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Introduction

Plastics are versatile materials used in different applications 
worldwide. The annual world production of plastics has increased 
from 1.5 million tonnes (1950) to 359 million tonnes (2018), of 
which 17% is produced in Europe (Plastics Europe, 2019). The 
problem often associated with plastic is not in its use, but its end-
of-life. By 2015, about 6300 Mt of plastic waste has been gener-
ated worldwide, of which around 9% has been recycled, 12% 
incinerated, and 79% accumulated in landfills or the natural envi-
ronment (Geyer et al., 2017). The alternatives to recycling mani-
fest multiple problems. In landfilling, there is a major concern of 
chemicals leaching from waste plastics that contaminate the soil 
and groundwater; the decomposition of these wastes also releases 
large amounts of carbon dioxide (Okunola et al., 2019). In incin-
eration, waste plastics may release hazardous chemicals as well as 
carbon dioxide to the atmosphere (Nagy and Kuti, 2016). Thus, 
increasing the rate of recycling is a necessity, along with reducing 
consumption and redesigning plastic products, to tackle these eco-
logical concerns.

The packaging sector uses the most plastic: in Europe in 2018, 
39% of plastic was used in this domain. Besides packaging, other 
areas that utilise large amounts of plastics are electrical and elec-
tronic equipment, automotive industry as well as building and 
construction. These three domains constitute 36% of the plastic 
demand in Europe, almost equalling the demand for packaging 
(Plastics Europe, 2019). Packaging plastics, particularly used in 
food-contact, are subject to high safety requirements (Kato and 
Conte-Junior, 2021), and thus pose low risk in recycling. 
However, plastics from the other three domains contain signifi-
cant amounts of harmful additives that provide many challenges, 
but also a potential for recycling of plastic components. For 
example, 6% of annually produced plastics in Europe are used 
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for electric and electronic equipment, and the collection rate of 
waste electric and electronic equipment (WEEE) is quite high, 
47% in 2018 (Eurostat, 2021). Currently, most of the WEEE are 
incinerated, but if a safe and feasible recycling process could be 
identified, the already collected plastics fraction could be effi-
ciently recycled into new applications, notably increasing the 
share of recycled plastic materials on the global scale.

The average amount of additives in plastics is roughly 7% by 
weight (wt%) (Geyer et al., 2017). The additives can be mainly 
divided into the following four categories:

1. Functional additives such as flame retardants (3–25 wt%), 
stabilisers, plasticisers (10–70 wt%), slip agents, foaming 
agents and antistatic agents.

2. Colourants including different pigments.
3. Fillers (up to 50 wt%) such as calcium carbonate, barium sul-

phate, mica and clay.
4. Reinforcement agents (15–30 wt%) such as different fibres.

Each of them plays a significant role in providing functional 
properties for the plastic product (Hahladakis et al., 2018) and is 
widely used in non-packaging plastics. Typically, the hazardous 
additives are not bound in the plastics and are able to migrate out, 
causing potential health and environmental risks during use and 
recycling. In plastic recycling, generally, it is important to avoid 
cross-contamination of different grades of plastics (Eriksen et al., 
2018); thus, the separation of plastics according to their composi-
tion of additive concentration is a necessary step (Hahladakis 
et al., 2018). Efficient methods are required to sort the mixed 
plastic waste, but the volume of the waste stream and sorted frac-
tions must be sufficient for recycling to be economical (Stenmarck 
et al., 2017). Thus, a multitude of different additives has to be 
identified in these challenging waste plastic streams to classify 
materials for further specific reprocessing, enabling both the safe 
recycling of plastic waste with no hazardous materials and the 
possibility of recycling waste containing these chemicals.

In this light, it is clear that to enable enhanced recycling of 
these plastic fractions, accurate identification of additives inside 
the polymer is required. The existing methods to solve the chal-
lenge of additive identification from plastic waste streams rely on 

tedious methods such as gas chromatography (Król et al., 2012), 

mass spectrometry (Binici et al., 2013) and scanning electron 

microscopy and energy-dispersive spectroscopy (SEM-EDS) 
(Taurino et al., 2010) that are not feasible for online use. Another 
solution is to use X-ray fluorescence spectrometry: it utilises 
electromagnetic radiation to probe the plastic for heavy elements 
such as bromine (as in brominated flame retardants (BFRs)) 
(Aldrian et al., 2015); however, this method is often costly for 
online use, and does not provide molecular information. Optical 
detection methods, however, offer several benefits including fast 
analysis and possibility for online detection, but the suitable tech-
nology often depends on the application and the type of additive. 
For example, absorbance spectroscopy and Raman spectroscopy 
have been shown to be effective in polymer classification, and 

they often complement each other as they both belong to vibra-
tional spectroscopy group (Bart, 2006; Hummel, 2012).

