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A B S T R A C T   

Vegetation cover on coastal sand dunes has been increasing worldwide since at least the 1940s. Analysis of aerial 
and satellite imagery has been the principal source used to measure this change, however no studies have sys-
tematically evaluated the accuracy of remotely sensed estimates. Using established land cover classification 
methods and in-situ field measurements, we show that both the extent and accuracy of remotely sensed areas of 
bare sand and vegetation in dunes varies with image resolution and classification method. We found that su-
pervised methods of classification (semi-automatic), whilst mapping a greater extent of bare sand and being more 
accurate than manual digitisation, had poor repeatability, exhibiting a relatively large range of bare sand and 
vegetation extent between classifications replicated under the same conditions. In contrast, areas of bare sand 
and vegetation classified by manual digitisation had high repeatability but a relatively low percentage of 
observed agreement with data collected in the field. For all classification methods, observed agreement with field 
data generally increased with image resolution. Our results demonstrate that users of land classification data in 
dunes should be cautious when interpreting trends of bare sand and vegetation cover due to substantial 
repeatability error in supervised classification methods, and relatively poor observed agreement with field data 
of manual classification. We recommend that analysis of bare sand and vegetation cover in dunes should be based 
on multiple replicates using supervised classification, employing the highest resolution imagery available and 
that all results presented should also include the range measured by multiple replicates.   

Introduction 

Aerial photographs and satellite imagery are an important source of 
information for studies of dune activity in both coastal and inland en-
vironments (Table 1). Changes in vegetation and therefore changes in 
sand dune mobility are most often associated with variations in climate 
(Pye et al., 2014; Hugenholtz and Wolfe, 2005; Jackson and Cooper, 
2011) but also decreased grazing (Levin and Ben-Dor, 2004; Provoost 
et al., 2011; Pye et al., 2014), changes in land use (Levin and Ben-Dor, 
2004; Pye et al., 2014; Moulton et al., 2019; Gao et al., 2020),nutrient 
enrichment (van Boxel et al., 1997; Pye et al., 2014) and the stabilising 
role of invasive plant species (Hilton et al., 2005; Provoost et al., 2011; 
Pickart, 2021). Measurements of coastal dunes around the world have 

indicated an overall trend of increased vegetation cover since the 1950s 
(Hilton, 2006; Pye et al., 2014; Delgado-Fernandez et al., 2019; Jackson 
et al., 2019; Gao et al., 2020). Increasing vegetation cover resulting in 
decreased geomorphological dynamism (disturbance) may reduce the 
biodiversity in dune landscapes habitats (Kutiel, 2001; Pye et al., 2014; 
Provoost et al., 2011) and decrease the adaptive capacity of the coast to 
adjust to accelerating sea-level rise (Arens et al., 2020). However, there 
is also evidence that vegetation growth in foredunes increases their 
resistance to wave swash allowing coastal sand dunes to provide sus-
tained coastal protection under sustained wave attack (Feagin et al., 
2019; De Battisti and Griffin, 2020). 

The quantification of changes in bare sand and vegetation has pre-
dominantly been performed by the analysis of vertical aerial 
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photography and satellite imagery both in coastal and continental dunes 
(Table 1). Studies have used both red, green, blue (RGB) and black and 
white images as well as multispectral data, from which spectral indices 
such as normalised difference vegetation index (NDVI) can be derived. 
The mapping process of this imagery is usually undertaken using three 
different classification methods, image classification, pixel brightness 
thresholding, and manual classification (Table 1). 

Supervised image classification groups pixels with common spectral 
characteristics to form a thematic map. The approach (also known as 
interactive supervised classification and semi-automatic classification) 
is distinct from unsupervised classification in that a user selects a 
training set of pixels that are representative of specific land cover cat-
egories. Generally, accuracy increases with the number of training 
samples and identification of all classes within the study area (i.e. water) 
even if they are not of interest (Foody, 2002; Foody et al., 2006). A 
similar, but less automated approach, is to classify areas of sand by pixel 
brightness i.e. the darker the pixel, the more vegetation present (Kutiel 

et al., 2004). This method involves adjusting the threshold pixel value to 
give the best representation of bare sand depending on the brightness of 
the original photographs (Pye et al., 2014). Manual classification ne-
cessitates that an analyst manually delineates (digitises) the boundary of 
each bare sand patch. Regardless of mapping methods, this process of 
quantification of bare sand extent is typically performed within a 
geographical information system. 

Studies using these classification methods have undertaken a range 
of measures to increase the accuracy of remotely sensed bare sand and 
vegetation. These measures include: radiometric correction/calibration, 
whereby grey levels are normalised between images (Hugenholtz and 
Wolfe, 2005; Wolfe et al., 2007); independent reviewing of manual 
delineation by multiple users (Delgado-Fernandez et al., 2019); the use 
of a specified number of training pixels for supervised image classifi-
cation (Hugenholtz and Wolfe, 2005); removal of artificial surfaces and 
bright areas other than sand (Kutiel et al., 2004; Pye et al., 2014); and 
the manual correction of improperly classified data (Levin, 2011). 

