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ABSTRACT

Biobased plastics are often seen to be an environmentally friendly alternative to
conventional plastics, with their share, though being less now, is gradually increas-
ing. This necessitates that the waste management of these possibly eco-friendly
materials is also at par with their growth. Near-infrared (NIR) sorting is an effective
waste sorting technology and is already widely used for conventional plastics. Thus,
it would be imperative to analyse whether this effective existing infrastructure could
also be successfully used to sort bioplastic. In the present study, the lab-scale NIR
sensor-based sorting system in Montanuniversitdt Leoben was used to analyse poly-
lactic acid (PLA) in three sets of experiments. First, the spectra of 7 conventional
plastics were compared to that of virgin PLA and it was found that PLA has a distinct
spectrum and should ideally be detected from a mixed plastic fraction. Second, it
was assessed whether different grades and thicknesses of virgin PLA samples pro-
duced different spectra and it was found that there is a slight difference in the inten-
sities without any wavelength shift of the recognizable peaks. Lastly, the detection
of 10 PLA product samples was tested using the NIR recipe of a virgin PLA. It was
observed that the samples were successfully detected and blown out as PLA for
all the conducted trials. Additionally, it was also seen that an appropriate backlight
setting is important to be able to correctly sort the transparent PLA products in the
used chute-type sorter.

1. INTRODUCTION

Biobased plastics are often seen as an environmen-
tally friendly alternative to conventional plastics with an
important role in fighting the problem arising from plastic
pollution of the environment (Calabrdo & Grosso, 2018).
Biobased non-biodegradable plastics (e.g. biodegrada-
ble polyethylene terephthalate (bio-PET)), also known as
drop-in plastics, could be recycled in conventional plastic
recycling plants. However, bio-based biodegradable plas-
tics (hereafter referred to as bioplastics) have a different
fate. They are mostly incinerated, as due to their still very
small share in lightweight packaging waste no recycling
route has been established yet. Although incineration of
bioplastics is characterized by carbon neutrality (Lorb-
er et al., 2015), the waste hierarchy prefers recycling (EU
Waste Framework Directive, 2008). As the market share of
bioplastics today is expected to grow dynamically in the
coming years (Briassoulis et al., 2020), the investigation of
recycling options for bioplastics is highly promising.

With a vast existing infrastructure available for plastic
waste management, it is imperative to analyse whether the
same could be used for bioplastics and what level of chang-

es would be required to allow the recycling of bioplastics.
Within this study, the suitability of the existing sorting in-
frastructure for the processing of bioplastic waste was as-
sessed. For this purpose, NIR sorting technology, which is
a widely used plastic sorting technology material (Bonifazi
etal., 2021; Helena Wedin et al., 2017; G. Koinig et al., 2022;
Gerald Koinig et al., 2022; Zhu et al.,, 2019), was used to
check the sortability of bioplastics.

NIR sensor-based sorting technology is based on the
principle of spectroscopy, where the absorption of elec-
tromagnetic radiation in the NIR region (700 to 2500 nm),
due to the vibration of the chemical bonds at a particular
wavelength produces a signature spectrum for a particu-
lar material (Helena Wedin et al., 2017; Zhu et al., 2019). A
NIR sorting system uses a NIR spectral database which is
prepared based on appropriate waste samples. Rani et al.
(2019) prepared a NIR spectral database from a large num-
ber of plastic waste samples from a waste recycling plant,
which was then used for testing the sorting of 5 conven-
tional plastic fractions with a miniature NIR spectrometer.
Also, Helena Wedin et al. (2017) used four market-availa-
ble NIR sorters to sort textile post-consumer waste. They
used an existing NIR database as well as created a new
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one for their analyses. Wu et al. (2020) conducted a test
to see whether using only virgin materials to teach their
sorter could sort the waste electrical and electronic equip-
ment plastic waste, and concluded that the detection was
improved when they used a dataset equipped with virgin
as well as actual product spectra information. Pre-process-
ing of the data is a crucial step in NIR spectroscopy, which
is prone to light scattering (J. Huang et al., 2010; Rinnan,
Ngrgaard, et al., 2009; Rinnan, van Berg, & Engelsen, 2009).
The main function of pre-processing step is to ensure that
the resulting spectra adhere to the Beer-Lambert law men-
tioned in the following section; in other words, the absorb-
ance should be directly proportional to the concentration of
the absorbents, sample thickness, and molar absorptivity
(Masoumi et al., 2012). NIR spectroscopy combined with
optimum pre-processing techniques, spectra repeatability
& classification of certain plastics were improved (Zhu et
al., 2019).

