to cluster — architecture & examples Zh
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Meier, Elezi, Amirian, Durr & Stadelmann (2018). «Learning Neural Models for End-to-End Clustering». ANNPR’2018.
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6. Lessons learned
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Data is key.

« Many real-world projects miss the required quantity & quality of data
- even though «big data» is not needed

+ Class imbalance needs careful dealing
—> special loss, resampling (also in unorthodox ways)

Robustness is important.
« Training processes can be tricky

—> give hints via a unique loss, proper preprocessing and pretraining
« Risk minimization instead of error minimization

—> detect all defects at the expense of lower precision

Zurcher Fachhochschule 21
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6. Lessons learned — model interpretability

|
Interpretability is required. BW-TEC:

» Helps the developer in «debugging», needed by the user to trust et iz
-> visualizations of learned features, training process, learning curves etc. should be «always on» _
negative X-ray positive X-ray

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmlgroup.qgithub.io/competitions/mura/
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6. Lessons learned — model interpretability

Interpretability is required.

* Helps the developer in «debugging», needed by the user to trust
-> visualizations of learned features, training process, learning curves etc. should be «always on»

negative X-ray positive X-ray
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0.8
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DNN training on the Information Plane
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Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.

Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmligroup.github.io/competitions/mura/
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6. Lessons learned — model interpretability

|
Interpretability is required. BW-TEC:

» Helps the developer in «debugging», needed by the user to trust et iz
-> visualizations of learned features, training process, learning curves etc. should be «always on» _
negative X-ray positive X-ray

Learning Curve: Naive Bayes

1.0 i .. ?;E:ivqerror
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~06
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DNN training on the Information Plane alearning curve

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmlgroup.qgithub.io/competitions/mura/
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6. Lessons learned — model interpretability
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Interpretability is required.

» Helps the developer in «debugging», needed by the user to trust O G
- visualizations of learned features, training process, learning curves etc. should be «always on» 32522',?{;12,_113: _
negative X-ray positive X-ray

Learning Curve: Naive Bayes
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DNN training on the Information Plane alearning curve feature visualization

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmlgroup.qgithub.io/competitions/mura/
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Goody —trace & detect adversarial attacks
...using average local spatial entropy of feature response maps

Original  Adversarial ~ Original  Adversarial

Image:

Feature response:

Local spatial entropy:

Amirian, Schwenker & Stadelmann (2018). «Trace and Detect Adversarial Attacks on CNNs using Feature Response Maps». ANNPR’2018.

Zurcher Fachhochschule
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* Important for DL in practice, and hence target of applied research:
sample efficiency, robustness, interpretability

e Future work will include:

DL-based speaker diarization (dealing with learning transfer and noisyness)
Novel object detection approaches for many tiny objects

= possibly together?

datalab

www. zhaw.ch/datalab

swiss group for artificial intelligence
and cognitive science

5 » 0

Swiss Alliance for
Data-Intensive Services

Zurcher Fachhochschule

On me:

On the topics:

=> Happy to answer questions & requests.

Head ZHAW Datalab, vice president SGAICO, board Data+Service
thilo.stadelmann@zhaw.ch
058 934 72 08
https://stdm.github.io/

Al: https://sgaico.swissinformatics.orq/
Data+Service Alliance: www.data-service-alliance.ch
Collaboration: datalab@zhaw.ch
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Swiss Alliance for
Data-Intensive Services

The Swiss Alliance for Data-Intensive Services provides a significant contribution to make Switzerland
an internationally recognized hub for data-driven value creation.

In doing so, we rely on cooperation in an interdisciplinary expert network of innovative companies
and universities to combine knowledge from different fields into marketable products and services.
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What is Data Science?

zh
aw

Natural Language

Enables Data Products Feature Processing

Engineering

= Applied Science Information

=> Interdisciplinary Scientfic  Statistics Artificial LS Big Data
Method Intelligence Data
Data Science := “Unique . o Warehousing
blend of skills from Simulation Analytlcs PredlcFlVe Databases
analytics, engineering & Modeling
communication aiming at Data & Text ) ) Data Management
generating value from the Minin Machine Learning
data itself [..]” g AN Business
(ZHAW Datalab) Intelligence

Scientijfic

Programming Mindset curious
Complexity & . . creative &
Data Scientist &

business-
thinking

Technology Pragmatic T
/ Visualization

Cloud / Distributed Al't & Design

Systems

Impartation Communication
Privacy & Security _
Data Product Design

ICT Infrastructure .
Ethics &

valwes  ENtrepreneurship

Law

Service Engineering ~ Domain
Knowledge

Zurcher Fachhochschule

Stadelmann, Stockinger, Braschler, Cieliebak, Baudinot, Dirr and Ruckstuhl (2013). Applied Data Science in Europe . ECSS 2013.



