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Identification of spectral responses of different
plastic materials by means of multispectral imaging
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Giovanni Bragato, & Giovanni Piccolo, & Gabriele Sattier and Cinzia Sada

In this work, multispectral imaging (MSI) is introduced as an innovative, practical, and non-invasive solution
capable of identifying and detecting (micro)plastics. MSI holds significant appeal for industry due to its
flexibility, ease of implementation, and portability. The integration of MSI with Principal Components
Analysis (PCA) enables precise identification of different plastics and differentiation of microplastics
within mixtures. The technique successfully identifies and quantifies the pure spectral response
(endmembers) of each microplastic in every pixel of the original image. As a result, the model excels in
distinguishing specific plastic materials from their surrounding backgrounds. This novel approach
facilitates the identification of randomly dispersed microplastics in water.

The presented work provides immediate insight to environmental processes and impacts due to the identification of plastic materials in the environment, which

has gained a high interest in the last years in particular when not recyclable. In addition we present methods and processes for the identification of overlaid
transparent plastics which are definitely challenging. Sensing and identification of plastic contaminants are in fact major issues which, if properly handled,
identified and categorized, will help to monitor environmental pollution and reduce its negative impacts on ecosystems. This aspect has created great concern

among the scientific community due to its impact on flora and fauna and on human health.

1 Introduction

Environmental impact resulting from the release of plastic
materials,"” particularly if not recyclable, has increased signif-
icantly in recent years, creating great concern among the
scientific community due to its impact on flora, fauna, and
human health. Therefore, the detection and identification of
plastic contaminants are the main issues that, if addressed
appropriately, could help monitor environmental pollution and
mitigate its negative impacts on ecosystems. When plastics are
dispersed in the form of microplastics (MPs), serious pollution
effects have been detected. These effects include the contami-
nation of marine and aquatic ecosystems, the absorption and
accumulation of chemicals, habitat alteration, toxicological
effects, bioaccumulation, microplastic transport, and potential
risks to human health through the consumption of contami-
nated seafood.>® MPs can exhibit remarkable diversity in their
characteristics. They can vary significantly in dimensions,
encompassing a wide size range from 5 millimeters down to
microscopic scales, such as nanometers. Their structures can
take on various forms, including irregularly shaped fragments,
spherical microbeads, fibers, or film-like particles, depending
on their source and degradation process. Additionally, MPs may
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possess different densities, with some floating on water
surfaces, others sinking to the ocean floor, and some remaining
suspended in the water column. In terms of composition, MPs
can be crafted from diverse types of polymers, such as poly-
ethylene, polypropylene, polyvinyl chloride (PVC), and more,
each with unique properties and environmental behaviors.®’ The
concentration of microplastics (MPs) in water ecosystems
increases as plastic production gradually increases every year.*
Currently, almost 71% of plastic waste is directly absorbed by
the environment, and the remaining waste is reused in
a different format, leading to increased microplastic pollution.*
Apart from exhibiting different size, structure and polymer type,
MPs concentrations are usually unknown' when dispersed in
mixtures of different materials, not only polymers, whose
compositions typically influence the overall toxicity."** Conse-
quently, detecting MPs using a single detection method,
especially when they are present in mixtures of different sizes
and materials'* and overlapping, poses significant challenges.
This challenge is particularly pronounced when dealing with
fragments of transparent plastic labels covering transparent
plastic objects.