Table 1 
Previous studies that have mapped changes in vegetation or bare sand cover in dunes.  

Author Environment Sensor Pixel Size Classification Method Classifications 
reported 

Wolfe et al., 1995 Continental Vertical aerial 
photography 

Unspecified Manual Digitisation (1) Active dune 

Curr et al. 2000 Coastal Vertical aerial 
photography 

0.4 m Manual Digitisation (1) Bare sand 

Tsoar and Blumberg, 
2002 

Coastal Vertical aerial 
photography 

1.0 m – 2.0 m Classification based on pixel 
brightness 

(1) Vegetation 

Kutiel et al., 2004 Coastal Vertical aerial 
photography 

Unspecified Classification based on pixel 
brightness 

4 landscape units 

Levin and Ben-Dor, 
2004 

Coastal Vertical aerial 
photography 

Unspecified Supervised Classification (1) Vegetation 

Hugenholtz and 
Wolfe, 2005 

Continental Vertical aerial 
photography 

Unspecified Supervised Classification (1) Bare sand (2) Vegetation 

Thomas and Leason, 
2005 

Continental Satellite Landsat imagery 30 m Field calibrated classification 4 vegetation cover classes 

Hilton, 2006 Coastal Vertical aerial 
photography 

Unspecified Manual Digitisation (1) Active dune 

Levin et al., 2006 Coastal Vertical aerial 
photography and Landsat 
Satellite imagery 

1 m aerial 
photography, 15 m 
Landsat Imagery 

Supervised Classification (aerial 
photographs) and NDVI and SAVI 
for satellite imagery 

(1) Vegetation 

Wolfe et al., 2007 Continental Vertical aerial 
photography 

Unspecified Supervised Classification (1) Bare sand (2) Vegetation 

Mason et al., 2008 Continental Satellite Landsat imagery 30 m Supervised Classification (1) Active dune (2) Vegetated dune (3) 
Salt flats (4) Water (5) Dense vegetation 
(6) non-dune upland 

Seifan, 2009 Continental Vertical aerial 
photography 

0.34 m – 1 m Supervised Classification (1) Woody vegetation (2) All other 
environmental entities 

Jackson and Cooper, 
2011 

Coastal Vertical aerial 
photography 

1 m Manual Digitisation (1) Bare sand 

Levin, 2011 Coastal Vertical aerial 
photography and Satellite 
imagery 

1.0 m – 2.5 m Supervised Classification and 
Manual Classification 

(1) Bare sand 

Pye et al., 2014 Coastal Vertical aerial 
photography 

1 m Classification based on pixel 
brightness 

(1) Bare sand and thin vegetation 

Ryu and Sherman, 
2014 

Coastal Vertical aerial 
photography 

< 1 m Unsupervised and supervised 
classification  

(1) Bare sand 

Keijsers et al., 2015 Coastal Vertical aerial 
photography 

0.25 – 0.5 m Supervised classification (1) Bare Sand (2) Vegetation 

Levin et al., 2017 Coastal Vertical aerial 
photography 

Unspecified Supervised Classification (1) Bare Sand (2) Vegetation 

Shumack et al., 2017 Coastal Satellite Landsat imagery 30 m Supervised Classification (1) Bare Sand (2) Vegetation 
García-Romero et al., 

2018 
Coastal Vertical aerial 

photography 
1 m − 0.1 m Automated classification 4 vegetation cover classes 

Madurapperuma 
et al., 2018 

Coastal Vertical aerial 
photography 

0.14 m – 1 m Supervised and unsupervised 
classification 

4 vegetation cover classes 

Delgado-Fernandez 
et al., 2019 

Coastal Vertical aerial 
photography 

1 m – 0.25 m Manual Digitisation (1) Bare sand (2) Vegetation 

Jackson et al., 2019 Coastal Satellite Landsat imagery 30 m Supervised Classification (1) Bare sand (2) Vegetation 
Moulton et al., 2019 Coastal Vertical aerial 

photography and Satellite 
Imagery 

1 m – 5 m Unsupervised classification and 
Point based manual classification 

(1) Bare sand (2) Vegetated Surface 

Gao et al., 2021 Coastal Vertical aerial 
photography 

0.2 m – 1.5 m Supervised Classification  (1) Bare Sand (2) Vegetated Surface  
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The accuracy of classification in coastal dunes has been assessed 
using field measurements (Levin and Ben-Dor, 2004; Levin et al., 2006, 
Keijsers et al., 2015; Brownett and Mills, 2017), expert assessment of 
aerial imagery (Madurapperuma et al., 2018; Shumack et al., 2017; 
Jackson et al., 2019) and a combination of sources e.g., field visits, aerial 
photographs, and expert opinion (Hilton, 2006). Accuracy values of 
remotely sensed bare sand are highly variable and range from 41% 
(Brownett and Mills, 2017) to 100% at select locations (Keijsers et al., 
2015; Jackson et al., 2019). This relatively large range of values may be 
attributed to several potential sources of error including shadows from 
topography and vegetation (Keijsers et al., 2015; Choi et al., 2016), wet 
sediment (Keijsers et al., 2015), changes in cloud cover and lighting 
(Delgado-Fernandez et al., 2019) and the small size of many bare sand 
features in dunes e.g. tracks and paths (Brownett and Mills, 2017). 

