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Abstract

This thesis is a part of a project where a new method, the base descriptor approach,
is studied. The purpose of this method is to reduce drift and extract vital informa-
tion from electronic tongue measurements. Reference solutions, called descriptors,
are measured and the measurements are used to find base descriptors. A base de-
scriptor is, in this thesis, a regression vector for prediction of the property that the
descriptor represent. The property is in this case the concentration of a chemical
substance in the descriptor solution. Measurements from test samples, in this case
fruit juices, are projected onto the base descriptors to extract vital and drift-stable
information from the test samples. The base descriptors are used to determine the
concentrations of the descriptors’ chemical substances in the juices and thereby
also to classify the different juices. It is assumed that the measurements of samples
of juices and descriptors drift the same way. This assumption has to be true in
order for the base descriptor approach to work.

The base descriptors are calculated by multivariate regression methods like
partial least squares regression (PLSR) and principal component regression (PCR).

Only two of the descriptors tested in this thesis worked as basis for base descrip-
tors. The base descriptors’ predictions of the concentrations of chemical substances
in the juices are hard to evaluate since the true concentrations are unknown. Com-
paring the projections of juice measurements onto the base descriptors with a
classification model on the juice measurements performed by principal component
analysis (PCA), there is no significant difference in drift of the juice measurements
in the results of the two methods. The base descriptors, however, separates the
juices for classification somewhat better than the classification of juices performed
by PCA.

Keywords: multivariate calibration, PLSR, PCR, PCA, regression, drift, base
descriptors, electronic tongue.
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Notation

Symbols

x, a, A Italic lower-case letters are used for scalar values of a variable,
e.g. x. Italic lower-case and upper-case letters are used for
constants, e.g. a and A.

xi, xj The ith scalar value in a series of scalar values. The scalar
values are often collected in vector x and xi would then be the
ith row of that vector if the vector is a column vector. If the
vector is a row vector the index is j and xj is then the scalar
value of the j th column of a row vector.

xij A scalar value which emanates from a matrix X. The indexes i
and j tells the scalar value’s location in the matrix. The index
i tells the row in the matrix. The index j tells the column in
the matrix.

x, y Boldface straight lower-case letters are used for vectors. A vec-
tor is in this thesis always a column vector if not explicit declared
otherwise.

1xi The ith vector in a series of vectors. The vectors are often
collected in a matrix X and the index 1 tells the vectors are
collected as rows in the matrix. xi is then the ith row of the
matrix. The index 1 are only showed in situations where it
seems motivated.

2xj The j th vector in a series of vectors. The vectors are often
collected in a matrix X and the index 2 tells the vectors are
collected as columns of the matrix. xi is then the j th column
of the matrix. The index 2 are only showed in situations where
it seems motivated.
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X, Y Boldface straight upper-case letters are used for matrices.
Xj The j th matrix in a series of matrices.
X(1D1), x(1D1) The first index, which is a number, tells from which replicate

the measurements emanates, in this case replicate 1. This index
can also be set to a and that means that measurements of all
replicates are included. The second index set to D tells that
the measurements are of descriptors. The second index set to
J tells that the measurements are of juices. The third index
is a number that tells from which specific descriptor or juice
the measurements are. The number gives the specific juice or
descriptor by being the row in the tables 5.3 or 5.4. If the
third index is set to a, it means that all descriptors or juices are
included.

Xc, yc The boldface index c tells that a vector or a matrix is mean
centered.

mX , my, sy The index X and y tells that the vector mX or a the scalar
variable my or sy represent a property of the matrix X and the
vector y respectively.

ŷ The hat-symbol are used for predicted values.
Ea, Ka, Qa The boldface index a represent the number of coefficients in-

cluded when building the indexed matrix. A description of what
a component is, is given by the context where the index is used.

Mn Curly upper-case letters are used for spaces. The index n tells
the dimensionality.

Variables

A The coordinates of the centroid projections.
b Regression vector for a prediction model, e.g. PCR and PLSR.
c A Centroid, which means a mean vector of measurements of the

mid-concentration for one descriptor in one separate replicate.
C A matrix of centroids. The centroid vectors are rows in the

matrix.
d Number of base descriptors.
D One of the three matrices of a SVD decomposition.
ε A vector with the regression error of a prediction model.
E The residual matrix with structures of X not described by a

model, e.g. PCA or PLS.
F The residual matrix with structures of Y not described by a

model, e.g. PLS.
G Transformation matrix in the PLSR algorithm described by

Höskuldsson.
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Ka Reduced controllability (Krylov) matrix.
Mn The n variables in X can be viewed as vectors that spans an n-

dimensional space Rn, which in this thesis is called Mn. Each
measurement then becomes a point inMn.

m Number of measurements.
mX Mean vector for the matrix X. The mean values are for each

column in X.
my Mean value for a vector y.
n Number of variables.
p Loading vector of a PLSR or PCR model.
P Loading matrix with loading vectors as columns.
q Loading vector for Y data of a PLSR model.
Q Loading matrix for Y data of a PLSR model. The loading

vectors q are collected in rows of the matrix Q.
Qa One of the two matrices of a QR decomposition. Qa has no

relation to the loading matrix Q.
r Transformation vector in the PLSR algorithm described by

Höskuldsson.
sy The standard deviation of a vector y.
s2y The variance of a vector y.
t Score vector of a PLSR or PCR model.
T Score matrix with score vectors as columns.
U One of the three matrices of a SVD decomposition.
V One of the three matrices of a SVD decomposition.
w Weight vector of a PLSR model
W Weight matrix with weight vectors as columns.
X The data from the electronic tongue is structured in a matrix

X ∈ Rm×n. Each row is a measurement and each column is a
variable.

Xnew New Electronic tongue data, which is unknown to a prediction
model and is thereby used to test the predictability of a model.
This kind of data is also known as test data.

y The response variable. A vector with a value, which we want
to predict, for each measurement in X. In the measurements of
this thesis the value is the concentration of descriptor’s chemical
substance.

z Vector with the concentrations of a descriptor’s chemical sub-
stance in the test samples. One concentration value for each
measurement of a test sample.

vii



Operators and functions

f A general mathematical function.
xT ,XT The transpose of the vector x or the matrix X.
||x||1 The 1-norm, which is calculated as the sum of the absolute

values of all the elements in the vector x.
||x||2 The 2-norm, the Euclidean norm, which is calculated as the

square root of the sum of the squared values of all the elements
in the vector 2xi.

||x||∞ The infinity norm, which is calculated as the maximum in ab-
solute value of the elements in the vector x.

||X||F The Frobenius norm of a matrix X. This norm is calculated as
√

tr[XTX].
tr[X] The trace of a matrix X, which is calculated as the sum of the

diagonal elements of the matrix.

Abbreviations

A/D-D/A Analogue/Digital and Digital/Analogue
Ag/AgCl Silver/SilverChloride
AVE Amount of Variance Explained
Au Gold
CE absolute Calibration Error
CPLS Controllability PLS solution
CRA Clustered Regression Analysis
HDL Helmholtz Double Layer
IHP Inner Helmholtz Plane
Ir Iridium
LV Latent Variable
LS Least Square
LAPV Large Amplitude Pulse Voltammetry
LOO Leave-One-Out
MLR Multiple linear Regression
NIPALS Nonlinear Iterative Partial Least Squares
ODP Optimal discriminative projection
OHP Outer Helmholtz Plane
PC Principal Component
PCA Principal Component Analysis
PCR Principal Component Regression
PE absolute Prediction Error
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PLS Partial Least Square
PLSR Partial Least Squares Regression
Pt Platinum
redox reduction and oxidation
Rh Rhodium
RMSEP Root Mean Square Error of Prediction
SIMPLS Straightforward Implementation of a statistically inspired Mod-

ification of the PLS method
SVD Singular Value Decomposition
TAVE Total Amount of Variance Explained

Nomenclature

Base descriptor The regression vector that predicts the concentration of the de-
scriptor’s chemical substance. In Petersson’s master thesis [1] a
base descriptor is a vector that represents the mid-concentration
of the three measured concentrations of a descriptor’s chemical
substance. The base descriptors are calculated by centroids and
QR-decomposition in [1] .

Centroid The mean vector for measurements of samples of one concen-
tration of one descriptor. The mean vector is calculated by a
summation of the rows for each column in X(1D1) and then di-
viding each summation by the number of rows.

Descriptor Samples of a specific chemical substance, e.g. sodium chloride.
A descriptor is created by solving the chemical substance in a
solvent, e.g. water. The difference between the samples of a
descriptor is the concentration of the chemical substance.

Measurement One measurement of a sample with the electronic tongue. A
row of the data matrix X.

Pool An equal mix of the samples of all juices, diluted with water.
Replicate A session of measurements on all base descriptors and juices.

The difference between different replicates is the point of time
when they are measured. The time-lag within a session is ap-
proximately five hours. The time-lag between two replicates is
irregular and varies between one and eight days.

Sample Test tube with a liquid solution.
Variable Time-discrete measurement point in the current response of the

electronic tongue signal. The columns of the data matrix X.
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Chapter 1

Introduction

Today there is a large development of products that strives to make our life easier.
One such product would be a refrigerator that tell us when groceries are to old and
we should throw them out. An example would be to tell when milk is sour. To
make a refrigerator able to do such a thing we need to find a way to measure the
property of sourness of milk. A sensor system that might be able to do that is called
the electronic tongue. The electronic tongue gives a large amount of data and we
need to find methods for extracting relevant information from that data. An idea,
which is a part of the main idea behind this thesis, is to categorize the information
the same way as the human sense of taste. Humans taste can be categorized into
four qualities; sweet, salt, sour and bitter.

The main idea behind this thesis was to see if it is possible to use measurements
of reference samples based on chemical substances like for example glucose, sodium
chloride and citric acid to calculate so called base descriptors, which then are used to
extract relevant and drift-stable information, see Section 1.1.1, from measurements
of different test samples, in this case juice samples. A sample in this thesis is a test
tube with a liquid solution. A reference sample is created by solving the chemical
substance in a solvent, e.g. water. The reference samples are called descriptors in
this thesis. A measurement is the signal response from the electronic tongue when
it measures a sample. A base descriptor is in this thesis a regression vector that
predicts the concentration of a descriptor’s chemical substance for measurements of
the different test samples. The base descriptors can also be viewed as base vectors
in the multi-dimensional Euclidean space that measurements of test samples gives
rise to. Projection of a measurement of a test sample onto a base descriptor gives
the test sample’s concentration of the chemical substance that the base descriptor
represent.

1



2 Introduction

1.1 Background

The measurements that the numerical evaluations of this thesis are based on were
performed by Henrik Petersson, see Section 5.1 and for further information see [1].
These measurements were performed with the Linköping electronic tongue devel-
oped by S-SENCE, Linköpings universitet, see Section 2 and for further information
see [2].

1.1.1 The Problem of Drift

A serious problem with the electronic tongue is that the sensor is drifting. Drift
is a gradual change over time in the sensor response during constant conditions.
This can be viewed geometrically as a movement of the measurement points in the
data space when the same sample is measured at different points of time. Ideally
the measurement points should appear at the exact same point in the data space
but due to drift the measurements points move with time. The main reason for
using base descriptors would be to reduce the influence of drift. The measurements
of the reference samples that give the base descriptors and the measurements of
juice samples are believed to drift in the same way. This is the basic assumption of
the approach with base descriptors and this assumption has to be true in order for
the base descriptor approach to work. The projections of measurements of juice
samples onto the base descriptors based on measurements of reference samples, both
measured at a time t1, will therefore give the same concentrations as projections
based on measurements at a later time t2. This can be viewed geometrically as
that the base descriptor vectors moves and follows the movement of the sample
measurements in the data space. The influence of drift will thereby be removed.
The base descriptors can however not be estimated for every new measurement of
a juice sample since that would be too time consuming. The base descriptors will
rather be updated within some intervals, based on how strong the drift is. This will
not fully remove the drift but hopefully reduce it so its effects is negligible. The
reason for choosing chemical substances like sodium chloride and citric acid is that
they are chemically different and are therefore believed to give different electronic
tongue signals.

1.2 Problem Specification

In order to find base descriptors we have calibration data, which are measure-
ments of descriptors with known concentrations of the chemical substances that
the descriptors represent. The problem of finding a base descriptor gives a linear
regression model, see (1.1).

y = Xb+ ε (1.1)

X ∈ Rm×n is a matrix in which each row is one measurement of a sample and
each column is one variable in a measurement. A variable is here defined as one



1.2 Problem Specification 3

time discrete measurement point in the current response of the electronic tongue
signal. y ∈ Rm is a vector with concentrations of the chemical substance that
the base descriptor represent. b ∈ Rn is the regression vector and thus our base
descriptor. ε ∈ Rm is a vector with the regression error.

To find the base descriptor, i.e. determine b, we need a criterion for b in
(1.1). One such criterion would be a b that minimizes ||ε||2, which leads to the
minimization problem shown in (1.2).

b̂ = argmin
b

||Xb− y||2 (1.2)

In the normal case of regression we have more samples than variables, m >
n. If X is of full column rank a common method to solve (1.2) is the least square
(LS) method. In our case we have m < n. This means that solving (1.2) leads to
solving an under determined equation system. Since the equation system is under
determined, it does not have an unique solution. In order to solve this problem
we need to reduce the number of variables in X. Different projection methods
exist for doing that. In this thesis we will use the projection methods principal
component analysis (PCA) and partial least squares (PLS), see Chapter 3. The
reduced X can then be used in the regression model, which then is solvable. The
projection methods PCA and PLS have corresponding regression methods called
principal component regression (PCR) and partial least squares regression (PLSR).
These regression methods will be used to find the base descriptors. The regression
methods are general and not problem specific.

The aim of the thesis can be summarized as follows:

• Evaluate if the regression methods PCR and PLSR can be used to find reliable
base descriptors. The base descriptors should preferably be orthogonal in
the sense that a change in concentration of one base descriptor’s chemical
substance is only detected on its base descriptor and not on the other base
descriptors. It should be noted that orthogonal base descriptors might not
be possible to find since such directions in the measurements of the electronic
tongue might not exist.

• Evaluate which chemical substances can be used in descriptors as basis for
calculation of base descriptors.

• Evaluate if the base descriptors can be used to predict the concentration of the
chemical substances of the descriptors in the juice samples and thereby also
classify the juices. The classification ability of the base descriptors should be
compared to classification results of PCA on the measurements of the juices.

• Evaluate if the base descriptors can be used to reduce drift in electronic
tongue measurements.



4 Introduction

1.3 Reader’s Guide

Chapters 2 and 3 describes the background theory of this thesis. Chapter 2 de-
scribes the theory that the Linköping electronic tongue is based on and how this
electronic tongue is constructed. The Linköping electronic tongue are used to per-
form the measurements that are used in the numerical evaluations of this thesis.
Chapter 3 describes the theory for the methods of multivariate calibration that
are used in the numerical evaluations. Chapter 4 describes how the methods of
multivariate calibration are used in the numerical evaluations. Chapter 5 describes
the numerical evaluations that have been done and their results. Chapter 6 gives
the conclusions and suggestions to further studies.



Chapter 2

The Electronic Tongue

The name “electronic tongue” has its origin in that the electronic tongue works
in a way that in some sense resembles the way the human tongue sense taste.
The human sense of taste is however far more complex and not fully understood.
The electronic tongue is a sensor system which is used to measure and extract
information from complex liquid solutions. The main difference between a sensor
systems like the electronic tongue and ordinary sensors, like for example a pH-
meter, is that the pH-meter is a selective sensor and the electronic tongue is a
non-selective sensor. A selective sensor only reacts to a single type of stimuli. A pH-
meter measures the pH-value of a solution and the response is a scalar value. A non-
selective sensor reacts to many different stimulies and the response is a large amount
of data, which is analyzed by multivariate analysis methods in order to extract
relevant information. When using an electronic tongue based on voltammetry, see
Section 2.1, the response is a current which is generated through electrochemical
reactions in the measured solution. The electrochemical reactions are triggered
by an applied potential. The chemical reactions are different depending on many
different factors, for example which kind of solution is measured and the magnitude
of the applied potential. The current responses are thereby different and contain
different information depending on what is measured and how the measurements
are performed.

