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Abstract 
Data from sensor based analytical instruments (e.g. electronic nose) can be arranged in three 

dimensions as Sample × Time × Sensor. Due partly to limitations in software, partly to 

general practice, the dimensions of the data are often reduced in the time mode and traditional 

two-way chemometric models (e.g. principal component analysis – PCA) are used for the 

exploration of the data. Thus the internal relationship between the different modes (samples, 

time and sensors) is destroyed and the result can be an incomplete data analysis. 

 

A new approach to handle the time information is introduced combining new and more 

advanced multi-way chemometric models with traditional pre-processing techniques as an 

alternative to PCA-like methods. As the pre-processing is an essential but often time-

consuming part of the data analysis, a semi-automated approach has been used to make 

comparison of multiple analyses simple. 

  

The main feature of this new approach is the exploration of the total time profiles such that 

potentially relevant information is not discarded by feature extraction before the actual data 

analysis. Multi-way modelling is evaluated and for sensor based data, it is shown that the so 

called PARAFAC2 multi-way model that handles shifted profiles offers some advantages 

compared to PCA and alternative multi-way methods. 

 

The principles are exemplified with an example from the licorice industry. An algorithm and 

graphical user interface has been made available at www.models.kvl.dk to ease testing this 

new approach. 
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A number of instrumental analytical techniques are used in food research as well as in 

laboratories of the food-associated industry (e.g. spectroscopy, gas chromatography, 

electronic noses/tongues). The raw data from these analyses are rarely used directly. Rather 

the data are manipulated using for example baseline correction, peak identification and 

feature extraction (slope, area etc.). These operations take time and offer no guarantee that the 

data is properly pre-processed and that the available and useful information is extracted. 

Many of the analytical techniques also require a non-trivial and often expert based post-

processing of the data, which in many situations takes unnecessarily long time and uses an 

excess of manpower (e.g. identification and validation of peaks in gas chromatography). 

Often these techniques are combined with traditional univariate exploration of the data with 

extensive focus on a small (local) part of the total variables.  

 

The electronic nose is a more or less automated analytical method that is based on headspace 

generation (volatile compounds) from a sample. The samples can often be analysed with little 

or no prior sample preparation, which makes the electronic nose very suitable for at-line 

analyses. The commercial electronic noses are often based on sensors with different 

selectivity and sensitivity – a hybrid sensor array system, which gives a very powerful 

analytical instrument [1]. The low selectivity of the sensors makes the electronic nose more 

appropriate for classification and separation tasks, than more specific analyses on the volatile 

compounds in the sample. This is especially so for complex food analyses where flavour 

plays an important part; e.g. coffee powders [2], olive oils [3], apple juices [4] and cheddar 

cheese [5].  

 

The pre-processing step and pattern recognition system (e.g. principal component analysis – 

PCA) is often an integrated part of the electronic nose and thus a fast (initial) evaluation of 

data is possible. However, the choice of pre-processing steps and pattern recognition system 

is in general very restricted. The raw data from electronic noses is often arranged in three 

dimensions (e.g. Samples × Times × Sensors) (Figure 1) and thus can not be directly 

analysed with the two-way based integrated software. As a result of these limitations 

important information from the raw data may well be missed or changed leading to a 

suboptimal final interpretation. In this paper it is shown that it is not necessary to transform 

the informative measured time profile into univariate features before meaningful data 

analysis can be performed. By maintaining the time information, it is anticipated that at least 
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in some situations more quantitative and qualitative information can be extracted from the 

data. 

 

The aim of this article is to show the steps in the data analysis of sensor based data and 

provide new models to such data. The steps are divided into a pre-processing function 

combined with a mathematical processing method e.g. multivariate data analysis 

(chemometrics) and a post-processing step. 

 

An illustration of the efficiency of selecting the appropriate combination of pre-processing 

steps and a suitable chemometric model will be given using an example from a concrete 

situation.  
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2.1. Data analysis 

Data-analysis is usually done on pre-processed data. The rationale for pre-processing is to get 

the most efficient representation of the data, especially efficient with respect to the 

subsequent modelling of the data. The combination of pre-processing steps is evaluated 

through appropriate multivariate models, which again are often evaluated by means of 

graphical illustrations, quantitative classification or regression models. Thus these three steps 

strongly interact in finding the appropriate analysis approach for a given data set.  

