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Key Points:

« Lab-based hyperspectral imagery used in classifier algorithms can detect plastics
in natural environments with accuracies up to 93.6%.

+ Spectral Angle Mapper (SAM) algorithms are most robust for plastic pixel detec-
tion in challenging dynamic environmental conditions.

« The hyperspectral dataset we present can be used on multiple scales, supporting

the design of new equipment and future satellite missions.
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Abstract

Plastic pollution in aquatic ecosystems has increased dramatically in the last five decades,
with strong impacts on human and aquatic life. Recent studies endorse the need for in-
novative approaches to monitor the presence, abundance, and types of plastic in these
ecosystems. One approach gaining rapid traction is the use of multi- and hyperspectral
cameras. However, most experiments using this approach were in controlled environments,
making findings challenging to apply in natural environments. We present a method link-
ing lab- and field-based identification of macroplastics using hyperspectral data (1150~
1675 nm). Experiments using riverbank-harvested macroplastics were set up in a lab-
oratory environment, and on the banks of the Rhine River. Representative pixel selec-
tions of eleven lab-based images (n = 786,264 pixels) and two field-based images (n =
40,289 pixels) were used to analyse the differences between these environments. Next,
classifier algorithms such as support vector machines (SVM), spectral angle mappers (SAM)
and spectral information divergence (SID) were applied, because of their robustness to
varying light conditions and high accuracies in mapping spectral similarities. Our results
showed that SAM classifiers are most robust in separating plastic pixels from background
elements. By applying lab-based data for plastic detection in field-based images, user
accuracies for plastics to up to 93.6% (n = 8,370 plastic pixels) were attained. This study
provides key fundamental insights in linking lab-based data to plastic detection in the
field. With this paper we aim to contribute to the development of future spectral mis-

sions to detect and monitor plastic pollution in aquatic ecosystems.

1 Introduction

Plastic pollution in aquatic ecosystems has increased drastically in the last decades,
with strong impacts on human and aquatic life. Recent estimates suggest 19-23 million
metric tonnes of macroplastic enter aquatic ecosystems, of which 0.8-2.7 million metric
tonnes enters the oceans through rivers annually (Borrelle et al., 2020; Meijer et al., 2021).
Therefore, there is a need for innovative approaches to monitor the presence and abun-
dance of plastics in aquatic ecosystems (Maximenko et al., 2016; van Emmerik et al., 2018).
An approach gaining rapid attention in the remote sensing community is multispectral
or hyperspectral imaging of plastics. Hyperspectral imaging of plastics is key to better
understand plastic-specific detection features and the subsequent design of new moni-

toring instruments (Tasseron et al., 2021; Garaba et al., 2020). Subsequently, these tech-
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niques offer potential for upscaling and harmonization plastic monitoring across aquatic

ecosystems.

Recent studies have shown plastics are characterised by unique spectral reflectance
signatures in the near infrared (NIR) to shortwave infrared (SWIR) part of the electro-
magnetic spectrum, especially in the 1100 — 1700 nm range. Most of the studies focused
on characterising the reflection signatures in controlled environments of virgin plastics
(Tasseron et al., 2021; Mehrubeoglu et al., 2020; Bonifazi et al., 2018; Moroni et al., 2015;
Moroni & Mei, 2020), marine or riverbank-harvested plastics (Goddijn-Murphy & Du-
faur, 2018; Karlsson et al., 2016; Corbari et al., 2020), or a combination of virgin plas-
tics and harvested plastics (Garaba et al., 2021; Garaba & Dierssen, 2020; Knaeps et al.,
2021; Serranti et al., 2018; Moshtaghi et al., 2021). Ounly few experiments with hyper-
spectral imaging systems to detect macroplastics have been performed in aquatic envi-

ronments (Garaba et al., 2018; Balsi et al., 2021; Cocking et al., 2022).

Therefore, it is imperative to understand how laboratory experiments or experi-
ments in controlled environments relate to measurements in natural aquatic ecosystems.
As the number of multispectral and hyperspectral reference databases and libraries is
increasing (e.g. (Tasseron et al., 2021; Garaba & Dierssen, 2020; Knaeps et al., 2021)),
the potential for their usage in identification and detection of plastics in aquatic ecosys-
tems is growing. Goddijn-Murphy and Dufaur (2018) evaluated plastic identification al-
gorithms for a field experiment and laboratory measurements. They concluded many fac-
tors such as the plastic polymer composition, transparency, shape, surface roughness and
lighting conditions to affect the correlation between reflectance patterns in the field and
laboratory experiments. In addition, Martinez-Vicente et al. (2019) argued it is a chal-
lenge to confirm to what extent reflection characteristics observed in a laboratory can

be used for detecting floating macroplastics in aquatic ecosystems.

It is currently unclear to what extent hyperspectral imaging of plastics in controlled
environments is useful for detecting and identifying floating plastics in rivers and on river-
banks. Yet, the potential of multispectral and hyperspectral imaging for plastic detec-
tion is high (Goddijn-Murphy & Dufaur, 2018; Balsi et al., 2021; Huang et al., 2021).
Therefore, this study develops insights in linking lab- and field-based hyperspectral meth-
ods for identification of macroplastics. First, an assessment of the reflectance patterns

in natural aquatic ecosystems is made to understand how plastic signatures behave in
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these environments. Second, a direct comparison with reflectance of plastics in a con-
trolled is made to assess the differences and how these can be managed in a classifier.
Lastly, an indication of the accuracy for using lab-data to classify field images is given,
to enhance the potential of former lab-studies for future field detection and monitoring
of macroplastics. With this paper, we aim to bridge the gap between experiments in con-
trolled and natural environments. The usage of existing lab- data and methods for nat-
ural environments could accelerate the harmonization of plastic monitoring in polluted

aquatic environments.

