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Abstract: Despite recent advances in remote sensing of large accumulations of floating plastic debris,
mainly in coastal regions, the quantification of individual macroplastic objects (>50 cm) remains
challenging. Here, we have trained an object-detection algorithm by selecting and labeling footage
of floating plastic debris recorded offshore with GPS-enabled action cameras aboard vessels of
opportunity. Macroplastic numerical concentrations are estimated by combining the object detection
solution with bulk processing of the optical data. Our results are consistent with macroplastic
densities predicted by global plastic dispersal models, and reveal first insights into how camera
recorded offshore macroplastic densities compare to micro- and mesoplastic concentrations collected
with neuston trawls.
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1. Introduction
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Plastic waste is an increasing threat to the natural environment [1]. The yearly global
production of plastics grows exponentially [2]. Mismanaged waste has a high probability
of reaching the natural environment and hydrosphere [3]. Rivers can transport plastic
litter to the coastal zones [3–6], where they are transported further by oceanic dispersal
into accumulation zones, for example, the Great Pacific Garbage Patch (GPGP), together
with plastic litter emitted directly at sea by activities such as fishing, aquaculture, and
shipping [7–10]. There, repetitive quantification efforts remain relevant as the concentration
of plastic litter in the oceans depicts a high spatio-temporal variability [11,12] and because
quantities keep on increasing [10,13].
A proven method for micro- and mesoplastic (<5 cm) quantification is to deploy a
Manta trawl at the ocean surface. Here, a small surface net is trawled behind a research
vessel. Subsequently, numerical and mass concentrations of plastic are determined by
counting and weighing the plastic pieces collected by the trawl within a known sampled ocean surface area. Another method, visual observation, focuses on macroplastic
(>50 cm) [8,14–18]. Numerical concentrations are obtained by visual counting of floating
plastic debris from a vessel during a specific time interval. Manta-trawling and visual
surveys are reliable but also labor- and time-intensive methods, making large-scale and
systematic surveying in remote areas difficult.
Remote sensing of (floating) plastic litter provides a promising new and less laborintensive tool for the quantification and characterization of ocean plastic pollution. This
relatively new approach has seen recent successful developments on several applications.
For example, unmanned aerial vehicles (UAVs) or airplanes equipped with optical cameras
have successfully been used to quantify litter on beaches [19–23]. The mapping of floating
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litter is further pioneered by photography from airplanes [10,24] or satellite detection
of large accumulated patches [25–30]. Finally, there are several developments towards
automatic recognition of floating litter from UAVs [31–33] or bridge cameras [34]. It is likely
that all these methods can be enhanced by multispectral or hyperspectral sensing [35–41].
However, most of these previous remote sensing approaches either focused on detecting debris in controlled or stationary environments or on vast debris accumulations,
usually composed of a mix of floating anthropogenic and organic waste and often related
to extreme environmental events. Individual large macroplastic items (floating plastic
objects such as crates, ghost nets, or buoys >50 cm) in offshore marine environments are
sparsely distributed with only a few objects per km2 of sea surface area in accumulation
zones such as the oceanic subtropical gyres [10]. Still, they may represent a substantial
part of the floating plastic mass budget in the ocean because of their weight compared to
microplastics (<5 mm). Despite opportunistic efforts to map them in certain areas [24,42,43],
macroplastics remain poorly quantified in remote oceanic environments.
Current knowledge on the accumulation of macroplastic debris at the ocean surface is
limited mainly due to methodological constraints. Macroplastics are typically too large for
collection by neuston trawls. Furthermore, the relatively small sea surface area investigated
during offshore research expeditions often is too small to compensate for the low areal
concentrations of macroplastic debris. Given their contribution to floating plastic mass
in the ocean [10], an accurate mass balance budget requires quantitative data on the
distribution of macroplastics afloat on the sea surface.
Theoretically, the aforementioned visual observation method can be used to further
quantify floating macroplastic debris, but a more scalable, standardized, and automated
approach would be desirable for practical reasons. Here, we present a proof-of-concept for
an alternative method, based on automatic object detection and analysis in camera transect
images. In the method, we describe how GoPro® action cameras were used to collect
geo-tagged images. This is followed by the training and testing of a neural network and
further geometric projections of the data. Finally, we describe the spatial aggregation of
the camera-based observations and its comparison with observations of other size classes
derived by concurrent Manta trawling.
2. Materials and Methods
2.1. 2019. Expedition Data
In late 2019, The Ocean Cleanup North Pacific Mission 3 (NPM3) took place aboard the
Maersk Transporter [13]. GoPro® cameras, Figure 1, mounted on starboard and portside at
the bridge deck (18 m above the waterline) of the vessel traveling at 10 knots, recorded over
300,000 photos along transects during daytime conditions. As Figure 2 shows, this resulted
in a data footprint that spans the area between the port of departure and arrival (Vancouver)
and the area of interest, the Great Pacific Garbage Patch (GPGP). The cameras recorded
photo time-lapses with intervals varying between 2 s and 10 s. The survey produced a
series of overlapping photos aligned perpendicular to the vessel track (Figure 3). Each
image of 12 megapixels (MP, 4000 by 3000 pixels) was corrected for lens distortion by the
internal camera software using the linear field-of-view (FOV) setting.
A large fraction of the dataset is impacted by irregular timelapse intervals (changing
between 2 s and 10 s) and differences between starboard and portside camera intervals
(2 s versus 10 s). These irregularities will lead to an imbalance in object detection probability. Unfortunately, the current processing method is not suitable to handle these imbalances
correctly. Due to this limitation, we focus the analysis on a subset of 100,000 images with a
regular interval of 2 s, indicated later in Section 3.3.
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Figure 1. Camera set-up: a GoPro® Hero6 Black is clamped to the vessel starboard and/or portside railing. A power bank
is attached for longer battery endurance. The camera records to a 128 GB microSD card, which provides enough storage for
one day of photos at 2 s interval and 4000 × 3000 pixels resolution.