This study evaluates a variety of optical measurement modali-
ties in order to find suitable techniques to facilitate enhanced 
recycling of challenging plastic waste fractions. The experimen-
tal work focuses on the efficiency of Raman, near-infrared (NIR) 
and Fourier-transform infrared (FTIR) spectroscopy as well as 
short-wavelength infrared (SWIR) and mid-wavelength infrared 
(MWIR) hyperspectral imaging (HSI) for identification and 
quantification of two flame retardant additives, aluminium trihy-
droxide (ATH) and ammonium polyphosphate (APP) in polypro-
pylene (PP) plastic matrix. Two different approaches of data 
analysis are used – the classical peak height analysis and the ver-
satile chemometric tool partial least squares (PLS) regression.

Related work – optical methods for 
additive identification

Raman spectroscopy is based on inelastic Raman scattering of 
photons and is a relatively weak phenomenon (Vašková, 2011). 
Raman belongs to vibrational spectroscopy together with infra-
red (IR) spectroscopy, but it has better spatial resolution with 
wide spectral range and narrow spectral bands giving it the ben-
efit of distinguished fingerprint spectra with less complication 
due to peak overlap in mixtures compared to absorbance spec-
troscopy (Giles et al., 1999). The challenges with Raman are the 
interference coming from fluorescence, weak signal strength, and 
thus low signal-to-noise ratio and the possible heating of the col-
oured samples due to high laser power. The interference coming 
from fluorescence can be minimised by choosing the laser wave-
length on the NIR range. Identification of different plastic types 
with Raman spectroscopy has been studied previously using both 
multi-sensor fusion techniques utilising Raman and laser-induced 
breakdown spectroscopy (LIBS) (Shameem et al., 2017) and 
Raman spectroscopy on its own (Qu et al., 2006; Tsuchida et al., 
2009). Typically, the fluorescence challenge with Raman spec-
troscopy rises from the presence of colouring agents in plastics. 
In a recent publication, a combination of LIBS and Raman sys-
tem had been used for the rapid identification of post-consumer 
plastics (Shameem et al., 2017). The plastics were categorised 
using statistical tools to analyse the collected spectral features of 
the samples. According to their research, the information from 
LIBS and Raman is sufficient for extensive plastic analysis as the 
information provided by Raman spectroscopy reached 100% dis-
crimination level for the clear plastics, whereas the LIBS tech-
nique could distinguish the coloured samples (Shameem et al., 
2017). A study analysing plastic additives evaluated the suitabil-
ity of Raman for plasticisers analysis including adipate and 
phthalate ester contents in polyvinyl chloride (PVC) (Berg and 
Otero, 2006; Nørbygaard and Berg, 2004). The results showed 
that the absence of any Raman band in the 1020–1060 cm−1 
wavelength range can be used to confirm that the PVC does not 
contain significant amounts of phthalate esters, whereas the case 
of adipate esters is not as straightforward due to other aliphatic 
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compounds giving the same spectral fingerprint. To our knowl-
edge, the detection of APP and ATH has not been previously 
studied using Raman spectroscopy.

Absorbance spectroscopy is commonly used for material 
analysis as it is a well-known technology and can often distin-
guish single parameters with inexpensive and compact sensors. It 
provides a molecule spectrum defined by the absorbance of pho-
tons at specific wavelengths, which reveal the structure of that 
molecule. Absorbance and Raman spectroscopy are often com-
plementary techniques: with centrosymmetric molecules, sym-
metric vibrations generate either Raman scattering or IR 
absorbance but rarely both (Vašková, 2011). For example, ring 
breathing in benzene structure is active in Raman, whereas it is 
not active in IR (Giles et al., 1999). IR is a commonly used 
method in pure plastic identification. The current recycling sys-
tems utilise mainly NIR spectrometers for plastic identification, 
although this wavelength range has challenges with dark plastics 
(Inada et al., 2001). MWIR range is not disturbed by colourants, 
but has more sensitivity towards the surface state of the sample 
material (Shameem et al., 2017). However, purely MWIR-based 
commercial sorting units are as of yet not available. Nonetheless, 
MWIR spectroscopy has recently been used to identify plastics 
dyed with carbon black (Rozenstein et al., 2017).

