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Abstract: Wetlands are one of the most important ecosystems that provide a desirable habitat for
a great variety of flora and fauna. Wetland mapping and modeling using Earth Observation (EO)
data are essential for natural resource management at both regional and national levels. However,
accurate wetland mapping is challenging, especially on a large scale, given their heterogeneous
and fragmented landscape, as well as the spectral similarity of differing wetland classes. Currently,
precise, consistent, and comprehensive wetland inventories on a national- or provincial-scale are
lacking globally, with most studies focused on the generation of local-scale maps from limited remote
sensing data. Leveraging the Google Earth Engine (GEE) computational power and the availability of
high spatial resolution remote sensing data collected by Copernicus Sentinels, this study introduces
the first detailed, provincial-scale wetland inventory map of one of the richest Canadian provinces in
terms of wetland extent. In particular, multi-year summer Synthetic Aperture Radar (SAR) Sentinel-1
and optical Sentinel-2 data composites were used to identify the spatial distribution of five wetland
and three non-wetland classes on the Island of Newfoundland, covering an approximate area of
106,000 km2. The classification results were evaluated using both pixel-based and object-based
random forest (RF) classifications implemented on the GEE platform. The results revealed the
superiority of the object-based approach relative to the pixel-based classification for wetland mapping.
Although the classification using multi-year optical data was more accurate compared to that of SAR,
the inclusion of both types of data significantly improved the classification accuracies of wetland
classes. In particular, an overall accuracy of 88.37% and a Kappa coefficient of 0.85 were achieved with
the multi-year summer SAR/optical composite using an object-based RF classification, wherein all
wetland and non-wetland classes were correctly identified with accuracies beyond 70% and 90%,
respectively. The results suggest a paradigm-shift from standard static products and approaches
toward generating more dynamic, on-demand, large-scale wetland coverage maps through advanced
cloud computing resources that simplify access to and processing of the “Geo Big Data.” In addition,
the resulting ever-demanding inventory map of Newfoundland is of great interest to and can be
used by many stakeholders, including federal and provincial governments, municipalities, NGOs,
and environmental consultants to name a few.
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1. Introduction

Wetlands cover between 3% and 8% of the Earth’s land surface [1]. They are one of the most
important contributors to global greenhouse gas reduction and climate change mitigation, and they
greatly affect biodiversity and hydrological connectivity [2]. Wetland ecosystem services include flood-
and storm-damage protection, water-quality improvement and renovation, aquatic and plant-biomass
productivity, shoreline stabilization, plant collection, and contamination retention [3]. However,
wetlands are being drastically converted to non-wetland habitats due to both anthropogenic activities,
such as intensive agricultural and industrial development, urbanization, reservoir construction,
and water diversion, as well as natural processes, such as rising sea levels, thawing of permafrost,
changing in precipitation patterns, and drought [1].

Despite the vast expanse and benefits of wetlands, there is a lack of comprehensive wetland
inventories in most countries due to the expense of conducting nation-wide mapping and the highly
dynamic, remote nature of wetland ecosystems [4]. These issues result in fragmented, partial, or outdated
wetland inventories in most countries worldwide, and some have no inventory available at all [5].
Although North America and some parts of Western Europe have some of the most comprehensive
wetland inventories, these are also incomplete and have considerable limitations related to the
resolution and type of data, as well as to developed methods [6]. These differences make these
existing inventories incomparable [1] and highlight the significance of long-term comprehensive
wetland monitoring systems to identify conservation priorities and sustainable management strategies
for these valuable ecosystems.

Over the past two decades, wetland mapping has gained recognition thanks to the availability
of remote sensing tools and data [6,7]. However, accurate wetland mapping using remote sensing
data, especially on a large-scale, has long proven challenging. For example, input data should be
unaffected/less affected by clouds, haze, and other disturbances to obtain an acceptable classification
result [4]. Such input data can be generated by compositing a large volume of satellite images collected
during a specific time period. This is of particular concern for distinguishing backscattering/spectrally
similar classes (e.g., wetland), wherein discrimination is challenging using a single image. Historically,
the cost of acquiring multi-temporal remote sensing data precluded such large-scale land cover
(e.g., wetland) mapping [8]. Although Landsat sensors have been collecting Earth Observation (EO)
data at frequent intervals since the mid-1980s [9], open-access to its entire archive has occurred
since 2008 [8]. This is of great benefit for land cover mapping on a large-scale. However, much of
this archived data has been underutilized to date. This is because collecting, storing, processing,
and manipulating multi-temporal remote sensing data that cover a large geographic area over
three decades are infeasible using conventional image processing software on workstation PC-based
systems [10]. This is known as the “Geo Big Data” problem and it demands new technologies
and resources capable of handling such a large volume of satellite imagery from the data science
perspective [11].

Most recently, the growing availability of large-volume open-access remote sensing data and the
development of advanced machine learning tools have been integrated with recent implementations
of powerful cloud computing resources. This offers new opportunities for broader sets of applications
at new spatial and temporal scales in the geospatial sciences and addresses the limitation of existing
methods and products [12]. Specifically, the advent of powerful cloud computing resources, such as
NASA Earth Exchange, Amazon’s Web Services, Microsoft’s Azure, and Google cloud platform has
addressed these Geo Big Data problems. For example, Google Earth Engine (GEE) is an open-access,
cloud-based platform for parallel processing of petabyte-scale data [13]. It hosts a vast pool of
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satellite imagery and geospatial datasets, and allows web-based algorithm development and results
visualization in a reasonable processing time [14–16]. In addition to its computing and storage
capacity, a number of well-known machine learning algorithms have been implemented, allowing
batch processing using JavaScript on a dedicated application programming interface (API) [17].

