
Enabling a large-scale assessment of litter
along Saudi Arabian red sea shores by

combining drones and machine learning.

Item Type Article

Authors Martin, Cecilia; Zhang, Qiannan; Zhai, Dongjun; Zhang, Xiangliang;
Duarte, Carlos M.

Citation Martin, C., Zhang, Q., Zhai, D., Zhang, X., & Duarte, C. M.
(2021). Enabling a large-scale assessment of litter along Saudi
Arabian red sea shores by combining drones and machine
learning. Environmental Pollution, 277, 116730. doi:10.1016/
j.envpol.2021.116730

Eprint version Post-print

DOI 10.1016/j.envpol.2021.116730

Publisher Elsevier BV

Journal Environmental Pollution

Rights NOTICE: this is the author’s version of a work that was accepted
for publication in Environmental pollution (Barking, Essex :
1987). Changes resulting from the publishing process, such
as peer review, editing, corrections, structural formatting,
and other quality control mechanisms may not be reflected
in this document. Changes may have been made to this work
since it was submitted for publication. A definitive version
was subsequently published in Environmental pollution
(Barking, Essex : 1987), [277, , (2021-03-02)] DOI: 10.1016/
j.envpol.2021.116730 . © 2021. This manuscript version is

http://dx.doi.org/10.1016/j.envpol.2021.116730


made available under the CC-BY-NC-ND 4.0 license http://
creativecommons.org/licenses/by-nc-nd/4.0/

Download date 23/05/2023 19:59:19

Link to Item http://hdl.handle.net/10754/667865

http://hdl.handle.net/10754/667865


 1 

Enabling a Large-Scale Assessment of Litter along Saudi Arabian Red Sea Shores by 1 

Combining Drones and Machine Learning  2 

 3 

Cecilia Martina*, Qiannan Zhangb, Dongjun Zhaib, Xiangliang Zhangb, Carlos M. Duartea 4 

 5 

a. Red Sea Research Center and Computational Bioscience Research Center, King Abdullah 6 

University of Science and Technology, 23955, Thuwal, Saudi Arabia 7 

b. Computer, Electrical and Mathematical Sciences and Engineering Division, King 8 

Abdullah University of Science and Technology, 23955, Thuwal, Saudi Arabia 9 

 10 

* corresponding author: cecilia.martin@kaust.edu.sa 11 

 12 

  13 



 2 

Abstract 14 

Beach litter assessments rely on time inefficient and high human cost protocols, mining the 15 

attainment of global beach litter estimates. Here we show the application of an emerging 16 

technique, the use of drones for acquisition of high-resolution beach images coupled with 17 

machine learning for their automatic processing, aimed at achieving the first national-scale beach 18 

litter survey completed by only one operator. The aerial survey had a time efficiency of 570 ±40 19 

m2 min-1 and the machine learning reached a mean (±SE) detection sensitivity of 59 ±3% with 20 

high resolution images. The resulting mean (±SE) litter density on Saudi Arabian shores of the 21 

Red Sea is of 0.12 ±0.02 litter items m-2, distributed independently of the population density in 22 

the area around the sampling station. Instead, accumulation of litter depended on the exposure of 23 

the beach to the prevailing wind and litter composition differed between islands and the main 24 

shore, where recreational activities are the major source of anthropogenic debris. 25 

 26 

Keywords: Unmanned Aerial Vehicles, Deep Neural Network, beach litter, plastic, marine 27 

debris. 28 

 29 

Capsule: A national-scale monitoring of beach litter along the Red Sea coast of Saudi Arabia, 30 

conducted by a single drone operator, shows that litter distributes according to wind exposure.  31 
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1. Introduction 32 

Anthropogenic litter, including metal, glass, wood, textiles, paper and mostly plastic, is found on 33 

any coast despite their remoteness (e.g. Bergmann et al., 2017; Lavers and Bond, 2017; 34 

Papachristopoulou et al., 2020; Ríos et al., 2018). Generated by improper waste management and 35 

practices or accidental losses, it disperses uncontrolled in the environment and eventually 36 

reaches the ocean, where, transported by currents and winds, becomes a trans-boundary issue 37 

(Bergmann et al., 2015; UNEP, 2005). Much of the anthropogenic litter released from land-based 38 

sources most likely remains close to the input source, in coastal environments, where it may be 39 

delivered back to shores and there accumulate (Olivelli et al., 2020). Plastic, which from the 70s 40 

has become the most used material (Crawford and Quinn, 2016), is also the one most frequently 41 

found in the marine environment and on the shores (Serra-Gonçalves et al., 2019). Up to 180 42 

million metric tons of plastic have been estimated to have reached the oceans since the 1950s, of 43 

which, however, only less than 1% is floating on the ocean surface (Lebreton et al., 2019). 44 

Hence, in the past decade, there has been a growing interest in trying to identify sinks of plastic 45 

debris, and generally of anthropogenic litter, in the marine environment (Aretoulaki et al., 2020). 46 

While global estimates of plastic debris in surface waters are available (Cózar et al., 2014; 47 

Eriksen et al., 2014; Lebreton et al., 2018; Van Sebille et al., 2015), we are far from having a 48 

global inventory of litter along shores. The main obstacle to achieve a global beach litter 49 

assessment is the low efficiency and coverage of traditional survey methodologies, that can 50 

require a disproportionate contribution of human resources (Nelms et al., 2017). Recently, a fast, 51 

easily reproducible and cost-effective method to survey macrolitter (>2.5 cm), involving use of 52 

Unmanned Aerial Vehicles (UAVs), was proposed (Bao et al., 2018; Deidun et al., 2018; Lo et 53 

al., 2020; Martin et al., 2018). UAVs are used to collect high-resolution aerial images of the 54 
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shore, allowing covering a few hectares over a few minutes (Bao et al., 2018; Deidun et al., 55 