2 Methods
2.1 Riverbank-harvested plastic samples

In this study, riverbank macrolitter was harvested from two different locations for
the hyperspectral imaging in both environments. For the controlled environment, the
items were harvested from the north Riverbank of the Rhine River near Rhenen (51°57°12.6”N
5°34’31.5”E), in a 100 meter (parallel to river) by 25 meter sampling area. These items
were collected as part of the riverbank litter monitoring programme “Clean Rivers” (Reinders
& Land-Zandstra, n.d.). After categorisation based on the River-OSPAR protocol as ap-
plied in van Lieshout et al. (2020), all litter items were scanned floating in water using
a VIS-SWIR (400-1700 nm) double-camera setup as described in Tasseron et al. (2021).
For this study, only the NIR-SWIR range (1150 — 1675 nm) was used for all analyses.
In total, 78 items were scanned, consisting of 58 plastic items and 13 aluminium items
(Fig. la-d). The remaining eight items are a miscellaneous collection of paper, rubber

and glass which were not used in subsequent analyses.

For the hyperspectral imaging in a natural aquatic environment, plastic litter items
harvested in a 100 meter by 5 meter area from the Meuse riverbank near Griendpark,
Maastricht (50°51’15.5”N 5°41°50.0”E) were used. These items were collected as part of
a floating macroplastic monitoring programme “Pilot monitoring floating litter and macroplas-
tics in the Dutch Rhine and Meuse rivers” (van Emmerik & de Lange, 2022). In total,

26 plastic items were arranged in a wooden frame (Fig. 1le). This collection consists of
a variety of hard plastics (high-density polyethylene (HDPE), polypropylene (PP)), soft
plastics (low-density polyethylene (LDPE)), foams (polystyrene (PS), expanded polystyrene

(E-PS)) and polyethylene terephthalate (PET) bottles. The diverse colours of the items
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Figure 1. Riverbank-harvested items from Rhenen used for hyperspectal imaging in con-
trolled environment (a-d); frame with riverbank-harvested items from Maastricht used for hyper-

spectral imaging in natural environment (e).

helps to understand how darker coloured items are reflecting light differently from lighter

coloured items.

2.2 Experimental setups - controlled environment and natural environ-

ment

The hyperspectral imaging in this study was all conducted in the near-infrared (NIR)
to shortwave infrared (SWIR) part of the electromagnetic spectrum, spanning from 1150
to 1675 nm. Different cameras were used for both environments, as described in the next

sections.



123 2.2.1 Controlled lab environment

124 The hyperspectral imaging of the riverbank-harvested litter in the controlled en-
125 vironment was performed using the Specim FX17 camera (Konica Minolta Company,
126 Oulu, Finland). This line-scanning camera covers the electromagnetic spectrum between

127 900-1700 nm in 112 spectral bands. All technical information regarding the integration

128 time, resolution and effective pixel size of this camera as well as the illumination and rel-

120 ative reflectance conversion is summarised in Tasseron et al. (2021). Fig. 2a shows the

130 experimental setup used in Tasseron et al. (2021). The imaging of the riverbank litter

131 was performed prior to this study. The raw image data was unexplored by these authors

132 and was downloaded online for further analysis in this study. Only the data from the Specim
133 FX17 camera was used, since the spectral range of the Specim FX10 camera as shown

134 in Fig. 2a is outside the scope of this study.

135 2.2.2 Natural aquatic environment

136 Hyperspectral images were taken in a natural environment using the sample items
137 depicted in Fig. le and the setup shown in Fig. 2b. We used the Snapscan SWIR hy-
138 perspectral imaging camera (IMEC, Leuven, Belgium) which covers the electromagnetic

139 spectrum from 1150 to 1675 nm in 100 equally spaced spectral bands. It captures with

140 an integration time ranging from 20ms — 65ms, depending on acquisition parameters, light-
141 ing, and the reflectance characteristics of the objects. The camera has a maximum spa-
142 tial resolution of 1200 x 640 pixels, although a smaller resolution of 520 x 640 pixels was

143 used for this study. As opposed to the Specim FX17, the Snapscan SWIR camera has

144 an integrated line scan sensor which allows using a tripod for scanning the samples.

145 The hyperspectral images were taken on a groyne of the Waal River, near Ochten,

146 the Netherlands (N 51°54’13.3” E 5°33’52.7”). This location was chosen because it is char-

147 acterised by diverse background elements such as sand, rocks, gravel, and various types

148 of vegetation which are the main components composing Dutch riverbanks (De Graaf

149 et al., 1990). Moreover, the ability to park a car in close vicinity of the river allowed pow-
150 ering the camera with the car’s battery without the need of expensive deep-cycle bat-

151 teries.

152 On the 28th of May 2021, hyperspectral data was acquired in a cloud-free setting

153 between 11:07 and 12:19. During the experiment, the solar altitude angle ranged from
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Figure 2. Hyperspectral imaging setup used by Tasseron et al. (2021) (a); Hyperspectral
imaging setup in the natural environment (b) with riverbank-harvested sample items (1), IMEC

Snapscan SWIR hyperspectral camera (2), laptop with data capture software and power source

3).