Various multi-detection techniques have been proposed for
MPs detection and can be categorized into two primary groups
based on the analytical approach employed. These techniques
either rely on physical properties (e.g., color, size) or chemical
properties (e.g., composition, structure).>*® Visual analysis is
still used for identifying large (1-5 mm), colored MPs through
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imaging, but the spatial resolution of cameras limits the
detection of particles below 1 mm. Other techniques have been
explored, but their effectiveness remains unsatisfactory.
Among these, the stereo-microscope was the first to be
employed for morphological analysis and counting of MPs in
the hundreds of micron range but is constrained by particles
shape and size limitations. It is in fact difficult to distinguish
between synthetic and natural (e.g., coloured cotton) fibres by
microscopy alone.' It has been estimated that up to 70% of
measurement errors can occur during testing, with this error
percentage increasing as particle size decreases.” Scanning
electron microscopy (SEM) has been utilized for MPs detection
due to its ability to provide high-definition images.'®* However,
due to its time-consuming and expensive nature, it cannot be
used routinely. Energy-dispersive X-ray spectroscopy (EDS),
used to determine the chemical compositions of plastic
particles, shares similar drawbacks. Accessing suitable facili-
ties regularly and preparing samples require significant time
and effort. Non-destructive methods such as Raman spec-
troscopy and FTIR have been proposed as alternatives, as well
as destructive methods like liquid chromatography (LC), gas
chromatography-mass spectrometry (GC-MS), including
pyrolysis gas chromatography-mass spectrometry, and thermal
desorption gas chromatography*>° respectively. Unfortu-
nately, these methods are limited in their ability to detect
microplastics dispersed in water. The main impediments to
their routine adoption stem from the lengthy sample prepa-
ration procedures and complex measurement protocols, which
require skilled experts. They are all expensive and bulky,
requiring therefore huge investments and dedicated
personnel, especially when data analysis is involved. Further-
more, most of these methods struggle to distinguish both
opaque and transparent plastics when partially overlapped. X-
ray and hyperspectral imaging yielded recently interesting and
promising results when dealing with overlapped plastics,** "
with proposed techniques which are however unsuited for non-
professional or brief trained personnel. Thus, there is
a pressing need for a method that can effectively, intuitively,
and clearly identify (micro)plastics among different materials
in a generic sample while being easily implementable and
reproducible.

This study proposes multispectral imaging (MSI) as a highly
innovative and practical solution and a non-invasive technique
to identify and sense (micro)plastics. It also appeals to industry
due to its flexibility, ease of implementation, and portability
and combines the benefit of imaging (i.e. spatial resolution) and
spectral analysis (i.e. components' fingerprint and quantifica-
tion). MSI is a technique which allows to acquire reflectance
spectrum in a certain frequency interval associated to each pixel
of an object image. Thus, it's possible to analyse the surface of
an object in a non-invasive way, avoiding potential contamina-
tion, and providing at the same time both imaging data and
spectral data. Spatially and spectral resolved mapping of the
investigated materials are therefore obtained. To address the
challenges of (micro)plastics identification and quantification,
this study employs Multispectral Imaging (MSI) in combination
with Principal Components Analysis (PCA).** This synergistic
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approach allows to accurately distinguish between different
plastics and identify various microplastics within unknown
mixtures. In the process of identifying the “pure spectral
responses” (endmembers) inherent to each microplastic and
quantifying the abundance present within every pixel of the
original image, the capability to effectively differentiate specific
plastic materials from the surrounding background emerges.
The innovative approach here proposed has found application
in a critical case, where the task at hand involves the identifi-
cation of mixtures composed of microplastics distributed
randomly within a water medium.

2 Materials & methods

In this work, multispectral images and corresponding data
analysis of pure plastics were conducted under different critical
conditions in order to identify and properly solve the main
issues related to imaging and plastics detection, including: (i)
delineation of plastic responses; (ii) characterization of back-
ground contributions; (iii) assessment of spatial and spectral
resolutions; and (iv) mitigation of artifacts such as shadows and
multiple reflections.

The methodology employed involves the recording of
multispectral images, which are subsequently subjected to
analysis through Principal Component Analysis.

2.1 Computational model and endmembers extraction

The process of acquiring data with a multispectral camera
entails the creation of a Multispectral Cube (MSC).***¢ This cube
combines the spatial and spectral characteristics of multiple
congruent images captured at different wavelengths (K),
resulting in a three-dimensional dataset. The MSC can be
regarded as a tensor that encompasses the intensities of all
pixels, with its dimensions denoted as M x N x K. Here, the
index K refers to all the wavelengths employed by the camera
while M and N, for a given K, refer to the coordinates of each
pixel.

In order to understand how different materials react when
probed with these K wavelengths, each MSC is decomposed into
M-N K-dimensional vectors. Consequently, a single vector
encompasses all K intensity values, corresponding to the K
different wavelengths, associated with a specific pixel. The high
dimensionality of the K-dimensional vectors in our data set (K =
8, M = 1280, N = 800, resulting in 1.024.000 vectors each one
with 8 entries), can lead to a high degree of computational
complexity. To address this issue, Principal Component Anal-
ysis (PCA) was used to reduce the dimension of the data set
while preserving a significant degree of “variability”. This is
possible thanks to the great redundancy (multicollinearity)
which is present in the initial data set. By considering the M-N
of a MSC and calculating the covariance matrix I of sections of
the cube which correspond to different wavelengths, one
obtains:

cov (A,‘, Aj)