Less commonly assessed in coastal dunes has been the repeatability 
of remotely mapping bare sand and vegetation, however, the repeat-
ability of remotely sensed land classification and accuracy of land cover 
change detection has been considered broadly within remote sensing 
(Olofsson et al., 2014; Khatami et al., 2016; Lyons et al., 2018). In 
addition, few studies have assessed the effect of different classification 
methods or image resolutions on either classification accuracy or esti-
mated extent on coastal dunes (Keijsers et al., 2015; Choi et al., 2016; 
Madurapperuma et al., 2018). Given the increased accessibility of high- 
resolution satellite data and UAV images, and associated consideration 
of dune dynamics from such data, there is an increased need to under-
stand the accuracy and repeatability of the data derived from remote 
sensed vegetation/bare sand classification. This study evaluates the 
accuracy and repeatability of remotely sensing bare sand and vegetation 
in a temperate coastal dune. To represent the breadth of research pre-
viously conducted, areas of bare sand and vegetation were mapped using 
a range of image resolutions and classification techniques. 

Study site 

In this study we focused on quantifying the area covered by bare sand 
and vegetation on a coastal sand dune in Ynyslas, part of the Dyfi Na-
tional Nature Reserve on the west coast of Wales (52◦31′54.8′′N 
4◦03′06.4′′W) (Fig. 1). Field data was collected on 5th February 2020 on 
a discrete coastal sand dune at the northern distal end of a spit which 
extends into the lower Dyfi estuary (Fig. 1). The sand dune has grown 
from a patch of nebkha dune that formed in 2006 as evidenced from 
aerial imagery and field description by Nield et al. (2011). Aerial im-
agery of the site demonstrated that the spatial area of the dune (outlined 
in Fig. 1) remained relatively constant between 2015 and the field sur-
vey in February 2020, maintaining an area of approximately 8000 m2. 
At the time of the study (February 2020), the sand dune had a maximum 
elevation of 5 m relative to the surrounding beach and spatial changes in 
elevation on the dune (i.e. slope) were generally gradual apart from a 
steep dune scarp along the north eastern extent of the dune caused by 
frequent marine erosion (Fig. 1). Vegetation on the dune was dominated 
by marram grass Ammophila arenaria (L.). 

Methods 

The methods comprise of four main steps, 1) collection of aerial 
imagery, 2) field survey of land cover, 3) image classification and 4) 
comparison of measured and modelled data. 

Aerial imagery collection 

RGB aerial imagery was collected using a DJI Mavic Pro 2 uncrewed 
aerial vehicle (UAV). The flight was planned using Pix4DCapture based 
on a ground pixel resolution of 0.01 m. Lateral and longitudinal overlap 
was set to 80%. Prior to flying, eight (5.8 per 100 photos) Ground 

Fig. 1. Aerial image of the northern distal end of Ynyslas sand dunes, part of the Dyfi National Nature Reserve on the west coast of Wales (52◦31′54.8′′N 
4◦03′06.4′′W) taken on 18th September 2019. The black dashed line denotes the area in which sand and vegetation was mapped (Image Source: Google Earth). 
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Control Points (GCPs) were evenly distributed throughout the dune and 
their location surveyed using a Trimble R8 differential global posi-
tioning system (DGPS). Orthorectification and mosaicking of the aerial 
imagery collected was performed using Pix4Dmapper utilising a fully 
automated workflow based on Structure-from-Motion (SFM) digital 
photogrammetry algorithms (see Chesley et al., 2017). Before initiating 
this workflow, Pix4Dmapper was also used to manually identify the 
surveyed GCPs within the aerial imagery. By comparing the absolute co- 
ordinates of the GCPs surveyed with those for the same location within 
the resulting orthomosaic, a root mean square error of 0.003 m was 
calculated in the X, Y and Z directions, respectively, indicting a high 
degree of relative accuracy. The orthomosaic image was subsequently 
resampled to resolutions of 10 m, 3 m, 1 m and 0.25 m to represent a 
range of digital imagery products commonly used for dune vegetation 
classification (Fig. 2 and Table 2). 

Land cover survey 

To assess the accuracy of remotely sensed classifications, ground 
truth samples of the study area were collected on 5th February 2020 
immediately after the uncrewed aerial vehicle was flown. Each sampling 
unit measured 0.25 m × 0.25 m and was located at random within the 
study area (Fig. 1). Data collection continued until at least 50 samples of 

Fig. 2. Orthomosaic images of study site and mapped classifications of vegetation and bare sand for replicate 1. OA = Observed Agreement.  

Table 2 
Image pixel resolutions associated with a range of digital aerial 
imagery products.  

