
1 

‐

 

This project investigates the performance of principal component analysis (PCA) modelling with sparsity-induced 
loadings, to enhance interpretability of single components by efficient variable and feature selection. Furthermore, the 
outcome of the model served as an input to develop a k-Nearest Neighbours (k-NN) classification model, whose accuracy 
was compared with the results obtained from the standard PCA and k-NN models. 

In the scope of this work, three feasibility studies were developed involving near infrared (NIR) and Raman spectra 
collected from the kernel surface of almonds (Prunus amygdalus) and used to discriminate between sweet and bitter 
samples; and NIR- hyperspectral imaging data acquired from plastic samples that were used to discriminate between 
five classes of polymers (polyethylene terephthalate, polystyrene, polypropylene, high-density polyethylene and low-
density polyethylene). 

NIR analysis of the almonds dataset provided an optimal sparse model with four principal components and with a 
classification accuracy of 98.5%. Regarding Raman data analysis of almonds, both standard and sparse PCA were not 
able to differentiate the classes, leading to an accuracy of 80% and 72%, respectively. Alternatively, a partial least-
squares discriminant analysis (PLS-DA) model was built to improve such results. 

For the hyperspectral imaging data analysis, an optimal sparse model was built with two principal components, 
allowing the correct classification of 99.86% of the pixels and improving the results obtained from standard PCA. 

The interpretation of all the results imply that the nature of spectral data and the classes differentiation from the 
raw spectra play an important role in optimizing classification using sparse PCA.  
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This thesis presents a study on how standard and 
sparse PCA perform on three different types of data – NIR, 
Raman and Hyperspectral images. Acquisition, pre-pro-
cessing and analysis of the data were performed in three 
different datasets in order to solve and optimize two dis-
tinct classification problems: binary classification of al-
monds (Prunus amygdalus) and multiclass classification of 
plastics. 

To build a classification model from the outcome of 
standard and sparse PCA, k-NN was used as a classifier and 
both modelling results and classification statistics were in-
terpreted and analyzed. 

 The first two case studies focus on the use of simple, 
fast and non-destructive spectroscopic techniques for the 
discrimination of almonds according to its bitterness, an 
inherited monogenic characteristic with bitter being the 
recessive allele. The bitter flavour is not only unpleasant 
for the consumer but reflects the presence of cyanogenic 
glucosides, such as amygdalin and prunasin, which are gly-
cosidic compounds with a nitrile group that is liberated 
upon enzymatic hydrolysis when the seed tissue is dam-
aged, producing the toxic compound hydrogen cyanide 
(HCN), which can be poisonous through ingestion (Borràs 
et al., 2013). 

On the other hand, the discrimination of plastics de-
pends on properties such as the chemical structure of the 
polymer’s backbone and side chains, and also on the addi-
tives introduced (e.g. coloring agents and softeners). 
Moreover, the increasing environmental consciousness 

has drawn attention to the negative impact of plastics use, 
and thus the implementation of sustainable practices such 
as recycling should be mandatory, since most plastics are 
not biodegradable. In this way, the optimization of the re-
cycling process, in terms of classification and separation of 
different plastics, could be enhanced by the use of spec-
troscopic and imaging techniques.  

The analysis of the outcome of each study will focus 
two different perspectives: investigate the performance 
of sparse PCA with different tuning parameters, and cre-
ate a sparse model that optimizes the results obtained 
from standard PCA, not only in terms of simplicity but also 
to enhance the accuracy of the classification model. 

In this way, knowledge on the principles and strong 
features of the methods used, allied to a deep interpreta-
tion of the results, will lead to the exploration of the ben-
efits and drawbacks of using sparse-based models com-
paratively to the use of standard chemometric tech-
niques. 

 

 

NIR spectroscopy (780-2500 nm) is a fast and non-de-
structive technique that allows interpreting absorption 
bands in the spectra as a consequence of molecular vibra-
tions among chemical compounds.  

The most prominent absorption bands in the NIR 
spectrum are related to overtones and combination bands 
of fundamental vibrations of molecules containing -CH, -
NH, -OH and -SH functional groups,  resulting in a spectra 
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characterized by bands that are typically broad and over-
lapped (Grassi, 2014). Furthermore, spectra can be signif-
icantly influenced by non-linearities and baseline shifts in-
troduced by light scatter, which can be further removed 
with pre-processing techniques such as SNV (standard 
normal variate), MSC (multiplicative scatter correction) 
and spectral derivatives (Savitsky-Golay) for smoothing 
and removal of additive and multiplicative effects (Rinnan 
et al., 2009). 

 

The irradiation of a molecule with monochromatic 
light results in two types of light scattering: Rayleigh or 
elastic scattering which occurs when both scattered and 
incident light have the same energy, and inelastic scatter-
ing in which light is scattered at different frequencies from 
the incident light (divided into Stokes Raman scattering if 
the scattered light has a lower frequency than the incident 
light, or anti-Stokes Raman scattering if the opposite is ob-
served) (Lyndgaard, 2013). 