Figure 2. Map of the photo footprints (black lines) during mission NPM3. The gaps are mainly
caused by transit during nighttime, at which no photos were recorded. The light and dark red shaded
polygons indicate the estimated outer and inner areas of the Great Pacific Garbage Patch (GPGP),
respectively [10].
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Figure 3. Illustration of a one-sided photo transect, showing the length L, the different timestamps tx,
and the cut-off perpendicular distance (heavy dashed line) inferred from the data. At a 2 s interval
and 10 knots speed, the photographed areas will overlap.

2.2. Training Data 2018–2019
Using UAVs and cameras from vessels during The Ocean Cleanup System 001 (“Wilson”) and System 001B testing missions between 2018 and 2019 [13], approximately
4000 example photographs of floating macroplastic were gathered, presenting a diverse
learning set. Despite the large diversity in observation angle and weather conditions, the
data could be handled uniformly, with the pictures all being JPEG encoded and between
12 Megapixels and 20 Megapixels.
The images were posted on the online labeling platform Zooniverse [44], where
volunteers built a separate labeling project, including a small tutorial and FAQ. In this
virtual environment, staff and volunteers created rectangular bounding boxes around
visually identified plastic debris items, categorized into three classes: hard plastics, nets,
and ropes. To make the network robust against small noisy features such as wave crests and
sun glint, the strategy was to only label debris that is clearly identifiable as a non-natural
object. Labels were cleaned and adjusted using VGG Image Annotator [45]. The categories
were later condensed into one ‘debris’ class, as it resulted in better detection precision.
After labeling, data augmentation was performed by random transformations on the
labels and training images. These transformations included image shear along the X and Y
axis; zoom in/out; rotation by an arbitrary angle; slicing of images to produce different
scales; translation; random exposure and contrast; multiplication of the digital number
(DN) values.
The resulting augmented dataset consisted of 15,227 images. To further limit false
positive detections, we added 3362 photos of various sea states without plastic debris to
improve hard negative training, yielding a complete training set of 18,589 images. The
validation set consisted of 739 independent photographs.
2.3. Neural Network Training
We used a twofold approach with the Tensorflow Object Detection API [46] with
Faster R-CNN (FRCNN) [47] versus PyTorch [48] and Ultralytics YOLOv5 [49] for training
and running object detection models.
For the Faster-RCNN approach, we used a pre-trained network based on the weights
of the COCO dataset [50]. The model was trained for 20,000 steps at batch size 4. The
hyperparameters were changed for a custom anchor stride of 8 pixels, anchor box scales
[0.005, 0.05, 0.1, 0.25, 0.5, 1.0, 2.0], anchor aspect ratios: [0.5, 1.0, 2.0], and a customized
intersection-over-union (IOU) threshold of 0.6. As the training algorithm rescales images
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to 640 pixels, we used sliced (640 × 640 pixels) training images to prevent the overcompression of small labels.
For the YOLOv5 approach, no hyperparameters were changed except for the image
size, set to 2016 pixels (major axis) to minimize label compression. To conserve memory
and optimize detection speed, we trained using the smallest model size (YOLOv5s). We
trained the model for five epochs, with each epoch using all the 18,589 training images
in steps with batch size 4. The number of training steps was kept relatively low to allow
for generalization, i.e., the neural network should not be too strict in detecting objects.
By keeping the number of training steps limited, the model is permitted to ‘fantasize’
about object appearance. This is necessary because of the significant heterogeneity in the
appearance of floating macroplastic.
2.4. Batch Image Processing and Geometric Computations
We modified and embedded the Tensorflow and Pytorch object detection APIs into
a batch script (Python 3.7) that performs the steps according to the flowchart in Figure 4.
The program’s horizon detection and camera orientation part is based on a Matlab toolbox
developed by [51] and was adapted for inclusion in the Python software.