2018; Lo et al., 2020; Martin et al., 2018). When coupled with an automatic screening of the 56 

aerial images supported by machine learning, this methodology becomes even faster and more 57 

cost-effective (Fallati et al., 2019; Gonçalves et al., 2020; Martin et al., 2018). This method has 58 

been now applied in several regions and environments, including rivers and open waters 59 

(Geraeds et al., 2019; Topouzelis et al., 2019). However, its implementation remains localized, 60 

e.g. limited to a few beaches and small regional areas.  61 

Here we advance, by orders of magnitude, the scale of beach litter assessments using drone 62 

surveys coupled with the automatized analysis of the acquired images through machine learning. 63 

By implementing and improving the method we used to assess beach litter in a site in the Red 64 

Sea (Martin et al., 2018), we surveyed 44 beaches on the coast of Saudi Arabia, sampled along 65 

1400 km from the northernmost to the southernmost location assessed. The Red Sea holds 66 

unexpectedly low concentrations of plastic in its surface waters (Martí et al., 2017) and macro 67 

litter stranded on shores might be a major sink. Hence, assessments of shore litter are crucial to 68 

explain the distribution and fate of plastic in the Red Sea basin. Our assessment demonstrates 69 

how UAVs coupled with machine learning, requiring one operator and inexpensive equipment, 70 

enables increasing the spatial scale of beach litter surveys by several orders of magnitude, 71 

thereby providing a model to eventually obtain near-global assessments. 72 

 73 

2. Materials and Methods 74 

2.1 Aerial surveys 75 

We surveyed a total of 44 beaches, from now on also called stations, along the Saudi Arabian 76 

coast of the Red Sea, covering a linear distance of 1400 km and 11-degree latitude (from 18.1° N 77 
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to 29.2° N). Beaches were dominated by sandy substrates, with occasional rocky outcrops and/or 78 

low cliffs, and located either on islands or along the main shore (Table S1). 79 

Aerial surveys were performed using drones of the DJI Phantom suite: a DJI Phantom 3 80 

Advanced (Adv), mounted with a 12 mega pixel (MP) camera, was used in March 2017 and a 81 

DJI Phantom 4 Professional (Pro), mounted with a 20 MP camera, was used from November 82 

2017 (Fig. S1, Table S1). Flights were conducted following guidelines provided in Martin et al., 83 

2018. Specifically, aircrafts were flown automatically at 10 m altitude, at ≤ 2 m/s speed and with 84 

a nadir pointing camera (see Supplementary Materials for details). 85 

We designed flight paths parallel to the coastline, aimed at surveying the area between the swash 86 

zone (i.e. the part of the beach where a thin layer of water rolls after the wave breaking), and the 87 

dunes, often characterized by the presence of vegetation. If the flight time allowed it, we 88 

surveyed also the dunes, since litter transported by the wind tends to accumulate in the 89 

vegetation (Martin et al., 2018). 90 

2.2 Ground truth assessments 91 

After having completed the aerial survey aimed at covering the whole beach area, we conducted 92 

a ground truth assessment. Specifically, we recorded the number and type of litter objects 93 

encountered in a small portion of the beach, which we delimited with marks in the sand. We later 94 

flew the drone for a second time, at a 10 m altitude, and took pictures of the delimited area 95 

surveyed during the ground truth assessment (Fig. S2). Finally, we manually counted and 96 

categorized the litter objects visible from the drone images within the ground-truthing area and 97 

compared them with the number recorded during the ground truth assessment. The ratio between 98 

the objects counted on the drone image and those counted directly on the beach is a measure of 99 

the probability of detecting an item remotely on a 10 m-altitude drone image (Table S3). We 100 
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conducted a total of 12 ground truth assessments (one in each of 12 beaches) using the Phantom 101 

4 Pro. Similar ground truth assessments had already been conducted using the Phantom 3 Adv 102 

(Martin et al., 2018). 103 

It is important that the ground truth assessment is conducted after the aerial survey in order to 104 

avoid leaving footprints that could affect the automatic litter detection on the aerial images, 105 

described in the following paragraph. 106 

2.3 Automatic detection of litter on aerial images: use of a deep learning algorithm 107 

In order to automatically detect litter objects in the aerial images, we developed a machine learning 108 

algorithm. To detect objects of different sizes and aspect ratio in an image, the image first needs 109 

to be entirely scanned using a multi-scale sliding window. While scanning, visual features are 110 

extracted to provide a representation of the image portion framed by the sliding window. Once the 111 

algorithm is trained, the framed regions can be classified into positive (the object of interest) or 112 

negative (background), performing a binary classification, or performing a multi-class 113 

classification to identify the multiple types of objects (Zhao et al., 2019). 114 

Specifically, we developed a Faster R-CNN, which consists of two networks: a region proposal 115 

network (RPN) and a detection network (Ren et al., 2015). The RPN outputs bounding boxes, each 116 

of which indicates the position of an object of interests. In addition, a probability is calculated for 117 

how likely the bounding box includes an object of interest. The boxed regions with high 118 

probabilities will be sent to the detection network for further identification of the type of the 119 

detected objects, e.g., drink bottle, film or footwear.  120 

To train the Faster R-CNN we used the aerial images of two beaches (Station n. 30 and 40 in Table 121 
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S1). These two beaches were selected because the drone images acquired there have uniform 122 

backgrounds, i.e. there is only sand, without natural objects like branches and shells that could 123 

interfere with the visual feature extraction. Since each drone image sizes around 6 MB, we first 124 

cut them in 12 equal parts to reduce the computational cost while training the model. From the 125 

large number of images segments, we selected 750 of them, choosing those with more litter objects 126 

or diverse object types, in order to prepare a training set including a large number of items of 127 

different types, as required for successful AI training. In the selected images, we labelled 1608 128 

litter objects and categorized them in 14 classes (Table S2), corresponding to the most frequent 129 

litter object classes observed in the field, on vegetated and unvegetated shores of the Red Sea 130 