Notably, the development of advanced machine learning tools further contributes to handling
large multi-temporal remote sensing data [18]. This is because traditional classifiers, such as maximum
likelihood, insufficiently manipulate complicated, high-dimensional remote sensing data. Furthermore,
they assume that input data are normally distributed, which may not be the case [19]. However, advanced
machine learning tools, such as Decision Tree (DT), Support Vector Machine (SVM), and Random Forest
(RF), are independent of input data distribution and can handle large volumes of remote sensing data.
Previous studies have demonstrated that both RF [20] and SVM [21] outperformed DT for classifying
remote sensing data. RF and SVM have also relatively equal strength in terms of classification
accuracies [22]. However, RF is much easier to execute relative to SVM, given that the latter approach
requires the adjustment of a large number of parameters [23]. RF is also insensitive to noise and
overtraining [24] and has shown high classification accuracies in various wetland studies [19,25].

Over the past three years, several studies have investigated the potential of cloud-computing
resources using advanced machine learning tools for processing/classifying the Geo Big Data in a
variety of applications. These include global surface water mapping [26], global forest-cover change
mapping [27], and cropland mapping [28], as well as studies focusing on land- and vegetation-cover
changes on a smaller scale [29,30]. They demonstrated the feasibility of characterizing the elements of
the Earth surface at a national and global scale through advanced cloud computing platforms.

Newfoundland and Labrador (NL), a home for a great variety of flora and fauna, is one of the
richest provinces in terms of wetlands and biodiversity in Canada. Most recently, the significant value
of these ecosystems has been recognized by the Wetland Mapping and Monitoring System (WMMS)
project, launched in 2015. Accordingly, a few local wetland maps, each covering approximately 700 km2

of the province, were produced. For example, Mahdianpari et al. (2017) introduced a hierarchical
object-based classification scheme for discriminating wetland classes in the most easterly part of NL,
the Avalon Peninsula, using Synthetic Aperture Radar (SAR) observations obtained from ALOS-2,
RADARSAT-2, and TerraSAR-X imagery [19]. Later, Mahdianpari et al. (2018) proposed the modified
coherency matrix obtained from quad-pol RADARSAT-2 imagery to improve wetland classification
accuracy. They evaluated the efficiency of the proposed method in three pilot sites across NL, each of
which covers 700 km2 [31]. Most recently, Mohammadimanesh et al. (2018) investigated the potential
of interferometric coherence for wetland classification, as well as the synergy of coherence with SAR
polarimetry and intensity features for wetland mapping in a relatively small area in NL (the Avalon
Peninsula) [32]. These local-scale wetland maps exhibit the spatial distribution patterns and the
characteristics of wetland species (e.g., dominant wetland type). However, such small-scale maps
have been produced by incorporating different data sources, standards, and methods, making them of
limited use for rigorous wetland monitoring at the provincial, national, and global scales.

Importantly, precise, comprehensive, provincial-level wetland inventories that map small to large
wetland classes can significantly aid conservation strategies, support sustainable management, and
facilitate progress toward national/global scale wetland inventories [33]. Fortunately, new opportunities
for large-scale wetland mapping are obtained from the Copernicus programs by the European Space
Agency (ESA) [34]. In particular, concurrent availability of 12-days SAR Sentinel-1 and 10-days optical
Sentinel-2 (multi-spectral instrument, MSI) sensors provides an unprecedented opportunity to collect
high spatial resolution data for global wetland mapping. The main purpose of these Sentinel Missions
is to provide full, free, and open access data to facilitate the global monitoring of the environment
and to offer new opportunities to the scientific community [35]. This highlights the substantial role
of Sentinel observations for large-scale land surface mapping. Accordingly, the synergistic use of
Sentinel-1 and Sentinel-2 EO data offers new avenues to be explored in different applications, especially
for mapping phenomena with highly dynamic natures (e.g., wetland).
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Notably, the inclusion of SAR data for land and wetland mapping is of great significance for
monitoring areas with nearly permanent cloud-cover. This is because SAR signals are independent of
solar radiation and the day/night condition, making them superior for monitoring geographic regions
with dominant cloudy and rainy weather, such as Newfoundland, Canada. Nevertheless, multi-source
satellite data are advantageous in terms of classification accuracy relative to the accuracy achieved by
a single source of data [36]. This is because optical sensors are sensitive to the reflective and spectral
characteristics of ground targets [37,38], whereas SAR sensors are sensitive to their structural, textural,
and dielectric characteristics [39,40]. Thus, a synergistic use of two types of data offers complementary
information, which may be lacking when utilizing one source of data [41,42]. Several studies have also
highlighted the great potential of fusing optical and SAR data for wetland classification [25,36,41].