FTIR spectroscopy is a commonly used technique to obtain an IR 
spectrum of absorption or emission of a solid, liquid or gas. An FTIR 
spectrometer can simultaneously collect high spectral resolution 
data over a wide spectral range. FTIR techniques have been widely 
utilised in several fields of research to analyse and characterise plas-
tic and associated additives. For example, chemical changes of poly-
lactic acid (PLA) and additives used in recycling processes to 
improve recyclability have been studied using FTIR techniques 
(Beltrán et al., 2019). FTIR has been used as a non-destructive meas-
urement method in quality analysis of the most common plastic, 
polyethylene (PE), in bio-waste treatment facilities (Alassali et al., 
2018). PE and PP degradability can also be characterised by FTIR 
spectroscopy (Aldas et al., 2018). Characterisation of plastic addi-
tives used in food packaging materials is often carried out using 
FTIR spectroscopy to ensure that regulations of stability, purity and 
toxicity are met (Cherif Lahimer et al., 2017; Mauricio-Iglesias 
et al., 2009). Albeit the method is mainly suitable for very high 
micro-plastic (>1%) concentration samples, the advantages are cost 
efficiency and relatively short time needed for the measurement 
(Hahn et al., 2019). Prior to this study, the attenuated total reflection 
(ATR)-FTIR technique has been studied for additive-containing PP 
sample analysis to recognise the formation of the oxidation products 
in the polymer after exposure to natural weathering (Barbeş et al., 
2014). The PP samples contained 1%, 2% and 3% w/w synthetic 
antioxidant Irganox 1010 from Ciba (Basel, Austria) and anti-caking 
agent calcium stearate as additives. The additives in PP films were 
successfully characterised by ATR-FTIR. The study showed that the 
addition of additives in PP powders could be monitored in different 
environmental conditions.

HSI is a fast growing technology due to the benefits of combin-
ing spatial data with spectroscopy, generating three-dimensional 

(3D) data with two spatial and a spectral dimension. It is an all-
around term used for sensors operating on different wavelength 
ranges. Like FTIR and NIR spectroscopy, HSI is based upon 
molecular vibrations induced by electromagnetic radiations, and 
the characteristic spectral features given by the absorbance of the 
sample. HSI has been used in pure plastic identification (Serranti 
et al., 2011; Ulrici et al., 2013). However, for detection of plastic 
additives, only a handful of studies have been conducted (Amigo 
et al., 2015; Bonifazi et al., 2021; Caballero et al., 2019). The stud-
ies are related to identifying BFRs in plastics, and the used wave-
length ranges were in the SWIR range in all studies. 

In this study, we explore the aforementioned optical spec-
troscopy techniques for the detection of fire retardants APP 
and ATH.

Materials and methods

This study examines different identification methods for flame 
retardants ATH and APP contained in PP. These additives raise inter-
est as they are widely applied in plastic products. ATH is the largest 
volume metal hydrate type flame retardant added in thermoplastics 
and thermosetting materials in high amounts (even up to 60%) to 
give proper flame retarding effect through the release of chemically 
bonded water. APP, however, is a common char former type flame 
retardant often found in levels of 20%–30% in plastics (Innes and 
Innes, 2004). The present analysis compares two different data anal-
ysis approaches for additive detection based on spectra obtained 
from different modalities: peak height calibration and PLS.