Strong Raman scatters are normally double bonds, 
highly polar bonds are usually weak (an electric field can-
not induce a large change in the dipole moment), and 
stretching and bending of the bond cause large changes in 
the molecule polarizability because the electron’s distri-
bution can be substantially changed (McCreery, 2000). 

The Raman spectrum (4000 – 50 cm-1) also consists 
on the noise part, whose main sources are shot noise, flu-
orescence (laser-induced) and cosmic rays (background 
light). Spectral quality is often determined by the signal-
to-noise ratio (SNR) and enhanced by using pre-processing 
techniques such as Savitsky–Golay smoothing and deriva-
tives (removal of noise and correction of baseline and 
background), SNV (weighted normalization method) and 
centering or scaling (Lyndgaard, 2013). 

 

 

Hyperspectral imaging adds spatial information to 
the spectral information, resulting in a three-dimensional 
data structure (X × Y × λ), the hypercube, where in each 
pixel (x-y coordinate) is a spectrum of λ wavelengths (z co-
ordinate). In the hypercube, selecting a single pixel 
through the z-plane will show the spectrum recorded in a 
particular spatial location and characterizes the composi-
tion of that particular pixel, while the selection of an im-
age plane (xy-plane) at a specific wavelength will show the 
intensity values for all pixels, containing information on 
the spatial distribution of a chemical component at a par-
ticular wavelength. The hypercube is normally visualized 
as an image using a grey or color scale to represent inten-
sity (e.g. the average absorbance intensity for each pixel) 
(Amigo et al., 2013). 

There are three basic configurations for obtaining hy-
perspectral data: point and line scanning (also denoted as 
whisker-broom and push-broom configurations, respec-
tively) which involve the displacement of the sample and 

are based on a step-and-acquire measuring mode; and the 
plane scan system that contains no moving parts of the 
sample and measures the intensity values in each pixel of 
the defined sample area, at one selected wavelength at a 
time (Amigo et al., 2013). 

Spatial and spectral pre-processing of data is manda-
tory as it eliminates undesirable spectral artifacts (as pre-
viously mentioned), dead pixels (zeros or missing values), 
spiked wavelengths (sudden and sharp rises followed by a 
sharp decline in the spectrum) and selects the regions of 
interest (ROI) of the image (Vidal and Amigo, 2012). 

 

PCA is a projection method used for general explora-
tory data analysis, which aims to reduce the dimensional-
ity of the system into a few uncorrelated variables called 
principal components (PC) (Varmuza and Filzmoser, 
2009).  Thus, the original data matrix X (mxn) is decom-
posed such that: 

𝐗 = 𝐭1𝐩1
𝑇 + 𝐭2𝐩2

𝑇 + ⋯ + 𝐭𝑘𝐩𝑘
𝑇 + 𝐄  (1) 

where t is the scores vector, pT is the transposed loadings 
vector, E (mxn) is the residuals matrix and k is the number 
of principal components. 

The objects scores contain information about how 
the samples relate to each other and the variable loadings 
provide information on how the measured variables con-
tribute to each component. Moreover the PCs are linear 
combinations of the original variables and the first com-
ponent is calculated to describe the largest variance in the 
dataset, while the second component is calculated or-
thogonally to the first one, describing the second biggest 
variation of the dataset, and so forth (Cordella, 2012). 

Adapting the PCA model to hypercubes requires a 
previous step of unfolding the original matrix into matrix 
D (X*Y, λ). Consecutively, matrix D is decomposed into the 
scores T(X*Y, F), loadings PT (F, Y) and residuals E (X*Y, λ) 
matrices, depending on the number of principal compo-
nents (F) (Amigo et al., 2013). 

 

PLS-DA is based on the PLS2 algorithm (partial least 
squares regression with several dependent Y variables) 
and searches for latent variables in a way that the scores 
related to the response matrix Y (U) are set (compo-
nentwise) to have the maximal covariance with the corre-
sponding scores of the X block (T) (Westad et al., 2013). 
The dummy dependent matrix Y (m training objects x n 
classes) codifies for class belonging to the samples and is 
composed of qualitative values using binary representa-
tion (Bevilacqua et al., 2013). 

In practice, PLS2 regression assumes that both de-
pendent X and independent Y matrices can be projected 
onto a low-dimensional factor space, decomposed into 
scores and loadings, and the scores from blocks X and Y 
share, for each factor, an inner linear relation (Westad et 
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al., 2013). Moreover, the predictive response (Ŷ𝐧𝐞𝐰) for 
unknown samples (𝐗𝐧𝐞𝐰) can be calculated using the re-
gression coefficients of the model (𝐁𝐏𝐋𝐒): 

Ŷ𝐧𝐞𝐰 = 𝐗𝐧𝐞𝐰 𝐁𝐏𝐋𝐒 (2) 
The classification of an unknown sample is derived 

from the value predicted from the PLS model, and the re-
gression response is adapted to a classification response 
by establishing a threshold for the assessment of the sam-
ples, considering a normal distribution around zero (not 
belonging) and one (belonging to a specific class) (Ballabio 
and Todeschini, 2009). 

