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Due to the increasing amount of plastic waste and high-quality demands on recycled plastic interest for in-line composition estimation in plastics 

has grown the last few years. This study investigates pigment blue 15 : 3 with varying concentrations in LDPE. Samples are investigated with two 

industrial hyperspectral imaging systems where one has the hyperspectral range from 450 nm to 1050 nm and the other from 950 nm to 1750 nm. 

A model based on peak ratios of selected bands and model based on a principal component analysis have been tested. The models only predict 

pigment concentrations between 40.0 wt% and 1.7 × 10–3 wt% if both spectral ranges are combined. Unknown samples containing pigment con-

centration ranging from 20 wt% to 0.31 wt% were predicted and correlated to the actual pigment concentrations (R2 = 0.977) and the PC-based 

model outperforms the peak ratio model. The studied approach can be a part of the solution to the plastic challenge and can be transferred to other 

applications where concentration determination is key.

Keywords: hyperspectral imaging, pigment blue 15:3, pigment concentration, in-line concentration estimation, machine learning

Introduction
Plastics material are applied all over modern society 
and only a minor amount of the consumer plastics is 
included into the plastic circular economy and thus into 
new products.1–4 This fact and the insufficient (or lacking) 
waste management has resulted in plastic accumulation 

in our ecosystems.5–11 There are currently many unsolved 
challenges in plastic recycling, e.g. poor waste manage-
ment, consumer behaviour, multi material designs etc.12,13 
Hence plastics arriving for recycling is a complex mixture 
of sizes, materials and colours. This challenges the 
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necessary 95 %+ material purity for recycled plastics in 
high value products.14 In addition, the complex colour mix 
in post-consumer plastics results in most recycled plastic 
pellets being dyed black at the recyclers. This limits the 
potential usage of recycled plastic and it would be bene-
ficial if the pigment composition and concentrations of 
the incoming plastic materials could be obtained and 
utilised during plastic sorting.

Pigments can be detected via different chemical-based 
techniques, such as high-performance liquid chromatog-
raphy, gas chromatography, liquid chromatography-mass 
spectrometry, analytical pyrolysis coupled with gas 
chromatography-mass spectrometry and/or inductively 
coupled plasma mass spectrometry.15,16 These methods 
are accurate but require time-consuming sample prepara-
tion, a long analysis time (minutes/hours), relatively small 
sampling volumes and highly-skilled operators.

As an alternative optical analytical methods is a poten-
tial solution for pigments detection, such as Fourier-
transform infrared (FT-IR) spectroscopy,17–19 visible and 
near infrared spectroscopy (Vis/NIR),20,21 Raman spec-
troscopy22–24 and fluorescence spectroscopy.25 However, 
these spectroscopic techniques only analyse a minor part 
of the sample and analysis handling and time for detec-
tion is relatively long (seconds to minutes).

For faster and larger sampling area, line-scan-based 
hyperspectral imaging (HSI) technologies that provide 
spatial information can be applied. HSI is emerged as 
a powerful analysis tool for rapid and non-destructive 
detection applied in agricultural,26–28 medicinal industry,29 
waste streams30 and plastics.30–34 In addition, HSI has been 
successfully applied in determining pigments, binders, 
canvas material etc. in relation to art heritage preserva-
tion35–39 by applying cameras covering wavelengths from 
400 nm to 2500 nm, hence covering both visible (Vis) 
and short-wave infrared ranges (SWIR). However, the 
experimental setup is highly specialised and designed for 
scanning of art pieces.

