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Abstract 

In this thesis multivariate methods were used to evaluate pretreatment methods, such as 

normalization, as well as classification possibilities of data collected with Laser Induced Breakdown 

Spectroscopy (LIBS). The LIBS system that FOI is currently developing for the purpose of classifying 

biological airborne threats was used to collect data from ten different samples in a laboratory 

environment. Principal component analysis (PCA) shows that it is possible to observe differences 

between samples using the two types of data acquired from the LIBS system, i.e., 2D CCD camera 

images and 1D spectra extracted from the image. Further results using partial least squares 

discriminant analysis (PLS-DA) show that normalization of the data only has visual effects in the PCA 

score-plots and do not affect the models predictability. Results also show that cropping and binning 

the pixels in the image is possible to some extent without losing significant predictability. 

Keywords: Multivariate data analysis, LIBS, PCA, PLS-DA, classification, crop, bin 

 

 

 

Sammanfattning 

I det här examensarbetet har multivariat dataanalys använts för att utvärdera förbehandlings-

metoder, t.ex. normalisering, och klassificeringsmöjligheter för spektralt data insamlat med Laser 

Induced Breakdown Spectroscopy (LIBS). Systemet som FOI utvecklat under de senaste åren i syfte 

att analysera enstaka partiklar i luft har använts i laboratoriemiljö för att samla data från tio olika 

prover. En principalkomponentanalys (PCA) visar att det går att se skillnader mellan proverna utifrån 

de två datatyperna som erhålls från LIBS, 2D CCD bilder och spektra extraherat från dessa bilder. 

Vidare så visar resultat från partiell minstakvadrat-diskriminantanalys (PLS-DA) att normalisering av 

data endast har en visuell effekt i PCA score-plottar och inte har någon inverkan på modellernas 

prediktionsfömåga. Resultat visar även på möjligheter att beskära och binna pixlar i bilderna i viss 

utstreckning utan att förlora signifikant prediktionsförmåga. 

Nyckelord: Multivariat dataanalys, LIBS, PCA, PLS-DA, klassificering, beskära, binna 

 

 

 

 

 

 



 
 

Dictionary 

 

LIBS – Laser induced breakdown spectroscopy is a type of atomic emission spectroscopy that 

generates a plasma from which emission light from elements in the sample can be captured. 

CCD – A charge-coupled device is used to capture the emission light in the LIBS setup. 

PCA – Principal component analysis is a multivariate method that projects data to a new variable 

space where each new orthogonal variable contains successively decreasing amount of variance from 

the original dataset. 

PLS-DA – Partial least squares discriminant analysis is a multivariate method that is used to create 

predictive models when the number of observations is a lot fewer than the number of variables. 

Q2 – A quality measure of how well a model can predict new observations which can be acquired 

when using PLS algorithms.   
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1 Introduction 

1.1 Background 
The Swedish Defense Research Agency, FOI, in Umeå has during several years developed a system to 

analyze single µm-sized particles in air. The primary use of the system is detection of biological 

airborne threats and is a part of an EU-project called TWOBIAS. The goal of this project is to be able 

to recognize and classify known biological agents in a background environment. At this stage the 

focus lies in detection and classification of a certain type of particles, namely Bacillus atrophaeus 

(BG) -particles1, which can be used as a simulant for anthrax. The results of this thesis may be used in 

further development in the TWOBIAS project. 

For this objective, FOI is using a technique called Laser-Induced Breakdown Spectroscopy (LIBS) 

which is a type of atomic emission spectroscopy. A highly energetic laser pulse is fired on a sample 

(e.g. particle) that generates a plasma from which the emission light from the elements contained 

within the sample can be captured. The light is collected onto a high resolution, broad wavelength 

region spectrometer. This light is represented as a 2D image and 1D spectrum showing CCD counts as 

function of wavelength. 

The primary objective of this thesis was to analyze LIBS-data originating from biological samples and 

investigate the possibilities of classifying and predicting new data. The analysis was done with 

multivariate methods on data collected from known samples in a laboratory environment to confirm 

that the method would be possible to use in an online live application. Both extracted 1D spectra and 

2D CCD camera images have been investigated as input data. The thesis also includes an analysis of 

different pretreatment methods to establish knowledge about how to handle the data before 

classification. 

One common hardware restriction in LIBS systems is that the use of a high resolution, broad 

wavelength region spectrometer makes data transfer time-consuming. This results in slow data 

acquisition, typically a few Hz or even lower. Low sampling speed has made such LIBS systems far 

from optimal for use as an aerosol detector as only a small number of particles per unit volume can 

be sampled, resulting in long response times. In order to collect and analyze more data it is therefore 

preferable to minimize the data size of the images which leads to a secondary objective. That is, to 

investigate to which extent it is possible to manipulate the images (e.g., crop and/or bin pixels) in an 

early stage without losing too much predictability in the model. 

1.2 Laser Induced Breakdown Spectroscopy 
The principle of data collection in a LIBS system is illustrated in Figure 1. A powerful pulsed IR laser 

(Nd: YAG) is focused on a point of the sample, where the high and localized energy of the laser pulse 

induces a breakdown plasma. Emitted light from the plasma can be collected and coupled to a high 

resolution, wide band spectrograph where an image is captured by an attached CCD detector. The 

spectral information contains information about the elemental composition of the sample which can 

                                                           
1
 Over the years the species Bacillus globigii has taxonomically changed name to Bacillus subtilis var niger and 

to the current Bacillus atrophaeus. However, the acronym BG is still widely used. 
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be used to classify their origin by comparing the spectral signature against a library of known 

references.  

