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A B S T R A C T   

The quantification of the mass of meso/microplastic (MMP) particles is crucial for assessing the global inventory 
of ocean plastics and assessing environmental and human health risks. Herein, linear regression models between 
mass and projected surface area on a log scale were established by directly measuring the masses of 4390 MMP 
particles collected at 35 sites in 17 Japanese rivers with an ultramicrobalance. The linear regression models 
estimated mass concentrations more accurately than any previous method based on geometric volume assuming 
several three-dimensional shapes. Additionally, linear regression models were quite reasonable for determining 
the geometric relationships of idealized cuboid particles. The slope of the linear regression models was depen-
dent on the three-dimensional shapes of the particles, and their intercept was determined according to their third 
dimension. Moreover, the third dimension led to uncertainty in the mass estimation of particles; thus, the ac-
curacies of the previous methods were relatively poor. Nevertheless, two limitations for mass measurement by 
linear regression models were identified, which determined the size range of the MMP particles on the projected 
surface area (ranging from 10−4 mm2 to 102 mm2) that is applicable for mass estimation of the particles collected 
from riverine and marine environments. Our results could be used to accurately estimate the mass concentrations 
in aquatic environments and provide insights into the geometric relationships between the mass and size of MMP 
particles.   

1. Introduction 

The contamination of aquatic environments (e.g., oceans, rivers, and 
lakes) with mesoscale (5–25 mm in size) and microscale (<5 mm in size) 
plastic (MMP) particles has been evaluated in units of m−3 (particle 
count per unit water volume) or km−2 (particle count per unit area) with 
surface net towing, water pumping, and bulk sampling techniques (Isobe 
et al., 2021). The level of contamination is referred to as the numerical 
concentration. The numerical concentration is significant for comparing 
microplastic contamination among environments and discussing the 
behaviors of particles in water columns; it can quantify MMPs with mass 
concentrations to assess the global inventory of ocean plastics (Koel-
mans et al., 2017; Thompson et al., 2004) and assess risks to the envi-
ronment and human health (Koelmans et al., 2022). To gain more 
information from laboratory tests for risk assessment, effect 

concentrations should be reported more accurately and explicitly in 
terms of both mass and numerical concentrations (de Ruijter et al., 
2020). For instance, to facilitate the development of human-health risk 
assessments and effective management and policy options, the global 
average rate of microplastics ingested (g/year/person) has been esti-
mated as the product of the average number of microplastics ingested 
(particles/year/person) and the average mass of individual MMP par-
ticles (g/particles) (Senathirajah et al., 2021). The geometric volume of 
an MMP particle is also a relevant dose metric for a food dilution 
mechanism (de Ruijter et al., 2020). The individual MMP mass can often 
be a reasonable proxy for its geometric volume because the MMP mass is 
proportional to the volume, where the proportionality constant is the 
polymer density of the MMP particle (approximately 1.00 mg/mm3) and 
is less variable than other microplastic characteristics, such as the par-
ticle size and shape (Koelmans et al., 2020, 2022; 
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Redondo-Hasselerharm et al., 2018). Hence, the particle count can be 
converted into particulate mass based on the assumption of shape and 
identification of the polymer materials comprising individual MMP 
particles (Cózar et al., 2014; Isobe et al., 2019; Kooi et al., 2016; 
Pabortsava and Lampitt, 2020; Simon et al., 2018). 

A basic approach for converting particulate mass (M) is to calculate 
the geometric volume (V) of the MMP particle and to multiply its 
polymer density (ρ) by this volume (i.e., M = ρV). The densities of the 
major polymer materials are shown in Table S1. Nevertheless, the 
polymer density of environmental MMP particles can differ greatly from 
the density of pure polymers because of differences in molecular mass, 
crystallinity, and additives used in plastic production (Andrady, 2017). 
Moreover, the geometric volume of individual particles has rarely been 
measured with X-ray tomography (Sagawa et al., 2018; Tötzke et al., 
2021) because of the time-consuming nature of the technique; thus, their 
three-dimensional shape, especially the third dimension (thickness or 
height), is unknown (Mintenig et al., 2018). Instead, two dimensions 
and an area and on a projected plain have been determined. In general, 
the first dimension is the length of the major axis, and the second 
dimension is the length of the minor axis, which is perpendicular to the 
major axis. The projected surface area is determined by viewing indi-
vidual particles perpendicularly. Nonetheless, uncertainty exists in the 
determination of particulate mass from the three-dimensional shape of 
MMP particles. 

Thus, several researchers have estimated the geometric volume of 
individual particles by assuming that their three-dimensional shapes can 
be classified into four specific shapes: spheres, ellipses, cylinders, and 
flakes (Pabortsava and Lampitt, 2020). The three-dimensional shape is 
assumed to be a sphere by transforming the irregularly shaped particles 
into circles with projected surface areas that are equivalent to their real 
area (Kooi et al., 2016; Yokota et al., 2017). Since the particles are 
reshaped into spheres, the third dimension is not needed when deter-
mining the geometric volume. Some studies have assumed that the 
shape is an ellipsoid (Poulain et al., 2019; Simon et al., 2018). The 
ellipsoidal model requires additional assumptions regarding the third 
dimension. Poulain et al. (2019) assumed that the third dimension is 
equal in size to the minor-axis length. Moreover, Simon et al. (2018) 
reported that the aspect ratio of the third dimension to the minor-axis 
length is equivalent to that of the minor-axis length to the major-axis 
length. The other assumption is that the three-dimensional shape is a 
cylinder (Isobe et al., 2019). The cross-sectional area of the cylinder is 
determined by the base diameter corresponding to the length of the 
major axis, and the cylinder height is varied by multiplying the base 
diameter by an adjustable constant (Isobe et al., 2019). The fourth 
assumption is to consider particles as flat fragments or flakes (Cózar 
et al., 2014). The geometric volume is determined by the cube of the 
major-axis length and a factor corresponding to a flat-shaped volume. 
The details of these methodologies are discussed in Section 3.3. 
Regardless, in all cases, the geometric volume is uncertain due to its 
unknown third dimension. Furthermore, the accuracy of the estimated 
mass is strongly dependent on the actual three-dimensional shape. 

