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A B S T R A C T   

As a common phenomenon along the global coastline, beach wrack, which is part of the blue carbon ecosystems 
(BCEs), has significant ecological values. However, the excessive accumulation of beach wrack can be a nuisance 
for local residents and tourism. Meanwhile, beach wrack can become a source of greenhouse gas due to the 
decomposition. Hence, effective monitoring of beach wrack has become a priority for coastal environmental 
management. As a cost- and labor-saving approach, unmanned aerial vehicles (UAVs) can perform customized 
flight tasks and achieve aerial images with sub-decimeter spatial resolution. This study investigated the feasi-
bility of using UAVs to map wrack on three different types of beaches. The method of object-based image analysis 
(OBIA) was applied to classify the aerial images. Three typical machine learning methods, K-Nearest Neighbor 
(KNN), Support Vector Machine (SVM), and Random Forests (RF), were examined with different feature spaces at 
several segmentation levels. The results showed that the three machine learning methods performed well with 
the overall classification accuracy >75%. The tested algorithm, SVM with only RGB as feature space at the 
segmentation scale 50, was geographically transferable to beaches with different characteristics. This study 
demonstrated that UAVs can be developed as an applicable tool for beach wrack mapping and monitoring, which 
will help to better explore the role of beach wrack in BCEs and assist the local municipalities in environmental 
management of the coastal zone.   

1. Introduction 

Detached macroalgae still anchored to shells or stones, seagrasses 
and other estuarine plants are washed to the coast and accumulated on 
the shore as beach wrack (Colombini and Chelazzi, 2003; Reimer et al., 
2018). As a global phenomenon along the coastlines, beach wrack pro-
vides the habitat and food resource for the coastal primary and sec-
ondary consumers (Colombini and Chelazzi, 2003; Ince et al., 2007; 
Kirkman and Kendrick, 1997). Meanwhile, beach wrack serves as an 
important part of the blue carbon ecosystems (BCEs) (Duarte, 2017). 
Quantifying the fate of the benthic primary production in coastal and 
estuarine areas is complex. Part of the production can be stored in the 
sediments (Röhr et al., 2018), exported to the deep sea (Duarte and 
Krause-Jensen, 2017; Flindt et al., 1999), or washed up to the shore as 
beach wrack (Macreadie et al., 2017). The possible ways of carbon 
accumulation in BCEs depend on many environmental factors, such as 
the bathymetry, dominated species of benthic primary producers, sedi-
ment surface geology, tidal regime and meteorological conditions (Amos 

et al., 2004; Canal-Vergés et al., 2014; Jimenez et al., 2017). In coastal 
areas with shallow water and high frequency of strong wind events, 
waves and current energy have more physical impacts on the up-rooting 
seagrass shoots and the transport of macroalgae along the ocean bottom 
(Canal-Vergés et al., 2015; Mateo, 2010). The production of beach wrack 
in such areas may be potentially substantial. For example, about 19% of 
the net primary production of the seagrass meadows ended up as beach 
wrack in a Kenyan lagoon and 17% of the primary production of the 
offshore reefs and seagrass meadows ended up as beach wrack in a 
western Australia lagoon (Kirkman and Kendrick, 1997; Ochieng and 
Erftemeijer, 1999). It is well known that as much as 50% of the carbon 
captured by BCEs is sequestrated in sediments or deep seas, but in terms 
of exported carbon from BCEs, the role of beach wrack currently remains 
overlooked (Duarte, 2017; Duarte et al., 2013). Hence, it’s of great 
significance to monitor the dynamics of beach wrack to track part of the 
carbon output from BCEs. 

Although beach wrack has a significant ecological value in coastal 
ecosystems, it may cause some problems in the case of excessive 
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accumulation on shores (Macreadie et al., 2017). The retention of beach 
wrack may affect the local inhabitants and the tourism, especially the 
recreational activities on beaches in summer (Kirkman and Kendrick, 
1997; Piriz et al., 2003). The local municipality and coastal managers 
may have to remove beach wrack from beaches. For instance, the mu-
nicipality of Puerto Madryn, Argentina removed about 200–960 tons of 
beach wrack (dry weight) per year during the period from 1992 to 1999 
(Piriz et al., 2003). Furthermore, the deposited beach wrack can release 
CO2 and CH4 during the decomposition process and thus become a 
source of the greenhouse gas emissions (Lavery et al., 2013; Liu et al., 
2019). Therefore, long-term monitoring of beach wrack is necessary for 
the management of the coastal environment and the exploration of the 
material cycling in coastal ecosystems. 