Due to the vast amount of data obtained via HSI the 
above studies apply some type of machine learning [prin-
cipal component analysis (PCA), K-Nearest Neighbour 
regression, K-means clustering, partial least square regres-
sion (PLSR), multiple linear regression (MLR), support 
vector regression (SVR), spectral correlation measurement 
etc.] or neural network (NN) for data processing. Random 
forest and NN model estimated the phycocyanin and 
Chlorophyll-a (Chl-a) pigments in cyanobacteria within 
the concentration ranges of 1.47 × 10–5–1.90 × 10–8 wt% 
and 1.11 × 10–5–8.45 × 10–7 wt%, respectively.40 SVR, MLR 
and PLSR algorithms using both a full spectra and selected 

effective-wavelengths were applied to predict 0.62–
0.35 wt% lipid concentrations in algae,41 0.33–0.17 wt% 
Chl-a and 0.06–0.03 wt% carotenoid in cucumber leaves,42 
0.33–0.01 wt% anthocyanin content of grapes43–45 and 
0.03–0.01 wt% total pigments in red meat.46 Two to six 
wavelengths and their ratios extracted from satellite 
HSI images were applied in successive projections algo-
rithms to quantify Chl-a concentration in natural waters 
within 3.05–0.174 wt%47 and 1.96 × 10–5–1.12 × 10–7 wt% 
ranges.48 Similar relative absorption band ratios were used 
to quantify Chl-a and pheophytin-a of algae in lakes within 
the 0.11–2.80 × 10–4 wt% range.49 Most of these algo-
rithms output a finite number (bins) of predefined concen-
trations or ignore most of the available data. Although 
suitable for many applications, there is a need for concen-
tration determination algorithms as continuous functions 
for detection of, e.g., pigments, hazardous compounds or 
other additives in plastics. To the best of our knowledge, 
no studies have developed models for in-line quantifica-
tion of pigments in plastics using HSI techniques. Thus, 
new approaches are needed for determination of pigment 
concentrations via machine learning.

Blue colour or shades is one of the most common 
colours in ocean plastic waste (9 %) at global scale50 and 
in this study a series of blue coloured (single pigment) 
samples will be compounded and investigated in a broad 
spectral range covering HSI in the visible (450–1050 nm) 
and SWIR (955–1700 nm) spectral ranges. The samples 
cover a broad pigment concentration interval ranging 
from 40 wt% to 1.7 × 10–3 wt% in LDPE and the chem-
ical structures of pigment and plastics are verified by 
attenuated total reflectance (ATR)-FT-IR. The data will 
be modelled with both a peak ratio (of selected bands) 
model and a PC-based model using the full spectrum, 
subsequently predictive models are fitted for continuous 
concentration estimation. Finally, unknown concentra-
tions of blue pigment in LDPE will be predicted based on 
the models.

Materials and methods
Sample preparation
Masterbatch (MB, 15-2040-PB-15-B, Kunstof-Kemi 
Skandinavia A/S, Denmark) with 40 wt% Organic C.I. 
Pigment Blue 15:3 (PB, Copper (II) phthalocyanine, 
C32H16CuN8, CAS 147-14-8) in low density polyethylene 
(LDPE) was used for the preparation of a series of samples 
with a varying pigment concentration. LDPE (Eltex® MED 
PH23H630, INEOS Olefins and Polymer Europe) was 
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used to dilute the masterbatch and obtain a blue colour 
gradient. Samples were prepared in a conical co-rotating 
twin-screw compounder with a backflow channel 
(Rheomex CTW5, MiniLab HAAKE), at 210 °C and 50 rpm 
for ≈7 min. The first two loads contained 10 wt% pigment 
(1st: 1 g MB and 3 g LDPE, 2nd: 0.75 g MB and 2.25 g 
LDPE). Then ten different concentrations were obtained 
by mixing pure LDPE (3 g LDPE loads) with the previous 
pigment concentration. The loaded and unloaded masses 
were determined (Sartorius QUINTIX224-1S, Sartorius 
Lab Instruments, Germany) and the mass balance, given in 
Supplementary Information (SI) Equation (S1)–(S6), were 
applied for calculation of the pigment concentrations. 
Samples with pigment concentrations of 40 (MB), 10, 
4.5, 2.0, 0.83, 0.35, 0.15, 60 × 10–3, 24 × 10–3, 10 × 10–3, 
4.0 × 10–3, 1.7 × 10–3 and 0 (LDPE) wt% was compounded. 
A schematic of the compounder, image of representative 
samples and molecular structure of the PB are shown in 
SI section S1. Test samples of 19.99, 15.18, 10.05, 5.19, 
2.43, 1.04 and 0.31 wt% pigment concentration were 
manufactured by mixing LDPE and PB MB (mLDPE : mMB) 
1.01 : 1.01, 1.24 : 0.76, 1.51 : 0.51, 1.75 : 0.26, 1.89 : 0.12, 
1.95 : 0.05 and 1.99 : 0.03, respectively. The mixtures 
were compounded as already described, extruded and 
the compounder was cleaned between batches.