Herein, to evaluate the uncertainty in these previous methodologies, 
we reveal the geometric relationship between the size and mass of 
microplastics based on their mass measured using an ultramicrobalance 
(Kataoka et al., 2019; Nihei et al., 2020). In particular, we clarify that 
the projected surface area is an important parameter for determining the 
MMP mass. The geometric relationship is theoretically explained by 
assuming the shape and polymer density of the MMP particles. 
Furthermore, the applicability of the geometric relationship to the 
estimation of mass concentration is discussed. This technique is 
compared with the previous mass estimation method based on the 
geometric volume of an assumed three-dimensional shape (vol-
ume-based method). This research provides guidance for accurately 
estimating mass concentrations in aquatic environments and provides 
insights into the geometric relationship between size and mass. 

2. Materials and methods 

2.1. Meso/microplastic sampling 

A total of 35 MMP sampling sites were selected in 17 Japanese rivers 
(Fig. 1) from May 2019 to October 2022 (Table S2). The sampling sur-
veys were conducted during periods without precipitation. These sites 
were selected from urban and rural areas to consider the effects of load 
on human activity (Kataoka et al., 2019). Thus, the ratio of an urban 
area to a river basin (the urban area ratio) ranged between 0.1 % and 82 
%, and the population density ranged between 0.4 and 6067 persons 
km−2 (Table S2). 

The conical and square pyramid types of plankton nets, each with a 
335-μm mesh size, were employed for the surveys. The conical net was 
30 cm in diameter, 75 cm in length, and 0.45 in gauze porosity, which 
was the same material as that used in our previous works (Kataoka et al., 
2019; Nihei et al., 2020). This method was used for net sampling in the 
Kanto region until 2020 (i.e., 1a−4; see Fig. 1 and Table S2). Moreover, 
the width, height, length, and porosity of the square pyramid net were 
50 cm, 30 cm, 130 cm, and 0.45, respectively. This method has been 
used for net sampling in the Shikoku region since 2021 (i.e., 5a−17; see 
Fig. 1 and Table S2). The open area ratio of the nets is the ratio of the 
gauze surface area (s) times the porosity (β) to the projected net mouth 
area (a) (i.e., sβ/a); the ratios of the conical and square pyramid nets 
were 2.41 and 2.63, respectively (Kataoka et al., 2023). A flow meter 
with a speed range of approximately 0.06–1 m/s (2030R6, General 
Oceanics Inc., USA) was attached to the net mouths. 

The net sampling surveys at the sites of 15 rivers, excluding the Ohori 
and Toneunga Rivers, were conducted on bridges by hanging the net at 
the center of the stream. The sampling duration was shorter than 10 min 
(usually 5 min) to avoid clogging (Kataoka et al., 2023). Moreover, net 
sampling surveys of the Ohori and Toneunga Rivers were conducted to 
investigate the variance and confidence intervals of the MMP data and 
the effect of clogging when filtering fresh water for river MMP sampling 
(Kataoka et al., 2023; Tanaka et al., 2022; 2023). In the sampling 
experiment, the conical net was fixed on the surface by three 1.2-m-long 
steel stakes to prevent vertical and horizontal swaying (Kataoka et al., 
2023; Tanaka et al., 2022; 2023). The sampling duration ranged be-
tween 3 min and 30 min to examine the clogging effect (Kataoka et al., 
2023). After all the samples were collected, the net mouth was covered 
with a customized cover, and the net was returned to the laboratory. 

As noted above, there were differences in tools and methodologies 
for net sampling surveys. This difference could yield unexpected un-
certainties and variances in the MMP concentration data and make it 
difficult to compare the MMP abundance data(Michida et al., 2019). 
Nonetheless, the differences in sampling tools and methods were dis-
regarded in the present study because we focused on the characteristics 
of MMP particles, not MMP abundance. 

2.2. Laboratory analysis for identifying meso/microplastics 

In addition to the differences in sampling tools and methodologies, it 
was essential to harmonize the protocol of laboratory analyses to 
investigate the characteristics of MMP particles. Thus, we identified the 
MMP from each sample by applying the following methodology, which 
we adopted in our previous studies (Kataoka et al., 2023; Nihei et al., 
2020; Tanaka et al., 2022; 2023). 