Remote sensing images have been used as an environmental moni-
toring tool during the past decades. For example, hyperspectral remote 
sensing data was used to quantify and evaluate the vegetation conditions 
in mining areas (Zhang et al., 2012). GF-1 and Landsat images were used 
to observe the changes of the wetland in the Yangtze River estuary over 
40 years (Sun et al., 2018). However, there are some limitations of this 
traditional remote sensing approach. One is that the capture time of the 
remote sensing image is fixed and impossible to adapt to fulfill the actual 
needs. This poses some challenges for effective temporal data collection. 
Moreover, the quality of remote sensing images can be affected by 
meteorological conditions, such as cloud thickness. A thick cloud and 
shadows are the most common and inevitable sources of noise (Li et al., 
2014; Zhang et al., 2010). Meanwhile, due to the impact of environ-
mental factors, such as the waves and tides, the accumulation of beach 
wrack on the shore is dynamic over time with frequent re-suspension 
and re-deposition (Colombini and Chelazzi, 2003; Ochieng and Erfte-
meijer, 1999; Orr et al., 2005). Thus, it is a priority to develop a suitable 
approach that can collect beach wrack data timely and flexibly for 
long-term monitoring. 

Over the last few years, unmanned aerial vehicles (UAVs) have been 
developed rapidly and have attracted significant attention in various 
fields (Sagan et al., 2019). In comparison with the commercial remote 
sensing, UAVs provide a low cost and customer-defined way to collect 
data. Moreover, UAVs can achieve aerial images with high spatial and 
temporal resolutions (Duffy et al., 2018; Husson et al., 2016; Sagan 
et al., 2019). To date, UAVs have been widely applied as a powerful tool 
to support different environmental surveys, such as the estimation of 
urban vegetation and of wheat crop density (Feng et al., 2015; Jin et al., 
2017). 

As a single-pixel statistics method, pixel-based image analysis has 
been extensively used in the analysis of remote sensing images (Blaschke 
et al., 2014). However, for the high spatial resolution images (1–10m), 
especially the sub-decimeter aerial images acquired by UAVs, the in-
terest targets are often composed of several pixels, which indicates that 
the single-pixel cannot effectively represent the characteristics of the 
interest targets (Blaschke et al., 2014; Yu et al., 2006). Moreover, since 
the relationship between adjacent pixels in the high spatial resolution 
image is not considered, the pixel-based method may cause the phe-
nomenon of “salt and pepper” in the classification results (Yu et al., 
2006). To achieve the representative characteristics of the interest tar-
gets and overcome the “salt and pepper” phenomenon, object-based 
image analysis (OBIA), as an alternative to the pixel-based method, is 
being used more and more widely (Blaschke et al., 2014; Rajbhandari 
et al., 2019; Yu et al., 2006). OBIA groups the spectrally homogenous 
neighboring pixels as an object. In comparison with the single-pixel, the 
generated objects represent meaningful real-world scene components, 
such as a tree, house and car (Blaschke et al., 2014). With the objects, 
OBIA can not only utilize the spectral information of the high spatial 
resolution images, but also exploit the spatial property and the textural 
information of the land covers (Feng et al., 2015; Tavakkoli Piralilou 
et al., 2019; Yu et al., 2006). A previous study of the wildland–urban 
interface indicated that OBIA achieved more accurate classification than 
the pixel-based method (Cleve et al., 2008). 

The purpose of this study is to explore the potential of UAVs as a tool 
for mapping beach wrack on coastal shores. We will adopt OBIA to 
analyze the very-high resolution aerial images captured by UAVs. We 
aim to: (1) determine the suitable segmentation scale for the aerial 
images of beach wrack; (2) identify the appropriate feature space that 
can effectively convey the characteristics of land covers; (3) evaluate the 
capacities of three typical machine learning methods, K-Nearest 
Neighbor (KNN), Support Vector Machine (SVM), and Random Forests 
(RF), to determine the most suitable classification method for beach 
wrack mapping. We propose that this study can provide a feasible and 
effective approach for beach wrack mapping, which can not only help to 
track the fate of carbon in BCEs, but also assist local municipalities with 
beach wrack management on coastal shores. 