With a near-infrared hyperspectral image system (NIR-
HIS), the spectral data is obtained as a set of hyperspectral
images (or a spectral hypercube), where each image repre-
sents a spectral band or a narrow range wavelength (Amigo
etal., 2015; Manley, 2014). Chemometric techniques, which
enable the extraction of multivariate information from the
data (Amigo et al., 2015), along with the NIR spectroscopy
are well established for plastic waste sorting (Neo et al.,
2022; Rani et al., 2019; Rodarmel & Shan, 2002; Wu et al.,
2020). Zheng et al. (2018) used NIR-HIS along with PCA
to successfully characterize and sort acrylonitrile butadi-
ene styrene (ABS), polystyrene (PS), polypropylene (PP),
polyethylene (PE), polyethylene terephthalate (PET), and
polyvinyl chloride (PVC). NIR-HIS combined with partial
least squares based rigorous classification models were
used to successfully sort HDPE and PP by Pieszczek and
Daszykowski (2019). Serranti and Bonifazi (2018) applied
short wave infrared hyperspectral imaging system (SWIR-
HIS) & hierarchical partial-least squares discriminant anal-
ysis (PLS-DA) for investigating PP, low-density polyethyl-
ene (LDPE), high-density polyethylene (HDPE), PS and PVC
waste. NIR-HIS spectral data of polyolefins from building &
construction waste was analysed by Serranti and Bonifazi
(2018) using PCA. Ghasemzadeh-Barvarz et al. (2014) suc-
cessfully used multi-variate image analysis with NIR-HIS to
inspect multi-layer films.

PLA, when used for bottle application is similar in den-
sity and appearance to PET; therefore, NIR analyses of the
two are widely conducted in the literature. NatureWorks,
a PLA manufacturing company, successfully tested the
sortability of PLA (Ingeo™) from PET bottles (Niaounakis,
2019). Similar tests were conducted using NatureWorks
PLA bottles by Primo waters with positive results on NIR-
based sortability (Mdiller et al., 2014). It was also con-
cluded by Handschick et al. (2012) that it is possible to
separate PLA from PET and PP bottles using NIR sorting
methodology. However, PLA presence was also seen to
contaminate the recycling streams of some conventional
plastic streams (Alaerts et al., 2018; Gere & Czigany, 2019;
Hahladakis & lacovidou, 2018, 2019). On the other hand,
Ulrici et al. (2013) concluded that it is possible to recog-

nize PET and PLA using NIR-HIS plus PLS-DA. Chen et al.
(2021) determined that PLA cups could be sorted out from
a combined fraction with conventional plastics (HDPE, PP,
PET, and PS). Additionally, they also analysed the effect of
degradation on the sortability of PLA from this mixed frac-
tion. Cao and Sharma (2013) confirmed that it is possible
to distinguish PLA using NIR, successfully supported by
applicable chemometric methods.

Thus, it can be seen that PLA trials on NIR sorters
were mostly conducted with PLA bottles, cups, or fib-
ers; but there are other kinds of products available in the
market (e.g. packaging films, containers). The present
paper focuses on analyzing the use of NIR sensor-based
sorting equipment present in Montanuniversitat Leoben
(MUL) for addressing the following research questions
with PLA:

Does the PLA spectrum significantly differ from that of
the seven conventional plastics considered?

A comparison between PLA and conventional plastics,
which were not considered so far, was conducted.
How does a change in grade and thickness affect the
PLA spectrum?

A visual comparison was conducted to answer the
question, as well as answering the question.

Can PLA products be detected using a recipe made
from virgin PLA?

Here, the detection and ejection of PLA products based
on the virgin PLA recipe were observed, with an addi-
tion of an interesting observation.