After the net sampling surveys, the net was rinsed with tap water 
filtered through a 100-μm mesh nylon net. Then, all materials collected 
by the net were temporarily transferred to 500-mL stainless steel bottles 
with rinsed water. Then, the samples were filtered with a 100-μm nylon 
net, placed on a glass Petri dish with a glass lid, and dried at 60 ◦C for at 
least 24 h. The dried samples were transferred to a 100-mL glass beaker. 
In addition, 50 mL of a 30 % hydrogen peroxide (H2O2) solution was 
poured into the beaker to oxidatively degrade natural organic matter at 
room temperature (approximately 20 ◦C) for at least one week. A total of 
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50 mL of 30 % H2O2 aqueous solution containing 5 mL of FeSO4 (50 
mmol/L) was added to several samples collected from the Shigenobu 
River in 2022 (5a–5c and 6a–8; Table S1) to facilitate oxidative diges-
tion through the Fenton reaction. Oxidative digestion through the Fen-
ton reaction was performed at room temperature for three days. The 
Fenton reaction did not affect polymer chemistry or size (Tagg et al., 
2017); thus, the difference in the oxidative degradation process was 
neglected. After oxidative degradation, the residual matter was again 
filtered through a 100-μm nylon net and subsequently dried at 60 ◦C for 
at least 24 h. 

Two different analysts picked up particles that resembled MMP 
particles from residual matter with steel use stainless (SUS) tweezers 
through visual observation (Hidalgo-Ruz et al., 2012). The mass of each 
particle was measured using an XPR Ultramicrobalance (XPR2UV, 
Mettler Toledo Co. Ltd., Japan) with maximum capacity and readability 
of 2.1 g and 0.1 μg, respectively. The resolution of the ultramicrobalance 
is determined by the ratio of readability to maximum capacity, that is 
1/21,000,000. The minimum weight with 1 % of tolerance is 0.03 mg, 
and thus the uncertainty in mass could occur in measuring mass lighter 
than 0.03 mg. Then, images of each particle were recorded with a ste-
reoscopic microscope (SZX7, Olympus Co. Ltd., Japan) equipped with a 
universal serial bus (USB) camera (HDCE-20C; AS ONE Co. Ltd., Japan) 
for subsequent size measurements. Based on the particle images, the 
particles were categorized into five shapes: pellets, spheres, fragments, 
fibers, and sheets. Then, the polymer type of each particle was identified 
by Fourier transform infrared (FTIR) spectroscopy (IRAffinity-1S, Shi-
madzu Co. Ltd., Japan) with attenuated total reflection (ATR) equip-
ment (Quest, Specac Ltd., Japan). The infrared (IR) absorption spectrum 
was measured by scanning from 500 to 4600 cm−1 at a resolution of 4 
cm−1, which was obtained from three libraries containing the reference 
IR spectra of various polymers (ATR-Polymer2, Irs-Polymer2, and 
T-Polymer2 provided by Shimadzu Co. Ltd.). The hit quality index (HQI) 

ranged from 0 to 1000 ‰; thus, we set 700 ‰ HQI as the threshold value 
to avoid polymer-type misidentifications. All the MMP particles were 
categorized into nine polymer types (Table S1). 

Finally, the length of each MMP particle on the major axis (major 
length) and the projected surface areas of all MMP particles were 
measured using ImageJ (https://imagej.nih.gov/ij/). The major length 
(i.e., first dimension) was used to represent the size of the MMP particle 
(GESAMP, 2019). According to previous reports, all particles were 
categorized into mesoplastics (5–25 mm) and microplastics (<5 mm) 
with specified major lengths. To reduce the uncertainty in the MMP size 
associated with the other dimensions, the minor length (i.e., the second 
dimension) and projected surface area were measured. Individual MMP 
particles were placed with the most stable plane under a stereoscopic 
microscope. The projected area of the top surface was defined as the 
plane with the maximum area of particles. The minor length was 
calculated by dividing the projected surface area by the major length, 
which corresponds to the mean length along an axis orthogonal to the 
major axis. Unfortunately, we could not reliably measure the height 
along the vertical axis of the top surface (i.e., the third dimension). 
Consequently, these two size parameters were used to explore the 
relationship with the mass of the MMP particles in a subsequent 
regression analysis and to evaluate the accuracy of the previous 
volume-based method for mass estimation. 

2.3. Quality control and quality assurance 

Several quality control procedures were performed during the field 
surveys and laboratory analyses. The mouth of the net was covered with 
100 % cotton cloth before and after sampling. The tap water used to 
rinse the net was filtered through a 100-μm nylon net. The 100-μm nylon 
net was washed with pure water before use. Since nylon nets were used 
during sampling and laboratory analysis, 149 nylon particles identified 

Fig. 1. Locations of the sampling sites and rivers: (a) Kanto region, (b) Shikoku Island, and (c) an enlarged map of the Shigenobu River basin. The site numbers are 
the “Site ID” in Table S2. The river names are shown. 
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by FTIR analysis were excluded. During the laboratory analyses, we 
wore 100 % cotton robes and avoided plastic instruments (e.g., beakers, 
Petri dishes, and tweezers). In addition, airborne contamination was 
examined by collecting particles deposited on disposable Petri dishes 
(φ91 mm) on tables through laboratory analyses. FTIR was used to 
analyze the deposited particles, identifying those materials under the 
same IR spectrum libraries. As a result, 11 contaminated plastic particles 
were observed in 7 of 35 samples. After these particles were cross- 
examined for the color, shape and polymer type of each plastic parti-
cle in the same sampling group, no questionable plastic particles were 
observed, indicating that no unexpected plastic contamination occurred 
during the laboratory analyses. 