A R G U S @ PANOPTES — Automated Article Segmentation zh sealot
Meoia Baseo nrecence  Of Newspaper Pages for "Real Time Print Media Monitoring“ datalab

M. Cieliebak & T. Stadelmann, ZHAW

www. zhaw. ch/datalab

Overview Most Successful Approach [3]
[ Partners \ [ The Project \

upscale

Who are we What do we do jnput Output
ARGUS der Presse AG Goal element-wise sum and
* Switzerland's leading media monitoring and * Real Time Print Media Monitoring transposed conv.
information provider *  Extraction of relevant articles from

* Experience of more than 100 years newspaper pages

« Deliveringarticles to customers

ZHAW Datalab

« Interdisciplinary research group at Zurich Problem
University of Applied Sciences  Fully automated article segmentation
« Combining the knowledge of different fields * lIdentification of article elements (e.g. title,

Kelated to machine learning j (ubtitle, etc.) j

transposed con. ‘
element-wise sum and
transposed conv.

element-wise sum and
transposed conv.

[ convolution + Batch Normalisation + ReLU [ transposed Convolution + ReLu [ Max-Pooling

[ upscaling by factor 2 [ sigmoid

Combination

Combination of rules, visual and textual features

Final segmentation

[1] D. C. Ciresan, A. Giusti, L. M. Gambardella, and J. Schmidhuber. Deep neural networks segment neuronal membranes in electron microscopy images. In NIPS, pages 2852-2860, 2012.
[2] T. Mikolov, K. Chen, G. Corrado, and J. Dean. Efficient Estii ion of Word Repi in Vector Space. In Proceedings of Workshop at /CLR, 2013.
[3] B. Meyer, T. Stadelmann, J. Stampfli, M. Arnold, M. Cieliebak. Fully Convolutional Neural Networks for paper Article ion.In Pra dings of ICDAR, Kyoto, Japan, 2018.

This project was funded by CTI under project number 17719.1 PFES-ES
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Bio-SODA: Enabling Complex, Semantic Queries to Zh
Bioinformatics Databases through Intuitive Searching over Data aw

Intuitive exploration

v without knowing SPARQL, SQL, etc
v without knowing database schemas
v large datasets

0 Integrated DomainOntology

Impact
» large bioinformatics user bases
» future federation of life sciences

Gene
.--"| Expression [,

Meta Data Graph

Rank Level GeneName

SpeciesName

Lead: Kurt Stockinger, ZHAW

| <decimal> ‘ } <string> ’ | <string> ‘ ’ <string> |
Big Data ﬁw """""""""""""""""""""""""""""""" T
Nationales Forschungsprogramm FONDS NATIONAL SUISSE Base Data RDF Data Model RDF Schema Extraction
SCHWEIZERISCHER NATIONALFONDS - - -
FONDO NAZIONALE SVIZZERO EXpression. pank Level| | Geneld | GeneName | | Pecies Species
Swiss NATIONAL SCIENCE FOUNDATION I commonName D ID  Name
is_a — e 323 21589 high|| 100 €G7741 1 Human
taxid:0606 HnSPecies” wnt1 Human | [ ST SRR T R s e
/ 324 32133 Lhigh| | 101 wg 2 Fly
h NCBITaxonomyID | isonhobg] . 102 #
z o Qw__\.‘
Swiss Institute of ‘> taxid:7227 NSPECIES | WNTG_DROME Expressionld _Genel GenelD | SpeciesiD
UNIL | Université de Lausanne Bioinformatics lcommonName 322 400 102 1
323 101 100 2
24 102
[ I
OMA Bgee
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AneuX: Ist die Form signifikant fir die Gefahrdung eines

zh
Aneurysmas? aw

Aneurysm im Isoliertes Aneurysma Zellen der Modell der
Rontgenbild (XA) Zur Formanalyse Gefasswand Gefasswand Webtool fir statistische Analyse
age B GREATER $ 0 2255 u
# New Matching Criteria M Update Matches / Graphs
Dataset
Groups
Matching of the Groups = Pownleadmatchedids as csv
W
Sunburst diagram
= e

