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A B S T R A C T   

The on-site examination and characterization of microparticles are becoming crucial due to the significant rise in 
plastic pollution in natural resources. Hence, identifying the specific microplastic composition and quantity 
would enable the implementation of preventive measures. This paper presents a cost-effective setup that utilizes 
the Random Forest algorithm to detect the size and refractive index of micro particles, hence facilitating the 
identification of the material type. The system utilizes the scattering patterns of laser light from the dispersion of 
microparticles, namely within the concentration range of 0.05 fM to 3.00 fM. The refractive indices and particle 
sizes of melamine (Me8) spheres with a size of 8 μm, as well as polystyrene (PS8) spheres with a size of 8 μm and 
(PS10) 10 μm, were estimated using the Random Forest algorithm and recorded scattering patterns. The pro
posed method may deliver findings with an average deviation of 0.23 μm for particle size and 0.015 for particle 
refractive index. The statistical analysis indicated that there was no notable disparity between the experimental 
findings and the predictions derived from the machine learning system. The existing configuration can be readily 
converted into a point-of-use system that can be employed on-site for the purpose of monitoring and identifying 
microplastic contamination.   

1. Introduction 

The thoughtless and widespread use of microplastics in our daily 
lives has led to the emergence of a global problem of microplastic 
pollution. The quantity of plastic waste in oceans and lakes is seeing a 
substantial rise as a result of the notable consumption of plastics [1–3]. 
The microparticles present in water mostly originate from two sources: 
fragmented plastic detritus and plastic microbeads often employed in 
various products. Upon pollution of the water, microplastics amass 
among fish and other marine organisms [4–6]. Plastics derived from 
automotive tires, industrial activities, and other sources significantly 
increase the quantity of these contaminants [7–9]. Recent scientific 
research has demonstrated the presence of these minuscule particles in 
the human body, blood, milk, and meat of farm animals. Additionally, 
they have been found in many food products such as honey, sugar, salt, 
and seafood [10–13]. A separate investigation revealed that minute 
submerged plastics of micro/nanoscale ascend to the water’s surface and 
become intermingled with the air due to the process of evaporation [14]. 
Precipitation transports microplastics from the atmosphere back to the 
ground, leading to unavoidable contact and inhalation of these particles. 

The risk of inhaling microplastics escalates as their size decreases [15]. 
In order to successfully address the global issue of microplastic pollu
tion, it is essential to understand its sources, possible impacts, and 
develop effective methods for detection and analysis. The widespread 
and careless utilization of plastics is resulting in a substantial surge in 
the quantity of plastic garbage in oceans and lakes. The consequences of 
this extend beyond the environment, as plastic waste is now infiltrating 
the human body through food consumption. Consequently, research 
endeavors have redirected towards innovative techniques such as light 
scattering to detect and examine microplastics, facilitating a more 
comprehensive understanding of their dimensions, prevalence, and 
composition. By employing techniques such as the Mie theory and uti
lizing advanced algorithms like Random Forest, these methods enable 
the implementation of preventive measures against the infiltration of 
microplastics into the human body, highlighting the urgent necessity to 
address this pervasive environmental issue. 

Light scattering techniques can be employed to ascertain the size, 
composition, and concentration of different materials through diverse 
applications [16], [17]. To detect microplastics, one can measure and 
analyze the angle, distribution, and intensity of the scattered light. 
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Nevertheless, the Mie theory is constrained by the scattering of indi
vidual particles [18–20], and the inclusion of intricate equations such as 
Riccati-Bessel and Hankel leads to computational intricacy. An alternate 
approach involves implementing these equations on a solver and per
forming numerical calculations. By employing the numerical solution, 
one can acquire the scattering distribution of a particle by inputting the 
essential parameters, including particle dimensions, incident wave
length, and refractive indices for both the medium and the micropar
ticle. In order to characterize the microplastics found in water-based 
solutions, we examine the pattern of scattered light and extract infor
mation about the size, refractive index, and concentration of the parti
cles. The research we conducted is dependent on the angles of the 
interference rings, which were derived by theoretical calculations uti
lizing Mie scattering. Initially, we acquire bright interference ring angles 
which are dependent on particle size, refractive index, and wavelength 
of incident light. Afterwards, we utilize the interference ring angles that 
were obtained by numerical methods to train a Random Forest algo
rithm. Subsequently, the Random Forest technique is used to analyze the 
particle size and refractive index of scattering patterns obtained from 
experimental measurements of microspheres. 

