
Figure 3: RDF classification over a sea-salt sample. The background and non
polymer regions are invisible, showing the visible image of the sample. The RDF
model is trained with 15 channels and a subtraction wavenumber at 1839 cm−1.

Microplastics (MPs) are microscopic polymer
particles present almost everywhere. To
accurately understand the effects of these
particles in ecosystems and organisms the
composition, physical structure and
abundance of them needs to be accurately
analysed. Micro-Fourier Transform
Infrared (µFT-IR) using Focal Plane Array
(FPA) facilitates the MP spectra recollection by
simultaneously recollecting full chemical
images. The classification model implemented
on the recollected spectra is Random
Decision Forest[1] (RDF), a supervised
Machine Learning classification algorithm
using an ensemble of Decision Trees (tree-like
structures).
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RDF is trained with spectra from 11 different
MP polymer types. Pure-type MP are
deposited over an Aluminium oxide anodisc,
and the spectra are selected from the µFTIR
image using Fast Background Correction
and Identification[2] (FBCI). The average
spectra of each polymer type selected are
shown in Fig.1.

The average time to train the RDF with an
average of 1000 spectra per class in the
training data set is 45 s.

The RDF validation data set determines the
accuracy of the model and provides a visual

interpretation. A testing Ground Truth (GT)
procedural image (Fig.2 Left) provides
validation information.

For a fast classification in QCL-based
microscopes range, the most relevant signal
wavenumbers (channels) are chosen using a
decision tree and calibrated using Area
Under the Curve (AUC) validation. The
selected channels work in conjunction with a
baseline wavenumber. The channels selected
are represented in Fig.1.

The RDF prediction is depicted as a colour-map and the relevant label is
selected with a winner-takes-all representation (Fig.2 Right).

An alternative way to display the accuracy of an RDF is by means of a
Confusion Matrix (CM), a MP class cross-correlation visualization.

Environmental samples (Fig.3) are a common application scenario to
demonstrate a MP classifier's fitness for purpose. The accuracy of a MP
classifier cannot be assessed due to the lack of a GT, validation data
provides a trusted comparison, however, it does not accurately depict
all details from environmental samples[3].

The required time to for Fig.3 RDF prediction, assuming 12 polymer
classes and 15 channels selected, is approximately 30 s.

Training and test data sets have been created based on purpose-made pure-type MP samples using a spectra selection methodology applicable
to other spectra classification problems of similar nature. Validation is done with AUC and CM to fit all possible parameters into the optimal
version of the RDF. The classifier results over sea-salt and river sediment samples show that the analysis time typical from MP classification
techniques can be reduced to below one minute.

The results achieved show that a RDF model operating with highly discriminative single channels is an effective tool to classify microplastic
hyperspectral data.

Figure 1: Channel-wise average and standard
deviation of the spectra for each MP type used in the
training data set. The black lines correspond to the
most relevant channels selected by a DT classifier.
The dashed red line represents the channel chosen
for baseline correction.

Figure 2: Left) Simulated test image created using MP spectra and
environmental background spectra from the test data set. The color brightness
represents the thickness, which decreases towards the particles edges,
approximating the geometry of real MP particles. Right) Visualization of the RDF
output for MP classification applied to the IR hyperspectral image from artificial
sample shown on the left.
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