


Die technische Welt wird ,,smarter”
vor allem durch kiinstliche Intelligenz, im Web, im Auto,
Im smart phone, in der Sensorik, in der Software, im

Gebaude.
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Wenn Verantwortliche von langlebigen Wirtschaftsglitern
Immer aktuelle Zustandsinformationen haben...

..fehlende Markierungen... ...Risse im Beton... ..schlecht schlieBende Fenster... ...Borkenkéfer... ...groRBe Wasserpfiitzen...
e ) ; EIT—CEN

i)

« ..dann sind diese weit kostenglinstiger und effizienter zu
betreiben, insbesondere durch

— Pradiktive Wartung, statt teurer reaktiver Wartung,

— Prazises Eingreifen: nur dann und dort wo notig (z.B.
Chemikalien nur dort wo Unkraut wachst, und nicht tiberall)

— Design fiir reale Nutzung: wenn man die reale Nutzung
permanent analysieren kann, kann man sich auch sparen,
uberall Extrareserven vorzuhalten, die mehr storen als helfen

mD TAM% Confidential | by Tama Group GmbH



ama's Informationsextraktion mit eCognition findet, was

le sonst nur mit dem Auge sehen, und zahlt, misst, erfass
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Die Tama Group

Informationsextraktion, vor allem aus Bildern, fiir bessere
Entscheidungen bei Wartung und Nutzung langlebiger Wirtschaftsgiiter

Tama Group Center \
Services
Tama Group ICC Software Tama Group SCC
Information Creation Center Solution Creation Center

. ‘eCognition°

Bildinformationen I\Dl\:grkéi:jr%eiefruerr B_i_Idinformationen
fur Anwender g fir Unternehmen
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Highly Automated Beach Litter Detection
Maritime case study

D :

source: https://www.cronacaflegrea.it
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Highly Automated Beach Litter Detection

Worldview-Ill scene
2017-05-31
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Results: Worldview-Ill scene August 13,2017 — Region 1




Beach Litter Analysis

» Case built by comparison
of May to August 2017

 Since the target objects'
size Is in the same order of
magnitude as GSD, we are
analysing by a candidate
density approach

 In situ knowledge will drive
service quality further up

« Candidate density
mapping can be done fully
automatically

mD TAM% imagery from EUSI, Munich
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Automatische

Milldetektion auf Fliissen

Imagery from JRC, Ispra
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European
Commission

JRC LITTERCAM for monitoring of riverine floating macro litter

Georg Hanke!, Daniel Go , Fritjof Luethje

ission Joint Research Centre, Ispra, It

ropear

The European Commission Joint Research Centre JRC is providing support to the
implementation of the Marine Strategy Framework Directive and is therefore
also studying methods for the quantification of riverine litter flows to the seas
(TG Marine Litter 2017). Quantification of macro litter flows in riverine systems
is of importance for management purposes and prioritization of policy actions,
as the proportion of litter reaching the sea from inland through waterways are
not known.

Within the RIMMEL (RIverine and Marine floating macro litter Monitoring and
Modelling of Environmental Loading) project, an observation network by
human observers on 52 rivers was set-up and operated for 1 year (Gonzalez,
2017). While this has provided an overview about surface floating macro litter
in riverine systems, a continuous observation method is needed for the
observation of short term variability and peak events. Therefore a camera
system with automated image analysis was set-up, as a further development of
the JRC SEALITTERCAM (Hanke, 2014)

The JRC LITTERCAM system:

- High resolution (5120 x 5120 pixel) digital industrial camera (SVS-VISTEK)
installed in a watertight housing

Industrial computer with 1 TB SSD and power supplics for periphery are
installed in a splashproof box

- Sensor array system (Thies Clima) and GPS sensor provide weather condition,
light and geographic coordinates.

Manual focus 50 mm Zeiss lens at aperture 1.8, The camera is pointed
perpendicular downward to the water surface

Images are aquired at a frequency of 1/second, resulting in 3600 images/hour
and are stored as jpg files for later off-line analysis.

Littercam deployment

Following first tests on the Ticino and Magra River, the camera was deployed
on a bridge across the River Po in northern Italy, close to Piacenza from
10.11.2017 to 15.11.2017. The camera was installed under the bridge on a
gangway, at a height of 14 m above the water, resulting ina coverage of 6.5 x
6.5 m water surface and a resolution of ca. 8 pixel/cm.

e system was continuously operational, image aquisition was triggered by a
light sensor, resulting in image data from ca. 7:00 — 8:00 to 15:00 — 17:00 on
different days, for a total of 49 hours during the deployment period.