The electronic tongue used in this thesis is developed by S-SENCE, Linköpings
universitet [2]. This electronic tongue is at this time not a product ready for
industrial applications, but rather an ongoing project with a promising outlook.
Examples of possible application areas for the electronic tongue:

• Measure microbial growth in a paper process [3].

• Wet-end monitoring in paper industry [4].

• Measure defects and quality variations in wine [5].

• Measure water quality in washing machines and its effects on textile washing
results [6].

5
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• Measure ozone concentrations [7].

There also exist other electronic tongues such as the Russian-Italian electronic
tongue [8] and the Japanese taste sensor [9]. They are both based on potentiometry.
In potentiometry the potential between an ion-selective electrode and a reference
electrode is measured. The potential should ideally only be dependent on the ion of
interest in the sample. The Linköping electronic tongue is based on voltammetry.
Voltammetry has several advantages such as high sensitivity, versatility, simplicity
and robustness. It also offers a wide range of analytical possibilities, such as cyclic,
stripping and pulse voltammetry. Both voltammetry and potentiometry is electro-
chemical methods. Other possible methods for electronic tongues are oscillating
sensors and optical sensors [10].

2.1 Voltammetry and Electrochemistry

Voltammetry is a measurement principle in which the current is measured as a
function of the applied potential. A setup for using voltammetry is the three elec-
trode configuration. It consists of a working electrode, an auxiliary electrode and a
reference electrode. The applied potential is set out between the working electrode
and the auxiliary electrode. This generates a current between the working elec-
trode and the auxiliary electrode. The current is due to electrochemical reactions.
The applied potential is held stable by relating it to the constant potential of the
reference electrode.

2.1.1 The Measured Current in Voltammetry

The current measured in voltammetry consists of the sum of two currents, I = Ic+
If . Ic is called charging current and If is called faradic current. The two currents
emanates from different types of chemical phenomena, see Sections 2.1.2 and 2.1.4.
When a potential step is applied to the working electrode, there is initially a sharp
current. Both currents are then present, but the charging current is dominant.
Both currents are then decaying. The charging current decays exponentially as the
electrical double layer is being charged. The faradic current decays proportional
to 1/

√
t as the electro-active species is being consumed by redox reactions. t is

the time. As the charging current decays more rapidly, the total measured current
almost only contains of the diffusion limited faradic current If at the end of the
transient response, see Figure 2.1. The size and the shape of the transient response
reflects the concentration and diffusion coefficients of the electroactive species in a
solution.

2.1.2 The Charging Current

When a potential is applied to the working electrode, the electrode surface becomes
charged. Excess ions of opposite charge in the solution will then move to the elec-
trode to compensate for the excess charge of the electrode. The excess ions forms a
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time

current

Figure 2.1. The measured current in voltammetry.

compact layer. The electrode surface and the compact layer are known as the elec-
trical double layer [11]. The movement of the ions creates a current called charging
current or capacitive current. The electrical double layer’s characteristics is similar
to the characteristics of a capacitator. The charging current is initially a sharp
current but decays exponentially as the charge of the electrode is compensated for.
When the electrode is polarized the charging current is zero. The charging current
does not involve any chemical reactions, it only causes accumulation or removal of
electric charges on the electrode surface and in the solution near the electrode.

The charging current Ic generated during a potential step for a disc electrode
is described by (2.1).

Ic =
E

Rs

e
−t

RsCd (2.1)

This equation emanates from the fact that the electrochemical cell, i.e. the solution
and the electrode, is represented by an electrical circuit, consisting of a resistor Rs

and a capacitator Cd . The resistance Rs represents the solution resistance and the
differential capacitance Cd represents the double layer. The E in the equation is
the magnitude of the the applied potential step and t is the time point for which
Ic is calculated. Cd is generally a function of potential and the model described
here is then only strictly accurate for experiments where the change of overall cell
potential is small. If the change is large, estimation of Ic can be obtained by using
an average of the changing Cd . For more information about (2.1) see [11].

2.1.3 Gouy-Chapman-Stern Model of the Double Layer

To further explain the compact layer mentioned in section 2.1.1, the compact layer
can be divided into two parts, the inner Helmholtz plane (IHP) and the outer
Helmholtz plane (OHP). Closest to the electrode surface is the inner Helmholtz
plane. It contains solvent molecules and ions which are contact absorbed to the
electrode surface. They are only partially solved. Next to the IHP is the outer
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Helmholtz plane. It contains molecules absorbed to the electrode surface through
a separating mono-layer of water and solvent molecules. The molecules of this layer
is fully solved. The IHP and OHP together with the charges of the electrode forms
a model of the electric double layer described in section 2.1.1. The model is called
the Helmholtz double layer (HDL) [12, 3].

There exist other models of the double layer. The Gouy-Chapman model is
a model with only one layer in the solution [12]. This layer is called the diffuse
layer. In this layer the excess ions of the solution are non-uniformly distributed
in the close surroundings of the electrode. The ion concentration is largest at the
surface of the electrode and decreases non-linearly until they reach the normal
concentration of the solution. The ions of the diffuse layer are under the influence
of the electric field generated by the electrode potential. The electric field tries to
order the molecules but thermal forces is at the same time disordering them. The
two forces creates the diffuse layer.

Finally there is a model called Gouy-Chapman-Stern model of the double layer
[12]. It is basically a combination of the Helmholtz and the Gouy-Chapman model.
It contains of the inner and outer Helmholtz planes close to the electrode surface
forming the compact layer and the diffuse layer on the outside of the compact
layer. The compact layer and the diffuse layer are a model of the charge on the
solution side of the electrode/solution interface. The other half of the double
layer is the excess charges in the electrode. Outside the compact and the diffuse
layer is the effect of the applied potential negligible since the compact and the
diffuse layer contains enough charge to compensate for the charge of the electrode.
The different layers in the Gouy-Chapman-Stern model of the double layer can be
viewed in Figure 2.2. For more information see [11, 12, 3]

2.1.4 The Faradic Current

The faradic current is caused by chemical reactions at the electrode surfaces. These
reactions are reduction and oxidation (redox) of electroactive species, i.e. ions and
molecules, in the solution. The reactions that occur are those who have a redox
potentials below the potential applied to the electrode, i.e. the reactions are caused
by the applied potential. The current is called faradic since it obeys Faraday’s law.

The faradic current If generated during a potential step for a disk electrode is
described by the Cottrell equation (2.2).

If =
nFA

√
DC√

π · t
(2.2)

In this equation is n the amount of electrons in mole, F is the Faraday constant, A is
the electrode area, D is the diffusion coefficient, C is the concentration of an electro-
active species and t is the time. Diffusion is the movement of chemical species due
to concentration difference. The species will move from the high concentration
area to the low concentration area until the concentration level is equal. For more
information about the Cottrell equation see [11, 12].
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Figure 2.2. the Gouy-Chapman-Stern model of the double layer

2.2 Pulse Voltammetry

There are various methods applicable in voltammetry. Pulse voltammetry is of
special interest since it has great sensitivity and resolution. There are several types
of pulse voltammetry. For example large amplitude pulse voltammetry (LAPV),
small amplitude pulse voltammetry (SAPV) and staircase voltammetry. LAPV is
the type of pulse voltammetry used in this thesis and is the only type described
here. For more information on SAPV and staircase voltammetry see [2, 4].

In LAPV the electrode is at first held at a base potential, usually zero volt,
at which negligible electrode reactions occur. After a fixed waiting period, the
potential is stepped to a preset value and held for the same waiting period as the
base potential. The applied potential will give rise to a current due to chemical
reactions as described in Section 2.1.1. Then the potential is stepped back to the
base potential again. Similar but opposite chemical reactions will then occur. The
potential is then stepped consecutively to preset potentials of increasing amplitude.
Between each potential step the base potential is applied. Applying potentials of
different amplitudes allows different chemicals reactions to occur. All potential
steps are held the same waiting period. The pulse train starts at a preset minimum
value and is stepped up with equal increase for every step until a preset maximum
is reached. In Figure 2.3 can an example of LAPV applied consecutively to the
four working electrodes of the electronic tongue be viewed.
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Figure 2.3. LAPV pulse train stepped from -0.6V to 0.8V is applied consecutively to all
four working electrodes (top plot). One electronic tongue measurement containing of the
current responses from the four working electrodes generated by the LAPV pulse train
(bottom plot). The electronic tongue is set to automatically switch between the four
working electrodes. The switching is performed by the relay box, see Section 2.3.

2.3 The Linköping Electronic Tongue

The electronic tongue used in this thesis is developed at S-SENCE, Linköpings
universitet, and it is based on pulse voltammetry [2]. The electronic tongue is a
sensor system and it contain the following five parts (also see Figure 2.4);

1. Probe

2. Relay box

3. Potentiostat

4. A/D-D/A converter (Analogue/Digital and Digital/Analogue)

5. Computer

The probe consists of four working electrodes, a reference electrode and an aux-
iliary electrode. Each working electrode is plated with a noble metal. The four
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noble metals are gold (Au), iridium (Ir), platinum (Pt) and rhodium (Rh). The
working electrodes are mounted inside the probe in a stainless steel tube. The
steel tube works both as an outer casing for the probe and as the auxiliary elec-
trode. The reference electrode is an silver/silverchloride (Ag/AgCl) electrode. A
picture1 of the probe can be viewed in Figure 2.5. The probe is connected to a
relay box. The relay box switches between which of the four working electrodes to
use as working electrode in the three electrode configuration. The three electrode
configuration is a setup used in voltammetry and it consists of a working electrode,
a reference electrode and an auxiliary electrode. The potential is applied to the
working electrode. This potential is related to the potential of the reference elec-
trode, which is held at a constant potential. This gives a more accurate value of the
potential applied to the working electrode. The current generated by the applied
potential is measured between the working electrode and the auxiliary electrode.
The potentiostat is connected to the probe via the relay box. The potentiostat is
a high accuracy power source and an ampere-meter. It sets out the potentials to
the electrodes and measures the generated current. The probe, relay box and the
potentiostat is connected to a computer via an A/D-D/A converter. The computer
controls the relay box and the potentiostat via a controlling program. The con-
trolling program is a customized LabView module from National Instruments, see
[3]. The computer also stores the data from the measurements. A picture2 of the
experimental setup, which were used to perform the measurements that this thesis
is based on, can be viewed in Figure 2.6. All parts of the experimental setup are
not showed in this picture. The circuit diagram of the electronic tongue can be
found in [3].

Computer A/D-D/A

Relay box and
PotentiostatP

ro
b
e

Sample

Figure 2.4. System setup of the electronic tongue.

1The picture of the probe is taken by Henrik Petersson
2The picture of the experimental setup is taken by Henrik Petersson
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Figure 2.5. To the left is the probe. To the right is a caliper set to 1 cm.

Figure 2.6. Experimental setup of the electronic tongue. To the left is the probe. To
the right is the relay box and the potentiostat.



Chapter 3

Multivariate Calibration

To “calibrate” traditionally means to tune an instrument so that it measures ac-
curately. For example a letter scales, it could be calibrated by weights with known
masses so that the letter scales measures the weight of a letter accurately. The
example just mentioned is of univariate data. Univariate data means that the
data only contains one variable. Multivariate data means that we have multiple
variables x1 x2 . . .xn, i.e. data can vary in n directions in the data space. The
variables are often collected as columns in a matrix X. The calibration given in the
example above is called absolute calibration. The word calibrate in multivariate
calibration is here generalized in the following way, which also can be referred to
as relative calibration: To calibrate is to use empirical data and prior knowledge
to determine how to predict unknown information y from available measurements
X, via some mathematical function f. This can be described by (3.1).

ŷ = f(X) (3.1)

Multivariate calibration is then to determine how to use many measured variables
x1 x2 . . .xn simultaneously to predict a variable y, i.e. to find f . The prediction
of multivariate calibration could also be multivariate, which means prediction of
multiple variables y1 y2 . . .yk collected in a matrix Y.

Multivariate calibration can be divided into two stages. The first stage is the
calibration stage and it contains of two steps. The first step is to find a model,
i.e. f, that describes the connection between X and y. The second step is to
validate the model. The validation is used to determine the correct complexity
of the model and to estimate the model’s prediction ability. The second stage of
multivariate calibration is the prediction stage. Now the final model is applied to
new measurements Xnew, in order to predict new unknown values ŷ. Xnew are
future measurements, which are not included in the building of the model.

13
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3.1 Data Arrangement

Here is presented the nomenclature for data arrangement in this thesis. The mul-
tivariate data is structured in a matrix X ∈ Rm×n. The rows in X, i.e 1xi, are
termed measurements and the columns, i.e 2xj , are termed variables. m is the
number of measurements and n is the number of variables. Each row is a measure-
ment of a sample with an instrument at one specific point of time. The difference
between rows are either measurement of different samples or of the same sample
but measurement made at different points of time. Each column is a measured
variable, which for example could be measurements made by different instruments,
such as instruments for measuring PH and temperature. In the case of the elec-
tronic tongue, each variable is a time discrete measurement point in the current
response of the electronic tongue signal. The reference variable y ∈ Rm is a vector.
Each row is the reference value for the corresponding measurement, row, in the
matrix X. It is possible to have multiple reference variables y1 y2 . . . yk, which
then is collected in a matrix Y ∈ Rm×k. k is the number of y variables. The
prediction of a variable y for a prediction model is called ŷ.

The data in X can be interpreted geometrically. The n variables in X can be
viewed as vectors 2x1 2x2 . . . 2xn that spans an n-dimensional space Rn. This
measurement space is in this thesis called Mn. Each measurement then becomes
a point inMn.

X =
[

2x1 2x2 . . . 2xn

]

=











1x1

1x2

...

1xm
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3.2 Data Preprocessing

Data preprocessing is performed to enhance the data and make it more representa-
tive for the features of interest. This increases the prediction ability of prediction
models. When building a prediction model it is important to perform the same
data preprocessing on both calibration data and test data. Calibration data is data
that is used to build the prediction model and test data is data that is used for val-
idation of the the model, see Section 3.6. The same preprocessing should of course
also be performed on new data when new data is given to the prediction model.
The following three Sections of this Chapter describes three common preprocessing
techniques, namely centering, scaling and outlier detection.

3.2.1 Centering

Mean centering is performed on the variables, columns, of X and y. It is accom-
plished by subtracting the mean of a column of X from all of the elements in that
column. The subtraction is performed individually to all columns of X. The same
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goes for the vector y or the matrix Y. The row vector mX is the mean vector
for the matrix X. mX contains a mean value for each column of X and mX is
calculated by (3.2).

mX =
1

m

m
∑

i=1

1xi (3.2)

1xi is the ith row of X. my is the mean value for a vector y and my is calculated
by (3.3).

my =
1

m

m
∑

i=1

yi (3.3)

The mean centered matrix Xc is calculated by (3.4).

Xc = X−mX (3.4)

In (3.4) is the row vectormX subtracted from all the rows ofX. The mean centered
vector yc is calculated by (3.5).

yc = y −my (3.5)

Geometrically the mean centering can be viewed as a movement of the center of
the cluster of data points in the data space of X to origin in the data space. To
decide if mean centering is beneficial, compare the result of the analysis when it is
performed using centered data and non-centered data. Generally mean centering
gives better results. When using the regression method PCR or PLSR it is always
recommended to mean center data. PCR and PLSR are described in Sections 3.4
and 3.5. If data is not centered when using the projection method PCA, the first
PC, which is the direction in the data space of X that contains the maximum
variance, will in most cases almost only contain the mean of the data. This is since
in most cases is the distance from origin to the center of the cluster of data points
in the data space larger than the distance between the data points in the cluster.
Geometrically this means that the first PC is a vector from origin to the center of
the data cluster in the data space of X. This is usually not a good thing since we
want to model the variance of the data within the data cluster and not the variance
relative origin. PCA are further described in Section 3.4.

