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Abstract: Microplastics (particles ≤ 5 mm) are ubiquitous and persistent, posing threats to ecosystems
and human health. Thus, the development of technologies for evaluating their dynamics is crucial.
Settling velocity is a critical parameter for predicting the fate of microplastics in aquatic environments.
Current methods for computing this metric are highly subjective and lack a standard. The goal of this
research is to develop an objective, automated technique employing the technological advances in
computer vision. In the laboratory, a camera recorded the trajectories of microplastics as they sank
through a water column. The size and settling velocity of each microplastic were calculated using a
YOLOv12n-based object detection model. The system was tested with three classes of microplastics
and three types of water. Ground truth settling times, recorded manually with a stopwatch, allowed for
quantification of the system’s accuracy. When comparing the velocities calculated using the computer
vision system to the stopwatch ground truth, the average error across all water types was 5.97% for the
3 mm microplastics, 7.14% for the 4 mm microplastics, and 6.15% for the 5 mm microplastics. This new
method will enable the research community to predict microplastic distribution and transport patterns
and implement more timely strategies for mitigating pollution.

Keywords: computer vision; microplastics; object detection; YOLOv12; aquatic ecosystems

1. Introduction
Plastic pollution has emerged as one of the most pressing global environmental challenges of

the 21st century, with microplastics (MPs)—plastic fragments smaller than or equal to 5 mm—being
recognized as a particularly harmful and pervasive class of contaminants [1–3]. MPs originate from
primary sources, mainly industrial activities, and secondary sources, in which larger plastic debris is
degraded [4]. Once introduced into the environment, MPs are persistent and easily transported by
wind, rivers, and ocean currents, infiltrating terrestrial and aquatic ecosystems across the globe [5,6].
Alarmingly, MPs have been detected in remote regions far from human activity, such as the Arctic [7],
deep ocean sediments [8], and even the atmosphere [9]. The World Economic Forum has projected
that, without drastic interventions, plastic pollution will continue to increase exponentially, with the
mass of plastics in the ocean expected to surpass that of fish by 2050 [10]. The ecological and human
health risks posed by MPs are also substantial [11–13]. As global awareness of MP pollution grows, so
does the urgency to develop robust tools for monitoring, characterizing, and mitigating their presence
in natural environments.

A critical parameter in understanding the environmental fate and transport of MPs is their
settling velocity, which determines whether a particle remains suspended or settles onto sediments
[14,15]. Settling velocity directly influences deposition patterns in rivers, lakes, oceans, and coastal
systems, as well as the residence time of MPs in the water column [16–19]. Factors such as particle
density, shape, size, and surface roughness, as well as water properties like salinity, temperature,
and turbulence, all affect the settling dynamics and distribution of MPs [20–25]. For example, denser
particles, such as those made of polyethylene terephthalate (PET), sink more rapidly compared to
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low-density polymers like polyethylene (PE), which may remain buoyant or suspended for extended
periods [26]. Furthermore, the interaction of a MP with biofilms and sediment can alter the profile of a
particle, thereby influencing its settling behavior [27,28].

Unlike natural sediments, MPs often exhibit complex shapes—such as fibers, films, foams, and
fragments—that defy the assumptions of classical sediment transport models [29]. Traditional empirical
formulas, developed for spherical or near-spherical mineral grains, often yield inaccurate predictions
when applied to MPs [26,30]. This discrepancy underscores the need for direct measurement techniques
that can capture the unique and variable behavior of plastic particles.

Most laboratory measurements of MP settling velocity rely on simple methods such as timing the
descent of particles through a column of water using a stopwatch [21–23,31]. While straightforward,
this manual approach is highly subjective, prone to human error, and unsuitable for high-throughput
measurements or real-time monitoring. Additionally, this technique is unable to capture subtle
particle dynamics, such as oscillation or changes in orientation during sinking. Some researchers
have employed high-speed cameras to capture the trajectories of submillimeter MPs in greater detail
[32,33]. However, these systems are expensive, require specialized expertise, and typically involve
post-processing of large datasets, which is time-consuming and impractical for routine measurements.

Another challenge with existing methods is the lack of standardization in experimental setups and
analysis techniques. Differences in water column dimensions, lighting conditions, and background
contrast can introduce inconsistencies, making it difficult to compare results across studies. Moreover,
few studies have explored real-time analysis of MP settling dynamics, which could enable the rapid
generation of datasets for modeling and decision-making.