Product Pixel Size 

Sentinel-2 (Satellite) 10 m 
Planetscope (Satellite) 3.125 m 
Aerial Imagery (Plane) 0.25 m, 1 m 
Aerial Imagery (UAV) 0.01 m  
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each land classification (1. Vegetation 2. Sand) were measured (Con-
galton and Green, 2019). The centre of each sampling location was 
identified in the field using the ‘stake out’ function on a Trimble R8 
differential global positioning system. At each location, the vegetation 
cover %, presence of ‘yellowed’ vegetation (yes or no) and presence of a 
steep slope (defined as < 35◦) (yes or no) was recorded. A unit was 
classified as vegetated if it had a vegetation cover of ≥ 50% and sand if it 
had a vegetation cover of < 50%, thus creating a binary classification. 
Data collected in the field was cross referenced with digital ground 
photographs taken at each location to reduce potential transcription 
error in the field. 

Image classification 

For each image resolution, land classification was performed by both 
manual digitisation and by semi-automatic, supervised classification. 
Manual classification was performed by digitising areas of bare sand as 
polygons in the desktop geographic information system, QGIS (v3). The 
areas not manually digitised as bare sand within the study area were 
assumed to be vegetated, analogous to the approach applied by Delgado- 
Fernandez et al. (2019). The manual classification of 0.01 m resolution 
imagery was not attempted as accurate manual classification of bare 
sand and vegetation at this resolution was deemed unfeasible. 

Supervised classification was completed in QGIS using the semi- 
automatic classification plugin (SCP) (Congedo, 2016). Classification 
was performed using the minimum distance and spectral angle mapping 
algorithms using true-colour RGB images. Classification was also per-
formed using manual classification and minimum distance for a 1 m 
resolution single-band grayscale image. Minimum distance calculates 
the mean spectra of each predefined class and assigns a pixel to a class 
that has the least distance to the mean (Mather and Tso, 2016). Spectral 
angle mapping calculates the spectral angle between spectral signatures 
of images pixels and training spectral signatures. In spectral angle 
mapping a pixel belongs to the class to which it has the lowest angle 
(Kruse et al., 1993). 

Classification at each image resolution was trained using 40 regions 
of interest (ROIs): 20 regions of interest represented vegetation and 20 
regions of interest represented bare sand. A total of 40 regions of interest 
were used as this was the maximum that could be selected in the 10 m 
resolution image. Training data was not shared between classifications 
but conducted independently for each and every classification. Regions 
of interest were selected to best represent the range of colours seen in 
each class. The total area of training samples for each replicate varied on 
average by 30% (relative standard deviation) for colour image classifi-
cations and 7% for the grayscale classifications. Training samples were 
approximately evenly distributed across the mosaic. No radiometric 
correction of images was performed as all aerial photographs were taken 
in analogous lighting conditions (6-minute flight time). Both manual 
and semi-automatic classifications were conducted by the same analyst 
three times for each image resolution including training. Classifications 
were also made in the same order i.e. from lowest resolution image (10 
m pixel) to highest (0.01 m pixel). 

Comparison of measured and modelled data 

Comparison of remotely sensed and ground-truth samples were 
performed for all three iterations of each classification method and 
resolution (42 RGB classifications and 6 grayscale classifications). The 
classification of each location was calculated from a 0.25 × 0.25 m 
quadrat, identical to the location measured in the field. A quadrat was 
classified as vegetated if it had a vegetation cover of ≥ 50% and sand if it 
had a vegetation cover of > 50% replicating the method used in the field 
survey. A classification was deemed correct if the binary remotely 
sensed land classification polygon and ground truth classification 
agreed. The results of each classification were analysed by calculating 
the percentage agreement (overall accuracy) and kappa coefficient, 

user’s accuracy and producer’s accuracy. The kappa coefficient is an 
overall accuracy parameter that takes into account whether samples 
were mapped correctly by chance. Landis and Koch (1977) proposed a 
scale whereby a value of < 0.00 = poor agreement, 0.00 – 0.20 = slight 
agreement, 0.21 – 0.40 = fair agreement, 0.41 – 0.60 = moderate 
agreement, 0.61 – 0.80 = substantial agreement and 0.81 – 1.00 =
almost perfect agreement. User’s accuracy represents the probability for 
a given class that a pixel chosen on the map represents that category on 
the ground, and producer’s accuracy is the probability that random 
location chosen in the field has the same class value as that on a map. 

Results 

% bare sand cover 

When considering all replicates and resolutions of the colour imag-
ery, an average of 31% of the study area was mapped as bare sand by 
manual classification, compared to 44% for minimum distance super-
vised classification and 47% for spectral angle mapping supervised 
classification (Table 3). For the coarsest resolution image (10 m), all 
three classification methods recorded a very similar area of bare sand 
(33% – 34%), however for 3 m and 1 m image resolutions the area 
mapped as bare sand by manual classification decreased below 30%, 
while the area of bare sand mapped by supervised classification methods 
increased to over 40% (Fig. 4). Both supervised classification methods 
show a trend of increasing bare sand area as pixel size decreases from 10 
m to 0.25 m. However, for 0.01 m resolution image, the average area of 
bare sand mapped by both supervised classification methods decreased 
(Fig. 4). 

