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A B S T R A C T   

Microplastic (MP) contamination is a topic of growing global concern; these particles are ubiquitous in envi-
ronmental ecosystems and have been found in aquatic, terrestrial, and atmospheric mediums. However, the 
protocols to quantify MPs in environmental samples have limitations and may lead to overestimation and/or 
underestimation of the plastic debris. Therefore, the aim of this research was to develop a simple procedure to 
determine the abundance of MPs using digital image processing and chemometric treatment. The proposed 
method combined computer-vision-based and multivariate calibration by partial least squares coupled with in-
terval selection (iPLS and successive algorithm projection - iSPA). The abundance ranges of the yellow, blue, 
black, colourless, green, and red MPs were 1–212, 7–134, 0–50, 6–290, 0–113, and 20–392, respectively. When 
the models were applied to an independent set of samples, the following RMSEP values were found: 9.8 (yellow), 
6.4 (blue), 3.5 (black), 8.1 (colourless), 7.5 (green), and 19.3 (red). The results showed that image processing has 
the potential to quantify MPs with respect their colour. This method could help to reduce time-consuming and to 
avoid subjectivity in future analyses.   

1. Introduction 

Global plastic production has increased annually, with 359 million 
tons of plastic produced in 2018 [1]. The major problem with plastics is 
their inadequate disposal, resulting in pollution and their accumulate in 
the environment. Once in an environmental system, plastics may be 
subjected to different types of degradation and fragmentation, such as 
photooxidation and thermal oxidation by sun radiation, as well as hy-
drolysis and biological and mechanical stressors [2–4]. These processes 
generate smaller pieces of plastics called microplastics (MPs), which are 
particles defined as having a diameter in the range of 1 µm to 5 mm [5]. 

The MPs are divided into primary and secondary sources according 
to their origin. Primary source MPs are produced intentionally in a 
specific size [6]. For instance, small fragments and pellets are used in 
personal care products (shower gel, facial cleanser, hand sanitiser, and 
soap) [7], paint [8], and agriculture (encapsulation of fungicides and/or 
insecticides in film coatings) [9]. Secondary MPs are generated by 
fragmentation and/or degradation of larger plastics, such as single-use 
packaging [10] and fibres from washing clothes [11]. These MPs can 
enter aquatic bodies through direct disposal of waste as a result of poor 
waste management systems, surface runoff, sewage sludge, and wind 

transportation of MPs in the atmosphere [6,12,13]. 
Once in the aquatic environment, these MPs interact with the aquatic 

biota, and their ingestion has become frequently reported. Due to their 
similar size as plankton, MPs can easily be mistaken by natural prey and 
can cause severe injuries to organisms, such as starvation, bowel per-
forations, and endocrine disruption [14,15]. Their morphological 
properties and hydrophobicity have made these particles potential 
vectors of organic compounds and heavy metals; thus, their intake might 
result in bioaccumulation of these contaminants [16,17]. In addition, 
MPs with diameters smaller than 20 μm can also enter the circulatory 
system of human beings and potentially harm the human body [18]. 

The identification and quantification of MPs is generally performed 
by physical and chemical characterisation. Physical characterisation, 
which is done by visual inspection (naked eye) or with microscopes, is 
one of the most used methods of identification and quantification of 
plastic particles [2] since it is widely available in labs, it is simple to 
operate, and it is cheap. However, this method may generate wide 
variations and it is highly time consuming. It is reported in the literature 
that the detection of MPs by visual inspection can vary considerably 
depending on the individual observer, observer experience, and fatigue 
(i.e., reduced vigilance). In addition, overestimation (e.g., count of 
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biological material as microplastics) and/or underestimation (caused by 
white fragments) may lead to a misclassification of the number of col-
oured fragments [19,20]. In view of the limitations, the development of 
new methods to detect and quantify MPs is highly urgent. Thus, che-
mometric treatment combined with image processing is a powerful tool 
that can be used to solve the problem with the visual inspection of MPs 
in environmental samples. In the literature, there are approaches that 
already use chemometric tools with hyperspectral imaging employing 
infra-red spectrometry and Raman technique, even though these 
methods are expensive and can generate a large amount of data for 
treatment [21,22]. In this sense, the main objective of the present study 
was to develop a simple procedure to determine MPs by image pro-
cessing combined with chemometric treatment. 

2. Experimental 

2.1. Samples 

In total, 32 surface water samples were collected in Guaíba Lake, 
Porto Alegre, Brazil. For sampling, a net with a mesh size of 60 µm was 
used. The net had a 0.30 × 0.70 m opening, with a total area of 0.071 
m2, containing a 150 mL collecting cylinder at the conical end. The net 
was towed horizontally on the surface for 10 min at a speed of 3 km h-1. 
Then, it was retrieved, and the water collected was transferred to a clean 
glass vial flask. All samples were collected in the same manner. After 
sampling, samples were stored at 0 ◦C and processed as soon as possible. 