2. Method 

2.1. Study area 

The UAV flight was performed at a semi-sheltered sandy beach near 
Nyborg Fjord (55.30◦ N, 10.83◦ E) in May 2019 (Fig. 1). Two nearby 
beaches were included for validation of the method (Fig. 1c and d). 
Nyborg Fjord is located on the island of Funen, the third largest island of 
Denmark, and is up to 12 m deep. There are several shallow sandy areas 
in the fjord, which provide a potential habitat for seagrasses. Eelgrass 
Zostera marina is one of the important benthic plants in Danish fjords and 
usually grows on sands and muds in the intertidal and subtidal zones and 
forms seagrass beds (Staehr et al., 2019). In addition, green opportu-
nistic macroalgae (Chaetomorpha sp., Enteromorpha sp. and Ulva sp.), red 
macroalgae (Condrus crispus, Polysiphonia sp.), and brown macroalgae 
(Fucus vesiculosus, Fucus serratus) are also found along the coasts 
(Canal-Vergés et al., 2014; Miljø- og Fødevareministeriet, 2001). De-
tached eelgrass leaves, up-rooting eelgrass shoots, drifting macroalgae, 
and marine debris are frequently transported up on the beaches by tidal 
currents and wave action and are accumulated on the beaches as beach 
wrack (Duarte and Krause-Jensen, 2017; Liu et al., 2019; Macreadie 
et al., 2017). 

2.2. Flight planning and image acquisition 

The appropriate flight planning ensures the quality of the acquired 
aerial images and minimizes the number of flights to achieve the desired 
data (Lopez-Fernandez et al., 2015). Flight altitude is one of the critical 
flight parameters, determining the spatial resolution of the aerial spe-
cies. The relationship between the theoretical spatial resolution (or the 
ground sample distance, GSD) of the aerial images and the flight altitude 
can be described as formula (1) (Lopez-Fernandez et al., 2015; Seifert 
et al., 2019). 

GSD=H a/f (1)  

Where GSD represents the spatial resolution of the image, measured in 
mm/pixel; 

a represents the pixel size of the camera sensor, measured in mm/pix. 
Here, a is 0.0024mm/pixel; 
f represents the focal length of the camera lens, measured in mm; 
H represents the flight altitude, measured in m. 

The lower the flight altitude is, the higher spatial resolution of the 
aerial images is. Although the very-high resolution images imply higher 
probabilities of detecting more details that can produce accurate clas-
sification, it requires more processing time and computer capacity to 
process the acquired images (Whitehead and Hugenholtz, 2014). Thus, 
the flight altitude should not only meet the desired data requirement for 
the aerial images of beach wrack, but also balance the running time and 
computational burden of the image analysis. 
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Another key parameter in the flight planning is the overlaps between 
the aerial images, including the forward overlap and side overlap. The 
proper overlaps will ensure the quality of the orthomosaic image 
generated from many overlapping aerial images (Dandois et al., 2015). 
Furthermore, image overlaps affect the design of the flight speed and 
flight paths (Dandois and Ellis 2013; Duffy et al., 2018). With the 
intention of achieving the orthomosaic image, the overlaps (forward and 
side) between the aerial images were theoretically designed as 70% to 
calculate flight parameters in the planning process (Duffy et al., 2018; 
Husson et al., 2016). 

On the basis of the theoretical flight planning, the height of 15 m was 
taken as the flight altitude, which could balance the requirement for 
very-high sub-decimeter spatial resolution of the aerial image and the 
computational memory for image processing (Table 1). A UAV of type 
DJI Phantom 4 Advanced (4A) was operated manually with the opera-
tion software DJI GO 4 to acquire the aerial images. The flight speed was 
maintained around 1.89 m/s during the operation. The operation of 
UAVs, including the size and weight of the UAV and the purpose and 
area of the flight task, should be compliant with the UAVs flight regu-
lations released by local authorities. Here, the UAV conduction followed 

the Danish regulations on legal UAVs flights. DJI Phantom 4A is portable 
with a weight of 1368g. The camera mounted on the UAV was a digital 
optical camera with RGB bands and was equipped with a 1 inch CMOS 
sensor (12.8 × 9.6 mm, with effective pixels of 20 M). The focal length of 
the camera lens was 8.8 mm. In order to maintain a constant flight speed 
for the guarantee of the image overlaps as much as possible in the flight, 
the shotting interval was set to 2 s in DJI GO 4. Considering the limi-
tations and challenges in the UAV flight operation, the meteorological 
conditions of the flight area, such as the precipitation, cloud cover and 
wind (including speed and direction), were obtained from the Danish 
Meteorological Institute (DMI) before conducting the flight task in the 
field. 

2.3. Image orthomosaic 

Agisoft Metashape Professional was used for the photogrammetric 
process of digital images, generating the georeferenced orthomosaic 
image from a set of overlapping images with spatial information (Agi-
soft, 2020; Immerzeel et al., 2014). In this study, the acquired aerial 
images were stitched for the generation of orthomosaic images of the 
sites using Agisoft Metashape Professional. In order to build the sparse 
point cloud model for the orthomosaic image, the acquired images were 
firstly aligned to achieve the matching points between the overlapping 
images. The poor overlapping images which cannot be matched were 
excluded in the further process. 