3.2.2 Scaling

There exists two types of scaling of a matrix X. The first is scaling of the measure-
ments, rows, of X. The second is scaling of the variables, columns of X. In this
section is two scaling methods, normalization and standardization, described. Nor-
malization is a method that does a scaling of measurements and standardization is
a method that does a scaling of variables.
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Normalization

Normalization is a scaling of measurements and it is achieved by dividing each
element in a measurement by a constant. This means dividing all elements in a
row of X with the same constant and then division with different constants for
different rows. Three types of constants, i.e. norms, for normalization of a row
vector exists: ||2xi||1 , ||2xi||2 and ||2xi||∞ . The norm ||2xi||1 is calculated as the
sum of the absolute values of the elements in the vector, see (3.6). This leads to a
normalization to unit area.

||2xi||1 =

n
∑

j=1

|xj | (3.6)

The norm ||2xi||2 is calculated as the square root of the sum of the squared values
of the all the elements in a vector, see (3.7). This leads to normalization to unit
length.

||2xi||2 =

√

√

√

√

n
∑

j=1

x2
j (3.7)

The norm ||2xi||∞ is calculated as the maximum in absolute value of the elements
in a vector, see (3.8). This leads to normalization so that the maximum intensity
is equal to one.

||2xi||∞ = max
j
|xj | (3.8)

Normalization is performed in order to remove systematic variations in the mea-
surements. There is however a risk of removing vital information along with the
systematic variations when performing the normalization.

Standardization

Standardization or Variance scaling is a scaling of variables and it is accomplished
by dividing each element in a column vector by the standard deviation of that
vector. This leads to that all variables have the same variance, which then is equal
to one. An estimate of the standard deviation for a variable y is represented by
sy, which is a scalar value. sy is calculated as the square root of the variance s2

y.
An estimate of the variance s2

y is calculated by (3.9).

s2y =
1

m− 1

m
∑

i=1

(1yi −my)
2 (3.9)

The division with m− 1 gives an estimation with a correct expectation value. mx

is the mean value of the variable vector x, see Section 3.2.1. An estimate of the
standard deviation is then calculated by (3.10).

sy =
√

s2y (3.10)
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The standard deviation for all the variables of X are calculated the same way as
described above. The index s, for a matrix Xs shows that the matrix is standard-
ized.

The primary reason for standardization is to remove weighting of variables
that is artificially imposed by the scales of the variables. This is important since
many multivariate data analysis methods have models in which variables with
large ranges has a larger impact than other variables. PCA is an example of such
a method. The scales of variables are different in the case when we measure the
variables with different instruments. Measuring for example the mass and the
temperature. A small change in mass could be of greater importance theoretically
than a large change in temperature but the impact on the model is larger by the
temperature change. There is also an artificial weighting by the choice of unit
for measurement. If we have the example of mass. If the mass is measured in
kilograms the range of the variable may be small, but if we change the unit to
grams the range is increased by a factor of 1000. This problem can be avoided by
variance scaling, standardization, because then all variables have equal chance to
influence the model. A problem with standardization is that if the variation of a
variable is small in relation to the noise then the noise will be highly amplified.
A variable which contains almost only noise is given the same chance of having
a large impact on a model as a variable with variations due to real phenomenas.
When standardization is performed, mean centering is often performed at the same
time. The two together is called auto-scaling. The choice of standardization or not
is problem specific. It has both advantages and disadvantages.

3.2.3 Outlier Detection

An outlier is a measurement that has strongly different features compared to the
majority of the measurements. The difference of an outlier is either a good thing or
a bad thing. When we have bad outliers, the difference is due to errors and mistakes
in the measurement procedure. In this case it is important to detect the outliers
and remove them from data before building a prediction model. The outliers are
here not representative for the data and they would have a large influence on the
model, which would decrease the the model’s predictability. A good outlier on the
other hand is a measurement that has captured a unique property not captured by
the other measurements. Such a property could for example be a specific chemical
reaction. In this case the outlier should not be removed since it represents a feature
that can occur in future measurements. It is important to thoroughly investigate
an outlier to find out if it is an outlier because of errors and mistakes in the
measurement procedure before removing it for the data. This is because there is
otherwise a chance that the outlier is a good outlier and contains vital information
about the data. For more information on outliers see [13].
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3.3 Multiple Linear Regression, MLR

To find the mathematical function f for the prediction described in Section 3.1
we need a criterion for f. The most logical criterion would be to find an f that
minimizes some norm of the regression error ε ∈ Rm, see (3.11).

y = f(X) + ε (3.11)

For univariate regression, i.e. one variable x and one variable y, a common solution
to (3.11) is the linear least square (LS) solution. This solution corresponds to
fitting a straight line which minimizes the sum of the squared vertical distances
of the points to the line in a plot of y versus x, i.e. minimizing the norm ||ε||2.
The vertical distance is the error between a true value yi and the predicted value
ŷi. There also exists LS solutions which are non-linear. The LS solution can be
described by (3.12)

ŷ = b̂x (3.12)

In the common case of using the LS solution, we have more measurements than
variables, m > n. We are then fitting the line to many measurement points. If
the number of measurements is equal to the number of variables, for univariate
regression that means one measurement, we only have one point in plot of y versus
x. The second point, which together with the measurement point defines the line,
is origin. This means that yi = 0 when xi = 0. Our model has thus no constant
term. If a constant term is to be included we always need one more measurement
than the number of variables to be able to define a regression line. In the case
described above with one measurement, the minimized error of the LS solution is
zero since the line is defined by the measurement point and thereby goes through
the measurement point.

In multivariate regression several variables x1 x2 . . .xn, stored in a matrix X,
are used to predict a variable y. The LS solution is here called multiple linear
regression (MLR) [14]. MLR can be described by (3.13).

ŷ = Xb̂ (3.13)

The regression coefficients b̂ in (3.13) are estimated by (3.14). b̂ is the LS solution
which minimizes the sum of the squared errors y-ŷ.

b̂ = (XTX)−1XTy (3.14)

MLR is easiest described geometrically with only two variables x1 and x2 together
with one y variable. The line in univariate regression here becomes a plane in
the three-dimensional data space defined by the three vectors; y, x1 and x2. The
regression plane describes the y value for all x1 and x2 values. If the number of
measurements is less than the number of variables, MLR has no unique solution.
In this case of two variables we need at least three points, two measurement points
and origin, to define a plane. MLR can be generalized to any dimension of X and
the plane then becomes a multidimensional hyper-plane. MLR can be extended to
predict several y variables.
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3.3.1 Collinearity

Collinearity means that the variables of X is approximate or exactly linearly de-
pendent. Variables are linearly dependent when at least one of the variables can be
expressed as a linear combination of the other variables. When there are collinear-
ities in X, the MLR solution becomes unstable. This is due to the matrix inversion
in (3.14). The closer the variables are to be linearly dependent, the more the
inversion corresponds to a division by zero. This can be described geometrically
with two variables x1 and x2 and one variable y. If the variables x1 and x2 are
collinear, the measurement points will approximately vary along a line in the plane
of x1 and x2. The regression plane described in the previous section would here
be unstable since the plane is defined by measurement points along a line. A small
variation of a measurement point in a direction orthogonal to the line could have
a large impact on the position of the plane by tilting the plane around the line.
Thus if we have collinearity in X, then MLR gives an unstable prediction model.
Furthermore, if the variables are linearly dependent the inversion (XTX)−1 does
not exist and MLR is then impossible to perform.

If we have collinearity in X or the number of variables are larger than the
number of measurement, then MLR is as mentioned not a good model. All the
variables can not be used as different direction in a multidimensional data space
for predicting a variable y. This problem can be solved by using bilinear projection
methods, like PCR and PLSR, which reduces the dimension of the data space to
small number of directions that contains the vital information for prediction of y,
see Sections 3.4 and 3.5.

3.4 Principal Component Regression, PCR

Principal component regression (PCR) is a linear regression method based on prin-
cipal component analysis (PCA) [15, 13, 16, 17]. PCA is an unsupervised method,
which means that only the matrix X is used in the building of the model. Having
data structured in a matrix X and the belonging data spaceMn, see Section 3.1,
PCA reduces the dimension of X while keeping as much of the information in X
as possible. PCA defines information as the variance of the measurement points in
Mn. Mean centering is a preprocessing method that is standard to use with PCA,
see Section 3.2.1. The mean centered data matrix is represented by Xc

3.4.1 Score and Loading vectors

In PCA, Xc is described in bilinear factor form (3.15).

Xc =

a
∑

j=1

tjp
T
j +E = TPT +E (3.15)

The vectors tj ∈ Rm are called score vectors and the vectors pj ∈ Rn are called
loading vectors. A score vector is also called a principal component (PC) in a PCA
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model. The matrix E ∈ Rm×n is a residual matrix with the structures of Xc that
is not described by the PCA model. a is the number of PCs and thereby also
the number of loading vectors that are included in the PCA model. For further
information on the number of PCs for a PCA model see Section 3.4.4.

PCA calculates the score and loading vectors so that the score vectors contains
as much of the variance in Xc as possible. PCA thereby also minimizes the Frobe-
nius norm of the residual matrix, ||E||F . PCA finds the directions in the data space
Mn which contains the maximum variance of the measurement points. Those di-
rections are the loading vectors. The loading vector pj is the direction with the j th
largest variance. The loading vectors are mutually orthogonal. A loading vector is
a linear combination of the original variables. For each loading vector pj , there is
a corresponding score vector tj , which is calculated by projecting Xc onto pj . The
score vector tj is the coordinates for the measurements on loading vector pj . The
score vectors are also mutually orthogonal and thereby uncorrelated. The score
vectors are collected as columns in a score matrix T ∈ Rm×a. By only including
the a first PCs of the total amount of PCs the matrix T becomes a-dimensional,
which is a large reduction in dimension compared to the dimension of Xc. The
matrix T is PCA’s low dimensional approximation of the Xc matrix.

3.4.2 Calculation of Score and Loading vectors

The loading vectors can be calculated by solving an eigen value problem. The
loading vectors pj are then eigenvectors of the covariance matrixXc

TXc, see (3.16).

Xc
TXcpj = λjpj (3.16)

The corresponding eigenvalue λj is the variance of the score vector tj . The score
vectors tj are then calculated by projecting Xc on p, see (3.17).

tj = Xcpj (3.17)

A measure of how much variance is captured by each principal component is the
amount of variance explained (AVEj), see (3.18).

AVEj = 100 · λj

λ1 + λ2 + · · ·+ λn

(3.18)

The total amount of variance explained (TAVE) by a PCA model is then calculated
by summarizing the AV E for all the PCs that are included in the model, see (3.19).

TAVE =

a
∑

j=1

AVEj (3.19)

Another method for calculating the loading vectors is to use singular value
decomposition (SVD) [18]. The SVD is then applied directly to the centered data
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matrix Xc. This is from a numerical perspective a better method. The SVD
decomposition of Xc is described by (3.20).

Xc = UDVT (3.20)

Here is V identical with the loading vectors in the matrix P. Ua is the a first
columns of U and Ua is the same as the score vectors in the score matrix T, but
normalized to length one. Da is the a first rows of D and Da is a diagonal matrix
containing the lengths of the score vectors of T. The diagonal elements of Da are
called singular values and they are the square roots of the eigen values of Xc

TXc.
The score matrix T can then be expressed by (3.21).

T = UaDa (3.21)

This gives that PCA’s decomposition of Xc can be described by (3.22), which is a
variant of (3.15).

Xc = UaDaV
T +E (3.22)

If all components are included, i.e. a = n, then E would be zero.
The data matrix Xc is often very large, especially in the case of the electronic

tongue, which makes both the covariance matrix and the SVD of Xc computionally
heavy to estimate. In the case when we have few measurements in relation to the
number of variables the covariance estimate also becomes uncertain. To solve the
problem with heavy computations there exists iterative algorithms for calculations
of score and loading vectors one at a time. For example the nonlinear iterative
partial least squares (NIPALS) algorithm [19]. The problem with uncertain variance
estimate can only be solved by having more measurements, which of course always
is a problem because the limitations in the number of measurements due to the
time and money aspect. The heavy computations of SVD can also be solved by
using thin SVD [18] or “economy size” SVD as it is called in MATLAB. MATLAB is the
software that has been used for all numerical calculations of this thesis, see Section
4. The thin SVD is applied to XT to meet the thin SVD requirement of m ≥ n.
The thin SVD calculates only m components while to ordinary SVD calculates n
components. This is a large reduction of calculations since n À m for electronic
tongue data.

3.4.3 The PCA Projection

An example of the PCA projection can be viewed in Figure 3.1. Here we have three
dimensions in the original data-space of Xc and we have calculated two loading
vectors p1 and p2. The projection then becomes a projection of the measurement
points in the data space of Xc down to a plane which is spanned by the two loading
vectors. The coordinates of the projection becomes the score vectors t2 and t2,
which can be viewed in the score plot in Figure 3.2. Score plots are used to visualize
the result of a PCA projection. The original data space is often high dimensional,
which make it hard to interpret. The PCA model is low dimensional and therefor
easy to visualize and interpret. Measurements which emanates for the same kind of
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samples are clustered in a score plot. PCA is thereby often used as a classification
model. The loading vectors can also be visualized in a loading plot. A loading plot
are the coordinates of the loading vectors in the original data space, i.e. the linear
combinations of the original Xc variables that gives the largest variance. Loading
plots can be used to determine which variables of Xc has a large influence on the
model and how large that influence is.
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x1

Projection
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p2

Figure 3.1. The PCA projection.
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Figure 3.2. The PCA score plot.
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3.4.4 Number of PCs in PCA

The more PCs used in the model the more of the total variance in Xc is explained.
The maximum number of PCs that can be used is the minimum of m and n −
1. The reason for the restriction of m is that we can not find more orthogonal
directions inMn, in which the measurements vary, than there are measurements.
The restriction n− 1 is because we can not have a larger dimension for the model
than the dimension of the original data space Mn. The −1 in the restriction is
due to that Xc is mean centered, which decreases the rank of Xc compared to the
rank of X by one. Using the maximum number of PCs, all the variance in Xc is
explained. It is often enough to use only a few components, which then describes
the dominant structures in Xc. In order to get the correct number of components
to use, the PCA model has to be validated, see Section 3.6.

3.4.5 PCR

PCR uses the score matrix T as a approximation of Xc in a linear regression model
to predict a variable y, see (3.23).

y = Tb+ ε (3.23)

b ∈ Rm is the vector of regression coefficients which minimize some norm of the
error ε ∈ Rm. T is of full rank and (3.23) can thereby be solved with the least
square method. The prediction of a variable y for new data is calculated by using
the loading vectors P and the regression coefficients b of the PCR model together
with new data stored in a matrix Xnew. Xnew is first centered by removing mX ,
which is the mean vector for X. Then the centered Xnew is projected on P,
which gives a new score matrix. This score matrix is then used together with b to
calculate ŷ. These to steps can be summarized into one step, which is shown in
(3.24)

ŷ = (Xnew −mX)Pb (3.24)

PCR can also be used to predict multiple y variables. This is simply done by
replacing y and b in (3.24) with matrices Y and B. A drawback of PCR is that
large but sometimes irrelevant variations inMn is captured by the model. This is
the case when we have large variations inMn which emanates from noise. This is
since PCA simply captures the largest variations inMn and thereby it makes no
difference what the variations represent.

3.5 Partial Least Squares Regression, PLSR

Partial Least Squares Regression (PLSR) is linear regression method based on
partial least squares (PLS) [19, 13, 20, 21]. PLS is a supervised method, which
means that the response variable y are actively used when building the PLS model.
PLS is like PCA reducing the dimension of X. The difference is that instead of
keeping the maximum amount of variance of X in the reduced X like in PCA,
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PLS maximizes the covariance between X and y in the reduction. Like PCA, PLS
decomposes X into score and loading vectors collected in T and P. T and P are
matrices with the vectors tj and pj as columns, j being the column index. A score
vector, which is called a PC in PCA, are called a latent variable (LV) in PLS. Mean
centering is a preprocessing method that is standard to use with PLSR, see Section
3.3.1. The mean centered data is represented by Xc and yc or Yc.