1.1 List of abbreviations

ABS: Acrylonitrile butadiene styrene

HDPE: High density polyethylene

LDPE: Low-density polyethylene

LLDPE: Linear low-density polyethylene

NIR: Near infrared

NIR-HIS: Near infrared hyperspectral image system
PCA: Principal component analysis

PC: Principal component

PE: Polyethylene

PET: Polyethylene terephthalate

PLA: Polylactic acid

PLS-DA: Partial-least squares discriminant analysis
PP: Polypropylene

PS: Polystyrene

PVC: Polyvinyl chloride

SWIR: Short wave infrared

TPU: Thermoplastic polyurethane

VIS: Visual spectroscopy

2. MATERIALS AND METHODOLOGY
2.1 Samples for experiments

For conducting the experiment three different types of
samples were used.

2.1.71 Conventional plastic samples

Seven conventional plastic materials (Figure 1 Part
A) - high-density polyethylene (HDPE), polyethylene tere-
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TABLE 1: PLA product sample information.

Sr. No. Picture of Sample Sample Name Source Quantity Colour
1 - Lid-Cup 1 Compostable packaging manufacturer 1 Matt white
2 Cup 1 Compostable packaging manufacturer 1 Transparent
3 Cup 2 Compostable packaging manufacturer 1 Transparent
4 Cutlery 1_Knife Compostable packaging manufacturer 1 Matt white
5 Container 2 Compostable packaging manufacturer 1 Transparent
6 Cutlery 2_Spoon Compostable packaging manufacturer 1 Matt white
7 Lid-Container-Takeaway Restaurant 1 Transparent
8 Yellow Face Shield 3-D print lab 1 Yellow
9 White Design 3-D print lab 1 White
10 - Green Bottle Opener Private collection 1 Green

Part A

PartB

FIGURE 1: Samples for experiments, Part A — virgin conventional plastics and PLA, Part B - virgin PLA material.
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phthalate (PET), low-density polyethylene (LDPE), linear
low-density polyethylene (LLDPE), thermoplastic polyu-
rethane (TPU), polypropylene (PP), and polyvinyl chloride
(PVC); were obtained from Polymer Science Department
(Montanuniversitat Leoben, Austria).

2.1.2 PLA samples for creating a recipe

Virgin PLA samples of two different grades and thick-
nesses (1 mm and 2 mm each) were used for this exper-
iment. These samples (size 20 mm x 30 mm) were 3D
printed by Polymer Science Department (Montanuniversi-
tat Leoben, Austria) using the virgin PLA material procured
from NatureWorks and Total Corbion. Below are details
about the two different grades (Figure 1 Part B):

PLA 4043 - Ingeo™ Biopolymer 4043D, manufactured by
NatureWorks.

PLA L175 - Luminy® L175, manufactured by Total Cor-
bion.

2.1.3 Samples for testing recipe

A total of 10 samples were used for testing the reci-
pe and were obtained from four different sources. Out of
the 10 total samples, 6 were ordered from a compostable
packaging manufacturer, 2 were failed prints from the 3-D
print lab FabLab (Leoben, Austria), 1 takeaway container
from a restaurant, and 1 from a private collection. Table 1
shows the list of the samples with all the important infor-
mation. The six samples from the packaging manufactur-
er were made of two different materials (biofutura, 2021);
CPLA (Lid Cup 1, Cutlery 1_Knife, Cutlery 2_Spoon) which
consisted of chalk mixed with PLA giving it a matt-white
colour, and pure PLA (Cup 1, Cup 2, Container 2).

2.2 Equipment used

Experiments were conducted for PLA bioplastic using a
lab-scale sensor-based sorting equipment (Binder+Co AG
equipped with EVK Helios NIR G2-320, Hyperspectral Imag-
ing System 930 - 1700 nm wavelength range - Friedrich et
al., 2022). The hyperspectral imaging camera has a spatial

