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PCA and bi-linear data modelling
A toolbox for discovering

the real world



Outline:

• 30 min: 
• What is soft modelling?

• What is PCA, and how can it be used

• 10 min break

• 30 min 
• Explainable AI

• Bilinear PCA extensions

• Discussion



Vårt fargesyn er bra,  men begrenset

Utvid sansene

Source: http://hubblesite.org/reference_desk/faq/answer.php.id=70&cat=light



Vår hørsel er bra,  men begrenset
Utvid sansene
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DIFFERENT
Data 

processing

Human 
Perception

and 
Interpretation

Expected
structures

Unexpected
structures

Prior, known phenomena,
Forming theory-based models

(e.g.: harmonic analysis in classical music)

New phenomena
forming data-based models

(e.g. sound of hiss, mess & hickups…)

+

(+ «random» noise)

Utvid sansene



Two types of info in data from any instrument:

Ordinate: 
Amplitude: 
How strong
sound, which
type of sound?

Abscissa: Pitch: 
Which tone?
Which rotation rate of machinery?

Utvid sansene
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of
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Control



House of
Dynametrics
and Big Data 
CyberneticsHouse of

Math

House of
Everything

else

Math 
gap

A two-way bridge across the math gap



Source of knowledge at any given moment

Action

Theoretical
knowledge

Empirical
measurements
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Holistic?

Two roads from question to answer
in science and technology
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Mechanistic
Atomistic?



Define a  

mechanistic

model

or  a hypothesis

Test the model wrt

the data

Measure FEW 

properties in FEW 

samples

!?

Design an 

observation

process

Data-modelling

«Let the data talk»

Measure MANY 

properties in 

MANY samples

DATA-DRIVEN
Goal-oriented

Holistic?

Two roads from question to answer
in science and technology

THEORY-DRIVEN
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Deductive reasoning:
Math. Models: Differential

equations, finite element models.
Hypotheses: H1 vs H0 ?

Deductive reasoning:
Compare math. models.
Hypotheses: reject H0 ?

Traditional
Natural science
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Inductive reasoning in 
Machine learning:
«Get lots of data»

Inductive reasoning in 
Machine learning:
ANN, SVM, random forest,.. 
(«Black box»)

Traditional
machine learning
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Deductive reasoning:
Math. Models: 
Differential equations.

Deductive reasoning:
Estimate state variables 
and prediction error

Inductive reasoning:
Feed-back of prediction error
to Kalman Filter for control

Traditional Cybernetics



Two roads from question to answer
in science and technology

Define a  

mechanistic

model
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Test the model wrt
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Measure FEW 

properties in FEW 
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DATA-DRIVEN
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Abductive reasoning:
Hybrid modelling:
Chemometrics, CNN

Deductive reasoning:
Proper statistical
design of experiment

Deductive reasoning:
Use multi-channel, 
over-informative 
instrumentation

Chemometrics:
Applied 

multivariate data 
modelling



Define a  

mechanistic

model

or  a hypothesis

Test the model wrt

the data

Measure FEW 

properties in FEW 

samples

!?

Design an 

observation

process

Data-modelling

«Let the data talk»

Measure MANY 

properties in 

MANY samples

DATA-DRIVEN
Goal-oriented

Holistic?

Two roads from question to answer
in science and technology

THEORY-DRIVEN
Mechanistic
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Big Data Cybernetics:
Chemometrics & 

cybernetics

Multivariate metamodels
to speed up  differential
equations.

Control in 
subspace models



Big Data Cybernetics: 
Combining advanced process control

and chemometrics

Dept. Engineering Cybernetics, NTNU Trondheim  
2018/2019:

5 +1  professors, lots of students:
«How to discover the real world»

+ banks, metallurgy & other industry …

Verden har mønstre – finn dem
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Vector algebra
First: Caspar Wessel from Vestby, 1797
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Naturens rytmer og harmonier
(eller mangel på sådan)

Fem ulike forskningsgruppers 
estimat av jordklodens 
gjennomsnitts-temperatur 

1880-2014

(New Scientist August 2015)

Mektig matte uten tårer
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Nils Kristian Skjærvold, Kristin Tøndel, Gunnar Cedersund, Helge 
Brovold, Hodjat Rahmati, Lars M Munck, Harald Martens (2017), 
Multivariate analyses and the bridging of biology’s “Math-Gap”. 
Encyclopedia of Analytical Chemistry, Online © 2006–2017 
JohnWiley & Sons, Ltd. 