The resulting ca. 170000 images have been transferred with an external HDD to
a dedicated work station for image analysis and automated detection of
floating objects. Each image file is accompanied by a metadata file with
information on image aquisition, light conditions, and geographical coordinates.

The European Commission’s science and knowledge service
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VA group, Munich, Germany

Image analysis
Object based image recognition using ECOGNITION software (TRIMBLE) was
employed in order to identify floating objects on the water surface and to verify
their occurence in a multiple step approach. A INTEL XEON CPU E5-2650 v4 12
core, 64 GB RAM workstation (FUJITSU) provided the computing power for the
image analysis.

The specifically developed ruleset (TAMA GROUP) identifies potential objects
by comparison of a stacked image set with individual images. For cach potential
object candidate then the following two images are analysed for the occurence
of that object in a distance, in river flow direction, that matches the river flow
speed, previously caleulated by the software. Once an object has been confirmed
in two steps it is flagged as a final object candidate and provided with the two
following images as output for a final manual check.

Stacking of 10 images  Comparison with single image Confirmation in sequence

Screenshot of ECOGNITION software interface during analysis

Computing time averaged 30 hours for 1 hour of images i.e. 3600 images
Further optimisation of the ruleset p is ongoing. Encoding of the final
ruleset in a dedicated application will reduce computing time drastically.

Outcome

Image aquisition by the LITTERCAM system proved operational and robust for
long term deployment.

Image quality and resolution allows detection of objects down to few cm.
Environmental conditions require scrutining of image datasets.

Further work is required to optimize the Ecognition ruleset.

Long term deployment is planned for testing under various conditions.
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Anwenderdomanen und Sensorauswabhl
Die Tama Group ist Uiberall dort aktiv, wo Bilder im Einsatz sind
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Veranderungsdetektion mit Sentinel Daten
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Veranderungsdetektion mit Sentinel Daten

-% Developer - [VeltinsArena_OpenClose_check.dpr - New Level of 1: Pixels]
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Mit 1T0m Sentinel-Daten lasst sich problemlos und mit eCognition
vollautomatisch feststellen, ob das Dach der Arena geschlossen ist. Wenn
man mit Tcm Drohnendaten fliegt, kann man problemlos und mit eCognition
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vollautomatisch feststellen, ob ein Brandschutzfenster geschlossen ist.
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eCognition

der Goldstandard der objektbasierten Bildanalyse

« eCognition Developer
« eCognition Server
« eCognition Architect
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Tama Group Entwicklungs-Basisprozess eCognition
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Sensorunabhangigkeit
Qualitatsabhangigkeit




Automatisierung lohnt sich ...

« Dbei einer Vielzahl von Bildern

* bei schleichenden Veranderungen und schwer zu erkennenden Objekten,
« bel komplexer Sensorik, die das Auge kaum korrelieren kann
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Tama's Al Avengers

Experten- deep - maschinelles ' Fusionsplattform
wissen learning Lernen eCognition

Warum sollte man iiberhaupt zwischen kodifiziertem Expertenwissen,
maschinellem Lernen und Deep Learning wahlen? Solange man eine passende
Fusionsplattform zur Verfiigung hat kann man alle drei Methoden fiir sich
arbeiten lassen — jede gemaBiihren Vorteilen.

Ralph D.. Humberg qi Eﬁ Sﬁ %



Access to expert knowledge
= art & science
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We don't see a reason to opt out any of the big three
~hammer, screw-driver and pincers — you need them all“

_ Coded expert knowledge | Machine learning Deep learning

For complex situations Finds best code in the Directly from samples

still the gold-standard, code to code; ,if you see it
works with sparse within 50ms, you have
training data; desktop it —24/7"
computing
Key challenges Need to translate Needs code to get Needs lots of
cognitive capabilities started samples; yet to prove
into code capabilities for
complex structures
Typical Code written by Support vector CNN, derivatives;
implementation programmers (Python, machines, random TensorFlow, other

C++), ruleware written by  forest, KNN, Bayes
experts (OBIA)

Typical output Shape files, attributes Classifications Bounding boxes,
center points

Tama's Al Avengers For structural knowledge For ,in the middle of For mass objects
the road" tasks (cars, tree crowns,..)