2.4. Image analysis 

In this study, OBIA approach was used to analyze the beach ortho-
mosaic image. OBIA was performed in the software eCognition Devel-
oper (9.3), including two main procedures: image segmentation and 
classification based on the segmented objects (Duffy et al., 2018; Husson 
et al., 2016; Myint et al., 2011). 

With the view of creating representative objects that can provide 

Fig. 1. The beach locations (a). (b) is the orthomosaic aerial image of the semi-sheltered study beach, which is with sandy substrate; (c) and (d) are the orthomosaic 
aerial images of validation beach 1 and 2, respectively. Both validation beaches are exposed to the open sea, and beach 1 (c) is with sandy substrate, beach 2 (d) is 
with cobble and sand substrate. 

Table 1 
Basic information of the flight planning parameters at different flight altitudes 
(5–25 m). Given is the ground sample distance of the image (GSD, mm pixel− 1), 
image width (Width, m), height (Height, m) and area (Area, m2), distance be-
tween shot positions (Shot distance, m), and flight speed (m s− 1).  

Flight 
Altitude 
(m) 

GSD 
(mm 
pixel− 1) 

Width 
(m) 

Height 
(m) 

Area 
(m2) 

Shot 
distance 
(m) 

Flight 
speed 
(m s− 1) 

5 1.36 7.46 4.20 31.32 1.26 0.63 
10 2.73 14.92 8.39 125.28 2.52 1.26 
15 4.09 22.39 12.59 281.87 3.78 1.89 
20 5.45 29.85 16.79 501.11 5.04 2.52 
25 6.82 37.31 20.99 782.98 6.30 3.15  
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sufficient features for the image classification, image segmentation is 
fundamental and critical for OBIA (Hay and Castilla, 2006; Tavakkoli 
Piralilou et al., 2019). In order to reduce the computational processing 
burden of image analysis, the region of interest (ROI) where beach 
wrack distributed was defined after field surveys and visual interpreta-
tion of the image. ROI was achieved by the chessboard segmentation 
with a created thematic layer. 

Afterwards, multiresolution segmentation was applied to ROI in 
order to create objects. As a widely used image segmentation method, 
multiresolution segmentation is an optimization process aiming at seg-
menting the image into spatially continuous and homogeneous regions 
(Rau et al., 2011). Depending on user-defined values of the homogeneity 
criteria, multiresolution segmentation can consecutively merge the 
neighboring pixels to minimize the heterogeneity of the generated ob-
jects and maximize their homogeneity (Blaschke, 2010; Rau et al., 
2011). There are three key parameters to determine the homogeneity 
criteria: shape, compactness and scale parameter. The parameter 
“shape” defines the relationship between shape and color criteria. The 
value of “shape” weights from zero to one. The higher the shape value is, 
the less the spectral features contribute to the entire homogeneity cri-
terion. The parameter “compactness” defines the relationship between 
compactness and smoothness. The value of “compactness” weights from 
zero to one. The higher the compactness value is, the less the smoothness 
of the object is. The “scale parameter” defines the degree of aggregation 
and abstraction of the image pixels (Benz et al., 2004). It determines the 
size and quality of the segmented objects (Hay and Castilla, 2006; 
Vamsee et al., 2018). Therefore, the “scale parameter” is crucial for 
multiresolution segmentation (Vamsee et al., 2018). The higher the scale 
value is, the larger the object is. On the basis of previous studies on 
vegetation classification, here the parameter “shape” was assigned a 
value of 0.1 and “compactness” was set to 0.5 (Laliberte et al., 2004, 
2010). The appropriate “scale parameter” is difficult to be determined 
unless after a series of trial and error testing (Drăguţ and Blaschke, 2006; 
Rau et al., 2011; Vamsee et al., 2018). Therefore, we tried six segmen-
tation scales from coarse to fine (values of 500, 300, 200, 150, 100 and 
50, respectively) to determine the segmentation scale. 