The earth’s average temperature from 1880 till 2014, 
as estimated by five different laboratories     (from New Scientist 2015)

(New Scientist August 2015



a)

d) e) f) 100% variance explained by first 2 PCs

Data driven multivariate modelling by 
PCA will reveal expected patterns
and unexpected patterns

Year

Temp.

Year

Sc
o

re
 o

f
co

m
p

o
n

en
ts

Score of component 1

Sc
o

re
 o

f
co

m
p

o
n

en
t

2

Correlation to Score of component 1C
o

rr
el

at
io

n
to

 S
co

re
 o

f
co

m
p

o
n

en
t

2

Unmodelled residuals
after 1 PC



a)

d) e) f) 100% variance explained by first 2 PCs

Data driven multivariate modelling by 
PCA will reveal expected patterns
and unexpected patterns

Year

Temp.

Year

Sc
o

re
 o

f
co

m
p

o
n

en
ts

Score of component 1

Sc
o

re
 o

f
co

m
p

o
n

en
t

2

Correlation to Score of component 1C
o

rr
el

at
io

n
to

 S
co

re
 o

f
co

m
p

o
n

en
t

2

Unmodelled residuals
after 1 PC



Three of the 5 (or e.g.  50 000?) available variables

Dots = years



Mean centering:

Mean



First principal component:

Mean



An EXTREMIST

An ALIEN

Few informative  combinations of
the many variables

Raw data
Many variables (temperatures)

Færre, bedre alarmer!

Multivariate soft data-modelling gives
fewer, but more sensitive alarms, 
for three different types of abnormalities:
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d) e) f) 100% variance explained by first 2 PCs

Data driven multivariate modelling will
also reveal unexpected patterns
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Consumers’ 
evaluations 

Find patterns in
a data set, e.g. consumer’ purchase of products

by PCA
ti

m
e



The bilinear data-model as
numbers, vectors and matrices: 

Simple but mighty math

Principal Component Analysis illustrated



Simple but mighty math:
• 21 = 3 × 7 a = b × c

• 21.1 = 3 × 7  + 0.1 a = b × c  + d

• 41.1 =  3 × 7 + 2 × 10 + 0.1 a = b1 × c1 + b2 × c2 + d   =  b × c + d 

• A= B × C  + D

BIG DATA     Rhythms

From data-tabell A, finn structure B  × C and table D

Principal component-analyse (PCA or SVD): 
All multivariate methods’ mother!

Vector-algebra, publisherd
av Caspar Wessel 1797

Matrix-algebra, published 1835

A B C D
Harmonies

×= +
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Automatic modelling  of “ever-lasting” data streams

Idletechs AS provides new software tools for  

automatic modelling & compression  and for human interpretation,

of multidimensional, dynamic data.

Ever-lasting

high-dimensional 

data

… …

=

×

+    

Automatically 

displaying 

the essence 

in data Noise

tim
e

From raw streams of data, systematic patterns and relationships are automatically 
discovered and modelled. The data is stored in a highly compressed format:

• Sensor data: 
• Hyperespectral video
• Thermal video
• Recordings of light, sound, 

vibrations, images, temperatures, 
moisture, etc.

• SCADA data
• Computer simulation outputs

• …

Raffaele Vitale, Anna Zhyrova, João F. Fortuna, Onno E. de Noord, Alberto Ferrer,
Harald Martens:  On-The-Fly Processing of continuous high-dimensional data streams
Chemometrics and Intelligent Laboratory Systems 161 (2017) 118–129

Complex
real-world
system

Mektig matte uten tårer
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Courtesy of NMBU (Ingunn Burud)
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Else Tronstad, Leksvika

Photographed in 3 
colours (R,G,B)

Photographed in several hundred «colours» (wavelength channels in vis. & NIR )
Courtesy of NMBU (Ingunn Burud)



Giving surgeons molecular view!

Multivariate data modelling

Multi-channel spectroscopy («Hyperspectral imaging»)  
of muscle tissue
in the Near-infrared wavelength range.

Individual molecular patterns

Composite
molecular

image

Hyperspectral NIR measurements of post-rigor
porcine l.dorsi :
(Ingunn Burud, NMBU/Joao Fortuna NTNU)

Mektig matte uten tårer
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d) e) f) 100% variance explained by first 2 PCs

Data driven multivariate modelling will
also reveal unexpected patterns
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• Artificial Intelligence (AI):  A new « religion » ?
Automatically building mathematical models from  BIG DATA     
 Machine learning
Previously ANN with sigmoid relations, now often CNN with piecewise linear relations
For classification of images, language translation, forecasting in time, autonomous cars,…

Powerful methods. But slow, and difficult to optimize: Need LOTS of GOOD DATA. 