In recent years, computer vision and artificial intelligence (AI) have emerged as transformative
technologies for environmental monitoring. By leveraging advances in deep learning and high-
resolution imaging, AI-vision systems can automatically detect, classify, and track objects in real
time, with performance often surpassing that of human observers [34,35]. In aquatic environments,
AI-based computer vision has been successfully applied for tasks such as identifying marine debris
[36], monitoring plankton populations [37], and tracking fish behavior [38]. These advances suggest
that AI vision can also be a powerful tool for characterizing MPs and their dynamics.

Our previous work demonstrated the feasibility of combining deep learning-based computer
vision with relatively simple optical setups to achieve accurate in situ measurements of MPs. Building
on this foundation, the present study explores the application of a similar method for detecting and
quantifying MP settling velocity—a parameter that has not been systematically measured using AI-
vision techniques. By automatically tracking MPs as they settle through a water column, a computer
vision system can generate accurate velocity estimates, size measurements, and trajectory data in real
time. This eliminates the subjectivity associated with human observation, allows for the processing of
large datasets, and enables reproducibility and standardization.

The main contributions of this work are as follows:

• Development of a YOLOv12n-based AI-vision system designed to detect and track MPs during
settling, with high accuracy across different water types (distilled, river, and seawater).

• Quantitative assessment of system performance through comparison with ground-truth set-
tling times measured via stopwatch and frame counts, enabling a rigorous evaluation of model
accuracy.

• Analysis of the influence of particle size, density, and water properties on settling velocity, using
an automated method capable of generating reproducible measurements.

• Creation of a labeled dataset of MP settling videos, which can support future research on AI-based
detection and hydrodynamic modeling.

The remainder of this paper is organized as follows. Section 2 describes the experimental setup,
including the camera instrumentation, MP samples, and data acquisition procedures. The deep learning
pipeline for object detection, tracking, and velocity calculation is also detailed. Section 3 presents the
results of both offline and real-time experiments, comparing the computer vision-derived settling
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velocities to ground-truth measurements and theoretical predictions. It also discusses the implications
of the findings, including the role of AI in advancing MP research and potential applications to natural
water bodies. Finally, Section 4 summarizes the conclusions and highlights future research directions.

2. Materials and Methods
2.1. Our Previous Work

This research builds off of previous work conducted at Clarkson University, where an AI-vision
system was developed for 2 to 5 mm MP detection, tracking, velocity calculation, and size measurement.
Three different camera setups were tested in a recirculating open channel flume under multiple flow
scenarios. YOLOv5 was used to detect MPs in the captured image, and DeepSORT was implemented
for tracking MPs through consecutive images. In addition to offline and real-time video analysis in the
lab, an offline field test was performed in the Raquette River in Potsdam, NY. The system demonstrated
high detection accuracy, with precision rates of 97% in laboratory settings and 96% in the field [39].

2.2. Overview of Proposed Method

Utilizing the aforementioned workflow, this study presents a novel computer vision system for
real-time detection and measurement of MP settling velocities (Figure 1). MPs were released in a clear
tube, illuminated by a light, and the RGB camera (interfaced with a computer) captured their settling
trajectories. The image frames were passed through the deep learning-based object detection model to
keep track of the number of MPs, determine the size of each MP, and calculate its settling velocity. A
stopwatch was used to record the time it took the MP to travel the length of the camera frame, serving
as a ground truth for this experiment.

Figure 1. Laboratory experimental setup for the detection of MPs in a controlled water column. (a) LED light, (b)
Camera, (c) Camera Frame Window, (d) Monitor, (e) Camera Base and Stand, and (f) Experimental Water Column.

2.3. Experimental Setup

A See3Cam 13 Megapixel Fixed-focus USB camera [40] was clamped to a camera stand and
inserted into a 3D printed base. The resolution of the camera is 480 x 640 pixels with an average frame
rate of 56.6 frames per second and a rolling shutter. An LED light (SOLA Light and Motion 2500
[41]) was extended from the top of the camera stand to provide overhead lighting with a brightness
of 500 lumens for the experimental column. The settling experiments were conducted in a clear
plexiglass square tube (1.25” x 1.25” x 18”, commercially purchased). The wall-effect was recognized
as a limitation as the d/D ratios for the 3 mm, 4 mm, and 5 mm MPs were 0.118, 0.157, and 0.197,
respectively. The distance between the camera and the experimental tube was kept fixed at 24.6 cm. A
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white paper backdrop was taped to the wall directly behind the tube. Given that the depth at which
the particles reach settling velocity is approximately 10 cm [21,31], the camera was adjusted so that the
top of the frame was 11 cm below the water’s surface, such that the camera frame spanned a vertical
distance of 28 cm. The top and bottom of the camera frame were marked on the paper backdrop,
adjusting for water refraction, for manual data collection with the stopwatch.