 

The interchanging of pre-processing steps is not straightforward as one option may influence 

the other – e.g. if the raw data needs to be scaled to give a reasonable solution this does not 

necessarily imply the same need for data transformed by taking first derivatives of the time 

profile.  

 

2.2. Pre-processing 

This section describes some of the most common pre-processing techniques that are used for 

data from sensor based analytical instruments.  

 

Baseline correction  

Several baseline correction methods can be used to pre-processes the typical sensor response 

curve [6-9]. A frequently used baseline correction is the difference between the maximum 

signal (or minimum) and the baseline signal, ∆S or S-S0. The following baseline correction 

methods for MOS sensors (Table 1) have been suggested [9,10]. In Figure 2 an example of 

baseline correction using the fractional approach - (S-S0) / S0 is shown together with the 

corresponding raw data. 

 

Transformation 

The structure of sensor based data often makes a “transformation” step feasible. As examples 

of transformations, for sensor based data, the use of logarithmic transformations has been 

proposed and also the use of first or second derivatives may result in an easier interpretation 

of the data by removing trivial but disturbing baseline offsets or slopes [7,8].  

 

Feature extraction 
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When analysing the sensor response curve there are several ways to extract the information 

that is located in different parts of the response curve (e.g. adsorption, maximum/minimum or 

desorption parameters) [7]. A simple technique to reduce the number of features is to select a 

subset of the available features (e.g. 10 of the 240 measurements of the sensor signal). The 

discarded features should then either contain no valuable (or little) information in the specific 

application or have a large correlation to some of the chosen features [8]. 

 

Several extraction features (individual/combinations) should be investigated to estimate their 

discrimination power. In general though, the quality of a feature extraction depends highly on 

both the application and the instrument. 

 

Centering and scaling 

Centering aims at removing constant terms in the data in order to make the data compatible 

with the model. Centering across the first mode (e.g. the sample mode) of a three-way array 

can be done by matricizing the array to an I × JK matrix and then center as in ordinary two-

way analysis, where the column mean is subtracted from every column element [11]: 
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Scaling provides that each variable is scaled to an equal variation and thus, each variable will 

have the same opportunity to affect the model [11]. Scaling within the third mode (e.g. the 

sensor mode) is done by scaling each of the sensor variables to a unit mean square [11]: 
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2.3. Processing/modelling step 

27 

28 

29 

30 

2.3.1. Notation 

The notation and terminology to describe matrices (2-way arrays) and higher order arrays is 

adapted from [12] and [13]. Scalars are indicated with lower-case italics (e.g. xijk) and vectors 

with bold lower-case characters (e.g. y). In chemometrics, the data is often described with the 
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symbol X. Ordinary two-way arrays (matrices) are denoted X (bold-face) whereas higher 

order arrays are denoted 
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X. The ijkth element of a three-way array X is denoted xijk where the 

indices run as follows: i = 1……,I; j = 1,…..,J; k =1,…..,K. 
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2.3.2. PCA and PARAFAC models 

PARAFAC1 (often called PARAFAC) was developed in 1970 [14] in psychometrics, but has 

found widespread use in chemometrics. To explain the PARAFAC1 model it is feasible to 

start out explaining some of the basic properties of the PCA model. PCA is a bilinear model. 

Thus, in PCA each component is the outer product of two vectors (scores pertaining to 

samples and loadings pertaining to variables). The model is linear in the scores for fixed 

loadings and vice versa and therefore bilinear. If a given data set can be modelled by an R-

component PCA model, then the I×J matrix X can be approximated as TPT where T is the 

score matrix (I×R) and P the loading matrix (J×R). One particular view of PCA will be 

helpful in the following. If the rows of X are different samples and the columns are holding 

the measurements at different (J) times then the PCA model specifically states that any 

measured time profile – row of X – can be modelled as a linear combination of a few (R) 

loadings. Thus PCA tries to describe the different time profiles as different linear 

combinations (defined by the scores) of a few underlying latent variables (the loadings). This 

is an essential and important property of PCA in this context. It is illustrated in Figure 3A 

where it can be seen that when the same phenomenon occurs in different proportions in 

different samples, this is easily handled by a one-component PCA model.  