3.5.1 Score, Loading and Weight vectors

In PLS, Xc is described in bilinear factor form (3.25).

Xc =

a
∑

j=1

tjp
T
j +E = TPT +E (3.25)

The difference is that P no longer is the directions of maximum variance inMn as
in PCA. In PLS there is also another set of loading vectors besides P. They are
called weight vectors, W. How PLS works will here be described by describing a
PLS algorithm. The algorithm described here is the one described by Höskuldsson
in [20]. There exist different PLS algorithms, see Section 3.5.4.

The weight vectors are chosen by PLS in a way so that the score vectors becomes
good at describing yc. A score vector tj is calculated by (3.26).

tj = Xcj−1wj (3.26)

The j − 1 in Xcj−1 is due to the deflation of Xc, see (3.27).

Xcj = Xcj−1 − djtjp
T
j (3.27)

By deflation means a rank one reduction of Xc for every iteration of the loop of
the algorithm. This means that when a loading vector, pj , has been calculated,
its direction in Xc is removed before next loading vector pj+1 is calculated, see
(3.27).The constant dj = 1/|tj | is just a scaling constant.

The way PLS measures goodness of description is by the covariance between
Xc and yc. A weight vector wj is the linear combination of variables, columns, of
Xc that has high covariance with yc. wj is calculated by (3.28).

wj = Xc
T
j−1y (3.28)

In numerical computations of wj it is scaled to unit-length to secure numerical
stability, see 3.29.

wj =
Xc

T
j−1y

|Xc
T
j−1y|

(3.29)

The loading vector is calculated by (3.30).

pj = djX
T
j−1tj (3.30)
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The reason that W is not used instead of P in (3.25) when decomposing Xc is
that the score vectors T then would be non-orthogonal. It is possible to use non-
orthogonal score vectors, but that requires simultaneous regression of yc on all
score vectors. Orthogonal score vectors are also preferable when visualize data in
score plots.

To predict y for new measurements Xnew, unknown to the PLSR model, Xnew

has to be preprocessed the same way as the data that the model was built on.
Let say that that data was preprocessed by mean centering, which is a standard
preprocessing method for PLSR. The PLSR prediction equation would then be
described by (3.31).

ŷ = (Xnew −mX)b+my, (3.31)

mX and my are the mean vector and mean value for X and y respectively.

In order to calculate the regression coefficients b of the PLS regression model
we have to calculate a transformation vector rj , see (3.32), and a transformation
matrix Gj , see (3.33).

rj = Gj−1wj , (3.32)

Gj = Gj−1 − djrjp
T
j , (3.33)

The regression vector is then finally calculated by (3.34).

bj = bj−1 − d2
j (t

T
j y)rj (3.34)

The equations (3.29) (3.26) (3.30) (3.27) (3.32) (3.33) (3.34) are then iterated in
the order just mentioned until the desired number of latent variables is reached.
The correct number of LVs is determined through validation, see Section 3.6 . At
the start of iteration is Xc0 = Xc, b0 = 0 and G0 equal the identity matrix.

3.5.2 PLS1 and PLS2

The algorithm for PLS described in Section 3.5.1 can be read about in [20]. This
algorithm is for univariate yc, i.e. only one variable, and is thereby often denoted
PLS1. If Yc is multivariate containing multiple variables yc the algorithm for PLS
is slightly different and somewhat more complex. The algorithm for multivariateYc

is often denoted PLS2. These algorithms are called PLS even though they contain
a solution of regression equation (3.31). An explanation might be that the solution
to the regression model in PLSR is more closely linked to the solution of PLS than
it is in PCA and PCR. PCR is a two step procedure. First the calculation of the
score matrix T in the PCA model. Then T is used in the regression equation,
which then is solved by the least square method. In PLSR the solution to the
regression equation 3.31 is calculated directly in the PLS algorithm.
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3.5.3 PLS for Multivariate Data, PLS2

In PLS2 we have the same decomposition of Xc as in PLS1, but now we also have
a decomposition of Yc, see (3.35).

Yc =
a

∑

j=1

ujq
T
j + F = UQT + F (3.35)

uj and qj are score and loading vectors for Yc. F is the structures of Y not
described by the PLS model. PLS now finds a score vector t in the column space
of Xc, see (3.36), and a score vector u in the column space of Yc, see (3.37).

t = Xcw (3.36)

u = Ycq (3.37)

that gives the maximal squared covariance, see (3.38).

maximize (uT t)2 = maximize (qTYc
TXcw)2 |w| = |q| = 1 (3.38)

The solution to (3.38) is given by an eigen value problem, see (3.39).

XT

c YcY
T

c Xcw = λw (3.39)

The eigen value problem can be solved numerically by an singular value decom-
position (SVD) of Xc

TYc. This is a brief theoretical explanation of PLS2. The
complete PLS2 algorithm can be found in [20]. The PLS2 algorithm is different
compared to PLS1 but the basics of score, loading and weight vectors are the same.

3.5.4 Different Algorithms for PLS

There exists other algorithms for implementation of PLS beside the one described
by Höskuldsson in [20]. The NIPALS algorithm [19] is an algorithm which like
Höskuldsson’s is based on an iterative breakdown of Xc into score and loading vec-
tors. NIPALS is the algorithm most commonly associated with PLS. A different
kind of algorithm called SIMPLS is presented in [19]. The name SIMPLS comes
from the fact that the algorithm is a straightforward implementation of a statisti-
cally inspired modification of the PLS method. It is NIPALS algorithm which is the
start point of SIMLPS. The main difference with SIMPLS is that score vectors in
T are derived directly as linear combinations of the original variables of Xc. This
means that there is no need for deflation, iterative breakdown, of the Xc matrix.
This may lead to faster computation and less memory requirements when launch-
ing the algorithm. Another advantage is that all factors of PLS becomes equally
easy to interpret since they are linear combinations of the original variables of Xc.
SIMPLS turns out to give essentially the same results as NIPALS when yc is uni-
variate, i.e. one variable. Applied to multivariate Yc there is a difference in the
results but generally the differences is not large.
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Yet another approach to compute the PLS model is given in [22]. In this pa-
per it is shown that PLS for univariate y can be calculated by using a truncated
Cayley-Hamilton polynomial expression of degree 1 ≤ a ≤ r for the matrix inverse
(XTX)−1 ∈ Rr×r which is used to compute the least square solution. The a co-
efficients in this polynomial are computed as the optimal least square solution to
the prediction error. The solution b in (3.31) to the PLS regression model is here
calculated by (3.40).

b = Ka(Ka

T
XTXKa)

−1Ka
TXTy (3.40)

Ka ∈ Rr×a is the reduced controllability (Krylov) matrix for the pair (XTX,XTy).
Ka is calculated by (3.41).

Ka = [XTy XTXXTy (XTX)2XTy . . . (XTX)a−1XTy] (3.41)

This solution is non-iterative. In this paper is also shown that the column space of
the weighting matrix W computed by an iterative PLS1 algorithm and the column
space of the reduced controllability matrix Ka coincide. Computing an orthogo-
nal weighting matrix W is shown to be equivalent to computing an orthonormal
basis for the column space of Ka. A numerical stable method for computing an
orthonormal basis for the column space is the QR decomposition [18]. The Qa

from the QR decomposition Ka = QaR is equal to W when y is univariate. The
PLS solution based on this is given in (3.42).

b = Qa(QaX
TXQa)

−1QT

a X
Ty (3.42)

In this paper there is also presented an optimal and non-iterative truncated Cayley-
Hamilton polynomial least square solution for multivariate Y. This solution is also
called controllability PLS solution (CPLS). The free parameters in this solution is
determined by minimizing a prediction error criterion. For more information see
[22].

3.5.5 The PLS Projections

An example of the basic projections in PLS can be viewed in Figure 3.3. The weight
vector w for the data space of Xc and the loading vector q for the data space of
Yc are directions which give maximum covariance between the score vector t for
the data space of Xc and the score vector u for the data space of Yc. In this
example we have three dimensional data space for both Xc and Yc. The example
can be generalized to any dimension for the data spaces. If yc is univariate, the
data space of yc is one dimensional.

PLS assumes a linear relation between columns of Xc and yc, or the columns of
Yc if Yc is multivariate. If the relation is not linear, the PLS model is not a good
model to use. Whether the relation is linear or not can be determined by plotting
the score vectors tj against the score vectors uj , see Figure 3.3. They should be
plotted in pairs with the same index j. If the plots shows a linear relation PLS can
be used, else if the relation is non-linear a non-linear model is required.
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Figure 3.3. The PLS projections.

An advantage of PLS is that the impact of large but irrelevant variations in
Xc on the model can be reduced. This is due to the fact that model is based on
maximum covariance between Xc and Yc, or yc. Large variations in Xc that is
independent of Yc is then not included in the model. This is not the case in PCA.
Here is model based on the largest variations of Xc, which could be independent
of Yc. Another word for irrelevant variations would be noise.

3.5.6 Non-linear PLS

The PLS model can be extended to handle a non-linear relation by including
squared terms of the variables of Xc. This can, however, only be done when
the number of variables is reasonably low, because including square terms leads to
a large increase of the total number of variables. In a paper by Wold [23] is a non-
linear PLS model presented. This model is, like the normal PLS model, based on
linear decomposition of Xc and Yc into score and loading vectors. The difference
is that the relation between score vectors t and u, which in normal PLS model is a
linear relation based on covariance, now is allowed to be non-linear. In this paper it
is written that it remains much work to make nonlinear PLS a routine method. An
disadvantage with non-linear methods is that they easily give over-fitted models.
Over-fitted model means that the model works well with data which the model is
based on, but works poorly when new data is given to the model.
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3.6 Validation

Validation is an extremely important part of model building. There are two main
purposes of validation.

The first is to make sure that the model will work in the future when the model
is applied to new data of future measurements. This is done by estimating the
prediction error of the model. It is of course impossible to get a correct value of
the prediction value for future measurements but it is important to get an estimate
that is as good as possible. This estimate tells us if the model is useful for future
measurements and it gives a value of how good the model performance is.

The second purpose is to find the optimal (correct) complexity of the model.
In the case of PCR or PLSR, the complexity is the number of PCs or LVs included
in the model.

3.6.1 Calibration Data and Test Data

In order to validate a model we have to have both calibration data and test data.
Calibration data is used to build the model and test data is used to test the pre-
diction ability of the model. It is important that both calibration data and test
data covers all possible aspects of future data, i.e. the calibration and test data
should be representative. For example if the variable y is a concentration of some
sort, it is important that calibration data and test data covers the range of the
concentrations that we want to predict for future measurements. In order words,
the calibration data and test data must span the data space of X and y.

3.6.2 Test Set Validation

The best way of validating a model is to have a separate measurements, an inde-
pendent test set, to use as test data. The test set should be as representive for
future data as the calibration data. This requires a lot of measurements used just
for validation and they are not included in the model. The number of measure-
ments we have to our disposal is often small. This is due to aspects like for example
the time and money it costs to perform measurements or the measurements are
hard or dangerous to perform. In the case of few measurements, it is not possible
to have some measurements just for validation. The model would not be good for
either calibration or validation data. To solve this problem cross validation is used.

3.6.3 Cross Validation

In cross validation all measurements are used in the final building of the model.
The model is validated by building many sub-models on different parts of the data
and test each sub-model on the parts of the data not used in the sub-model. There
is two different types of cross validation based on how these parts of data is defined,
full cross validation and segmented cross validation.
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In full cross validation or leave-one-out (LOO) validation , which is another
name for it, the part of data used for testing is defined by leaving out one mea-
surement for every sub-model and building the sub-model on the rest of the mea-
surements. Each measurement of the total amount of measurements is left out
once and thus we get as many sub-models as we have measurements. Segmented
cross validation works the same way, but the difference is that it is not one mea-
surement, but a segment of measurements, that is left out for every sub-model.
The segments that the measurements are divided into are equally large and the
number of measurements a segment should contain is strongly problem dependent.
LOO is the validation method to choose when the number of measurements is very
small. If the number of measurements is somewhat larger, but to small for test set
validation, segmented cross validation should be used. These two types of cross
validation is however only a simulation of a test with a real test set and they can
never replace a real test set. But when the number of measurements are small they
are a necessary choice. The reason that they can not replace a test set is that in
cross validation, measurements used in calibration and validation both emanates
from the same data set. This is not the case in test set validation, where the
calibration data and validation data are independent data sets. This makes the
calibration data and validation data more alike in cross validation and this leads
to that models that are cross validated has a higher tendency to be over-fitted.
By over-fitted means the model works well for the measurements it is built on but
poorly for new measurements.

It is important to remember that we do not want a use a validation methods
which gives a lower absolute prediction error (PE), rather than methods that gives
higher PE. This is because they only give an estimation of the real prediction error
and the real prediction error is probably higher than the highest estimation. It is
for the model we are building, that we want the lowest PE and not the validation
method.

3.6.4 Estimation of a Model’s Prediction Ability

A measure of the models prediction ability is the root mean square error of predic-
tion (RMSEP).

RMSEP =

√

√

√

√

1

m

m
∑

i=1

(ŷi − yi)2 (3.43)

ŷi is the predicted value for measurement i of test data, i.e. the ith row of the
matrix X for test data. yi is the corresponding true value. m is the number of
measurement. The RMSEP is an average value and if the number of measurement
is small, an average value could be misleading. That is if the variance of the error is
large. In such a case it is useful to look at the absolute prediction error (PE). The
PE is calculated for test data and gives a separate value for each measurement.

PE = |ŷi − yi| (3.44)
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A measure for the modeling error is the root mean square error of calibration
(RMSEC). This measure tells how well y is modeled for calibration data. RMSEC
tells nothing about how well the model works for future data. That is estimated by
the RMSEP value. RMSEC is calculated by the same equation as RMSEP (3.43)
with the difference that ŷi and yi is for calibration data instead of test data. It is
also possible, as in the case of RMSEP, to calculate an absolute error. In this case
it is the absolute calibration error (CE), which is calculated as PE (3.44) with the
difference that it is calculated for calibration data instead of test data.

3.6.5 Finding a Model’s Optimal Complexity

The RMSEC and CE always decrease as the complexity of the model increase,
see Figure 3.4. In this Figure, the curve of prediction error for calibration data
represents the RMSEC. When the model complexity is very high the model is
over-fitted to calibration data. This means that the model works very well for
the data which the model is built on, but it will work poorly for new data, test
data. An over-fitted model has started to model the noise of the calibration data
and thereby decreases the model’s prediction ability for new data. However, if the
model’s complexity is too low the model is under-fitted to calibration data. This
means that there remains structures in the calibration data which would increase
the models prediction ability for new data if it were included in the model.

To decide the optimal (correct) complexity of the model the RMSEP value is
used. The minimum of the curve of RMSEP for different complexity levels gives
the correct complexity, see Figure 3.4. In this Figure, the curve of prediction error
for test data represents the RMSEP.
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Figure 3.4. Theoretical plot of prediction error versus a model’s complexity.
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It is also possible to use PE to decide the model complexity. The difference
is then that instead of a curve, one get a bar chart with m points for each level
of complexity, see Figure 3.5. m is the number of measurements. The complexity
with the lowest PE for all m points is the the correct complexity.
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Figure 3.5. Barchart of PE versus number of LVs for a PLS model.

In the case of PCR or PLSR, the complexity of the model is the number of
PCs or LVs to include in the model. In some cases there is no minimum of the
curve or bar chart for RMSEP or PE versus the model complexity, see Figure 3.5.
The reason for that could be that the test data is to similar to calibration data.
The test data is then not representative for new data of future measurements.
Using a model with the maximum complexity as the lowest value of curve or bar
chart suggest, would give a over-fitted model. In this case we choose to stop at a
complexity when the decrease of prediction error to the next level of complexity is
small. For further details on validation see [14, 13, 16].



Chapter 4

Methods of Analysis

This Chapter describes the methods that were used in the numerical evaluations
of this thesis. Here is given which methods that were used and some general
information on how they were used.