Transitioning from the analysis of microplastics and their charac
teristics to the broader landscape of particle detection, various tech
niques have been explored for their efficiency and portability. Literary 
research focuses on developing cost-efficient and portable instruments 
for particle detection. The particles and their properties were examined 
using various techniques such as Raman scattering, flow cytometry, 
fluorescence spectroscopy, and Fourier-transform infrared scattering 
[6], [16], [21–23]. Furthermore, to address the problem of microplastics 
pollution, various tiny and portable devices employing diverse meth
odologies have been created [24–28]. In addition, to develop the status 
of the technology, there are studies investigating the effects of particle 
shape and particles’ distribution in the samples [29–31]. Having mon
odispersed particles in the samples is vital for accurately analyzing the 
impact of particle size. Developing a technique capable of identifying 
the dimensions, composition, and abundance of particles encountered in 
practical scenarios is crucial. In light of the escalating prevalence of 
microplastics and other undesirable contaminants, there will be a 
growing demand for solutions that are practical, cost-effective, portable, 
and robust. 

By integrating machine learning into the detection process, it be
comes feasible to analyze the vast quantity of photos and examine the 
dispersion of several particles. The Random Forest algorithm yields 
rapid and precise outcomes for scattering computations. The Random 
Forest method incorporates numerous trees, making it well-suited for 
our specific circumstances. Every tree incorporates judgments and 
thresholds that are considered during the classification of the data 
[32–34]. The collection of trees within the algorithm constitutes the 
forest, and the criteria for making decisions fluctuate randomly 
following each iteration. In this approach, testing is characterized as a 
stochastic process, resulting in varying outcomes with each repetition. 
The accuracy of the method is quantified by the standard deviation of 
the mean of all the outputs obtained during each iteration. 

This study presents a cost-effective technique that enables the 
characterization of light scattering patterns by different microplastic 
samples in water, while considering the angles of interference rings. The 
studies utilized melamine particles with a diameter of 8 micrometers, as 
well as polystyrene particles with diameters of 8 micrometers and 10 
micrometers. These particles were subjected to red laser light with a 
wavelength of 656.3 nanometers, green laser light with a wavelength of 
514.9 nanometers, and blue laser light with a wavelength of 403.8 
nanometers. The integrated system of our random forest is capable of 
delivering findings with an average deviation of 0.23 μm for particle size 
and 0.015 for particle refractive index, when comparing theory and 
predictions. Hence, we believe that the identification and character
ization of the samples using a cost-efficient setup would provide a novel 
approach for the advancement of affordable and widely adopted 

technology to address the issue of global microplastic contamination. 

2. Materials & methods 

2.1. Sample preparation 

It is feasible to examine the influence of material type (refractive 
index of particles) and particle size by utilizing commercially accessible 
microparticles composed of two distinct materials, melamine (Me) and 
polystyrene (PS), with diameters of 8 µm (PS8) and 10 µm (PS10), 
respectively (SIGMA-ALDRICH 95523, 84192, 72986). To investigate 
the correlation between particle quantity and scattering characteristics, 
samples at different concentrations were prepared. 

Pipettes were utilized to fill the vials with the required quantity of 
stock solutions and ultra-pure water. The experiments included three 
types of materials, Me8, PS8, and PS10. The concentration ranged from 
0.05 fM to 3.00 fM, or from 3×104 particles/mL to 1.8×106 particles/ 
mL. 

2.2. Experimental setup 

A laser beam was directed towards the sample cuvette, which was at 
room temperature, after passing through an iris and a neutral density 
filter. Both the iris and the neutral density filter were employed for 
regulating the power and width of the incident beam. A graded screen 
was placed behind the micro-cuvette, which was fixed on a cuvette 
holder that was fabricated via 3D printing, as depicted in Fig. 1. A total 
of 200 scattering photos were captured for each sample under dark 
conditions using the Raspberry Pi Camera Module and a Raspberry Pi 
equipped with 4 GB of RAM. For the experiments, three lasers were 
utilized, each generating light at distinct wavelengths of 405 nm, 
520 nm, and 650 nm from THORLABS (CPS405, CPS520, and CPS650F, 
respectively). Nevertheless, the data sheets provided by THORLABS 
indicate that the emission wavelengths of the lasers are at 403.8 nm, 
514.9 nm, and 656.3 nm. To avoid potential confusions that other re
searchers, who want to employ our results or methods, may experience, 
we have opted to utilize these measured values reported by THORLABS. 

