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WHO WE ARE

EXPERT COMPANY
Industrial imaging solutions for sorting and inspection

CORE EXPERTISE
Hyperspectral, color and conductivity imaging technologies

COMPLETE SOLUTIONS
From raw data acquisition to decision making
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EVK AT A GLANCE

TARGET MEKETS

EVKS=

DEPLOYED PRODUCTS

(kumuliert)

2015 2016 2017 2019

B HYPERSPECTRAL Imaging (Total > 500)

INDUCTIVE Sensors (Total >900)

EVK TEAM

Management &

Admninistration Research &

Development

B 40% F&E
17% M&V
23% Fertigung
W 20% G&V

Marketing

Production & Sales
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INDUSTRIAL SOLUTIONS EVK=.

PROCESS ANALYTICS

SMART SORTING

X\ VTR Py = O v

MONITORING AND INSPECTION

© EVK DI Kerschhaggl GmbH 5 www.evk.biz



B
ECO-SYSTEM FOR INDUSTRY PROVEN SOLUTIONS EVK..

INDUSTRIAL
PROCESS KNOW-
HOW

DATA ANALYSIS
AND SOFTWARE
TOOLS

SUPPLIER OF
SENSORS
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HSI - HOW DOES IT WORK EVK=.
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HSI - HOW DOES IT WORK

© EVK DI Kerschhaggl GmbH
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AP oap ep

stretching bending rocking

AP aps ap
P N -

stretching twisting wagging

’ Absorption spectra according
to the molecular structure
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HSI - HOW DOES IT WORK EVK=.

NIR Reflektionsspektren unterschiedlicher Kunststoffe
nach "Handbook of near infrared analysis" (ISBN-13: 978-0849373930)
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EVKS=

Combination Band Region

HSI - HOW DOES IT WORK
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Seeing Spectroscopy Clearly ™
FOSS
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HSI - HOW DOES IT WORK

2D AREA SENSOR
SPECTROGRAPH

GRATING

SLT

OBJECTIVE LENS

Time-axis (moving direction)

Camera internal classification and RGB visualization of

chemical differences for real-time analysis
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EVKS
STATE OF THE ART HSI DATA ANALYSIS ]

Hyperspectral data and its challenges in industrial applications

» High dimensionality (“curse of dimensionality”)

= Limited training samples

= Mixed spectral signatures

* Pre-Processing

» Real-time and inline suitable classification algorithms

Time-axis i(moving direction)
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EVKE
STATE OF THE ART HSI DATA ANALYSIS ]

1 dimension:
10 positions

Curse of dimensionality

Data coverage decreases S
with dimensionality (“empty 100 positions
space”) :
Data distributed mainly on
the outskirts of data space
Differences in min and max
distances of data sets
become marginal, i.e.
distance measures lose : .
meaning (e.g. knn search) .| )& TSR s
Subspace methods £ ;

(projections) can help!
Manifold hypothesis

haifengl.wordpress.com
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STATE OF THE ART HSI DATA ANALYSIS

Mixed spectral signatures

mixed pixels
pure pixels

[FOV of pixel

Each endmember has a unique

spectrum

The mixed spectrumis just a
weighted average

Mix=050"A+0.25"B+0.25°C

A single pixel with three materials A, B, and C

Matenal Fraction
A 0.50
B 0.25
C 0.25

AV
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M. E. Klein et al

= Methods: MCR, LU, ICA

M. Kamal et al
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STATE OF THE ART HSI DATA ANALYSIS

Spectral Preprocessing

Spectral Scatter:
Norm, SNV, MSC
High Frequency Noise:
Savitzky-Golay Filtering
Baseline correction
Spectroscopic Feature
Localisation:
Derivative Spectroscopy

Raw

1% derivative

2" derivative

A. Rinnan et al
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EVKE
STATE OF THE ART HSI DATA ANALYSIS ]

Real-time and inline suitable classification algorithms

Subspace Methods:
PCA, PLS, ICA, LDA
Cluster Methods:
k-means, kNN, RDF

And many more (SVM etc.)...
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STATE OF THE ART HSI DATA ANALYSIS

EVKS=

Real-time and inline suitable classification algorithms

Subspace Methods:

PCA, PLS, ICA, LDA
Cluster Methods:

k-means, KNN, RDF

Gene 3
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°
Maximize variance

(squared distance)
of red dots in
this direction

original data space

17

alexhwilliams.info

Minimize residuals
(squared distance)
in this direction

component space

>
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EVKE
STATE OF THE ART HSI DATA ANALYSIS ]

Real-time and inline suitable classification algorithms

» Subspace Methods:
PCA, PLS, ICA, LDA
= Cluster Methods:
k-means, kNN, RDF

Lt

() % } X;(0) = ay;8,(0) + 2;55,(1)

Xo() = a5181(t) + a8,(t)

i Ay Kazz

i 4
VJ’ www.sci.utah.edu

4

%,(0)