 

Figure 1: Illustration of a typical LIBS setup. 

To achieve high resolution in a broadband wavelength region in a LIBS configuration, Echelle type 

spectrographs are commonly used. In this particular setup an Andor Mechelle 5000 spectrograph 

was used. The light collected with such a spectrograph is dispersed in two dimensions (by prisms and 

by a grating). The light intensity is then measured at an intensified CCD detector with a pixel 

resolution of 1024 x 1024 pixels. The data extracted from the spectrometer can therefore be 

illustrated by an image (Echellogram) with bright pixels where the emitted light is collected (see 

Figure 2). 

 

Figure 2: A typical image (or Echellogram) from the CCD-camera in the spectrometer. Due to the properties of the 
spectrometer, same wavelength light may appear on multiple locations in the image. In addition, not the whole active 
CCD area will contain spectral data which means that there is redundant information that easily can be removed without 
compromising the classification. 

There is a complex transfer function from the 2D image to the “normal” (intensity vs. wavelength) 

spectrum that the spectrograph software performs. Such spectra can be seen in Figure 3, where a 
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mean averaged spectrum from about 100 observations is compared to a single shot spectrum. One 

can notice that the single shot spectrum is containing a lot of noise which will make it more difficult 

to classify or compare different spectra. This is one reason why pretreatment might be necessary 

before the analysis. 

 

Figure 3: The figure shows the transformed 1D spectrum extracted from an image (Echellogram, see e.g. Figure 2). 
Plotting the spectrum this way is practical when correlating characteristic emission lines at certain wavelengths with 
their corresponding elements. The top panel shows a single-shot spectrum of a sample whereas the bottom shows a 
mean averaged spectrum from about 100 observations from the same sample. A comparison between the two shows 
how much noise there is in a single-shot observation. 
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2 Methods and theory 

2.1 Transfer function 
The transfer function extracts data only from a certain pattern in the Echellogram (see Figure 4). The 

slightly tilted horizontal lines in the funnel shaped pattern correspond to diffraction orders. The 

bottom of the image corresponds to the shortest wavelengths (UV, which is not captured by this 

setup) and the top correspond to the longest (IR). The shape of the pattern comes from that UV and 

IR light is dispersed differently in the spectrometer. A repetitive pattern of the light can be observed 

in horizontal direction of the image, see Figure 4. At diffraction order 80 only one bright spot resides 

inside the transfer function. That point is actually located at order 79 and by following the extended 

lines we see that the other four spots are the same but found at different diffraction orders. The 

pattern is shaped so that for example, as line 100 ends to the left, line 99 starts to the right (as the 

bottom horizontal line indicates) and in this way forming a continuous line all the way to the top. The 

reason for this is to not include multiples of essentially the same information. The function extracts 

information along the lines starting at the  ottom right     200 nm) and ending at the top left (   900 

nm) transferring the pixel information into wavelength intensities. This knowledge, that the 

information outside the pattern is redundant, can be used to see the possibilities of reducing the size 

of the image by cropping. In addition, UV light shorter than    240 nm will not reach the CCD in the 

current optical set-up, which allows removing the pixels at the bottom of the image. 

In the spectrometer software it is also possible to acquire a connection between the image and the 

extracted spectra. Marking a point in the spectrum highlights the corresponding position in the 

image. At the marked position in the spectra it is also possible to access a spectral line database and 

receive information about which elements have emission lines at that wavelength. So by analyzing 

the spectra one can use this connection to also get an idea about what element a spot in the image 

corresponds to.  
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Figure 4: The pattern that the transfer function follows is shown in a logarithmically increasing intensity scale and where 
each line corresponds to diffraction orders. Extended lines show how the same point is found at different diffraction 
orders and the bottom horizontal line shows how one line ends on one side the next continues at the other and in that 
way forming a continuous line all the way to the top. 

 

2.2 Principal component analysis 
From spectral measurements one usually acquires a large amount of data and mostly the number of 

variables greatly outnumbers the observations, therefore multivariate data analysis is a well suited 

method. There are several multivariate methods that can be used for this type of analysis. One 

suitable method that can provide information if there are similarities between spectra is principal 

component analysis (PCA). PCA is a projection method that transforms a dataset onto a new variable 

space. The objective of the PCA algorithm2 is to find a linear transformation for the data to achieve a 

diagonal covariance (or correlation) matrix using eigenvalue decomposition. The components 

(eigenvectors) in the new variable space are made to account for as much variation in the original 

dataset with as few variables as possible. These new variables are called principal components (PCs) 

                                                           
2
 In this study the built in Matlab function princomp.m was used. 
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and are constructed so that the first component is put in the direction with the largest variance in 

the original dataset. The second PC is put in the direction with the next largest amount of variance 

under the constraint that it be orthogonal to the first PC and so on. An example of such a coordinate 

rotation is ilustrated in Figure 5. Mathematically PCA can be written as 

          

where X is the data matrix, P is the loadings used to transform the data into its projected values, or 

scores, Z. Typically, the resulting PCA is illustrated as a “score plot” where data with similar 

properties will form a point swarm close to each other while other data will form a separate point 

swarm.  

When using PCA to build models for prediction, a rule of thumb is to include as many PCs that 

account for 80 or 90% of the variance in the original dataset. This is possible since the PCs are 

orthogonal and hence are uncorrelated which mean that a cumulative variance from successive PCs 

can be calculated. The level of explained variability also works as a threshold where the included PCs 

contain the interesting information in the signal and the other PCs are assumed to contain mostly 

noise and can therefore be omitted. One has to be careful though when choosing how many 

components to use (not only in PCA) so that the model is not over- or under fitted, i.e. missing 

information from too few components or irrelevant information from too many components. 