2.3. Image processing and machine learning 

The 200 captured images of each sample were transmitted to a 
computer for additional processing. Initially, a mean image was ac
quired to diminish the level of noise, as depicted in Fig. 2(a). The image 
exhibits symmetry and was resized to one-fourth of its original di
mensions. Additionally, it was transformed into grayscale to optimize 
computing efficiency (Fig. 2(b-c)). To collect data on angular scattering, 
azimuthal angles ranging from 5 to 90◦ were selected for integration, 
with a step size of 1◦, as shown in Fig. 2(d). Azimuthal angles pertain to 
the angles on the plane parallel to the screen (i.e., positive x-axis shown 
on the screen correspond to 0◦ whereas positive y-axis correspond to 90◦

(Fig. 1(e)), whereas scattering angles are the angles with respect to the 

Fig. 1. Experimental setup, (a) light source, (b) iris, (c) neutral density filter, 
(d) cuvette holder and cuvette, (e) graded white screen, and (f) camera module. 
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axis aligned with the light source (i.e., the angle that the scattered light 
makes with the optical axis). In Fig. 2(d), the 86 azimuthal lines were 
depicted using 10◦ intervals to enhance clarity of the illustration. Ulti
mately, the angular scattering data of the sample was analyzed. Fig. 2(e) 
displays the results, which exhibit constructive interference rings 
appearing as peaks in relation to the scattering angle. To enhance the 
accuracy of peak detection, the data points around the peak angles were 
used to fit a second-degree polynomial, resulting in more stable peak 
angle values, and reducing uncertainty. The scattering angle varies from 
0◦ to 21◦, which was selected due the optimal distance between the 
cuvette and the screen so that intensity variations and scattering rings 
could be reliable imaged by our camera. Modifying the distance would 
result in different scattering ranges. When the screen is placed too close 
to the sample, the central area appears too bright. This results in 
improper identification of the scattering at larger angles since they 
appear much weaker on the screen compared to the central part of the 
scattered pattern. Furthermore, exploring scattering at broader angles 
would result in a higher computing burden without providing any sig
nificant improvement to the quality of the data. On the other hand, 
placing the screen far from the sample results in imaging a lower number 
of scattering rings, which leads to a loss of crucial information related to 
particle characteristics. Since we found out that the first four scattering 
rings were enough to reach conclusions related to particle characteris
tics, we have chosen this scattering range in this study. 

Given the inherent numerous scatterings of the spheres in liquid, the 
Random Forest algorithm offers the opportunity to categorize the 
measured scattering data, which would not be a simple theoretical 
calculation. Random Forest was utilized in this investigation because of 
its straightforward design and repeatable outcomes. Using Mie scat
tering equations existing in the literature [18], [20], [35], we calculated 
theoretical scattering angles by a numerical solver. The correspondence 
between experimental findings and numerical solutions were investi
gated and the results are given in Supplementary Information, Table S1 
and Table S2. The highly matched results made it possible to apply 
Random Forest conveniently for creation of a dataset. This numerical 
solution methodology produced the data set, which included the 
wavelength of incident light, particle size, material type, and bright ring 
angles that were used to run the algorithm. A test set of data was created 
from 20% of all measurements. The remaining part was used to train the 
Random Forest algorithm. 

The inputs for classifying the material types and particle sizes were 
incident wavelength and bright ring angles only. The concentration and 
scattering intensities were not required at this stage because it was 
observed during the image analysis that the peaks were at the same 
angle for a given material type, concentration, and size while the in
tensity of the scattered light increases with increasing concentration. In 
addition, particle size was not used as an input parameter to predict 
particle refractive index or vice versa. 

Fig. 2. (a) Raw scattering image of Me8 particles excited by green laser (b) cropped image (c) gray-scale image (d) data lines on scattering image (e) average 
scattering behavior of 86 lines (5º:1º:90º) on 1.50 fM 8 µm Me particles. 