Attenuated total reflection Fourier-transform 
infrared spectroscopy
All samples were analysed with attenuated total 
reflectance Fourier-transform infrared spectroscopy 
(ATR-FT-IR) (Nicolet iS5 iD5 ATR, Thermo Scientific) with 
a ZnSe crystal (iTR/iD5, Thermo). Background measure-
ment with 16 scans was obtained and refreshed every 
20 min. FT-IR spectra were obtained with 32 scans for 
each sample with a resolution of 2 cm–1. Spectra were 
corrected for penetration depth by advanced ATR 
followed by a baseline correction in OMNICTM Spectra 
Software (Thermo Fisher).

Hyperspectral imaging
The hyperspectral imaging system (Newtec, Denmark) 
consists of hyperspectral cameras positioned 55 cm above 
a conveyor belt (29 cm wide, speed 3.75 m min−1) trans-
porting the samples. The illumination of the conveyor belt 
was done by two units of four halogen lamps (12 V, 20 W) 
placed 30 cm above the conveyor belt at a 45° angle. The 
line scan hyperspectral camera is equipped with two Oculus 
QT5022 detectors: Gsense scientific metal-oxide-semi-
conductor, CMOS, for the Vis/NIR region (from 450 nm to 
1050 nm) and InGaAs for the SWIR region (from 955 nm to 

1700 nm). The HSI system was controlled by the onboard 
software (Newtec, Denmark). Prior to measurement, a full 
spatial, spectral and intensity calibration was performed 
as previous described.51 In short; a measurement on a 
calibration board containing a chess-pattern, LEDs and 
TiO2 powder giving the calibration parameters. The spatial 
resolution is 0.22 nm (across) by 0.50 nm (along) for Vis/
NIR and 1.10 mm (across) by 0.50 mm (along) for SWIR. 
The spectral resolution is 1.75 nm for Vis/NIR and 8.90 nm 
for SWIR. Intensity calibration was referenced to TiO2. All 
spectral calibration details are given in SI section S3.

In a typical measurement, a row of samples was placed 
on the conveyor belt, passed the line scanner and the 
data cube was obtained. Each recording involved the 
sequential acquisition of 376,800 spectra (300 lines of 
1256 pixels) for the Vis/NIR and 76,800 spectra (300 
lines of 256 pixels) for the SWIR. Each pixel contains 350 
and 110 spectral channels (λ) creating data cubes (x, y, λ) 
with dimensions (300, 1256, 350) and (300, 256, 110) 
for Vis/NIR and SWIR, respectively.

Hyperspectral data processing
The data cubes are transferred from the HSI cameras to 
an external computer for data processing. Spectra used 
for modelling are extracted from five regions of interest 
on each sample measuring 6 × 20 pixels and 6 × 7 pixels 
for Vis/NIR and SWIR, respectively. The reported spec-
trum for each sample is the total average of 600 or 210 
spectra for Vis/NIR or SWIR, respectively.

The peak ratio model
For Vis/NIR, the LDPE band (CH2, at 1030 nm, internal 
reference) is numerical integrated from 875 nm to 
970 nm and the pigment peak is integrated from 
550 nm to 800 nm. For SWIR, the combination bands 
(internal reference) are integrated from 1350 nm to 
1620  nm and the pigment band is integrated from 
1040 nm to 1145 nm. The calculated areas are baseline 
corrected over the given range via a linear function for 
both Vis/NIR and SWIR, and the peak ratio is calcu-
lated as pigment area divided by internal reference 
area. Pigment concentrations (Conc) are modelled as 
a function of peak ratios with an exponential function 
[Equation (1)] in a semi logarithmic plot [peak ratio vs 
Ln (Conc)].