4.1 Arrangement of Measurements

The measurements are arranged in a matrix X as shown in Section 3.1. The
matrix can be given three indexes, X(1D1) ∈ Rm×n, to separate which kind of
measurements it represent.

The first index in X(1D1) , which is a number, tells from which replicate the
measurements emanates, in this case replicate 1. The first index can also be set
to a and that means that measurements of all replicates are included. A replicate
is a series of measurements. Two replicates are two series of measurements on the
same samples. The difference is the time point when each replicate was measured.

The second index set to D tells that the measurements are of descriptors. The
second index set to J tells that the measurements are of test samples.

The third index is a number that tells from which specific descriptor or test
sample the measurements emanates. The number gives the specific descriptor or
test sample by being the row in a table that describes the test samples or the
descriptors. Examples of tables that describes descriptors and test samples are the
Tables 5.3 and 5.4. The test samples are in this case different fruit juices. The
third index set to a means that all descriptors or test samples are included. The
three indexes have the same meaning when used for other matrices and vectors.

4.2 The Basic Concept

A base descriptor is, as mentioned before, a regression vector for prediction of a
descriptor’s chemical substance. The measurements for each descriptor are mea-
surements of different concentrations of the chemical substance that a descriptor

33
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represent. A descriptor is a liquid solution and it is created by solving the chemical
substance in a solvent. The solvent needs to be similar to the test samples that
the base descriptors would be used on. The reason for that is that the calibration
data must be representative of test data in order for a prediction model based on
calibration data to be good at making predictions for test data, see Section 3.6.1. A
solvent that makes the descriptors similar to test samples would be a diluted equal
mix of the test samples. This mix is called a pool in this thesis. Measurements of
the pool are included in the set of measurements for each descriptor and the pool
measurements represents zero concentration of the descriptor’s chemical substance.

Each base descriptor b is calculated by PLSR or PCR. PLSR and PCR are
different regression methods, see Sections 3.5 and 3.4. PLSR and PCR are in this
thesis also called prediction models. The measurements of a descriptor X(1D1) are
the calibration data for the prediction model. The calibration data are measure-
ments with the the known concentrations of a descriptor’s chemical substance y.
The y values for the pool measurements of each descriptor are zero. A regression
model of PCR or PLSR for a base descriptor can be described by (4.1). The indexes
of X(1D1) are described in the beginning of this Chapter.

y(1D1) = X(1D1)b(1D1) + ε (4.1)

A base descriptor b can be viewed geometrically as a vector in a data space.
Each base descriptor bj is collected as a column of a matrix B, see (4.2).

B = [b1 b2 . . . bd] (4.2)

The index d in (4.2) is the number of base descriptors. The base descriptors B
are then viewed as base vectors that spans a low-dimensional subspace for the test
samples.

The base descriptors are evaluated by using them to extract information about
the test samples. This is done by using each base descriptor on the measurements
of the test samples X(1J1) to predict the concentration of the descriptor’s chemical
substance ẑ(1J1) in the test samples, see (4.3). The indexes (1D1) and (1J1) are
described in the beginning of this Chapter.

ẑ(1J1) = X(1J1)b(1D1) (4.3)

When viewing the base descriptors geometrically as base vectors as mentioned
earlier, the base descriptors’ predictions are performed by projections of the mea-
surements of the test samples on the base descriptors. The result of the projection
is viewed in plots like the one shown in Figure 4.3.

The work of this thesis can be dived into two major studies:

1. One Prediction Model for Each Replicate

In order to follow the initial idea of the base descriptor approach, we should
have a separate prediction model for each replicate. This is since the basic
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assumption of this approach was that the measurements of the juices and the
measurements of the descriptors drift the same way over time. By having a
base descriptor, a vector that describes some interesting feature of the juice
measurements, and projecting the juice measurements on this vector the drift
would be compensated for. This is since the base descriptor would follow the
movement caused by drift of the juice measurements in the measurement
space and the projection coordinates would therefore be the same for all
replicates.

2. One Prediction Model for All Replicates

There is also tested to use one model for all replicates. Using one model for
all replicates does not follow the initial idea of the base descriptor approach.
However, one model for all replicates might work better since we get more
measurements and thereby better estimate of the variance of X for PCR and
of the covariance between X and y for PLSR. The positive effect of better
estimates might be more important for the calculation of good prediction
models than the negative effect of drift in measurements between replicates
which before was compensated for, at least theoreticly, by having a new
prediction model for each replicate.

4.3 PCA

PCA is used for an initial study of the measurements, see Section 4.3.1, and for
building classifications models, see Sections 4.3.2 and 4.3.3. The classification mod-
els are used for comparisons with the results of the base descriptors’ predictions.

4.3.1 Initial Study of the Measurements

PCA can be used to see if the electronic tongue gives different signals for measure-
ments of different samples. If all measurement were the same, the electronic tongue
would not be useful for extracting information from the samples. The measure-
ments are in PCA visualized by looking at PCA score plots of different PCs. We
can not rule out that there could be differences of the measurements just because
differences are not visual in PCA score plots. But if we do find them we at least
know that they exist. PCA are used for an initial study of the measurements of
juices and descriptors, see Sections 5.2 and 5.3.

4.3.2 One Classification Model for Each Replicate

To have something to compare the results of the prediction models (one model
for each replicate) with we calculate a PCA for classification of the juices. This
PCA should then also be performed with a separate model for each replicate to
make the comparison fair. To make sure the PCA models are not over-fitted to the
calibration data and thereby give too optimistic results, the models are validated.
This is performed by LOO validation, see Section 3.6.3 on page 29. LOO is chosen
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since each replicate has so few measurements. LOO validation means building
a PCA model on all measurements of a replicate except one. The measurement
that is left out is then applied to the model to test if the model works for data
unknown to the model. This procedure is then repeated so all measurements are
left out once. LOO then gives as many PCA models as there are measurements.
The mean centering in the LOO validation is performed by mean centering of
the measurements that the model is built on and then remove the mean vector
produced by the mean centering from the left out measurement before it is applied
to the model.

4.3.3 One Classification Model for All Replicates

To have something to compare the results of the prediction models (one model for
all replicates) with we calculate a PCA for classification of the juices. To decrease
the risk of having an over-fitted PCA model, we build a validated PCA model.
The validation is here segmented cross validation, see Section 3.6.3. This valida-
tion method is chosen since we now have somewhat more measurements compared
to the case when we build one prediction model for each replicate. The segmented
cross validation is performed by building a model on measurements from all repli-
cates except one and testing the model on measurements of the replicate that is
left out. This procedure is repeated so that all replicates is left out once. This
gives us as many PCA models as there are replicates. The mean centering in the
segmented cross validation is performed by mean centering of the measurements of
the replicates that are used to build the model. This gives a mean vector. That
mean vector is then removed from the measurements of the replicate that is left
out, i.e. the validation measurements.

4.4 Choosing the Complexity of a Prediction Model

When building the PLSR or PCR models for the base descriptors the number of
PCs or LVs to include in the models are determined by validation, see Section 3.6.5.
The validation procedure gives plots of PE like Figure 4.1 and plots of RMSEP like
Figure 4.2, see Section 3.6.4.

In Figure 4.1 the vertical axis gives the PE for each measurement, which is
represented by a dot, and the horizontal axis tells the number of PCs or LVs that
are included in the model. In Figure 4.2 the vertical axis gives the RMSEP for the
measurements, which is represented by the line, and the horizontal axis tells the
number of PCs or LVs that are included in the model. We choose the number of
PCs or LVs to include in a model as the number for which the PEs or the RMSEP
have a minimum or if no minimum exist, we choose the number for which the
decrease in the PEs or RMSEP is small when increasing the number of PCs or
LVs.



4.4 Choosing the Complexity of a Prediction Model 37

0 1 2 3 4 5 6 7 8
0

0.5

1

1.5

2

2.5

3

LVs

P
E

Figure 4.1. PE for LOO validation of the base descriptor of citric acid for replicate 4.
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Figure 4.2. RMSEP (solid line) and RMSEC (dashed line) by segmented cross validation
for the PLSR model for the base descriptor of citric acid.

4.4.1 One Prediction Model for Each Replicate

We here build a separate prediction model for each descriptor in each replicate. In
order to decide the number of LVs or PCs to include in each model, the models
are validated, see Section 3.6.5. Since the number of measurements of a descriptor
in each replicate is small we use LOO validation, see Sections 3.6.3 and 4.3.2.
Normally in validation one look at the RMSEP value to decide the number of LVs
to include in a model. Here we instead look at the absolute prediction error (PE)
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for each measurement. This is since the number of measurement is small and the
variation in PE for the measurements is large. Using the RMSEP value, which is
a mean value, would during such circumstances give an uncertain value. The PE
for validation of the base descriptors are examined in plots like Figure 4.1.

4.4.2 One Prediction Model for All Replicates

We here build one prediction model for all replicates. Different prediction models
for each descriptor though. In order to decide the number of LVs or PCS to include
in each model, the models are validated, see Section 3.6.5. Since the number
of measurements of a descriptor in each replicate is large enough we here use
segmented cross validation, see Sections 3.6.3 and 4.3.3. The number of LVs or
PCs to include in the prediction models are decide by looking at plots of RMSE
and PE as described in Section 4.4.

4.5 Estimation of a Model’s Prediction Ability

For estimation of the models prediction ability, see Section 3.6.4, we look at the
maximum PE. The reason for using the the maximum PE, which is the worst case
prediction error, is that validation has a tendency to give too optimistic prediction
errors and thereby give over-fitted models. Even the maximum PE might be a too
optimistic prediction error. It could be misleading to look at a single value, which
the maximum PE is, since this value might be an outlier, see Section 3.2.3. This
problem is here avoided by examination of plots of PE like the one shown in Figure
4.1. We could also use the RMSEP value for estimation of the models’ prediction
ability. An example of a Table for maximum PE for PLSR models is shown in
Table 4.1.

Table 4.1. Maximum PE for PLSR models, one for each base descriptor and replicate.

Maximum absolute Prediction Error, |ŷ − y|, [mmol/l]
Base Descriptor Replicate Concentrations

1 2 3 4 5 of y [mmol/l]
ascorbic acid 0.10 0.15 0.16 0.10 0.37 1.7 2.2 2.8
benzoic acid 0.25 0.20 0.20 0.25 0.42 0.6 0.8 1.0
citric acid 1.1 0.6 0.9 0.6 1.0 12.5 25.0 37.5
glucose 23 20 40 50 45 48.6 97.1 145.7
sodium chloride 2.0 1.5 1.3 2.4 1.9 12.6 31.5 62.8
sodium bisulfite 0.05 0.08 0.08 0.08 0.08 0.8 1.1 1.3
tryptophane 0.03 0.02 0.02 0.04 0.06 0.2 0.3 0.4
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4.6 Evaluation of the Base Descriptors’ Predic-

tions

To test if the base descriptors are able to predict the property they represent, test
samples are projected on the base descriptors. The results of the projections are
evaluated by visual comparisons of the projection plots. It is possible to calculate
goodness measures for the projection results such as within and between variance
of measurement cluster. A cluster would here be measurements of the same test
sample. This is, however, not done here since enough information was received
through visual examination. When measurements are numbered in plots the num-
ber represent the replicate from which the measurements emanates. An example
of a projection of juice measurements on base descriptors of citric acid and sodium
chloride is shown in Figure 4.3.

It is hard to evaluate the result of the projections if the true concentrations of
the chemical substances in the test samples are unknown. However, we do know
that all measurements of one test sample should be predicted to have the same
concentration of the chemical substance of a descriptor since all measurements
emanates from the same sample. The projections could also be used to classify the
test samples, but this is not the primary goal. The primary goal was to predict the
concentration of the descriptors’ chemical substances in the test samples. Models
that separates the test samples the best by having long distances between clusters of
different test samples in the projection plots and thereby classifies the test samples
the best are not necessary the models that gives the best predictions. This is since
the true concentration of the chemical substances in the test samples might be very
close to each other and the distances between the clusters should then not be large.

4.7 Software

All numerical calculations were performed on a personal computer with the software
MATLAB version 6.0, The MathWorks, Inc. together with the MATLAB toolbox
PLS toolbox version 2.0, Eigenvector Research, Inc. [24].
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Figure 4.3. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. Each base descriptor calculated by a separate PLSR model. Number of
LVs for the PLSR model of citric acid is 8 and for sodium chloride it is 4.



Chapter 5

Numerical Evaluations

This chapter describes the numerical evaluations of this thesis. Section 5.1 describes
the measurements that the numerical calculations are based on. The rest of the
chapter describes the numerical calculations that has been done and evaluations of
their results.

5.1 The Measurements

This section describes the measurements, which they are and how they are mea-
sured. The measurement were performed by Henrik Petersson, see [1], with the
Linköping electronic tongue, see Section 2 and for further information see [2].

5.1.1 Data Acquisition

The electronic tongue is used to perform the measurements on the samples that
the base descriptors are based on and the measurements on the samples for testing
the base descriptors. The test measurements are in this case based on samples of
different fruit juices. For each sample there is always performed six consecutive
measurements. The reason for multiple measurements is to get more stable infor-
mation. The two first measurements for a sample are always discarded since they
are believed to be unreliable measurements, which contains a strong drift. The rea-
son for that is that the measurements made by the electronic tongue are unstable
at first when the electronic tongue’s probe is inserted into a new liquid solution.
So for every sample that is measured there are four measurements stored.

To be able to study drift in the measurements over time and find reliable base
descriptors, all samples were measured several times at different time occasions.
The measurements of all samples for such a time occasion is termed a replicate.
To avoid systematic errors, the measurements of a replicate are measured in a
random order. The time difference between replicates is irregular and the smallest
difference is one day and the largest is eight days. It took about five hours to
complete the measurements of a replicate. The number of descriptors that was

41
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studied and measured was seven, see Table 5.2. The number of samples of juices
that was measured was six, see Table 5.4. Since there are four measurements for
every samples, there are 28 measurements of descriptor and 24 measurements of
juices for each replicate. The number of replicates that was measured was five.
This makes a total number of 260 measurements.

The electronic tongue electrodes were electrochemically cleaned before each
measurement and mechanically cleaned before each replicate. The electrochem-
ical cleaning consists of voltage pulses applied to the electrodes as described by
electrochemical rinse in Table 5.1. The mechanical cleaning consists of cleaning
the electrodes with a emery cloth, flush the electrodes with water and dried them
with a tissue. Before each measurements the electrodes was also rinsed in water
and the dried with a tissue. All measurements are performed at a temperature of
22◦C. When samples were not used for measuring, they were kept in a freezer.
The voltammetry method used with the electronic tongue for retrieving the mea-
surements was large amplitude pulse voltammetry (LAPV). The LAPV method is
described in Section 2.3 and the parameters of the this LAPV pulse train are shown
in Table 5.1. In Table 5.1 are also the current ranges for the four electrodes and
some other data acquisition parameters found.

Table 5.1. Parameter settings of the electronic tongue

Setting type parameter Value
Data acquisition Sampling frequency 1000 hz

Low-pass filter Off
Measurements per sample 6

Current range Gold (Au) electrode 0.1 mA
Iridium (Ir) electrode 1.0 mA
Platinum (Pt) electrode 0.3 mA
Rhodium (Rh) electrode 0.1 mA

LAPV pulse train Starting amplitude -0.6 V
Ending amplitude 0.8 V
Increment 0.1 V
Step time 0.5 s

Electro-chemical rinse Rinse step 1 1.5 V
Rinse step 2 -1.5 V
Rinse step 3 0 V
Rinse step time 1 s

5.1.2 Measured Substances

Samples of Descriptors

The samples, which the base descriptors are based on, are called descriptors. The
choice of which kind of descriptors to use is not trivial. The descriptors should
be chosen is such a way that they represent properties that are relevant for the
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samples that the base descriptors are going to be used with. The descriptors
should also be electroactive substances, to make them possible to measure with the
electronic tongue. The basic assumption, which the approach with base descriptors
is based on, is that the descriptors and the samples drift the same way. To make
the descriptors represent relevant properties, the base descriptors should span the
part of the data space of measurements of the samples of interest that contains the
relevant information.