Fig. 3. Angular scattering of Me8 particles for concentrations from 0.05–3.00 fM by (a) 656.3 nm, (b) 514.9 nm and (c) 403.8 nm.  
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Univariate normality is assessed by examining the skewness and 
kurtosis values. The skewness value quantifies the degree of symmetry in 
a distribution, while the kurtosis value quantifies the degree of 
peakedness [36]. The allowable range for skewness and kurtosis is be
tween − 2 and +2 [37]. Furthermore, when the skewness and kurtosis 
values are close to zero, it indicates that the distribution is normal [38]. 
Levene’s test was used to verify the homogeneity of the variances. 
Verifying and guaranteeing these two assumptions is crucial as the 
subsequent statistical tests are parametric. The significance of the sta
tistical results was evaluated at a significance level of p<0.05. An in
dependent sample t-test was conducted to assess the consistency of the 

projected outcomes in both the testing and experimental portions of the 
dataset. 

3. Results and discussion 

Consistent with expectations, the intensity of the scattered light in
creases in tandem with the number of particles (Fig. 3), particularly from 
a concentration of 0.25 fM onwards (Fig. S1 and S2 for PS8 and PS10). It 
is evident that variations in concentration have no substantial impact on 
the scattering peak angles, provided that the particle’s refractive index, 
size, and the incident light’s wavelength remain constant. 

The examination of particle sedimentation at the bottom of the 
cuvette was essential for accurate measurements, despite the fact that 
capturing 200 images of each sample is a brief process, taking approx
imately 1.5 minutes. Hence, we conducted an investigation to examine 
the impact of sedimentation on our measurements. We obtained 800 
photographs, which is four times more than the typical number of im
ages, of 8 µm Melamine particles that were triggered by a green laser. 
We then organized these images into groups of 100. According to the 
data shown in Fig. 4, the scattering intensity of the final set is greater 
than that of the nearest lower concentration, which is 1.25 fM. Thus, we 
may infer that the length of our imaging procedure and the settling of 
particles in the samples do not affect our approach. 

The calibration curves for Me8 particles at incoming light wave
lengths of 656.3 nm, 514.9 nm, and 403.8 nm are displayed in Fig. 5. 
These curves enable us to accurately ascertain the concentration of a 
sample. Additional calibration curves for PS8 and PS10 may be found in 
the Supplementary Information, namely in Figures S3 and S4, respec
tively. We generated three distinct sample sets consisting of identical 
types and concentrations of substances and carried out experiments at 
three different time points. The integration of all pixel values in a picture 

Fig. 4. Scattering data of 2.00 fM, 1.25 fM and averages of each consecutive 
100 images belong to the 1.50 fM Me8 particles for a total of 800 images. 

Fig. 5. Total scattering cross section and calibration curves of Me8 particles for three different sample sets and measurements by employing lasers emitting at (a) 
656.3 nm, (b) 514.9 nm and (c) 403.8 nm. 

Fig. 6. Right-upper quartile of calculated scattering patterns of 8 μm polystyrene (PS8) particles by illuminating the samples with lasers emitting at (a) 656.3 nm, (b) 
514.9 nm and (c) 403.8 nm. (d) shows the integrated scattering data as a function of angle. 
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yields the cumulative scattered light intensity. We computed the inte
grated scattering intensities by analyzing the scattering patterns of three 
distinct samples for every concentration. Calibration curves were 
generated by applying a second-degree polynomial regression to the 
average concentrations of particles, sizes, and incident wavelengths. 

As mentioned in the section on Image Processing and Machine 
Learning, the Random Forest algorithm generates random decision trees 
based on input data and ultimately determines the output value. In order 
to accomplish it, there must be a distinction between the input sets. It is 
essential in our study that the first four bright ring angles of a sample 
must be distinct. In order to assess the potential use of interference ring 
angles as input parameters for the Random Forest algorithm, we 
compared the fluctuations in incidence wavelength, particle size, and 
refractive index of the particle. By observing notable variations in 
scattering patterns, we are able to discern the dimensions, refractive 
index, and abundance of particles. 