Fabrication of PP plastic samples with 
APP and ATH additives

Planar samples of shape of universal test specimens (‘dog-bones’) 
with varying load of flame retardants were prepared by melt-com-
pounding of additives into thermoplastic matrix followed by timely 
injection moulding, using DSM Xplore 15cc Microcompounder 
(Sittard, The Netherlands) and Thermo Haake Minijet Injection 
moulding machine (Karslruhe, Germany). PP BE170MO from 
Borealis (Vienna, Austria) was used as matrix polymer and ATH 
(FordaGard M6B from LKAB Minerals, Luleå, Sweden) and APP 
(Exolit AP 750 from Clariant, Muttenz, Switzerland), respectively, 
as flame retardants. Both additives were loaded in amounts of 1, 2, 
4, 8 and 16 wt% in PP, and plain reference PP samples without addi-
tives were prepared, respectively.

Raman measurements

The Raman measurements were executed using a traditional con-
tinuous-wave (CW) excitation RamanRxn2™ Hybrid Analyser 
by Kaiser Optical Systems (Ann Arbor, Michigan, United States). 
The CW Raman had 785 nm excitation wavelength with spectral 
coverage of 150–1875 cm−1. To collect the Raman spectra from 
the samples, non-contact MR Probe from Kaiser Optical Systems 
was used in connection to a sample chamber. The samples were 
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manually shifted to collect 10 measurement points from the sam-
ple surface with exposure time of 10 seconds.

NIR spectroscopy

Cary 5000 VIS-IR spectrophotometer by Agilent (Santa Clara, 
California, United States) was utilised to measure NIR spectrum of 
the samples in 1000–2000 nm wavelength range. The visible (VIS) 
range was not included, as the colour features might correlate with 
additive concentration without necessarily containing relevant fea-
tures. The samples were measured with two measurement geome-
tries: integrating sphere accessory DRA-2500 or Universal 
Measurement Accessory (UMA). Reflectance measurements for 
the APP-doped samples were performed using UMA, in which 
case reflection in 45° angle relative to surface normal was meas-
ured. Reflectance measurements for ATH-doped samples were 
done using integrating sphere in diffuse reflectance mode, which 
omits specular reflected component. Highly Lambertian Labsphere 
Spectralon SRS-99 diffuse reflectance standard was used as a 
white reference.

FTIR measurements

FTIR spectroscopy measurements of the samples were done using 
Diffuse Reflectance Infrared Fourier-Transform Spectroscopy 
(DRIFTS). DRIFTS accessory measures only diffuse reflection 
and omits specular reflected component. The reflectance refer-
ence spectrum was measured from diffuse aluminium surface. 
Each measured spectrum consists of 100 scans and spectral data 
were collected in 1–10 µm wavelength range.

HSI

Two commercial HSI cameras by Specim were used for imaging 
the samples. The Specim SWIR camera operates in the wavelength 
range 970–2530 nm, on which range the PP + ATH set was imaged. 
The PP + APP set was imaged with a sensor yielding a slightly nar-
rower range, that is, 1000–2518 nm, due to availability issues. The 
other camera, Specim FX50, operates in the MWIR range 2700–
5300 nm. Both sets were imaged with this range.

The cameras are integrated with the push broom scanner; the 
row detector scans passively a line on top of a conveyor belt, 
which actuates the gathering of reflected light in the y-direction 
of the sample. For both cameras, constant illumination with a 
continuous spectrum is directed at 45° angle towards the belt. 
Dark and white reference samples were gathered individually for 
each imaging, which are then used to convert the raw signal to 
reflectance values.

Data analysis

Two different analysis approaches were used to evaluate the meas-
urement modalities in two respects. The first, peak height analysis, 
provides information on whether or not the feature of the character-
istic peak of each additive can be used to reliably predict 

the concentration of the additive from the polymer-additive blend 
spectra. The second, PLS, provides a more general framework for 
automatic analysis without manually correcting the spectra and 
selecting the features of interest; the approach can also be utilised for 
multivariate analysis, that is, considering more than one single addi-
tive at a time, as well as for the cases where more than one character-
istic peak is available for the target additive. The use of PLS or other 
chemometric or machine learning approach is more suitable for 
online analysis, while peak height analysis is analytically more 
robust particularly in the case of low number of samples.

Assuming a homogeneous distribution of additive material in 
the samples and linear spectral mixing, the concentration of each 
component (PP and additive) should manifest themselves in the 
spectra in a linear manner. In this paradigm, if the sample con-
tains substances A and B, the total spectrum would be a linear 
combination of each individual spectrum, with the weights cor-
responding to the concentration of each substance. This is known 
as the linear mixing model. Since PLS is nothing but a coordinate 
transform for the spectra, the linear mixing model works for 
transformed spectra as well: the PLS predictions should correlate 
with the concentrations of substances A and B.