Regarding variation between replicates, on average the area of bare 
sand mapped by manual classification was less variable (average range 
of 5%) than the supervised classification methods, which both had an 
average range of 10%. Fig. 3 demonstrates that the variation in classi-
fication between replicates occurred throughout the study area. For 
manual classification, the 10 m image resolution exhibited the largest 
range (15%) between replicates and the 3 m resolution data the smallest 
(1%). For supervised classification methods, the 0.25 m resolution 
image generated the largest range of mapped bare sand for both mini-
mum distance and spectral angle supervised classification (20%). The 3 
m resolution image produced the smallest range (5%) for minimum 
distance supervised classification and the 10 m and 1 m images pro-
duced the smallest variation in sand for the spectral angle mapping su-
pervised classification (both 6%) (Table 3 and Fig. 3). 

Observed agreement 

Observed agreement between ground truth classification and 
remotely sensed classification generally increased as image resolution 
increased (i.e., a decrease in pixel size). This trend was observed for all 
classification methodologies tested (Fig. 5 and Table 3). When consid-
ering all colour image replicates and resolutions, on average, manual 
classification recorded a poorer observed agreement (69%) than mini-
mum distance and spectral angle supervised classification (both had an 
average of 76%). The lowest observed agreement was 64% for the 3 m 
resolution image using the manual classification method, 1% lower than 
the observed agreement percentage for manual classification of the 10 m 
image (Fig. 5 and Table 3). The highest observed agreement was 84% for 
the 0.01 m image, mapped using spectral angle mapping supervised 
classification. The kappa coefficient, which takes into consideration 
whether samples were mapped correctly by chance, ranges from a fair 
agreement, which is calculated for all classification methods using the 
10 m resolution image, to substantial agreement for the supervised 
classification of the 0.25 m and 0.01 m resolution images (Fig. 5). 

The percentage of observed agreement demonstrated less variation 
between replicates than the percentage area of sand mapped. On 
average minimum distance supervised classification had the smallest 
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variation (minimum distance 1%, spectral mapping 3%) and manual 
classification the greatest (4%). For manual classification, variation in 
observed agreement decreased as image resolution increased from an 
average of 6% for the 10 m image to 2% for the 0.25 m image (Fig. 5). No 
clear trend between image resolution and the variability in the per-
centage observed agreement for supervised classification methods was 
observed. For example, the 0.25 m resolution image exhibited no vari-
ation between replicates for minimum distance supervised classification 
but a range of 5% for the spectral mapping supervised classification at 
the same image resolution (Table 3). 

User’s and Producer’s accuracy 

Fig. 6 and Table 4 demonstrate that user and producer accuracies 
generally increased with image resolution (i.e. smaller pixel size). Sand 
had the greatest variability in user’s accuracy whereby manual classi-
fication reported substantially lower accuracy values than for both 
automated classifications, indicating that manual classification un-
derestimates the area of bare sand, particularly at higher image reso-
lutions. The producer accuracy of vegetation was also consistently lower 
than the automated classification for each image resolution investigated. 

Grayscale 1 m aerial images 

The percentage of the study area manually classified as bare sand in 
the 1 m grayscale image was substantially lower than that measured in 
the true colour image (15% and 28% respectively) (Fig. 7a). Similarly, 
the percentage agreement of the manual classification with the observed 
data fell from 70% agreement for the colour image, to 61% for the 
grayscale image (Fig. 7b). The kappa coefficient descriptor remained 
‘fair’ but declined from an average of 0.40 for the colour manual clas-
sification to 0.24 for the grayscale manual classification. In contrast to 
the discrepancy between the manual classification of the colour and 
grayscale images, the range and average percentage of the area classified 
as bare sand using the supervised minimum classification method 
differed by only 1% (Fig. 7a). The average percentage agreement be-
tween the 1 m colour and greyscale image also only differed by 1% and 
the average kappa coefficient for both was described as moderate (0.53 
for grayscale and 0.51 for colour). 

Consistently incorrect classification locations 

In order to identify the environmental conditions where remote 
sensing of bare sand and vegetation is most likely to be erroneous, the 13 
locations at which land cover type was incorrectly classified for the 0.01 
m resolution colour image are summarised in the Table 5. Table 5 shows 
that at 9 of the 13 locations the percentage of observed vegetation was 
within ± 10% of the threshold classification value (50%). This indicates 
that classification may be prone to error at those locations where 
vegetation cover is relatively close to the threshold classification value. 
Locations 29 and 40 also further demonstrate how remotely sensed 
classifications of bare sand may mistake ‘yellowing’ and seemingly 
‘dead’ vegetation for areas of sand. 

Discussion 

This study assessed how the extent and accuracy of remotely sensed 
areas of bare sand and vegetation in dunes varied with image resolution 

Table 3 
Summary of percentage bare sand cover mapped within the study site, observed agreement and kappa coefficient for manual digitisation, minimum distance su-
pervised classification (MinDist) and spectral angle mapping (Sp) supervised classification.   