© EVK DI Kerschhaggl GmbH 18 www.evk.biz



STATE OF THE ART HSI DATA ANALYSIS

Real-time and inline suitable classification algorithms

Subspace Methods:
PCA, PLS, ICA, LDA

Cluster Methods:

k-means, KNN,

© EVK DI Kerschhaggl GmbH
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Hence J(w) is a measure of the difference between class
(encoded in the between-class scatter matrix)

means

normalized by a measure of the within-class scatter matrix,

RDF

PCA projection:

LDA projection:

Labelled Maximising the variance of Maximising the distance
data
the whole set between groups
[ )
o © o [ )
L]
o ©®
® o
()
e o
L]
P
www.idtools.com.au
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STATE OF THE ART HSI DATA ANALYSIS

Real-time and inline suitable classification algorithms

Subspace Methods:
PCA, PLS, ICA, LDA
Cluster Methods:
k-means, KNN, RDF
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stanford.edu
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STATE OF THE ART HSI DATA ANALYSIS

Real-time and inline suitable classification algorithms

Subspace Methods:

PCA, PLS, ICA, LDA

Cluster Methods:

k-means, kNN, RDF

Problematic for high
dimensional spaces!
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Y-Axis

EVK==

New example
to classify Class A

* * Class B

_____
datacamp.com

.

X-Axis

aph.wordpress.com
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STATE OF THE ART HSI DATA ANALYSIS EVKII

Real-time and inline suitable classification algorithms

tree tree
At each node:

choose some ballsubset of variables at random
find a variable ( and a value for that variable) which optimizes the split

Subspace Methods:

PCA, PLS, ICA, LDA e
Cluster Methods:
k means, kNN RDF

www.analyticsvidhya.com
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=
DEEP LEARNING — A PROMISING APPROACH FOR HSI EVK.I

Problems to be solved:

= HSI-data are high dimensional

.| http://robertsy.github.io WE NEED TO BE UP

= Usually few labelled data \// |
= Feature extraction is often difficult, \
tedious and operator dependent. e
' HERE! /\/
= Vital information is lost in current data >:\ | |
reduction methods due to neglection L’ DIENSION OF X

of image features.
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B
DEEP LEARNING — A PROMISING APPROACH FOR HSI EVK.I

The promise of deep learning approach:

= Combination of spectral and spatial domains addressed in a single
approach.

= Powerful and reliable computing hardware now available.

= Strong scientific evidence and technology penetration (e.g. CNN, SAE
etc.) in leading high-tech companies.

Pixel vector

:‘ i i‘; . il' ] s

1 '
ﬁx‘ AN y 1‘1
Vi / ?ﬁp

i

i
AN

PCA on Neighbor . : Layers of Logistic
: § 3 Flattening ' ) i
spectral dimension region autoencoders regression

Chen et al.
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B
DEEP LEARNING — A PROMISING APPROACH FOR HSI EVK..

embedded | |
hardware classified objects

VN e NN

AN

DEEP LEARNING architecture

H ELIOS http://visal.cs.cityu.edu.hk
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B
DEEP LEARNING — A PROMISING APPROACH FOR HSI EVK.I

Benefits:

Best performing classification results
In current bench mark computer vision
problems -> application efficiency in
food apps?

Seamless classification model
generation without operator variance -
> cost reduction, process reliability

New customer benefits via big data
(mining) and predictive
an alySIS/maI nte n an Ce - http://konwersatorium1-ms-pjwstk.blogspot.co.at
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H
DEEP LEARNING — A PROMISING APPROACH FOR HSI EVK..

raw HSI input cube of test samples on
background

Ongoing activities using deep
neural network classification with
HELIOS data

Current reSUIFS demc_)nStrate a deep neural network classification
strong potential of this result

technology (reduced test times,
superior classification power)

Further R&D projects related to
deep learning are planned.
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INDUSTRIAL APPS EVK:I

WE BRING THE LAB INTO YOUR LINE
From at-line to in-line quality control
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INDUSTRIAL APPS EVK=I

GROUND TRUTH DATA ACQUISITION DATA ANALYSIS
UNDERSTANDING

WHAT DOES IT TAKE
TESTING AND INTESGYSZ\EII\(/;N 2 IN-FIELD
EVALUATION DEPLOYMENT EVALUATION
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B
INDUSTRIAL APPS USING QUANTITATIVE CHEMICAL IMAGING EVK..

o o

Refuse Derived Fuels
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REFUSE DERIVED FUELS EVK=.

Humidity vs. Time in RDF stream: Lab vs. QCI HELIOS.

Moisture corrected

25,00 I I

different RDF normal operation

normal operation truck delivery normal operation :
mixture

20,00

AA.\_/\ h A.A il

g

—Lah

moisture [%)]

s HELIOS

10,00 L] V V

5,00
Ild " =
regarding the i
e g moistened
control center
N PO R ) N EN— N S—
1 35 7 91113151719 212325 272931333537394143454749515355575961636567 6927173 757779 81838587 89919349597 9910

data point
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INDUSTRIAL APPS USING QUANTITATIVE CHEMICAL IMAGING EVK=.