(Martin et al., 2019b, 2018). To label the objects, we used LabelImg 131 

(https://github.com/tzutalin/labelImg), which allows to draw boxes around the object of interest 132 

and assign a category name. The labels are the input to the model, along with the drone images, 133 

serving as annotations on the drone images to enlighten the model about the presence of the 134 

interested objects or just background (without interested objects) during training. We use the 135 

toolkit API in Tensorflow as implementation medium. The learning rate used in this work is set to 136 

0.0001, the batch size is 100, training epochs is 3000. We used cross entropy loss and Adam 137 

optimizer as cost function and optimizer, respectively.  138 

Once the Faster R-CNN is trained, it can be used for object detection on a testing set of images. 139 

We used the drone images of each of the 44 beaches surveyed, thus including also the two used 140 

in the training phase, as the testing set. Similarly to the training set, the testing set images were 141 

previously cut into 12 non-overlapping parts (Fig.1a). However, before testing, we manually 142 

excluded the cut portions that included seawater for more than 3/4th of the image frame, in order 143 

to limit the analysis to the beach only, the background on which the Faster R-CNN was trained. 144 

https://github.com/tzutalin/labelImg
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We conducted two separate tests. At first, we used the trained Faster R-CNN to conduct a binary 145 

classification. Hence, the output of the first test is the total number of litter objects on each 146 

beach. Secondly, we used the trained Faster R-CNN to classify litter into 14 categories (Table 147 

S2). The output of the second test is the total number of objects per category in each beach (Fig. 148 

1). In this case, we tested only a subsample of the 44 beaches, by selecting the 15 beaches for 149 

which the model showed the best performance in the first test. A description of how the 150 

performance was calculated is provided in the following paragraph. We limited the second test to 151 

be best performing beaches since the problem of the classification in 14 categories is harder to 152 

solve than the binary detection, starting from the fact that less training samples are available for 153 

each category (Table S2). 154 

2.4 Calculations 155 

To obtain the performance of the Faster R-CNN after the first test (detection of all litter objects), 156 

we randomly selected 10 drone images from each of the 44 beaches and we counted false and 157 

true positives and false negatives in all the cut portions tested derived from the selected images. 158 

Particularly, true positives are litter objects correctly detected, false positives are any other object 159 

wrongly recognized as litter (e.g. branches, shells, rocks) and false negatives are missed litter 160 

objects (Fig. 1a). We used the counts of false and true positives and false negatives to calculate 161 

Sensitivity, Positive Predictive Value (PPV) and F-score for each of the 10 drone images 162 

selected per beach (see Supplementary Materials for calculations). We selected these metrics as a 163 

measure of the algorithm performance to allow comparison with the study of Fallati et al., 2019, 164 

that used a similar detection method and the same performance metrics (Fallati et al., 2019). 165 
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We then used Sensitivity and PPV values and the probability of detecting an object in an aerial 166 

image derived from the ground truth assessment (Table S3) to correct the number of objects 167 

detected by the Faster R-CNN per each beach (see Supplementary Materials for calculations).  168 

The second test (classification in 14 categories) was performed only on the 15 beaches from 169 

which we obtained the highest F-score after the first test (Table S4). We chose a sub-sample of 170 

15 beaches because it is a proper sample size for the statistical analyses conducted afterwards 171 

(see paragraph 2.5 Statistical analyses). The performance of the second test was obtained 172 

similarly, by selecting 10 drone images per beach and calculating Sensitivity and PPV value per 173 

category (Table S5) in each picture starting from true and false positives and false negatives (Fig. 174 

1a). However, the 10 randomly selected images of stations n. 21, 23, 26, 34, 38 and 40 had few 175 

objects. Hence, in this case, in order to calculate Sensitivity and PPV values, we had to use a 176 

total of 20 randomly selected images. Corrections to the total number of objects per category 177 

detected by the Faster R-CNN were applied using the calculated performance values (see 178 

Supplementary Materials).  179 

We used Agisoft PhotoScan Professional v.1.3.0 to align the drone images. The side and front 180 

overlap between the images allows the software to merge them into a Digital Elevation Model 181 

(DEM), a 3D georeferenced graphic of the beach. On the obtained DEM, we then measured the 182 

coverage area of the beach only, by excluding seawater. Given the overlap between tested 183 

images, some objects are detected by the Faster R-CNN more than once. Hence, calculating the 184 

litter density (items m-2) in each beach as the ration between the number of litter objects detected 185 

using the Faster R-CNN and the beach area would yield overestimates, due to overlaps between 186 

images. Therefore, we estimated the litter density (items m-2) in each beach as the ratio between 187 

the number of litter objects detected (after correction) and the total area tested, which was 188 
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obtained as the product of the number of drone images tested and the beach area covered by each 189 

image.  190 

We finally estimated the stock of plastic debris beached per unit area (g of plastic m-2) in order to 191 

compare the beach stock with the stock of plastic floating on the Red Sea surface waters, 192 

reported by Martí et al. (2017). For this estimate, we only considered those categories, out of the 193 

