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1 Introduction
Due to the slow biodegradation of plastic and the increasing amount of produced mate-
rial, recycling of plastic waste is of major importance to reduce the negative impact on
the environment that an ever-growing world population causes. The versatile nature of
plastic products, however, impede the development of simple recycling technologies and
due to the low cost of virgin material as well as the reduced quality of recyclate, the
incentives for recycling are limited from an economic point of view.
This work provides an evaluation of hyperspectral image-based classification techniques.
All considered classification techniques can be separated into two groups, namely neu-
ral networks and non-neural networks. The latter group can also be seen as the more
conventional approach and comprises the quotient-based classifier [3] and the spectral
angle mapper (SAM) [4]. Neural networks on the other side originate from the field of
machine learning and are conceptually motivated by the human brain. Their goal is to
automatically learn and recognize important relationships or patterns in data.
Most notably, not only the classification of pure spectra was evaluated but also the task
of multi-material detection in mixed spectra was considered.

2 Experimental Setup
In order to evaluate the different classification techniques, a database was created. The
database consists of samples from bottle collecting facilities or from sorted waste samples
of the Department of Processing and Recycling of the RWTH Aachen University.
The process of data acquisition is visualized in Figure 1. A conveyor belt is covered
by four halogen spotlights. The conveyor is viewed by a combination of a RGB-camera
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and a hyperspectral NIR-camera, both being line scanners. Implemented image pro-
cessing algorithms allow to automatically detect items placed on the conveyor, leading
to captured image pairs for all considered samples. Each pair consists of an aligned
RGB-image and a spectral NIR-image.

Figure 1: Schematic view of the experimental setup.

In a second step, the image pairs were manually annotated based on the RGB-image
using a GUI especially designed for this task GUI, which is exemplary shown in Figure 2.
A special feature of the developed software is that it is not only possible to assign a sin-
gle material to each individual pixel, but also a second material if necessary. This is an
important aspect, since it is common for multiple materials to overlap in practice, either
because they are part of the same product, e.g. a label on a bottle, or because they
simply stack on the conveyor. If there were any uncertainties about the material an item
might be composed of, it was identified with the help of a miRoSpark spectrometer [1].
The result of the labeling software is binary encoded and stored, extending the image
pairs to become image triplets. For a better understanding, an examplary image triplet
is shown in Figure 3 .

A total amount of 13 material types, as well as occurring combinations were consid-
ered: ABS, HDPE, LDPE, OPP, PET, PP, PS, PS-E, PVC-P, PVC-U, paper, cardboard
and wood. Additionally, there is the class UNDEFINED to represent the background
or positions where the material cannot be uniquely identified.

2



Figure 2: GUI that was used for generating the ground truth

3 Evaluation of Classification Techniques
Based on the dataset, different classification algorithms were evaluated:
Starting with the most conventional approach, a quotient-based classifier [3] does not
even consider the spectral object reflectance over the entire available wavelength range,
but rather reflectance values at dedicated wavelengths, which are set in relation. Based
on the relation of such chosen wavelengths, a decision over the possibly viewed material
is made. A relation-value is computed during training for each material.
The spectral angle mapper (SAM) [4] is more sophisticated, considering actually
the entire spectral object reflectance by interpreting each reflectance as a vector in a
high-dimensional space. Using reference-vectors describing individual materials, an an-
gle between an observed spectral reflectance and all reference vectors is calculated. The
smallest angle defines the predicted material.
Following the current trend in machine learning, neural networks are capable of ex-
tracting valuable information out of arbitrary data automatically. In this work, they
are used in a supervised way, meaning they are trained using pairs of spectra and the
corresponding polymer types. A simple dense network has been used consisting of three
hidden layers of equal size. It will be called Pixel Net from now on.
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(a) RGB (b) NIR (c) Ground Truth

Figure 3: An image triplet consists of the RGB-image (a), the NIR-image, visualized
as an intensity image, (b) and the manual annotation with different colors
representing different materials (c).

Convolutional neural networks (CNN) are comparably new. They are also able to
consider contextual information. Oftentimes, individual observed spectra in recycling
are not usable, e.g. due to dirt adhesion. However, the underlying material an item
consists of does not change drastically. If the neighborhood of a dirty region is clearly
identifiable, it is safe to assume that the same material can be found under the dirt.
The CNN used within this work, in the following called Hypnet, has been proposed by
Lee et all [2]. Their network consists of one simplified inception module, two residual
learning blocks, several 1x1 convolution layers, and dropout layers.
In order to cope with the task of multi-material prediction, every combination of mate-
rials was defined as its own class. It is important to note that the amount of possible
combinations increases drastically with the amount of individual materials considered.
In our case of 13 considered materials, there are already 91 possible combinations.
In order to evaluate the different classification approaches, the entire dataset was split
into two subsets on an image level, i.e. each sample (image triplet) belongs exclusively
to either subset, a training set containing 80 % of the data or a test set containing 20 %
of the data. Neural networks require an additional validation set, which was obtained by
splitting the initial training set again in a final training set (80 %) and the validation set
(20 %). All classifiers are evaluated by applying two different metrics to their predictions
on the test set. Since the test set is completely unknown to the classifiers, it results in
a representative performance indication.
The most intuitive metric is the classification accuracy setting all pixels correctly clas-

sified in relation to the total number of pixels considered. A probably more objective
metric is the F1-score. Each of the two metrics is applied for each classifier to the predic-
tion results of those pixels of the test set associated with only a unique material, those
associated with a mixed material and, finally, the combination of both, i.e. the entire
test set. The results are displayed in Table 1.
While the quotient-based classifier hardly detects pure materials in a robust way, the
SAM performs reasonably well, especially when the simplicity of the approach is consid-
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Table 1: Examplary prediction metrics of the different classifiers