W

I = Py =
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where Pii is Pearson's correlation coefficient, cov(4,;) repre-
sents the covariance between section of the cube corresponding
respectively to A; and A; and o; and o; the respective standard
deviations. Covariance matrix I" can be written also as:

N
r= e TR ©)

where ¥; eRX are the N’ = M-N vectors of the cube and W is
their average. MSC values are real numbers, consequently the
entries I';; are also real values. I' is symmetric and real and
therefore can be diagonalized:

r=ucu* 3)

with C = diag(cy,Cy,...,Cx), {Ci}i=1,... x eigenvalues of I considered
in decreasing order, namely ¢; = ¢, =...= c¢g, also in the
construction of the unitary orthonormal matrix U which
contains the eigenvectors of I'. The principal components of the
initial data set (i.e. MSC) are obtained by projecting the latter on
the obtained eigenvectors. Each principal component is con-
nected to an eigenvalue, from which a “weight” in the compu-
tation of the total variance can be derived as:*’

T = = (4)

Since the eigenvalues are ordered decreasingly, most of the
“variability” of the initial data set will be in the first D < K

K
principal components. Given that ) m; = 1, in order to retain
k=1

as much variability as possible from the original dataset, this

study selected a number D < K of principal components such
D<K

that > m; =0.95. The principal components can then be ob-
k=1

tained by projecting X; vectors on the first D orthonormalized
eigenvectors, which are on the columns of the matrix W, sub
matrix of U, of dimension K x D:

fd = Wde (5)

If the matrix I' is computed again with eqn (1), I';_; = 1 while
I';.; = 0 showing that the vectors }i;, which correspond to the \/
pixels, are completely uncorrelated. The last part of the analysis
consists in finding the “spectral responses”®® of different
materials. This work assumes that pixels composing the orig-
inal image is a linear combination of pure spectral responses
(endmembers, EMs) i.e. in first approximation one can apply
a Linear Mixing Model (LMM). The coefficients of this linear
combination are called abundances and represent the fraction
in which EMs appear within each pixel. This approach assumes
that at least one D-dimensional pixel represents a pure end-
member spectrum in the MSC for each different material
composing the mixture. The LMM model is applied under the
hypotheses that the multiple scattering among individual EMs
can be neglected and the surface is partitioned by fractional
abundances. In this case in fact the composite spectrum of each
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pixel is well represented by a LMM.* Furthermore, the linear
mixing model has been applied in cases where photons
impinging on the camera sensor interact with just one material.
The validation of LMM in the microplastics mixture has become
mandatory in this work because the size of the mixed element is
microscopic and the detected photons undergo several reflec-
tions and refractions, interacting with different materials. As
a consequence, a nonlinear mixing model could be guessed
from a theoretical point of view.*’

After undergoing PCA analysis, each pixel of the multispec-
tral cube is represented by a D-dimensional vector ¥, the
respective principal component. Under the assumptions of
LMM, each J, is a linear combination of L = D endmembers,
that we call 7, eR” (=1, 2, ..., L):

L
V= Z gt + ?d =Rd,+ ?d (6)

j=1
where o4 e R is the vector containing all the L abundances ay J
of the d-th pixel, R is the matrix having as column the L EMs 7
while ?d €R? is a shift accounting for possible noise sources.
According to their physical meaning, abundances must be

subjected to two constraints:

Z: agj =1 )

Qg =0 (8)

namely they must add up to one for each single pixel,
accounting for its composition, and they must be positive
numbers. Calling Y the matrix D x N containing all the prin-
cipal components y;, R the matrix D x L of the EMs, A the matrix
L x N having as columns all the vectors o4 and G the matrix
D x N of the noise, we obtain the following equation:

Y=RA+G 9)

In order to identify different microplastics in a mixture, the
spectral responses must be measured. This request is equiva-
lent to determine the abundances contained in A i.e. to invert
eqn (9) after having obtained the L endmembers. To attain this
result, the N-FINDR algorithm was used, which is founded on
the work of Winter et al.** It involves a spectral unmixing
procedure based on a geometric method. The algorithm
assumes that the L endmembers form the vertices of a convex
simplex in the set # composed by all the data points and
defined by the LMM as:

—
S = {J_}‘d_RE)d+ gd
J

L
ad,/‘ = 17
=1

=0, j=1, 2., L}

The endmembers extraction is nothing but the process of
identification of the vertices of the associated convex