Water samples were prepared for determination of MP settling under different conditions: distilled
water, river water, and saltwater. First, distilled water was purchased commercially (Great Value
Distilled Water, 1 Gallon). The river water was then collected from the Raquette River in Potsdam, New
York, and brought to the lab in a covered container in order to minimize degradation of the sample by
external factors. The saltwater was finally prepared by mixing Happy Belly Fine Ground Sea Salt [42]
with distilled water until a salinity of 35 ppt (3.5%) was achieved. The salinity was verified using a
Multifunction (TDS/EC/pH/SALT/TEMP) Water Quality Tester [43].

Before starting the experiment, the MPs were soaked in the same liquid as in the tube for 3 hours
to minimize surface electrostatic discharge. The tube was filled with water, and the Water Quality
Tester was used to measure the temperature, pH, and salinity. The water sat undisturbed in the tube
for 15 minutes prior to data collection. For each class of MP, 20 trials were performed in each water
type, for a total of 180 MPs dropped. The camera recorded the video each time a MP was dropped.
Tweezers were used to release the MP in the center of the tube, approximately 1 cm below the water
surface, to eliminate the effects of surface tension. For each trial, the time the MP took to travel the
vertical extent of the camera frame was recorded with an FCXJTU Digital stopwatch [44]. If the MP hit
the wall during its fall, the trial was discarded. The collected videos were then used to develop an
automatic detection model.

The same procedure from the offline testing was used for real-time testing, with the exception that
no data was collected in river water or saltwater. In total, 60 microplastics were dropped. Additionally,
an alternative ground truth was manually calculated from the elapsed frames in addition to the
stopwatch ground truth.

2.4. Microplastics

Given the variety of MPs that can be found in the environment, different sizes, materials, densities,
and colors of MPs were used in this study (Table 1).

Table 1. Types of MPs used in this study.

Size (mm) Density (kg/m3) Polymer Type Color Shape

3 1190 Acrylic Green Spherical

4 1300 Cellulose Acetate White Spherical

5 1050 Acrylic Yellow Spherical

2.5. Software Development

An object detector, a type of deep learning model, was employed for locating the position of the
MP across video frames. The model outputs a bounding box that encloses the MP along with the class
label (type of MP) and confidence score. The bounding box is represented by four values: x center, y
center, height, and width. These values were used in calculations of size and velocity.

For real-time detection, the Python script was modified to obtain a live video stream and display
the current velocity (Figure 2). The fps was also calculated in real-time and used in the velocity
calculations instead of the average 56.6 fps used during offline testing.
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Figure 2. Real-time MP detection and velocity calculation.

For data processing, an ASUS VH226 monitor with an Intel Core i7-10700F CPU @ 2.90 GHz,
NVIDIA GeForce RTX 3070 GPU, and Ubuntu 18.04 as an operating system was used. The Python
version was 3.8.

2.6. Dataset and Model Training

Seventeen videos were first recorded in the lab. The videos cover three classes of MPs (3 mm, 4
mm, and 5 mm) and three types of water (tap water, river (Raquette River) water, and sediment-filled
river water). For the trial of river water with sediment, sand and small rocks were dropped in from
the top of the tube shortly after the MP was released. Frames were extracted from the videos using a
Python script, and those without any visible MPs were deleted.

1,200 images (400 for each class) were manually annotated using Label Studio [45]. The images
were divided into groups of 80% for training, 10% for validation, and 10% for testing. YOLOv12n
was used as the base model, and the training process involved 100 epochs with a learning rate of 0.01.
YOLO (You Only Look Once) was chosen in this study as a state-of-the-art object detection model
that accurately identifies and locates objects in images and videos [46,47]. At the time of this research,
YOLOv12 is the latest version. The YOLOv12 model was selected for its reported increased accuracy
and computational efficiency, as it has several key improvements over previous versions, including
enhanced feature extraction, greater architectural efficiency, and optimization innovations [48].