 

K-nearest neighbours (k-NN) is a simple, non-para-
metric, non-linear and distance-based classification 
method, were an unknown sample is classified computing 
its distance (e.g. Euclidean distance) to all the observa-
tions in the training set and is further assigned to the class 
to which the majority of its k closest training samples be-
long (Bevilacqua et al., 2013). In case of ties, the closer 
neighbours can acquire a greater weight (Ballabio and 
Todeschini, 2009).  

 

Sparse principal component analysis aims at estimat-
ing a PCA-based model in which sparsity is induced on the 
model parameters: scores and/or loadings. The adopted 
method for this work is named Alternating Shrunken Least 
Squares (ASLS) (Rasmussen and Bro, 2012) and its algo-
rithm  estimates a sparse PCA solution for a fixed number 
of components (k) as the solution for the following objec-
tive function: 

arg min(‖𝐗 − 𝐓𝐏𝐓‖𝐹
2 ) 

     T,P 
(3) 

subject to ‖𝒑𝒊‖1
1 ≤ 𝑐 and to ‖𝒑𝒊‖2

2 = 1 for 𝑖 = 1, … , 𝑘 , 

where 𝒑𝒊 are the columns of the loadings matrix P, ‖. ‖𝑭
𝟐  

corresponds to the squared Frobenius norm of the matrix 
(sum of squared elements), and c is the L1 norm constraint 
on the loadings vectors.  

This method estimates the entire components simul-
taneously by iterating between scores and loadings until 
convergence: a score matrix T is estimated based on the 
current loadings (T=XP+, where P+ is the pseudo inverse of 
P), and the loadings matrix P is estimated based on the 
current scores matrix (T) and is a component-wise soft 
thresholded version of the least squares estimates 𝐩𝐢 =
𝑆(𝐩𝐋𝐒𝐢, 𝜆𝑖

∗), where 𝐩𝐋𝐒𝐢 is the column-wise least squares 
estimate, 𝜆𝑖

∗ is the penalty factor and 𝑆 is the soft thresh-
old operator working on the individual elements: 

 

𝑆(𝐩𝐋𝐒𝐢, 𝜆𝑖
∗) = {

𝐩𝐋𝐒𝐢 + 𝜆𝑖
∗

0
pLSi − 𝜆𝑖

∗

𝑓𝑜𝑟 𝐩𝐋𝐒𝐢 < −𝜆𝑖
∗

𝑓𝑜𝑟 − 𝜆𝑖
∗ ≤  𝐩𝐋𝐒𝐢 ≤ 

𝑓𝑜𝑟  𝐩𝐋𝐒𝐢 > 𝜆𝑖
∗ 

𝜆𝑖
∗   ( 4 ) 

 
In practice, the input of the algorithm is the fixed pa-

rameter c, which consists in the maximum L1 norm (sum 

of the absolute values) of each one of the L2 normalized 
loading vectors (𝒑𝒊), and then the tuning parameter 𝜆𝑖  is 
chosen such that the sparsity constraints are fullfiled for 
each component. 

In sparse PCA the orthogonality of the loading vec-
tors and uncorrelation of principal components are lost 
and thus the explained variance by the k PCs is not addi-
tive. 

 

 

 

The methodology that will be described follows the 
research paper by Borràs et al. as the almonds spectral 
data was provided by the authors. 

One kilogram of almonds (both bitter and sweet) was 
provided by La Morella Nuts (Group Barry Callebaut, A/S, 
Zurich), and stored in vacuum sealed bags and in dark and 
cold (4ᵒC) conditions to avoid oxidation.   

Spectral data was recorded using two distinctive 
techniques: NIR and Raman. All samples were measured 
within two months since the opening of the bags, to avoid 
oxidation reactions. 

Reflectance NIR spectra were measured on both 
sides of the outer skin of 160 samples of almonds (both 
bitter and sweet) and using a Bomen FT-NIR MB160PH Ari-
dzone spectrometer with the following features: InGa de-
tector, a reflection accessory and the Grams/LT 7.00 data 
collection software programme. Moreover, to account for 
the instrumental and day-to-day variability, data was ac-
quired in different days. 

Spectra were collected from all samples in the reflec-
tion mode from 999,9 to 2438 nm, at 4 cm-1 resolution, 
taking 16 scans per sample and recording two replicates 
for each sample.  