 

Figure 5: Illustration of principal component analysis. The axes x1 and x2 correspond to the first two variables in the 
original variable space whereas pc1 and pc2 correspond to the new variable space arranged with the largest variation in 
the first component. 

In this study PCA was only used for illustrative purposes since it is a fast and simple approach to 

visualize and get information of how different pretreatment methods affect the data. For modeling 
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there are more powerful methods to analyze data assessed in this study, e.g., partial least squares 

regression. 

2.3 Partial least squares regression 
Partial least squares regression (PLS) is in some ways similar to PCA since it is built by a new set of 

components, or in this case referred to as factors, but works especially well when the data has a lot 

of variables (i.e. when the number of variables is much larger than the number of observations). 

What makes PLS differ from PCA is that it is a supervised method, that is, there exist a response Y to 

the data matrix X where the general model is constructed as 

      

             

             

where T and U are the scores and P and Q are the loadings of X and Y respectively. The matrices E 

and F are error terms. The objective of PLS is to find the matrix   to be able to predict new 

observations in X. The PLS algorithm3 uses the decompositions of X and Y to maximize the covariance 

between the score matrices T and U. In this study a variant of PLS was used, the partial least squares 

discriminant analysis (PLS-DA) which is used when the response matrix Y is binary. An illustration of a 

PLS-DA setup can be seen in Figure 6 where the observations of one type of sample are given their 

own binary signature in form of a 1 in one column and zeros in all other columns. 

 

Figure 6: Description of how the data matrix X and response matrix Y is built using PLS-DA. 

                                                           
3
 In this study the built in Matlab function plsregress.m was used with response matrix Y as described in the 

text. 
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In a supervised model one also has the benefit of getting a quality measure. In PLS the Q2 value is a 

measure of how well a model can predict new data. This value is obtained from cross validation (CV), 

which is a method where you create one calibration set and one test set from your data. The 

calibration set contains all but one observation which is put in the test set. The model is then built on 

the calibration set and is tested by predicting the single observation in the test set. The observation 

in the test set is put back in the calibration set and the procedure is started again but with the next 

observation in the test set. This is repeated until all observations have been put in the test set once. 

The Q2 value is defined as 

     
∑ (    ̂ ( ))

 
  

∑ (    ̅)
   

 

where the nominator is called PRESS (prediction residual sum of squares) where  ̂ ( ) is the predicted 

value of    when that observation was excluded from the calibration set. This value is usable to 

minimize the risk of over- or under fitting and one can successively increase the number of factors 

and stop when a significant increase in predictability is no longer observed [1]. 

Considering the problem with the size of the images, a possibility is to crop the image and/or bin the 

pixels directly after it is taken. By binning the pixels, e.g. two by two, will decrease the image size by 

three quarters and hence increase the data collection speed. Creating models using PLS-DA on 

different binned pixels and cropped images and comparing the Q2 value to the ones from the full size 

images can give an idea of how much is lost in predictability compared to how much is gained in data 

reduction. These two methods have been used separately, in combination and with a reduced 

number of variables, i.e., using only wavelengths (or pixels) that have intensities greater than some 

threshold. In this case the median of the standard deviation through all observations was chosen as a 

signal-to-noise-ratio (SNR). Increasing the threshold by some factor and calculating the Q2 value of 

models created on the remaining variables will not only give an idea about how many variables are 

needed but also which variables. By looking at the remaining peaks in the reduced spectrum one can 

compare the wavelengths to a spectral database to see which elemental emission lines are relevant 

to the model. 

2.4 Pretreatment 
This section will explain the different pretreatment methods used and tested before building the 

models. The aspects that have been taken into consideration are: positioning of measure points, 

standardization of the observations, noise reduction and baseline correction. 

Due to different offsets in the spectra each time the spectrometer is calibrated it is necessary to 

pretreat and normalize the data before using it. Typically the wavelengths in a LIBS spectrum span 

from 200 to 900 nm, however, after each calibration, both the wavelength interval and the step size 

function usually changes. In PCA and PLS each measured value (e.g. intensity at each wavelength) is 

considered a variable which means that in order to get a fair comparison between different spectra, 

the number of variables and their positions need to be constant. This inconsistency problem can be 

solved by interpolating the spectrum onto a new predetermined wavelength interval. In this case the 

distance between the wavelength points in the data has an exponentially increasing trend which is 

taken into account in the interpolation. The new wavelengths can be determined by solving an initial 

value problem by using the information from an original spectrum and knowing the exponential 
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function. A small window of an interpolated signal and the original signal is shown in Figure 7, where 

one can see that the two lines coincide very well. 

 

Figure 7: A small window of 10 nm showing how the interpolated (red) signal coincides well with the original (blue) 
signal. 

If the baseline differs throughout the spectrum this should be taken into account. Since the 

prediction is based on intensities at given wavelengths they should be analyzed without any 

increase/decrease due to shifts in the baseline. To handle this, a baseline correction algorithm [2] is 

applied, both separately and in combination with other pretreatments. Even in the case when the 

baseline is quite constant it contains a certain level of noise, which might hide the significant signal. 