48.35° — 56.26°, and the azimuth from 122.61° — 146.95°, illuminating the samples from
the south-east. In order to account for these changing conditions, the camera’s white ref-
erence was recalibrated every five minutes by using a white sheet of optical grade Spec-
tralon, similar to the white reference used in Tasseron et al. (2021). Images were shot
with various integration times, to ensure optimal exposure of both light and dark-coloured

sample items.



160 2.3 Data preparation and ROI selection

161 To allow the comparison of the spectral signatures between the two environments,
162 several data pre-processing steps had to be undertaken. First, the hyperspectral data

163 of the controlled environment underwent manual reflectance correction (1) and inten-

164 sity normalisation (2) prior any subsequent analysis (Tasseron et al., 2021). An overview

165 of the constituents of these equations is found in Appendix A (Table 1). For the hyper-

166 spectral imagery in the natural environment, the reflectance correction and intensity nor-

167 malisation were executed directly by the data capturing software using the same equa-

168 tions. The reflectance correction was done using averaged reflectance values per wave-

169 length

. R, = (Ro — Rp)/(Rw — Rp) (1)
R, = (R, — min(R,))/(mazx(R,) — min(R,)) (2)

m Next, regions of interest (ROIs) were manually annotated on the imagery data of

172 both environments, using the PerClass Mira toolbox in MATLAB. Similar to Tasseron

173 et al. (2021), a paintbrush tool was used to define each ROI according to a distinct class.

174 For the lab environment, three classes were established, with a group of pixels being ei-

175 ther: (1) water, (2) vegetation or (3) plastic. A total of 786,264 pixels were annotated.

176 For the data captured at the Waal River, the ROIs were assigned one of the following

177 six classes: (1) water, (2) vegetation, (3) wood, (4) rock, (5) plastic, and (6) sand. For

178 each of these classes in both environments, the average spectral signatures were calcu-

179 lated. A pixel-based approach was chosen instead of an object-based image analysis (OBIA),
180 because of the restrictions in resolution when extrapolating the methods to airborne- or

181 space borne imagery. In remote sensing studies using satellite imagery (e.g. (Biermann

182 et al., 2020; Themistocleous et al., 2020)), there are only few (mixed) pixels available,

183 which discourages the use of OBIA. An overview of the ROI selection of the data cap-

184 tured in the natural environment is shown in Fig. 3.
185 Since the spectral range and resolution varied for both cameras, three manipula-
186 tions were done on the data acquired in the lab. First, the range of the average spectral

187 signatures was matched by discarding the data outside the 1150 — 1675 nm range. Sec-
188 ond, the remaining 74 hyperspectral bands were linearly interpolated to match the 100

189 bands of the Snapscan SWIR camera. Third, a manual selection of the Snapscan SWIR
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Figure 3. Annotated ROIs on the two images constituting the natural environment pixel
dataset used for further analysis (b,d) and their respective RGB-images (a,c). The ROIs in b and

d consist of 23.804 and 16.485 pixels, respectively.

bands that were closest to the Specim FX17 bands resulted in an imagery dataset of both
cameras with 74 hyperspectral bands. More advanced and scientifically robust techniques
for matching hyperspectral ranges exist (e.g., (Ren et al., 2020; Al-Khafaji et al., 2017))

but are outside the scope of this study. All three manipulations are done in MATLAB.

2.4 Support Vector Machine (SVM) and Spectral Angle mapper (SAM)

classifiers

Two types of classifiers are applied on the dataset to understand their applicabil-
ity in linking laboratory experiments and field observations. First, a support vector ma-
chine algorithm is used with training data from both lab- and field observations using
the perClass toolbox in MATLAB. The main advantages of support vector machines is
their robustness to noisy and complex input data (Kumar et al., 2015), the small num-
ber of training samples needed (Gopinath et al., 2020) and the ability to efficiently han-

dle high dimensional hyperspectral datasets (Van Belle et al., 2011). Main drawbacks

,10,
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of SVMs include the time-consuming process of selecting a suitable kernel function and
model training, especially with larger datasets (Deka, 2014), the lack of a probabilistic
explanation for the classification, and a higher risk of overfitting (Chen et al., 2017). Over-
fitting occurs when an algorithm or model works well on a training dataset, but performs

poorly on testing datasets (Ying, 2019).

Next, the Spectral Angle Mapper (SAM) algorithm, Spectral Information Diver-
gence (SID) and a logarithmic combination of the two (SID-SAM) algorithms from the
hyperspectral Image Processing Toolbox™ are tested. A detailed explanation of how these
algorithms work is found in appendix C. These algorithms have several advantages in
comparison with SVM-based classifiers. For instance, they are almost insensitive to dif-
ferences in the intensity values of a signal (Petropoulos et al., 2010). In addition, SAM
classifiers are easy and accurate methods for mapping the spectral similarity of a given
pixel to a reference spectrum or a set of reference spectra (Girouard et al., 2004). One
main disadvantage of SAM classifiers is that ever pixel is labelled based on the closest
reference spectrum, implying a pixel that does not belong to any of the predefined cat-
egories is classified incorrectly. This can easily be resolved by setting boundaries beyond
which pixels should not be classified. To demonstrate the influence of narrowing the de-
cision boundaries, the SAM-classifier is computed using three decision boundary angles
of 7.5°, 10° and 15°. Another disadvantage is that these classifiers to not consider mixed
pixels and sub-pixel values (Girouard et al., 2004), yet this is not an issue with the res-
olution and quality of the hyperspectral data used in this study but can be problematic

using satellite or UAV images.