14 classified in this study, that include plastic objects, since the available estimate of floating 194 

debris includes only plastics. The plastic stocks per unit area (g of plastic m-2) in each beach i 195 

were calculated as follows:  196 

𝑠𝑖 =  Σ (𝑑𝑖 ∗ 𝑝𝑗,𝑖 ∗ 𝑤�̃�) 197 

Where Σ is the sum, 𝑑𝑖 is the density of all litter objects (items m-2) in each beach i, 𝑝𝑗,𝑖 is the 198 

relative abundance of objects of each category j in each beach i and 𝑤�̃� is the median weight (g) 199 

of objects of each category j, excluding categories of non-plastic objects (i.e. “glass”, “metal” 200 

and “anthropogenic wood”). The median weights of plastic-objects categories were retrieved 201 

from Martin et al, 2019 (Martin et al., 2019b) (see Supplementary Materials). For example, in a 202 

beach with 10 items m-2 (d), of which 30% (p) are drink bottles having a median weight of 17.55 203 

g (�̃�), the stock of drink bottles is 52.7 g m-2. Summing the stock of each plastic object category, 204 

we obtain the total stock of plastic m-2 on the beach. 205 
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 206 

Fig.1 Example of images tested using the Faster R-CNN. a. Two drone images from stations 35 (left) 207 

and 44 (right). The white grid shows how each drone image was cut in 12 portions before being tested 208 

using the Faster R-CNN. Portions framing seawater for ≥ 3/4th of the image (here shown with a black 209 

cross) were excluded from testing. The example portion from beach 35 was tested with the aim of 210 

detecting any litter object (framed with light green boxes); the example portion from beach 44 was tested 211 

to categorize litter objects in 14 categories (framed with boxes of different colors). The objects correctly 212 
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detected are True Positives (examples are highlighted in dark green); natural objects detected as litter are 213 

False Positives (examples highlighted in red); litter objects that were not detected are False Negatives 214 

(examples highlighted in blue). b. Example objects from 14 categories (1: “big container”, 2: “bottle cap”, 215 

3: “buoy”, 4: “drink bottle”, 5: “drink drum”, 6: “film”, 7: “footwear”, 8: “glass”, 9: “metal”, 10: “other 216 

liquids”, 11: “rope”, 12: “small container”, 13: “Tetra Pak®” and 14: “anthropogenic wood”, see Table 217 

S2) correctly identified by the Faster R-CNN. 218 

 219 

2.5 Statistical analyses 220 

PPV and Sensitivity values were compared between surveys conducted with a Phantom 3 Adv 221 

and a Phantom 4 Pro, since images obtained from the two drone models have different 222 

resolution. The statistical comparison was done using a Wilcoxon Rank Sum test (Dytham, 223 

2011).  224 

We then tested how the following independent variables influenced the litter density (dependent 225 

variable): (a) Population density around the sampling station; (b) Marine traffic density around 226 

the sampling station; (c) Fetch length; (d) Wind speed; (e) Beach exposure; (f) Vegetation 227 

coverage; and (g) Isolation. Details on each variable are provided in Supplementary Materials. 228 

To test how the 7 independent variables affect the litter density (items m-2) on the 44 surveyed 229 

beaches, we applied a multiple linear regression model. Since population density data and 230 

maritime traffic data were obtained at 3 different resolutions (5, 30 and 110 km around the 231 

sampling point, Fig. 2a), we repeated the same model for each resolution. Each of the 3 models 232 

was repeated for four sets of wind speed data (i.e. the mean monthly wind speed over one year 233 

preceding the sampling; the mean daily wind speed over one month preceding the sampling; the 234 

mean daily wind speed over one week preceding the sampling and the wind speed on the day of 235 

the sampling), for a total of 12 models. Following a stepwise regression with backward selection 236 
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to reduce the number of variables, we compared the resulting models (Table S6) using the 237 

Akaike Information Criteria corrected for small sample sizes (AICc) and the model having the 238 

lowest AICc was selected as the best one (Table 1). Normality of residuals was checked with a 239 

Shapiro-Wilk test. 240 

The same model and procedure described above were applied to determine if the independent 241 

variables affect the stock of plastic per unit area (in g of plastic m-2) in the sub-sample of 15 242 

beaches for which we estimated stocks of plastic (Table S7). The rule of thumb is that the proper 243 

sample size to conduct a multiple linear regression model is “two subjects per variable” (2SPV, 244 

Austin and Steyerberg, 2015). Since the model used here includes 7 independent variables, we 245 

selected a sub-sample of at least 14 beaches, choosing those with the best F-score. We included a 246 

15th beach because of the minimal difference in F-score with the 14th selected beach. 247 

To graphically represent the similarity in litter composition between the 15 stations tested with 248 

the second Faster R-CNN, we applied a non-linear Multi Dimension Scaling (nMDS). We first 249 

built a matrix of the relative abundance of the 14 object categories in 15 beaches, we applied a 250 

square-root transformation and we used the transformed matrix to calculate a Bray-Curtis 251 

distance matrix. A nMDS plot is generated from the distance matrix using a dimension of k=3 in 252 

order to obtain a stress <0.05, since a stress below this threshold provides an excellent 253 

representation with no prospect of misinterpretation (Clarke, 1993). To obtain the nMDS, we 254 

used the package vegan() in RStudio v. 1.1.383. 255 

We compared, using a Wilcoxon Rank Sum test, the mean relative abundance of recreational 256 

litter and fishing-related litter between stations that were sampled on the main shore (i.e. 18, 26 257 

and 30, Table S1) and those sampled on islands, among the 15 tested with the second Faster R-258 

CNN. With recreational litter we identify the waste that has been likely left during recreational 259 
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activities (e.g. picnics). This includes food-related litter (e.g. food wraps, bags often used as table 260 

cloth or for shopping, dishes, cups, aluminum drink cans), hence objects belonging to the 261 

categories “film”, “metal”, “small containers” and “Tetra Pak®” (Table S2). Fishing-related litter 262 

includes objects of the categories “buoys”, “other liquids” (mainly including outboard motor oil 263 

containers), “ropes” and also “big containers” (often used to store fish).  264 

Statistical analyses were performed in RStudio v. 1.1.383. Statistical components are considered 265 

significantly different when p-value < 0.05. All values are reported as mean ± standard error 266 