Figure 4. The automated part of the processing workflow.

The processing software generates an image collection with object bounding boxes.
By setting a confidence threshold in the previous detection step, the sensitivity can be
optimized. The remarkable confidence threshold of >0.2 was selected due to a high degree
of object heterogeneity, while the object detection model has been trained on one class. The
model can recognize new object appearances, but regularly does so with low confidence.
Therefore, we chose to minimize the number of false negatives while accepting a higher
false-positive occurrence (low precision, high recall). After manually discarding false
positives and duplicate detections, we counted the number of unique objects and exported
a new attribute table containing the unique objects location and other properties. In the
statistical analysis, the distance from the vessel and the size distribution of the bounding
boxes are determined. This process yields a cut-off distance, beyond which objects are
undetectable. The distance distribution also helps to identify the detection probability as a
function of distance.
In the GIS analysis step (QGIS 3.18), the detected objects were attributed to the
different transect segments by spatial join operation. The transect segment length was
determined using the ellipsoidal method and combined with the transect width to calculate
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the total scanned surface. This process is analogous to the method used for visual observer
transects [16].
Finally, the number of detections per transect was corrected for the total detection
probability and divided over the transect scan area to produce point features with the
numerical concentration of debris.
2.5. Comparison of Camera Data with Manta Trawl Data
As an additional step, we compared the camera object detections with Manta trawl
samples, collected during The Ocean Cleanup’s NPM3 Expedition and presented in [13], to
explore potential relationships with micro- and mesoplastic concentrations. In the comparison, we used the raw frequencies and the numerical concentrations without corrections
for sea state and wind speed. Figure 5 illustrates the method of matching camera object
detections to Manta trawl samples by GIS processing. First, the processing step combines
the start point and endpoint of each Manta trawl sample with the image GPS track to select
the relevant objects. The following analysis step counts the number of objects and number
of photos in each Manta Trawl Zone.

Figure 5. Map highlighting the comparison of three example Manta trawl samples with camera surveys. The black line
indicates the camera GPS tags, a concatenation of individual markers. Each black hatched areas indicate a Manta Trawl
Sample Zone, a 100 m (each side) buffer around each Manta trawl trajectory. White bubbles indicate the locations of unique
identified floating macroplastic objects. The GIS processing attributes the number of detected objects to each sample zone as
well as the total number of photographs taken.
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From unique object detections, we can calculate the numerical concentration. The
camera transect numerical concentration D̂i at a camera transect survey i is defined as:
D̂i =

nobjects, i · fˆ
2Lw

(1)