2.7. Velocity Calculations

The MP settling velocity (ωs) was first calculated over the course of a single frame in cm/s:

ωs =
√
△x2

p +△y2
p ∗ f ps ∗ H

zp
(1)

where △xp is the horizontal displacement of the MP in pixels, calculated using the center coordinates
of the bounding box in the current and previous frames, and △yp is the vertical displacement. f ps is
the frames per second. H is the vertical extent of the camera frame in cm, and zp is the height of the
frame in pixels.
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After calculating the velocity for a single frame, a sliding window average was employed over a
specific window size w, which was empirically selected to be five frames. The sliding window average
at a position i is given by the following:

ωs(k) =
1
w

k

∑
i=k−w+1

ωs(i) (2)

The average velocity (ωs(avg)) for n data points can be obtained using the following:

ωs(avg) =
1
n

n

∑
i=1

ωs (3)

In the real-time analysis, the average frames per second at a position k was calculated using the
following:

f psk =
w

∑k
i=k−w+1 s

(4)

where s is the seconds elapsed over the course of a single frame and w is the window size; in this case,
w = 10.

The stopwatch-derived settling velocity ground truth can be obtained using the following:

ωs =
H
s

(5)

where s is the number of seconds taken for a microplastic to fall a distance H in cm.
The frame-derived settling velocity ground truth was calculated using the equation below.

ωs = H ∗ f ps
( f f − fi + 1)

(6)

where fi is the first frame in which the MP is visible and f f is the last frame in which the MP is visible.
H is the vertical extent of the camera frame in cm.

2.8. Size Calculations

The estimated size of a MP in mm for a single frame was obtained using the following:

S =
Dy

zp
∗ H ∗ 10 (7)

where Dy is the height of the MP in pixels, H is the vertical extent of the camera frame in cm, and zp is
the height of the frame in pixels. After calculating the size of the MP in every frame, the average size
for n data points was obtained.

S =
1
n

n

∑
i=1

S (8)

2.9. Model Evaluation

The values calculated by the computer vision system were compared with two theoretical models.
In 2003, Brown and Lawler [49] proposed an equation for calculating ωs for spherical particles.

ωs

[gϑ(ρs − ρ)/ρ]
1
3
= [(

18
D2∗

)
0.898(1+0.936D∗)

1+D∗ + (
0.317

D∗
)0.449]−1.114 (9)

where g is gravitational acceleration, ϑ is kinematic viscosity, ρs is the density of the MP, ρ is the density
of the water, and D∗ is the dimensionless diameter of the MP.
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In 2024, Zhang and Choi [50] proposed a universal settling model for microplastics with diverse
shapes.

ω = ωs ∗ [Φ′ + 0.17(
289(Φ′)4

(d∗)2MLSF4 )
Φ′
] (10)

where ωs can be calculated using the model proposed by Dietrich in 1982 [51], MLSF and Φ′ are shape
factors, and d∗ is the dimensionless diameter of the MP.

To evaluate the accuracy of the model with respect to the ground truths and theoretical predictions,
two metrics were used. Mean absolute error for a sample size n was calculated using the following:

MAE =
1
n

n

∑
i=1

|ŷi − yi| (11)

where ŷi denotes the value calculated by the computer vision system and yi is the ground truth or
theoretical value. Mean percent error for a sample size n was obtained using the following:

MPE =
1
n

n

∑
i=1

|ŷi − yi|
yi

∗ 100 (12)

where ŷi denotes the value calculated by the computer vision system and yi is the ground truth or
theoretical value.

3. Results and Analysis
3.1. Model Performance

The mean average precision calculated at an intersection over union (IoU) threshold of 0.50
(mAP50) for the trained YOLOv12n object detection model is equal to 0.995. This indicates that the
model effectively balances precision, the proportion of true positives among all positive predictions,
and recall, the proportion of true positives among all actual positives. The proportions of true positives,
true negatives, false positives, and false negatives can be visualized in a confusion matrix (Figure 3).
The diagonal boxes show the proportion of true positives, while the off-diagonal boxes indicate
misclassification. As seen in the figure, 3% of the 3 mm microplastics were incorrectly identified as
background. The high performance of the model also reflects the relatively low amount of variation in
the training dataset. The camera and lighting setup remained fixed, so the only variation came from the
different types of water and the presence of sediment. Maintaining a consistent setup was necessary,
given that the model was designed solely for controlled laboratory experiments that required precise
calculations.
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Figure 3. Normalized confusion matrix for trained YOLOv12n-based model.