The chemical substances that was chosen as descriptors are shown in Table
5.2. A descriptor is as mentioned before a sample, i.e a liquid solution. This means
that the chemical substances have to be solved in a liquid solvent. In a preparatory
study the chemical substances were solved both in water and in orange juice. Here
was concluded that water was no good solvent since the signal level was very low.
The higher signal level when using orange juice as a solvent is mainly due to the
juice itself, but it is also believed that redox reactions of the chemical substance is
then supported and gives a contribution as well. Here the orange juice works as a
supporting electrolyte which enables the redox reactions of the chemical substance
due to the electrolytes conducting properties. Water is not a good supporting
electrolyte since it has a low conductivity. As mentioned before it is important
that the base descriptors span the part of the data space of measurements of the
samples of interest that contains the relevant information. This requires that the
descriptors and the samples of interest is somewhat similar. In this thesis the base
descriptors predicting performance and ability to classify samples is tested by using
them on measurements of samples of different fruit juices. The fruit juices that
are used is shown in Table 5.4. To make the descriptors and the samples of juices
as similar as possible, the solvent is chosen as a equal mix of all the samples of
juices. The mix was also diluted with pure water to get a suitable conductivity of
the solvent. This solvent mix is from now on in this thesis called a pool.

Table 5.2. The chemical substances used in the descriptors

Type Grade of purity Manufacturer
ascorbic acid 99.0% Sigma-Aldrich
benzoic acid 99.5% Sigma-Aldrich
citric acid extra pure Merck
glucose 99.5% Sigma-Aldrich
sodium chloride 99.0% Merck
sodium bisulfite pro analysi Sigma-Aldrich
tryptophane Biotechnology- Sigma-Aldrich

performance certified

Sigma-Aldrich Sigma-Aldrich Chemie Gmbh, Steinheim, Germany
Merck Merck KGaA, Damstadt, Germany

Each descriptor were measured by samples of three different concentration of
the descriptor’s chemical substance, see Table 5.3. The different concentrations
were measured to make it possible to find the base descriptors by regression. To
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find a regression line only requires measurements of one concentration and pool
measurements, which represent zero concentration. But using more concentrations
give a more accurate estimate and a possibility to see non-linearities.

Table 5.3. The descriptors that are used for calculation of base descriptors.

Descriptor Taste sensation Concentration [mmol/l]
low conc. medium conc. high conc.

1. ascorbic acid sour 1.7 2.2 2.8
2. benzoic acid sour 0.6 0.8 1.0
3. citric acid sour 12.5 25.0 37.5
4. glucose sweet 48.6 97.1 145.7
5. sodium chloride salt 12.6 31.5 62.8
6. sodium bisulfite bitter 0.8 1.1 1.3
7. tryptophane bitter 0.2 0.3 0.4

Samples of Juices

To test if the base descriptors are useful for predictions of the concentrations they
represent in a liquid solution and for classifying liquid solutions, six different types
of fruit juices was measured by the electronic tongue, see Table 5.4. The juices
was chosen is such a way that their taste was as different as possible and that they
would contain the chemical substances of the descriptors.

Table 5.4. The fruit juices that are used for testing the prediction models.

Type Brand Manufacturer
1. orange juice 100% Apelsin, Del Monte Quality Arla Foods
2. lemon/lime juice Citron Lime Spar Sverige
3. grape juice Fontana Grapefruite juice New Sevegep Ltd.
4. tomato juice Fontana Tomato Juice New Sevegep Ltd.
5. cranberry juice JOKK tranbär Norr Mejerier

6. apple juice 100% Äpple, Del Monte Quality Arla Foods

5.2 Initial Study of Juices with PCA

Here we start with an initial study to see if the electronic tongue gives different
signals for different juices. If all measurement were the same, the electronic tongue
would not be useful for extracting information about the juices. A PCA model can
be built on the measurement for visualization. The measurements are visualized
by looking at PCA score plots of the different PCs. A PCA score plot of the two
first PCs for the juice measurements is given in Figure 5.1.
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Figure 5.1. PCA on centered juice measurements with iridium included. The measure-
ments shown in this plot are calibration data, i.e. they are used in the building of the
PCA model.

The measurements were here preprocessed by centering. The separation be-
tween the classes of the juices is here rather poor. The variation within each class
is also large. A class is a set of measurements of the same juice. No better sep-
aration was found in PCs of higher order. We can not rule out that there could
be differences of the measurements just because differences are not visual in PCA
score plots. But if we do find them we at least know that they exist.

When the measurements were preprocessed by auto-scaling, i.e. centered and
standardized, the results in terms of class separation and within class variation was
worse. From here on measurements are always centered before PCA is performed
if nothing else is mentioned.

If we look at the current response for a measurement, it can be seen that the
response for the iridium electrode is somewhat different, see Figure 5.2. In Table
5.1 in Section 5.1.1 on page 41 it is shown that the current range is considerably
larger for the iridium electrode compared to the other three working electrodes.
This means that at least some of the current responses of the iridium electrode for
some measurements have considerably larger amplitude than the current responses
for the other working electrodes. In Figure 5.2 one can see that the amplitude for
the current response of the iridium electrode is somewhat larger compared to the
other working electrodes.
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Figure 5.2. Current response for an electronic tongue measurement.

Figure 5.3 depicts a score plot of PCA on juice measurements when the current
response from the iridium electrode has been removed from all measurements. Here
is large improvement of the separation between the classes and the variation within
each class is smaller. It is now possible to separate all juices from each other in
the first two PCs of PCA, which was not possible when the iridium electrode was
included. PCA on juice measurements that are preprocessed by centering and
standardization here also shows a worse result than preprocessing by just centering
even if iridium was excluded before the standardization and centering.

In discussions with Henrik Petersson, we decided that the iridium electrode
should be excluded. So from here on the iridium electrode’s current responses are
always excluded from the measurements, which is also the case in Petersson’s fi-
nal experiment, see [1]. In his thesis is also a drift study of the electronic tongue
performed. In this study it is shown that the iridium electrode is more sensitive to
drift than the other electrodes. In the work of finding prediction models, described
later in this Chapter, it was also tested to include the current responses of the
iridium electrode. All such tests showed a higher prediction error than prediction
models for measurements with the current response of the iridium electrode ex-
cluded. These test are not explicitly shown in this thesis.It should be noticed that
removing the iridium electrode’s current response from the measurements is not the
same as removing outliers, see Section 3.2.3. This is due to the fact that no whole
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measurement is removed, only the iridium electrode’s part of the measurements is
removed. All measurements are from here on defined by the current responses from
the three working electrodes: gold (Au), platinum (Pt) and rhodium (Rh). Now
when the iridium electrode is removed from the model building we of course does
not use it for future measurement either.
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Figure 5.3. PCA on centered juice measurements with iridium excluded. The measure-
ments shown in this plot are calibration data, i.e. they are used in the building of the
PCA model.

5.3 Initial Study of Descriptors with PCA

To see if the electronic tongue gives different signals when applied to the descriptors,
a PCA is performed on the centered measurements of the descriptors. The PCA
score plot can be viewed in Figure 5.4. This Figure shows that the electronic tongue
can separate between the three concentrations low (L), medium (M) and high (H) in
measurements of the two descriptors of citric acid and sodium chloride. PC1 here
finds the concentration direction of citric acid and PC2 finds the concentration
direction of sodium chloride in the measurement space of all descriptors. This
gives us the information that at least the two descriptors of citric acid and sodium
chloride are possible candidates for calculation of base descriptors. This justifies
further work on the method of base descriptors. The other descriptors can not be
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ruled out by this result, but the two descriptors just mentioned are more likely to
work as basis for calculation of base descriptors.

L

M

H

L
M H

Figure 5.4. PCA on centered measurements of the descriptors. The measurements
shown in this plot are calibration data, i.e. they are used in the building of the PCA
model.

5.4 One Prediction Model for Each Replicate

This Section describes the numerical evaluation of the methods described in Chap-
ter 4 when using one model for each replicate.

5.4.1 PCA for Classification of Juices

To have something to compare the results of the prediction models with we calculate
a PCA, with a separate model for each replicate, for classification of the juices. To
make sure the PCA models are not over-fitted to the calibration data and thereby
give too optimistic results, the models are validated by LOO validation, see Section
4.3.2. The juice measurements are preprocessed by centering. The result of the
validated PCA models are shown in a combined plot in Figure 5.5. Here is each
measurement validated and thereby not included in the building of the PCA model
that the measurement is applied to.
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Figure 5.5. Combined plot of validated separate PCA models on juice measurements.
The measurements shown in this plot are validation data, i.e. they are not used in the
building of the PCA models.

5.4.2 Prediction Models by PLSR

To find a base descriptors, i.e. regression vectors, for prediction of the concentra-
tions of chemical substances of the descriptors we build PLSR models, see Section
3.5. We build a separate model for each descriptor in each replicate. In order to
decide the number of LVs to include in each model, the models are validated by
LOO validation. The PE for validation of the base descriptors is examined in plots
like Figure 5.6.

The plots of PE versus number of LVs for all base descriptors and all replicates
for the PLSR models are not shown here since the number of plots is so large.
The result from examination of those plots give us the number of LVs to include
the PLSR models. The number of LVs for the PLSR models that were chosen are
shown in Table 5.5.

The maximum PE for the validation procedure described above with the number
of LVs described in Table 5.5 are shown in Table 5.6. We look at the maximum
PE to get an estimate of the prediction errors of the PLSR models. In Table 5.6
one can see that it is only the base descriptors of citric acid and sodium chloride
that gives reasonably low maximum PE compared to the true concentrations y of
the chemical substances of the descriptors.
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Figure 5.6. PE for LOO validation of the base descriptor of citric acid for replicate 4.

Table 5.5. Number of LVs to include in the PLSR models.

Number of LVs
Base Descriptor Replicate

1 2 3 4 5
ascorbic acid 2 2 2 3 3
benzoic acid 3 2 3 2 3
citric acid 2 2 2 3 3
glucose 3 3 4 2 3
sodium chloride 2 3 3 3 3
sodium bisulfite 3 2 3 3 3
tryptophane 3 3 3 3 3

To evaluate the PLSR models, the measurements of juices are projected on the
base descriptors of citric acid and sodium chloride. The result of the projection
with the number of LVs according to Table 5.5 can be seen in Figure 5.7. The
measurements of juices were also projected on the other base descriptors, but none
of them showed any good result.

Since it was hard to decide the number of LVs to include in the PLSR models,
models with different number of LVs was tested. A visual comparison of projection
plots lead to the number of LVs to include for sodium chloride and citric acid
to be the numbers shown in Table 5.7. This is a decrease of the number of LVs
compared to Table 5.5. This can be justified by the fact that it is possible that the
number of LVs suggested by LOO validation leads to over-fitted PLSR models. The
maximum absolute prediction error for the validation procedure described above
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with the number of LVs described in Table 5.7 is shown in Table 5.8. The result
of the projection with the number of LVs according to Table 5.7 can be seen in
Figure 5.8.

Table 5.6. Maximum PE for PLSR models, one for each base descriptor and replicate.

Maximum absolute Prediction Error, |ŷ − y|, [mmol/l]
Base Descriptor Replicate Concentrations

1 2 3 4 5 of y [mmol/l]
ascorbic acid 0.10 0.15 0.16 0.10 0.37 1.7 2.2 2.8
benzoic acid 0.25 0.20 0.20 0.25 0.42 0.6 0.8 1.0
citric acid 1.1 0.6 0.9 0.6 1.0 12.5 25.0 37.5
glucose 23 20 40 50 45 48.6 97.1 145.7
sodium chloride 2.0 1.5 1.3 2.4 1.9 12.6 31.5 62.8
sodium bisulfite 0.05 0.08 0.08 0.08 0.08 0.8 1.1 1.3
tryptophane 0.03 0.02 0.02 0.04 0.06 0.2 0.3 0.4
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Figure 5.7. Projection of juice measurements on base descriptors citric acid and sodium
chloride. Base descriptors calculated by PLSR with the number of LVs according to Table
5.5.
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Table 5.7. Number of LVs to include in the PLSR models according to comparisons of
projection plots.

Number of LVs
Base Descriptor Replicate

1 2 3 4 5
citric acid 2 2 2 3 2
sodium chloride 2 2 3 2 2

Table 5.8. Maximum PE for PLSR models with the number of LVs given by table 5.7.

Maximum absolute Prediction Error, |ŷ − y|, [mmol/l]
Base Descriptor Replicate Concentrations

1 2 3 4 5 of y [mmol/l]
citric acid 1.1 0.6 0.9 0.6 4.3 12.5 25.0 37.5
sodium chloride 2.0 2.7 1.3 4.1 3.5 12.6 31.5 62.8
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Figure 5.8. Projection of juice measurements on base descriptors citric acid and sodium
chloride. Base descriptors calculated by PLSR with the number of LVs according to Table
5.7.
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It is hard to evaluate the result of the projection since the true concentration of
the chemical substances in the juices are unknown. However, we do know that all
measurements of one juice should be predicted to have the same concentration of
the chemical substance of a descriptor since all measurements of one juice emanates
from the same sample. The projection of the measurements of juices in Figure 5.8
does not separate between all juices. This might not be wrong since some of the
juices might have the same concentration of some chemical substances. There is,
however, a larger variation within the measurements of the same juice, i.e. within
a class of a juice, for all juices in this projection. The variation of predicted
concentration within a class of a juice is much larger than the estimated prediction
error, which we received from the validation of the PLSR models. This might
indicate that the PLSR is over-fitted even though they are validated and a further
decrease of the number of LVs might be favorable. It also might seem wrong
to use different number of LVs for models of the different replicates of the same
base descriptor, since the measurements of one descriptor should contain the same
feature for all replicates and thereby only require models with the same model
complexity.

The maximum absolute prediction error with the same validation as earlier and
with the number of LVs to included equal to one is shown in Table 5.9. The result
of the projection of juice measurements on the base descriptors of citric acid and
sodium chloride with the number of LVs equal to one is shown in Figure 5.9. An
advantage of the projection with the number of all LVs equal to one is that we then
have the same number of LVs for all replicates, which intuitively seems correct to
have. It is hard to determine which of the plots of Figure 5.8 or 5.9 is best by
just visual comparison. It can be concluded though, that neither of them gives a
satisfactory result.

Table 5.9. Maximum absolute prediction error when the number of LVs is equal to one
for all PLSR models.

Maximum absolute Prediction Error, |ŷ − y|, [mmol/l]
Base Descriptor Replicate Concentrations

1 2 3 4 5 of y [mmol/l]
citric acid 3.0 2.4 4.2 2.8 8.1 12.5 25.0 37.5
sodium chloride 10.7 8.4 8.9 11.4 7.8 12.6 31.5 62.8
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Figure 5.9. Projection of juice measurements on base descriptor citric acid and sodium
chloride. Base descriptors calculated by PLSR with number of LVs equal to one for all
PLSR models.

5.4.3 Prediction Models by PCR

To find the base descriptors we here build PCR models, see Section 3.4. We have a
separate model for each base descriptor and each replicate. The number of PCs to
include in the models are determined by LOO validation and examination of plots
like the one shown in Figure 5.6, which are given by the validation procedure. The
plots given by the LOO validation are not shown here, since the number of plots
is so large. The number of PCs to include in the PCR models according to LOO
validation are shown in Table 5.10. The maximum PE for the PCR models with
the number of PCs according to Table 5.10 are shown in Table 5.11. In Table 5.11
one can see that it is only the base descriptors of citric acid and sodium chloride
that gives reasonably low maximum PE compared to the true concentrations y of
the chemical substances of the descriptors. This is the same result as for the PLSR
models in Section 5.4.2.

To evaluate the PCR models, the measurements of juices are projected on the
base descriptors of citric acid and sodium chloride. The result of the projection
with the number of LVs according to Table 5.10 can be seen in Figure 5.10. The
measurements of juices were also projected on the other base descriptors, but none
of them showed any good result.
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Table 5.10. Number of PCs to include in the PCR models according to LOO validation.