Raman spectra were collected on the skin peeled sur-
face of 78 samples of almonds, at a resolution of 8 cm-1, in 
the range of 100-3500 cm-1 and using a Perkin Elmer Sys-
tem 2000 FT-Raman spectrometer, equipped with an 
Nd:YAG laser centered at 1064 nm and with a power ad-
justed to 100 mW at the sample. The collected spectra 
represent the average of 32 scans and two replicates were 
measured for each sample. 

 

 

The polymers studied were polypropylene (PP), poly-
styrene (PS), polyethylene terephthalate (PET), low-den-
sity polyethylene (LDPE) and high-density polyethylene 
(HDPE). The plastic materials were obtained from com-
mercially available products and cut into small squared 
pieces. 

Two NIR images have been collected figuring all of 
the five plastic classes, one for model calibration and the 
other to use as a validation set, each one containing one 
piece of each type considered. The system used was kindly 
provided by FOSS (FOSS A/S, Denmark) and equipped with 
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a spectrometer (Headwall Photonics model 1002A-00371) 
which was adapted to a line mapping configuration with a 
line of 320 pixels.  

The acquisition of images was performed placing di-
rectly every piece of material in a Teflon white plate, in a 
wavelength range between 1000-1700 nm and using the 
following parameters: integration time of 100000 μs, a 
scan length of 140 mm to guaranty all plastics would be 
recorded, a distance of 100 μm between images, a starting 
position of 100000 counts and a spectral resolution of 7 
nm (total of 142 bands recorded for each spectrum). 

 

 

For data analysis, MatLab v. 8.3.0.532 (The Math-
Works AS, Massachusetts, USA) was used to perform all 
the routines together with some home-made functions. 
The PLS-toolbox v. 7.5 (Eigenvector Research Inc., USA) 
was used for PCA and PLS-DA analysis on the spectral data. 

HYPER-Tools (provided by Dr. Jose Manuel Amigo 
from the University of Copenhagen, Denmark), a free 
MatLab package containing several functions used for hy-
perspectral imaging analysis, was used to pre-process the 
images, and to perform PCA and k-means clustering on 
them.  

 

 

The described methodology was adopted for all da-
tasets. Firstly, data was pre-processed and a preliminary 
data exploration was performed, to detect outliers and 
bad labelled samples.  

A PCA model was created on a calibration set, while 
the scores for the validation set were estimated by a PCR-
based prediction using the loadings from the calibration 
model. Moreover, the scores from PCA were implemented 
in a k-NN classification model, which was validated by pro-
jecting the validation set onto the calibration model. 

The effect of sparsity on the datasets was analysed 
by creating a sparse PCA model to the same calibration 
and validation sets, whose scores were the input to the 
calibration and validation of a k-NN model, respectively. 

Different number of principal components and val-
ues for the parameter c were tested (c consists in the max-
imum L1 norm of each one of the L1 normalized loading 
vectors) in order to analyse the variation of the classifica-
tion’s accuracy and to find a model that would optimize 
the classification using standard PCA. 

 
 

 

 A final matrix of 320 samples and 3060 variables was 
obtained from the NIR data.  Spectra were pre-processed 
using SNV scaling (Borràs et al., 2013), a Savitsky-Golay fil-
ter (fitting with a window of 15 points and a second-order 
polynomial) to smooth the data (Rinnan et al., 2009) and 

mean centered (Borràs et al., 2013). In Figure 1 is repre-
sented the raw and pre-processed spectra of the NIR da-
taset.  

After a preliminary data exploration with a PCA 
model of 5 PCs, PC 1 explains 84.91% of the original vari-
ance, and along with PC 4 provide the best separation be-
tween classes, explaining a total variance of 87.34%. 
Moreover, samples number 3, 23, 24 and 317 were re-
moved since represent an outlier and bad labelled sam-
ples, respectively.  

 

 
 

Figure 1 - Representation of NIR spectral data from the almonds 
dataset: raw (top) and pre-processed  data (bottom). 

 
Firstly, a PCA model was calibrated using the first 200 

observations and validated using the remaining 116 spec-
tra. The scores from PCA were applied in a k-NN model 
(with 5 neighbours) and according to the accuracy results, 
the optimal model should have 4 PCs, showing an accu-
racy of 98.50% for calibration and 99.14% for validation. 

Similarly to the previous study, a sparse PCA model 
was created using the same calibration and validation sets 
and the outcome was used as an input for a k-NN model. 
Different values of c were tested for models retaining a 
maximum of 10 PCs. 

Considering the variation of the accuracy results for 
a fixed value of c, it was observed that significantly sparse 
models (i.e. with lower values of c) lead to unstable classi-
fication results when more principal components are re-
tained in the model, which is caused by the fact that the 
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added component covers new variability that is not spe-
cific for the classification of both classes.  

Independently of the number of components re-
tained by the model, accuracy only stabilizes when the pa-
rameter c is higher than 40, i.e. the least sparse models. 
On the contrary, when the parameter c is set for values 
lower than 40 the classification results are very unstable. 
Nevertheless, all the sparse models with 4 principal com-
ponents have the highest accuracy results and the varia-
tion is not so drastic, since the fourth component confers 
the biggest separation between classes. 