3.2. Settling Velocity Calculations

In the offline tests, the average settling velocities of 180 MPs were calculated using the algorithm
developed. For each class of MPs, the mean and standard deviation of the average settling velocities
were calculated for the three different types of water (Table 2).

Table 2. Computed settling velocity for different sizes of MPs and water types in offline testing.

Size (mm) Density (kg/m3) Water Type Mean ωs(avg)
(cm/s)

Standard
Deviation (cm/s)

3 1190 Distilled 10.843 0.1163

3 1190 River 10.824 0.1474

3 1190 Saltwater 9.696 0.0730

4 1300 Distilled 16.317 0.3085

4 1300 River 16.387 0.2376

4 1300 Saltwater 15.299 0.2704

5 1050 Distilled 5.897 0.5709

5 1050 River 6.114 0.4230

5 1050 Saltwater 3.408 0.7979

The results in (Table 2) indicate that increases in particle density as well as larger differences in
density between the fluid and particle are associated with higher settling velocities for spherical MPs.
Across all classes of MPs, the mean settling velocity was lower in saltwater compared to distilled water.
This difference was most dramatic for the 5 mm MPs which are closest in density to the fluid. Settling
velocities are comparable in river water and distilled water.

Figure 4 displays how variation in settling velocity increases with MP size. The average standard
deviation across all water types is 0.112 for the 3 mm MPs, 0.272 for the 4 mm MPs, and 0.597 for the 5
mm MPs.
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(a) (b)
(c)

Figure 4. Comparison of settling velocity for different sizes of MPs and water types in offline testing. (a) 3 mm
MPs, (b) 4 mm MPs, and (c) 5 mm MPs.

The model-derived velocities were compared to corresponding values of ωs calculated using the
theoretical equations (Table 3). Additionally, the settling velocities of the 3 mm and 4 mm MPs in
distilled water can be directly verified with measurements from a previous study conducted by Ijaz
et al. [52] which used the same particles. The MPE values for the 3 mm and 4 mm MPs, respectively,
were 2.004% and 0.809%.

Table 3. Errors between model-derived velocities and theoretical predictions for offline data collection.

Size (mm) Water Type

Model-
Derived

Mean
ωs(avg)
(cm/s)

Brown and
Lawler ωs

(cm/s)
MPE (%)

Zhang and
Choi ωs
(cm/s)

MPE (%)

3 Distilled 10.843 10.628 2.023 9.495 14.199

3 River 10.824 10.637 1.754 9.496 13.980

3 Saltwater 9.696 9.603 0.965 8.682 11.685

4 Distilled 16.317 16.846 3.138 15.274 6.828

4 River 16.387 16.8449 2.718 15.273 7.292

4 Saltwater 15.299 15.797 3.151 14.206 7.693

5 Distilled 5.897 7.225 18.380 6.378 7.538

5 River 6.114 7.245 15.613 6.388 4.287

5 Saltwater 3.408 4.657 26.817 4.366 21.941

In the real-time tests, the average settling velocities of 60 MPs were calculated using the algorithm
developed. For each class of MPs, the mean and standard deviation of the average settling velocities
were calculated (Table 4). The values are comparable to the data collected in distilled water during the
offline testing.

Table 4. Computed settling velocity for different sizes of MPs in distilled water during real-time testing.

Size (mm) Density (kg/m3) Water Type Mean ωs(avg)
(cm/s)

Standard
Deviation (cm/s)

3 1190 Distilled 10.684 0.1254

4 1300 Distilled 16.368 0.2269

5 1050 Distilled 6.193 0.8686
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3.3. Ground Truth Analysis

For each class of MP and water type, the errors between the settling velocities estimated using
computer vision and the stopwatch ground truths were calculated (Table 5).

Table 5. Errors between model-derived velocities and stopwatch ground truths for offline data collection.

Size (mm) Water Type MAE (cm/s) MPE (%)

3 Distilled 0.6166 6.101

3 River 0.6488 6.452

3 Saltwater 0.4908 5.355

4 Distilled 1.1670 7.806

4 River 0.8490 5.549

4 Saltwater 1.1325 8.069

5 Distilled 0.3611 6.492

5 River 0.3372 5.950

5 Saltwater 0.1896 6.007

As visualized in (Figure 5), there is relatively strong agreement between the model-derived and
stopwatch velocities, with most errors below 10%. The average percent error was highest for the 4 mm
MPs (7.14%), followed by the 5 mm MPs (6.15%), then the 3 mm MPs (5.97%). The real-time analysis
was consistent with the precision of the offline calculations, as the average error of all MP classes in
distilled water was 4.62% (Table 5).