DRY MATTER DETERMINATION

STATUS: FULL PRODOCTION
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DRY MATTER DETERMINATION EVK=I

dry substance model
1DD T T T T T T T T

a0 L R =0.94929
RMS =5 4129

VO

ST

prediction [%)]

40 b

20 F

-1[:] 1 1 1 1 1
10 20 20 <0 S0 18] Fo S0 Q0 100

reference [%]
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INDUSTRIAL APPS USING QUANTITATIVE CHEMICAL IMAGING EVK=.

RANCID WALNUTS

STATUS: MARKET INTRODUCTION
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RANCID WALNUTS EVK=I

Heat map walnuts Graphical user interface

1255 1319 1383

Wavelength (nm})
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INDUSTRIAL APPS USING QUANTITATIVE CHEMICAL IMAGING EVK=.

IN-LINE MEASUREMENT OF AMYGDALIN IN BITTER ALMONDS

4 OH Amygdalin

Two glucose molecules

Cyanide group

Source: “The Chemistry of Almond Flavor”, Mitchell,
University of California Davis The Almond Conference, 2015

STATUS: MARKET INTRODUCTION
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=
IN-LINE MEASUREMENT OF AMYGDALIN IN BITTER ALMONDS EVK..

Amygdalin
Sample# [mg/qg]
SBA 1 4,6
SBA 2 3,7 ;
SBA 3 3,9
SBA 4 63,3 ¢
SBA 5 58,6
SBA 6 57,2 d
SBA 7 66,3
SBA 8 55,5
SBA 9 4,8
SBA 10 4,1

© EVK DI Kerschhaggl GmbH

37

Phenotypes in raw
almonds:

Non-bitter
Sweet snacking almonds
(nutty flavor)
Bitter
3-5% amygdalin content,

cyanide aroma, hazardous
to health
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B
INDUSTRIAL APPS USING QUANTITATIVE CHEMICAL IMAGING EVK..

IDENTIFICATION OF MYCOTOXINS IN FIGS

PRELIMINARY
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B
IDENTIFICATION OF MYCOTOXINS IN FIGS EVK.I

PARTNER PROJECT

THE SMART WAY TO TACKLE MYCOTOXINS Ev I( . .

Aflatoxins are toxic carcinogenic secondary metabolites produced by fungal species

Great variety of crops is affected

They are an increasing problem due to climate change

This leads to huge economic losses

PRELIMINARY
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IDENTIFICATION OF MYCOTOXINS IN FIGS

Results

Scores on PC 1 (50.96%)

o p—pr—yr S g e e T —r—gr— fo—r— pr——

10 20 30 40 50 60 70 BO a0
Sample

EVKS=

Tests
"ﬂ]'—a l@a T T |
@ @ |
mégag ﬂ @ @ " L]
W heme, o g0

04 06 08 1 1.

Hotelling T*2 Reduced (p=0.950)

-1 0.5 0

05 1
Scores on PC 1 (73.30%)

15

PRELIMINARY
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=
INDUSTRIAL APPS USING QUANTITATIVE CHEMICAL IMAGING EVK..

DETECTION OF WOODEN BREAST DEFECT

* Increasing prevalence in broiler production
= Considerable economic losses
= Currently manual inspection/hand sorting

Ref: http://www.helsinki.fi/food-and-environment/research/groups/meat.html

STATUS: FULL PRODUCTION
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B
DETECTION OF WOODEN BREAST DEFECT EVK.I

0 ’ Bad product: Wooden breast filets

114 Rr/B=1.0122 113 R/B=1.0043

. ‘ Good product: Ordinary chicken filets
124 123

R/B=0.9843 R/B=0.9981

Chemical colour classified stream:
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INDUSTRIAL APPS USING QUANTITATIVE CHEMICAL IMAGING

API CONCENTRATIONS

STATUS: FULL PRODUCTION
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APl CONCENTRATIONS

At-line quality control of pharmaceutical products

In-situ inference of
guantitative values
possible at bulk flow
velocities of several m/s
without destroying the
product for every camera
image pixel.

Chemical
concentrations
traced by spectral
signatures, spatially
resolved.

Figure 2: Left: pharmaceutical sponge with active substance on its surface. Centre: quantitative ‘chemical colour’ representation of
concentration. Right: zones (squares) with sufficient and insufficient concentrations
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EVKE
QUANTITATIVE CHEMICAL IMAGING ]

EVK Software Tools for multivariate measurements
of CHEMICAL COMPOSITIONS

Brings the LAB
INTO your LINE

nVISION TOP
INNOVATION
2018

For use IN-LINE in combination with
EVK Helios camera systems
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CONCLUSION EVK=I

= Currently used HSI data analysis methods are spectroscopy
motivated and for the most part ignore imaging information.

= Al seems to be a good approach to overcome both the limitations
of high dimensionality and the somewhat historical segregation of
spectral and spatial information

= Quantitative Chemical Imaging (QCI) using modern algorithms
opens a new window into the world of hyperspectral applications
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