Number of PCs
Base Descriptor Replicate

1 2 3 4 5
ascorbic acid 2 2 3 3 3
benzoic acid 2 3 3 2 3
citric acid 2 2 2 3 3
glucose 3 3 4 2 4
sodium chloride 2 2 3 3 3
sodium bisulfite 3 3 4 4 3
tryptophane 2 3 3 3 3

Table 5.11. Maximum PE for the PCR models with the number of PCs according to
Table 5.10.

Maximum absolute Prediction Error, |ŷ − y|, [mmol/l]
Base Descriptor Replicate Concentrations

1 2 3 4 5 of y [mmol/l]
ascorbic acid 0.10 0.15 0.15 0.15 0.43 1.7 2.2 2.8
benzoic acid 0.35 0.20 0.3 0.25 0.42 0.6 0.8 1.0
citric acid 1.3 0.6 1.0 0.6 1.2 12.5 25.0 37.5
glucose 25 20 45 50 45 48.6 97.1 145.7
sodium chloride 2.2 2.9 1.6 3.2 2.0 12.6 31.5 62.8
sodium bisulfite 0.05 0.07 0.06 0.05 0.17 0.8 1.1 1.3
tryptophane 0.06 0.02 0.03 0.05 0.06 0.2 0.3 0.4

Since it was hard to decide the number of PCs to include in the PCR models,
models with different number of PCs was tested. A visual comparison of projection
plots lead to the number of PCs to include for sodium chloride and citric acid to
be the numbers shown in Table 5.12. This is a decrease of the number of PCs
compared to Table 5.10. This can be justified by the fact that it is possible that
the number of PCs suggested by LOO validation leads to over-fitted PCR models.
The maximum PE for the validation procedure described above with the number of
PCs described in Table 5.12 are shown in Table 5.13. The result of the projection
with the number of PCs according to Table 5.12 can be seen in Figure 5.11.

It might seem wrong to use different number of PCs for models of the different
replicates of the same base descriptor, since the measurements of one descriptor
should contain the same feature for all replicates and thereby only require models
with the same model complexity. The variation of predicted concentration within
a class of a juice is much larger than the estimated prediction error, which we
received from the validation of the PLSR models. This might indicate that the
PCR is over-fitted even though they are validated and a further decrease of the
number of PCs might be favorable. The number of PCs should be the same for
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models of different replicates for the same base descriptor.
The result of the of a projection of juice measurements on the base descriptors

of citric acid and sodium chloride with the number of PCs equal to one is shown in
Figure 5.12. The maximum PE for PCR models with the number of PCs equal to
one are shown in Table 5.14. It is hard to determine which of the plots of Figure
5.11 or 5.12 that is best by just visual comparison. It can be concluded though,
that neither of them gives a satisfactory result.
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Figure 5.10. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. The base descriptors are calculated by PCR with the number of PCs
according to Table 5.10.

Table 5.12. Number of PCs to include in the PCR models according to comparisons of
juice projections plots.

Number of PCs
Base Descriptor Replicate

1 2 3 4 5
citric acid 2 2 2 3 2
sodium chloride 2 2 3 2 2
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Table 5.13. Maximum PE for the PCR models with the number of PCs according to
table 5.12.

Maximum absolute Prediction Error, |ŷ − y|, [mmol/l]
Base Descriptor Replicate Concentrations

1 2 3 4 5 of y [mmol/l]
citric acid 1.3 0.6 1.0 0.6 4.8 12.5 25.0 37.5
sodium chloride 2.2 2.9 1.6 5.4 5.1 12.6 31.5 62.8
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Figure 5.11. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. The base descriptors are calculated by PCR models with the number of
PCs according to Table 5.12.

Table 5.14. Maximum PE for PCR models with the number of PCs equal to one for all
PCR models.

Maximum absolute Prediction Error, |ŷ − y|, [mmol/l]
Base Descriptor Replicate Concentrations

1 2 3 4 5 of y [mmol/l]
citric acid 3.1 2.5 4.3 2.8 9.5 12.5 25.0 37.5
sodium chloride 13.8 10.1 9.8 13.0 8.9 12.6 31.5 62.8
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Figure 5.12. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. The base descriptors are calculated by PCR models with the number of
PCs equal to one for all models.

5.4.4 Results

The results of Both PCR’s and PLSR’s prediction of juice concentrations were
rather poor in the sense that there is a large spread in the predict concentration
for a juice. The clusters of different juices are not separated in the projection plots.
The classification ability for the PCA model, see Figure 5.5, is better than for the
base descriptor projections. A reason for the bad result might be that we have
too few measurements to build good prediction models. To few measurements give
poor estimate of the variance ofX for PCR and the covariance betweenX and y for
PLSR. This is a big disadvantage since these estimates are the core of these models.
Perhaps we could get better models if we in some way could increase the number
of measurements. One obvious way would be to perform more measurements, but
that was not a option here due to the time aspect. Another way to increase the
number of measurements would be to build only one prediction model based on all
measurements of all replicates.
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5.5 One Prediction Model for All Replicates

Since the results of prediction models with one model for each replicate was not
satisfactory, using one model for all replicates would be interesting to investigate,
because we then get more measurements for building of the prediction models. Of
course we still have separate models for the different base descriptors. For further
explanation see Section 4.2.

5.5.1 PCA for Classification of Juices

A PCA score plot on centered measurements of all juices is given in Figure 5.3. To
decrease the risk of having an over-fitted PCA model, we also build PCA models
that is validated by segmented cross validation. See Section 4.3.3 for information
about the building of these models. A combined plot of the validated measurements
of the PCA models is given in Figure 5.13
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Figure 5.13. Combined plot of PCA models on centered measurements of juices. The
PCA models are calculated by segmented cross validation. The measurements shown in
this plot are validation data, i.e. they are not used in the building of the PCA models.
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5.5.2 Prediction Model by PLSR

To find the base descriptors we here build PLSR models. We have one model for
each base descriptors, i.e. the same model for all replicates. The number of LVs
to include is determined by segmented cross validation, see Sections 4.4 and 4.4.2.
The validation procedure gives plots of PE for all PLSR models of the different
base descriptors. Here are only the plots of PE for the base descriptors of citric
acid and sodium chloride shown. This is since only those two base descriptors gave
a good result in the end. PE for the base descriptor of citric acid is shown in Figure
5.14 and for the base descriptor of sodium chloride PE is shown in Figure 5.15.
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Figure 5.14. PE by segmented cross validation for the PLSR model for the base de-
scriptor of citric acid.
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Figure 5.15. PE by segmented cross validation for the PLSR model for the base de-
scriptor of sodium chloride.
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The validation procedure also gives combined plots of RMSEC and RMSEP,
which are described in Sections 3.6.4 and 3.6.5, for all PLSR models for the base
descriptors. Here is only the combined plot of RMSEC and RMSEP for the base
descriptor of citric acid, see Figure 5.16, and sodium chloride, see Figure 5.17,
shown. Examination of the plots of PE and RMSEP of all base descriptors to find
minimum in those plots gives the number of LVs to include in the PLSR models.
The number of LVs that was chosen are shown in Table 5.15 and the corresponding
maximum PE for The PLSR models is shown in Table 5.16. Table 5.16 shows
that it is only the base descriptors of citric acid and sodium chloride that gives
reasonably low maximum PE compared to the true values of y.
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Figure 5.16. RMSEP (solid line) and RMSEC (dashed line) by segmented cross valida-
tion for the PLSR model for the base descriptor of citric acid.
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Figure 5.17. RMSEP (solid line) and RMSEC (dashed line) by segmented cross valida-
tion for the PLSR model for the base descriptor of sodium chloride.
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Table 5.15. Number of LVs to include in the PLSR models according to validation.

Base Descriptor Number
of LVs

ascorbic acid 6
benzoic acid 7
citric acid 8
glucose 5
sodium chloride 4
sodium bisulfite 3
tryptophane 4

Table 5.16. Maximum PE for the PLSR models with number of LVs according to table
5.15.

Maximum PE, |ŷ − y|, [mmol/l]
Base Descriptor |ŷ − y| Concentrations

of y [mmol/l]
ascorbic acid 0.7 1.7 2.2 2.8
benzoic acid 0.6 0.6 0.8 1.0
citric acid 3.0 12.5 25.0 37.5
glucose 100 48.6 97.1 145.7
sodium chloride 5.0 12.6 31.5 62.8
sodium bisulfite 0.3 0.8 1.1 1.3
tryptophane 0.9 0.2 0.3 0.4

The Projection of juice measurements on base descriptors of citric acid and
sodium chloride is shown in Figure 5.18. The number of LVs are here those given
by validation, see Table 5.15.

Many different projections of juice measurements on base descriptors of citric
acid and sodium chloride with different choices of number of LVs were tested. Plots
of two of those projections are here shown in Figure 5.19 and Figure 5.20. The
corresponding maximum PE are shown in Tables 5.17 and 5.18. Comparing the
plots of Figures 5.18 5.19 and 5.20 one can see that he variation of the measurements
within each cluster of a juice is similar between the plots. The main difference is
to what concentration value each cluster is predicted and since we do not know the
true concentrations of the descriptors’ chemical substances in the juices it is hard
to determine which of the plots that is best.
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Figure 5.18. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. Each base descriptor calculated by a separate PLSR model. Number of
LVs for the PLSR model of citric acid is 8 and for sodium chloride it is 4.

Table 5.17. Maximum PE for the PLSR model for citric acid (number of LVs = 4) and
for sodium chloride (number of LVs = 3).

Maximum PE, |ŷ − y|, [mmol/l]
Base Descriptor |ŷ − y| Concentrations

of y [mmol/l]
citric acid 5.8 12.5 25.0 37.5
sodium chloride 5.2 12.6 31.5 62.8
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Figure 5.19. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. Each base descriptor calculated by a separate PLSR model. Number of
LVs for the PLSR model of citric acid is 4 and for sodium chloride it is 3.

Table 5.18. Maximum PE for the PLSR model for citric acid (number of LVs = 2) and
for sodium chloride (number of LVs = 1).

Maximum PE, |ŷ − y|, [mmol/l]
Base Descriptor |ŷ − y| Concentrations

of y [mmol/l]
citric acid 7.1 12.5 25.0 37.5
sodium chloride 12.5 12.6 31.5 62.8
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Figure 5.20. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. Each base descriptor calculated by a separate PLSR model. Number of
LVs for the PLSR model of citric acid is 2 and for sodium chloride it is 1.

5.5.3 Prediction Model by PCR

To find the base descriptors we here build PCR models. We have one model for
each base descriptors, i.e. the same model for all replicates. The number of PCs to
include are determined by segmented cross validation, see Sections 4.4 and 4.4.2.
The validation procedure gives plots of PE for all PCR models of the different base
descriptors. Here are only the plots of PE for the base descriptors of citric acid
and sodium chloride shown. This is since only those two base descriptors gave a
good result in the end. PE for the base descriptor of citric acid is shown in Figure
5.21 and for the base descriptor of sodium chloride PE is shown in Figure 5.22.

The validation procedure also gives combined plots of RMSEC and RMSEP,
which are described in Section 3.6.4 and 3.6.5, for all PCR models of the base
descriptors. Here is only the combined plot of RMSEC and RMSEP for the base
descriptor of citric acid, see Figure 5.23, and sodium chloride, see Figure 5.24,
shown. Examination of the plots of PE and RMSEP of all base descriptors to find
minimum in those plots gives the number of PCs to include in the PCR models.
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Figure 5.21. PE by segmented cross validation for the PCR model for the base descriptor
of citric acid.
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Figure 5.22. PE by segmented cross validation for the PCR model for the base descriptor
of sodium chloride.

The number of PCs that was chosen are shown in Table 5.19 and the corresponding
maximum PE for The PCR models are shown in Table 5.20. In the Table of
maximum PE it is shown that is is only the base descriptors of citric acid and
sodium chloride that gives reasonably low maximum PE compared to the true
values of y.

The Projection of juice measurements on base descriptors of citric acid and
sodium chloride is shown in Figure 5.25. The number of PCs are given by validation,
see Table 5.19.
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Figure 5.23. RMSEC and RMSEP by segmented cross validation for the PCR model
for the base descriptor of citric acid.
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Figure 5.24. RMSEC and RMSEP by segmented cross validation for the PCR model
for the base descriptor of sodium chloride.

Many different projections of juice measurements on base descriptors of citric
acid and sodium chloride with different choices of the number of PCs were tested.
Plots of two of the projections are here shown in Figures 5.26 and 5.27. The
corresponding maximum PE are shown in Tables 5.21 and 5.22. Comparing the
plots of Figures 5.25 5.26 and 5.27 one can see that he variation of the measurements
within each cluster of a juice is similar between the plots. The main difference is
to what concentration value each cluster is predicted and since we do not know the
true concentrations of the descriptors’ chemical substances in the juices it is hard
to determine which of the plots that is best.
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Table 5.19. Number of PCs to include in the PCR models according to validation.

Base Descriptor Number
of PCs

ascorbic acid 2
benzoic acid 1
citric acid 8
glucose 1
sodium chloride 6
sodium bisulfite 4
tryptophane 4

Table 5.20. Maximum PE for the PCR model of each base descriptor.

Maximum PE, |ŷ − y|, [mmol/l]
Base Descriptor |ŷ − y| Concentrations

of y [mmol/l]
ascorbic acid 2.5 1.7 2.2 2.8
benzoic acid 1.1 0.6 0.8 1.0
citric acid 5.0 12.5 25.0 37.5
glucose 100 48.6 97.1 145.7
sodium chloride 4.7 12.6 31.5 62.8
sodium bisulfite 0.3 0.8 1.1 1.3
tryptophane 0.1 0.2 0.3 0.4

Table 5.21. Maximum PE for the PCR model for citric acid (number of PCs = 4) and
for sodium chloride (Number of PCs = 4).

Maximum PE, |ŷ − y|, [mmol/l]
Base Descriptor |ŷ − y| Concentrations

of y [mmol/l]
citric acid 7.6 12.5 25.0 37.5
sodium chloride 7.5 12.6 31.5 62.8

Table 5.22. Maximum PE for the PCR model for citric acid (number of PCs = 2) and
for sodium chloride (number of PCs = 3).

Maximum PE, |ŷ − y|, [mmol/l]
Base Descriptor |ŷ − y| Concentrations

of y [mmol/l]
citric acid 8.4 12.5 25.0 37.5
sodium chloride 6.4 12.6 31.5 62.8
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Figure 5.25. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. Each base descriptor calculated by a separate PCR model. Number of
PCs for the PCR model of citric acid is 8 and for sodium chloride it is 6.
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Figure 5.26. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. Each base descriptor calculated by a separate PCR model. Number of
PCs for the PCR model of citric acid is 4 and for sodium chloride it is 4.
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Figure 5.27. Projection of juice measurements on base descriptors of citric acid and
sodium chloride. Each base descriptor calculated by a separate PCR model. Number of
PCs for the PCR model of citric acid is 2 and for sodium chloride it is 3.

5.5.4 Results

To get some idea of the true concentrations of the chemical substances of the de-
scriptors henrik tasted the samples of the different juices, see [1]. From information
on the juice package of tomato juice it is shown that sodium chloride is an extra
ingredient in the tomato juice. According to Henrik, the tomato juice also tasted
most of salt of all the different juices. The grape juice tasted most sour of the juices
and the lemon/lime juice was very weak in taste. The tomato juice should then be
predicted to have the largest concentration of sodium chloride of the juices. The
grape juice should be predicted to have the largest concentration of citric acid of
the juices. For the lemon/lime juice the prediction of concentration of citric acid
should be rather low. This statements can now be used to compare the results of
the juice projections.