The accuracy results obtained from the application 
of sparse PCA reflect the behaviour pattern of the NIR 
spectral data from each class (Figure 2). 

 

 
Figure 2 - Mean NIR spectra preprocessed with SNV, for the two classes 

of almonds. 

 
It is observed that the main differences between the 

mean spectra of bitter and sweet almonds are not in spe-
cific wavelengths but in the intensity of the peaks. More-
over, NIR spectra are characterized by broad bands con-
taining important qualitative information for classifica-
tion, and when sparsity is applied to the model, the load-
ings corresponding to the distinctive bands might not be 
well described by the principal components and thus are 
more easily reduced or set to zero.  

For the separation of classes, the wavelengths re-
sponsible for the classification of sweet almonds are: 2142 
nm, 1927 nm and 1454 nm, due to the O-H bend/C-O 
stretch combination, O-H stretch/ HOH deformation com-
bination and O-H stretch first overtone, respectively 
(Borràs et al., 2013). On the other hand, bitter almonds 
can be explained by the following wavelengths: 1761 nm 
and 1728 nm due to the C-H stretch first overtone, and 
1211 nm corresponding to the C-H stretch second over-
tone (Borràs et al., 2013).  

Even though the application of sparse PCA to the cur-
rent dataset does not improve the classification results 
from standard PCA, it is important to analyse how the 
loadings related to the distinctive bands are affected 
when sparsity is induced in the model.  

Thereby, it will be shown the results of a model re-
taining 4 PCs and in which the parameter c was fixed as 
11. The total explained variance is 31.22%, the first and 

fourth principal components retain the most original vari-
ance, the average degree of sparsity (i.e. the fraction of 
loadings that are set to zero) among the 4 PCs is 92.84%, 
and the accuracy of classification was 98.5% and 98.28% 
for the calibration and validation sets, respectively.  

It is observed from Figure 3 that the bands retained 
in the chosen sparse model comprise the wavelengths 
that are specific for the classification between sweet and 
bitter almonds, justifying the achievement of good classi-
fication results (Table 1).  

 
Figure 3 - Loadings plots for the 4 principal components retained in the 

model and for a fixed c of 11. 

Table 1 - K-NN model statistics (in percentage) of a PCA and a sparse 
PCA (c = 11) models, both retaining 4 PCs (for calibration and 

validation). 

Statistics (%) 
PCA Sparse PCA 

Sweet Bitter Sweet Bitter 

Sensitivity (Cal) 99.02 97.96 99.02 97.96 

Specificity (Cal) 97.96 99.02 97.96 99.02 

Sensitivity (Val) 98.31 100 96.61 100 

Specificity (Val) 100 98.31 100 96.61 

Accuracy (Cal) 98.5 98.5 

Accuracy (Val) 99.14 98.28 

 

Raman spectroscopy was applied to a set of 78 sam-
ples, containing both sweet (34) and bitter (44) almonds, 
and the final data matrix (78x3401) was pre-processed us-
ing SNV scaling (Borràs et al., 2013), a Savitsky-Golay filter 
(fitting with a window of 11 points and a second-order pol-
ynomial) and mean centering (Borràs et al., 2013). In Fig-
ure 4 it is represented the raw and pre-processed spectra 
from the Raman data acquired from the almonds. 
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Figure 4 - Raw (top) and pre-processed (bottom) Raman spectral data 

from the almonds. 

 
Primarily, PCA was applied to all dataset in order to 

perform an exploratory analysis in a model retaining 10 
PCs. Samples number 37, 41 and 55 were detected as bad 
labelled samples and the best separation between classes 
was achieved when the scores of PC 5 are combined with 
PC 1 (covering a total of 84.87% of the original variance) 
and with PC 3 (explaining only 4.88% of the total variance), 
suggesting that the fifth principal component covers es-
sential spectral information for the classification problem,  
and that the largest variance of a dataset does not neces-
sarily corresponds to the one that enhances the differen-
tiation of classes.  

By comparing the loadings from PC 1 and PC 5 with 
the mean spectra from each class, it is shown that the var-
iables best described by PC 5 are the bands that best dis-
tinguish the two classes (Figure 5). 

The raw mean spectra from the two classes are over-
lapped almost at every wavenumber, being very hard to 
detect different bands and thus anticipating a dataset that 
will be difficult to classify. However, the bands that can 
distinguish the two classes are explained by wave-
numbers: 2927 cm-1, 2897 cm-1  (both representing the CH 
stretching band region), 3064 cm-1 (characteristic aro-
matic C–H stretching band) and 1004 cm-1 (caused by the 
in-plane deformation of the aromatic ring) correspond to 
aromatic ring bands, and 2242 cm-1 that is a highly specific 
signal for cyanide as it represents the nitrile group (Mick-
lander et al., 2002).  