With the ability to describe spatial contextual characteristics be-
tween pixels, texture can capture the pattern information of pixels which 
cannot be conveyed by individual pixel (Feng et al., 2015). With the 
purpose of producing accurate classification for the aerial images of 
beach wrack, we added texture features as additional inputs to examine 
whether the textural information will improve the classification. There 
are usually four methods to extract the features of the land covers: sta-
tistical, structural, signal processed, and model-based (Tuceryan and 
Jain, 1999). The most widely used one is the statistical method of the 
gray level co-occurrence matrix (GLCM), which is developed by Haralick 
(David and Ballado, 2016; Haralick et al., 1973; Kwak and Park, 2019). 
GLCM-based texture describes the frequent pairs of pixels in a specific 
direction with a defined lag distance in the image scene (Haralick et al., 
1973). There are eight kinds of GLCM-based textures in eCognition: 
mean, homogeneity, contrast, correlation, dissimilarity, entropy, ang. 
2nd moment, and standard deviation (StdDev). For each kind of 
GLCM-based texture, five directions (all directions, 0◦, 45◦, 90◦ and 
135◦) are provided. 

However, many of the GLCM-based textures defined by Haralick are 
correlated, implying the possibility of redundant spatial contextual in-
formation in the classification process (Kwak and Park, 2019). Addi-
tionally, the inclusion of texture in the image analysis process exhausts 
more computer memories and running time (Laliberte et al., 2010). 
Hence, we performed the feature space optimization (FSO) to determine 
a subset of highly discriminant features from numerous features for the 
classifier of beach wrack mapping. Through evaluating the Euclidean 
distance between the training samples, FSO can produce the feature 
combination which minimizes the redundancy among features and 
maximizes the relevance, resulting in the largest class separability 
(Laliberte et al., 2010; Tang et al., 2014). In this study, the original 

feature space consisted of 14 features: eight GLCM-based textures after 
Haralick in all directions, mean and standard deviation of the spectral 
information (RGB bands). 

Through the field investigation, four classes, fresh beach wrack, old 
beach wrack, other land plants, and bare beach areas, were created. 
With visual interpretation for the achieved sub-decimeter aerial images, 
we randomly chose 90 object-patches for each class as the samples. 
Among the 90 samples for each class, 2/3 of them were used as the 
training data and the rest 1/3 were as the validation data. The training 
and validation data were stored in the Test and Training Area (TTA) 
masks, respectively. Three well-established machine learning methods, 
KNN, SVM and RF, were tested as the classifiers (Boser et al., 1992; 
Cover and Hart, 1967; Ho, 1995). 

2.5. Image accuracy assessment 

Error Matrix based on Samples was used to evaluate the classification 
qualities of different machine learning algorithms. Producer accuracy 
(%), user accuracy (%), overall accuracy (%) and Kappa index of 
agreement (KIA) were calculated to describe the performance of the 
classifier (Congalton, 1991; Husson et al., 2016). 

In order to verify the geographical transferability of the classification 
approach, the algorithm achieving the highest overall accuracy was 
applied to other two types of beaches, which were taken as validation 
beach 1 and 2. Both validation beaches were wave exposed. Validation 
beach 1 had the sandy substrate, and validation beach 2 had the sub-
strate of cobble and sand. The aerial images of both validation beaches 
were acquired the day after the acquisition of the study beach images. 
The UAV flight parameters were as consistent as possible with the flight 
on the study beach. Afterwards, the wrack coverages on these three 
different types of beaches were compared in order to explore the accu-
mulation patterns of beach wrack. 

The workflow for beach wrack mapping using the UAVs with OBIA in 
this work is shown in Fig. 2. 

3. Results 

3.1. Image segmentation and feature space optimization 

The actual spatial resolution of the achieved orthomosaic image of 
the study beach (size of 35,158 * 44,200 pixels) generated by the ac-
quired 280 aerial images was 4.06 mm/pixel, which was very close to 
the theoretical value of 4.09 mm/pixel (Fig. 1b). 

After achieving ROI, the multiresolution segmentation results 
showed that the segmented objects decreased as the segmentation scale 
increased (Fig. 3a and b). There were 130,217 objects when the seg-
mentation scale was 50 (Fig. 3b). However, the number of objects 
dropped to 968 when the segmentation scale was 500, resulting in the 

Fig. 2. The workflow for beach wrack mapping using UAVs with OBIA.  
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under-segmentation phenomenon (Fig. 3b and h). With visual inter-
pretation and expert knowledge, the segmentation scale 100 and 50 
were not determined until there was no under-segmentation after a se-
ries of trial and error testing (Fig. 3). 

Using FSO, the class separation distance under different feature di-
mensions was obtained by calculating the Euclidean distance between 
the training samples (Fig. 4). For the two cases where the segmentation 
scales were 50 and 100, the class separation distance increased as the 
feature dimension increased but began to decrease when the feature 
dimension was above 12 (Fig. 4). The feature combination which pro-
duced the largest class separation distance was the same in both cases at 
the segmentation scale of 50 and 100. According to the FSO result, the 
optimized feature combination resulting in the largest class separability 
under the dimension 12 was used as the feature space with GLCM-based 
textures for the classifiers. 