(SE). 267 

3. Results 268 

Our assessments covered a total area of 26.3 ha during 44 beach surveys in a cumulative flight 269 

time of 485 min, resulting in a time efficiency of 568 ± 44 m2 min-1. The total beach area 270 

surveyed, excluding seawater, was 13.4 ha (Table S4), with a total cumulative beach length of 271 

13.5 km.  272 

The ground truth assessments on 12 beach portions revealed that 82.1 ± 3.4% of the objects > 2.5 273 

cm present on the beach were detectable in a 10 m-altitude image taken with a Phantom 4 Pro 274 

(Table S3).  The probability of detecting a litter object from a 10 m-altitude drone image 275 

obtained using a Phantom 3 Adv and specifically a 12 MP camera is 61.8% (Martin et al., 2018). 276 

The automatic detection of litter objects using the Faster R-CNN resulted in a mean Sensitivity 277 

of 46.5 ± 3.1%, a PPV of 63.8 ± 2.8% and a F-score of 44.2 ± 2.0 % (calculated for 440 images, 278 

10 per beach, Table S4). However, the performance of the model differed significantly when 279 

applied on higher resolution images obtained from the Phantom 4 Pro compared to application 280 

on images collected with the Phantom 3 Adv. Particularly, the Sensitivity was higher for higher 281 

resolution images (mean Sensitivity on 280 images was 59.2 ± 3.0 %) compared to lower 282 
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resolution images (mean Sensitivity of 30.6 ± 2.1 % on 160 images; Wilcoxon Rank Sum Test: 283 

W = 9,597.5, p-value = 2.2e-16), while PPV was slightly higher for the lower-resolution images 284 

(59.9 ± 3.5 % and 69.1 ± 2.7%, respectively; Wilcoxon Rank Sum Test: W = 24,890, p-value = 285 

0.002, Table S4). 286 

The litter density ranged from 0.008 objects m-2, on a small emerged land strip of an offshore 287 

reef in the Northern Red Sea (station 22), to 0.47 objects m-2, on a small beach of a vegetated 288 

island in the Southern Red Sea (station 36). The average ±SE litter density on 44 beaches was 289 

0.12 ± 0.02 objects m-2 (Fig. 2b, Table S4).  290 

The best regression model explained 23% of the variability and showed that variance in litter 291 

density among the sampled stations is best explained by the marine traffic density at a long range 292 

(110 km), by the mean daily wind speed one week prior to sampling and by the beach exposure 293 

to the prevailing wind (Table 1). Specifically, denser average marine traffic in a radius of 110 294 

km, faster wind speeds and more sheltered beaches (i.e. high angles relative to the prevailing 295 

wind direction) support lower litter densities. Moreover, litter loads accumulate on the North-296 

facing beaches in the Northern Red Sea (latitudes 22° N to 29° N) and on the South West-facing 297 

beaches in the Southern Red Sea (latitudes 18° N to 21° N, Fig. 2c). 298 

Population density did not influence litter abundance, which is also clear by inspecting the 299 

distribution of litter density, where high litter densities are not necessarily associated to highly 300 

populated cities (Fig. 2a, b). Neither vegetation coverage, isolation and fetch length helped 301 

explain variability in litter density distribution along the Saudi Arabian shore of the Red Sea. 302 
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 303 

Fig. 2 Population and marine traffic density in the Red Sea, litter density on 44 beaches along the 304 

Saudi Arabian coast of the Red Sea and at 8 beach exposures to the prevailing wind. a. Population 305 

density obtained from https://sedac.ciesin.columbia.edu/ for year 2020 at a resolution of 5 km pixel-1 and 306 

the marine traffic density obtained from https://www.marinetraffic.com for year 2017. b. Litter density in 307 

number of items m-2 (pink sized-dots) estimated in 44 beaches. The Red Sea is shown in gray. c. Litter 308 

density (items m-2) at each of 8 beach exposures in the Northern and Southern Red Sea. The Northern Red 309 

Sea includes beaches Northern than Rabigh, from latitude 22° N to latitude 29° N, and the Southern Red 310 

Sea includes beaches Southern than Jeddah, from 18° N to 21° N. Error bars correspond to the standard 311 

error (SE). 312 

313 

https://sedac.ciesin.columbia.edu/
https://www.marinetraffic.com/
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Table 1 Multiple linear regression model of litter density (items m-2) distribution in 44 beaches of 314 

the Red Sea. We provide the F-statistic (F), the degrees of freedom (df), the p-value of the model (total p-315 

value), the regression coefficient (Coeff.) ±SE and p-value of the 3 independent variables. The model is 316 

the best out of 6, reported in Table S6, as per the small sample corrected Akaike Information Criteria 317 

(AICc). The estimates are considered significant if p-value < 0.05. The model residuals are normally 318 

distributed (Shapiro-Wilk test, W = 0.9627, p-value = 0.1463). 319 

Model F df R2 Total  

p-value 

AICc Independent 

variable 1: Marine 

traffic density 

Independent 

variable 2: Wind 

speed 

Independent 

variable 3: Beach 

exposure 

      Coeff. 

(±SE) 

p-value Coeff. 

(±SE) 

p-value Coeff. 