Looking at the three juice projection plots for base descriptors based on PLSR
shown in Figures 5.18 5.19 and 5.20 one can see that Figures 5.18 and 5.20 fulfill the
three statements mentioned earlier. These two plots are quite similar in the sense of
the spread of measurements for each juice but there is a difference in the predicted
concentration values for the measurements of each juice. Another difference is that
the plot of Figure 5.20 has a worse prediction of the concentration value of citric
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acid for the pool. This can be explained by the fact that the model of Figure 5.20
has a lower complexity compared to the model of Figure 5.18. The reason why a
low complexity affects the prediction results of pool measurements more than juice
measurements is that the prediction of pool measurements is an easier task since
measurements for the pool are used in the building of a base descriptor. The pool
measurements represents zero concentration for a base descriptor. The measure-
ments of the pool used in the building of a base descriptor and the measurements
we see in juice projection plots is not the same measurements though. But since
they are measurements of the same kind and thereby is more similar to calibration
data than the juice measurements, the difference in the prediction result for pool
measurements for a model with high complexity compared to a model with low
complexity is larger than for the juice measurements. Since the spread of the pool
measurements for the prediction model in Figure 5.20 is not lager than the spread
of the measurements of juices for both the prediction models of Figures 5.20 and
5.18 we can not use that as an argument for that the high complexity model is
better than the low complexity model. Since the biggest difference between these
prediction models are the predicted concentrations of each cluster of measurements
for a juice and we do not know the true concentrations of the chemical substances
for the juices we can not determine which of the models is the best. Under these
circumstance is it perhaps best to chose a model with low complexity over a model
with high complexity because if everything else is the same it is better to have
simple model than a more complex one.

Looking at the three juice projection plots for base descriptors based on PCR
shown in Figures 5.25 5.26 and 5.27 one can see that only the low complexity
model of Figure 5.27 fulfill the three statements mentioned earlier. Comparing the
prediction model based on PCR in Figure 5.27 with the prediction model based on
PLSR in Figure 5.20 one see that they are very similar. The only thing that differs
between them is the predicted values of the cluster of measurements of each juice,
which we do not know the correct value for. This make it impossible to determine
which method that is best.

5.6 Comparison of results of different methods

The result of the juice projections for base descriptors based on both PLSR and
PCR based on one model for each replicate, see Sections 5.4.2 and 5.4.3, was all
worse than the the result of the juice projections for base descriptors based on
both PLSR and PCR based on one model for all replicates, see Sections 5.5.2
and 5.5.3. The juice projection plots were worse in the sense that the spread of
measurements in the cluster for each juice was larger. As mentioned in Section 5.5.4
the prediction model based on PCR shown in Figure 5.27 and the prediction model
based on PLSR shown in Figure 5.20 were chosen as the best. Comparing these
model with the validated classification model of PCA on the juice measurements
shown in Figure 5.13 shows the juice projections on the base descriptors classifies
the juices somewhat better than the PCA model. A good classification ability
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means a small separation between measurements within the cluster of each juice
and a large separation between the clusters.

In Appendix A is another method for using base descriptors to extract infor-
mation from juice measurements shown. The result of this method when applied
to the same juice measurements used in the numerical evaluations of this thesis
is shown in Figure A.1. A Visual comparison of Figure A.1 and Figures 5.27 and
5.20 shows the classification ability of the models of Figures 5.27 and 5.20 is better
than for Figure A.1.



Chapter 6

Conclusions and Further

Studies

6.1 Conclusions

One model for all replicates gave better predictions models than one model for each
replicate. The reason for that is probably that we can use more measurements to
build the model when we build one model for all replicates and thereby get a better
estimate for variance of X for PCR and the covariance between X and y for PLSR.
For prediction models based on one model for all replicates the positive effect of
better estimates is probably more important for the calculation of good predic-
tion models than the theoretical negative effect of drift in measurements between
replicates, which here is not compensated for by building a new prediction model
for each replicate. The conclusion would be that we need many measurements for
the building of base descriptors. This does however not rule out the possibility
that having one model for each replicate would have advantages if we had more
measurements.

When comparing the prediction models by one model for each replicate and one
model for all replicates it is important to notice that the amount of measurements is
not the only difference between them. In the case of one model for all replicates the
measurements of test samples can not be viewed as test data that is representive of
future measurements. This is since when for example measurements of test sample
from replicate three out of five is applied to the prediction model, the prediction
model is calibrated by measurements of descriptors that comes from replicates that
in a time frame lies both before and after the replicate that the measurements of
test sample comes from. The measurements of test samples in the case of one model
for each replicate is however not representative of future measurements either since
calibration and test data then comes from the same replicate. This is here of
course necessary since we build a new prediction model every time we measure a
new replicate of test samples.
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Another reason, besides more measurements, for that the prediction models
based on one model for all replicates gives better prediction results for measure-
ments of test samples than prediction models based on one model for each replicate
is actually the fact that calibration data comes from different replicates. This is
since the regression that is performed finds directions, linear combinations of vari-
ables, in the subspace where the regression is performed that gives good predictions.
The directions in the subspace that contains large drift do not give good predic-
tions since the measurements of the same kind moves in these directions when they
should remain still. The regression thereby avoids directions of drift. It should be
noticed though, that even the directions that gives the best predictions probably
contain some drift. The drift is perhaps also more complex than just directions in
the subspace, e.g. the drift might be different for different test samples. Anyway,
the prediction models based on one model for all replicates gives the regression a
possibility to compensate for drift between replicates since measurements of differ-
ent replicates are given to the regression model. In the case of one model for each
replicate, the regression can not compensate for the drift between replicates since
only measurements of one replicate is given to the regression model. Measurements
of one replicate do not contain any information about the drift between replicates.
It should be noticed here that the subspace where the regression is performed is
calculated by a dimensional reduction of the original measurements X. This reduc-
tion is in this thesis performed by PCA or PLS. So if the drift has large variance
in X the PCA would include the drift in the subspace. When using PLS the drift
in X would be included if it has large covariance with y.

The concentrations of the descriptor’s chemical substances in the juices are un-
known, which is a big disadvantage. This makes it very hard to evaluate how good
the base descriptors are since we do not know if the base descriptors’ predictions
are even close to accurate concentration values in the juices. This also makes it
hard to determine which regression method and which model complexity that gives
the best base descriptors. In section 5.5.4 was concluded that we could not deter-
mine if PCR or PLSR gave the best base descriptor, they were equally good and
very similar. It was here also argued that a low complexity of the regression model
might be preferable.

In the numerical evaluations it was also concluded that only the descriptors of
citric acid and sodium chloride worked as basis for calculation of base descriptors.

By comparing the PCA score plot in Figure 5.13 with the projection of juice
measurements on the base descriptors in Figures 5.27 and 5.20 one can see that
there is no large difference in drift of the measurements in these plots. The drift
is approximately the same in these plots since there is no obvious difference in
the spread of measurements within the cluster of each juice. It can thereby be
concluded that the method with base descriptors, as they are implemented in this
thesis, does not give more drift-stable results than PCA.

In tests, not explicit shown in this thesis, it was concluded that the base descrip-
tors are not orthogonal. This was tested by normalization of the base descriptor
to unit-length and then projecting them on each other, two by two. The scalar
product was then closer to one than to zero. This gives that the base descriptors
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are closer to be parallel than to be orthogonal. For two unit-length vectors that
are orthogonal the scalar product is zero and if they are parallel the scalar product
is equal to one.

Combinations of different preprocessing methods were also tested. The tested
methods were centering, standardization and normalization. It was concluded that
using just centering gave the best result in the sense of finding base descriptors that
gave good projections of juice measurements. These tests are not explicit shown in
this thesis.

The possibility of outliers in the measurements was taken in consideration dur-
ing examination of all different kinds of plots, but no outliers was found. This does
not rule out the possibility that there was outliers in the measurements, which
perhaps could be found by a more thorough inspection.

6.2 Further studies

It would be interesting to perform new measurements on juices or samples of other
fluids with known concentrations of the descriptors’ chemical substances. This
would make it possible to determine if the predictions of the base descriptors could
be used to tell the concentration of the descriptors’ chemical substances in a test
sample. It would also make it possible to determine which regression method that
gives the best base descriptors.

If new measurements are performed in the future it should be taken in consider-
ation that there is a possibility of getting current responses with amplitudes higher
than the current range when performing the measurements. In the measurements
for the descriptors in this thesis some of the variables had current amplitudes that
was higher than the current range. This means that the values of these variables
are unreliable. It was tested to exclude these unreliable variables but that did not
give any improvement of the prediction models. These unreliable variables were
not excluded from the numerical evaluations of this thesis described in Chapter 5.

Some kind of filtering of the signal might be interesting investigate. Low pass
filtering is however not a good way of reducing high frequency noise in the mea-
surements since the interesting dynamics of the measurements have a frequency
which is as high as the frequency of the high frequency noise. Low pass filtering
would then remove interesting information from the measurements.

There might be a slight time delay in the measurements which is not necessary
the same for all measurements. This is a serious disadvantage when using methods
like PLSR and PCR since the dimensional reduction of this methods use linear
combinations of the original variables. If a variable then does not represent the same
time-discrete measurement point in the different measurements the result of PLSR
and PCR would decrease. This problem could possibly be compensated for by
choosing one measurement as reference and then correlate the other measurements
to the reference by time shifting the measurements.

An interesting alternative approach to the one of using PCA and PLS to perform
the dimensional reduction of X as in PCR and PLSR, would be to build a physical
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dynamic model by the equations for the charging current (2.1) and the faradic
current (2.2). This would lead to dimensional reduction for X to a small number
of variables. The reduced X can then be used in a regression model. An example
of a dynamic model for measurements by the electronic tongue is given in paper
three in [25]. This dynamic model uses an equation consisting of two exponential
functions and a constant term to model the current response of the electronic
tongue signal. One of the exponential functions here represents the faradic current
and the other represents the charging current.

Another interesting approach would be to use clustered regression analysis
(CRA), which is described in [26]. CRA is based on Optimal discriminative projec-
tion (ODP). ODP does a linear dimensional reduction of X like PCA and PLS, the
difference is that the property that ODP optimizes in the dimensional reduction is
the classification of clusters of data. The reduced X is then used to perform regres-
sion by fitting of polynomials to the data. An improvement in prediction of CRA
compared to PLSR is shown in [26]. CRA is a non-linear model and there is al-
ways are greater risk of getting over-fitted models when using non-linear prediction
models compared to linear prediction models.
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Linköping, Sweden, 2001.

[4] A. Carlsson. Multivariate Characterization of Paper Machine Wet-End Chem-
istry Using an Electronic Tongue. Licentiate thesis LiU-Tek-Lic-2001:38,
Department of Physics and Measurement Technology, Linköping University,
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Appendix A

Prior Work: The Centroid

Subspace

The measurements used in this thesis were, as mentioned before, performed by
Henrik Petersson. Henrik also implemented the base descriptor approach by cen-
troid subspace coordinates [1]. This Chapter gives a summary of what centroids
subspace coordinates are and the results of this approach.

A.1 Centroid Projections

A centroid c ∈ Rn is the mean vector of the measurements of one concentration
for one descriptor in one separate replicate. The concentration is in this case
chosen as the mid-concentration. The measurements are collected in a matrix
X(1D1) ∈ Rm×n. The first index in X(1D1) , which is a number, tells from which
replicate the measurements emanates, in this case replicate 1. This index can also
be set to a and that means that measurements of all replicates are included. The
second index set to D tells that the measurements are of descriptors. The second
index set to J tells that the measurements are of juices. The third index is a
number that tells from which specific descriptor or juice the measurements are.
The number gives the specific juice or descriptor by being the row in the Tables 5.3
and 5.4. The third index set to a means that all descriptors or juices are included.
These three indexes have the same meaning when they are used for other vectors
and matrices besides X.

c(1D1) =
1

m

m
∑

i=1

1xi
(1D1) (A.1)

1xi
(1D1) is a row in the matrix X(1D1) and a centroid would then have the same

dimension as one measurement, row, of the matrix X(1D1). The centroids are
always calculated separately for each replicate. This is since the reason for using
centroids as base descriptors was that the projection of measurement samples on
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the centroids would give projection coordinates with less drift than the original
sample measurements. This under the assumption that the measurements of the
descriptors, which the centroids are based on, and the measurements of samples
drift the same way.

The centroids are collected in a matrixC(1Da) ∈ Rk×n, where k is the number of
centroids and thereby also the same as the number of descriptors that are included.
To use the centroids, measurements of juices X(1Ja) are projected on the centroids
C(1Da) to extract vital and drift-stable information about the juice measurements.

A(1Ja) = X(1Ja)C(1Da)T (A.2)

A(1Ja) ∈ Rm×k is then the coordinates of the centroid projection. The centroids
C(1D1) can be compared with the regression vector b of a PCR or a PLSR model.
The vector b is for a model of one base descriptor, while the C(1D1) represent all k
base descriptors. The coordinates A(1Da) do not represent a prediction of the con-
centrations as ŷ of a PCR or a PLSR model does. However, they probably contain
some information about the concentrations and they can be used for classifications
of the juices.

A.2 The Centroid Subspace

A better way to calculate the coordinates A(1Ja) than a simple projection as in
(A.2), is to calculate a centroid subspace. The centroid subspace is defined by
having the coordinates A(1Ja) and the centroids C(1Da)T linearly approximate the
matrixX(1Ja) as good as possible. This can be done by solving the LS minimization
problem given in (A.3).

âi = argmin
a
||1x(1Ji)

i −C(1Da)Ta||2 (A.3)

The vector 1x
(1Ji)
i is the ith row of the matrix X(1Ja). The vector âi is the ith

row of the matrix A(1Ja). There are numerous of ways to solve (A.3) and find the
coordinates A(1Ja) for the centroid subspace. The problem was here solved by a
QR-decomposition, which gives a orthonormal centroid subspace.

A.3 Results

The result of the centroid subspace coordinates for the two base descriptors that
worked best, sodium chloride and citric acid, is shown in Figure1 A.1. In this Figure
is nacl short for sodium chloride and citr is short for citric acid. The measurements
were not preprocessed in any way before calculation of the centroids.

The centroid subspace coordinates ability to classify the juices is compared with
the classification of a PCA performed on centered and standardized measurements
of juices. A score plot of this PCA can be seen in Figure A.2. The classification

1The Figure is taken from Henrik´s master thesis [1]
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Figure A.1. Coordinates A of juice measurements for base descriptors sodium chloride
(x-axis) and citric acid (y-axis) in the centroid subspace.

results of the Figures A.1 and A.2 were evaluated by visual examination. The con-
clusion drawn from this in Petersson’s master thesis was that the base descriptors
reduces the drift and classifies the juices at least as good as PCA. However, if the
PCA on juice measurements are just centered and not standardized, one get the
score plot shown in Figure A.3. From visual examination of this score plot it is ob-
vious that PCA on just centered juice measurements gives a better result in terms
of classifications than PCA on centered and standardized juice measurements. It
can also be seen in the Figures A.2 and A.3 that the AVE of the first PC of the
PCA increases from 54.5% for centered and standardized measurements to 68.2%
for just centered measurements, which means that the latter PCA model describes
more of the total variance of X(1Ja) in the first PC.

The conclusion that the drift is reduced by the base descriptor approach com-
pared to PCA is no longer valid if PCA on just centered measurements are used.
Comparing Figures A.1 and A.3 shows approximately the same drift and classifi-
cation ability seems almost better for PCA.

A.4 Possible Modifications

One thing that is important to notice is that centroids C(1Da) of measurements of
all descriptors are included in the QR-decomposition. Since it was concluded that
some of the descriptors did not give any information at all, it seems wrong to let
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Figure A.2. PCA on centered and standardized juice measurements.
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Figure A.3. PCA on centered juice measurements.
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them affect the coordinates A(1Ja). If the centroids would have been orthogonal,
which is the ideal case, the coordinate for one centroid would not be effected by the
other centroids, but in this case the centroids are not orthogonal and the coordinate
will be affected by other centroids.

Another thing that is important to point out is that the centroids are defined
as mean vectors, which means that all centroid vectors have their start point in
origin. It would probably be better to calculate a centroid vector as the difference
between a mean of the pool measurements and the mean of the measurements
of the mid-concentration of the chemical substance that the descriptor represent.
This would make the centroid vectors more closely follow the drift movement of
the sample measurements than if all the centroid vectors have their start point in
origin.
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