This journal is © The Royal Society of Chemistry 2024
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simplex. The idea behind endmember extraction via the N-
FINDR iterative algorithm lies in the assumption that the
volume of the simplex whose vertices are determined by the
spectral response of a single material (i.e. the purest pixels in
the MSC) is always greater than the ones formed by any other
combination of pixels.*> Therefore, the goal of N-FINDR
algorithm is to find a simplex which can contain as many
MSC data points as possible, assuming that each data
sample can be described as a linear mixture of its vertices
(LMM). In addition, N-FINDR assumes that, for each of the L
endmembers there is at least one pixel containing only
a single sample material spectral response. L is an integer
chosen by the user, which must not exceed the number of
spectral dimensions of the MSC. This means that among the
pixels, at least L pure spectral responses must exist. Finally,
matrix A is obtained solving a Fully Constrained Least
Squares (FCLS) problem from an algorithm based on the
use of the least-squares error to compute the optimal
least-squares value of the abundances. This method,
moreover, does not require to estimate the additional noise
term.****

2.2 Sample preparation

All the plastic samples employed in this work and described
in the following section are prepared starting from standard
commercially available products, that is, transparent PET
water bottles and milk boxes (made of PET and PP) as well as

View Article Online
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the corresponding PP labels and HDPE/PP caps. In addition
to the standard samples, two different mixtures were
prepared. The first one was produced starting from a HDPE
bottle cap and a PP envelope taken from a common
commercial product. The two samples were sliced by using
routine and standard mechanical techniques to mime real
processes (including abrasion, cutting, fragmentation) so
that to produce plastic pieces with size ranging roughly
between 0.5 mm and 1 cm. Fragments have been preliminary
inspected with optical microscopy. The second mixture is
composed of HDPE fragments obtained by abrasion with
sandpaper of HDPE's bottle cap and then added to MilliQ®
water. The concentration of the obtained suspension is C =
6.4 mg g ' (Wuppe/Wn,0). When sandpaper abrasion has been
used, the bottle cap was placed in a cooler at —2 °C for two
hours, then in a hot plate at 60 °C for two hours and finally
exposed to a UV lamp (P = 9 mW cm ™ ?) for the same amount
of time. This process was chosen to facilitate samples frag-
mentation when wiped with sandpaper and to obtain smaller
fragments accordingly.

To further test the sensitivity of the employed multispectral
camera in terms of (micro)plastic size detection, a mixture of
HDPE fragments and water was also prepared following the
previously described procedure for the preparation of the frag-
ments, with a concentration of C = 6.4 mg g * (WappE/Wh,0)-
3 mg of this suspension were poured between two microscope
glass slides (25.4 mm x 76.2 mm) to obtain a thin film of water

O]

(@

Fig. 1 Calibrated images in grey scale of a transparent bottle PET fragment (a) and of a HDPE bottle cap (b), both acquired at A = 797 nm. In (c) and (d),
respectively, the correspondent abundances plots which in turns correspond to the endmembers representing their spectral responses. The two materials
are hence highlighted with respect to the background. In particular, the complete set of abundances plots for the PET fragment is reported in Fig. 2.

This journal is © The Royal Society of Chemistry 2024
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in order to reduce the contribution of electromagnetic absorp-
tion by water.

2.3 Experimental setup

In this work a commercial HI camera has been used such as
Unispectral ColorIR EVK-UNS61000 multispectral camera. The
block diagram representing the employed multispectral camera
is presented in Fig. 3. It acquires K = 8 images, each one at
a single different wavelength A = 711, 741, 768, 797, 826, 855,
884,918 nm in the near infrared. For each single A, equivalent to
fixing K, each image has dimensions M x N = 800 x 1280
pixels. Every cube's entry I, , x represents a single pixel inten-
sity, with a precision of 10 bit in grey scale, namely 0 < I,,, , x =
1023 with I, , ; taking only integer values. Before proceeding
with the analysis, the intensity is calibrated by using eqn (11), as
discussed in the following. The illumination of the sample can
be carried out by means of external illumination systems, but
the multispectral camera offers a 4-LED panel to light up the
sample. The central wavelengths (CWLs) of the illumination
LED are 730, 810, 850 and 910 nm. Only two different LEDs can
be turned on at the same time.