The method for sample processing was followed according to a 
modified procedure by the National Oceanic and Atmospheric Admin-
istration (NOAA) [23]. To separate MPs, the water was filtered with a 
63 µm stainless-steel sieve, and then the sieve was washed with ultra-
pure water (Milli-Q) to remove the solid residue. The sample was sub-
mitted to wet peroxide oxidation (WPO) to reduce the amount of organic 
matter. For WPO, 20 mL of a 0.05 M Fe(II) solution in acidic medium 
(0.1 M H2SO4) and 20 mL of 35% H2O2 were added to the beaker con-
taining the solid material. Subsequently, the mixture was placed on a 
60 ◦C hotplate and stirred for 1 h. After the WPO procedure, the sample 
was covered with aluminium foil and left at room temperature for 24 h. 
Consequently, the sample was filtered with a cellulose acetate filter 
(0.45 µm), washed with sodium iodine (1.6 g cm− 3), and settled down 
for 24 h in a separator flask. After the density separation process, it was 
expected that the plastic material would float and the inorganic material 
would be deposited as sediment, which would allow us to drain the 
rejected material. Then, the remaining sample was filtered with a glass 
fibre filter (0.45 µm pore size), and the funnel was washed many times to 

ensure that all the particles were transferred to the membrane. Lastly, 
the membrane was dried at room temperature in petri dishes until 
characterisation. During sample processing, all materials were carefully 
washed with ultrapure water (Milli-Q) to avoid MP contamination from 
the laboratory. 

2.2. Microplastic quantitation by visual inspection 

Visual inspection was performed using an Olympus BX41 stereomi-
croscope (4× and 10× magnification) to count and categorise the MPs. 
The particles were counted and categorised according to their colours 
and divided into the following six classes: colourless, red, blue, green, 
black, and yellow. 

2.3. Digital image acquisition 

Digital image acquisition was carried out using the system shown in 
Fig. 1, which is a wood box with dimensions of 30 × 18 × 19 cm. This 
system was used to equalise and isolate the sample from the external 
light. The images were taken with a 12 Mp camera (each image had 
4032 × 3016 pixels), which was positioned 10 cm from the sample at 
90◦ relative to the filter containing the MPs. All images were taken 
following the same procedure. The lighting of the camera itself was kept 
constant during the acquisition of all images, which were stored in the 
JPEG extension with both horizontal and vertical resolution of 96 dpi 
and 24 bits. At the time of registering the images, the box was closed, 
and the webcam was handled via a laptop. 

2.4. Chemometrics procedures 

Each image was processed with an ImageGUI MATLAB routine in 
order to generate a colour histogram for grey scale, red, green, blue, hue, 
saturation, and value. Each colour channel comprised 256 colour levels 
and the full data matrix was 32 × 1792 in size. The data set was parti-
tioned using sample partition (calibration, 20 samples; external pre-
diction set, 12 samples) using X and Y joint distance as described 
elsewhere [24]. Multivariate calibration models were built via partial 
least squares (PLS) [25], and variable selection was performed using 
intervals (i) and the interval successive projection algorithm (iSPA), 
both coupled to PLS [26]. The smallest error by full cross validation 
(leave one out) was taken into account to determine the reliable number 
of latent variable (LV) for each model. All calculations were carried out 
in MATLAB environmental 2010a using the MCV1 toolbox (available at 
https://www.iquir-conicet.gov.ar/esp/pers2.php?campo1=82 
&area=12) [27] and a homemade MATLAB toolbox (available by 
request at araujo.gomes@ufrgs.br). 

3. Results and discussion 

3.1. Visual inspection 

MP counts are useful for monitoring the presence of polymeric debris 

Fig. 1. Acquisition system used to take digital images of each filter sample.  

Table 1 
Minimum, maximum, and average values of microplastics counted in the sam-
ples through visual inspection.  

Color Minimum Maximum Average Standard deviation 

Yellow 1 212 48 38 
Blue 7 134 43 23 
Black 0 50 6 6 
Colorless 6 290 85 64 
Green 0 113 26 22 
Red 20 329 73 38  
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in the aquatic environment. However, the main tool used for this 
objective was visual inspection, which showed many sources of error 
during the counts. The visual count is highly influenced by the observer 
experience as well as the characteristics of the sample since it has been 
observed that organic materials, such as twigs and tree leaves, can be 
identified as MPs [19]. These facts might lead to an underestimation or 
overestimation of the total number of MPs. Among the studied samples, 
the colourless and red MPs were the predominant colours. Table 1 shows 
the minimum, maximum, and average of microplastics number counted 
between the two counts. The highest deviation was obtained for the 
colourless samples, followed by the yellow and red samples. This is 
probably because these MPs can be mistaken with organic or cellulosic 
materials. 

These findings agree with a study reported by Lavers et al., who 
found high variation among the different counts of MPs, which was 
around 60% to 100% variability. This study suggested that several fac-
tors may impact the MP counts, such as observer experience, visibility of 
the MP in the samples, and mistaking biological and organic material 
with plastic debris. Other research performed by Song et al. [28] has 
shown that the number of MPs can have high variation upon visual in-
spection compared to Fourier-transform infrared spectroscopy (FT-IR) 
analysis, with error rates up to 70%. Therefore, these results show the 
extreme variance that may be occur during visual detection. 