	 Conc( ) xx Aeτ= 	 (1)

where A is the pre-exponential constant, τ is the expo-
nent constant and x the model dependant variables.

All calculations were performed in Python (version 3.8).
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The PCA model
In this approach PCA is first applied to reduce data dimen-
sionality and eliminate the multicollinearity of the original 
qualitative HSI spectrum. This gives a new set of quantita-
tive variables [principal component (PC) scores] which are 
orthogonal to each other. Subsequently, regression on the 
quantitative data (PC scores) is performed giving a contin-
uous concentration model. The continuous extracted 
spectra are pre-processed with a Savitzky–Golay filter (SG, 
7-point average, 2nd order polynomial, 1st order derivative) 
and followed by data normalisation (between 0 and 1) for 
the lowest and highest measured value. The data is then 
processed via PCA with four PCs. The second principal 
component (PC2) was applied for pigment concentration 
modelling in the Vis/NIR as reflections and scattering is 
dominating the first principal component (PC1). The first 
principal component (PC1) was used for pigment concen-
tration modelling in the SWIR. Pigment concentrations are 
modelled as a function of PC with an exponential function 
[Equation (1)] in a semi logarithmic plot [PC vs Ln (Conc)]. 
All calculations were performed in Python (version 3.8).

Model testing
The peak ratio and PC-based models in Vis/NIR and SWIR 
are tested within their ranges by test samples having 
20–0.31 wt% PB. The test samples are pre-processed 
accordingly, and the concentrations of PB are deter-
mined by the models. The linear fit between the expected 
and model predicted concentrations are calculated and 
reported as the coefficient of determination (R2).

Results
Material validation
The compounded samples were extruded 5 mm wide and 
2 mm thick and without sign of degradation or yellowing 

Figure 1. Image of the specimens with concentrations of pigment from left 
(40 wt%) to right (1.7 × 10–3 wt%) and on the right virgin LDPE.

Figure 2. ATR-FT-IR spectra for the applied materials. 
The spectra are stacked by shifting the absorbance for 
visual clarity. Bands at 2340 cm–1 and 2365 cm–1 are 
assigned to atmospheric νCO2.

after compounding. An image of the samples can be 
found in Figure 1. Visual inspection of samples shows 
that the pigments are well and homogeneously distrib-
uted in the entire sample.
The ATR-FT-IR spectra for all samples are illustrated in 
Figure 2. The spectra in Figure 2 (individual spectra are 
shown in SI S2) are assigned to LDPE: CH2 stretch (ν) 
bands at 2915 cm–1 and 2850 cm–1 and CH2 bending 
(δ) bands at 1472, 1465, 730 and 720 cm–1.52 Pigment: 
The Copper (II) phthalocyanine pigment (SI S3) adds 
absorption bands to the MB spectrum and coloured 
samples. Bands at 1608, 1505, 1287, 1174, 1165, 900 
and 878 cm–1 are assigned to ν and δ of C–H and C=C 
from 1,2 disubstituted benzene. Bands from the tertiary 
amine in the porphyrin ring (νC–N) are observed at 
1120–1065 cm–1.52,53 Bands at 1608, 1505, 1420 and 
1320 cm–1 are assigned to C=C and C–N vibrations of the 
porphyrin ring.54,55 The band from bending out of plane 
for 1,2 substituted aromat from phthalocyanine. This 
band overlays with the band from LDPE (CH2, doublet 
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band) at 730 cm–1 giving a significant intensity increases. 
Finally, the Cu(II) phthalocyanine is indicated by the weak 
band at 640 cm–1.54,55 The assignment verified the mate-
rial and incorporated pigment but is not a quantitative 
measurement of the concentration.

Hyperspectral characterisation via Vis/NIR 
and SWIR
The Vis/NIR spectrum for the samples are given in Figure 
3. The hyperspectral image representation of the samples 
and the individual and detailed Vis/NIR spectra are given 
in SI S4.