Serious problems:  Black box, and  not always reliable predictions. 

• Explainable AI (XAI): 
 Interpretable Machine Learning: CNN and hybrid modelling

• Several levels of interpretation:
1) «Outer level»: Explain why an AI system has made a certain decision, e.g. after an accident
2) «Inner level»: Discover and interpret new,  systematic patterns in data

• My personal research agenda since 1972: Democratic, «secular» data modelling methods: Not mystical!
Simple, open to surprise, interpretable in light of prior knowledge

Towards a transparent, democratic and  secular AI
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Hyper-spectral camera in small drone 
for environmental monitoring: 

98.8% file reduction, only 0.5% loss (mostly noise)

Measured Automatic model

Reconstructions in 5 principal components

Measured Reconstructed

Joao Fortuna, Tor Arne Johansen, 
Thor Inge Fossen, Harald Martens 
(2017):

AZORE ISLANDS VEGETATION 
seen by drone
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• …

Raffaele Vitale, Anna Zhyrova, João F. Fortuna, Onno E. de Noord, Alberto Ferrer,
Harald Martens:  On-The-Fly Processing of continuous high-dimensional data streams
Chemometrics and Intelligent Laboratory Systems 161 (2017) 118–129

Complex
real-world
system



Thermal camera

Purpose Monitor furnace temperatures, e.g. outer surface, electrode or tap hole area, 
to detect anomalities and unexpected trends

Rationale Eroded linings, slag, maturity of batch and several other types of problems are expected to result in 
different temperature patterns on the outer surface of a furnace.  

Electrode temperatures may be influenced by the baking process, which may be warning signs for electrode
breakage.

The surface temperature may perhaps tell something about electrode position.  

Operation StateMap will show the current and historic states of the system. Automatic alarms will be given when there
are problems. Drilldown capabilities are available for analysing trends, anomalities etc.

Main project steps Acquire thermal camera with the necessary temperature range and suitable spatial resolution
Interface camera to Idletech’s ThermalMeter
Add functionality that is not yet fully implemented in ThermalMeter:  StateMap, Region Of Interest, Export
of results, ...

Time range Can be completed autumn 2018
Thermal Camera

Continuous monitoring of wood ovens:
Heating efficiency experiment at SINTEF 2018

Related example:

Thermal Camera



Making quantitative data understandable for ordinary people:
e.g. XAI for thermal analysis of high-power electrical equipment

= D



Making quantitative data understandable for ordinary people:
e.g. XAI for thermal analysis of high-power electrical equipment

= D



Experiment setup:

• Instruments:

• waffle iron

• burger grill

• curling iron

• clothes iron

• Disturbances:

• water bottle

• tea cup

• hair dryer

• human interference

• timers

Thermal
camera
pixels

Demo example (non-commercial ☺ ):
Home appliance equipment



Discovered State variable: Hamburger grill

• Trends of two timers
• Built-in thermostat in 

equipment

• 30min timer on equipment
• Deviation in end, probable 

mistake in experiment



Discovered State variable: 
Heat dissipation hamburger grill 

• Same timer trends as 
hamburger grill

• Small phase offset from heat 
source, suggests heat 
dissipation



Discovered State variable: Waffle iron

• Trends of two timers
• Built-in thermostat in 

equipment

• 30min timer on equipment



Discovered State variable : 
Heat dissipation waffle iron

• Same timer trends as waffle 
iron

• Small phase offset from heat 
source, suggests heat 
dissipation



Discovered State variable : Clothes iron

• Trends of two timers
• Built-in thermostat in equipment

• Signs of a user manually 
adjusting timer



Discovered State variable : Curling iron

• Trends of two timers
• Built-in thermostat in equipment
• 30min timer on equipment

• Manual timers in end of day

• Deviation around lunch
• User paused equipment due to 

potential fire hazard



After all “natural” variations discovered, modelled and 
subtracted: Small but systematic Residuals

→ Fewer, more sensitive outlier warnings:



Finn sam-variasjonsmønstre
i en data-tabell
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Finn sam-variasjonsmønstre
mellom to data-tabeller
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Personlighets-tester Yrke, egen-beskrivelser
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Personality type is related to work type. 