A flowchart describing the steps taken in the classification procedure is summarised

in Figure 16 (Appendix C).

3 Results and discussion

First, it is established which reflectance patterns characterise riverbank-harvested
litter in a controlled environment. A similar procedure is followed for macroplastics in
aquatic ecosystems and a comparison between the two environments is made. Second,
the accuracy of the SVM, SAM, SID, and SID-SAM classifier algorithms in the identi-
fication of plastics in both environments is established. The SID and SID-SAM algorithms

showed significantly lower classification accuracies than the SAM algorithm.

—11—-
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3.1 Reflectance patterns of water, vegetation, and plastics in various en-

vironments

Fig. 4 shows the average reflectance signatures of water, vegetation and plastic in

lab and field-based experiments from 1150 — 1675 nm. Clearly, multiple differences are

present between the lab and field-based signatures in all three classes.

09
0.8 0.8
.07 07
Bos 0.6
i=
8
805 0.5
=
2
- 04 0.4
T
i
03 03
02 02
0.1 0.1

0
1200 1300 1400 1500 1600
Wavelength (nm)

0.9

Vegetation (lab)

Vegetation (field)

(b)

0
1200 1300 1400 1500 1600

Wavelength (nm)

09

0.8

0.2

01

————— Pristine plastics (lab)
""""" Riverbank plastics (lab)
Riverbank plastics (field)

(©

0
1200 1300 1400 1500 1600

Wavelength (nm)

Figure 4. Lab and field-based reflectance signatures of: (a) water, (b) vegetation, and (c)

plastic. Dotted lines indicate signatures as measured in the controlled environment. The ‘dash-

dot’ line in (c) is the average spectral signature of pristine plastics as determined by Tasseron et

al. (2021), which is used just for a frame of reference.

First, the spectral signature of water has similar intensities over the entire hyper-

spectral range, with one exception. A slight reflectance peak is apparent in the water

reflectance measured in the field between approximately 1370 and 1430 nm. This arti-

ficial peak was caused by a relative low signal-to-noise ratio of the hyperspectral imag-

ing sensor outdoors. When comparing the range of this peak with the spectral energy

curve of solar radiation, a strong absorption window of H>O molecules is present (Lacis

& Hansen, 1974). In fact, the transmittance of the atmosphere is almost zero at the wave-

length where the water reflectance in Fig. 4a peaks (Hottel, 1976). Even though the use

of a white reference cancels out differences in atmospheric transmittance, the large amount

of noise caused by the extremely low transmittance is most likely the cause of this ap-

parent peak in the spectral signature.

—12—



250 Comparing the two spectral signatures of vegetation, an important dissimilarity

251 between the signatures is a large difference in the intensity. A likely reason for this dis-
252 similarity is the difference in integration time of the sensors and illumination intensity
253 of the samples in both environments. Additionally, the leaf water content significantly

254 influences the strength of the absorption peak at 1450 nm (Danson et al., 1992), which

255 could be different for both environments. The overall shape of both signature is relatively
256 similar, having a high reflection between 1150 — 1300 nm, an absorption peak around 1450
257 nm and a steady increase in reflection between 1450 — 1675 nm. As mentioned earlier,

258 SVM-based classifiers are more sensitive to differences in intensity than SAM classifiers.

259 The latter could result in a more robust and accurate classification for SAM classifiers

260 in comparison with SVM-based classifiers. Third, the spectral signatures of plastics are

261 shown in Fig. 4c. Like vegetation, the overall shape with absorption and reflection peaks
262 is comparable between the three different signatures. Key differences between the lab-

263 based and field-based spectral signatures of riverbank-harvested plastics is the intensity

264 and strength of the absorption peaks. With controlled and stable light conditions, the

265 average lab-based signature is relatively smooth with a range of approximately 0.37 —
266 0.52 in intensity. In contrast, the average field-based signature is less smooth and has
267 a smaller intensity range, in which the absorption peaks are slightly less pronounced. Tasseron

268 et al. (2021) emphasised the importance of the absorption peaks in distinguishing plas-

269 tics from vegetation and water. Luckily, the atmospheric absorption of H,O molecules

270 is not in overlapping with the wavelengths of the absorption peaks of plastics, which sub-
) dues the influence of sunlight in the classification of plastics. Different types of plastic

2 have different reflection signatures (Zheng et al., 2018), which would imply a larger intra-
273 class variability when averaging the signature for all plastic types. Nevertheless, the av-
274 erage signature from plastics is characterised by a high inter-class variability compared
215 to water and vegetation, thus not strongly influencing the classifier algorithms.

276 3.2 Classifier algorithms for identification of plastics in both environ-

277 ments

o18 3.2.1 Support Vector Machine pipelines

279 A distinctive property of the SVM pipelines is to separate between the six differ-

280 ent classes of the ROIs used for training, which each have a unique spectral signature.

281 Fig. 5 shows two classified images using the ‘pipeline_svin’ (trained using ROIs from Fig.

—13—
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2b) and ‘pipeline_svmn_field’ (trained using ROIs from Fig. 2d) pipelines. It is evident
that the RBF kernel used in these pipelines performs well when using ROIs from the same
image yet is not very robust when using a training dataset based on a different image.
This emphasizes the high risk of overfitting with SVM classifiers. In fact, the confusion
matrix in Fig. 9a (Appendix B) shows that the user’s accuracy of the plastic class is only
30.1%. Most pixels that should have been classified as plastic, are classified as sand and
vegetation instead. In addition, a large share of the pixels that should have been clas-
sified as water are classified as plastics. This is not reflected that in the confusion ma-
trix in Fig. 9b (Appendix B), as it states 93.8% of water pixels are classified correctly.
The latter is caused by the chosen ROIs for computation of the confusion matrix. As seen
in Fig. 3b, the annotated ROIs for water mostly cover the pixels that were classified cor-

rectly.