 
Figure 5 - Raman mean spectra for sweet and bitter almonds, where 

the black circles represent the differentiating bands (top), and the 
loadings plot for PC 1 and PC 5 (bottom). 

 
For the classification task, PCA was performed on a 

calibration set constituted by 50 samples and a validation 
set with the remaining 25 samples, and a k-NN model with 
5 neighbours was calibrated and validated using the 
scores from both sets. Thus, the most accurate model is 
obtained with 6 PCs, since the loading vector for the last 
component also shows a peak for the nitrile group, and 
shows an accuracy of 80% and 52% for the calibration and 
validation sets, respectively. 

The significant discrepancy observed in the accuracy 
results for the calibration and validation of the model are 
caused by the small number of observations in the valida-
tion set. Moreover, the overall low accuracy results and its 
constant tendency when more components are added 
may reflect that variance is highly diffused in the principal 
components and since PCA does not take into considera-
tion the class information, the maximum variance ac-
counted by the model does not cover all the little spectral 
differences between the two classes of almonds. 

Since sparse-based models can be powerful tools in 
terms of variable selection, the following analysis will in-
vestigate if k-NN classification (k=5) can be improved by 
the performance of sparse PCA in the same calibration 
and validation sets. 
For the Raman dataset, the classification is less accurate 

when the fixed parameter c is lower (more sparsity is induced) 
since more variables are inactive, and the tendency of ac-
curacy for a fixed value of c is unstable due to the fact that 
the variance is much diluted in the components and the 
distinctive bands are not well described by the model.  
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Even though Raman spectra is constituted by sharp 
and well-defined peaks, the information that is prone to 
increase the classification’s accuracy is not well covered 
by the principal components. In addition, observing the 
loadings plot presented in Figure 5 is clear that some of 
the peaks responsible for the differentiation between 
samples do not have high intensities and are more subject 
to be reduced or even set to zero when sparse PCA is ap-
plied.  

In addition, accuracy increases only for a model with 
5 or more principal components, emphasizing the fact 
that the fifth principal component allows the best class 
separation, and when the parameter c is higher than 23 
(i.e. almost no sparsity was induced). Therefore, the vari-
able selection obtained from sparse PCA does not improve 
k-NN classification. 

However, in order to show how sparsity affects the 
PCA model using Raman data, it will be presented a sparse 
model (c = 10) with 5 principal components that explain a 
total variance of 70.05%, an average degree of sparsity of 
93.62% among the PCs, and with a classification accuracy 
of 78%, which is close to the maximum achieved with 
standard PCA. 

 
Figure 6 - Loadings plots for a sparse model (c = 10) retaining 5 principal 

components. 

 
Figure 6 shows that the loading vectors for the 5 PCs 

are significantly sparse, retain some important aromatic 
ring bands but exclude the nitrile band that is highly spe-
cific for the bitter almonds classification, which reflects 
the low classification accuracy of the model. 

Table 2 presents the statistics for the standard and 
sparse PCA models. To note that in the optimal standard 
PCA model, the loading vector for the sixth principal com-

ponent shows a peak for the nitrile band and thus en-
hances the classification task, whereas the sparse model 
with one less component resulted in a less accurate clas-
sification. 
 

Table 2 - K-NN model statistics (in percentage) of a PCA model with 6 
PCs and and of a sparse PCA model  (c = 11) with 5 PCs (for calibration 

and validation). 

Statistics (%) 
PCA Sparse PCA 

Sweet Bitter Sweet Bitter 

Sensitivity (Cal) 87.5 73.08 75 80.77 

Specificity (Cal) 73.08 87.5 80.77 75 

Sensitivity (Val) 57.14 50 57.14 77.78 

Specificity (Val) 50 57.14 77.78 57.14 

Accuracy (Cal) 80 78 

Accuracy (Val) 52 72 

 
Since PCA and sparse PCA combined with k-NN clas-

sification failed to provide accurate classification results, 
PLS-DA was implemented in the Raman data to analyse if 
a good classification could be obtained for the current da-
taset. After the detection and removal of an outlier (sam-
ple number 25), a PLS-DA model was calibrated with the 
first 50 samples and validated with the remaining 27 sam-
ples.  

The optimal PLS-DA model corresponded to the min-
imal classification error for both sets, retained 3 latent 
variables explaining a total variance of 87.6%, and classi-
fied accurately 100% of the samples. It is then confirmed 
that the classification of the samples with Raman spectral 
data has improved with PLS-DA, since it is a supervised 
classification method. 

 

 

 
The plastics dataset will be analysed using one image 

for the model’s calibration and the other as an external 
prediction set for its respective validation. The initial di-
mensions of each image are: 647 rows x 51 columns x 142 
bands and 714 rows x 48 columns x 142 bands for the cal-
ibration and validation images, respectively. 