% Bare Sand Cover Observed Agreement % Kappa Coefficient  

Replicate no. 1 2 3 Av. 1 2 3 Av. 1 2 3 Av Description 

Manual 10 m 42 32 27 34 62 64 68 65  0.24  0.28  0.36  0.29 Fair 
Manual 3 m 27 27 28 27 62 66 63 64  0.25  0.33  0.27  0.28 Fair 
Manual 1 m 28 27 31 28 67 71 72 70  0.35  0.42  0.42  0.40 Fair 
Manual 0.25 m 32 33 34 33 76 75 76 76  0.52  0.5  0.52  0.51 Moderate 
Min Dist 10 m 31 31 37 33 69 69 72 70  0.39  0.39  0.43  0.40 Moderate 
Min Dist 3 m 37 42 41 40 69 71 71 70  0.38  0.42  0.42  0.41 Moderate 
Min Dist 1 m 40 46 41 42 76 75 76 76  0.52  0.5  0.52  0.51 Moderate 
Min Dist 0.25 m 41 61 60 54 82 82 82 82  0.64  0.64  0.64  0.64 Substantial 
Min Dist 0.01 m 53 42 52 49 83 83 83 83  0.66  0.66  0.66  0.67 Substantial 
Spectral 10 m 31 33 37 34 69 67 72 69  0.39  0.35  0.43  0.39 Fair 
Spectral 3 m 42 49 47 46 71 72 72 72  0.42  0.44  0.44  0.43 Moderate 
Spectral 1 m 45 50 44 47 76 77 76 76  0.52  0.54  0.52  0.53 Moderate 
Spectral 0.25 m 47 67 63 59 78 80 83 80  0.56  0.6  0.66  0.61 Substantial 
Spectral 0.01 m 55 44 54 51 82 83 83 83  0.64  0.66  0.68  0.66 Substantial  

Fig. 3. Classification difference map for all 3 replicates using the 3 m resolution 
image and the spectral angle mapping supervised classification method. 
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and classification methodology. Supervised methods of classification 
(semi-automatic) mapped a greater extent of bare sand and were more 
accurate than manual digitisation but had poorer repeatability. For all 
classification methodologies, observed agreement with field data 
generally increased with image resolution (i.e. smaller pixel size). It 
must however be considered that the study area examined was a rela-
tively simple landscape compared to some other coastal dune landscapes 
where a larger number of land cover classifications may be present (e.g. 
water, shrubs, forest, pathways) and geomorphic features such as 
blowouts and steep erosional walls may create shadowing, making ac-
curate remotely sensed classification difficult (e.g. Fig. 2 and Fig. 6 in 
Smyth et al., 2020). 

The results from the classification of the 1 m resolution grayscale and 
true-colour images show little difference in the percentage of bare sand 
recorded or the percentage observed agreement using minimum dis-
tance supervised classification, however the manual classification of the 
1 m resolution grayscale image recorded substantially lower bare sand 
than the classification of the colour image (Fig. 7a) and had a lower 
percentage observed agreement than the colour image (Fig. 7b). The 
resemblance between the classification of grayscale and colour images 
using supervised classification concur with the findings of Keijsers et al. 
(2015) who converted colour images to grayscale as it had little differ-
ence on the classification results but reduced the computational time of 
the classification process. The decline in performance of manual 

classification in grayscale imagery is likely due to the increased 
conservatism of the analyst when selecting areas of bare sand resulting 
in a larger proportion of the study area being classified as vegetation. 
Our findings suggest that the additional information provided by mul-
tiple colour channels (e.g. RGB) aids the analyst in more accurately 
delineating bare sand in manual classification. 

The considerable variation in the mapped extent of bare sand and 
vegetation between replicates (Table 3) indicates that both manual and 
supervised classification methods are subject to substantial repeatability 
error i.e., the variability in the measurements made using the same 
method, data and analyst can only be ascribed to errors due to the 
measurement process itself (Bartlett and Frost, 2008). The relatively 
large repeatability errors measured in this study stem from the subjec-
tive elements present in all the methodologies tested i.e., the selection of 
bare sand in manual classification and the selection of training regions of 
interest in supervised classifications. This further highlights Foody’s 
(2002) recommendation that analysts should extensively define all 
classes within the study area, even if they are of no interest. When 
selecting reference polygons analysts must also be conscious of selecting 
samples that are bias toward sand or vegetation of a particular colour 
and that reference polygons from outside the study area may also be 
needed (Zhen et al., 2013). Accurate landcover delineation in coastal 
dunes is particularly difficult as the visual appearance of bare sand can 
be highly variable due to changes in mineral content and moisture 

Fig. 4. Average percentage bare sand coverage calculated for each image pixel resolution and classification method using true colour imagery. Error bars represent 
maximum and minimum values from three replicates (Table 3). 