Peak height analysis

Peak height analysis assumes that the concentration of the material 
components, such as the plastic additives, is proportional to the 
height or area of their characteristic peaks in the recorded spectrum. 
The quantification of the component impact through signal peak 
height is a straightforward process including baseline correction, 
spectrum normalisation, characteristic peak identification and aver-
aging the area of that peak. In this case, it is possible to do quantifi-
cation without internal peak reference as the data sets are relatively 
unaffected by changes in variation of analyte peak shape or posi-
tion, intrinsic fluorescence or self-absorption of the signal (Giles 
et al., 1999). Thus, the plastic additive quantification relies directly 
on the information provided by the characteristic peaks.

The quantification process starts with correction of spectrum 
baseline by polynomial fitting to specified spectral regions. Next, 
the process continues with normalisation of spectra by dividing 
the spectrum by the mean value of the normalisation region. The 
following phase averages the area of the characteristic peaks and 
creates a linear fit to the calculated signals versus the sample con-
centration data. For this linear fit, we can calculate the error of 
prediction using the 10 individually measured sample points and 
comparing their result to the average result.

PLS analysis

In previous studies, PLS has been found to be an effective tool in 
analysing HSI (Amigo et al., 2015; Caballero et al., 2019; Karaca 
et al., 2013; Ulrici et al., 2013), Raman (Allen et al., 1999; Da 
Silva and Wiebeck, 2019; Zhao et al., 2021) and FTIR data (Da 
Silva and Wiebeck, 2017; Lao et al., 2016) in the plastic domain. 
Previously, this method was validated in-house for the use of 
classifying bio-composites, that is, polymers mixed with 
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cellulose pulp material (Sormunen et al., 2019). As such, it has 
been demonstrated to be applicable for mix materials, and thus 
could potentially be used for additives as well.

PLS is a statistical regression method that projects the dependent 
as well as the independent variables to a new space, which maxim-
ises the intra-specimen variance as well as the inter-specimen 
covariance. PLS bears similarities to principal coefficient analysis 
(PCA) in that it performs a transformation, for the target variable, 
such that a set of orthogonal coordinates in a new space is found. 
PLS can be thought of a PCA for both variables. PLS is applicable 
to multi-collinear data, such as is the case with spectral data; the 
reflectance values on adjacent wavelengths are highly correlated.

The representative spectra for all measurement methods were 
gathered by averaging over all measurements of a sample. With 
point-measurement techniques, several measurements were 
taken from one location of the sample. For HSI, pixels portraying 
the sample were selected by hand, and an average was taken over 
the whole spatial dimension.

Before pre-processing, the reflectance values of VIS-IR, SWIR, 
MWIR and FTIR were converted to absorbance values, since these 
are directly correlated with chemical component concentration 
according to the Beer–Lambert law. Then, the process was as fol-
lows: (1) spectral de-noising by Savitzky–Golay filter; (2) baseline 
removal using Zhang’s algorithm (Zhang et al., 2010); (3) stand-
ard-normal variate. Using the leave-one-out method of calibration, 
the concentration of the left-out sample is predicted according to 
the PLS regressor trained with the other samples using the maxi-
mum number of latent variables (i.e. five).

Results and discussion

Peak height analysis

The peak height analysis evaluated the linear relation between APP 
and ATH concentration in PP through their characteristic peaks 
shown in Figure 1. The peak locations follow the signal shown by 
APP and ATH reference spectrum in the range where the PP matrix 

Figure 1. APP and ATH centred characteristic peaks with different modalities: (a) APP at 1614 cm−1 with 785 nm Raman, (b) 
APP at 2130 nm with SWIR HSI, (c) APP at 5.3 µm FTIR, (d) APP at 1.58 µm with VIS-IR, (e) APP at 4.6 µm with MWIR HSI, (f) ATH 
at 320 cm−1 recorded with Raman, (g) ATH at 1440 nm with SWIR HSI, (h) ATH at 5.0 µm recorded with FTIR, (i) ATH at 1.44 µm 
with VIS-IR and (j) ATH at 2.9 µm with MWIR HSI.
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signal is in contrast low. This result shows how the APP substance 
generates an optical signal in PP detectable using NIR to IR absorb-
ance as well as Raman spectroscopy. There is clear relation between 
the strength of the signal and the amount of additive in the PP matrix. 
Exception is the MWIR range for APP, where the relation is negative 
and clearly not caused by the additional absorption of APP. 
Unfortunately in this case, the best absorption area of APP coincides 
with PP absorption and clear relation cannot be distinguished. 
Therefore, the relation shown by peak height analysis is based on 
other correlation factors and the result is not reliable.