This study aims to develop a multi-temporal classification approach based on open-access remote
sensing data and tools to map wetland classes as well as the other land cover types with high accuracy,
here piloting this approach for wetland mapping in Canada. Specifically, the main objectives of this
study were to: (1) Leverage open access SAR and optical images obtained from Sentinel-1 and Sentinel-2
sensors for the classification of wetland complexes; (2) assess the capability of the Google Earth
Engine cloud computing platform to generate custom land cover maps, which are sufficient in
discriminating wetland classes as standard land cover products; (3) compare the efficiency of both
pixel-based and object-based random forest classification; and (4) produce the first provincial-scale,
fine resolution (i.e., 10 m) wetland inventory map in Canada. The results of this study demonstrate
a paradigm-shift from standard static products and approaches toward generating more dynamic,
on-demand, large-scale wetland coverage maps through advanced cloud computing resources that
simplify access to and processing of a large volume of satellite imagery. Given the similarity of
wetland classes across the country, the developed methodology can be scaled-up to map wetlands at
the national-scale.

2. Materials and Methods

2.1. Study Area

The study area is the Island of Newfoundland, covering an approximate area of 106,000 km2,
located within the Atlantic sub-region of Canada (Figure 1). According to the Ecological Stratification
Workings Group of Canada, “each part of the province is characterized by distinctive regional ecological
factors, including climatic, physiography, vegetation, soil, water, fauna, and land use” [43].
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In general, the Island of Newfoundland has a cool summer and a humid continental climate,
which is greatly affected by the Atlantic Ocean [43]. Black spruce forests that dominate the central
area, and balsam fir forests that dominate the western, northern, and eastern areas, are common on the
island [44]. Based on geography, the Island of Newfoundland can be divided into three zones, namely
the southern, middle, and northern boreal regions, and each is characterized by various ecoregions [45].
For example, the southern boreal zone contains the Avalon forest, Southwestern Newfoundland,
Maritime Barrens, and South Avalon-Burin Oceanic Barrens ecoregions. St. John’s, the capital city,
is located at the extreme eastern portion of the island, in the Maritime Barren ecoregion, and is the
foggiest, windiest, and cloudiest Canadian city.

All wetland classes characterized by the Canadian Wetland Classification System (CWCS), namely
bog, fen, marsh, swamp, and shallow-water [1], are found throughout the island. However, bog and fen
are the most dominant classes relative to the occurrence of swamp, marsh, and shallow-water. This is
attributed to the island climate, which facilitates peatland formation (i.e., extensive agglomeration of
partially-decomposed organic peat under the surface). Other land cover classes are upland, deep-water,
and urban/bare land. The urban and bare land classes, both having either an impervious surface or
exposed soil [46], include bare land, roads, and building facilities and, thus, are merged into one single
class in the final classification map.

Four pilot sites, which are representative of regional variation in terms of both landscape and
vegetation, were selected across the island for in-situ data collection (see Figure 1). The first pilot
site is the Avalon area, located in the south-east of the island in the Maritime Barren ecoregion,
which experiences an oceanic climate of foggy, cool summers, and relatively mild winters [47].
The second and third pilot sites are Grand Falls-Windsor, located in the north-central area of the
island, and Deer Lake, located in the northern portion of the island. Both fall within the Central
Newfoundland ecoregion and experience a continental climate of cool summers and cold winters [47].
The final pilot site is Gros Morne, located on the extreme west coast of the island, in the Northern
Peninsula ecoregion, and this site experiences a maritime-type climate with cool summers and mild
winters [47].

2.2. Reference Data

In-situ data were collected via an extensive field survey of the sites mentioned above in the
summers and falls of 2015, 2016 and 2017. Using visual interpretation of high resolution Google Earth
imagery, as well as the CWCS definition of wetlands, potential and accessible wetland sites were
flagged across the island. Accessibility via public roads, the public or private ownership of lands,
and prior knowledge of the area were also taken into account for site visitation. In-situ data were
collected to cover a wide range of wetland and non-wetland classes with a broad spatial distribution
across NL. One or more Global Positioning System (GPS) points, depending on the size of each wetland,
along with the location’s name and date were recorded. Several digital photographs and ancillary
notes (e.g., dominant vegetation and hydrology) were also recorded to aid in preparing the training
samples. During the first year of data collection (i.e., 2015), no limitation was set on the size of the
wetland, and this resulted in the production of several small-size classified polygons. To move forward
with a larger size, wetlands of size >1 ha (where possible) were selected during the years 2016 and 2017.
Notably, a total of 1200 wetland and non-wetland sites were visited during in-situ data collection at
the Avalon, Grand Falls-Windsor, Deer Lake, and Gros Morne pilot sites over three years. Such in-situ
data collection over a wide range of wetland classes across NL captured the variability of wetlands
and aided in developing robust wetland training samples. Figure 1 depicts the distribution of the
training and testing polygons across the Island.

Recorded GPS points were then imported into ArcMap 10.3.1 and polygons illustrating classified
delineated wetlands were generated using a visual analysis of 50 cm resolution orthophotographs
and 5 m resolution RapidEye imagery. Next, polygons were sorted based on their size and alternately
assigned to either training or testing groups. Thus, the training and testing polygons were obtained
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from independent samples to ensure robust accuracy assessment. This alternative assignment also
ensured that both the training (~50%) and testing (~50%) polygons had equal numbers of small
and large polygons, allowing similar pixel counts and taking into account the large variation of
intra-wetland size. Table 1 presents the number of training and testing polygons for each class.

Table 1. Number of training and testing polygons in this study.