Fig. 5. Average percentage observed agreement 
calculated for each image pixel resolution and classi-
fication method using true colour imagery. Error bars 
represent maximum and minimum values from three 
replicates (Table 3). Text descriptors refer to the 
average kappa coefficient, whereby < 0.00 = poor 
agreement, 0.00 – 0.20 = slight agreement, 0.21 – 
0.40 = fair agreement, 0.41 – 0.60 = moderate 
agreement, 0.61 – 0.80 = substantial agreement and 
0.81 – 1.00 = almost perfect agreement (Table 3).   
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(Fig. 8a). The large range in visual appearance may result in ‘dark’ 
patches of sand being mistakenly classified as vegetation (Fig. 8b). 
Vegetation can be more easily discriminated from dark sand/soil using 
near infra-red (NIR) data available from both the PlanetScope and 
Sentinel-2 sensors (Table 2) and classifiers such as random forest may 
also be more suited to classifying heterogeneous environments such as 
coastal sand dunes (Belgiu and Drăguţ, 2016). Fig. 8 also demonstrates 
how the visual appearance of vegetation can also be highly variable, 
with patches of dead vegetation that are light in colour, being mistak-
enly classified as bare sand. Distinguishing non-photosynthetic vegeta-
tion (dry or dead vegetation) from bare ground is often difficult without 
hyperspectral data, as each classes spectral response is similar (Li and 
Guo, 2016). 

To date, explicit appreciation of repeatability has been absent from 
research examining bare sand and vegetation dynamics in dunes. 
Despite this, the key findings of many previous studies are unlikely to be 
impacted. This is either because the change in land cover extent has been 
so large (e.g. an average reduction in bare sand area of 81% (Pye et al., 

2014)) or bare sand extent was classified manually (e.g. Jackson and 
Cooper, 2011; Delgado-Fernandez et al., 2019), a method which our 
results demonstrate to be a more repeatable but less accurate method 
than supervised classification. The poor repeatability of supervised 
classification methodologies should however be considered in future 
studies that analyse change detection (e.g. Hugenholtz and Wolfe, 
2005), compare images of various resolutions (e.g. Tsoar and Blumberg, 
2002; Seifan, 2009; Levin, 2011; Delgado-Fernandez et al., 2019) and in 
studies that include relatively small (±10%) seasonal or annual vege-
tation changes. The errors identified in this study should also be taken 
into consideration when remote sensing is used to report on the con-
servation status and condition of sand dunes (Brownett and Mills, 2017). 

As well as a substantial discrepancy in the repeatability of manual 
and supervised classifications, Fig. 4 demonstrates that for all image 
resolutions, supervised classification estimated a larger extent of bare 
sand compared to manual classification and had a greater agreement 
when compared to ground-truthing performed in the field (Table 3 and 
Fig. 5). This discrepancy between manual and supervised classification, 

Fig. 6. Producer’s and user’s accuracy for sand and vegetation.  

Table 4 
Producer’s and user’s accuracy for sand and vegetation.   

Producer’s Accuracy Sand Producer’s Accuracy Vegetation User’s Accuracy Sand User’s Accuracy Vegetation 

Replicate no. 1 2 3 Av 1 2 3 Av 1 2 3 Av 1 2 3 Av 

Manual 10 m 65 70 81 72 60 60 62 61 55 51 49 52 69 78 88 78 
Manual 3 m 74 77 75 75 58 61 58 59 39 47 41 42 86 86 86 86 
Manual 1 m 85 87 87 86 61 64 65 63 43 51 53 49 92 92 92 92 
Manual 0.25 m 86 91 91 89 70 68 69 69 63 57 59 60 90 94 94 93 
Min Dist 10 m 77 77 76 77 65 65 69 66 56 56 65 59 83 83 79 82 
Min Dist 3 m 73 73 73 73 66 69 69 68 63 69 69 67 76 73 73 74 
Min Dist 1 m 83 80 83 82 71 71 71 71 67 69 67 68 86 82 86 85 
Min Dist 0.25 m 88 79 79 82 77 86 86 83 75 88 88 84 90 76 76 81 
Min Dist 0.01 m 83 90 83 85 83 78 83 81 84 75 84 81 82 92 82 85 
Spectral 10 m 77 73 76 75 65 64 69 66 56 56 65 59 83 79 79 80 
Spectral 3 m 73 72 72 72 69 72 72 71 69 75 75 73 73 69 69 70 
Spectral 1 m 81 79 81 80 72 75 72 73 69 75 69 71 84 80 84 83 
Spectral 0.25 m 78 75 79 77 78 89 88 85 78 92 90 87 78 67 76 74 
Spectral 0.01 m 81 90 83 85 83 78 82 81 84 75 84 81 80 92 82 85  
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which is particularly distinct at finer resolutions (Fig. 4), may be caused 
by the increased ability of automated detection to classify small areas of 
bare surface within areas that are uniformly classified as vegetated in 

manual classification (Fig. 2). Comparisons between the bare sand 
extent reported by different studies, image resolutions and classification 
methods should therefore be considerate of the relatively large potential 
for error. For example, the results from this study indicate that manual 
classification may underestimate bare sand extent by as much as 26% 
(the difference in the average bare sand extent between manual and 
spectral angle mapping supervised classification for the 0.25 m resolu-
tion image). This underestimation has however been calculated in a 
specific environmental setting and may not be expected in all cases. As 
the data from this study demonstrates that incorrect classification is 
most prevalent in heterogeneous environments where the vegetation 
cover was near to 50% (±10%) in the sampled quadrat, land cover 
classification may be more accurate in areas with sharp boundaries 
between dense vegetation and active dune sand e.g. parabolic dunes, 
blowouts and large sand sheets (Hugenholtz and Wolfe, 2005; Delgado- 
Fernandez et al., 2018) as well as in arid environments where vegetation 
is less ubiquitous (García-Romero et al., 2018). However, complex 
patterns of vegetation and substrates are still common in arid coastal 
environments (García-Romero et al., 2018), desert dunes (Levin et al., 
2012), incipient foredunes (Nolet et al., 2018) and continental dunes 
(Marín et al., 2005; Seifan, 2009). 