resolution of 312 effective pixels and a frame acquisition
speed of 500 Hz at 216 spectral pixels. The system has
a Halogen lamp HelLn Dr. Fischer 15026Z with a reflector
(800 W) as the NIR light emitter. Based on the technical de-
tails of the lamp, the beam angle was “focus point” and the
working distance of the hyperspectral camera is approxi-
mately 85 cm (measured manually on the instrument, as no
technical details are available). The mean spectra and their
variation for the mentioned samples were calculated using
the clustering (Class32) method in EVK Helios Optimizer
Sqalar software (Version 4.6.2019.2). The sensor-based
sorting machine with the chute-type NIR setup used is
shown in Figure 2 below. The sample material reflects the
emitted NIR light which is captured by the hyperspectral
imaging camera. Based on the data from this camera and
the chosen settings, the control unit decides whether the
material is to be sorted or not. Once the “to-be-sorted”
signal is given by the control unit, the material is located
with help of the detected ‘absence of light' of the material
against the backlight captured by the visual spectroscopy
(VIS) camera and is then blown out (or ejected) by the air
nozzle activated at the detected location. The sensor setup
is shown in Figure 2 below.

The experiments were performed by selecting the fol-
lowing pre-processing settings on the Sqalar software —
spatial correction, intensity calibration, bad pixel replace-
ment, noise suppression, 1st derivative, smoothing, and
normalization. A threshold setting of 105 was selected for
all three experimental analyses. Threshold instructs the
software on which bandwidth of the spectra should be con-
sidered to detect the material. A maximum threshold will
result in the machine erroneously detecting a sample as
the wrong material. On the other hand, a minimum thresh-
old will make it difficult for the machine to detect anything.

There are two main steps of working with the sorter,
namely creating the recipe, where the sorter is taught the
NIR spectra of a particular material and then testing the
created recipe, i.e. the sample of the taught material is then
detected and ejected. For each of the samples, 6 points on

Legend
Chute

[ N

VIS Camera

. Control unit
. Backlight
9. Airnozzle
10. Splitter

© N

. Conveyer belt

. Sample material
. NIRlight emitter
. Hyperspectral imaging system &

. VIS light emitter

11. Not sorted out fraction
12. Sorted out fraction

FIGURE 2: Sensor-based sorting machine at Montanuniversitaet Leoben (Left) and NIR sensor set-up (Right).
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the data cube were selected (by avoiding the edge effects)
to obtain a mean spectrum, while creating the recipe (a first
step above).

2.3 Experiments

Three experiments were conducted to answer the cho-
sen research questions.

Comparing virgin PLA and conventional plastics spec-
tra: The spectra of 7 conventional plastics and virgin
PLA material were analysed using the NIR-based sorter.
Comparing different grades and thicknesses of virgin
PLA samples: The spectra of different grades and thick-
nesses of virgin PLA material were analysed to identify
differences in the spectra due to a change in grade and
thickness. Ideally, due to the Beer-Lambert law, the ab-
sorption should change in relation to the sample thick-
ness, as the absorption is directly proportional to the
sample thickness (Masoumi et al., 2012).
Testing detection of PLA product samples using virgin
PLA recipe: Two sets of experiments were conducted.
In the first set, spectra of each of the 10 samples were
compared to the virgin PLA spectrum, for which Luminy
L175 (1 mm thickness) was used. In the second set,
the NIR recipe from Section 2.3.1 with a comparison
between conventional plastic and the L175 (1 mm) PLA
was used to test whether the 10 PLA product samples
are detected & ejected as PLA. Here two different sub-
sets of experiments were conducted, with 10 trials for
each-
- Sequence - here, the 10 samples were scanned in
sequence as in Table 1.
- Product repetition — here, each of the 10 samples
was scanned 10 times, before moving to the next
product.

The reason for doing this was to check whether the
method of scanning the samples would affect the detec-
tion results in any way. For both the experiments, con-
ventional plastics were also passed through the sorter to
check whether any of them were falsely detected as PLA.

3. RESULTS AND DISCUSSION

3.1 Comparison between conventional plastic and
PLA

Figure 3 (a) shows the smoothened and normalized
first derivatives of the spectra of the 7 conventional plas-
tics and PLA. As can be seen, PLA has a distinct spectrum
from the other 7 conventional plastics. The diagnostic fea-
tures for PLA are observed in the three selected ranges:

Range 1 (nm) — 1123 to 1205.
Range 2 (nm) - 1339 to 1402.
Range 3 (nm) - 1602 to 1677.