To see if the noise is reducing the predictability of the model one can apply a digital filter. A filter that 

is commonly used to reduce noise in a spectrum is a Savitzky-Golay smoothing filter which preserves 

the spectral features [3]. This type of filter is essentially performing a local polynomial regression to 

calculate the smoothed values at each point in the spectrum. 

Considering the normalization of the observations there are several ways of standardizing the data. 

Some of the methods that have been tested in this study are normalization to: unit length, unit area, 

unit maximum and auto scaling, which is a popular normalization method in multivariate data 

analysis. However, in this case there was a lot of noise in the signal which would be enhanced using 

auto scaling since it is including normalization to unit variance. The main purpose here was to get the 

same prerequisites for each spectrum and all these normalization methods essentially divide the 

spectrum with a spectrum specific constant. So whether using unit length, unit area etc., these types 

of normalizations will not significantly influence the multivariate analysis. 
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3 Experimental 

3.1 Dataset 
In order to get reproducible spectra, laboratorial data sets were used so that the hits of the laser are 

known to be good clean hits on the prepared samples. The samples in this case were not aerosol 

particles but compressed pellets of selected simulants for biological agents and possible interferents, 

e.g., pollens. To get rid of unnecessary calibration differences between observations, the whole 

dataset was obtained during one trial. This dataset contained observations from ten samples which 

each provided the dataset with    100 observations. To include the internal variation within a sample 

the 100 observations were obtained from two different locations. The samples, which are numbered 

1 through 10, were: 3 strains of BG, 4 strains of BT, Betula, Ovalbumin and Sylvestris and is shown in 

Table 1. The BG samples are essentially the same microorganism but have been cultivated and 

prepared in different ways. This is also the case for the BT samples. 

Table 1: Description of the agents used in the analysis with their corresponding sample numbers. 

Sample Agent Description 

1 BG Novoz Bacillus atrophaeus dry spore preparation 
from Nowozymes 

2 BG New Bacillus atrophaeus dry spore preparation 
from Dugway, US, Newer batch 

3 BG Old Bacillus atrophaeus dry spore preparation 
from Dugway, US, older batch 

4 BT 2008 Bacillus thuringiensis dry spore 
preparation ”Turex WP”  commercial 
insecticide product) 

5 BT Biobit Bacillus thuringiensis dry spore 
preparation ”Bio it”  commercial 
insecticide product) 

6 BT Bovallius Bacillus thuringiensis dry spore 
preparation from FOI 

7 BT Dipel Bacillus thuringiensis dry spore 
preparation ”Dipel”  commercial 
insecticide product) 

8 Betula Birch pollen (possible interferent) 

9 Sylvestris Pine pollen (possible interferent) 

10 Ovalbumin  Ovalbumin protein grade V, Sigma 
(simulant for toxin) 

 

3.2 Analysis 
All analyses were performed in Matlab and the code for the scripts is available on request [4]. The 

positive and negative predictions for the models in all analyses was also tested with a two sample t-

test to see if it is statistically possible to separate a positive prediction from a negative at a certain 

confidence level. Where nothing else is mentioned the null hypothesis has been rejected and the 

predictions come from two different distributions with no significant overlap. 

As described in section 2 the Q2 value is a measure of the predictability of a model. By increasing the 

number of factors in the model, one can find the “optimal” num er of factors. The question is where 
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to find this limit, that is, where no significant increase in predictability is observed. In this study a rule 

of significance was chosen so that a factor is significant if the increase in Q2 from the previous factor 

is greater than 1 percentage point. In the models a Q2 value was obtained for each of the ten samples 

and the total Q2 value of a model was calculated as a mean from these individual predictabilities. A 

downside to this though is that if the general model could predict 9 samples considerably well but 

the last sample poorly, the model would get a lower Q2 value. 

To create a model and verify its predictability the commonly used splitting strategy of putting 2/3 of 

the observations in a training set was used. This is said to be close to an optimal size to train models 

when a large dataset (                  ) is used [5]. 

Spectral analysis 

The study started with analysis of LIBS-spectra from the biological agents to see if it was possible to 

classify different spectra. This analysis was made with three main models: 

 Model 1 which contained untreated observations (raw extracted spectra) 

 Model 2 contained unit area normalized observations 

 Model 3 was based on unit area normalized observations with reduced number of variables 

To increase the chance of finding the most significant peaks in the spectra for model 3, both the 

Savitzky-Golay smoothing filter and the baseline correction algorithm was applied. 

Image analysis 

The analysis of the images was done in a similar manor to the spectra, where the observation 

variables were pixels instead of wavelengths. The pixels in the images were assumed to be fixed, e.g., 

no dispersion differences between observations. Unfortunately the original spectrometer software 

lacks the means to manipulate the images (e.g., crop and/or bin pixels) and due to this other 

software, Image Reduction and Analysis Facility (IRAF), has been used [6]. 

According to section 2.1 Transfer function, the edges of the images contain redundant information. 

Figure 8 shows the region that was used in the image analysis and this region of the image are from 

now on defined as the full size images. The region of interest is composed by 805x696 pixels but with 

the pixel size of the original 1024x1024 image. 
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Figure 8: The full size image with a frame containing the 805x696 part used for the analysis. 

The main models that were compared in the image analysis were: 

 Models based on the full size (805x696) and binned pixel images 

 Models based on full size and binned pixel images with reduced number of pixels (e.g., the 

most significant pixels) 

 Models based on full size and binned pixel images, shifted in x- and y-directions separately 

(horizontal and vertical respectively) 

The reduction of pixels was done by using the median of the standard deviation for pixels intensity 

throughout the observations as a threshold. By comparing the Q2 values of these models and at the 

same time looking at where these remaining pixels are located one can draw conclusions about 

further cropping the images to reduce data size. 