Three unique incident wavelengths were employed to investigate the 
scattering patterns of the same material (PS8 at a concentration of 1.00 
fM) in order to analyze the findings related to the bright interference 
rings. The peaks generated by red, green, and blue lasers exhibited 
significant dissimilarities to each other, as depicted in Fig. 6, while using 
the identical material and concentration. Therefore, we have deter
mined that varying incident wavelengths lead to distinct scattering 
patterns that rely on the angle. Moreover, the unique ring angles 
observed at the same concentration but with different incident light 
wavelengths facilitate the determination of particle size and 
wavelength-dependent refractive index. This, in turn, enables the 
identification of the particle type. Fig. 7 demonstrates that samples with 
a concentration of 1.50 fM exhibit data with different interference ring 
angles. Utilizing this information would be suitable for employing the 
Random Forest technique to aid in the categorization of the samples. It is 

evident that various materials exhibit distinct Mie resonances when 
exposed to light of the same wavelength. 

We examined the potential overlap between the interference ring 
angles calculated using Mie theory and the corresponding experimental 
results (as shown in Fig. 8 and Table S1 (Supplementary Table 1)). 
Initially, the average peak angles of ten concentrations were evaluated 
for each combination of particles and light sources. The average of the 
first four peak angle values (1st, 2nd, 3rd, and 4th) was determined and 
compared to the theoretical values. This was done by calculating the 
mean absolute percentage error (MAPE) and computing the standard 
deviations (STD) based on the experimental measurements of three in
dependent sample sets. Furthermore, the root mean squared error 
(RMSE) was computed by comparing the experimental results with the 
theoretical values. The RMSE has a maximum error range of 0.08–1.01, 
while the MAPE has a maximum error range of 0–6.76%. The computed 
errors and standard deviations are included in the Supplementary In
formation (Table S2 (Supplementary Table 2)). These findings indicate 
that incorporating the Random Forest algorithm into a cost-effective, 
portable device should yield satisfactory results in accurately predict
ing tiny discrepancies between real and anticipated outcomes. Although 
there are lesser variations in shorter wavelengths for 8 µm particles, the 
experimental findings for 10 µm PS particles align most closely with the 
theory at a wavelength of 656.3 nm. Furthermore, the largest difference 
of bright ring angles between the average of the experimental data and 
the theoretical calculations were obtained for Me particles irradiated 
with the red laser. This error is found to be 1.17◦, as shown in the 
"Theory" columns of Table S1 and the "AVEG" columns of Table S2. In 
addition, the agreement between theory and experimentation is more 
accurate at smaller scattering angles compared to larger scattering an
gles. Hence, it is reasonable to conclude that the theoretical calculations 
are applicable to the experimental configuration. 

Fig. 7. Scattering data of 1.50 fM Me8, PS8 and PS10 particles by lasers emitting at (a) 656.3 nm, (b) 514.9 nm and (c) 403.8 nm.  

Fig. 8. Comparison of the first four peak angles of experimentally obtained scattering patterns with the patterns obtained using Mie theory for (a) Me8, (b) PS8, and 
(c) PS10 particles. 
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Although it has been demonstrated that microparticles exhibit 
distinct Mie resonances, characterized by varying bright interference 
ring angles and intensities, conducting experiments with numerous 
materials at different concentrations and sizes would necessitate a 
substantial amount of laboratory work to generate a dataset solely based 
on experimental findings. Alternatively, a dataset was generated by 
theoretical calculations that ensure conformity with experimental 
findings, and this dataset will be employed in the machine learning 
method. A dataset was built using nested for loops to account for particle 
size, material type, and incidence wavelength. The incidence wave
length ranges in our laboratory were 403.8 nm, 514.9 nm, and 
656.3 nm. The particle refractive index varied from 1.30 to 2.20 in in
crements of 0.01. The particle diameter ranged from 5 µm to 13 µm in 
increments of 0.5 µm. We developed two distinct models for the purpose 
of determining particle size and refractive index. The only parameters 
known for those two models were the incident wavelength, the first four 
angles of the interference rings, and the refractive index of the medium. 
We did not include size information when searching for the refractive 
index of the particle, nor did we consider the refractive index when 
seeking its size. 

For the training of both models, a random selection of 80% of the 
dataset was used. The model was provided with the incoming wave
length, the refractive index of the medium which is water in this study, 
and the angles of the first four brilliant rings, ranging from 5 to 21 de
grees. The results provided data on the dimensions and refractive index 
of the particle. The Random Forest algorithm was implemented using 20 
iterations, each consisting of 100 trees, using a methodology similar to 
that described in the literature [32], [33]. 