3.2. Image classification with different configurations of machine learning 
methods 

The classification results of the study beach showed a general trend 
that the overall classification accuracies of three machine learning 
methods (KNN, SVM and RF) were improved at the coarser segmenta-
tion scale 100, except for the configuration of SVM using only RGB as the 
feature space (Figs. 5 and S1). The overall classification accuracy of SVM 
decreased with the segmentation scale increasing when using only RGB 
as the feature space. 

The inclusion of the GLCM-based texture decreased the overall ac-
curacy of KNN but improved the performance of RF at both segmenta-
tion scales of 50 and 100 (Fig. 5). The addition of GLCM-based texture 
showed opposite impacts on the performance of SVM at different seg-
mentation scales. There was a drop in the overall classification accuracy 

Fig. 3. The multiresolution segmentation results of the orthomosaic image of the study beach using different segmentation scales. The blue part in (a) is the region of 
interest (ROI) where beach wrack was distributed; (b) is number of the segmented objects at different segmentation levels; (c)–(h) are the examples of the seg-
mentation results for a specific area at the segmentation level 50, 100, 150, 200, 300 and 500, respectively. (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.) 
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of SVM when including the GLCM-based texture at the segmentation 
scale 50. However, an improvement in the overall classification accu-
racy was observed when SVM added the GLCM-based texture as the 
extra feature inputs at the segmentation scale 100. 

The producer accuracy indicates the ability of predicting the specific 
class correctly, while the user accuracy reflects the level where the 
classified land cover was correct in real-world. According to the classi-
fication results of the study beach, the three machine learning methods, 
KNN, SVM, and RF, could discern the pattern of fresh beach wrack 
accurately with the producer accuracy over 90% and the user accuracy 
over 80% at both segmentation scales of 50 and 100, except the 
configuration of SVM using only RGB as the feature space at the seg-
mentation scale 100 (Table 2). The extra GLCM-based texture decreased 
the user accuracies of the three machine learning methods for bare 
beach areas at the segmentation scale 50 but increased their producer 
accuracies for bare ground at the segmentation scale 100. The addition 
of GLCM-based texture reduced the abilities of KNN and SVM to 
distinguish old beach wrack and other land plants, resulting in the lower 
producer and user accuracy at both segmentation scales 50 and 100. 

According to the above mapping results of the study beach classified 
by various configurations, the algorithm of SVM with only RGB as the 
feature space at the segmentation scale 50, achieving the highest overall 
classification accuracy, was applied as the proposed classification 
method for the two validation beaches with different characteristics. 
The spatial resolutions of the orthomosaics of validation beach 1 and 2 
(merged by 186 and 139 aerial images respectively) were 3.86 mm/pixel 
and 4.36 mm/pixel, respectively (Fig. 1c and d). The proposed classifi-
cation method performed well in both different validation beaches with 
the overall accuracies above 75% (Table 3). Especially for validation 
beach 1, which had the same substrate with the study beach, the overall 
classification accuracy reached 90%. 

Classified by the proposed method, wrack coverages on the study and 
validation beaches were achieved (Fig. 6). Validation beach 1 showed 
the densest wrack coverage of about 34 m2 wrack per 100 m2 beach 
area, followed by the study beach (25 m2 wrack per 100 m2 beach area), 
and validation beach 2 (16 m2 wrack per 100 m2 beach area). With the 

Fig. 4. The class separation distance calculated by the Euclidean distance be-
tween the training samples with different feature dimensions. The table shows 
the feature combination under the dimension 12 which produced the largest 
class separation distance. 

Fig. 5. The overall accuracy (%) and KIA of the three machine learning 
methods (KNN, SVM, and RF) with different configurations (see section 2.4 for 
the description of configurations) for beach wrack mapping on the study beach. 

Table 2 
The producer accuracy (PA, %) and user accuracy (UA, %) for different types of land covers (fresh and old beach wrack, other land plants and bare beach areas) on the 
study beach, generated by different configurations (see section 2.4 for description of configurations) of the three machine learning methods, KNN, SVM, and RF.  