The pictures of plastic materials, each taken with the 8
different wavelengths, have been acquired under the illumina-
tion of one of the four commercially available LEDs (the one at A
= 810 nm) which the camera allows to use while acquiring and
a desk spot white LED lamp (IKEA, nominal power: 100 W, 1521
Im). The acquisition of the MSCs was performed at a fixed
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Paper

LED panel

5
Uk
€5
€

Sample

Micro-camera

(optional)

Battery ,/

Fig. 3 Block diagram representing the ColorlR EVK-UNS61000
multispectral camera exploited in this work. Diagram adapted from
Lopez-Ruiz et al.*

Portable system

distance from the samples of =25 cm for a total covered area of
=6 cm” On the other hand, the duration for multispectral
cubes varies in the range 2-15 seconds per multispectral band.
This variance in time is attributed to variations in light exposure
conditions during data acquisition. The experimental set-up
has been minimized in order to be cheap, easy to be repro-
duced and compatible with any industrial environment. Plastic
materials have been placed on a common white paper sheet (A4
- 80 g) which has been used to acquire the background white
and dark images to perform a suitable calibration before
applying the model previously described.

FCLS Inversion Abundances

EM1

EM2

EM3

EM4

EM5

EM6

Fig.2 Set of abundances plots for a transparent PET fragment obtained through the FCLS algorithm and the analysis proposed in this work. The

initial calibrated image is reported in Fig. la.
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3 Results

Let Iy(m,n,A) be the acquired image intensity of the pixel at
coordinates (m,n) taken at wavelength A in grey scale and
I,(m,n,2) the intensity of the white background (without any
other object) in the same conditions of illumination. By
defining I4(m,n,4) as the intensity of the dark reference image,
the calibrated intensity 1,, , ; is given by:

(11)

In Fig. 1 two pictures properly calibrated, both correspond-
ing to A = 797 nm, of two different plastic materials commonly
available are shown. In Fig. 1a a transparent PET fragment and
in Fig. 1b a HDPE bottle cap are reported as examples. In Fig. 2
the abundance map plot for the transparent PET fragment by

(c) (d)

Not to scale

PP
RDPE
PP

Top view Side view

(e)

Fig. 4 In(a), calibrated image in grey scale of a stack of three different plastic objects, namely, starting from the bottom, a PP bottle cap, a HDPE
bottle cap and a piece of a PP bottle label. In (e) a sketch is reported to show how the three objects were stacked. In (b)-(d) abundances plots
corresponding to three different endmembers. In particular, (b) identifies the PP cap at the bottom of the stack and the borders of the upper
placed PP label, (c) identifies the HDPE cap while (d) identifies the central part of the PP label, which could be ascribed to a reflection phenomena
if compared with the original calibrated image.

This journal is © The Royal Society of Chemistry 2024 Environ. Sci.: Processes Impacts, 2024, 26, 802-813 | 807
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setting L = 6 EMs is presented. Each pixel intensity represents
the abundance of a given endmember, where darker colours
(starting from blue) correspond to a low abundance of the given
endmember, while the brighter ones signify a higher abun-
dance, up to 1 for the red colour. The model is hence able to
distinguish a certain plastic material with respect to the
surrounding background. Fig. 1c and d show the abundance
plot of the EM which highlights the plastic material with respect
to the background. It is interesting to note that the analytical
method proposed in this work is also able to recognize artifacts
such as the presence of reflections and halos in the multi-
spectral image (EM 2, EM 4, EM 6 in Fig. 1c) as well as lack of
homogeneity in the external illuminations (EM 3 and EM 5 in
the same figure). It is therefore possible, by visual inspection, to
remove them and prevent biased plastics quantification. The
employed model and subsequent analysis are also capable to
distinguish between different materials in the same image.
After obtaining the endmembers and the abundances are
extracted, the abundance map allows to identify the compo-
nents of a plastic mixture by observing the abundance map of
the endmember highlighting one of the possible materials in
the sample. An example with 2 different types of plastics, staked
one above another, is indeed shown in Fig. 4. The latter is
a picture of two bottle caps, a PP one (the one placed under the
others) and a HDPE one, together with a fragment of a PP bottle
label (Fig. 4a, corresponding to the calibrated picture acquired
with A = 768 nm). As it can be seen in Fig. 4c, only the HDPE cap
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is highlighted with respect to the background when one specific
endmember is chosen. Some pixels in correspondence of the
bottle label are of a brighter colour, but with lower intensity
when compared to the surrounding cap. In Fig. 4b, the PP cap
located under the others and the external borders of the PP label
are highlighted. This is coherent with our expectations
considering their composition as declared by the manufacturer.
Also the border of the HDPE top is evident: this could be due to
the fact that it is a transitional region between two different
spectral response of the materials as suggested by the fact that
in the central part of the cap the dark blue colour dominates.
The remaining central part of the label is recognized in an
abundance plot referring to another EM (Fig. 4d). When
compared to Fig. 4b, it is possible to evidence the presence of
reflections of the light source on the label. However, this
confirms that our model is able to recognize reflection
phenomena, as it can be seen in Fig. 4c on the right, where the
circular shape of the stack of caps can be recognized.