In order to assess the suitability of independent variable t-tests, it is 
necessary for the results to follow a normal distribution. The results 
indicate that the skewness and kurtosis values for the real data are 0.05 
and − 1.191, respectively, which fall within acceptable ranges. The test 
data exhibits skewness and kurtosis values of 0.026 and − 1.144, 
respectively, which are within the permitted range for conducting an 
independent sample t-test. The significant value (0.741) of Levene’s test 
for equality of variances indicates that the data satisfies the condition of 
homogeneity of variances. Based on the assumption of equal variances 

between the real and predicted data for Model 1, the result of the in
dependent sample T-test within a 95% confidence range indicates that 
there is no statistically significant difference between the mean values of 
the real and predicted data (t=-0.033, df=1854, p>0.05). 

The particle size was estimated using the refractive index of the 
medium, the incident wavelength, and the first four interference ring 
angles. The essential parameters that can be extracted from a raw image 
captured during the measurement are as follows. The remaining portion 
of the dataset, which accounts for 20% of the library, was employed to 
evaluate the model’s performance subsequent to training it using those 
inputs. The prediction of particle size exhibited a correlation of 0.95 
with 20% of the library, as depicted in Fig. 9. After establishing the 
accuracy value of the model utilizing the library generated by theoret
ical results, we utilized experimental results as test data for the model. 
The particles Me8, PS8, and PS10 have been utilized to examine the 
properties of red, green, and blue light. The actual and projected particle 
sizes for such combinations are illustrated in Table 1. The T-Test results, 
with a value of 0.973, indicate that there is no statistically significant 
distinction between the actual and projected particle sizes. The results 
demonstrate the efficacy of our technology in detecting the size of 
particles. 

The second model utilized identical input parameters, including the 
refractive index of the medium, incident wavelength, and the first four 
angles of interference rings, to forecast the refractive index of particles 
during training. The identical methods, with a ratio of 80% for training 
data and 20% for testing data, were executed. The performance of the 
model in estimating the refractive index of particles is presented in  
Fig. 10. The prediction of particle size exhibited a correlation of 0.748 
with 20% of the library, as depicted in Fig. 10. Providing varying sets of 
angles for the same material at different sizes poses a challenge for the 
model’s learning process. For example, a material exhibits varying peak 
angles at different sizes, while maintaining a consistent refractive index. 
The training procedure is limited to using only incoming wavelength 
and peak angle values, without considering particle size. This is due to 
the fact that multiple sets of input parameters can provide the same 
output, making it difficult to accurately predict the forces involved. 
Thus, the distribution exhibits greater inaccuracy in comparison to the 

Fig. 9. The difference between the Mie theory and the predicted results for the 
test data by the Random Forest algorithm. 

Table 1 
The comparison of actual and predicted results for particle size by the Random Forest algorithm.   

Red (656.3 nm) Green (514.9 nm) Blue (403.8 nm)  

Me8 PS8 PS10 Me8 PS8 PS10 Me8 PS8 PS10 

Actual 8 μm 8 μm 10 μm 8 μm 8 μm 10 μm 8 μm 8 μm 10 μm 
Predicted 8 μm 6.5 μm 10 μm 8 μm 8 μm 10 μm 8 μm 8 μm 9.5 μm  

Fig. 10. The difference between the Mie theory and the predicted results for 
the test data by the Random Forest algorithm. 
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particle size. 
Model 2 exhibited suitable skewness and kurtosis values, enabling 

the application of an independent sample t-test for this model. The 
significant value (0.711) of Levene’s test for equality of variances in
dicates that the data satisfies the requirement of homogeneity of vari
ances. Based on the assumption of equal variance between the real and 
predicted data for Model 2, the result of the independent sample T-test 
within a 95% confidence range indicates that there is no statistically 
significant difference between the mean values of the real and predicted 
data (t=-0.202, df= 1854, p>0.05). 

While the discrepancy between laboratory and estimated findings is 
greater for the distribution of error compared to the particle size results, 
the second model nevertheless demonstrated satisfactory performance, 
taking into account the variations outlined in Table 2. Furthermore, the 
T-Test results (0.840) indicate that there is no statistically significant 
distinction between the actual and expected refractive index of the 
particles, similar to the particle size. Hence, the refractive indices of the 
materials can be accurately calculated by analyzing the scattering im
ages captured using the suggested arrangement with a minimal margin 
of error. The system is capable of differentiating between two spheres of 
equal size by analyzing their refractive indices and scattering charac
teristics at specific wavelengths. 