Figure 3 (b) also shows the spectra with only PLA in
view and other spectra in grey, to better understand the
variation of the PLA spectrum with respect to that of the
7 conventional plastics. As seen PLA has a different spec-
trum than the 7 conventional plastics.

3.2 Comparison between different grades and thick-
ness of PLA

For this comparison, the normalization setting in the
Sqalar software was turned off to compare the two spectra
visually. With the normalization setting, the Sqalar software
normalizes each spectrum with its maximum peak; thus,
the resulting pre-processed spectrum does not represent
the correct change in intensities.

Figure 3 (c) shows the processed spectra of PLA of
two different grades and thicknesses. It can be observed
that the intensities of the recognizable peaks increase with
increasing thickness, but the wavelengths where these
peaks occur remain constant. This result is in line with the
Beer-Lambert law of spectroscopy, which states that the
absorption is directly proportional to the thickness of the
samples (Masoumi et al., 2012). It is also interesting to
note that both the PLA grades of T mm have mostly similar
intensities; however, the ones with 2 mm are significantly
different. However, this does not affect the detection and
ejection of PLA of different thicknesses. The following
three ranges were selected for the analysis:

Range 1 (nm) - 1092 to 1167.
Range 2 (nm) - 1311 to 1517.
Range 3 (nm) - 1586 to 1677.

Additionally, a principal component analysis was con-
ducted using MATLAB and it showed that the comparisons
were separable. Figure 4 (a) shows a PCA loading plot and
3D PCA scatter plot for comparison between two different
grades (L175 and 4043) and Figure 4 (b) for two different
thicknesses of the same grade (4043 Tmm and 2mm). The
results showed that the comparisons are separable with
almost 100% of variance as illustrated by the first princi-
pal component. However, it is important to note that this
PCA is only limited to highlighting the difference using the
first component and does not reflect on the sorting of the
materials.

3.3 Testing the created recipe with PLA product
samples

3.3.1 Comparing virgin PLA spectrum with PLA product
sample spectrum

The spectra of the 10 PLA products were observed for
three ranges of wavelengths and for 10 selected regions
with preprocessing settings of 1st derivative, smoothing,
and normalization.

Range 1 (nm) - 1114 to 1267.
Range 2 (nm) - 1370 to 1414.
Range 3 (nm) - 1502 to 1543.

Since all 4 virgin PLA samples have the same recogniz-
able peaks with varying intensities, Luminy L175 (1 mm)
was selected as the virgin PLA sample to teach the sorter.
The selected three ranges and the 10 regions on the spec-
tra (A to J) are shown in Figure 5 on the spectrum of Lu-
miny L175 (1 mm). Each product’s spectrum was observed
for the selected 3 ranges and 10 regions, and it was seen
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FIGURE 3: (a) Comparison between PLA and conventional plastic spectra; (b) Distinguishing PLA from conventional plastic spectra; (c)
Comparison between spectra of different grades and thicknesses of PLA.
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FIGURE 4: (a) Comparing different grades of PLA: PCA loading plot, PC1 — first principal component (Left) and PCA 3D scatter plot (Right);
(b) Comparing different thicknesses of PLA: PCA loading plot, PC1 - first principal component (Left) and PCA 3D scatter plot (Right).
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FIGURE 5: Virgin PLA Luminy L175 (1 mm) spectrum with 10 selected regions with the corresponding wavelengths (in the box) selected
for analyses along with the three selected ranges.
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FIGURE 6: (a) Comparison between virgin PLA and Lid-Cup 1 product spectra; (b) Comparison between PLA sample product and virgin
PLA spectra.
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plot (Right).
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FIGURE 8: Comparison between Chalk, Knife (CPLA Product), and virgin PLA spectra.

that the spectrum either produced a shift of the wavelength
at which the diagnostic peak was present or had a different
shape of a spectrum than the virgin PLA.

For example, Figure 6 (a) shows a comparison between
the spectrum of virgin PLA L175 (1 mm) and the Lid-Cup 1
PLA product sample. It can be seen that there is a wave-
length shift in the region A, D & |, one match at F, and differ-
ent shapes of the spectrum at C & H. It was assumed that
the difference in the spectra between the virgin PLA and
the PLA product was due to the presence of certain fillers
and additives.