(±SE) 

p-value 

Dependent 

variable: 

Litter density 

(items m-2) 

4.075 3, 42 0.23 0.013 -71.8 
-0.001 

±0.0004 
0.007 

-0.075 

±0.033 
0.029 

-0.0008 

±0.0004 
0.034 

 320 

 321 

The stock (g m-2) of plastic litter, thus excluding glass, metal and anthropogenic wood, on 322 

15 beaches ranged from 0.1 to 6.7 g m-2, with an average of 1.8 ± 0.5 g m-2 (Fig. 3a). None of the 323 

multiple linear models were significant at none of the 3 resolutions, indicating that the mass of 324 

plastic per unit area (g m-2) on 15 beaches along the Saudi Arabian shore are independent of 325 

population density, marine traffic density, fetch length, beach exposure, vegetation coverage, 326 

isolation and local winds (Table S7).  327 

 328 

Litter on the 15 beaches was dominated by drink bottles (39.9 ± 5.2%), followed by 329 

anthropogenic wood (13.5% ± 4.3%) and bottles for other liquids (9.1 ± 1.7%) and generally, 330 

except for two stations (i.e. 16 and 24), litter was mainly composed of plastic materials (Fig. 3b). 331 

Drink bottles and bottles for other liquids were also the items that contributed more (> 50 %) to 332 
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the total mass of plastic on the 15 beaches (Fig. S3). Three stations (18, 26 and 30) were the only 333 

ones, out of the 15 beaches tested with the second Faster R-CNN, placed on the main shore of 334 

the Arabian Peninsula. These three stations had a very distinct litter composition, where 335 

categories like films and small containers specifically, but also Tetra Pak® and metal, were 336 

prevalent (Fig. 3c). The three stations on the shore had a higher relative abundance of 337 

recreational-related litter compared to islands (Fig. 3d). While litter composition on island 338 

stations seems to be determined by categories related to fishing activities (Fig. 3c), the relative 339 

abundance of buoys, other liquids (mainly including outboard motor oil containers), ropes and 340 

big containers (often used to store fish) was not different between stations on the shore and 341 

islands (Fig. 3d).  342 

 343 
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 344 

Fig. 3 Plastic stocks and litter composition on 15 beaches along the Saudi Arabian coast of the Red 345 

Sea. a. The Red Sea is shown in grey. Stocks of plastic (i.e. all litter objects excluding glass, metal and 346 

anthropogenic wood) are shown in in g m-2 and represented through sized-dots (blue for island beaches, 347 

red for stations on the main shore). b. Relative abundance (%) of all litter objects is represented by 348 

stacked bar graphs, which colors correspond to 14 categories of litter objects (described in Table S2). 349 

Non-plastic categories (i.e. glass, metal and anthropogenic wood) are in grey colors. Categories are 350 

ordered according to their mean relative abundance (±SE) across all the 15 beaches as shown in the first 351 
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stacked bar graph (“All”). Stations are ordered according to their latitude and the station numbers 352 

correspond to the IDs listed in Table S1. c. Non-linear Multidimensional Scatterplot (nMDS) representing 353 

the similarity in litter composition between the 15 beaches (dots) assessed. Blue dots correspond to island 354 

stations and red dots to stations on the main shore. The maximum dispersion area for each group has been 355 

marked by a polygon. Colors of the litter categories correspond to those in panel b. d. Boxplots 356 

showing the relative abundance of recreational-related litter (i.e. films, metal, small containers and Tetra 357 

Pak®) and fishing-related litter (i.e. big containers, buoys, oil containers and ropes) on island stations (in 358 

blue) or on shore stations (in red). For each litter type (recreational- and fishing-related), the difference in 359 

mean litter relative abundance between island and shore stations was tested using a Wilcoxon Rank Sum 360 

test, which statistic and p-value are reported.  361 

 362 

4. Discussion 363 

 364 

4.1 Methodological advantages and future developments 365 

We provide here a first assessment of beach litter along the Eastern Red Sea coast and 366 

demonstrate that drone surveys coupled with machine learning allows the scale of beach litter 367 

monitoring to be increased. A single person was able to monitor an area of 26 ha (13 ha along 368 

13.5 km of beaches specifically) in 8 hours of effective fieldwork by operating an affordable and 369 

easily operated commercial drone. Despite this method generated thousands of pictures (more 370 

than 12,000 in our case), automatized processing through machine learning renders the effort 371 

required to analyze images reasonable. Indeed, each 1/12th portion of a drone image is 372 

automatically processed in a few seconds, allowing completion of the assessment of each beach 373 

in a few hours. The quality assessment of the machine learning detection performance requires 374 
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only a few hundreds of images to be visually checked by the operator only once for a given 375 

region.  376 

Use of drones coupled with artificial intelligence allow therefore to conduct beach litter surveys 377 

at unprecedented, national scale with limited resources and high-time efficiency. Past large-scale 378 

beach monitoring programs have often required involvement of hundreds of participants, often 379 

rendered possible through citizen science (Law et al., 2014; Thiel and Thiel, 2015; Walther et al., 380 

2018). In the United Kingdom the recruitment of thousands of volunteers allowed monitoring of 381 

more than 700 beaches across 10 years. However, each survey required a median of 8 people, 382 

working 1.5 hours overall to cover a transect of 140 m median length (Nelms et al., 2017). Even 383 

surveys relying on aerial images, but not supported by artificial intelligence tools, required teams 384 

of people to visually inspect the pictures and manually count the litter objects (Moy et al., 2018).  385 

In addition to the requirement of high human resources and time, surveys conducted by many 386 

people are prone to errors introduced by observer bias and or differences in skill. Bias in such 387 

citizen-science surveys may be overcome through face to face trainings, which necessitate 388 

additional time, or through validation of each survey by a single coordinator. However, the later 389 

typically differ from beach to beach (Nelms et al., 2017), thereby still carrying uncertainty. In 390 

contrast, the only subjective step in the method we implement was the selection of the objects for 391 

the training set, but once the Faster R-CNN is trained, the same system is applied consistently 392 

across all the beaches, reducing the subjectivity bias.  393 

The training set used in our study was assembled by only one person, but in the future and given 394 

the growing momentum on the use of drones for beach litter assessments (Deidun et al., 2018; 395 