2.4. Statistical analyses 

A linear regression analysis was conducted to determine the rela-
tionship between the projected surface area (S) and particulate mass (M) 
of the MMP particles. As there were considerable variations in both M 
and S, a linear regression analysis was performed on the ordinary log-
arithms of M and S as follows: 
log10M = blog10S + a (1)  

where a and b are regression coefficients that were determined by the 
least squares method. Eq. (1) was transformed to M = 10aSb. The model 
performance was evaluated on the basis of the coefficients of determi-
nation (r2) and the expected value of the residual (s) defined below: 

s =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
(log10Me − log10Mo

)2

Np − 2

√

(2)  

where Me and Mo are the estimated and measured masses of individual 
MMP particles, respectively, and Np is the number of MMP particles used 
to develop the linear regression models. 

Furthermore, the mass concentrations at the 35 sites (Ce) were esti-
mated by applying the regression model and compared to the measured 
concentrations (Co). Bias and the root mean square error (RMSE) were 
evaluated based on the following equations: 

Bias = Ce − Co (3)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Ns

∑

(Ce − Co − Bias)2
√

(4)  

where Ce and Co are the geometric means of the estimated and measured 
mass concentrations, respectively. These statistical parameters (Bias and 
RMSE) are often utilized in oceanography and meteorology to evaluate 
estimation errors by dividing them into systematic and random com-
ponents (Iwasaki, 2023). Notably, the geometric means were calculated 
because the variance in the mass concentration was overly large. Ns is 
the total sampling frequency at the 35 sites, and its value was 66 in this 
study (Table S2). Furthermore, to examine the nonparametric correla-
tion, Spearman’s rank correlation coefficient (rs) was evaluated. The 
python package scipy (ver 1.4.1) was used throughout all the statistical 
analyses. 

3. Results 

3.1. Compositions of the shapes and polymers of meso/microplastic 
particles 

The total number and mass of the MMP particles were 4390 and 676 
mg, respectively. The size distributions indicated that mesoplastics 
accounted for only 6 % of the total MMP particles, while microplastics 
accounted for 94 % (Fig. 2). Nevertheless, 39 % of the total mass was 
mesoplastics, and 61 % was microplastics (Fig. 2), indicating the 
importance of quantifying mesoplastics in the river environment to 
determine the plastic load to the ocean and/or mass balance between 
plastic production and waste (Nihei et al., 2024). The fragmented par-
ticles accounted for 69.6 % of the total number of MMP particles, and 
the percentage of fibrous particles was 27.7 % (Figure S1). The two 
shapes were predominant in terms of plastic contamination in Japanese 
rivers, accounting for 97.3 % of the total. Many of the fragmented par-
ticles were polypropylene (PP) (39 %) and polyethylene (PE) (21 %) 
(Figure S1). Moreover, the fibrous particles were mostly poly-
ester/polyethylene terephthalate (PEs/PET) (17 %) and PP (7.4 %). 

Fig. 2. Size distributions of the number (a) and mass (b). The legends are shown in the upper right box of each panel. The broken vertical line indicates the size 
boundary between meso/microplastics. 

T. Kataoka et al.                                                                                                                                                                                                                                



Water Research 261 (2024) 122061

5

Moreover, the masses of the plastic particles significantly differed from 
the numbers. A total of 92.5 % of the total mass was fragmented parti-
cles, while fibrous particles accounted for only 2.3 %, which was lower 
than that of the sheet-form particles (4.6 %). 

3.2. Relationship between the size and mass of meso/microplastic 
particles 

To correlate the size and mass of the meso/microplastic particles, the 
regression coefficients a and b in Eq. (1) were determined by the least 
squares method (the regression line is the red solid line in Fig. 3a). The 
regression coefficients were a = −1.12 ± 0.01 and b = 1.14 ± 0.01 (Np 
= 4390; R2 = 0.76). a, which is the intercept of Eq. (1), is the mass of 
the plastic particle when S = 100 mm2. The parameter b is the slope of 
Eq. (1), which is the gradient of log10M against log10S. b ≈ 1 indicates 
that M could become one order of magnitude greater when S increased 
by one order of magnitude. The expected value of the residual s was 0.40 
(Table 1); thus, according to Eq. (2), the range of variation of Me

Mo was 
10±0.40. The variance in M would depend on the third dimension, 
polymer type (or density) and shape. Note that M < 0.03 mg (minimum 
weight with 1 % of tolerance) could contain the uncertainty in 
measuring the mass (see 2.2). Nevertheless, the regression analysis 
demonstrated that the mass of the MMP particles was significantly 
associated with the projected surface area. 

3.3. Comparison of linear regression models for particles with different 
shapes and polymer types 

To discuss the differences among shapes and polymer types, the 
parameters a and b were calculated using the projected surface area and 
mass data (Table 1). The parameter a varied depending on the shape 
type, and the values were in the following ascending order: spherical, 
fragmented, sheet-form, and fibrous particles. Fibrous particles were the 
lightest among all the shapes. Moreover, the parameter b of the spherical 
particles was the greatest, and that of the fibrous particles was the 
lowest. Interestingly, the b values of the shape types, excluding fibrous 
particles, were greater than 1. As 62 % of the fibrous particles were PE/ 
PET (Figure S1), the parameter b of these particles was lower than that of 
the particles composed of other polymers. 

Excluding the linear regression models developed using fewer than 
50 data points (Table 1), the expected values of the residual s were 
approximately 0.4, similar to the results obtained for all particles, which 
ranged from 0.36 to 0.43 (Table 1). This finding indicated that it was not 

critical to categorize the shape and polymer type when applying the 
regression equation (Eq. (1)). In other words, this suggests that the co-
efficients estimated from the data of all the particles (Table 1) were 
applicable regardless of the shape and polymer type. 