This analysis proves to be capable of distinguish between
two different kind of plastic materials also when the two are
reduced to smaller pieces (dimensions ranging between cm and
mm). Fig. 5 shows the abundance plots of the L = 6 EMs cor-
responding to a mixture of PP and HDPE fragments.

As it can be seen, two EMs, EM 1 (Fig. 6a) and EM 4 (Fig. 6b),
highlight with respect to the background each one a specific
part of the mixture. Moreover, EM 1 emphasizes the two iso-
lated small fragments on the right, which are HDPE fragments

FCLS Inversion Abundances

EM1

EM3

EM6

Fig. 5 Set of abundances plots (L = 6) obtained analyzing an image of a mixture of two different plastics fragments, HDPE and PP. As it can be
noticed EM 1and EM 4 correctly identifies the two different materials; these EMs are reported respectively in Fig. 6a and b. The model proposed in
this work is capable of distinguish also the background (EM 2) and reflection phenomena as well as halos (EM 3, EM5, EM 6).
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(a) EM 1 from fig. 5 - HDPE (b) EM 4 from fig. 5 - PP

(c) EM 1 from fig. 8 - HDPE (d) EM 7 from fig. 8 - PP

Fig.6 Abundances plots corresponding to the EMs which identifies the two components fragments, HDPE and PP, of the analyzed mixture. In (a)
and (b) EM 1 and EM 4, respectively, from Fig. 5, obtained from the analysis with L = 6, are reported. The displaced HDPE fragments are indicated
with white circles. Abundances plots obtained forcing L = 8 are reported in the remaining two pictures, (c) and (d).

and which were slightly displaced from the mixture core in darker colours in EM 4. Confirming the interpretation that EM 1
order to ease the identification of HDPE fraction after the shows the abundance corresponding to the spectral response of
analysis. The two fragments are in fact depicted with much HDPE, while EM 4 is instead referred to PP. In fact, if the two

Fig. 7 Overlap of the EMs 1 and 4 from Fig. 5. EM 4 transparency has been increased in order to allow the overlapping with EM 1. Moreover, to
avoid the noisy background, the light blue “graininess” pixels have been set to dark blue when possible, without altering in any way the regions
highlighted with brighter colours, namely the ones corresponding to the two components.

This journal is © The Royal Society of Chemistry 2024 Environ. Sci.: Processes Impacts, 2024, 26, 802-813 | 809
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FCLS Inversion Abundances

EM1 EM3 EM4

EM6 EM7 EM8

Fig. 8 Set of abundances plots (L = 8) obtained analyzing an image of a mixture of two different plastics fragments, HDPE and PP. As it can be
noticed EM 1 and EM 7 correctly identifies the two different materials; these EMs are reported respectively in Fig. 6¢c and d to ease the comparison
with the case L = 6, Fig. 6a and b.

(b)

Glass slides

| |

—_————

=~ ~
~

Water + HDPE N
fragments ‘ ‘

()