In the Vis/NIR spectral region (Figure 3), the concen-
trated blue samples absorb most of the irradiated light 

Figure 3. Vis/NIR hyperspectral spectra for the applied 
samples. The spectra are (for clarity) plotted with 
upshifted absorbance having the masterbatch most 
shifted and LDPE non-shifted. Each spectrum is an aver-
age of 600 pixels.

making them appear dark and thus no clear spectral 
features can be observed. However, as the pigment 
concentration decreases absorption bands appear at 
550–760 nm indicating absorption of all colours expect 
blue.56 In the lower concentration range (4.0 × 10–3 and 
1.7 × 10–3 wt%) an absorbance band at 680 nm arises 
which is assigned to the blue colour.56

The spectral information for the SWIR wavelengths 
is shown in Figure 4. The hyperspectral image repre-
sentation of the samples and the individual SWIR 
samples can be found in SI S4. The bands from the 
LDPE at 1226 nm are ascribed to 3νCH2/CH, bands 
at 1042, 1430 and 1459 nm are ascribed to the 
combination bands from 3νCH2 and δCH2. The bands 
at 1703 nm and 1729 nm are ascribed to 2νCH3/CH2 
overtones. The bands at 1042 nm and 1703 nm are 
ascribed to C-H in LDPE.57 The MB spectrum is a 
combination of LDPE and the pigment, thus having 

Figure 4. SWIR hyperspectral spectra for the applied 
samples. The spectra are (for clarity) plotted with 
upshifted absorbance having the masterbatch most 
shifted and LDPE non-shifted. Each spectrum is an aver-
age of 210 pixels.

the LDPE bands as described above and additional 
bands at 1016 nm and 1088 nm which are assigned 
to aromatic 3νCH. Further, a weak signal at 1690 nm 
appears in the samples with 40 wt% and 10 wt% from 
aromatic C–H.57

Concentration estimation
The first approach is to apply the models to the whole 
dynamic range from 40.0 wt% to 0.0 wt% (SI S5) and 
based on outcome interpretation it was found that Vis/
NIR performs best at diluted concentrations of PB due to 
sensor saturation at higher concentrations. On the other 
hand, SWIR performs better at higher concentrations 
as the chemical signatures of PB are more pronounced. 
After optimisation iterations the final peak ratio and 
PC-based models (see SI S5 for details) for concentration 
estimation are shown in Figure 5.

The peak ratio model in Vis/NIR has a predictive 
range from 60 × 10–3 wt% to 1.7 × 10–3 wt% PB (Figure 
5 top, left), whereas the PC-based model is performed 
in the range from 0.83 wt% to 1.7  × 10–3 wt% PB 
(Figure 5 bottom, left). SWIR is more capable at higher 
concentrations, and the ratio model performs well in 
the range from 40.0 wt% to 0.15  wt% PB (Figure 5 
top, right), while the PC-based model performs in 
the range from 40.0 wt% to 60 × 10–3 wt% PB (Figure 
5 bottom, right). The test samples predicting wt% 
can be found in Table 1. From Figure 5 and Table 1 
it is observed that the peak ratio has more scatter 
and a lower interval for usage than for the PC-based 
method, although both modelling approaches can 
model the entire pigment range when Vis/NIR and 
SWIR is combined.
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Figure 5. Pigment concentration estimation from peak ratio (top row) and PC-based modelling (bottom row) for Vis/NIR 
(left column) and SWIR (right column). Model data (×), test data (∆) and the dashed line is the model.