3.4. Applicability of the linear regression model to the estimation of mass 
concentration 

The mass concentrations at 35 sites were first estimated by linear 
regression models (Eq. (1)) to demonstrate their applicability and then 
compared to the actual values measured by the ultramicrobalance 
(Fig. 4). The MMP masses were estimated by regression models estab-
lished from all particle data (Model 0), only shape-related particle data 

Fig. 3. Regression analysis between mass and projected surface area of all particles (a), each shape-type particle (b), and each polymer-type particle (c). In panel (a), 
the linear line regressed by Eq. (3) is shown as a solid red line with a light gray area representing the 95 % confidence interval. The legends are shown in the upper 
right box of each panel. 

Table 1 
Regression coefficients were determined by the least squares method.    

Np a b R2 s 
All 4390 −1.12 

±0.01 
1.14 
±0.01 

0.76 0.04 

Each shape       
Sphere 8 −0.49 

±0.06 
1.17 
±0.08 

0.97 0.13  

Fiber 1216 −1.62 
±0.03 

0.82 
±0.02 

0.58 0.37  

Fragment 3052 −1.05 
±0.01 

1.13 
±0.01 

0.71 0.43  

Sheet 113 −1.31 
±0.04 

1.10 
±0.07 

0.67 0.39 

Each polymer       
Polyethylene (PE) 989 −0.99 

±0.01 
1.21 
±0.02 

0.74 0.40  

Polypropylene (PP) 2115 −1.11 
±0.01 

1.13 
±0.02 

0.71 0.36  

Polystyrene (PS) 42 −1.24 
±0.06 

1.04 
±0.15 

0.56 0.35  

Polypropylene and 
Polyethylene copolymer 
(PEPP) 

158 −1.16 
±0.04 

1.14 
±0.06 

0.73 0.37  

Polyvinyl chloride (PVC) 13 −0.69 
±0.10 

1.56 
±0.16 

0.90 0.22  

Polyester/Polyethylene 
terephthalate (PEs/PET) 

802 −1.74 
±0.04 

0.76 
±0.03 

0.51 0.42  

Polymethyl methacrylate 
(PMMA) 

19 −1.17 
±0.13 

1.10 
±0.11 

0.85 0.35  

Ethylene vinyl acetate (EVA) 35 −1.14 
±0.11 

1.24 
±0.14 

0.71 0.51  

Other 215 −1.31 
±0.04 

0.89 
±0.04 

0.73 0.42  
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(Model 1) and only polymer-related particle data (Model 2) (Figure S3); 
then, the total MMP mass at each of 66 samplings (see Table S2) was 
normalized to the sample volume. The MMP masses estimated by all 
regression models were very consistent with the measured masses 
(Figure S3), and consequently, the mass concentrations were in good 
agreement with the measured concentrations (Figs. 4a, 4b and 4c). The 
results of Model 1 and Model 2 were not significantly different from 
those of Model 0, suggesting that the categorization of the shapes 
(Model 1) and polymer types (Model 2) had little effect on the estimation 
of mass concentration (Figures S3 and 4). 

To compare the performances of the linear regression models, the 
mass concentrations were estimated by assuming four three- 
dimensional shapes (spheres, ellipsoids, cylinders, and flakes) based 
on Pabortsava and Lampitt (2020) (i.e., volume-based methods). When 
assuming a spherical particle, the geometric volume was defined by 

Vs =
1
6 πD3

s (5)  

where Ds was determined by an equivalent diameter calculated from the 
projected surface area (Ss) measured in the present study; that is, Ds =

̅̅̅̅̅̅̅̅̅̅̅̅4Ss/π
√ . Assuming an ellipsoidal particle, the geometric volume was 

Ve =
1
6 πd1d2d3 (6)  

where d2 and d3 are the measured minor-axis lengths and d1 is the 
measured major-axis length (e.g., Poulain et al., 2019; Simon et al., 
2018). Assuming a cylindrical particle, the geometric volume was 
calculated by 
Vc = Acγd1 (7)  

where Ac =
πd2

1
4 is the cross-sectional area and γ is an adjustable con-

stant, which was selected as 0.4 following Isobe et al. (2019). Assuming 
a fragmented particle, the geometric volume was calculated by 
Vf = αd3

1 (8)  

where α was determined to be 0.1 according to Cózar et al. (2014). 
However, if the MMP particle is fibrous, these methodologies could be 

inappropriate because the three-dimensional shape is quite different. 
Thus, the geometric volume of fibrous MMP particles was calculated 
according to the methodology of Vc, regardless of any assumptions. 
Finally, the mass of each MMP particle was estimated by multiplying the 
polymer density ρ by the geometric volume (Vs, Ve, Vc, and Vf ), which 
are referred to as Model 3s, Model 3e, Model 3c, and Model 3f , 
respectively. 

Then, the mass concentrations at 35 sites estimated by these volume- 
based methods for mass estimation were compared to the measured 
values (Figs. 4d–4g). Overall, these mass concentrations were over-
estimated compared with the measured concentrations despite the high 
rank correlation coefficient (Figs. 4d–4g). The bias and RMSE of the 
mass concentration estimated by the volume-based methods were 
significantly greater than those estimated by our regression models 
(Table 2). This is because the heavier the MMP masses were, the larger 
the errors yielded (Figure S3). This finding indicated that the volume- 
based methods tended to overestimate the mass concentration, result-
ing from the uncertainty of the third dimension. Hence, it was necessary 
to evaluate the third dimension more appropriately when estimating the 
mass with volume-based methods. 