 

Sometimes though, the same phenomenon does not only change in magnitude but also in 

shape. E.g. the maximum of the peak shifts position (Figure 3B). This is a dramatically 

different situation because the variables (times in this case) essentially change meaning from 

sample to sample. PCA and most other multivariate methods can not handle such shifts in an 

efficient manner. Every type of shift must basically be modelled by a separate component 

which is not a meaningful and parsimonious way to model the data. The PARAFAC2 model 

to be discussed will be shown to be able to handle this type of variations. 
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If data is arranged in a three-way array (e.g. Samples × Times × Sensors) it is necessary to 

matricize (i.e. unfold) the data in order to fit a PCA model. This can be done as shown in 

Figure 4. A PCA model of such unfolded data is often referred to as unfold PCA. However, 

the unfolding may obscure the natural relationship between variables of different dimensions. 

The use of multi-way chemometric methods (e.g. PARAFAC1 and PARAFAC2) is often 

more appropriate and offers several advantages compared to PCA. 

 

PARAFAC1 is similar to PCA. Instead of a bilinear model handling matrices, it is a trilinear 

model handling three-way arrays (or even higher-way arrays). This is illustrated in Figure 5. 

As PCA, a PARAFAC1 model provides scores for the sample mode and loadings for the time 

mode, but also an additional set of loadings for the sensor mode. Such a model has interesting 

properties in itself [12,14] but as for PCA, the PARAFAC1 model assumes that the 

underlying basic variations (latent variables) remain constant in shape across different 

samples. If this holds and the underlying phenomena are additive in nature, then the 

PARAFAC1 model directly and uniquely estimates the underlying phenomena [15]. This 

strict (tri-)linearity of PARAFAC1 is very advantageous when applicable [12] but the model 

will often be too restricted to deal with severely shifted time profiles e.g. as also seen in batch 

production data [16]. 

 

PARAFAC2 is a development of the original PARAFAC1 model which aims at handling 

shifted or more generally varying profiles in a more efficient manner than PARAFAC1 (and 

PCA) can. In Figure 6 the graphical description of the PARAFAC2 model is shown. In this 

figure, scores (A) and sensor loadings (C) are of a similar structure as in PARAFAC1. 

However, in the time mode where it is assumed that there are shifts, there is not only one 

loading matrix as there would be in a PARAFAC1 model. Rather, for each sensor, k, an 

individual time loading matrix is given. Hence, the PARAFAC2 model allows that every 

sensor (or alternatively sample) can have its own distinct set of time loadings. This is clearly 

different from the assumptions e.g. in the PCA model where all samples are assumed to be 

governed by the same set of time loadings. 

 

 

The matrix formulation of the PARAFAC1 model [17] and PARAFAC2 model [18-20] are 

shown below. The multi-way models are somewhat difficult to grasp from linear algebraic 

expressions because linear algebra is intrinsically related to two-way matrices. However, 
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these expressions are important for specifying the exact nature of the PARAFAC2 model. 

The models are mostly fitted in a least squares sense. 

 

PARAFAC1: Xk = ADkBT + Ek   

PARAFAC2: Xk = ADkBk
T + Ek                              

                

where Xk is the kth frontal slab of the three-way array and Dk is a diagonal matrix holding the 

kth row of C in its diagonal. A, B/Bk, and C are parameters to be estimated and Ek residuals. 

The major difference between the two models is that PARAFAC2 allows the loading matrix 

for mode B to be different for the k sensors (Bk).  