Class Training Polygons Testing Polygons

bog 92 91
fen 93 92

marsh 75 75
swamp 78 79

shallow-water 55 56
deep-water 17 16

upland 92 92
urban/bare

land 99 98

total 601 599

2.3. Satellite Data, Pre-Processing, and Feature Extraction

2.3.1. SAR Imagery

A total of 247 and 525 C-band Level-1 Ground Range Detected (GRD) Sentinel-1 SAR images in
ascending and descending orbits, respectively, were used in this study. This imagery was acquired
during the interval between June and August of 2016, 2017 and 2018 using the Interferometric Wide
(IW) swath mode with a pixel spacing of 10 m and a swath of 250 km with average incidence angles
varying between 30◦ and 45◦. As a general rule, Sentinel-1 collects dual- (HH/HV) or single- (HH)
polarized data over Polar Regions (i.e., sea ice zones) and dual- (VV/VH) or single- (VV) polarized
data over all other zones [48]. However, in this study, we took advantage of being close to the Polar
regions and thus, both HH/HV and VV/VH data were available in our study region. Accordingly,
of 247 SAR ascending observations (VV/VH), 12, 120 and 115 images were collected in 2016, 2017 and
2018, respectively. Additionally, of 525 descending observations (HH/HV), 111, 260, and 154 images
were acquired in 2016, 2017 and 2018, respectively. Figure 2 illustrates the number of SAR observations
over the summer of the aforementioned years.
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Sentinel-1 GRD data were accessed through GEE. We applied the following pre-processing steps,
including updating orbit metadata, GRD border noise removal, thermal noise removal, radiometric
calibration (i.e., backscatter intensity), and terrain correction (i.e., orthorectification) [49]. These steps
resulted in generating the geo-coded backscatter intensity images. Notably, this is similar to the
pre-processing steps implemented in the ESA’s SNAP Sentinel-1 toolbox. The unitless backscatter
intensity images were then converted into normalized backscattering coefficient (σ0) values in dB
(i.e., the standard unit for SAR backscattering representation). Further pre-processing steps, including
incidence angle correction [50] and speckle reduction (i.e., 7 × 7 adaptive sigma Lee filter in this
study) [51,52], were also carried out on the GEE platform.

Following the procedure described above, σ0
VV , σ0

VH , σ0
HH , and σ0

HV (i.e., backscatter coefficient
images) were extracted. Notably, σ0

VV observations are sensitive to soil moisture and are able to
distinguish flooded from non-flooded vegetation [53], as well as various types of herbaceous wetland
classes (low, sparsely vegetated areas) [54]. This is particularly true for vegetation in the early stages
of growing when plants have begun to grow in terms of height, but have not yet developed their
canopy [53]. σ0

VH observations can also be useful for monitoring wetland herbaceous vegetation.
This is because cross-polarized observations are produced by volume scattering within the vegetation
canopy and have a higher sensitivity to vegetation structures [55]. σ0

HH is an ideal SAR observation for
wetland mapping due to its sensitivity to double-bounce scattering over flooded vegetation [41,56].
Furthermore, σ0

HH is less sensitive to the surface roughness compared to σ0
VV , making the former

advantageous for discriminating water and non-water classes. In addition to SAR backscatter
coefficient images, a number of other polarimetric features were also extracted and used in this
study. Table 2 represents polarimetric features extracted from the dual-pol VV/VH and HH/HV
Sentinel-1 images employed in this study. Figure 3a illustrates the span feature, extracted from
HH/HV data, for the Island of Newfoundland.

Table 2. A description of extracted features from SAR and optical imagery.

Data Feature Description Formula

Sentinel-1

vertically transmitted, vertically received SAR backscattering
coefficient σ0

VV

vertically transmitted, horizontally received SAR
backscattering coefficient σ0

VH

horizontally transmitted, horizontally received SAR
backscattering coefficient σ0

HH

horizontally transmitted, vertically received SAR
backscattering coefficient σ0

HV

Span or total scattering power
∣∣SVV

∣∣2 + ∣∣SVH
∣∣2,∣∣SHH

∣∣2 + ∣∣SHV
∣∣2

difference between co- and cross-polarized observations
∣∣SVV

∣∣2 − ∣∣SVH
∣∣2,∣∣SHH

∣∣2 − ∣∣SHV
∣∣2

ratio |SVV |
2

|SVH |
2 , |SHH |

2

|SHV |
2

Sentinel-2

spectral bands 2 (blue), 3 (green), 4 (red) and 8 (NIR) B2, B3, B4, B8
the normalized difference vegetation index (NDVI) B8−B4

B8+B4

the normalized difference water index (NDWI) B3−B8
B3+B8

modified soil-adjusted vegetation index 2 (MSAVI2) 2B8+1−
√
(2B8+1)2−8(B8−B4)

2



Remote Sens. 2019, 11, 43 8 of 27

Remote Sens. 2018, 10, x FOR PEER REVIEW  8 of 27 

 

Table 2. A description of extracted features from SAR and optical imagery. 