4. Discussion 

Our research revealed three significant findings. (1) The projected 
surface area (S) was linearly related to the mass of the MMP particles (M) 

Fig. 4. Correlation between the measured and estimated mass concentrations. Comparisons of the results estimated by our regression models are shown in the upper 
panels ((a) Model 0, (b) Model 1, (c) Model 2), while those estimated by the volume-based methods are shown in the lower panels ((d) Model 3 s, (e) Model 3e, (f) 
Model 3c, (g) Model 3f). The Spearman’s rank correlation coefficient and statistical significance characteristics are shown in each panel. 

Table 2 
Accuracies of the mass concentrations estimated by our method and by the 
volume-based method.   

Bias [mg/m3] RMSE [mg/m3] rs Ns 

Our study     
Model 0 −0.054 0.77 0.88 66 
Model 1 −0.062 0.74 0.90 66 
Model 2 −0.044 0.74 0.88 66 

Volume-based method    
Model 3s 1.667 7.86 0.86 66 
Model 3e 0.591 3.19 0.84 66 
Model 3c 9.536 95.41 0.65 66 
Model 3f 3.131 30.17 0.65 66  
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(Fig. 3). (2) The variance in M was similar regardless of the shape and 
polymer type (Table 1). (3) Eq. (1) could be estimated more accurately 
than the previous volume-based models, and the latter would over-
estimate the mass concentration due to uncertainty in the third dimen-
sion (Fig. 4). Herein, we discuss the following aspects: (1) Why is S 
linearly related to M? (2) How large is the variance in M depending on 
the difference in shape and polymer type? (3) Finally, the applicability 
and limitations of these methods are discussed. 

For discussion, we assume that the three main orthogonal di-
mensions can be provided by d1 ≥ d2 ≥ d3. If a particle can be described 
by a sphere or a cube, all of these dimensions are equal: d1 = d2 = d3. In 
general, S is determined by d1 and d2, and thus, the third dimension 
corresponds to d3. The geometric volumes of all particulate shapes can 
be calculated from these orthogonal dimensions by assuming several 
morphologies. 

4.1. Linear relationship between the projected surface area and mass on a 
log scale 

The M of a plastic particle is geometrically determined by the density 
of its polymer material (ρ) (≈ 1.00 mg/mm3) and its geometric volume 
(V) (i.e., M = ρV). V and S can be defined according to the shape, and 
these geometric relationships can be derived (Table 3). These relation-
ships are commonly converted into log-scale equations: 
log10M = log10α + log10S (9)  

where α is derived from the geometric relationship (Table 3). For 
instance, α = 2

3 ρd3 for a sphere. Compared to Eq. (1), b = 1 and a =
log10α are likely to be expressed regardless of the shape. 

Based on the comparison, the estimated a should be dependent on 
the third dimension (d3) because ρ ≈ 1.00 mg/mm3. To verify this 
assumption, the d3 of each particle collected by net sampling can be 
estimated by the geometric relationship of each shape between the 
measured M and S (Figure S4). For example, for a spherical particle, d3e 
can be calculated by 3M

2ρSs based on Table 3, where ρ depends on the 

polymer type identified by FTIR (Table S2). Consequently, the estimated 
third dimension d3e is in the range of 10−2 to 100 mm (Figure S4), and its 
geometric mean d3e for fibrous particles is the thinnest (Table 3). log10α 

of Eq. (9) is evaluated by using the geometric mean of d3e. Interestingly, 
log10α is consistent with the estimated a of Eq. (1) shown in Table 1, 
demonstrating that d3e is more important than ρ for determining the 
intercept of Eq. (1). In other words, it is important to consider the shape 
rather than the polymer type when estimating M. In fact, M estimated by 
Model 1 is slightly greater than Model 0 (Fig. 4 and Figure S3). 

In principle, the slope b varies between 1 and 1.5 depending on 
morphological characteristics. Assuming that the three main orthogonal 
dimensions can be provided by d1 ≥ d2 ≥ d3, the range of b is derived 
from the gradient of Mʹ(= log10M) and Ś (

= log10S). If a particle can be 
described by a circle or cube, b = dMʹ

dSʹ ≈ 1.5 because M and S are pro-
portional to d3

1 and d21, respectively, when the three orthogonal di-
mensions are equal (i.e., d1 = d2 = d3). In contrast, M is proportional to 
S when assuming that the third dimension (d3) is constant; hence, b =
dMʹ
dSʹ ≈ 1.0. In fact, the estimated b is within this range except for Model 1 
for the fibrous material and Model 2 for the other materials, including 
PE/PET (Table 1). These particles with large projected surface areas (e. 
g., S = 100 ∼ 101 mm2) are rarely observed in the sampling data (Fig. 3b 
and 3c). Therefore, these regression models underestimate M in the 
range of large projected surface areas. 

4.2. Variance in mass against the projected surface area 

The variance in the mass over the projected surface area was rela-
tively large and did not depend on the particle shape and polymer type 
(Table 1). As mentioned in Section 3.2, the variance could mainly 
depend on that in the third dimension. To demonstrate the reason-
ableness of the variance, the geometric relationship between the mass 
(M) and projected surface area (S) of the particles is considered by 
categorizing the particles into four basic shapes: 1D, 2D, 3D and IS 
(Figure S5; Rosal (2021)). A one-dimensional (1D) object, such as a 
fiber, is an object with a high aspect ratio. A two-dimensional (2D) 

Table 3 
Geometric relationship between the mass and projected surface area of each shape.  