Fallati et al., 2019; Gonçalves et al., 2020; Kako et al., 2020; Lo et al., 2020), an open source 396 

database of labelled aerial pictures would be useful as a training set to refine machine learning 397 
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estimates worldwide. Such databases already exist for beach litter monitored through visual 398 

census, like OpenLitter map that stores geotagged ground (not aerial) pictures of litter objects 399 

taken by citizens (Lynch, 2018). Pictures that citizens upload in the OpenLitter map app are now 400 

manually verified by volunteers, but the aim is, similarly to what proposed above for aerial 401 

images, to use the images to build a machine learning algorithm for an automatic recognition of 402 

litter from ground images. The implementation of an open source database with training samples 403 

for aerial pictures will allow to easily obtain a high number of training objects and thus improve 404 

the performance of the machine learning detection. Indeed, machine learning techniques are 405 

data-demanding, and increasing the volume of training samples leads to better detection of litter 406 

by deep learning, as demonstrated by the higher sensitivity reported for those objects for which 407 

more training samples were labelled (e.g. bottle caps, drink bottles and films).  408 

The use of high-resolution images leads to improved precision, as shown by the doubling of 409 

sensitivity of tests on images taken with the DJI Phantom 4 Pro compared to DJI Phantom 3 Adv 410 

pictures and by the increased probability of detecting an object that lies on the beach from 62% 411 

with a 12 MP camera to 82% with a 20 MP camera. With rapid developments in drone 412 

technology, even more powerful, affordable cameras will become available in the future and 413 

even better resolution can be expected. Bottle caps, the smallest object targeted in our study, 414 

were amongst the categories that were harder to spot on the drone pictures after the ground truth 415 

assessment. However, we decided to target bottle caps, despite being a few centimeters in 416 

diameter, since they are frequent on Saudi Arabian beaches and since general guidelines of beach 417 

litter assessments encourage to include objects from 2.5 cm (Cheshire et al., 2009; GESAMP, 418 

2019; OSPAR, 2010), often recognized as the lower size limit of macro-litter (GESAMP, 2019; 419 

Hartmann et al., 2019). Drone surveys that targeted larger objects had higher detection 420 
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probabilities. For example, Fallati et al. (2019) could see more than 87% of litter objects larger 421 

than 5 cm in drone images collected at 10 m altitude with a 12.4 MP camera (Fallati et al., 2019). 422 

As per the ground truth assessment in our study, all big containers, drink drums and footwear 423 

could be easily detected on a drone picture, being large objects with defined shapes. Considering 424 

their median weights reported in Martin et al. (2019b), the objects in these three categories are 425 

among those that contribute most to the loads of plastic on beaches and their detection alone 426 

already provides an estimate of more than 1/3rd of the plastic stock, in terms of mass, on beaches.    427 

The assessment provided here goes beyond providing an inventory of the number of litter items 428 

on the beaches. Indeed, we provide the first application of a machine learning algorithm to 429 

classify beach litter into categories, where we were able to resolve 14 different classes. Past 430 

implementations of similar methodologies (aerial images coupled with automatic detection) 431 

focused on quantifying litter objects or the area surveyed, often without being able to distinguish 432 

between materials (e.g. plastic, aluminum, anthropogenic wood) (Bao et al., 2018; Fallati et al., 433 

2019; Gonçalves et al., 2020; Kako et al., 2012; Kataoka et al., 2018). By categorizing objects, 434 

we were able to distinguish between drink bottles and bottles for liquids like oil and detergents, 435 

which pose a higher environmental risk. The classification system also allowed us to identify 436 

recreational use as the main source of plastic on beaches along the mainland, thereby informing 437 

actions to mitigate litter loads (e.g. installing bins on the beach or enforcing anti-littering laws). 438 

The automatized classification provides, therefore, fundamental insights on where and how to 439 

apply mitigation interventions. 440 

Whereas the algorithm implemented here was built to target exclusively sandy beaches and 441 

training images were collected from pictures having a uniform background, we encountered also 442 

other patterns during the drone surveys. Drone pictures tested often included rock outcrops, 443 
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vegetation, stranded seagrass, shells, branches, crab holes, shades from low cliffs, and animal 444 

prints, all of which have the potential to be recognized as false positives. Indeed, this was the 445 

reason behind relatively low PPV values in some beaches (i.e. stations 2, 17, 19, 20, 37, 39, 43). 446 

Moreover, natural debris were found to trap plastic objects (Battisti et al., 2020), that, hence, 447 

could remain hidden and hardly detectable on a beach with high loads of stranded natural litter, 448 

therefore affecting also the sensitivity of the algorithm.  In some cases, the performance was also 449 

challenged by human footprints (i.e. stations 1, 3, 17), a problem already reported by Fallati et al. 450 

(2019). While footprint marks are inevitably present on frequented beaches, the recommendation 451 

for surveys on untouched beaches is to avoid walking the site until the drone survey is completed 452 

and to proceed with the ground truth assessment thereafter to avoid unwanted footmarks. Yet, 453 

complicated backgrounds do not always pose obstacles to the good performance of the 454 

algorithm, as demonstrated by the high PPV in beaches where vegetation (e.g. station 7-10, 13, 455 