Data Feature Description Formula 

Sentinel-1 

vertically transmitted, vertically received SAR 
backscattering coefficient 

𝜎  

vertically transmitted, horizontally received 
SAR backscattering coefficient 𝜎  

horizontally transmitted, horizontally 
received SAR backscattering coefficient 𝜎  

horizontally transmitted, vertically received 
SAR backscattering coefficient 

𝜎  

Span or total scattering power |𝑆  | +  |𝑆  |  , |𝑆  | +  |𝑆  |  
difference between co- and cross-polarized 

observations 
|𝑆  | −  |𝑆  |  , |𝑆  | −  |𝑆  |  

ratio |  |

|  |
 , |  |

|  |
 

Sentinel-2 

spectral bands 2 (blue), 3 (green), 4 (red) and 8 
(NIR) 

𝐵 , 𝐵 , 𝐵 , 𝐵  

the normalized difference vegetation index 
(NDVI) 

𝐵 − 𝐵

𝐵 + 𝐵
 

the normalized difference water index 
(NDWI) 

𝐵 − 𝐵

𝐵 + 𝐵
 

modified soil-adjusted vegetation index 2 
(MSAVI2) 

2𝐵 + 1 − (2𝐵 + 1) − 8(𝐵 − 𝐵 )

2
 

 

 

  
Figure 3. Three examples of extracted features for land cover classification in this study. The multi-year
summer composite of (a) span feature extracted from HH/HV Sentinel-1 data, (b) normalized difference
vegetation index (NDVI), and (c) normalized difference water index (NDWI) features extracted from
Sentinel-2 data.

2.3.2. Optical Imagery

Creating a 10 m cloud-free Sentinel-2 composition for the Island of Newfoundland over a short period
of time (e.g., one month) is a challenging task due to chronic cloud cover. Accordingly, the Sentinel-2
composite was created for three-months between June and August, during the leaf-on season for 2016,
2017 and 2018. This time period was selected since it provided the most cloud-free data and allowed
for maximum wall-to-wall data coverage. Furthermore, explicit wetland phenological information
could be preserved by compositing data acquired during this time period. Accordingly, monthly
composite and multi-year summer composite were used to obtain cloud-free or near-cloud-free
wall-to-wall coverage.

Both Sentinel-2A and Sentinel-2B Level-1C data were used in this study. There were a total of 343,
563 and 1345 images in the summer of 2016, 2017 and 2018, respectively. The spatial distribution of all
Sentinel-2 observations during the summers of 2016, 2017 and 2018 are illustrated in Figure 4a. Notably,
a number of these observations were affected by cloud coverage. Figure 4b depicts the percentage
of cloud cover distribution during these time periods. To mitigate the limitation that arises due to
cloud cover, we applied a selection criteria to cloud percentage (<20%) when producing our cloud-free
composite. Next, the QA60 bitmask band (a quality flag band) provided in the metadata was used to
detect and mask out clouds and cirrus. Sentinel-2 has 13 spectral bands at various spatial resolutions,
including four bands at 10 m, six at 20 m, and three bands at 60 m spatial resolution. For this study,
only blue (0.490 µm), green (0.560 µm), red (0.665 µm), and near-infrared (NIR, 0.842 µm) bands were
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used. This is because the optical indices selected in this study are based on the above mentioned
optical bands (see Table 2) and, furthermore, all these bands are at a spatial resolution of 10 m.
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In addition to optical bands (2, 3, 4 and 8), NDVI, NDWI and MSAVI2 indices were also extracted
(see Table 2). NDVI is one of the most well-known and commonly used vegetation indices for the
characterization of vegetation phenology (seasonal and inter-annual changes). Using the ratioing
operation (see Table 2), NDVI decreases several multiplicative noises, such as sun illumination
differences, cloud shadows, as well as some atmospheric attenuation and topographic variations,
within various bands of multispectral satellite images [57]. NDVI is sensitive to photosynthetically
active biomasses and can discriminate vegetation/non-vegetation, as well as wetland/non-wetland
classes. NDWI is also useful, since it is sensitive to open water and can discriminate water from land.
Notably, NDWI can be extracted using different bands of multispectral data [58], such as green and
shortwave infrared (SWIR) [59], red and SWIR [60], as well as green and NIR [61]. Although some
studies reported the superiority of SWIR for extracting the water index due to its lower sensitivity
to the sub-pixel non-water component [58], we used the original NDWI index proposed by [61] in
this study. This is because it should provide accurate results at our target resolution and, moreover,
it uses green and NIR bands of Sentinel-2 data, both of which are at a 10 m spatial resolution. Finally,
MSAVI2 was used because it addresses the limitations of NDVI in areas with a high degree of exposed
soil surface. Figure 3b,c demonstrates the multi-year summer composite of NDVI and NDWI features
extracted from Sentinel-2 optical imagery.

2.4. Multi-Year Monthly and Summer Composite

Although several studies have used the Landsat archive to generate nearly-cloud-free Landsat
composites of a large area (e.g., [62–64]), to the best of our knowledge, such an investigation has not
yet been thoroughly examined for Sentinel-2 data. This is unfortunate since the latter data offer both
improved temporal and spatial resolution relative to Landsat imagery, making them advantageous for
producing high resolution land cover maps on a large-scale. For example, Roy et al. (2010) produced
monthly, seasonally, and yearly composites using maximum NDVI and brightness temperature
obtained from Landsat data for the conterminous United States [64]. Recent studies also used different
compositing approaches, such as seasonally [62] and yearly [63] composites obtained from Landsat
data in their analysis.