(a) (b)
(c)

Figure 5. Comparison of computer vision and stopwatch estimations of settling velocity for different sizes of MPs
and water types in offline testing. (a) 3 mm MPs, (b) 4 mm MPs, and (c) 5 mm MPs.

(Figure 5) demonstrates that the settling velocities estimated using computer vision were consis-
tently higher than those calculated using the stopwatch across all MP classes and water types. This
could be attributed to the computer vision system slightly overestimating the true settling velocity
or human error associated with the stopwatch timing. As a way of investigating the extent of the
stopwatch errors, MAE and MPE were also calculated using the frame-derived ground truth for the
real-time data (Table 6).
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Table 6. Errors between model-derived velocities and stopwatch and frame ground truths for real-time data
collection.

Size (mm) Water Type Ground Truth MAE (cm/s) MPE (%)

3 Distilled Stopwatch 0.5759 5.751

3 Distilled Frame 0.0717 0.6709

4 Distilled Stopwatch 0.6345 4.121

4 Distilled Frame 0.1459 0.8973

5 Distilled Stopwatch 0.2330 3.988

5 Distilled Frame 0.0533 0.8831

Across all MP classes, the MAE is 80.6% lower for the frame ground truth compared to the
stopwatch ground truth. This indicates that the model-derived velocities are in greater agreement
with the frame-derived velocities than the stopwatch velocities, which is demonstrated in (Figure 6).
The model-derived velocities are an average of 0.455 cm/s higher than the stopwatch values and
0.043 cm/s higher than the frame-derived values. There is also more variability associated with the
stopwatch ground truth compared to the frame ground truth, as the standard deviations are 0.409
cm/s and 0.106 cm/s, respectively. The larger deviations in estimated settling velocity corresponding
to the stopwatch ground truth could be attributed to human error during timing.

(a) (b)

Figure 6. Evaluation of model-derived settling velocities against stopwatch and frame ground truths using
real-time data for all microplastics in distilled water. (a) Frame Ground Truth, and (b) Stopwatch Ground Truth.

3.4. Microplastic Size Estimations

In the offline and real-time testing, the size of each MP was estimated using computer vision. For
each class of microplastics and water type, the mean and standard deviation of the estimated size were
calculated, as well as the percentage error with the actual size (Table 7).
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Table 7. Computer vision estimations of MP size for different classes of microplastics and water types in offline
and real-time testing.

Actual Size
(mm)

Real-Time or
Offline Water Type Mean savg

(mm)

Standard
Deviation

(mm)
MPE (%)

3 Offline Distilled 4.218 0.04554 40.60

3 Offline River 4.043 0.06576 34.78

3 Offline Saltwater 3.810 0.03234 27.00

3 Real-Time Distilled 3.924 0.09605 30.80

4 Offline Distilled 5.839 0.05625 45.97

4 Offline River 5.822 0.08826 45.55

4 Offline Saltwater 5.655 0.10138 41.38

4 Real-Time Distilled 5.857 0.07367 46.42

5 Offline Distilled 5.680 0.09138 13.61

5 Offline River 5.611 0.06469 12.23

5 Offline Saltwater 5.375 0.07142 7.493

5 Real-Time Distilled 5.571 0.10547 11.42

Across all classes of MPs, the size predictions are inflated. This could be attributed to inaccuracies
during annotation. In many of the frames used for training, the MPs appeared vertically stretched due
to their fast movement. The annotations were drawn as close to the edges of the particles as possible,
but the vertical elongation of the MPs may have hindered the precision of the annotations. This, in
turn, negatively impacted the size calculations, particularly for the 3 mm and 4 mm MPs, which had
the fastest settling velocities. Across all MP classes, the percent error is lowest in the saltwater, which
makes sense given that the particles had the slowest settling velocities in that water type.

3.5. Microplastic Settling Dynamics

The computer vision system generates detailed data that is lost in the manual calculations of
settling velocity. The position of the MP is tracked throughout the video stream, allowing for the
derivation of its coordinates and velocity in any given frame. This high-resolution data reveals nuances
in the sinking patterns. In Figure 7, the sliding window velocity is plotted over time for one MP
from each class, highlighting differences in how velocity varies over the courses of their respective
trajectories.