Discussion
The dilution series of PB in LDPE is made from a master 
batch containing 40  wt% pigment and is diluted to 
1.7 × 10–3 wt% pigment. Homogeneous mixing is assumed 
when diluting, and the concentrations of the samples are 
calculated based on the mass balance, where a part of 
the total mass stay in the compounder and is diluted by 
an addition of pure LDPE. The mass balance is consid-
ered more accurate compared to adding LDPE and MB 
to the compounder in a batch, even when minor differ-
ences in the master batch loading or variances in the 
carry over mass is considered. The batch mode struggle, 
if ± one MB pellet (~25 mg) is loaded to the compounder 
for a desired concentration of 1.04 wt% (1.985 g LDPE, 
0.052 g MB), giving deviations of almost ± 25 %. Further, 
only a fraction of a MB pellet is to be added if even 
lower concentrations are to be obtained. In addition, an 
unknown amount of material ends in dead zones during 

mixing, which is crucial for a batch, but is considered 
constant in a dilution series. The dead zone effect is mini-
mised by loading half of the LDPE to the compounder, 
then the pigment and then the second half of LDPE. In 
any case training data is made via the dilution series and 
test samples are made via batch mode to test the model 
on samples made differently. However, lower pigment 
concentrations could not be reliable produced in batch 
mode which limits the test samples to 19.99, 15.18, 
10.05, 5.19, 2.43, 1.04 and 0.31 wt% PB.

The FT-IR spectra clearly verified the polymer to be 
LDPE and the presence of Copper (II) phthalocyanine in 
different loadings based on corresponding peak intensi-
ties. Especially the νC–N observed at 1120–1065 cm–1 
are significant when differentiating between LDPE and 
PB. Copper (II) phthalocyanine was found to absorb light 
in the range from 550 nm to 760 nm in the Vis/NIR and 
the spectral range narrows as pigment loading decreases 
and a band apex is found at 680 nm at PB loadings for 
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4.0 × 10–3 wt% and 1.7 × 10–3 wt%. For SWIR, LDPE is 
clearly identified at 1042, 1226, 1430 and 1459 nm 
and PB at 1016 nm and 1088 nm. Where the signal at 
1088 nm correlates with the expected pigment loadings. 
Concentrations from 60 × 10–3 wt% and above is suffi-
cient to differentiate PB based on the spectra alone and 
spectra at concentrations of 24 × 10–3 wt% and below 
appear as LDPE. Hence, all spectral ranges (Vis/NIR, 
SWIR and ATR-FT-IR) confirm that Copper (II) phthalocy-
anine is present in LDPE at varying concentrations.

The concentration determination in HSI from inte-
gration is in general challenged by uneven illumination, 
sample curvature, reflections and the light intensity 
reaching the cameras cannot be assumed to be constant. 
Hence, the measurements in its raw format are consid-
ered as qualitative results. This is addressed by using 
the bands (1030 nm Vis/NIR and 1450 nm in the SWIR) 
from LDPE as pseudo internal reference in the peak 
ratio model, enabling extraction of relative quantitative 
information from the obtained spectra. This approach 
has an inherited error as the high PB loadings will also 
dilute the LDPE loading and the higher concentrations 
(5 wt%+) are artificially amplified. At high PB loading the 
bands are broadened enforcing wide boundaries to be 
set. However, at the lower concentrations the broad 
boundaries challenge the integration by lowering the 
signal-to-noise ratio, giving poorly defined baselines, 
increasing data variance and lowered detection limits 
to 60 × 10–3 wt%. Although a direct method it has some 
challenging drawbacks. The peak ratio model managed 
to cover from 60 × 10–3 wt% to 1.7 × 10–3 wt% in Vis/NIR 

and 40.0–0.15 wt% in SWIR and generates fair to poor 
concentration predictions (R² = 0.7896 between calcu-
lated and predicted pigment wt%).

As an alternative, the PC-based model will model the 
different concentrations via their variances over the 
entire dataset, while also adjusting for a potential spec-
tral overlapping. PCA is more noisy and intensity sensitive 
which can be surcompassed by using the SG filter with 
a soft smoothing and calculating the first derivative to 
address the challenges of noise and intensity, respec-
tively. The PC-based model reached an upper detection 
limit of 0.15 wt% in the Vis/NIR region despite the low 
penetration depth58 and reduced light reflection59 of high 
concentration samples. In contrast, the SWIR region veri-
fied the deeper penetration60 and distinguished pigment 
concentrations up to 40 wt% and a lower detection limit 
of 60 × 10–3 wt%. The PC-based model thus renders a fair 
to good concentration prediction (R² = 0.9773 between 
calculated and predicted pigment wt%).