In this study, two different types of image composites were generated: Multi-year monthly
and summer composites. Due to the prevailing cloudy and rainy weather conditions in the study
area, it was impossible to collect sufficient cloud-free optical data to generate a full-coverage monthly
composite of Sentinel-2 data for classification purposes. However, we produced the monthly composite
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(optical) for spectral signature analysis to identify the month during which the most semantic
information of wetland classes could be obtained. A multi-year summer composite was produced to
capture explicit phenological information appropriate for wetland mapping. As suggested by recent
research [65], the multi-year spring composite is advantageous for wetland mapping in the Canada’s
boreal regions. This is because such time-series data capture within-year surface variation. However,
in this study, the multi-year summer composite was used given that the leaf-on season begins in late
spring/early summer on the Island of Newfoundland.

Leveraging the GEE composite function, 10 m wall-to-wall, cloud-free composites of Sentinel-2
imagery, comprising original optical bands (2, 3, 4 and 8), NDVI, NDWI, and MSAVI2 indices, across
the Island of Newfoundland were produced. SAR features, including σ0

VV , σ0
VH , σ0

HH , σ0
HV , span, ratio,

and difference between co- and cross-polarized SAR features (see Table 2), were also stacked using
GEE’s array-based computational approach. Specifically, each monthly and summer season group of
images were stacked into a single median composite on a per-pixel, per band basis.

2.5. Separability Between Wetland Classes

In this study, the separability between wetland classes was determined both qualitatively, using
box-and-whiskers plots, and quantitatively, using Jeffries–Matusita (JM) distance. The JM distance
indicates the average distance between the density function of two classes [66]. It uses both the first
order (mean) and second order (variance) statistical variables from the samples and has been illustrated
to be an efficient separability measure for remote sensing data [67,68]. Given normal distribution
assumptions, the JM distance between two classes is represented as

JM = 2
(

1− e−B
)

(1)

where B is the Bhattacharyya (BH) distance given by

B =
1
8
(µi − µj)

T
(Σi + Σj

2

)−1(
µi − µj

)
+

1
2

ln

∣∣(Σi + Σj)/2
∣∣√

|Σi|
∣∣Σj
∣∣
 (2)

where µi and Σi are the mean and covariance matrix of class i and µj and Σj are the mean and
covariance matrix of class j. The JM distance varies between 0 and 2, with values that approach 2
demonstrating a greater average distance between two classes. In this study, the separability analysis
was limited to extracted features from optical data. This is because a detailed backscattering analysis
of wetland classes using multi-frequency SAR data, including X-, C-, and L-band, has been presented
in our previous study [19].

2.6. Classification Scheme

2.6.1. Random Forest

In this study, the random forest (RF) algorithm was used for both pixel-based and object-based
wetland classifications. RF is a non-parametric classifier, comprised of a group of tree classifiers,
and is able to handle high dimensional remote sensing data [69]. It is also more robust compared
to the DT algorithm and easier to execute relative to SVM [23]. RF uses bootstrap aggregating
(bagging) to produce an ensemble of decision trees by using a random sample from the given training
data, and determines the best splitting of the nodes by minimizing the correlation between trees.
Assigning a label to each pixel is based on the majority vote of trees. RF can be tuned by adjusting
two input parameters [70], namely the number of trees (Ntree), which is generated by randomly
selecting samples from the training data, and the number of variables (Mtry), which is used for
tree node splitting [71]. In this study, these parameters were selected based on (a) direction from
previous studies (e.g., [56,69,72]) and (b) a trial-and-error approach. Specifically, Mtry was assessed
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for the following values (when Ntree was adjusted to 500): (a) One third of the total number of input
features; (b) the square root of the total number of input features; (c) half of the total number of input
features; (d) two thirds of the total number of input features; and (e) the total number of input features.
This resulted in marginal or no influence on the classification accuracies. Accordingly, the square root
of the total number of variables was selected for Mtry, as suggested by [71]. Next, by adjusting the
optimal value for Mtry, the parameter Ntree was assessed for the following values: (a) 100; (b) 200;
(c) 300; (d) 400; (e) 500; and (f) 600. A value of 400 was then found to be appropriate in this study,
as error rates for all classification models were constant beyond this point. The 601 training polygons
in different categories were used to train the RF classifier on the GEE platforms (see Table 1).

2.6.2. Simple Non-Iterative Clustering (SNIC) Superpixel Segmentation

Conventional pixel-based classification algorithms rely on the exclusive use of the spectral/
backscattering value of each pixel in their classification scheme. This results in “salt and pepper”
noise in the final classification map, especially when high-resolution images are employed [73].
An object-based algorithm, however, can mitigate the problem that arises during such image processing
by taking into account the contextual information within a given imaging neighborhood [74]. Image
segmentation divides an image into regions or objects based on the specific parameters (e.g., geometric
features and scaled topological relation). In this study, simple non-iterative clustering (SNIC) algorithm
was selected for superpixel segmentation (i.e., object-based) analysis [75]. The algorithm starts by
initializing centroid pixels on a regular grid in the image. Next, the dependency of each pixel relative
to the centroid is determined using its distance in the five-dimensional space of color and spatial
coordinates. In particular, the distance integrates normalized spatial and color distances to produce
effective, compact and approximately uniform superpixels. Notably, there is a trade-off between
compactness and boundary continuity, wherein larger compactness values result in more compact
superpixels and, thus, poor boundary continuity. SNIC uses a priority queue, 4- or 8-connected
candidate pixels to the currently growing superpixel cluster, to select the next pixels to join the cluster.
The candidate pixel is selected based on the smallest distance from the centroid. The algorithm takes
advantage of both priority queue and online averaging to evolve the centroid once each new pixel
is added to the given cluster. Accordingly, SNIC is superior relative to similar clustering algorithms
(e.g., Simple Linear Iterative Clustering) in terms of both memory and processing time. This is
attributed to the introduction of connectivity (4- or 8-connected pixels) that results in computing fewer
distances during centroid evolution [75].