Prior to any multivariate analysis, no dead pixels or 
wavelengths were detected in the acquired images and a 
mask for both images was created by selecting the ROIs, 
i.e. the regions of interest (Figure 7). Moreover, the spec-
tral data was pre-processed with a Savitsky-Golay first de-
rivative with a second-order polynomial and a fitting win-
dow of 15 points, to remove noise and the baseline, and 
to allow a better differentiation of the spectra from differ-
ent classes (Figure 8). 

To proceed to the multivariate data analysis, the pre-
processed hypercubes were unfolded to create two-di-
mensional matrices, the background pixels were re-
moved, and the final dimensions of each matrix are 13849 
x 128 (calibration set) and 12111 x 128 (validation set). In 
addition, the differentiation of the classes in the image 
and consequent creation of a class vector (dependent var-
iable) were obtained by clustering analysis using K-means 
algorithm. 
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Figure 7 - Selection of ROI from the original image, for both calibration 
(a) and validation (b) , and represented at the wavelengths number 58 

and 57, respectively. 

 

 
Figure 8 –  Pre-processed spectral data for the calibration (top) and 

validation (bottom) sets. 

 
 A PCA model was created on the mean centered 

data from the two images, in a model retaining up to 10 
principal components, and the scores used as an input for 
a k-NN classification model with 3 neighbours.  The opti-
mal model contains 6 principal components explaining a 
total variance of 99.9% and a classification accuracy of 
95.57% and 99.94% for the validation and calibration, re-
spectively (Table 3).

Even though the maximum accuracy is only achieved 
with a model retaining 6 principal components, a prelimi-
nary observation of the scores scatter plot (Figure 9) might 
suggest that 3 principal components are able to distin-
guish the 5 classes. In fact, the high explained variance 
covered by PC 1 (93.018%) is reflected on the respective 
loadings plot (Figure 10) with high values at 1247 nm (C-H 
second overtone), 1305 nm and 1446 nm (both for C-H 
combination bands), all characteristic bands of PP, HDPE 
and LDPE (Burns and Ciurczak, 2001). In addition, the load-
ings for the third PC show a high peak at 1184 nm, a spe-
cific signal for PS. 

Since HDPE and LDPE are plastics which only differ in 
properties such as density and branching, PC 6 shows a 
peak at 1494 nm that corresponds to a broad band in the 

LDPE spectra, which enhances the classification and is re-
lated to the increasing accuracy observed for a model with 
6 PCs.  

 
Figure 9 - Scores scatter plot of PCA plot showing the differentiation of 

5 clusters. It is also observed that the proximity of the clusters 
belonging to HDPE and LDPE has to do with both having a very similar 

chemical composition. 

Figure 10 -  Loadings plot for PC number 1, 2, 3 and 6. 
 

Table 3 - Summary of the classification results of the calibration and 
validation models (in percentage) obtained from a PCA model with 6 

PCs (for calibration and validation). 

Statistics (%) PET PS PP HDPE LDPE 

Sensitivity (Cal) 99.88 99.92 99.88 100 100 

Specificity (Cal) 100 99.96 100 99.95 100 

Sensitivity (Val) 100 99.93 100 77.44 99.48 

Specificity (Val) 99.98 100 94.46 99.92 100 

Accuracy (Cal) 99.94 

Accuracy (Val) 95.57 

 
Sparse PCA was performed on the plastics dataset to 

evaluate if a simpler and accurate k-NN classification 
model can be obtained. As expected, a low value of c leads 
to a more sparse model and lower accuracy results com-
paring to standard PCA, as the respective loadings are sig-
nificantly sparse and hold very few substantial infor-
mation to classify the samples. In addition, for models 
with more than 2 principal components, and for a value of 
c higher than 7, the accuracy results are approximately 
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constant and always higher than the validation results ob-
tained with the standard PCA model, thus reflecting a 
good spectral differentiation between classes. 

The optimal sparse model contains 2 PCs with a total 
explained variance of 79.08%., the parameter c was fixed 
as 4, and the average degree of sparsity among all the PCs 
was 77.74%. The classification results of the model are 
presented on Table 4. 

  
Table 4 - Summary of the classification results (in percentage) obtained 
from a sparse PCA model with 2 principal components (for calibration 

and validation). 

Statistics (%) PET PS PP HDPE LDPE 
Sensitivity (Cal) 99.88 99.77 99.85 99.85 100 

Specificity (Cal) 99.98 99.95 99.97 99.92 100 

Sensitivity (Val) 99.93 100 100 92.45 99.48 

Specificity (Val) 100 99.98 98.15 99.92 100 

Accuracy (Cal) 99.86 

Accuracy (Val) 98.46 

 
Thereby, the application of sparsity in the current 

dataset improves the previous results and allows an 
accurate classification of the samples by applying a simple 
model that describes the dataset with just two principal 
components 

 The sparse loadings for both PCs show that the 
peaks contributing most for each component contain 
important information on the differences between classes 
(Figure 12): bands at 1524 nm are characteristic for HDPE, 
LDPE and PP; at 1237 nm there is a specific band for LDPE, 
1252 nm corresponds to characteristic bands for HDPE 
and PP, 1446 nm (C-H combination in aromatic rings) 
(Burns and Ciurczak, 2001) characterizes PET and PS, and 
1456 nm corresponds to a high intense band for PP.  