It is clear from Figure 5 that neither vis/NIR nor SWIR 
can be applied alone for concentration estimation over 
the four orders of magnitude. The Vis/NIR experience, 
a saturation level beyond which no correlation with 
increasing concentration is seen (SI S5). Whereas, SWIR 
has a lower detection limit where the signal from LDPE 
overwhelms the spectral information of PB (SI S6). The 
PC-based models expanded the applicable range for 
both HSI systems and showed that Vis/NIR and SWIR 
data of PB in plastic samples are complementary, with a 
good separation of low concentrations in the Vis/NIR and 
high concentrations in the SWIR, and that it combined 

Conc 
(wt%)

Vis/NIRa 
(wt%)

SWIRa 
(wt%)c

Vis/NIRb 
(wt%)

SWIRb 
(wt%)d

19.99 — 23.83 ± 8.11 — 17.86 ± 1.67

15.18 — 8.82 ± 1.15 — 14.19 ± 1.17

10.05 — 3.84 ± 0.54 — 8.91 ± 0.57

5.19 — 3.53 ± 0.47 — 7.32 ± 1.01

2.43 — 3.42 ± 0.46 — 2.69 ± 0.78

1.04 — 0.84 ± 0.18 — 0.56 ± 0.16

0.31 — 0.45 ± 0.02 0.27 ± 0.04 0.32 ± 0.02
aPeak ratio model, bPC-based model, cR² = 0.7896, dR² = 0.9773

Table 1. Test samples predicted concentrations according to the models. The peak ratio 
model uses the concentrations intervals from [0.06;0.0017] wt% and [40.0;0.15] wt% for 
Vis/NIR and SWIR, respectively. The PC-based model uses the concentrations intervals 
from [0.83;0.0017] wt% and [40.0;0.06] wt% for Vis/NIR and SWIR, respectively.
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provides a full and reliable detection of the PB concen-
tration range from 40 wt% to 1.7 × 10–3 wt% in LDPE. 
In addition, most industrial applications have pigment 
loadings below 4 wt% and thus the models fall in the 
valid concentration range. Even though the proposed 
models predict the pigment concentration of PB in LDPE, 
it is important to note that calibration of both model and 
equipment are necessary. In some applications the equip-
ment calibration could be minimised to intensity calibra-
tion and then fit the models to the HSI system readout. In 
addition to equipment calibration, it is important to have 
calibration materials with known pigment concentra-
tions over the range of interest and in the material (e.g., 
polypropylene, polystyrene, polyamide etc.) of interest. 
Hence, the obtained models are system specific and can 
only be interpolated within the calibrated pigment range. 
However, in-line estimations of pigment concentration 
are enabled after accurate equipment and model cali-
bration. There are several industrial applications that can 
benefit from continuous in-line prediction of pigment 
concentrations. A few examples could be estimated for 
amount of necessary pigment to add for obtaining the 
right product colour within the textile recycling industry. 
In the plastic recycling industry, the clear benefit is 
product documentation and for pigment dosing appli-
cations. In general application to product surveillance in 
production facilities for quality control assurance.

Conclusion
In this study, a hyperspectral imaging system covering both 
the Vis/NIR and SWIR spectral ranges was employed for 
predicting pigment blue 15:3 concentrations in LDPE. The 
spectra showed an upper detection limited of 0.83 wt% 
pigments for Vis/NIR and lower detection limited of 
60 wt% pigments for SWIR. The machine learning utilises 
all variances found in the continuous spectra via a PCA 
model and subsequently fits a mathematical function 
to the output to predict the pigment concentration via 
continuous functions. The combined spectral ranges give 
full information of concentration ranging from 40.0 wt% 
to 1.7 × 10–3 wt% pigment loadings with a R² = 0.9773 
between calculated and predicted pigment loadings—
hence industrial in-line concentration determination over 
four orders of magnitude. The proposed method is a fast, 
non-destructive and inexpensive way for measuring the 
pigment content of plastics during recycling, providing an 
alternative to the traditional methods.
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