Shape Schematic image V S Relationship between M andS Geometric mean of d3e [mm] log10α*4 

Sphere *1 Vs =
π

6d3
3 Ss =

π

4d2
3 Ms =

2
3 ρd3Ss 

0.44 −0.53 

Fiber *2 Vf =
π

4d2
3d1 Sf = d1d3 Mf =

π

4 ρd3Sf 0.038 −1.53 

Fragment *3 Vc = d1d2d3 Sc = d1d2 Mc = ρd3Sc 0.083 −1.08 
Sheet *3 0.055 −1.26  

*1 As d1 = d2 = d3, the diameter of the spherical particle is considered d3. 
*2 Assuming that the fiberfibre is cylindrical, d3 corresponds to its diameter, as the cross-sectional shape is a circle. d1 denotes the length of the fibrous particle on a 

major axis. The projected shape of the cylindrical fiber is likely to be rectangular. 
*3 Assuming that the sample is rectangular, d2 and d3 denote the minor length and thickness of the fragmented or sheet particle, respectively. 
*4 log10α was evaluated based on the geometric mean of d3e assuming that ρ ≈ 1.00 mg/mm3.  
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object is a relatively flat object, such as a plate or sheet. A 
three-dimensional (3D) object is an isometric object in which the sides 
are all equal, such as cubes and spheres. An intermediate-shaped (IS) 
object is any object outside the above three basic shapes, such as 
fragments. 

The four basic shapes can be categorized by the three morphological 
parameters equancy, platiness and elongation according to Rosal (2021): 

equancy =
d3
d1

(10)  

platiness = d2 − d3
d1

(11)  

elongation = 1 −
d2
d1

(12)  

where the three main orthogonal dimensions that satisfy d1 ≥ d2 ≥ d3 
are used to categorize the four basic shapes in the present study 
(Table S2). Notably, the sum of these three morphological parameters is 
1. A particle is categorized as 1D if platiness is smaller than 0.5 and 
elongation is greater than 0.5 (Figure S5). Similarly, 2D (3D) can be 
determined by equancy and platiness (equancy and elongation); the 
boundary is shown by the broken line in Figure S5. If all three 
morphological parameters are less than 0.5, the particle is categorized as 
an IS. 

Assuming a cuboid object with three dimensions (i.e., d1, d2, and d3) 
between 0.01 mm and 25 mm based on the definition of meso/micro-
plastics, the mass and the projected surface area can be calculated as Mc 
and Sc, respectively, as shown in Table 3. Notably, ρ ≈ 1.0 mg/mm3 

because ρ has little effect on the geometric relationship between Mc and 
Sc, and the minimum value (i.e., 0.01 mm) is predefined considering the 
size range of d3e (Figure S4). The geometric relationship for the idealized 
cuboid object (Figure S5) is compared to that for the sampled particles 
shown in Fig. 3 (Figure S6). The Mc values of 1D and 2D objects vary 
more as Sc increases, while the variances in Mc of 3D and IS objects are 

relatively small and constant regardless of Sc. The variance in Mc is 
mainly caused by the third dimension (i.e., log10ρd3; see Table 3). When 
Sc = 100 mm2, the third dimension (d3) ranges between 0.01 mm and 1 
mm. Notably, the minimum value (i.e., 0.01 mm) is predefined, and the 
maximum value (i.e., 1 mm) is determined to satisfy this requirement: 
d1 ≥ d2 ≥ d3. The intercepts of Eq. (9) (log10ρd1) are approximately 
between −2 and 0. Furthermore, the slope parameter b depends on 
morphological characteristics, which range between 1 and 1.5 (Section 
4.1). Consequently, Mc varied between the two broken lines shown in 
Fig. 5, which is a possible range of the geometric relationship. The upper 
limit is invariant, while the lower limit and the intersection between the 
two lines depend on the minimum d3 (0.01 mm in the present study) 
(Fig. 5). Clearly, the regression line of the sampled MMP particles 
(Model 0; the bold line in Fig. 5) is within the range of possibility. 

4.3. Applicability and limitations of the geometric relationship 

Our regression models (Models 0 to 2) were developed using data for 
MMP particles with major lengths between 0.3 mm and 25 mm (Fig. 2a). 
The minimum major length was the mesh size of the plankton net used 
for sampling, and the upper major length was based on the definition of 
the mesoplastic size. The major length is commonly used to categorize 
the size of a plastic but is not correlated with the particle mass because of 
the absence of second and third dimensions (Figure S2). The particulate 
mass was strongly correlated with the projected surface area (Fig. 3a). 
Notably, the variance in the mesoplastic data was similar to that in the 
microplastic data, implying that the relationship between the mass and 
the projected surface area of nonvoid plastic particles did not depend on 
whether the plastics were mesoscale or microscale (Figure S2). Micro-
plastics smaller than 1 mm (SMP) and > 1 mm (LMP) accounted for 28 % 
and 66 % of the particles (Fig. 2a). Microplastics with these sizes are 
common in marine environments (Hinata et al., 2023; Isobe et al., 2017; 
Sagawa et al., 2018). Therefore, our models can be applied to particles in 
the size range of microplastics collected from marine and river 
environments. 