(a) (b)
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(c)

Figure 7. Computer vision estimations of settling velocity over time in distilled water for different sizes of MPs.
(a) 3 mm MP, (b) 4 mm MP, and (c) 5 mm MP.

In Figure 8, the center pixel coordinates from every frame are plotted for one MP from each class,
providing a visual representation of their settling paths.

(a) (b)
(c)

Figure 8. MP settling paths in distilled water for different sizes of microplastics. (a) 3 mm MP, (b) 4 mm MP, and
(c) 5 mm MP.

The horizontal displacement △x for each MP was calculated by subtracting the minimum center
x-coordinate from the maximum center x-coordinate and then converting the difference to cm. The
mean and standard deviation were calculated for each class of MP and water type in offline testing
Table 8, allowing for quantification of the observed settling patterns.

Table 8. Computed horizontal displacement for different sizes of MPs and water types in offline testing.

Size (mm) Density (kg/m3) Water Type Mean △x (cm) Standard
Deviation (cm)

3 1190 Distilled 0.7469 0.2311

3 1190 River 1.105 0.3500

3 1190 Saltwater 0.8914 0.3919

4 1300 Distilled 0.6450 0.1683

4 1300 River 1.138 0.4313

4 1300 Saltwater 0.8018 0.2892

5 1050 Distilled 0.6719 0.2022

5 1050 River 0.7693 0.3588

5 1050 Saltwater 0.5375 0.2181
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Given the observed large standard deviations relative to the means, conclusions about the in-
fluence of MP properties and water type on horizontal displacement cannot be made. However, the
derivation of these values underscores the potential for rigorous analysis of MP settling dynamics
afforded by this computer vision-based approach.

3.6. Limitations

There were some limitations to the experimental setup used. Due to the constraints imposed
by the walls of the tube, the settling velocities could be marginally lower than in an unlimited field.
By restricting the flow of the fluid, the walls have a braking effect on the fall of the particle [53].
Another limitation is the motion blur observed in the frames, which resulted in skewed calculations
of particle size. This could be addressed by modifying the lighting system or selecting a camera
with a different shutter type, such as a global shutter. Furthermore, the computer vision system was
developed on commercially available MPs. All of the MPs used in this study were spherical, with
limited variation in size and color. Implementing the system in real-world scenarios would require
training the model on MPs collected from natural sources, which exhibit more variation in size, shape,
and color. Additionally, the system was tested on river water from a single source and therefore
does not account for variation in settling velocity across different riverine sites. The observed settling
behavior of the MPs in laboratory-made saltwater could also be different from their behavior in natural
saltwater.

3.7. Future Work

Testing the system on water samples from different types of field sites, including lakes, rivers,
oceans, and coastal zones, will further our understanding of how MP settling velocity varies across
aquatic environments. The water temperature and pH are two additional variables that can be
manipulated in laboratory tests. Additionally, the model can be trained to detect a wider variety of
sizes, densities, shapes, and colors of MPs. Continuation of this research could include implementing
the system on a Raspberry Pi. This portable version would enable testing closer to the field site, as
opposed to in the laboratory, thereby minimizing degradation of sample quality. Modifications would
need to be made to the experimental setup to ensure that the precision achieved in the laboratory is
upheld in the field. In this study, YOLOv12n was used as a base for the model. Testing the system
with other YOLO versions or a Vision Transformer would allow for performance optimization.

4. Conclusions
This study presents an objective and automated approach to measuring MP settling velocity in

real-time. Using an object-detection algorithm, detailed data on MP sinking dynamics can be generated
alongside other metrics, including counting and size. The computer vision system was tested with
three sizes of MPs (3 mm, 4 mm, and 5 mm) as well as three types of water (distilled water, river water,
and saltwater). The overall percent error when comparing the calculated velocity to the stopwatch
ground truth in offline testing was 6.42%. In real-time testing in distilled water using the frame-derived
ground truth, the mean percent error was 0.817%. Particle and fluid density were found to heavily
influence settling velocity. These findings demonstrate the potential for computer vision to improve the
accuracy, efficiency, and detail of laboratory measurements of MP settling velocity. Additionally, the
system can be harnessed for determining MP distribution and transport patterns in the field, helping
to address the pervasive issue of MP pollution in aquatic environments.
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