3.2. Calibration and validations models 

In Fig. 2a, a typical digital image processed in this work is depicted; 
organic matter and soil remnants generate a coloured background in 
brown tones. Larger pieces of plastics are easily seen, as in the case of the 

blue fragment shown in detail in Fig. 2b. The red circle corresponds to 
the definition of the region of interest (ROI) for the maintenance of 
colour histograms shown in Fig. 2c. Practically all colour levels exhibit 
non-zero frequency, showing sample complexity. 

The calibration models based on PLS were built, and variable se-
lection was performed by means of the iPLS and iSPA-PLS approaches. 
Interval widths of 5, 10, 15, and 20 were evaluated against the root 
mean square error of cross validation (RMSECV), and the minimum one 
for each colour of plastic was selected. 

A statistical summary of fitness, validation, and prediction are shown 
in Table 2, and it can be seen that the digital images carry the appro-
priate information needed to model the amount of MPs. Considering all 
cases, the largest number of latent variables chosen was 3, suggesting 
parsimonious models. The calibration (RMSEC) and cross-validation 
(RMSECV) error values agreed with each other, indicating that the 
models do not exhibit overfitting. Considering the complexity and 
subjectivity of the visual counting method, the statistical summary for 
prediction also displays acceptable values. 

For the blue colour, the best model was the full PLS. For all other 
cases, subsets of intervals showed better results (see Fig. 3). And except 
for yellow, all others models based on variable selection exhibited a 
single interval as the best solution. For the yellow colour, the selected 
ranges included the grey scale and all the colours of the RGB system, in 
addition to all saturation levels. Interestingly, the model for black- 
coloured MPs showed better results for the model employing the hue 
colour levels. The model for colourless MPs was better fitted using only 
saturation and value information. The model for green MPs selected a 
narrow range, including shades of black and red, and the last model 
(model for red colour) showed better results when only saturation in-
formation was included. 

Fig. 4 depicts the predicted versus reference values for all cases. As 
can be seen, although the reference method has a high level of subjec-
tivity, reasonable correlations were obtained between nominal values 
and predicted by the PLS models. Predicted values in the cross validation 
and independent test set fit across the bisector. The PLS validation 
procedure was carried out by means of leave-one-out cross validation in 
order to find the appropriate number of variable laments (VL), and the 
optimum was chosen by the Haaland – Thomas approach. This infor-
mation is shown in Table 2. The optimal number of latent variables was 
used to predict an independent test set. In addition, Fig. 5 represents the 
elliptical joint confidence regions (EJCR) for slope and intercept from 
the fitted line to predict versus reference values the elliptical region was 
designed for 95% statistical confidence. 

As can be seen, models for the colours blue, yellow, and red do not 
exhibit significant bias. On the other hand, green, black, and colourless 

Fig. 2. Data set: in (a) digital image; (b) it zooms showing details of processed images; and (c) full histogram from all samples. Black and magenta colours correspond 
to hue, saturation, and value, respectively. Other colour models are properly indexed. 

Table 2 
Statistical summary for calibration, cross validation, and prediction. a/bNumber 
of intervals selected/number of intervals in which the histogram was 
partitioned.  

Model iSPAPLS PLS iSPAPLS iPLS iPLS iSPAPLS 

Color Yellow Blue Black Colorless Green Red 
LV 3 2 1 2 3 2 
Intervalsa/b 12/15 1/1 1/10 1/10 1/20 1/10 
RMSEC 3.4 7.0 5.0 13.7 5.7 28.7 
RMSECV 5.3 8.6 5.7 16.5 6.4 35.5 
R2-cv 0.98 0.92 0.69 0.78 0.87 0.91 
RMSEP 9.8 6.4 3.5 8.1 7.5 19.3 
R2-pred 0.90 0.83 0.87 0.56 0.69 0.49  

a/b Number of intervals selected/number of intervals in which the histogram 
was partitioned. 
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Fig. 3. Variables included in each model. (a) Yellow, (b) blue, (c) black, (d) colourless, (e) green, and (f) red.  
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Fig. 4. Predicted versus reference for all cases. The blue ball and black square are values computed for cross validation and the external test set, respectively.  

Fig. 5. Elliptical joint confidence regions for cross validation.  
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models exhibited a slight proportional bias. In any case, the results ob-
tained indicate a permissive approach as a viable alternative to visual 
inspection and manual counting. The obtained difference between the 
visual and chemometric methods is probably caused by the interference 
of organic and biological material in MP identification, but also by 
observer fatigue. Moreover, the overestimation of the amount of MPs 
could occur since this approach characterises MP content by colour, and 
natural fibres may be coloured and may be mistaken as MPs, demon-
strating a limitation of the method that should be further improved 
upon. 

4. Conclusion 

This study proposed a computer-vision-based chemometrics-assisted 
approach devoted to determining the abundance of MPs using digital 
image processing was reported. Based on these findings, it is possible to 
point out that the described approach has great potential to replace vi-
sual inspection. The approach presented here is fast, inexpensive, and 
accessible, even to governments in developing countries. Last but not 
least, it eliminates the effect of human subjectivity in future analyses. 
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