A visual comparison between the spectra of every prod-
uct with virgin PLA for the 10 selected regions (Figure 5)
was conducted and it was observed that the most common
variation was with respect to a wavelength shift, which is
illustrated in Figure 6 (b). It was noticed that the CPLA ma-
terial samples (Lid-Cup 1, Cutlery 1_Knife, Cutlery 2_Spoon)
resulted in different shapes of the spectrum at points C and
H - Figure 6(a). The principal component analysis (PCA),
conducted with the virgin PLA and PLA products, showed
that the comparisons were separable. Figure 7 shows a
PCA loading plot and 3D PCA scatter plot for comparison
between virgin PLA L175_1 mm and Lid-Cup 1. The results
showed that the comparisons are separable with almost
100% of variance as illustrated by the first principal compo-
nent. However, it is important to note that this PCA is only
limited to highlighting the difference using the first compo-
nent and does not reflect on the sorting of the materials.

Additionally, the variation in spectra of the 10 samples
was also observed for the 3 selected ranges. It was ob-
served that range 2 mostly had a different shape of the
spectrum than that of the virgin PLA. One of the possible
reasons was due to the presence of chalk in the CPLA ma-
terial (biofutura, 2021) for 3 of the 10 samples (Lid-Cup 1,
Cutlery 1_Knife, and Cutlery 2_Spoon).

A chalk sample, obtained from a classroom, was used
to see if there was any similarity between the spectrum of
chalk and the product. From Figure 8 comparing the spec-
tra of chalk, knife (CPLA material), and PLA Luminy L175 (1

mm), it can be seen that the chalk spectrum differs from
the other two materials, except at 1384 nm wavelength. In
wavelength range 2, where the CPLA spectrum differs from
the virgin PLA spectra, there is a similar recognizable peak
in the chalk and CPLA spectra (at 1384 nm - violet mark in
Figure 8). Thus, it can be concluded that the different peak
is due to the presence of chalk (CaCO,).

3.3.2 Testing sortability of PLA product samples using vir-
gin PLA recipe

The NIR recipe of section 3.1 (Conventional plastics
and PLA) was used to check if the PLA products could be
detected & blown out with the air nozzle, based on a vir-
gin PLA recipe. Thus, even if the PLA products were having
slightly different spectra than the virgin PLA (section 3.3.1),
for the selected three ranges the PLA products were suc-
cessfully detected as PLA. However, it was also found that
the ejection of the products was influenced by the back-
light settings.

It was observed that not all the PLA products were sort-
ed out as PLA. For example, 3 PLA products (Cup 1, Cup 2,
and Container 2) out of the 10, were not sorted out for all 20

ACTUAL

True Positive False Positive

155 0

False Negative True Negative

PREDICTED

45 140

FIGURE 9: Confusion matrix depicting results of the 20 sorting
trials.
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TABLE 2: Calculated values for evaluation measures in confusion matrix; True Positive (TP) = 155, True Negative (TN) = 140, False Nega-

tive (FN) = 45, False positive (FP) = 0.

Indicator Formula Calculated Value

Recall TP/(TP+FN) 155/(155+45) = 77.5%

Accuracy (TP+TN)/(TP+TN+FP+FN) (155+140)/(155+140+0+45) = 86.76%
Precision TP/(TP+FP) 155/(155+0) = 100%

Sensitivity TP/(TP+FN) 155/(155+45) = 77.5%

Specificity TN/(TN+FP) 140/(140+0) = 100%

trials (for both Experiments | and I1). A confusion matrix was
prepared to present the results of the sorting experiments,
where the two classes considered were PLA and conven-
tional plastics (Figure 9). The confusion matrix was created
based on the observed performance of the 10 PLA prod-
ucts & 7 conventional plastics — whether they were eject-
ed or not using the virgin PLA recipe. The confusion matrix
was manually formulated, without using machine learning.
Considering the total 340 units (200 units for 20 trials of 10
PLA products (Section 2.3) and 140 units for 20 trials for 7
conventional plastics), for a sorter setting to sort out virgin
PLA, the following results were obtained: 155 True Positives
(when PLA was sorted out), 45 False Negatives (when PLA
was not sorted out), 140 True Negatives (when convention-
al plastics were not sorted out as PLA) and 0 False Posi-
tives (when conventional plastics were sorted out as PLA).