The third type of model was of interest to analyze to see if there is need for an image recognition 

algorithm, since dispersion differences (mainly because of the temperature dependent optical 

properties of the doubleprism) may shift the position of the Echellogram on the CCD active area.  

Even a small shift in position will most likely be a problem in a model that is dependent of fixed and 

well-defined variable positions. IRAF has an algorithm to shift an image in x- or y-directions using 

interpolation which can be used to simulate a dispersion offset. The model based on the full size 

images will most likely have a problem classifying a shifted image correctly whereas a model based 

on binned pixels might be able to cope with this since the binning is an averaging of nearby pixels. 
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4 Results 

4.1 Spectral analysis 

PCA 

To get a general idea of how the samples resemble each other and to have something to compare to, 

a PCA score-plot was obtained from the untreated spectra, seen in Figure 9a. Each sample is labeled 

with its own color and marker but similar types of simulants have the same color. One can notice 

that each sample seem to create a cluster which shows that there are differences between samples 

but similarities in spectra within the same sample. The figure shows only the two first components 

but some groups seem to reside inside each other which might show difficulties separating them in a 

classification model. 

Normalizing the data before making a PCA shows how the samples create more distinct clusters. This 

is shown in Figure 9b where the data was normalized to unit area. In this figure one can see that all 

samples have their own group with just a small overlap between certain samples, with exception for 

samples 5 and 9. One should note that this is only for illustrative purposes and that the groups might 

be more separated looking at other components. But since most of the variance in the data is 

contained within the first components this is a good way of seeing the general picture. For example 

plotting the data in Figure 9b in 3D (i.e. 3 PCs are used) and rotating it will show that the 

observations from sample 5 show a tendency to at least be partially separated from the others 

(Figure 10). If the case is that the samples are too similar this should show in the PLS model where 

similar samples might be classified wrongly. 

 

Figure 9: The two first PCs are plotted to get a general picture of the data. In Figure a) the score-plot of the untreated 
observations is shown where some of the samples are clustered together but visible differences can be seen. The 
cumulative variance show that these two PCs contribute to 76% of the variance in the data. In Figure b) the observations 
has been normalized to unit area where separated groups of the samples can be seen with the exception of samples 5 
and 9. The amount of variance explained in this case is 70% with two components. 

 

a) b) 
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Figure 10: Rotated 3D plot of the PCA score-plot in Figure 9b showing how more than just two components might be 
necessary to see a separation of samples. 

Figure 11 shows a PCA of unit area normalized and smoothed spectra using the Savitzky-Golay filter. 

Except that it is inverted (common in PCA when small changes in the data are made) it is more or less 

the same as the PCA with only normalized data (Figure 9b). However, they differ in the amount of 

explained variance. As an example, where the normalized data in this case explain 70% of the 

variance with two components the normalized and smoothed data explains 78% with just two PCs. 

This illustrates that one can not only look at the score-plot to see if there is an improvement in 

separating the samples. 
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Figure 11: PCA score-plot of the first two PCs of smoothed and normalized observations. Similar to the score-plot of the 
just normalized data (Figure 9b) except that it is inverted. The amount of variance explained in this data with the two 
first PCs is 78% compared to 70% in the just normalized data. 

Concluding that there are visible differences between the samples using PCA the next thing to 

investigate was the possibilities to reduce the number of variables in analogy with what is described 

in section 2. Plotting averaged spectra from the ten samples on top of each other will give a hint of 

which wavelengths that might be of interest. The averaged spectra are shown in Figure 12 with a 

threshold line chosen by visual inspection. The remaining variables with intensities higher than the 

threshold was used as a dataset and a PCA was performed on the normalized data (Figure 13a) 

showing a similar pattern as the PCA including all variables. This means that it is possible to observe 

characteristics and separate the samples using only these remaining 78 wavelengths. It should be 

noticed that the intensities of these 78 wavelengths were not taken by exact and fixed locations from 

each observation but rather taking the maximum intensity within a window centered at that specific 

wavelength. Another test, reducing the number of variables even more, was using a higher threshold 

that included only 16 wavelengths. The score-plot from the PCA on these variables (Figure 13b) was 

almost identical to the PCA with the lower threshold which again suggests that it would be possible 

to classify the ten samples with only these 16 variables. The classification performance of the 

different models will be discussed in further detail in the next section where PLS-DA models were 

applied to the full, pre-treated and reduced datasets. 
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Figure 12: Averaged spectra from the different samples with a tolerance level line. The observations are normalized, 
smoothed and baseline corrected to be able to see the peaks clearer. The inset shows the peaks with intensities above 
the tolerance and all other wavelengths removed which resulted in 78 variables instead of 24 197. 

 

Figure 13: Spectral PCA score-plots where unit area normalized and a) the 78 peaks above threshold intensity are 
included and b) only the 16 highest peaks are included. Separated groups are still visible which means that it should be 
enough to separate the ten samples with only 16 out of the    24 000 variables used. 

200 400 600 800

1

2

3

4
x 10

-3

a) b) 



17 
 

PLS 

Figure 14 shows a typical Q2 curve obtained from the untreated observations (model 1). In this case 

the Q2 value increased less than 1 percentage point between factors 12 and 13 so in analogy with the 

pre-defined rule of significance (section 3.2) the calibration model was built with 12 factors. 