Matematikk uten tårer
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How to teach mathematics to all types of scientists?
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Finn sam-variasjonsmønstre
mellom to data-tabeller, 

bruk modell til prediksjon

Målevariabler X Kvaliteter Y

Data X
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er
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id

Data Y
PCR, PLSR, RR osv
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id

Nye 
prediksjoner
av ukjent Y

Nye data X



Instrumentation example: Multivariate calibration of
multi-wavelength NIR absorbance process spectroscopy

Wavelength, nm
100 channels

Li
gh

t
A

b
so

rb
an

ce
Many complex samples,

similar to  e.g.
biological samples or 
gas/oil/water/sand 

mixtures

Chemical mixtures of protein and starch powders, 
measured under different physical conditions
 streams of wheat flour in a grain mill

Mektig matte uten tårer



Hope: Nice calibration!

Light Absorbance, expected wavelength channel
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Hopeless: even wrong sign!
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«Best» channel: useless calibration

Light Absorbance, best wavelength channel
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Light Absorbance, best wavelength channel
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Playing the piano with only one finger



Playing the same piano with two fingers



Playing the same piano with two fingers



Trad. Univariate calibration

Multivariate calibration
by PLSR

Multivariate
preprocessing by OEMSC
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Diffuse NIR spectra of
powder mixtures
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calibration

Multivariate
calibration

Multivariate
calibration

Modern high-speed multichannel instruments:
Always record a whole spectrum of properties at 

e.g. many frequencies of light or sound.

Measure more than you need, 
for math is cheaper than physics

Play your instrument with
more than one finger at a time
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What is CHEMOMETRICS ?
A particular science culture & tool box
for «soft multivariate data modelling»: 
interpretable machine learning
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Big Data Streams in 
small computer

What is CHEMOMETRICS ?
A particular science culture & tool box
for «soft multivariate data modelling»: 
interpretable machine learning

3. Big Data 
Cybernetics



Success story: Multivariate calibration of high-speed non-

selective instruments

Knowledge- & 
data-driven 

subspace
modelling



Deshadowing via Informative Converse model: 
Separating illumination / ground properties in HSI

+



Fast decomposition of hyperspectral images

Chemical variations
Physical variations
Instrument variations
Measurement conditions
Outliers
Measurement noise

Input HSI image, in RGB Deshadowed image Shadow image

Lorenzo Fuzini & Harald Martens, Idletechs 2019
Acknowledgements: Terratec AS, Oslo

Hybrid multivariate modelling
of causalities
in HSI spectra:

Example from arial surveillance
of biological resources by
NEO HYSPEX camera

How much trees and grass? 
Healthy trees?
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Fast decomposition of hyperspectral images

Chemical variations
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Instrument variations
Measurement conditions
Outliers
Measurement noise

Input HSI image, in RGB Deshadowed image Shadow image
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Hybrid multivariate modelling
of causalities
in HSI spectra:

Example from arial surveillance
of biological resources by
NEO HYSPEX camera
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Big Data

symbolized as

Big Data Cybernetics for e.g.
Thermal machinery monitoring 



Trad. Univariate calibration

Multivariate calibration
by PLSR

Multivariate
preprocessing by OEMSC

A)A) B)

C) D)

E)
F)

A
b

so
rb

an
ce

lo
g(

1
/T

)
M

ea
n

-c
en

te
re

d
A

b
so

rb
an

ce

EM
SC

-
p

re
tr

ea
te

d
A

b
so

rb
an

ce

Measured vs
predicted quality

Diffuse NIR spectra of
powder mixtures

1. Purely
empirical
math. model

Input Conventional
calibration

Multivariate
calibration

Multivariate
calibration

2. Semi-causal
math. model

What is CHEMOMETRICS ?
A particular science culture & tool
set for «soft multivariate data 
modelling»

Industrial Big Data: 

new opportunities!



Big Data
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system 
model

Model fitResiduals
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Theory-driven 
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Multivariate meta-modelling

TOPICS:

Big Data Cybernetics for e.g.
Thermal machinery monitoring 

PDE, FEM, EMSC
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Data-driven 
statistical modelling: 

Multivariate data-modelling

Machine learning:
Opening the black box

TOPICS:



Point temperatures / 
Cooling water temperatures

Purpose Monitor a number of point measurements in  a process

Rationale Furnaces usually have point measurements of temperatures in place, connected with
graphing and alarm systems.  The temperatures can be measured on specific points, using
e.g. Thermistors, and/or measurements can be made on cooling water.  But the alarm 
system is typically univariate, monitoring each variable separately, without ability to pick
up anomalies in how the temperatures co-vary.

Operation StateMap will show the current and historic states of the system.  Automatic alarms will be 
given when there are problems. Drilldown capabilities are available for analysing trends, 
anomalities etc.