Not blown

Using these values the relevant evaluation measures were
calculated and are presented below in Table 2 (Kotu & Desh-
pande, 2018; Saito & Rehmsmeier, 2015).

After observing the output in Sqalar software, it was
found that the above results were obtained with a backlight
intensity of 20%. And that all 10 products were detected as
PLA for all 20 trials (for both Experiment | and Il); howev-
er, 3 PLA products (Cup 1, Cup 2, and Container 2) out of
the 10, were not blown out by the air nozzle. Figure 10 (a)
shows the products which were blown out in one of the tri-
als along with their respective false colour images in Sqalar
software — orange colour denoting virgin PLA (see Figure 8).
In Experiment | (Sequence), Cup 1 was blown out 5 out of 10
times, Cup 2 was ejected 2 out of 10 times and Container
2 was not ejected at all. On the other hand, in Experiment
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FIGURE 10: (a) Products blown out with the virgin PLA recipe (Top-right) and products which were not blown out (Top-left) at 20% back-
light intensity, with their respective false colour images (Below); (b) Effect of backlight intensity on transparent PLA product ejection.
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Il (Product repetition), Cup 1 was blown out for 8 out of 10
trials, whereas Cup 2 and Container 2 were not blown out.

After obtaining the results, another experiment was
conducted to see if reducing the backlight intensity influ-
ences the ejection of the 3 PLA products (Cup 1, Cup 2,
and Container 2). It was observed that the ejection of these
3 PLA products was gradually improved as the backlight
intensity was reduced. Experiment | was repeated with the
3 PLA products at intervals of 5 of backlight intensity from
20 to 5%. It was observed that at 5% backlight intensity all
the 3 products were blown out all 10 times. Additionally, it
was found that 9% is the maximum backlight intensity at
which all the 3 products were correctly blown out as PLA
all 10 times. These results are illustrated in Figure 10 (b).
The reason for this behavior is that since the three materi-
als are transparent, all the backlight is transmitted through
these products; thus, producing no ‘absence of light’ and
making it difficult to identify the location of the detected
product (section 2.2). So, it could be said that even though
the product was detected as PLA - Figure 10 (a), it could
not be shot out because of the inability of the system to
identify its location, causing the non-functioning of the air
nozzle. As a result, the ejection improved once the back-
light intensity was reduced - Figure 10 (b). This led to the
recall, accuracy, and sensitivity of 100%.

4. CONCLUSIONS

Sorting experiments conducted using the lab-scale
chute type NIR sorting system in MUL with virgin polymer
materials showed that PLA has a distinct spectrum than
HDPE, PET, LDPE, LLDPE, TPU, PP, and PVC - Figure 3 (a)
and (b); and thus, could be ideally sorted out from a mixed
plastic fraction.

The change in grade and thickness of virgin PLA re-
sulted in varying intensities of the spectra. However, there
was no observed shift in the wavelengths of the diagnostic
peaks. This result was in line with the Beer-Lambert law
which states that the absorption is directly proportional to
the sample thickness.

It was also seen that the spectra of the PLA products
varied from that of the virgin PLA mostly with a shift in
wavelength and a difference in the shape of spectra, due to
some fillers like calcium carbonate. But this effect doesn't
affect the detection and the ejection of these products by
the NIR sensor-based sorting equipment. Also, with prop-
er backlight intensity setting all 10 PLA product samples
were detected & blown out using the NIR recipe created
from the virgin PLA material; thus, improving the values of
recall, accuracy, and sensitivity of the confusion matrix.
The backlight intensity particularly affected the transpar-
ent PLA products (Cup 1, Cup 2, and Container 2), whereas
the other products were easily detected & ejected with the
highest selected backlight setting of 20%. Thus, it was ob-
served that an appropriate backlight setting (in the used
chute-type sorter) is important to be able to correctly sort
the transparent PLA products.
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