SystemsX.ch funding: 2M CHF, Begutachtung SNSF

* Morphologische Analyse von Aneurysmen mit Machine Learning

« Biologisch motiviertes Simulationsmodell flr Zellwandveranderung
« Aufbau eines Krankheitsmodells fur die Behandlungsplanung

« Aufbau einer Datenbank von Aneurysmen

« Erstellung von Werkzeuge zur Analyse der klinischen Daten und Bilddaten

dataset, g0 = groupd, g1 = group?, mgd = matched group 0, ne

Partner (Co-Antragsteller Sven Hirsch, ZHAW):

“/
9V : |74
2oy UNIVERSITE
92029 A LA A peGeNeve T FOUNDATION .
__ INININ . oy s ETH:zurich
Zircher Fachhochschule AneuX U n Ive rSItat 0 C O bm m Swiss Neuro 43
Shape as Biomarker Zﬁrichuz” Py Foundation
for Aneurysm Disease
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Hydrobus: simulation-based Optimization

Pt L \ '  BAUER 2

one seiner Fachaentionen

Direct fine
tuning of control

-

‘ Initial setting CONTROL
by engineer (e.g. ANN)

Training with
model data

Calibration of
Model

The challenge
* Not enough training data for Al in socio-technological systems

The project

« Self-adaption of control to time-varying demands in a multi-apartment building using simulations
« Combined entropy and energy optimization of HVAC-system based on Model Predictive Control
» Integrates renewable energy technology, social dynamics and scenario-based weather prediction

The upside
« Enables a Swiss SME to harvest results from modern mathematics, data science and Al
« Gives science the opportunity to test modern approaches on real-world problems

Schweizerische Eidgenossenschaft
o Confederation suisse
Confederazione Svizzera
Confederaziun svizra
Zurcher Fachhochschule
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Game playing azw

SOFTWARE
Sehweizarische Eidgenossenschaft
Confédération suisse
Canfederaziene Svizzera
Confederaziun svizia

Swiss Confederation

Innosulsse - Swiss Innovation Agency

(symbolic figure)

Zurcher Fachhochschule

45



Z{ircher Hochschule
fur Angewandte Wissenschaften

Game playing — challenges & solutions

Reinforcement learning: deep Q network
Attack ’

spacecraft
fleet

- -
2

use heuristics Z i
I:> Attack
*«u

A

building
position

Upgrade

r

buildings {

Large discrete action space = use heuristic
« makes exploration difficult
* elongates training time

Delayed and sparse reward - do reward shaping
» sequence of actions crucial to get a reward

Distance encoding = use reference points
Transfer Learning - difficult: more complex environment needs other action sequence

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lérwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
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Optical Music Recognition
Foundation of digitization in orchestras and music schools
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image label per pixel objectness
RS I, Cone )
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Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.
Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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Segmentation of newspaper articles
Semi-automatic print media monitoring

element-wise sum and
transposed conv.

§\

=\
TN

.

transposed conv.

element-wise sum and
transposed conv.

element-wise sum and
transposed conv.

Zircher Hochschule
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ARGUS DATA INSIGHTS'

Schweizerische Eidgenossenschalt
Canfederazione Svizzara
Confederaziun svizia

Swiss Confederation

Innosuisse - Swiss Innovation Agency
upscale

Output

D Convolution + Batch Normalisation + ReLU

D Upscaling by factor 2

D Transposed Convolution + RelLu

D Sigmoid

Zircher Fachhochschule

Meier, Stadelmann, Stampfli, Arnold & Cieliebak (2017). «Fully Convolutional Neural Networks for Newspaper Article Segmentation». ICDAR’2017.
Stadelmann, Tolkachev, Sick, Stampfli & Dirr (2018). «Beyond ImageNet - Deep Learning in Industrial Practice». In: Braschler et al., «Applied Data Science», Springer.
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Condition monitoring

Maintaining machines on predicted failure only aw

) ) ) echmine
We use machine learning approaches for anomaly detection to learn the normal state \I\/\A
of each machine and deviations of it purely from observed sensor signals; the approach © =iz
combines classic and industry-proven features with e.g. deep learning auto-encoders.

vibration sensors

e.g., RNN autoencoder early detection of fault
feature extraction |
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Stadelmann, Tolkachev, Sick, Stampfli & Dirr (2018). «Beyond ImageNet - Deep Learning in Industrial Practice». In: Braschler et al., «Applied Data Science», Springer.
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