 

Figure 14: The Q
2
 curve from model 1. The rule of significance says that the optimal number of factors to build the model 

is 12. 

The model built on the training set was then tested with the remaining third of the observations and 

the result of the prediction can be seen in Figure 15 which is illustrated as a boxplot. The red line 

inside the box corresponds to the median value of the predictions and the boundaries of the box are 

the 25th and 75th percentiles and hence include 50% of the observations. The whiskers extend to the 

most extreme values considered not to be outliers by the algorithm and the outliers are plotted 

separately.  

Since PLS-DA is used, the ideal value of a true positive prediction is one and the ideal value of a true 

negative prediction is zero. Due to this fact, it is possible to get a measure on the models specificity, 

that is, the amount of observations that are classified correctly. Specificity means that only a true 

observation of a sample will get a predicted value close to 1 and all other observations will get a 

value close to 0 and that it possible to separate the two distributions. Preferably, the boxes in the 

different boxplots should be centered on these two values as tight as possible and without too long 

whiskers for the model to be considered a good predictor. As we can see in Figure 15 (lower panel), 

the negative predictions would pass as quite good with a few outliers in every sample. The positive 

predictions have a bit larger boxes and extended whiskers but the main thing is that the boxes of the 

positive and negative predictions do not overlap, which they do not except for maybe sample 8. This 

is more for visual purposes and to check statistically if the two prediction groups are separate and 

independent a two sample t-test was used, where the null hypothesis that the positive and negative 

predictions come from distributions with equal mean is tested. The test confirmed that the null 
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hypothesis could be rejected and that positive and negative predictions are independent 

distributions at a 5% significance level. 

 

Figure 15: Predictions from model 1 with 12 factors. Positive predictions ideal value is 1 and negative is 0. Red values are 
outliers and considered too extreme to come from the groups distribution. 

Some statistical data for this model can be found in Table 2 where we can see that the 95% 

confidence intervals for the positive and negative predictions do not overlap. This also confirms that 

it is statistically possible to separate the positive and negative classifications. The confidence 

intervals are based on a two tailed t-test with the same confidence level as the two sampled t-test.  

Table 2: Statistical data for model 1 containing mean, standard deviation (Std), number of observations (N) and where 
mean   Conf creates a confidence interval for the observed values. The confidence interval is based on a student’s t 
distribution with a confidence level of 0.05 and N-1 degrees of freedom. 

Positive predictions 

Sample 1 2 3 4 5 6 7 8 9 10 

Mean 0.9548     0.8898     0.9001     0.9228     0.9652     0.8426             0.9401 0.7949 0.8230     0.7741 

Std 0.2491     0.1701     0.1556     0.1256     0.0919     0.1490     0.2202     0.3341     0.2271     0.1259 

N 33 33 33 33 33 33 33 33 33 33 

Conf 0.0883     0.0603     0.0552     0.0445     0.0326     0.0529     0.0781     0.1185     0.0805     0.0446 

 

Negative predictions 

Sample 1 2 3 4 5 6 7 8 9 10 

Mean 0.0136     0.0228     0.0031     0.0047     0.0083     0.0123     0.0154     0.0262     0.0102     0.0157 

Std 0.0570            0.1247 0.0616 0.0672     0.0784     0.1036     0.1164     0.0975     0.1053     0.1485 

N 297 297 297 297 297 297 297 297 297 297 

Conf 0.0065     0.0142     0.0070     0.0077     0.0090     0.0118     0.0133     0.0111     0.0120     0.0170 
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The predicted results of model 1 (all variables included) can be compared to the results of models 2 

and 3 (with 78 and 16 variables included, respectively), whose boxplots are found in Figure 16. 

Generally one can see that at least for model 3 the boxes for the positive predictions are dropping 

which also can be seen in the statistical data for these models (Table A1 and A2, appendix A). These 

statistical data, however, does not mean that it is a bad predictor, just that a lower threshold for a 

positive prediction is needed which in turn might lead to more false positive predictions. The 

negative predictions however stay centered around zero with relatively small boxes but the whiskers 

and outliers tend to stretch farther which might also contribute to false positive predictions. 

 

Figure 16: Predictions from a) model 2 with 12 factors and b) model 3 with 11 factors. Positive predictions ideal value is 1 
and negative is 0. Red values are outliers and considered too extreme to come from the groups distribution. 

In Figure 17 we can see a curve with the Q2 value for models built with different pretreatments and 

reduced number of variables. It is noticeable that the Q2 remain at certain level even including 

method 1 which is the untreated data. The first four methods contained all variables and the last five 

contained a successively decreasing number of variables. As can be seen in the figure there is 

basically no decrease in predictability between the first four methods and method 6 where the 

number of variables was reduced to about 25% of the total. A complete list of the models tested can 

be found in Table 3. 

a) b) 
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Figure 17: Plot of Q
2
 values for models with different type of pretreatments and reduced number of variables with the 

required number of factors satisfying the significance rule. Method one through four contained all variables and the last 
five contain successively decreasing number of variables (for detailed information see Table 3). 

 

Table 3: List of models used in Figure 17 to get an overview of predictability with 
different pretreatments and reduced number of variables. 