2.6.3. Evaluation Indices

Four evaluation indices, including overall accuracy (OA), Kappa coefficient, producer accuracy,
and user accuracy were measured using the 599 testing polygons held back for validation purposes
(see Table 1). Overall accuracy determines the overall efficiency of the algorithm and can be measured
by dividing the total number of correctly-labeled samples by the total number of the testing samples.
The Kappa coefficient indicates the degree of agreement between the ground truth data and the
predicted values. Producer’s accuracy represents the probability that a reference sample is correctly
identified in the classification map. User’s accuracy indicates the probability that a classified pixel in
the land cover classification map accurately represents that category on the ground [76].

Additionally, the McNemar test [77] was employed to determine the statistically significant
differences between various classification scenarios in this study. Particularly, the main goals were to
determine: (1) Whether a statistically significant difference exists between pixel-based and object-based
classifications based on either SAR or optical data; and (2) whether a statistically significant difference
exists between object-based classifications using only one type of data (SAR or optical data) and an
integration of two types of data (SAR and optical data). The McNemar test is non-parametric and is
based on the classification confusion matrix. The test is based on a chi-square (χ2) distribution with
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one degree of freedom [78,79] and assumes the number of correctly and incorrectly identified pixels
are equal for both classification scenarios [77],

χ2 =
( f12 − f21)

2

f12 + f21
(3)

where f12 and f21 represent the number of pixels that were correctly identified by one classifier as
compared to the number of pixels that the other method incorrectly identified, respectively.

2.7. Processing Platform

The GEE cloud computing platform was used for both the pixel-based and superpixel RF
classification in this study. Both Sentinel-1 and Sentinel-2 data hosted within the GEE platform
were used to construct composite images. The zonal boundaries and the reference polygons were
imported into GEE using Google fusion tables. A JavaScript API in the GEE code editor was used for
pre-processing, feature extraction, and classification in this study. Accordingly, we generated 10 m
spatial resolution wetland maps of Newfoundland for our multi-year seasonal composites of optical,
SAR, and integration of both types of data using pixel-based and object-based approaches.

3. Results

3.1. Spectral Analysis of Wetland Classes Using Optical Data

To examine the discrimination capabilities of different spectral bands and vegetation indices,
spectral analysis was performed for all wetland classes. Figures 5–7 illustrate the statistical distribution
of reflectance, NDVI, NDWI, and MSAVI2 values for the multi-year monthly composites of June, July,
and August, respectively, using box-and-whisker plots.
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Figure 5. Box-and-whisker plot of the multi-year June composite illustrating the distribution of
reflectance, NDVI, NDWI, and MSAVI2 for wetland classes obtained using pixel values extracted
from training datasets. Note that black, horizontal bars within boxes illustrate median values, boxes
demonstrate the lower and upper quartiles, and whiskers extend to minimum and maximum values.

As shown, all visible bands poorly distinguish spectrally similar wetland classes, especially
the bog, fen, and marsh classes. The shallow-water class, however, can be separated from other
classes using the red band in August (see Figure 7). Among the original bands, NIR represents clear
advantages when discriminating the shallow-water from other classes (see Figures 5–7), but is not
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more advantageous for classifying herbaceous wetland classes. Overall, vegetation indices are superior
when separating wetland classes compared to the original bands.
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Figure 6. Box-and-whisker plot of the multi-year July composite illustrating the distribution of
reflectance, NDVI, NDWI, and MSAVI2 for wetland classes obtained using pixel values extracted
from training datasets.

As illustrated in Figures 5–7, the shallow-water class is easily distinguishable from other classes
using all vegetation indices. The swamp and bog classes are also separable using the NDVI index from
all three months. Although both NDVI and MSAVI2 are unable to discriminate herbaceous wetland
classes using the June composite, the classes of bog and fen are distinguishable using the NDVI index
obtained from the July and August composites.
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The mean JM distances obtained from the multi-year summer composite for wetland classes are
represented in Table 3.
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Table 3. Jeffries–Matusita (JM) distances between pairs of wetland classes from the multi-year summer
composite for extracted optical features in this study.

Optical Features d1 d2 d3 d4 d5 d6 d7 d8 d9 d10

blue 0.002 0.204 0.470 1.153 0.232 0.299 1.218 0.520 1.498 0.380
green 0.002 0.331 0.391 0.971 0.372 0.418 1.410 0.412 1.183 0.470

red 0.108 0.567 0.570 1.495 0.546 0.640 1.103 0.634 1.391 0.517
NIR 0.205 0.573 0.515 1.395 0.364 0.612 1.052 0.649 1.175 1.776

NDVI 0.703 0.590 0.820 1.644 0.586 0.438 1.809 0.495 1.783 1.938
NDWI 0.268 0.449 0.511 1.979 0.643 0.519 1.792 0.760 1.814 1.993

MSAVI2 0.358 0.509 0.595 1.763 0.367 0.313 1.745 0.427 1.560 1.931
all 1.098 1.497 1.561 1.999 1.429 1.441 1.999 1.614 1.805 1.999

Note: d1: Bog/Fen, d2: Bog/Marsh, d3: Bog/ Swamp, d4: Bog/Shallow-water, d5: Fen/Marsh, d6: Fen/Swamp, d7:
Fen/Shallow-water, d8: Marsh/Swamp, d9: Marsh/Shallow-water, and d10: Swamp/Shallow-water.