where nobjects, i is the number of unique detected objects in transect i, fˆ is the estimated
overall detection probability correction, L is the length of the survey, and w is the survey strip width. In this study, the values of the parameters are estimated as constants:
fˆ = 2, w = 80 m.
The final part of this study will explore the correlation between spatial distribution of
different size classes by comparing the numerical densities of microplastic with those of
macroplastic in scatterplots and examining the correlation strength.
3. Results
3.1. Neural Network Performance and Object Verification
As is presented in Table 1, the software detected 111 objects and 416 objects using FRCNN and YOLOv5, respectively. Objects in the images are typically very small
(10–50 pixels) compared to the image size (4000 by 3000 pixels), as can be seen in Figure 6,
where a large detected object is shown in the context of a full image. The newer YOLOv5
offered automatic scale learning and performed remarkably stronger than FRCNN on the
learning and detection of small objects. Several typical object detections are shown in
Figure 7. Table 1 also presents the minimum object sizes. Here, YOLOv5 detects the smallest object at 0.15 m compared to 0.35 m for FRCNN. In summary, YOLOv5 outperforms
FRCNN in the number of objects detected as well as minimum object size. The difference
in detection performance might be attributed to their different hyperparameter settings,
and both network performances could be improved by further optimization. However, the
Yolov5 framework has the clear advantage of better performance with minimal changes
to the initial settings, making it a highly accessible tool. Note that the detection of the
smallest objects is irregular, and another empirical detection threshold will be discussed in
the next section.
Table 1. Comparison of number of detected objects and minimum detectable object size between
FRCNN and YOLOv5.

FRCNN
YOLOv5

Number of
Unique Objects

Minimum
Object Size [m]

111
416

0.35
0.15
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Figure 6. Example image extracted from an intermediate processing stage in the algorithm. The green line denotes the
detected horizon. A bounding box indicates a large detected object in the lower right quadrant of the image. Relative to the
full image size, this large object is still small.

Figure 7. Typical detections by the algorithm. (a): Examples of a false-positive detection: the distant tail of a diving cetacean,
a wave crest, and a sea bird. (b): A series of true-positive detections of the same object (also Figure 6), from overlapping
images. (c): Several verified objects after manual sorting and elimination of duplicates.
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3.2. Distance to Vessel and Size Distribution of Objects
This section focuses on the YOLOv5 results as they were selected as the most complete
dataset compared to the FRCNN results based on the previous section. Figure 8 shows
a histogram of the object set’s distance from the vessel. Beyond 100 m, the algorithm
detected no objects. Note that the detection starts at 20 m because of the camera’s oblique
orientation. The 20 m and 100 m distances were used as lower and upper boundaries in
the GIS analysis.

Figure 8. Histogram of validated macroplastic objects (Object Frequency) compared to distance from
vessel. The distribution suggests a negative dependence of detection probability with distance.

The algorithm also determined the size of each object. Figure 9 presents the object
size distributions between 1 and 8 m and a more refined scale distribution between 0 m
and 3 m. Most objects are smaller than 1 m in size Figure 9a. On a finer scale, most of
the detected objects are in the 0.50 to 0.75 m interval Figure 9b. A sharp drop of object
frequency below 0.50 m is in contrast with the expected higher abundance of smaller
floating plastic objects [10]. This indicates that the network performance for objects under
0.50 m is irregular, despite its occasional ability to detect objects down to 0.15 cm. Therefore,
we selected 0.50 m as the lower level for further GIS analysis and comparisons and omitted
the data from objects below 0.50 m.

Figure 9. (a) Size distribution of the detected macroplastic objects (major axis of the bounding box), indicating that most
observed objects are smaller than 1 m. (b) A finer size distribution between 0 m and 3 m reveals no significant object
detections below 0.25 m and a peak between 0.50 m and 0.75 m.

3.3. GIS Analysis
Figure 10 shows the resulting numerical concentrations, geographically distributed,
for all macroplastic objects >50 cm. Figure 10 also indicates the range of numerical concentrations for the inner (1–10 #/km2 ) and outer patch (0.1–1 #/km2 ), as estimated by [10].
The concentrations range between 0 and 1.1 items per km2 of sea surface area, #/km2 , close
to Canada’s West Coast. Approaching the northeastern boundary of the GPGP (West of
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130 degrees latitude), the concentrations remain in a similar range while reaching a higher
max. of 2.42 #/km2 . However, a steep increase follows when entering the inner GPGP
inside the 1–10 #/km2 model boundary (dark red shading); here, the values vary between
4.06 and 6.26 #/km2 . In [10], the mean concentration of floating plastics >50 cm in the
inner GPGP was 3.6 #/km2 . Our results, 4.06–6.26 #/km2 for the inner GPGP, are all higher
while within the modeled range.