Main project steps Finish implementation of StateMap
Connect temperature measurements to StateMap
Configure
Roll out

Time range Can be completed autumn 2018



Making quantitative data understandable for ordinary people:
e.g. XAI for thermal analysis of high-power electrical equipment

= D



Thermal camera

Purpose Monitor furnace temperatures, e.g. outer surface, electrode or tap hole area, 
to detect anomalities and unexpected trends

Rationale Eroded linings, slag, maturity of batch and several other types of problems are expected to result in 
different temperature patterns on the outer surface of a furnace.  

Electrode temperatures may be influenced by the baking process, which may be warning signs for electrode
breakage.

The surface temperature may perhaps tell something about electrode position.  

Operation StateMap will show the current and historic states of the system. Automatic alarms will be given when there
are problems. Drilldown capabilities are available for analysing trends, anomalities etc.

Main project steps Acquire thermal camera with the necessary temperature range and suitable spatial resolution
Interface camera to Idletech’s ThermalMeter
Add functionality that is not yet fully implemented in ThermalMeter:  StateMap, Region Of Interest, Export
of results, ...

Time range Can be completed autumn 2018
Thermal Camera

Continuous monitoring of wood ovens:
Heating efficiency experiment at SINTEF 2018

Related example:

Thermal Camera



Experiment setup:

• Instruments:

• waffle iron

• burger grill

• curling iron

• clothes iron

• Disturbances:

• water bottle

• tea cup

• hair dryer

• human interference

• timers

Thermal
camera
pixels

Demo example (non-commercial ☺ ):
Home appliance equipment



Discovered State variable: Hamburger grill

• Trends of two timers
• Built-in thermostat in 

equipment

• 30min timer on equipment
• Deviation in end, probable 

mistake in experiment



Discovered State variable: 
Heat dissipation hamburger grill 

• Same timer trends as 
hamburger grill

• Small phase offset from heat 
source, suggests heat 
dissipation



Discovered State variable: Waffle iron

• Trends of two timers
• Built-in thermostat in 

equipment

• 30min timer on equipment



Discovered State variable : 
Heat dissipation waffle iron

• Same timer trends as waffle 
iron

• Small phase offset from heat 
source, suggests heat 
dissipation



Discovered State variable : Clothes iron

• Trends of two timers
• Built-in thermostat in equipment

• Signs of a user manually 
adjusting timer



Discovered State variable : Curling iron

• Trends of two timers
• Built-in thermostat in equipment
• 30min timer on equipment

• Manual timers in end of day

• Deviation around lunch
• User paused equipment due to 

potential fire hazard



Example of 
hybrid modelling:

Hyperspectral monitoring of the drying
of wood



Figure 2.12.1. The experiment. a) Illustration of experimental setup used to measure the spectral reflectance and weight of a drying

wood sample. b) RGB rendering of wood sample in wet state (drying time = 0 hours). c) RGB rendering of wood sample in dry state

(drying time = 21 hours).

a)

What are the
causes that control
wood drying ?

* Spectra?
* Spatial patterns?
* Time dynamics?

(2200 x 1070) 

pixels

× 159 

wavelengths

× 150 time points. 
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wood sample. b) RGB rendering of wood sample in wet state (drying time = 0 hours). c) RGB rendering of wood sample in dry state

(drying time = 21 hours).
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>300 GB raw data 
from one
experiment

What are the
causes that control
wood drying ?

* Spectra?
* Spatial patterns?
* Time dynamics?
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pixels

× 159 

wavelengths

× 150 time points. 



Limited 
understanding

Quantitative Big Data in Bio-sciences

Big Data

P. Stefansson, J. Fortuna, H. Rahmati, I. Burud, T. Konevskikh, H. Martens (2019): Hyperspectral video analysis: Hyperspectral image data streams

interpreted by modeling known and unknown variations. In press.

>300 GB raw data 
from one
experiment



Limited 
understanding

Machine learning:
Opening the black box

No
understanding

No Learning

Uncertain
Control

Big Data

Quantitative Big Data in Bio-sciences

« AI » :
>300 GB raw data 
from one
experiment



Theory-driven 
mathematical modelling: 

Multivariate meta-modelling

Limited 
understanding

Big Data

Quantitative Big Data in Bio-sciencesQuantitative Big Data in Bio-sciences

« XAI » : Combine knowledge and data
>300 GB raw data 
from one
experiment



Theory-driven 
mathematical modelling: 

Multivariate meta-modelling
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We need more Mathematical Modelling, more Statistical Assessment 
and more Learning from Data, 

but less Macho Mathematics, less Gucci Statistics and                                    
less Blind Machine Learning

Since the Enlightenment: Understand more!
Now, with BIG DATA: Understand less?

BIG DATA: 
Keep humans in the loop!



Thank you!
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