Method Pretreatment 

1 No pretreatment 

2 Normalized to unit area 

3 Normalized to unit area and S-G smoothed  

4 Normalized to unit area, S-G smoothed and  
baseline corrected 

5 Normalized to unit area with variables having standard  
deviation         ( ) (about 12 000 variables) 

6 Normalized to unit area with variables having standard  
deviation           ( ) (about 5 500 variables) 

7 No pretreatment, selected peaks from  
Figure 12 (78 variables) 

8 Normalized to unit area, selected peaks from  
Figure 12 (78 variables) 

9 Normalized to unit area, using only the highest peaks from  
Figure 12 (16 variables) 
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4.2 Image Analysis 

PCA 

As with the spectral analysis the image analysis started with a PCA to see the possibility to separate 

the samples using the pixels instead of the wavelengths in the spectra. The score-plot from the PCA 

based on the full size images (see, e.g., Figure 18), where a distinct clustering of each individual 

group (except samples 5 and 6) is visible. This means that it would be possible to separate and 

classify the samples. However, in this case three PCs were needed to see the clear groupings and can 

be compared to the score-plots for normalized and reduced datasets (Figure 19) where only two PCs 

were needed and even more distinct groups are visible.  

 

Figure 18: PCA score-plot on the full size images with unit area normalized observations. Distinct groups can be seen in 
the three first PCs except for sample 5 and 6 which are grouped together. 

 

Figure 19: Image PCA score-plots of unit area normalized observations with a) binned pixels 4x4 with a resolution of 
202x174 pixels and b) binned pixels 16x16 with a resolution of 51x44 pixels. Separated groups of the different samples 
can be seen in both cases but more compact clusters for the higher resolution images. 

a) b) 
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PLS 

Looking at the Q2 value for different binning (Figure 20) one can see that it seem to matter how 

heavy the pixels in the image has been binned. Also binning pixels in y-direction seem to slightly 

increase the predictability of the model (at least for the higher thresholds). In this figure none of the 

models were made with all pixels but with a reduced number of pixels selected with a successively 

increased threshold using the median of the standard deviation. These thresholds was calculated to 

include pixels with standard deviation            ( )          . Looking at this figure it is 

only when binning the pixels heavily (starting from 8x8) that show a significant difference in the Q2 

curve for the higher thresholds. However, using the lowest threshold (i.e. N=2) there is only a 7 

percentage point difference in predictability between small binning, e.g., no binning at all compared 

to the heaviest binning (32x32). This is a very small loss in predictability considering that the full pixel 

size image at this threshold consists of about 95 000 pixels compared to the 32x32 binned pixel 

images with about 120 pixels. The difference in byte size between these images are also huge, 2.2Mb 

for the full size image and only 12kb for the 32x32 binned pixel image. A detailed list of how the 

pixels have been binned can be seen in Table 4. 

 

Figure 20: Q
2
 value as a function of reduced number of pixels where each line represents a model with differently binned 

pixels. The threshold making a pixel significant is calculated with standard deviation            ( ). Binning the 
pixels heavily reduces the number of pixels significantly and even more by applying a threshold. At threshold N=2 the 
32x32 binning correspond to about 120 pixels compared to the full pixel size of    95 000 pixels. 

The predictions from the models based on the full size images and the 32x32 binned pixel images can 

be seen in Figure 21 where the results in Figure 20 are confirmed, at least when no threshold is 

applied (all pixels are included).  
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Table 4: Tested image resolutions by binning the pixels differently together 
with their actual storage size and number of pixels at the lowest threshold 
N=2. Test of the models built on these images is found in Figure 20. 

Bin Image resolution Image size (kb) Pixels at N=2 

1x1 805x696 2 200 95 270 

3x1 269x696 743 33 544 

1x2 805x348 1 106 49 388 

2x2 403x348 557 25 323 

3x2 269x348 377 17 204 

4x2 202x348 285 13 258 

1x3 805x232 740 33 805 

2x3 403x232 375 17 320 

2x4 403x174 285 13 284 

4x4 202x174 147 6 894 

6x6 135x116 71 3 193 

8x8 101x87 45 1 796 

16x16 51x44 20 480 

32x32 26x22 12 118 

 

 

Figure 21: Predictions of a) full size images and b) 32x32 binned pixel images. Small differences can be seen but they 
essentially perform the predictions equally well. 

Generally the Q2 value starts to drop after N=5 which correspond to about 3 000 pixels for the full 

pixel size image. Considering where these pixels are located in the image one can see which 

region/regions that is of interest (Figure 22). The image to the left is showing pixels above the 

threshold for N=2 and hence all the pixels used in this test whereas the image to the right show only 

the most important pixels without losing a significant amount in predictability (N=5). 

a) b) 
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Figure 22: Comparison of pixels included with thresholds a) N=2 and b) N=5 showing the regions of interest in the images. 
Using only the pixels in b) yields no significant loss in predictability in the model. 

Knowing that the number of pixels can be reduced to only the ones shown in Figure 22b one can use 

the spectrometer software and spectral databases to acquire which element that might emit the 

light shown in the image as described in section 2.1. Figure 23 shows the same image as Figure 22b 

with the bright spots labeled with the most likely corresponding elements emitting the light. It should 

be noted that this was only a quick analysis and the elements listed should not be taken for granted. 

 

Figure 23: Image containing only the most significant pixels at threshold N=5 labeled with the probable elements 
emitting the light.  

a) b) 
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To see how a shift in the Echellogram is affecting the models predictability the images was shifted in 

x- and y-direction separately using IRAF. A model made from the original image was used to process 

the shifted images and Figure 24 show model predictions for full size images that was shifted one 

and four pixels in positive x direction. The predictions from these models can be compared to the 

non-shifted image predictions in Figure 21 which shows that a small shift in x-direction is likely 

possible to handle. 