  

The PARAFAC1-solution cannot be rotated without a loss of fit and hence only one best-fit 

solution (unique) is possible. For the PARAFAC2 model to be valid and to retain uniqueness, 

all the cross-products matrices of the Bk matrices are constrained to be constant for all k. This 

can be formulated as [19]: 

 

Bk
TBk =  BTB,      k = 1,……K         (3) 

 

This means that for every sensor k, a set of profiles Bk (e.g. elution profiles [18]) is estimated 

under the constraint that the cross-products of the profile matrices are identical. 

 

2.4. Post-processing/graphical presentation 

The appropriate selection of pre-processing steps combined with the correct chemometric 

model provides a solution that is ready to be further analysed using post-processing 

techniques. The most obvious post-processing step is the graphical illustration of the model 

parameters, which will be described in the following section. 

 

Data from sensor based analytical instruments can be arranged as Sample/Sensor × Time × 

Sensor/Sample. The results of a model fitted to such data directly can be presented in terms of 

parameters (scores or loadings) from a certain mode. The sample and sensor modes are 

illustrated with score and loading plots (scatter plots), respectively, whereas the time profiles 

are best shown as sensor signal vs. time. In Table 2 the number of elements in the plots from 

the different chemometric models are compared. 
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It can be seen that the use of the multi-way chemometric models gives a simpler loading plot 

of the sensor mode as compared to a corresponding PCA model of the data rearranged into a 

matrix. The plots of mode B differ for the different multi-way models and the special features 

of the models are illustrated in this mode. PARAFAC2 that allows a certain freedom in one 

mode (e.g. mode B) contains more loading elements, but the simple structure of the scores A 

and loadings C has been preserved.  

 

Another way to evaluate the models parameters is to use different classification technique 

(e.g. K Nearest Neighbours (KNN) or Soft Independent Modelling of Class Analogy 

(SIMCA) [21]. In this paper both visual interpretation of scatter plots and results from a KNN 

classifier will be used to validate the chemometric models. 
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3.1. Data origin 

In the food industry great emphasis has been put on the standardization and control of the 

food production. By minimizing the variations similar products can be produced even under 

varying conditions. Deviations will occasionally occur and it is then important to be able to 

recognize this and to take the proper actions. In the spring 2002, Pingvin Lakrids A/S 

initiated an investigation to find a fast, easy, and more or less automated instrumental 

analytical technique that could help them differentiate between normal licorices and deviating 

licorices. For this purpose an electronic nose showed promising results. 

 

3.2. Instrumentation 

Analyses were conducted using an α-FOX-3000 electronic nose manufactured by Alpha 

M.O.S (Multi Organoleptic System) (Alpha M.O.S, Toulouse, France, http://www.alpha-

mos.com/) with a sensor array system consisting of twelve Metal Oxide Semiconductive 

sensors (MOS) distributed in two chambers. Chamber one: SY/LG, SY/G, SY/AA, SY/Gh, 

SY/gCTI, and SY/gCT; chamber two: T30/1, P10/1, P10/2, P40/1, T70/2, and PA2. The 

signal of sensor one (SY/LG) was very noisy and perturbed and pre-analyses showed that this 

sensor disturbed the interpretation of the results. The data from sensor one (SY/LG) was 

therefore not included in the data set.        

 

The presence of two additional sensors in each chamber permitted control of the internal 

temperature and the relative humidity. The temperatures in chamber one and two were 95°C 

and 65°C, respectively, and the humidity was adjusted to 0 % RH in both chambers.    

 

3.3. Samples 

A commercial licorice product manufactured by Pingvin Lakrids A/S, Avedøre, Denmark 

was used for the analysis. From this three different licorice characteristics were evaluated: 1) 

Good licorices (GOOD), 2) Bad licorices (deviating licorices) (BAD) and 3) Fabricated bad 

licorices (FBAD). The latter samples were prepared by drying the good licorices for a longer 

time and were included because of an observed burned taste in the bad licorices and this was 

tried resembled by a further drying of the good licorices.  

 

Equilibrium was established between the headspace and the licorice sample and from the 

headspace 1 ml gaseous sample was transferred to the sensors. An acquisition time of 120 sec 
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measuring the sensor signal (S) every ½ sec was applied for each measurement. Between the 

measurements the baseline of the sensors were re-generated with carrier gas and the baseline 

signal (S
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0) measured. The experiment was completely randomised and each licorice 

characteristic was evaluated with six replicates.  