Classifier F1 pure F1 mixed F1 comb. cl. acc. pure cl. acc. mixed cl. acc. comb.
Quotient 0.21 0.11 0.18 0.21 0.00 0.16
SAM 0.81 0.51 0.72 0.81 0.00 0.63
Pixel Net 0.93 0.89 0.91 0.92 0.69 0.87
Hypnet 0.96 0.94 0.96 0.95 0.83 0.92

ered. The most severe issue of the quotient-based algorithm is the amount of 13 different
materials considered in this work. The larger the amount becomes, the closer decision
boundaries are located next to each other, leading to highly volatile results. This is
additionally complicated by the fact that some of the considered materials appear much
alike, e.g. LDPE and HDPE, not to mention mixed spectra. Also, the quotient-based
classifier as well as the SAM require dedicated preprocessing to work properly. For ex-
ample, using the derivative of the spectral object reflectances instead of the raw signals
significantly enhances the performance, which is nothing new. This operation eliminates
potential offsets which can be caused by changes in illumination or a different thickness
of the material.
A correct preprocessing is not of such a great importance for neural networks, since
these preprocessing steps are captured in the learning process. It can also be said that
both the Pixel Net, as well as the Hypnet, heavily outperform the more conventional
algorithms, with the Hypnet being superior.
A very important metric neglected so far is the runtime. While the quotient-based clas-
sifier does not perform too well in comparison with the other algorithms, it is still the
fastest one. The opposite argument can be made for the neural networks. The Pixel Net
classifies 1 m2 of wastestream in 3 seconds, while still having an impressive prediction
performance. The HypNet takes around 20 seconds for the same area, but it does have
the best prediction performance.

Manual annotation of large data sets is an extremely time consuming task, especially
with mixed spectra. Additionally, the combinatorial complexity becomes quickly too
high for mixed spectra. It has been evaluated whether the Hypnet is able to detect
mixed spectra when only known unique spectra are available. In the most trivial case,
the network is trained on the pure spectra only. The result can be seen in in the
second row of Table 2. While the prediction quality of pure spectra remains untouched,
the potential detection of mixed spectra suffers tremendously. Thus, a linear model
was used to simulate the creation of mixed spectra, which are subsequently added to the
training set. The first row of Table 2 displays the results, which are extremely promising,
especially considering the simplicity of the used linear model. While the quality of the
detection of pure spectra decreases a little, the classification of mixed spectra increases
drastically. Using a more advanced model to simulate the creation of mixed spectra is
likely to lead to even better classification results, both for mixed and pure spectra.
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Table 2: Prediction metrics of the Hypnet for training with (1) and without (2) artifi-
cially created data, when only pure spectral object reflectances are available

config. F1 pure F1 mixed F1 comb. cl. acc. pure cl. acc. mixed cl. acc. comb.
1 0.89 0.82 0.86 0.77 0.56 0.72
2 0.91 0.61 0.81 0.84 0.10 0.67

4 Conclusion
A novel database consisting of annotated hyperspectral object reflectances in the NIR
wavelength range of typical plastic waste has been created. The most noticeable feature
is the existence of a variety of annotated mixed spectra. It has been analyzed how
well neural networks cope with the task of pure and mixed spectra classification. Their
capability to accurately generate dense label-maps for pure as well as mixed spectra has
been demonstrated, even for chemically similar materials.
Furthermore, the possibility to deduce the individual components of a mixed spectrum
having only knowledge about the appearance of pure spectra was investigated. This
approach could greatly reduce the amount of manual ground truth annotation that is
required to establish a database of sufficient size.

References
[1] I. D. T. S. e. K. mirospark - combined device for plastic identification. http:

//www.iosys-seidel.de/en/pdf-en/mIRospark-Handout-e2.pdf(2017/04/04).

[2] H. Lee and H. Kwon. Contextual deep cnn based hyperspectral classification. 2016.

[3] H. Masoumi, S. M. Safavi, and Z. Khani. Identification and classification of plastic
resins using near infrared reflectance spectroscopy. International Journal of Me-
chanical, Aerospace, Industrial, Mechatronic and Manufacturing Engineering Vol:6,
2012.

[4] S. Rashmi, A. Swapna, S. Venkat, and S. Ravikiran. Spectral angle mapper algorithm
for remote sensing image classification. IJISET–International Journal of Innovative
Science, Engineering & Technology, 50(4):201–205, 2014.

6

http://www.iosys-seidel.de/en/pdf-en/mIRospark-Handout-e2.pdf
http://www.iosys-seidel.de/en/pdf-en/mIRospark-Handout-e2.pdf

	Introduction
	Experimental Setup
	Evaluation of Classification Techniques
	Conclusion