Figure 11 - Representation of the sparse and non-sparse loadings plots, 
for a model containing 2 PCs. 

Figure 12 - Mean spectra (pre-treated with Savitsky-Golay first 
derivative) for each class of plastics. 

 

Sparse-based models were investigated as a variable 
selection method that incorporated into PCA would im-
prove and optimize multivariate classification for qualita-
tive analysis of three different types of spectral data.  

PCA is a widely used unsupervised method that re-
duces dimensionality of a dataset by creating a new coor-
dinates system composed of orthogonal principal compo-
nents which only retain the most informative variance. Al-
lying PCA to k-NN results in a classification model that 
combines the strong features of PCA with a simple yet ro-
bust classification algorithm, providing a model that is eas-
ier to interpret and still very accurate. 

Nevertheless, for high-dimensional datasets, the out-
come from PCA’s performance can be very difficult to an-
alyze and interpret, and in order to reduce the influence 
of noise contained in irrelevant variables, sparse PCA is a 
viable approach to overcome such challenges. 

Both standard and sparse PCA were applied with k-
NN to three different types of spectral data, and the re-
spective results are distinct and influenced by the nature 
of each spectroscopic technique and of the dataset. More-
over, two main analytical perspectives were focused, one 
concerning the search of a sparse model which improves 
the classification achieved from PCA, and the other con-
cerning the way classification is influenced by the different 
values of the parameter c used and the varied number of 
principal components retained in the model. 

For NIR spectra, collected from the almonds samples, 
the accuracy results were unstable when lower values of 
c were fixed (i.e. more sparsity induced) and would only 
become constant for almost non-sparse models, inde-
pendently of the number of components retained in the 
model. Such outcome might be due to the fact that NIR 
spectra is composed of broad bands that easily become 
sparse, which leads to loss of information that decreases 
the accuracy of classification. Also, the differences be-
tween the mean raw spectra from both classes are relying 
on the intensity and not on distinctive bands, hindering 
the classification task. However, a sparse model was cre-
ated containing 4 PCs that classifies all samples with an 
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accuracy of 98.5%, the same result obtained for the re-
spective non-sparse PCA model. 

The binary classification of almonds was also per-
formed on Raman spectral data, showing less favorable 
results: accuracy tendency never stabilizes when lower 
values of c are applied, only reaching a constant stage for 
almost non-sparse models. In addition, the results show 
low accuracy values, reaching a maximum of 80% for 
standard PCA and 78% for sparse PCA (results obtained 
from models containing 6 and 5 PCs, respectively). The un-
stable tendency and the lower accuracy results are justi-
fied by the fact that the raw mean spectra from each class 
are very difficult to differentiate, the dataset’s variance is 
very diluted in the variables and the variance covered by 
the principal components retained by the models do not 
necessarily correspond to the bands that best explain the 
separation of classes. However, PLS-DA was implemented 
in the data as an alternative approach, with 100% of accu-
racy for both calibration and validation models, and over-
coming PCA’s limitations when used for classification pur-
poses. 

The final study was performed on hyperspectral im-
aging data acquired from plastic samples, with the aim of 
classifying the five different classes in the dataset. The sig-
nificant differentiation between the raw mean spectra of 
all classes enhances the multiclass classification results for 
both standard and sparse PCA. In fact, a simpler and effi-
cient sparse model was created, containing 2 PCs and per-
forming classification with an accuracy of 99.86%, which 
improved the results achieved with standard PCA, where 
the optimal model retained 6 PCs and classified all sam-
ples with an accuracy of 99.94%. 

All in all, even though the combined performance of 
PCA with k-NN have no main implications on the classifi-
cation model, PCA itself is an unsupervised method which 
captures the largest variance in a system without any in-
put on the samples classes. Consequently, the classifica-
tion outcome largely depends on the variance distribution 
within the model’s PCs and more importantly, on the dif-
ferences between the raw spectra for the different clas-
ses. Moreover, the implementation of sparsity on PCA’s 
loadings is efficient in choosing the variables that best de-
scribe the system, and for some datasets that translates 
into a simpler yet accurate classification outcome, 
whereas for classes whose signal is very similar, sparsity 
not always improve the results obtained from the use of 
k-NN coupled with PCA. 

As an alternative, the implementation of sparsity in a 
supervised classification method, such as PLS-DA, could be 
an approach that offers more stability in the results and 
that is more adaptable to every types of spectral data. 
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