 

Initial data analysis using unfold PCA and visual inspection of raw sensor signals revealed 

that sample FBAD-4 was an outlier and thus this sample is removed from the data set. Thus 

one element in X corresponds to the measured sensor signal from sample i, measured at time 

j, with sensor k, where i = 1……,17; j = 1,…..,241;  k =1,…..,11. 
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3.4. Data handling 

The pre-processing and modelling steps were performed using a Graphical User Interface 

(GUI) program - SENSABLE. SENSABLE is a newly developed processing tool for sensor 

based data that can be downloaded at http://www.models.kvl.dk/source/. In Appendix A, a 

screen dump of the SENSABLE program is shown. The current version of SENSABLE 

requires MATLAB at least version 6.x.  

 

The different chemometric models can also be calculated using N-way toolbox version 2.10 

and the PARAFAC2 toolbox for MATLAB® version 6.5 (The MathWorks Inc., Natick, MA, 

USA). The toolboxes can be downloaded at http://www.models.kvl.dk/source/. 20 

21 
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The K Nearest Neighbours (KNN) classification is performed calculating the distance to the 

three nearest neighbours using Euclidian distance in scores. Given the low number of samples 

in each group, it was not tested to increase the number of neighbours. The scores of three test 

samples – one from each licorice group randomly selected – are predicted (not included in the 

calibration) and the distances to the calibration samples calculated yielding a classification of 

each sample. This exclusion and classification of three samples was repeated several times.  
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The effect of different pre-processing steps is evaluated and validated using an appropriate 

chemometric model. The combinations of pre-processing steps and the model will be 

assessed according to explained variance of the model and according to how well the samples 

are separated in a score plot (visually evaluated). Note though, that percentage fitted variation 

in itself does not provide a useful measure of appropriateness. For mathematical reasons, a 

model with more degrees of freedom (e.g. unfold PCA compared to PARAFAC1) will 

always fit better. The problem is that the better fit will mostly be fit to noise if the 

mathematically simpler model (PARAFAC1) is already fitting the systematic variation. The 

degree of overfit can be evaluated by comparing the fit with the cross-validated fit. The 

simplest possible yet adequate model is desired. Beforehand, PARAFAC1 can be anticipated 

to be adequate and hence sufficient, if the underlying time profiles do not change shape only 

magnitude across different sensors or samples. Unfold PCA on the other hand will be 

appropriate if the time profiles are unrelated across different sensors or samples. PARAFAC2 

is an intermediate model that allows the time profiles to vary in shape but not to be absolutely 

unrelated.  

 

The focus will be on separating the normal licorices (good) from the deviating licorices (bad), 

and not as much to separate the good or deviating licorices from the fabricated bad licorices 

as the latter two are expected to be more similar and of less interest to separate. Care must be 

taken, as e.g. removing outliers from the data will affect the pre-processing of the data. Upon 

removal of outliers the data must thus be re-preprocessed and a new model calculated before 

the actual model evaluation. 

 

Initially the data are assumed to be well analysed with a multi-way chemometric model and 

the PARAFAC2 model is a likely candidate due to observed shift between the different 

sensors signals. In the PARAFAC2 model orthogonality constraints are applied for the sensor 

and the sample mode which helps avoiding numerical problems. All models presented in this 

article are partly validated using cross-validation by splitting the sample mode in seven 

randomly chosen intervals. 

 

The number of components selected for each model is determined from a thorough model 

inspection using the following parameters: explained variance, size and structure of residuals 

compared to modelled data and raw data, split-half analysis, and visual interpretation of the 
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seem easier to use, it is important to realize that these only rarely provide correct answers 

when used for exploratory models as those in this paper. It is always necessary to use 
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workflow for achieving a good model is presented.  
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4.1.1. Baseline correction and centering/scaling 

In Table 3 PARAFAC2 models for different baseline corrections are evaluated. As shown in 

Figure 2 the baseline subtracted (fractional pre-scaled) sensor signals are of widely different 

scales. This indicates that scaling the sensor mode is useful to give all the sensors the same 

opportunity to influence the model.  