Figure 10. Update of the map in Figure 2 with numerical concentrations of macroplastic (>50 cm) indicated by circle size and
labels from the Yolov5 results. Black lines indicate photo footprints during mission NPM3. The gaps are mainly caused by
transit during nighttime, at which no photos were recorded. The light and dark red shaded polygons indicate the estimated
outer and inner areas of the Great Pacific Garbage Patch (GPGP), respectively [10].

3.4. Comparison with Manta Trawl Data
The concurrent sampling by Manta trawl provides the opportunity to cross-compare
the >50 cm object detections with detections in other size classes: Micro 1 (0.05–0.15 cm),
Micro 2 (0.15–0.5 cm), Meso 1 (0.5–1.5 cm), and Meso 2 (1.5–5 cm) from [13]. While the
current dataset is too limited to perform a reliable hypothesis test, this comparison could
give an early insight into the degree of correlation between spatial distributions of microand macroplastic.
The GIS processing step detailed in Section 2.5 produces a table of Manta trawl samples
with the corresponding number of detected objects, found in Table 2. In the top section of
Table 2, we highlight 11 camera surveys with at least one detected object.
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Table 2. Overview of Manta trawl sampling stations and the raw frequency of objects/particles observed in all size classes.
The table sorting is in descending order by the number of macroplastic objects. Blue-gray shading indicates the 11 Manta
trawl samples containing at least one macroplastic objects (>50 cm). Additional gray shading highlights Manta trawl
samples for which no plastics were observed in the respective size class. Note that this table excludes Manta trawl sampling
stations for which no photos were taken (camera off).

Manta Trawl
ID
025
016
018
017
027
034
004
012
022
031
032
005
006
007
008
009
011
013
014
015
023
024
026
033
035
036
037
038
039
040
041
043
044
045

Number of
Photographs
806
1353
3166
1504
890
382
2247
1995
1392
890
956
2301
1615
1780
1460
1444
1481
780
716
931
862
1159
842
979
385
492
1040
956
950
258
168
1956
1954
1403

Camera

Manta

Manta

> 50
cm
13
7
6
2
2
2
1
1
1
1
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Total < 5
cm
1747
296
356
85
447
20
82
650
201
24
23
109
59
25
967
1396
326
131
71
192
286
531
395
36
0
20
10
5
9
2
5
9
10
4

1.5–5
cm
25
39
10
4
12
0
1
3
4
0
0
4
3
0
1
9
5
1
2
0
8
12
9
2
0
0
0
0
3
0
0
0
0
0

Manta
0.5–1.5 cm
108
54
81
13
23
0
7
65
24
1
6
14
7
0
77
83
31
7
9
15
24
63
72
7
0
4
2
1
1
0
0
1
0
0

Manta
0.15–0.5
cm
1072
128
232
53
322
8
33
272
136
7
16
41
33
13
501
786
128
40
26
70
125
394
272
4
0
12
6
3
5
2
3
5
3
1

Manta
0.05–0.15 cm
542
75
33
15
90
12
41
310
37
16
1
50
16
12
388
518
162
83
34
107
129
62
42
23
0
4
2
1
0
0
2
3
7
3

For further analysis, we select the nonzero Manta trawl samples and nonzero camera
surveys. Figure 11. Log-Log scatterplots of Manta trawl observations (y) versus camera observations (x), defined in Section 2.5, for four different Manta trawl size classes: (a) 0.05 cm
(lower limit)–0.15 cm, (b) 0.15–0.5 cm, (c) 0.5–1.5 cm, and (d) 1.5–5 cm (upper limit). The
text in the upper left corners expresses the linear regression model of each subplot’s logtransformed values and the model’s coefficient of determination (R2 ) value. shows a log-log
comparison of the >50 cm camera observations with the Manta trawl observations in the
four different size classes defined in the section above. Each subplot further provides the
linear regression model of its log-transformed values. The largest size class comparison
(1.5–5 cm) has only eight data points due to zero values in some of the Manta trawl samples.
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Figure 11. Log-Log scatterplots of Manta trawl observations (y) versus camera observations (x), defined in Section 2.5, for
four different Manta trawl size classes: (a) 0.05 cm (lower limit)–0.15 cm, (b) 0.15–0.5 cm, (c) 0.5–1.5 cm, and (d) 1.5–5 cm
(upper limit). The text in the upper left corners expresses the linear regression model of each subplot’s log-transformed
values and the model’s coefficient of determination (R2 ) value. The gray dashed lines indicate the fitted regression models.