Our cost-effective experimental system is designed to detect certain 
particles that are recognized by the machine learning model. In our prior 
study, it was demonstrated that there is no substantial disparity between 
the outputs of the experimental system and the findings of numerical 
calculations [39]. Consequently, after the model has been trained using 
a diverse dataset, it will possess the capability to make separate pre
dictions for particle size and refractive index. To mitigate the impact of 
diversity in particle size, shape, or refractive index, our method needs to 
be further improved by linking the scattering pattern with the effects of 
these variations in a sample. It may also be necessary to add supple
mentary procedures prior to analysis such as inclusion of filtering units 
with various pore sizes. Furthermore, the utilization of various angles to 
collect scattering data which would have differences due to asymmetries 
in the particle shapes and integration of this scattering information with 
image processing techniques have the potential for enabling particle 
shape assessments. 

4. Conclusions 

The issue of microplastic pollution is rapidly expanding and neces
sitates urgent measures to restrict and monitor the release of micro
plastics into our natural resources. The scattering theory is used for the 
purpose of detecting, identifying, and classifying particles present in 
liquids. Regrettably, performing theoretical computations for particle 
scattering manually poses a significant challenge. Furthermore, the 
process is impeded by the existence of multiple particles and the phe
nomenon of light scattering occurring among these particles. 

This work involved capturing the scattering patterns of particles with 
varied sizes and compositions using an inexpensive apparatus. We 
conducted experiments using three distinct wavelengths of input light. 
Initially, we established a direct relationship between the Mie theory 
and the empirical evidence. The experimental results we obtained were 
consistent with the results predicted by the theoretical equations 
implemented in a numerical solver. The largest disparity seen between 
experimental and theoretical outcomes for the angle of a bright ring was 

1 degree, as demonstrated in the "Theory" columns of Table S1 and the 
"AVEG" columns of Table S2. Subsequently, we generated a compilation 
of scattering patterns by employing Mie theory. Alternatively, doing 
experiments with numerous materials would result in significant ex
penditures of time, resources, and computational effort. Furthermore, 
there remains a constraint imposed by the unused materials for data 
collection. Nevertheless, the utilization of theoretical findings that align 
with experimental outcomes has led to the emergence of prospects for 
additional advancements. Consequently, we proceeded to create a ma
chine learning model to estimate the dimensions of particles and their 
refractive index. We have created a predictive model for estimating 
particle size and refractive index. This model is able to generate certain 
scattering patterns. Additionally, we have devised a technique to extract 
relevant data from these scattering patterns. This method aims to 
address computational challenges and minimize the time required for 
calculations. Through our analysis of the scattering images, we estab
lished that the interference ring angles exhibited unique values. The 
algorithm might utilize varying bright ring angles corresponding to 
different materials and particle sizes as its inputs. Consequently, they 
might be utilized as inputs for the machine learning model. Following 
the examination of our laboratory findings and the acquisition of precise 
predictions, we have ultimately achieved a high level of reliability. The 
Random Forest technique accurately obtained 7/9th of the particle size 
in model 1. The largest discrepancy observed was a deviation of 1.5 
micrometers specifically for PS8 when exposed to red light. The 
maximum inaccuracy for the refractive index of particles in model 2 is 
0.13. The outcomes obtained with Me8 using green light are nearly 
indistinguishable from the actual values. Therefore, it has been 
demonstrated that this configuration is capable of discerning the ma
terial composition and dimensions of two spheres of equal size. 

Considering the setup’s affordable price and ease of transport, we 
believe that this work will introduce fresh possibilities for particle 
detection and investigation, with significant ramifications for assessing 
water quality. 
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Table 2 
The comparison of the actual and the predicted results for refractive index of the particle by the Random Forest algorithm.   

Red (656.3 nm) Green (514.9 nm) Blue (403.8 nm)  

Me8 PS8 PS10 Me8 PS8 PS10 Me8 PS8 PS10 

Actual  1.79  1.589  1.589  1.89  1.601  1.601  1.96  1.617  1.617 
Predicted  1.79  1.72  1.61  1.89  1.60  1.60  1.96  1.56  1.66  
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