The results in Figs. 5 and 6 indicate that as image resolution increases 
so too does observed agreement, users accuracy and producers accuracy. 
This improvement in agreement between remotely-sensed and ground 
based measurements is due to the decrease in spectral mixing that occurs 
as pixel size decreases, i.e. the range of surfaces reflected in a single pixel 
(e.g. sand, vegetation and dead biomass), decreases as a pixel becomes 
smaller resulting in a less ‘mixed pixel’ (Hugenholtz et al., 2012). The 
manner in which pixel spectral values become increasingly mixed with 

(a) (b)
Fig. 7. (a) Average % of study area classified as bare 
sand from the 1 m resolution grayscale image using 
manual and minimum distance classification. Error 
bars represent maximum and minimum values from 
three replicates. (b) % observed agreement for the 1 m 
resolution grayscale image. Error bars represent 
maximum and minimum values from three replicates 
(Table 3). Text descriptors refer to the average kappa 
coefficient, whereby < 0.00 = poor agreement, 0.00 – 
0.20 = slight agreement, 0.21 – 0.40 = fair agree-
ment, 0.41 – 0.60 = moderate agreement, 0.61 – 0.80 
= substantial agreement and 0.81 – 1.00 = almost 
perfect agreement (Table 3).   

Table 5 
Random sample locations at which the remotely sensed classification and the 
observed classification disagreed for all the replicates of the 0.01 m resolution 
image mapped using spectral angle mapping supervised classification.  

Location 
no. 

% observed 
vegetation 
in 0.25 m2 

sample 

Dead 
vegetation 
(y/n) 

Steep 
slope 
(y/n) 

Notes Remotely 
sensed 
classification 

4 15   In 
between 2 
canopies 

Vegetation 

24 40 y  Dead at 
ground. 
Living 
canopy 

Vegetation 

29 55 y  Dead Bare Sand 
40 75 y  Dead Bare Sand 
46 60    Bare Sand 
55 40    Vegetation 
56 65   Very close 

to path 
Bare Sand 

64 45    Vegetation 
72 20    Bare Sand 
84 45  y Steep 

slope 
Vegetation 

95 52    Bare Sand 
99 45    Vegetation 
104 45    Vegetation  

Fig. 8. (a) 0.01 m orthomosaic demonstrating the highly variable visual properties of both bare sand and vegetation present within the study site, (b) iteration 1 of 
spectral angle mapping supervised classification for 0.01 m resolution orthmosaic. The solid black line in both images indicates the extent of the study area. 
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pixel size is clearly visible in Fig. 2, particularly for the 10 m and 3 m 
images. For studies using these ‘medium’ image resolutions, use of 
spectral unmixing or regression techniques that measure vegetation as a 
continuous value rather than a binary classification may be useful 
(Ettritch et al., 2018). Errors may still occur at very high image reso-
lutions e.g. 0.01 m pixel size, as accurate identification of sand by 
manual classification and in the training samples for semi-automated 
classification methods becomes unfeasible due to the level of detail 
presented in the image and the time taken to identify/remove a greater 
range of artefacts that are not focus of the research e.g. litter, wrack and 
shadow. To further improve classification, future studies could imple-
ment a resampling approach (e.g. Monte Carlo, bootstrapping) with a 
large number iterations giving a distribution of area estimates (Lyons 
et al., 2018) and statistically calculate the standard error for a classified 
area (see Olofsson et al., 2014). 

Conclusion 

Remote sensing of bare sand and vegetation in dunes requires careful 
consideration of the classification method, image resolution and selec-
tion and number of training samples. The results from this research 
support the use multiple replicates when mapping bare sand as this data 
can be used to report a range of values and potential error. Where 
multiple replicates are not used and in dunes where a complex mosaic of 
bare sand and vegetation exists, specific reference to the potential 
sources and range of error should be considered regardless of the clas-
sification methods used. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgements 

We wish to thank Justin Lyons and Natural Resources Wales for 
generously facilitating access to the field site. This work was funded 
through the UK Natural Environment Research Council grant NE/ 
T00410X/1. The global positioning system used in the study was funded 
by the Royal Society grant RG170467. 

References 

Arens, S.M., De Vries, S., Geelen, L.H., Ruessink, G., van der Hagen, H.G., 
Groenendijk, D., 2020. Comment on ‘Is ‘re-mobilisation’nature restoration or nature 
destruction? A commentary’by I. Delgado-Fernandez, RGD Davidson-Arnott & PA 
Hesp. J. Coast. Conserv. 24 (2), 1–4. 

Bartlett, J.W., Frost, C., 2008. Reliability, repeatability and reproducibility: analysis of 
measurement errors in continuous variables. Ultrasound Obstet. Gynecol. 31 (4), 
466–475. 
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