Machine learning method Segmentation scale Feature space Fresh beach wrack Old beach wrack Other land plants Bare beach areas 

PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) 

KNN 50 only RGB 96.67 90.63 93.33 77.78 76.67 95.83 83.33 89.29   
RGB + GLCM 93.33 87.5 73.33 66.67 60 75 83.33 80.65  

100 only RGB 100 88.24 96.67 82.86 93.33 93.33 70 100   
RGB + GLCM 96.67 93.55 76.67 65.71 70 70 73.33 91.67 

SVM 50 only RGB 100 96.77 93.33 90.32 90 93.1 93.33 96.55   
RGB + GLCM 96.67 82.86 90 77.14 80 88.89 63.33 82.61  

100 only RGB 33.33 50 90 84.38 90 90 50 39.47   
RGB + GLCM 93.33 82.35 80 82.76 83.33 83.33 83.33 92.59 

RF 50 only RGB 93.33 90.32 80 60 63.33 65.52 66.67 100   
RGB + GLCM 93.33 93.33 80 61.54 60 69.23 73.33 88  

100 only RGB 96.67 100 63.33 70.37 90 69.23 63.33 76   
RGB + GLCM 100 96.77 76.67 79.31 83.33 73.53 80 92.31  

Table 3 
The test for the geographical transferability of the proposed beach wrack map-
ping algorithm of using SVM with only RGB as feature space at the segmentation 
level of 50. Two types of beaches with different characteristics are taken as the 
validation cases (validation beach 1 and 2). The overall accuracy (OA, %) and 
KIA for the two validation beaches reflect the applicability of the proposed 
mapping algorithm.  

Beach Wave exposure Substrate OA (%) KIA 

Study beach Semi-sheltered Sand 94.17 0.92 
Validation beach 1 Wave exposed Sand 90 0.85 
Validation beach 2 Wave exposed Cobble and sand 75.83 0.68  
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higher old wrack coverage than that of fresh wrack, all of the three 
beaches showed the capability of wrack retention. Especially for vali-
dation beach 1, old wrack coverage accounted for 64% of the total wrack 
on the beach. The study beach and validation beach 2 showed similar 
wrack retention capabilities with proportions of 56% and 52% old wrack 
to total wrack, respectively. The dominant wrack species was the mac-
roalgae Fucus vesiculosus, followed by the seagrass Zostera marina. There 
were some other macrophytes as well, but they could not be recognized 
due to their stage of decomposition. 

4. Discussion 

4.1. The impact of segmentation scale on the image analysis 

Segmentation quality determines the accuracy of the image classi-
fication by affecting the feature extraction from the segmented objects 
(Hossain and Chen, 2019). Smaller segmentation scale has the possi-
bility of segmenting the real-world object into smaller sub-objects 
(Kavzoglu and Tonbul, 2017). In this study, the phenomenon of 
over-segmentation could be observed at the segmentation scale of 50 
(Fig. 3c). However, the real-world object can still be represented by 
sub-objects. In contrast, larger segmentation scale may mistakenly 
group the real-world object or part of that into another object, causing 
under-segmentation (Kavzoglu and Tonbul, 2017). For instance, old 
beach wrack and other land plants in this study were wrongly segmented 
into one object at the segmentation of 500 (Fig. 3h). 
Under-segmentation should be avoided, as it will lead to the unrepre-
sentative features extracted from the segmented objects, resulting in 
inaccurate classification (Kavzoglu and Tonbul, 2017). Although some 
methods have been proposed to evaluate the performance of different 
levels of segmentation scales, the widely used and efficient method for 
the determination of the proper segmentation scale is still trial and error 
testing (Laliberte and Rango, 2009; Rau et al., 2011). Similar with this 
study, the segmentation scale of the satellite image used for forest stand 
delineation was not determined until there was no under-segmentation 
after a series of trial and error (Radoux and Defourny, 2007). The gen-
eral trend we achieved in this study was consistent with previous studies 
of rangeland identification and wetland plant detection, which indicated 

that the image classification accuracy generally increased as the seg-
mentation scale increased (Dronova et al., 2012; Laliberte and Rango, 
2008). This might be due to the decreased influences of edge effect and 
“salt and pepper” phenomenon at coarser segmentation scale (Dronova 
et al., 2012; Fern and Warner, 2002). 

4.2. The impact of extra textures on the image analysis with different 
machine learning methods 

This study demonstrated that the impact of GLCM-based texture on 
the image classification varied in machine learning algorithms. A study 
of wetland landscape classification also indicated that the additional 
GLCM-based texture had both positive and negative impacts among the 
machine learning methods (Dronova et al., 2012). This might be because 
the GLCM-based texture has different impacts on the expressive abilities 
of modelling the surface reflection and the structure of land covers 
among multiple machine learning methods (Baron and Hill, 2020; Ber-
beroglu et al., 2007). Another reason could be that the sensitivities to the 
parameter variations differ among machine learning algorithms. Similar 
to the sensitivity to parameters shown by SVM in this study, another 
study of crop classification also indicated that SVM had a greater per-
formance difference than other machine learning methods when the 
parameters were changed (Kwak and Park, 2019). 