B Water B Rock
M Vegetation M Plastic Fion| W Vegetation
B Wood Sand , W Wood

Figure 5. Support Vector Machine classified images using: (a) ROIs of the same image to
classify the entire image, and (b) ROIs of Fig. 2d - different image - used for training the classi-

fier. Associated confusion matrices are found in Fig. 10 (Appendix B).

When using the pipelines including lab data for training, the classification is sig-
nificantly different. Fig. 6 shows the classified images using a combination of lab and field
data, and only field data. Clearly, the classification of plastic pixels using lab data in com-

bination with field data for background elements yields poor results. As depicted in Fig.

—14—
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6a, nearly all plastic pixels are not classified at all or classified incorrectly, with a user’s
accuracy of 4.3% (Appendix B, Fig. 10). This extremely low accuracy is likely caused

by the difference in signatures derived from lab-data and field-data.

Classification accuracies of plastics significantly improve when using only laboratory-
based data, as depicted in Fig. 6b, 6¢. The difference between these two classifications
clearly demonstrate a weakness of SVM-classifiers, specifically its sensitivity to changes
in intensity. The intensity of the average lab-based vegetation spectrum is much higher
than the spectrum based on field data. Therefore, the SVM-classifier decided the veg-
etation pixels in Fig. 6b better resemble the plastic spectrum based on intensity, which
resulted in a complete misclassification of vegetation. Halving the intensity values of the
vegetation pixels used for training results in a slightly better classification (Fig. 6¢). Yet,
the producer’s accuracy of plastic pixels is still only 68.2% (Appendix B — Fig. 10), which

substantiates the dependence on intensity in SVM-based classifiers.

B Water M Plastic v B Water M Plastic B Water M Plastic
B Vegetation B Vegetation B Vegetation

Figure 6. Classified images using support vector machine pipelines with (a) lab data for plas-
tics, field data for vegetation and water, (b) lab data for all categories, and (c) lab data for all

categories, with halved intensity of the vegetation pixels.

3.2.2 SAM, SID and SIDSAM

This section illustrates and quantifies the differences between SAM, SID and SID-
SAM classifications. First, by using field-data to train the algorithms, followed by us-
ing lab-data for training. Lastly, the effect of narrowing the cone of uncertainty of SAM-

based classifications is illustrated. Fig. 7a-c depict the classification results of using these

—15—
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three algorithms trained with field-data. It is clear the SAM algorithm performs best,
with a user’s accuracy of 93.5% for plastics (Appendix B — Fig. 11), as opposed to 18.2%
and 68.6% for SID and SIDSAM, respectively. However, the rock in the image is clas-
sified as plastic when using SAM, whereas it is classified as sand using the other two al-
gorithms (Fig. 7a-c). Even though the rock is classified incorrectly, the producer’s ac-
curacy is higher for SID and SIDSAM (99.5% and 99.2%, respectively) than for SAM
(85.8%).

W Water W Rock H Water M Rock ' W Water W Rock
W \Vegetation M Plastic ) M Vegetaton M Plastic A% | B Vegetation M Plastic
B Wood Sand M Wood Sand B Wood Sand

W Water W Water W Water

(d) W \Vegetation (e) W Vegetation (f) W Vegetation

M Plastic M Plastic M Plastic

Figure 7. Classifications with training dataset based on ROIs of Fig. 3d, using (a) SAM, (b)
SID, (c) SIDSAM, and and Classifications with training dataset based on lab-data, using (d)

SAM, (e) SID, (f) SIDSAM

The SID algorithm, using a probabilistic approach based on intensity, misclassi-
fies most plastic pixels with a low intensity. For example, the plastic bottle in the top

left of the Frame (Fig. 7b) seems to be the only cluster of pixels recognised as plastic

,16,
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by this algorithm. Referring to Fig. le, this bottle (id 1) is opaque and white, which means
it has a significantly higher reflection value than all the other plastic items. Therefore,
it is likely the low user’s accuracy for plastics of this algorithm is caused by higher in-
tensities in the training dataset. In fact, the black foam (Fig. le — id 9) is classified as
water both for SID and SAM. This misclassification makes sense when considering the
probabilistic nature of intensities. Since darker coloured items have lower reflectance in-
tensities, the darker plastic items are more likely to resemble the spectra of wood, sand,
vegetation or even water. From Fig. 7c, it is clear this effect is smaller when using SID-

SAM, but still yields a smaller user’s accuracy for plastic pixels.

Next, when using only lab data for classification, similar patterns between the three
algorithms are found, as depicted in Fig. 7d-f. A user’s accuracy for plastics of 93.6%,
50.2% and 65.4% is reached for SAM, SID and SIDSAM, respectively (Appendix B — Fig.
12). The producer’s accuracy for plastics is 99.8% for SAM, and 100% for SID and SID-
SAM, indicating that nearly no vegetation or water pixels were classified as plastic. It
is evident the SID and SIDSAM algorithms perform worse when classifying pixels with
a low reflectance intensity. In fact, darker coloured items are misclassified in a similar

fashion when compared with the algorithms trained with field-data.