Fig. 5. Comparison between the geometric relationships of the idealized and sampled particles. The gray dots denote the geometric relationship of Mc and Sc for the 
idealized particles, and the broken lines indicate the upper and lower limits of the idealized geometric relationship. The bold solid line indicates the regression line. 
The colored lines in panels (a) and (b) indicate the regression lines of each shape and polymer type of the sampled particles, respectively. 
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Nevertheless, there are two limitations of applying the geometric 
relationship: (1) large uncertainty in the mass estimation of particles 
with a major-axis length > 10 mm and (2) the quantification of SMPs 
<10 μm. First, the larger the plastic particles are, the greater the un-
certainty in mass estimation because of the variation in the third 
dimension (Fig. 5). The projected surface area of the sampled particles is 
distributed between 10−2 and 102 mm2 (Fig. 3b), and 6 % of the 
mesoplastics (major-axis length of 5–25 mm) are included in the 
sampled particles (Fig. 2a). Thus, the mass of particles in this size range 
can be accurately estimated, as shown in Fig. 4. However, our regression 
models should not be applied to plastic particles with areas larger than 
the projected surface area of 102 mm2, such as macroparticles (major- 
axis length ≥25 mm). Nevertheless, this lack of applicability is not a 
great issue for the quantification of MMP particles because the masses of 
large particles can be directly measured. 

Second, it is difficult to accurately estimate the masses of plastic 
particles with a projected surface area <10−4 mm2 because the regres-
sion lines exceed the upper limit of the geometric relationship (upper 
broken line in Fig. 5). Several optical spectroscopies are capable of 
identifying very tiny plastic particles, while the spatial resolution of 
optical spectroscopy is limited by the diffraction limit of light in prin-
ciple. For example, μ-FTIR is regarded as a reliable method for identi-
fying plastic particles larger than 10 μm (10−2 mm) (Käppler et al., 2016; 
Liu et al., 2023). The size of the particles identified by μ-FTIR is appli-
cable to our regression models because the order of magnitude of the 
projected surface area corresponds to 10−4 mm2. Moreover, μ-Raman 
has a higher spatial resolution than μ-FTIR, resulting in the detection of 
relatively small microplastics (Liu et al., 2023). Levermore et al. (2020) 
reported that μ-Raman spectroscopy is applicable for the direct identi-
fication of >2 μm microplastics by optimizing Raman spectral imaging. 
However, it is necessary to develop a reliable spectroscopic imaging 
technique to identify microplastics smaller than 10 μm (Levermore et al., 
2020). Moreover, our regression models overestimate the masses of SMP 
particles in the size range, which makes it difficult to estimate the 
masses of small SMP particles. Instead of optical spectroscopy, pyrolysis 
gas chromatography/mass spectrometry (Py-GC/MS) might be used for 
the quantification of small SMP particles. Several researchers have 
attempted to quantify SMP concentrations by Py-GC/MS (e.g., Lou et al., 
2023; Mizuguchi et al., 2023; Morioka et al., 2023). Py-GC/MS is a 
powerful technique for quantifying SMP in terms of mass concentration 
and for identifying polymer types without complex pretreatments 
(Mizuguchi et al., 2023; Morioka et al., 2023). This technique is helpful 
for overcoming the limitations of SMP quantification derived from op-
tical spectroscopy. Therefore, considering these two limitations, our 
regression models are applicable to the mass estimation of MMP parti-
cles from 10−4 mm2 to 102 mm2 of the projected surface area. 

5. Conclusion 

The quantification of the mass concentrations of MMP particles is 
crucial for assessing the global inventory of ocean plastics and assessing 
environmental and human health risks. In previous studies, the mass 
concentration of MMP particles was evaluated by estimating the mass of 
each particle from its geometric volume assuming a three-dimensional 
shape. However, the uncertainties in these previous methods for mass 
estimation have not been sufficiently discussed. Thus, the masses of 
4390 MMP particles collected at 35 sites in 17 Japanese rivers from May 
2019 to October 2022 were directly measured by an ultramicrobalance. 
The major shapes were fragmented (70 %) and fibrous (28 %) particles, 
and the major polymer types were PP (48 %), PE (23 %), and PEs/PET 
(18 %). 

The mass of each particle was linearly regressed on its projected 
surface area on a log scale. The slope of the regression models was 
dependent on the three-dimensional shape, which ranged between 1.0 
and 1.5 when considering idealized cuboid particles. Moreover, the 
intercept of the regression models was determined with the geomean of 

the third dimensions calculated from the mass and projected surface 
area of the sampled MMP particles regardless of the polymer density. 
Furthermore, the mass concentrations at the 35 sites were estimated by 
linear regression models, which resulted in more accurate estimations 
than those of previous methods based on geometric volume assuming 
four three-dimensional shapes (i.e., spheres, ellipses, cylinders, and 
flakes). 

Nevertheless, two limitations for mass measurement by linear 
regression models were identified: (1) large uncertainty in the mass 
estimation of particles with a major-axis length >10 mm and (2) the 
quantification of microplastic particles <10 μm. Under these two limi-
tations, linear regression models are applicable for mass estimation of 
MMP particles in river and marine environments from 10−4 mm2 to 102 

mm2 of the projected surface area. Therefore, our results can be used to 
accurately estimate the mass concentration in aquatic environments and 
provide insights into the geometric relationship between the mass and 
size of MMP particles. 
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