14, 35, 36, 44) or rock outcrops (e.g. stations 4) abound. These promising performances suggest 456 

that the algorithm can be used also in backgrounds other than sandy beaches, particularly if 457 

properly trained with images from similar environments.  458 

 459 

4.2 Litter density on Saudi Arabian Red Sea shores 460 

The Saudi Arabian coast of the Red Sea supports relatively low densities of beach litter and 461 

plastic stocks, as even the beaches with higher litter densities supported less than 1 item every 2 462 

m2 and despite beach clean-up activities are rarely conducted on Saudi Arabian coasts. The lack 463 

of relationship with land-based activities (represented by the proxy variables population density 464 

and distance from the mainland) could be a consequence of the limited development and low 465 

population density of the Saudi Arabian Red Sea coast compared to other regions. The Saudi 466 
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Arabian Red Sea coast remains largely undeveloped, with small and scattered human 467 

settlements, with the exception of the city of Jeddah with its 4 million population. This explains 468 

the contrast between our findings and those of other studies from more intensely developed 469 

regions (e.g. the Mediterranean Sea), where human settlements were found to be major sources 470 

of beach litter (Poeta et al., 2016). Sea-based sources at a long range (110 km radius) affected the 471 

litter density on the Eastern coast of the Red Sea, but it did so in an opposed manner to our 472 

expectations, as higher marine traffic density corresponded to lower beach litter densities. Martin 473 

et al. (2019) showed that the litter trapped in the mangrove forests of the Saudi Arabian Red Sea 474 

was also dependent on the proximity of high-intense traffic routes. Specifically, increasing 475 

shipping traffic within a radius from 10 to 70 km from the mangrove stand leads to lower litter 476 

density in the mangrove forest (Martin et al., 2019b). This counterintuitive pattern, confirmed by 477 

our results, may be explained by the complex surface circulation pattern of the Red Sea, 478 

characterized by alternation of eddies ranging from 50 to 130 km in diameter (Zhan et al., 2014) 479 

that could transport the litter released by sea-based activities several dozens of km away from the 480 

dumping point. Indeed, the best multiple regression model derived could only explain 23% of the 481 

variance in litter loads among beaches, likely implying that some explanatory variables have not 482 

be considered.  483 

The influence of environmental variables on the distribution of litter along the Eastern Red Sea 484 

shore is also corroborated by the significance of the wind speed and the beach exposure. While 485 

strong local winds likely swipe litter away from the beach, as demonstrated by the lower litter 486 

densities at faster wind speeds, the prevailing wind is a driver of litter that accumulates on the 487 

more exposed beaches. The Red Sea is indeed affected by the alternance of two monsoon 488 

seasons: in winter (October to May), the monsoon blows from South-East, while in summer 489 
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(June to September) it blows from North-West. This impacts the main surface currents, which 490 

are flowing towards South-East in the whole Red Sea in summer, but reverting, although only in 491 

the Southern part of the Red Sea, in winter (Patzert, 1974). This pattern has been already shown 492 

to influence the distribution of microplastics in the surface waters of the central Red Sea (Martin 493 

et al., 2019a). Our surveys were all conducted in winter, between November and May, and, as 494 

expected by the pattern of main surface currents typical of the basin in this season, in the 495 

Northern half of the Red Sea, where currents head South, litter accumulates on beaches exposed 496 

to the North and vice versa in the Southern half of the Red Sea. Specifically, the accumulation of 497 

litter on the South West side of the Southern Red Sea beaches is possibly a consequence of 498 

Ekman transport. Ekman transport is clockwise in the Northern hemisphere, hence, winds that 499 

blow parallel to the coastline towards North, as those in the Southern Red Sea, generate an 500 

eastward current, leading to accumulation of floating litter on beaches facing the West 501 

(GESAMP, 2019; Ekman, 1905). 502 

Our estimate of the mean plastic stock on Saudi Arabian Red Sea beaches of 1.8 ±0.5 g m-2 is 503 

about 1 million times greater than the reported stock of plastic floating in the Red Sea surface 504 

waters (1.1 g ± 0.3 km-2, Martí et al., 2017). The mean width of the surveyed beaches (at the 505 

largest point) was 36 ±3 m. Extrapolating the mean plastic stocks estimated in our study to the 506 

~1,800 km of shore of the Saudi Arabian coast of the Red Sea yields 120 ±35 tons of plastic 507 

deposited on the Saudi Arabian Red Sea shore in a land strip of 36 m. This is an upper limit, as 508 

not all the shore is covered by beaches, since rocky and developed shores are also present. The 509 

city of Jeddah alone produces 1.9 million tons of waste every year, of which 17% is plastic 510 

(Nizami et al., 2015). Since global estimates report that 1.7 to 4.6% of plastic waste enters the 511 

marine environment (Geyer et al., 2017), we estimate that Jeddah city alone may discharge 5,000 512 
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to 15,000 tons of plastic annually into the Red Sea (approximately 1.3 to 3.8 kg per person). 513 

Assuming land-sources along the Eastern Red Sea to show a similar per capita contribution, we 514 

would expect the load from the 7.4 million people in a coastal strip of 50 km along the Eastern 515 

Red Sea (Martí et al., 2017) to deliver 10,000 to 28,000 tons of plastic annually.  Hence, the 516 

estimate of plastic stock on beaches along the Eastern Red Sea of 120 ±35 tons of plastic 517 

calculated here represents < 1.5% of the annual input. Thus, beach stranding of plastic accounts 518 

for only a small fraction of the plastic input to the Red Sea, implying the presence of more 519 

efficient sinks in the basin and coastal habitats. These include trapping of macroplastics in 520 

mangrove forests, which tend to accumulate larger litter objects than beaches (Martin et al., 521 

2019b, Martin et al., 2020), and ingestion, but particularly, passive adhesion of microplastic to 522 

coral reef surfaces (Arossa et al., 2019; Martin et al., 2019c; de Smit et al., 2021) along the 523 

massive coral reefs bordering the Red Sea.  524 

In conclusion, the method developed here achieved a cost-effective, large-scale 525 

assessment of beach litter densities and composition, providing a useful model to be used 526 

elsewhere. Implementation of this method around the world will allow estimates of beach litter 527 

loads to scale up from the individual transect or beach to the regional and, eventually, global 528 

scales. 529 
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