The microplastic size classes (subplots a and b) show weak correlations by point
distribution and model fits (R2 = 0.14 and R2 = 0.16, respectively). The mesoplastic size
classes (subplots c and d) show stronger correlations (R2 = 0.25 and R2 = 0.70, respectively).
The largest mesoplastic size class reveals a point distribution that suggests a correlation
with macroplastic densities. A supplementary scatterplot for comparison of the total of
Manta trawl size classes can be found in Appendix A, Figure A1.
4. Discussion
In the emerging marine litter remote sensing field, limited tools exist for remote quantification of large macroplastic objects (>50 cm) afloat at sea. Together, these macroplastic
items form a significant fraction of the total estimated marine litter mass budget. If success-
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ful, automated camera transect surveys provide a promising tool to study the transport
and accumulation of macroplastic debris at sea.
For this study, we have successfully collected and analyzed a large camera transect
dataset (100,000 images) over the eastern North Pacific Ocean. By training and evaluating
two different neural networks, we found that the YOLOv5 architecture gives the most
robust detection performance on small objects, making it a suitable framework for the
automated analysis of camera transect images.
The geometric projection of the detected objects reveals that most objects are in the
size class between 0.5 m and 1 m. The furthest object detection distance from the vessel is
100 m. The distance histogram reveals a decreasing number of detections with distance,
aligning with results from previous visual survey transects [8,15–17]. These results indicate
that automated camera transects can provide valuable observational data on the size and
distribution of floating macroplastics.
As shown in Figure 10, the camera survey observations fall within the numerical
concentration values for the >50 cm size class predicted by global plastic dispersal modeling.
The large-scale analysis also indicates an increasing gradient of numerical concentration
when moving from the western North American coastline toward the GPGP.
We directly compared the camera observations to the Manta trawl observations in four
different size classes in the final comparison step. The largest (1.5–5 cm) size class from the
Manta trawl observations correlates strongly (R2 = 0.7) with the camera observations of
macroplastics. However, correlations with the smaller size classes are significantly weaker.
This variation in correlation strengths indicates that the spatial distribution of microplastics
(0.05–0.5 cm) does not necessarily match the spatial distribution of mesoplastic (0.5–5 cm)
and large macroplastics (>50 cm), as suggested previously [13].
The above findings encourage the suitability of the presented method for macroplastic
quantification at sea. Most of all, it is the first real-world demonstration of a large-scale
automated camera transect survey of floating marine litter.
There are several significant limitations to this study. Most importantly, the correlation
analysis between Manta trawl and camera observations is based on a low number of
nonzero camera surveys. Secondly, various technical challenges such as unsteady camera
intervals, corrupted images, and limited geometric calibration have introduced inaccuracies
that have not yet been fully quantified. Additionally, the current processing method leads
us to omit 2/3 of the original 300,000 images due to imperfections. Due to these limitations,
this study should not be taken for its findings but be regarded mainly as a methodology
proposal. Finally, the method currently cannot fill the gap between the 5 cm and 50 cm size
class, which cannot be detected reliably at the moment. Future work to extend detections
down to 5 cm would significantly amplify the relevance of this method.
5. Conclusions
We have presented a proof of concept for scanning large sea surface areas with affordable vessel-mounted action cameras. The method generates data points that may be
compared to other quantification methods, such as surface net trawling. An early GIS
analysis has confirmed that the calculated numerical concentrations for large macroplastics
obtained by our new method are within the range of concentrations estimates derived by
global plastic dispersal models for similar size class, thus suggesting the suitability of this
method to detect and quantify macroplastics in large debris accumulation zones. Additionally, the results provide first insights into how camera-recorded offshore macroplastic
densities compare to micro- and mesoplastic concentrations collected with Manta trawls.
To solidify the method’s reliability, additional validations with concurrent datasets are
necessary, as well as gathering and processing more footage.
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Appendix A

Figure A1. Log-Log scatterplot of the total Manta trawl observation size classes 0.05 (lower limit)
to 5 cm (upper limit). The text in the upper left corner expresses the linear regression model of the
log-transformed values and the model’s coefficient of determination (R2 ) value. The gray dashed line
indicates the fitted regression model.
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