3.2.3 SAM with various decision boundaries

This section illustrates the influence of different decision boundaries at 7.5°, 10° and
15° using SAM, Fig. 8a-c shows the classification results using field data as a training
dataset. As illustrated in Fig. 13 (Appendix B), an advantage of narrowing the cone is
that both the user’s and producer’s accuracy of plastics increase. For example, most pix-
els that compose the rock in Fig. 8a are classified as plastic. With a narrower decision

boundary cone, the same rock region in Fig. 8c mainly consists of unclassified pixels.

When applying the same decision boundaries on the classifier using lab data as ref-
erence spectra, a few major differences are present (Fig. 8d-f). For example, almost all
vegetation and water pixels become unclassified when using a decision boundary of 7.5°.
For plastics, a cone of 15° leads to approximately 8.0% of plastics being missed, whereas
the cone of 7.5° results in 85.6% of plastic pixels being missed. As elaborated in section
4.1, several differences in the reflection spectra of lab- and field-based imaging are present.

It is likely these differences are large enough to cause most pixels in all categories be-
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Figure 8. SAM classification using field data with decision boundaries set at (a) 7.5°, (b) 10°
and (c) 15°, and classification using lab data with decision boundaries set at (d) 7.5°, (e) 10° and
(f) 15°. Black pixels indicate unclassified pixels, that do not fall within the decision boundary

region.

ing unclassified when using the 7.5° decision boundary. As illustrated in Fig. 14 (Ap-
pendix B), the increase in user’s and producer’s accuracy is only marginal, which is ren-
dered futile when considering the large share of missed pixels with narrowed decision bound-
aries. Lastly, the rock is still classified as plastic, whereas most pixels that should be clas-
sified as plastic are being missed (85.6%). Therefore, the effect of narrowing the deci-

sion boundary when using lab-data to classify field-data is mainly disadvantageous.

However, it is also evident that narrowing the decision boundary results in an in-
creased number of unclassified pixels. In fact, Fig. 15 (Appendix B) shows the percent-
age of unclassified pixels with a narrowing decision boundary region. For the classifica-
tion with field data, a cone of 15° results in a loss of approximately 3.7% of the pixels

that should be classified as plastic. This quickly increases to 42.1% when a cone of 7.5°
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is used. Therefore, it is necessary to find a balance between the number of missed pix-

els and the accuracy of the classification.

4 Synthesis and Outlook

Based on the knowledge that macroplastics reflect light in a unique way compared
to other floating litter and natural or anthropogenic background materials (Tasseron et
al., 2021; Garaba et al., 2020; Mehrubeoglu et al., 2020; Bonifazi et al., 2018; Moroni et
al., 2015; Moroni & Mei, 2020; Goddijn-Murphy & Dufaur, 2018; Karlsson et al., 2016;
Corbari et al., 2020; Garaba et al., 2021; Garaba & Dierssen, 2020; Knaeps et al., 2021;
Serranti et al., 2018; Moshtaghi et al., 2021; Garaba et al., 2018), this study addressed
two objectives. First, an understanding of the difference between lab-based and field-
based hyperspectral imaging was made by comparing the associated hyperspectral sig-
natures. The riverbank-harvested plastic samples investigated for this purpose were pre-
sumed to be an appropriate subset of commonly found litter along Dutch riverbanks, cor-
roborated by van Emmerik et al. (2020). Second, it was investigated how plastics can
best be distinguished from background elements and materials by exploiting various clas-
sification approaches. In doing so, a foundation for using laboratory data to train mod-

els that classify field-images was successfully made.

The results strongly suggest lab-based data can be used in a spectral angle map-
per (SAM) algorithm to classify hyperspectral images taken in the field. Previous stud-
ies indicated SAM is relatively robust to changes in illumination intensity and mapping
spectral similarities compared to other classification methods (Petropoulos et al., 2010;
Girouard et al., 2004; Murphy et al., 2012). Therefore, the detection of plastic pixels was
still successful even though the environmental factors are highly different from lab con-
ditions. The large number of annotated pixels from the lab-based images (n = 786,264)
allowed the establishment of representative hyperspectral signatures of plastics. Addi-
tionally, a high-resolution field image (n = 332,800 pixels) allowed thorough analyses of
different classification techniques. As a result, the fundamental method resulted in ac-
curacies of up to 93.6% for plastics when classifying an image captured at the riverbank.
In doing so, our results are amongst the first to tackle the challenge of using lab-based
data for field-classification of plastics, which was emphasised by Martinez-Vicente et al.

(2019).
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Yet, one of the main challenges for future hyperspectral field detection of plastics
includes the dynamic nature of meteorological conditions (Stuart et al., 2019; Ad&o et
al., 2017), which can significantly affect the image capturing process. In fact, the long
integration time of up to 10 seconds per capture required the samples to be completely
stationary. Additionally, rapidly changing light conditions such as shadows casted on the
objects by clouds required continuous sensor recalibration. Thirdly, extremely low at-
mospheric transmittance between 1350 — 1400 nm causes excessive noise in this region
of the spectrum, which can be amplified in normalisation techniques. Therefore, it is rec-
ommended for future studies to omit such wavelength ranges in their analyses. These
factors combined are a major complication for fundamental detection and eventually long-
term monitoring. In fact, Stuart et al. (2019) argue that even state-of-the-art hyperspec-
tral systems are challenging to use in continuous field monitoring, especially in volatile
environments which require outer casing of devices to be weatherproofed (Wilkes et al.,
2017). Moreover, long term detection and monitoring of floating litter is technologically
restricted by the spatial, spectral, and radiometric resolution of existing hyperspectral
sensors (Balsi et al., 2021). Yet, the continuous development of (ultra) compact, lightweight
and affordable multispectral and hyperspectral imaging systems (e.g. Wilcox et al. (2018))

is promising for future monitoring missions.