 

 

Figure 24: Predictions of shifted full size image data in x-direction where a) is shifted 1 pixel and b) is shifted 4 pixels. 
Both positive and negative predictions are comparable to the predictions of the non-shifted images (Figure 21). 

Looking at shifts in y-direction instead (Figure 25) one can see how the model is unable to give good 

predictions. When the image has been shifted 1 pixel the two sample t-test still show that the 

positive and negative predictions are independent distributions at a 5% significance level but when 

shifted 4 pixels the null hypothesis could not be rejected. 

a) b) 
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Figure 25: Predictions of shifted full size image data in y-direction where a) is shifted 1 pixel and b) is shifted 4 pixels. A 
shift only by one pixel in this direction is enough for the model to fail. 

To investigate if binning of the shifted images would improve the predictability, a model based on 

8x8 binned pixel images was made and images shifted 1 pixel and binned the same way (8x8) was 

processed. This method, however, did not improve the predictions which can be seen in Figure 26. 

a) b) 
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Figure 26: Predictions of images shifted 1 pixel in y-direction, thereafter binned 8x8. The predictions show no significant 
change to the predictions of the full pixel size images (Figure 25a). 
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5 Conclusions 
The study of both the extracted 1D spectra and images showed that it is possible to separate the LIBS 

data of different samples using multivariate data analysis. The PCA of the images and spectra showed 

that differences between samples were observable and that normalized data showed even more 

distinct separation of the samples. However, the predictability of the models showed no 

improvement with normalized data. Therefore, whether to normalize or not is more to ensure that 

all input have the same prerequisites. 

From the analysis of spectra it was found that a threshold can be used to reduce the number of 

wavelengths used for classification without losing a significant amount of predictability. This 

information also opens up for further studies of the contribution of different wavelengths (i.e., 

elements) to the overall prediction model. 

Using PLS-DA on the images as input, showed an improvement in predictability compared to the 

spectra. The images initially have more variables than the spectra; however, the current work shows 

that it is possible to reduce the number of pixels to fewer than the number of wavelengths and still 

have a better predictability. This concludes that using the images is better for prediction purposes.  

The analysis of reducing the number of pixels from the full size images also showed that the most 

significant pixels are located in a specific region of the image which means that it is possible to crop 

the image in an early stage to reduce data size and thereby increase the data collection rate. 

Reducing the data size by reducing the resolution of the images, i.e., binning the pixels also proves to 

be possible. A binning of up to 8x8 pixels can be made without losing significant predictability 

(compared to using full resolution images). 

The simulation of dispersion effects in the image showed that an image recognition algorithm is 

needed, if shifts of the Echellogram are expected. The model was able to handle a shift of 1 pixel in x-

direction but could not handle the same shift in y-direction. Binning the pixels after a shift in y-

direction did not show any improvement. 
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Appendix A, Tables 
 

Table A1: Statistical data for model 2 containing mean, standard deviation (Std), number of observations (N) and where 
mean   Conf creates a confidence interval for the observed values. The confidence interval is based on a student’s t 
distribution with a confidence level of 0.05 and N-1 degrees of freedom. 

Positive predictions 

Sample 1 2 3 4 5 6 7 8 9 10 

Mean 0.9815     0.9394     0.8708     0.8855     0.9376     0.8059     0.9139     0.7148     0.8888     0.7798 

Std 0.1982     0.1642     0.1704     0.1035     0.0812     0.1185     0.1456     0.1387     0.0688     0.2702 

N 33 33 33 33 33 33 33 33 33 33 

Conf 0.0703     0.0582     0.0604     0.0367     0.0288     0.0420     0.0516     0.0492     0.0244     0.0958 

 

Negative predictions 

Sample 1 2 3 4 5 6 7 8 9 10 

Mean 0.0074 0.0089 0.0056 0.0070 0.0056 0.0189 0.0101 0.0416 0.0162 0.0212 

Std 0.0356 0.0601 0.1310 0.1224 0.0848 0.1167 0.0631 0.1589 0.1121 0.1210 

N 297 297 297 297 297 297 297 297 297 297 

Conf 0.0041 0.0069 0.0150 0.0140 0.0097 0.0133 0.0072 0.0181 0.0128 0.0138 

 

 

Table A2: Statistical data for model 3 containing mean, standard deviation (Std), number of observations (N) and where 
mean   conf creates a confidence interval for the observed values. The confidence interval is based on a student’s t 
distribution with a confidence level of 0.05 and N-1 degrees of freedom. 

Positive predictions 

Sample 1 2 3 4 5 6 7 8 9 10 

Mean 0.9877 0.9302 0.6213 0.7437 0.8641 0.6474 0.8619 0.4434 0.7754 0.6800 

Std 0.1990 0.1609 0.1812 0.1075 0.0861 0.1672 0.1563 0.0743 0.1501 0.2573 

N 33 33 33 33 33 33 33 33 33 33 

Conf 0.0706 0.0570 0.0643 0.0381 0.0305 0.0593 0.0554 0.0263 0.0532 0.0912 

 

Negative predictions 

Sample 1 2 3 4 5 6 7 8 9 10 

Mean 0.0100 0.0102 0.0372 0.0175 0.0180 0.0349 0.0154 0.0717 0.0237 0.0330 

Std 0.0577 0.0778 0.1584 0.1606 0.1075 0.1540 0.0879 0.1498 0.1286 0.1195 

N 297 297 297 297 297 297 297 297 297 297 

Conf 0.0066 0.0089 0.0181 0.0183 0.0123 0.0176 0.0100 0.0171 0.0147 0.0136 

 

 