The signal information from the characteristic peaks can be 
used to create a linear prediction for the relation between signal 
strength and additive concentration as described in the previous 
section. Figure 2 presents the average predicted concentrations in 
relation to the reference values for Raman, SWIR HSI, FTIR, 

VIS-IR and MWIR data. The accuracy of these predictions is 
evaluated through prediction errors – Root Mean Square Error of 
Calibration (RMSEC) and Standard Error of Calibration (SEC).

The RMSEC and SEC for the predictions shown in Figure 2 
are presented in Table 1. The results indicate that the used FTIR 
analysis process was not suitable for APP and ATH additive 
determination as FTIR shows the largest errors for the calibra-
tion. This could be related to the very shiny exterior of the plastic 
samples and the used Diffuse Reflectance measurement protocol. 
It might be possible to get better FTIR results using Attenuated 
Total Reflection probes. However, this additive analysis evalu-
ates methods suitable for online analysis in future, and thus, fur-
ther studies using ATR would not offer benefits for the final goal. 
Otherwise, VIS-IR and Raman spectroscopy give very compara-
ble results for the calibration error. Taking into account the end 
goal, this gives a promising inclination for the suitability of 
SWIR HSI as an online tool for APP and ATH plastic additive 
analyses. The ability of two-dimensional (2D) imaging for aver-
aging larger sample coverage makes the imaging also a faster and 
more practical tool compared to point-by-point-based Raman and 
VIS-IR analyses, as the signal-to-noise ratio can be effectively 
reduced. Moreover, it allows for distinguishing chemical differ-
ences in different parts of the plastic body material.

PLS results

The PLS calibration plots for both APP and ATH are shown in 
Figure 3. As previously for peak height calibration, prediction 

Figure 2. (a) APP predictions using peak height calibration calculated from Raman, SWIR HS, FTIR and VIS-IR spectral data 
and (b) ATH predictions using peak height calibration calculated from Raman, SWIR HS, FTIR and VIS-IR spectral data.

Table 1. The error of first-order fit of characteristic peak 
height as a function of additive concentration for each 
measurement modality in the case of APP and ATH.

Error (%) Raman SWIR FTIR VIS-IR MWIR

APP, RMSEC 1.19 0.99 1.58 0.79 2.12
APP, SEC 1.22 1.08 1.71 0.87 2.32
ATH, RMSEC 0.28 0.24 1.36 0.34 1.70
ATH, SEC 0.31 0.26 1.49 0.37 1.86

SWIR: short-wavelength infrared; FTIR: Fourier-transform infrared; 
VIS-IR: visible infrared; MWIR: mid-wavelength infrared; APP: ammo-
nium polyphosphate; RMSEC: Root Mean Square Error of Calibration; 
SEC: Standard Error of Calibration; ATH: aluminium trihydroxide.
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accuracy is evaluated by RMSEC and SEC for both cases; these 
are shown in Table 2.

As is evident for the results for APP, the error values are very 
high, and the calibration plots for all modalities show large devia-
tions from linearity. It seems there is not enough data for the PLS 
model to capture the variation in terms of the characteristic APP 
peak. Indeed, as the number of samples is rather low, only five 
latent variables can be used in building the model, which may be 
an insufficient number.

For ATH, however, most of the modalities show good linear 
fit; the errors for SWIR and VIS-IR are below 1% and for MWIR 
below 2%. For Raman and FTIR, there is some discrepancy, as 
can be seen from the plot. This may be due to both covering a 
rather broad wavelength range with many features, causing the 
model to be unable to capture the variation caused by the addi-
tive. The utilised VIS-IR spectroscopy setup is able to capture 
wavelengths with a step size of 2 nm, while the SWIR HSI cam-
era provides wavebands with step sizes of around 5.7 nm. As 
such, the former is able to capture more minute variations in the 
spectra, leading to lower errors.