 

As seen from Table 3 several combinations of centering/scaling and baseline pre-scaling 

methods provide an efficient separation of the samples. Thus one could argue that selecting 

just one of these combinations will give a sufficient pre-processing. However, the pre-

processing steps interact and thus must be interchanged before the most efficient combination 

can be selected. Depending on the data size and structure this process can be time-consuming 

and thus a standard pre-processing is often selected. With good insight and experience such 

prior determined pre-processing will often be useful, but problems may arise when new types 

of samples or sensors are included in the analysis. 

  

The use of integrated software facilitates comparison of many different models. This is 

helpful when exploring the usefulness of new models as those presented here. In the 

following a good combination of pre-processing, transformation and model is selected to 

show the effect of transformation and feature extraction. All combinations of pre-processing 

steps have been evaluated to make sure that the optimal selection from Table 3 is still optimal 

after the evaluation of the last two pre-processing steps.  

   

An example of the separation using the fractional baseline correction and centering and 

scaling is shown in Figure 7A. Figure 7A shows that the good samples are well separated 

from the deviating samples, but also that it is possible to separate the deviating samples from 

the fabricated bad licorices. As expected the latter two licorice characteristics appear more 

similar to each other than to the good licorices.  
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Transforming the data with logarithmic and similar transformations are not likely relevant for 

these data (initial results not shown confirm this). 
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4.1.2. Feature extraction 

The concept of feature extraction is to extract the relevant information from the data and to 

reduce the number of parameters in the data set, ultimately leading to more robust and simple 

models. In Table 4 an evaluation of some feature extraction methods is shown.  

 

From Table 4 it can be seen that using a subset of the time variables gives a model that is 

explaining the data well and separates the samples as efficient as the model using all time 

variables (score plot is not illustrated, but is very similar to Figure 7A). The use of only the 

maximum of each sensor response curve gives a separation of the samples that is quite 

similar to the three-way models (Figure 7B). Other types of feature extraction makes the data 

array smaller and simpler, but offer a less sufficient separation of the samples.  

 

To further evaluate the separation of the three groups a KNN classification is performed and 

the results are shown in Table 5.  

 

Table 5 indicates that despite an almost perfect classification of the test samples some 

information about the samples is lost using only the maximum. But the use of the maximum 

makes it possible to use ordinary PCA and gives a good indication that the samples can be 

separated; however, the results using PARAFAC2 on the full data set are better though. This 

concept of using only one variable from the time mode (i.e. reducing the dimension of the 

data array) is often seen in analyses using commercial electronic noses because the integrated 

software limits the data to two dimensions.  

 

4.2. Processing step (modelling of pre-processed data) 

As was seen from Figure 7 both two-way and three-way chemometric models are capable of 

separating the samples into the three groups.  

 

The major difference between the PARAFAC1 and PARAFAC2 is that PARAFAC2 is 

modelling each sensor separately (Bk loadings), whereas PARAFAC1 estimate a common 

time profile loading (B loading) that is used for all sensors, as illustrated in Figure 8. 
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The scale showing the size of the Bk loadings is arbitrary and can not be directly compared to 

the real time profiles. Both component one and two of the PARAFAC2 model contributes to 

the Bk loadings, but it is seen that the contribution from component one is rather noisy and 

much smaller in magnitude than the loadings of the time profiles given in component two.   

 

PARAFAC2 includes eleven different time profile loadings and this gives a superior 

separation of the samples as seen from Figure 7A. However, for each component some of the 

time profiles seem to differ only on the magnitude level and thus a model like PARAFAC1 

might be adequate to describe the fewer common time profile shapes.  

 

From pre-analyses (e.g. split-half and core consistency analyses) it was found that the more 

restricted PARAFAC1 model also needs two components to give the optimal (unique) 

solution. However, as shown in Figure 9 the samples are not separated in the same efficient 

way as for PARAFAC2 (and PCA).  