A key step for further practical application of hyperspectral imaging includes the
establishment of reliable and high-quality reference libraries. Various open-access libraries
with reference hyperspectral signatures already exist. For instance, the ECOSTRESS
spectral library consists of over 3000 hyperspectral signatures of manmade materials, soil,
water and vegetation (Borsoi et al., 2020). Developed by NASA, this library is widely
used in estimating vegetation abundance and classifying mineral surfaces (Li et al., 2021;
Cardoso-Fernandes et al., 2020). Including hyperspectral signatures of plastics as found
in (Tasseron et al., 2021; Garaba et al., 2020; Mehrubeoglu et al., 2020; Bonifazi et al.,
2018; Moroni et al., 2015; Moroni & Mei, 2020; Goddijn-Murphy & Dufaur, 2018; Karls-
son et al., 2016; Corbari et al., 2020; Garaba et al., 2021; Garaba & Dierssen, 2020; Knaeps
et al., 2021; Serranti et al., 2018; Moshtaghi et al., 2021; Garaba et al., 2018) and this
study in such reference libraries is essential. This can either be done as an addition to
existing libraries, or by the establishment of a completely new open-access library specif-
ically designed for plastics. All hyperspectral data used for the analyses in this study are

available online in such a reference library (data availability statement). The signatures
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included in these libraries would have a high spectral resolution. This implies a smaller
range of bands or even multispectral bands can be selected or interpolated, which can
in turn be used in comparison with new field measurements. In addition, the continu-
ous development of (ultra) compact, lightweight and affordable hyperspectral imaging
systems (e.g. (Wilcox et al., 2018)) is promising for future plastic detection and mon-

itoring missions.

5 Conclusion

Hyperspectral imaging systems provide new opportunities for the detection and the
identification of macroplastics in natural environments. First, this study explored the
differences and similarities between lab-based and field-based hyperspectral signatures
of water, plastic, and vegetation. These findings were in turn used to understand the dif-
ferences in performance of various classifier algorithms, and which algorithm performs
best. A key factor influencing performance of SVM, SID, and SIDSAM classifiers is the
reflectance intensity of the hyperspectral signals. On the contrary, SAM is relatively ro-
bust concerning the reflectance intensity and performs best out of these four techniques.
Future work should explore the influence of the illumination differences in more detail,
as well as the role of additional changing environmental conditions and its impacts on

hyperspectral monitoring.

Second, this study successfully demonstrated the use of laboratory-based hyper-
spectral measurements for identification of plastics in a natural aquatic environment. The
latter was realised by using various classification algorithms and assess their effective-
ness in detecting plastics using confusion matrices. With accuracies of up to 93.6%, the
spectral angle mapper (SAM) algorithm was most successful in separating plastic pix-
els from natural background elements. Future work exploring the fundamental applica-
tions of similar algorithms should include a wider range of imagery captured under var-
ious environmental conditions. This is in turn relevant for long-term detection and mon-

itoring of plastics using hyperspectral systems.

Continuous technological advances in combination with the fundamental findings
in this study and similar studies will eventually lead to monitoring of plastic debris in
aquatic ecosystems that is more reliable and consistent than visual or manual counting.

Yet, there are still some major developments required before this is realised. As soon as
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harmonised methods to automatically monitor the presence and abundance of plastics
exist, targeted action can be taken at the source of the pollution, rather than at the aquatic

ecosystems in which the litter would otherwise end up.
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403 Appendix A - Tables

Table 1. Constituents of the equations and their description.

Constituent Description
R, Corrected relative reflectance imagery (FX17)
Ry Raw reflectance dataset (FX17)
Rp Mean dark reference reflectance (FX17)
Rw Mean white reference reflectance (FX17)
R,; Normalised intensity dataset (FX17)

Table 2. Constituents of the equations and their description.

SVM Training data
Pipeline

name

pipeline_.SVM| ROIs Fig. 3b

" field ROIs of Fig. 3d (different training —
validation dataset)

7 lab ROIs Fig. 3b (excluding plastics),
and Plastics from lab data (R,;)

” _onlylab_10k| Random selection of 10.000 pixels
from lab data (R,;) vegetation,
riverbank-harvested plastics and
water

”_onlylab_10k! Random selection of 10.000 pixels
vegeta- from lab data (R,;) vegetation,
tion_halved riverbank-harvested plastics and
water. Intensity of vegetation multi-

plied by 0.5.
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Appendix B - Figures

The confusion matrices are characterised by two columns of percentages, labelled
"True Class’ (user’s accuracy) and 'Predicted Class’ (producer’s accuracy). The blue tinted
values indicate the % correctly classified pixels (’accuracy’), whereas the red tinted val-

ues indicate the % incorrectly classified pixels.
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Figure 9. Confusion matrices for SVM-classified image based on (a) ROIs from the same im-

age to classify the entire image, and (b) ROIs of Fig. 2d (Different image) to train the classifier.
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Figure 10. Confusion matrices for SVM-classified image based on (a) lab data for plastics,
field data for vegetation and water, (b) lab data for all categories, and (c) lab data for all cate-

gories, with the intensity of the vegetation pixels multiplied by 0.5
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Appendix C - Algorithm explanation
5.1 Support Vector Machine in MATLAB