In this study, none of the three machine learning methods consis-
tently performed better than others to classify the orthomosaic image at 
multiple segmentation scales and feature spaces. To our knowledge, few 
studies have explored machine learning methods for wrack mapping on 
the shore. Some previous studies focused on the mapping of seagrass 
meadows using supervised and unsupervised classification approaches. 
For instance, a study on the detection of intertidal Zostera noltii meadows 
found that unsupervised classification approach had a better perfor-
mance than OBIA (Duffy et al., 2018). Here, the proposed classification 
algorithm, SVM with only RGB feature space at the segmentation level of 
50, performed well in beach wrack mapping. Furthermore, the 
geographical transferability demonstrated by the proposed method 
suggested that this method can be developed to investigate wrack 
accumulation on more types of beaches to comprehensively explore the 
spatial accumulation pattern of beach wrack. 

4.3. The accumulation patterns of beach wrack 

The observed beach wrack accumulation in this study represented 
several typical scenarios of wrack deposition on the shore. The deposited 
wrack species identified mainly from fresh beach wrack depend on the 
subsidies of nearby macrophyte habitats (Wickham et al., 2020). In our 
study, it was visually observed from the satellite imagery, TerraMetrics 
with 15 m spatial resolution, that there were several seagrass meadows 
distributed close to the three beaches respectively. Although macroalgae 
beds could not be observed from the satellite images, rocks with mac-
roalgae Fucus vesiculosus were found near the coasts, especially along the 
wave-exposed beaches. F. vesiculosus could be washed from further 
outside sea to the shore by wave actions, indicating that wave exposure 
could have a positive influence on beach wrack accumulation. Previous 
results in British Columbia also found that moderate-wave exposure 
could lead to more wrack deposition on the shore (Orr et al., 2005; 
Wickham et al., 2020). 

The retention of wrack on the shore can be affected by the beach 
substrate. In this study, the sandy beaches showed higher wrack cov-
erages than the beach with cobble and sand. However, this observation 
contrasted a study along Barkley Sound shoreline which revealed that 
wrack deposition increased from sandy beach to cobble beach (Orr et al., 
2005). It could be due to the nearby subsidy habitat distribution along 
the beach. At our study sites seagrass meadows were present in front of 
the sandy beaches. This could lead to more detached seagrasses being 
washed to the shore. Therefore, in order to better investigate the rela-
tionship between beach wrack accumulation and the ambient 

Fig. 6. Fresh and old wrack coverages (m2 per 100 m2 beach) on three different 
types of beaches, mapped with the classification algorithm of SVM using only 
RGB as the feature space at the segmentation level 50. 
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environment, functional sensors, such as the multispectral sensors, can 
be mounted on UAVs in future work to collect information of beach 
wrack and nearby marine vegetation habitats. 

The performances of the UAV in this study, such as customizable 
flight and easy access to various types of beaches, also indicated that 
UAVs can enable local municipalities to track beach wrack accumulation 
over long coastlines in a flexible and labor-saving way. Although there 
are different types of beach wrack depending on geographic location, 
such as F. vesiculosus and Z. marina wrack observed in this study or 
Sargassum sp. wrack e.g. in Florida or Posidonia oceanica in the Medi-
terranean (Dierssen et al., 2015), the OBIA method proposed here 
showed that aerial images acquired by UAVs can be effectively used to 
identify various types of beach wrack. Applying UAVs can benefit 
coastal environmental managers by mapping beach wrack efficiently, 
facilitating beach wrack management, such as relocating wrack when 
excessive accumulation occurs in touristic beaches. 

5. Conclusions 

This study provided the first-hand experience of using UAVs for 
beach wrack mapping, revealing the potential application of UAVs to 
monitor beach wrack. The overall classification accuracies of KNN, SVM, 
and RF were generally >75% with the KIA value > 0.65, suggesting that 
OBIA could be applied in the classification of very-high spatial resolu-
tion aerial images for beach wrack mapping. In the test of geographical 
transferability for the proposed classification algorithm, SVM showed a 
capability of classifying aerial images of beaches with various charac-
teristics. The results indicated that this study can be extended to regional 
surveys of beach wrack accumulation to better track the fate of beach 
wrack carbon in BCEs. Furthermore, this study demonstrated that UAVs 
can be developed into a practical tool to assist coastal environmental 
managers in monitoring beach wrack in coastal regions to obtain the 
seasonal accumulation patterns of beach wrack, which will help make 
timely decisions for coastal zone management. 
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