 

The time profile loadings for PARAFAC1 in Figure 8 also shows that the two components 

have shapes that are very similar to the real sensor response curves (Figure 2). This suggests 

that the information of the shifted time profiles is not included in the model, but that only an 

average sensor time profile is allowed for each component. This could indicate that more 

components are needed to describe the shifted behaviour of the sensor signals. However, the 

model gets worse including more than two components - thus PARAFAC1 seems to be a too 

restricted model for this data. 

 

The insufficient separation of the samples using PARAFAC1 indicates that this kind of data 

is not strictly tri-linear, but rather that the time profile of each sensor should be modelled 

independently, as is the case using PARAFAC2. The result from the PCA model also 

suggests that most information of the different samples is located in the peak, and in 

particular in the maximum of the signal. However, ignoring the three-way structure of the 

original data tends to give a less sufficient separation of the samples and suggests that 

important information also can be found in the rest of the time profile curve. 
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In this article the processing of sensor based data has been outlined and PARAFAC2 has 

been suggested for enabling analysis of the raw data even when there are time shifts. 

Refraining from extracting features is expected to make it possible to extract more 

information in situations where more subtle details of the data are needed for proper 

quantification or classification. The extent, to which this is feasible, in general, remains to be 

explored in various contexts.  

 

Choosing appropriate pre-processing and model requires knowledge of the data structure and 

the model. For sensor based data the PARAFAC2 model that handles shifted profiles offers 

some advantages compared to related methods such as PCA. However, the structure of the 

PARAFAC2 model requires a more careful interpretation of the model parameters and an 

extensive post-processing procedure could be essential to the concluding interpretation.     

 

The electronic nose combined with the correct data pre-processing, processing and post-

processing was found to have the potential to be a fast, easy to use and suitable analytical 

methods in the application, but some important hurdles must be passed before this method 

can be introduced as an at-line method. Most notably, more experience is needed in using the 

multi-way approach for analyzing sensor data. 
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Figure 1. Example of three-way data set, X from an electronic nose.  

 

Figure 2. Left: Raw/Real sensor signal and Right: Baseline corrected sensor signal - (S-

S0)/S0: of one sample and eleven MOS (Metal Oxide Semiconductive) sensors.  

 

Figure 3. Illustration of the principles of data that can be modelled with PCA (A) and of data 

that show shifted profiles and thus can not be modelled using PCA (B). X is the two-way 

data; T is the score vector and P the loading vector. 

 

Figure 4. Three-way nose data of dimension I (samples) × J (times) × K (sensors). The data 

can be matricized to two-way data by concatenating every frontal slab next to each other. 

Note that sensors in the second (J) mode and time in the third (K) mode is then confounded in 

the resulting matrix. The data can also alternatively be unfolded in the other modes. 

 

Figure 5. Graphical explanation of the principles of the PCA model (A) and PARAFAC1 

model (B) using a two-component model as an example. 

 

Figure 6. Graphical description of the PARAFAC2 model. Data: Sensors × Time × Samples. 

Mode A: sensors, mode B: time profiles, and mode C: samples.  

 

Figure 7. Score plots for PARAFAC2/PCA models. (A): PARAFAC2 model of the fractional 

baseline corrected data centering the sample mode and scaling the sensor mode (Data size: 

17×241×11). (B) PCA model of data where the maximum of each sensor signal is extracted 

(Data size: 17×11). 

 

Figure 8. Bk loadings (time profile loadings) for each sensor of the PARAFAC2 model 

component 1 (A) and component 2 (B). B loadings for a PARAFAC1model with two 

components (C). From pre-analyses the number of components is found to be the most 

optimal describing the pre-processed data for the given model. 

 

Figure 9. Score plot for samples for a PARAFAC1 model with 2 components. 
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Table 1. Baseline correction formulas for MOS sensors (modified from [9]) 

 

Table 2. Characteristics of plots from the different chemometric models (in brackets are 

shown the number of elements of an I × J × K array in the different plots). Unfold PCA is 

PCA performed on the three-way array rearranged (unfolded) to a matrix. 