In order to build a more robust chemometric model, much 
more data are needed, as is evident from the great difference 
between the peak height calibration and the PLS results. The for-
mer clearly shows that the additive peak height information can 

be used for accurate prediction, while the latter fails in the case of 
APP. As such, the model should be complemented with greater 
number of samples with different concentrations of additives in 
order to leverage more latent variables. Moreover, the model 
could also benefit from the use of non-averaged data; instead of 
using a single spectrum, the model could be calibrated using mul-
tiple spectra from the same sample.

Conclusion

In this work, multiple optical measurement techniques based 
upon spectroscopy were evaluated in terms of their capability to 
detect additives inside plastics. Different concentrations of APP 
and ATH moulded in PP matrix could be accurately determined 
using the peak height calibration method for data obtained from 
Raman, NIR and SWIR HSI. The cross-validation errors in each 
case is low; however, for ATH, the spectral fingerprint seems to 
be more readily distinguishable, as evidenced by much lower 
RMSEC and SEC for each of these modalities. The characteristic 
peak of APP seems to overlap with PP, making the distinction of 
signal difficult.

The results indicate that the ability of HSI to detect changes in 
large areas of the plastic samples gives the technology good overall 
analysis capabilities for the additive amounts in the samples. 
Although the data analysis shows that the other technologies do 
reach similar identification and sensitivity levels, they are limited 
to pointwise measurement. Especially for sorting facilities, HSI 
technology is a versatile choice as it has the ability of scanning the 
width of the conveyor belt at once, allowing for using spatial in 
addition to spectral features. Moreover, it also allows for averaging 
over multiple points, leading to significantly lower noise levels.

The utilised PLS model worked for some measurement 
modalities in the case of ATH, but for APP, it failed to produce 
good results. As mentioned above, the peak height analysis 
results for ATH were better, implying that its spectral fingerprint 
is distinguishable. Nonetheless, it is clear that the model should 
be complemented with more samples of different concentration, 

Figure 3. Predicted concentration values with PLS of each measurement modality for APP (left) and ATH (right). Perfect 
correlation is shown with the black dashed line as a reference.

Table 2. The error of PLS as a function of additive 
concentration for each measurement modality in the case of 
APP and ATH.

Error (%) Raman SWIR FTIR VIS-IR MWIR

APP, RMSEC 6.71 7.63 3.92 6.73 10.80
APP, SEC 7.36 8.36 4.29 7.37 11.82
ATH, RMSEC 3.45 0.90 4.14 0.77 1.68
ATH, SEC 3.78 0.98 4.54 0.84 1.84

SWIR: short-wavelength infrared; FTIR: Fourier transform infrared; 
VIS-IR: visible infrared; MWIR: mid-wavelength infrared; APP: ammo-
nium polyphosphate; RMSEC: Root Mean Square Error of Calibration; 
SEC: Standard Error of Calibration; ATH: aluminium trihydroxide.
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and instead of an averaged spectrum per concentration, multiple 
spectra from the same sample could be used. This would also 
open the door for utilising more modern data analysis techniques 
based on machine learning such as support vector machines or 
decision trees, particularly in the case of HSI, where the amount 
of collected data is huge.

Utilising the results of this study, the separation of additive-
containing fraction from non-additive-containing waste in sort-
ing facilities could potentially be achieved. This would enable 
harvesting plastics of low additive concentration from mostly 
unused fractions such as WEEE for mechanical reprocessing, 
while the plastics of high additive concentration can either be 
used for incineration or reprocessed using novel chemical recy-
cling technologies in the future. However, much more research is 
needed with real-life waste plastic samples and also with differ-
ent polymer types to identify the exact cases where the proposed 
methodologies provide accurate results, such as plastics covered 
with grime or dirt resulting from the collection phase. Moreover, 
the analytical limit of the different techniques should be estab-
lished, and compared to the legislation pertaining to the highest 
permitted threshold of harmful additives in the output recycled 
plastic. Nonetheless, these results indicate that the detection of 
additives inside plastics using spectroscopic means is possible, 
providing guidance for the next steps of research this domain.
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