The support vector machine (SVM) algorithm is used in MATLAB based on lib-
SVM (Chang & Lin, 2011). As mentioned earlier, selecting a suitable kernel function for
model training is time-consuming, so a default Radial basis function (RBF) kernel is used.
An explanation of the mathematics behind this kernel is outside the scope of this study.
However, it is important to note the function has two customisable parameters: ¢ and
C. The sigma parameter determines the reach, which defines the importance of points
close to the decision boundaries of the classes. A high o value indicates the decision bound-
aries are highly flexed, whereas a low value indicates a more linear decision boundary.
Next, the C' parameter determines how much misclassification is allowed. Smaller val-
ues of C' indicate a large margin of error, allowing a substantial number of misclassifi-
cations, whereas a high value of C indicates a small margin of error. Like the default RBF
function, the default o and C values are used in classification. Since the SVM algorithm
is used for solving a multi-class classification, the default one-against-all strategy is used.
This method constructs n; (number of classes) classifiers in which each classifier sepa-
rates class ¢ from all other classes (Liu & Zheng, 2005). These classifiers are then com-

bined for a decision which class the pixel spectrum fits best.

Several training datasets are used to train five different classification pipelines. An
overview of these pipelines is summarised in Appendix A (Table 2). As a baseline ref-
erence, the first pipeline is trained using the ROIs as indicated in Fig. 3b to classify the
same image used for training. Next, the second pipeline is trained using the ROIs from
Fig. 3d, to classify the hyperspectral data belonging to the image in Fig. 3a. This pipeline
was trained to assess the influence of using input data from a different field image in SVMs.
Thirdly, a pipeline is trained using all ROIs from Fig. 3b, except for plastics. The spec-
tral signatures of riverbank-harvested plastics obtained in the lab are used in this pipeline.
This pipeline was trained to assess to what extent a combination of using lab and field-
based input data is possible. The fourth pipeline is trained using only lab data, with three
classes: plastic, vegetation, and water. This pipeline is in line with the main aim of this
study, to assess how lab-data can be used for field classification. Lastly, the fifth pipeline
is trained using the same data as the fourth pipeline, with the intensity of the vegeta-

tion pixels multiplied by 0.5. This is done to emphasise the case that support vector ma-
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chines are sensitive for changes in intensity values. Confusion matrices are computed for
all pipelines to understand the effect of using different combinations of training datasets

on the accuracy of classification.

5.2 SAM, SID, and SID-SAM in MATLAB

Spectral angle mapper algorithms measure the spectral similarity between the spec-
tra of each pixel in the input training dataset, and a specified collection of reference spec-
tra (Kruse et al., 1993). It is based on the principle of computing the spectral angle dis-
tance between each pixel and the reference spectra in the dataset. The main output of
the SAM algorithm is a vector or matrix with the spectral angle of each pixel relative
to the reference spectra in radians. Low SAM scores indicate strong matches between
the spectrum belonging to the tested pixel and the reference signature. A threshold an-
gle can be set after which certain pixels should not be classified as the category belong-
ing to the nearest reference spectrum (Fig. 17). Given the input data ¢ with pixel in-

dex number ¢ and reference spectra R,.¢ of length C, the SAM score « is calculated as:

C
1 Zz’:l ti* Rref,i
c c
dSoicatiE Dl Rzef,i

Identical to SAM, the spectral information divergence (SID) algorithm measures

a = Ccos

(3)

the spectral similarity between the spectrum belonging to a pixel and a collection of ref-
erence spectra or endmember spectra. As opposed to SAM, this method calculates the
spectral similarity based on the divergence between the probability distributions of the
tested pixel and the reference spectra (Chein, 2000). As such, the SID algorithm does
not rely on geometric properties when measuring the discrepancy between the pixel spec-
tra and reference spectra (Chein, 1999). The main output of the SID algorithm is a vec-
tor or matrix with SID (divergence) scores. Smaller divergence values indicate a pixel
spectrum is more likely to be similar to the reference spectrum (Khaleghi et al., 2014).
Given the input data t with pixel index number 7 and reference spectra R,.y, the dis-

tribution values ¢; for the input data are calculated as follows:
t;

The distribution values p; for the reference spectra are calculated as follows:

RT@f,i (5)

Pi=se 5
Zi:l Rref,i
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Figure 17. Visualisation of SAM, with two different reference spectra (green, blue) and their
respective decision boundaries (shaded areas). The ‘test’ or ‘input’ pixel ¢; value is given, with

angle « relative to the reference spectrum.

Using (4) and (5), the SID score /3 is computed as follows:

c c
8= Zpi* log& + Z‘h* log& (6)
i=1 U pi

A combination of the SID and SAM algorithms improves the robustness of spec-
tral matching, which can yield significantly better classification compared to using SID
or SAM separately (Du et al., 2004). In their paper, Du et al. (2004) showed that the
combination of SID () and SAM («) improved the detection and classification of sam-
ple panels with different spectral signatures. They proposed and tested the SIDSAM score
7, calculated (7). In addition to using SID and SAM separately, the SIDSAM score is
also applied to see whether it provides a more accurate classification of the hyperspec-

tral images used in this study.

v= B * tan(a) (7)
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Lastly, the calculation of the SAM score allows the establishment of decision bound-
aries prior to classification. These are parameterised as the angle a given test pixel is al-
lowed to diverge from the reference spectrum. Observations that do not fall within the

decision boundaries of any reference spectrum are not classified.
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