 

Table 3. Baseline correction methods and use of centering and/or scaling evaluated from 

explained variance and score plots from PARAFAC2 models. Two components are included 

in all models. Note that explained variance is in percentage of pre-processed data and hence 

not directly comparable for different models. 

 

Table 4. Feature extractions based on fractional pre-scaled data evaluated from PARAFAC2 

model (N>2) and PCA models (N=2). Two components are used in each model and the 

sample mode is centered and sensor mode scaled.  

 

Table 5. Results from KNN classification calculating the distance from each test sample to 

the three nearest neighbours. The test set consists of one sample randomly selected from each 

licorice group. Sixty samples were evaluated for each model. 
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Tables 1 
2 
3 
4 

 
Table 1 
 
Method Formula (1)

Difference S(t) - S0 

Relative S(t) / S0

Fractional (S(t) - S0) / S0

5 
6 
7 
8 
9 

(1) S0 is the baseline signal (signal of the carrier gas) and S(t) the signal after a certain time.  
 
 
Table 2  
 

Model Mode A Mode B (time) (1) Mode C 
Unfold PCA Score plot (I) Loading plot (J × K) (2)

PCA (3) Score plot (I) Loading plot (K) 
PARAFAC1 Score plot (I) Sensor signal vs. Time (J × R) Loading plot (K) 
PARAFAC2 Score plot (I) Sensor signal vs. Time (J × K × R) Loading plot (K) 

10 
11 
12 
13 
14 
15 
16 

(1) R is the number of components in the model  
(2) Mode B is nested within mode C giving a complex loading plot with many loading elements 
(3) Extracting one feature of mode B reduces the data size to I × K 
 
 
Table 3 
 

 Centering and/or scaling Model characteristics  

Method None Centering Scaling Centering 
+ scaling 

Explained 
variance 

Separation  
of samples (2)

  X  99.96 + + B-FB Difference (1)

S-S0    X 99.06 + + B-FB 
X    99.97 -  
 X   99.30 + + B-FB 
  X  99.96 -  

Fractional 
(S-S0)/S0

   X 99.20 + +  
X    99.99 + (+) B-FB 
 X   99.30 + (+) B-FB 
  X  99.99 + (+) B-FB 

Relative 
S/S0

   X 99.30 + (+) B-FB 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 

(1) Scaling is essential for this baseline correction method 
(2) Separation of normal and deviating licorices evaluated from score plots with the first component plotted 
against the second. -: no separation, +: some separation, and + +: samples are well separated. Symbols in 
brackets indicate a less significant separation than the same symbol with no brackets. Letters - G: good, B: bad, 
FB: Fabricated bad – are used to indicate which groups that are not ‘perfectly’ separated. 
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1 
2 
3 

 
Table 4 
  
Feature extraction Size of array Model Explained 

variance 
Separation 

of samples (4)

All time variables (1) 17 × 241 × 11 PARAFAC2 99.20 + + 
d = 3 17 × 81 × 11 PARAFAC2 99.21 + + 
d = 7 17 × 35 × 11 PARAFAC2 99.21 + + 
d = 20 17 × 13 × 11 PARAFAC2 99.21 + + 

Subset of time  
variables (2)

d = 40 17 × 7 × 11 PARAFAC2 99.15 + + 
Absolute maximum 17 × 11 PCA 99.76 + + 
Max adsorption slope 17 × 11 PCA (3) 92.31 - 
Max desorption slope 17 × 11 PCA (3) 89.11 - 

4 (1) PARAFAC2 model from Table 3 that is fractional pre-scaled, sample mode centered and sensor mode scaled  
5 
6 
7 
8 
9 

10 
11 
12 

(2) Subset using every d variable in the time mode (data array X: 17 × 1:d:241 × 11). If the size of the time mode 
is not divisible with d, the number of features selected will be rounded to the lowest integer. 
(3) Five components in the PCA model 
(4) See Table 3. 
 
 
Table 5 
 

 Classification 
Model Correct Incorrect 
PCA 57 3 

PARAFAC2 59 1 
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Screen dump from the SENSABLE program 
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