Fig. 9 In (a), calibrated image in grey scale of the thin film of water and HDPE fragments between two microscope glass slides. A sketch of the
sample is reported on the right in (c). In the same figure on the left, the EM highlighting the HDPE fragments is reported. The inset shows the
scale. In (b), EM which identifies the area corresponding to the water film and the two glass slides and which recognizes reflections and halos
present in part of the background. As it can be seen, the darker region in correspondence of the thin film of water corresponds to the HDPE
fragments highlighted in the EM reported in (c).
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EMs are superimposed by making EM 4 slightly transparent and
filtering out the background of the two EMs, namely setting to
dark blue most of the “graininess” pixels region in the back-
ground, EM 1 non highlighted region match with the corre-
sponding highlighted region of EM 4, as can be seen in Fig. 7. It
is necessary to clarify that the aforementioned filtering out is
a forced re-assignment of RGB pixels values which in no way
alters the pixels emphasized with brighter colours in the
abundance plots in the region of the mixture. Concerning the
other EMs of the mixture (Fig. 5), it was observed that the
proposed model is able also in this case to identify the back-
ground (in EM 2) and halos as well as other reflection
phenomena (EM 3, EM 5 and EM 6), as observed in the previous
cases. The light blue “graininess” observed in EM 1 and EM 4 is
present also in EM 2 (the background) and, partially, in EM 5.
This phenomenon, given the great number of objects placed in
front of the camera objective, may be due to multiple interac-
tions of light with the plastic materials. In this case photons
impinging on the camera sensor could have been interacting
with more than only one material and, consequently the LMM is
strictly not the best. Its simplicity with respect to a non linear
mixing model (LNMM) is however a strong benefit and the
results here obtained clearly indicate that it is possible to
recognize the regions where LNMM could provide more accu-
rate results. Interestingly, a way to avoid the noisy background
in at least one of the two EMs that correctly identifies the two
materials is forcing the number of EMs to be L = 8, which yields
the result reported in Fig. 8. In these abundances plots, EM 1,
reported also in Fig. 6¢c to ease the visualization, identifies
correctly HDPE while EM 7, shown in Fig. 6d, identifies PP. In
Fig. 5 it is possible to appreciate the difference between corre-
sponding EMs: imposing L = 8 allows a better identification of
HDPE with respect to the background and the other material if
compared to the case L = 6, but provides however a less precise
recognition of PP. Nevertheless, both values of L allow accurate
identification of the two materials composing the mixture,
confirming once again the validity and effectiveness of the
proposed here model.

To further assess the efficacy of our method, we tested it with
a sample consisting in HDPE fragments dispersed in a thin film of
water between two glass slides (as shown in Fig. 9, see Section 2.2
for additional details on the preparation of the sample). Fig. 9¢
shows the EM which highlights the HDPE fragments dispersed in
the thin film of water between the two slides and, as can be seen
from the reported scale, with the employed device it is possible to
detect HDPE fragments down to approximately 0.5 mm. Fig. 9a
corresponds to the calibrated picture of the two slides containing
the mixture acquired at A = 797 nm, while Fig. 9b shows the EM
which identifies the border of the water film, clearly evident also
in Fig. 9a, and some halos in part of the background. This
behaviour, as in the case of HDPE and PP mixture, may be
attributed to multiple interactions of light with the materials.
Nevertheless, the adopted technique allows to distinguish the
HDPE fragments from the composite background and it is able to
recognize the presence of a thin film of water in the surrounding
of the plastic material, together with what can be reasonably
interpreted as reflections and halos.
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4 Conclusions

In this work multispectral infrared imaging and principal
components analysis were successfully combined to obtain the
spectral responses of different types of polymers starting from
a Multispectral Cube (MSC), namely the combination of K
congruent images each one acquired at a different wavelength.
The MSC in each case was acquired with a commercial multi-
spectral camera (Unispectral ColorIR EVK-UNS61000 multi-
spectral camera) and then analyzed with the model developed
in this study. The method proposed in this work proved to be
able to identify single polymers alone (HDPE, PET) or stacked
together (HDPE, PP) on a white background (a common white
paper sheet, A4 - 80 g). The employed technique is moreover
capable of distinguishing between two different types of plastics
when the latter are reduced to fragments (dimensions ranging
between mm to cm) and mixed together in unknown fractions.
Artifacts such as the presence of reflections and halos in the
multispectral image are also effectively recognized. In terms of
(micro)plastics size detection, the proposed analysis, along with
the employed multispectral camera, allows the detection of
HDPE fragments dispersed in a thin film of water down to 0.5
mm. These promising results open new interesting possibilities
in (micro)plastics detection down to 0.5 mm, even in the case of
polymers dispersed in small volumes of waters. The required
analysis, starting from the MSC, could be easily implemented in
a routine software in order to be carried out almost automati-
cally, without the needing of specialised personnel nor bulky
and expensive instruments. In fact, in this work, apart from the
commercial camera, only a common white paper sheet and
a table lamp have been employed to obtain the images at K
different wavelengths (the MSC cube). The inherent integration
potential of the here proposed technique, its flexibility and
portability make it a very robust alternative for plastics sensing
in almost every situation in which a fast and effective analysis is
required.
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