According to the JM distance, shallow-water is the most separable class from other wetland
classes. In general, all wetland classes, excluding shallow-water, are hardly distinguishable from
each other using single optical feature and, in particular, bog and fen are the least separable classes.
However, the synergistic use of all features considerably increases the separability between wetland
classes, with JM values exceeding 1.4 in most cases; however, bog and fen remain hardly discernible in
this case.

3.2. Classification

The overall accuracies (OA) and Kappa coefficients of different classification scenarios are presented
in Table 4. Overall, the classification results using optical imagery were more advantageous relative
to SAR imagery. As illustrated, the optical imagery resulted in approximately 4% improvements in
both the pixel-based and object-based approaches. Furthermore, object-based classifications were
found to be superior to pixel-based classifications using optical (~6.5% improvement) and SAR
(~6% improvements) imagery in comparative cases. It is worth noting that the accuracy assessment in
this study was carried out using the testing polygons well distributed across the whole study region.

Table 4. Overall accuracies and Kappa coefficients obtained from different classification scenarios in
this study.

Classification Data Composite Scenario Overall Accuracy (%) Kappa Coefficient

pixel-based SAR S1 73.12 0.68
Optic S2 77.16 0.72

object-based
SAR S3 79.14 0.74
Optic S4 83.79 0.80

SAR + optic S5 88.37 0.85

The McNemar test revealed that the difference between the accuracies of pixel-based and object-based
classifications was statistically significant when either SAR (p = 0.023) or optical (p = 0.012) data were
compared (see Table 5). There was also a statistically very significant difference between object-based
classifications using SAR vs. SAR/optical data (p = 0.0001) and optical vs. SAR/optical data (p = 0.008).

Table 5. The results of McNemar test for different classification scenarios in this study.

Scenarios χ2 p-Value

S1 vs. S3 5.21 0.023
S2 vs. S4 6.27 0.012
S3 vs. S5 9.27 0.0001
S4 vs. S5 7.06 0.008
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Figure 8 demonstrates the classification maps using SAR and optical multi-year summer
composites for Newfoundland obtained from pixel- and object-based RF classifications. They illustrate
the distribution of land cover classes, including both wetland and non-wetland classes, identifiable
at a 10 m spatial resolution. In general, the classified maps indicate fine separation of all land cover
units, including bog and fen, shallow- and deep-water, and swamp and upland, as well as other land
cover types.
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Figure 8. The land cover maps of Newfoundland obtained from different classification scenarios,
including (a) S1, (b) S2, (c) S3 and (d) S4 in this study.

Figure 9 depicts the confusion matrices obtained from different methods, wherein the diagonal
elements are the producer’s accuracies. The user’s accuracies of land cover classes using different
classification scenarios are also demonstrated in Figure 10. Overall, the classification of wetlands
have lower accuracies compared to those of the non-wetland classes. In particular, the classification
of swamp has the lowest producer’s and user’s accuracies among wetland (and all) classes in this
study. In contrast, the classification accuracies of bog and shallow-water are higher (both user’s and
producer’s accuracies) than the other wetland classes.
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Figure 9. The confusion matrices obtained from different classification scenarios, including (a) S1,
(b) S2, (c) S3 and (d) S4 in this study.

Notably, all methods successfully classified the non-wetland classes with producer’s accuracies
beyond 80%. Among the first four scenarios, the object-based classification using optical imagery
(i.e., S4) was the most successful approach for classifying the non-wetland classes, with producer’s
and user’s accuracies exceeding 90% and 80%, respectively. The wetland classes were also identified
with high accuracies in most cases (e.g., bog, fen, and shallow-water) in S4.
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this study.

The object-based approach, due to its higher accuracies, was selected for the final classification
scheme in this study, wherein the multi-year summer SAR and optical composites were integrated (see
Figure 11).

The final land cover map is noiseless and accurately represents the distribution of all land cover
classes on a large-scale. As shown, the classes of bog and upland are the most prevalent wetland and
non-wetland classes, respectively, in the study area. These observations agree well both with field
notes recorded by biologists during the in-situ data collection and with visual analysis of aerial and
satellite imagery. Figure 11 also illustrates several insets from the final land cover map in this study.
The visual interpretation of the final classified map by ecological experts demonstrated that most land
cover classes were correctly distinguished across the study area. For example, ecological experts noted
that bogs appear as a reddish color in optical imagery (true color composite). As shown in Figure 11,
most bog wetlands are accurately identified in all zoomed areas. Furthermore, small water bodies
(e.g., small ponds) and the perimeter of deep water bodies are correctly mapped belonging to the
shallow-water class. The upland and urban/bare land classes were also correctly distinguished.

The confusion matrix for the final classification map is illustrated in Figure 12. Despite the
presence of confusion among wetland classes, the results obtained from the multi-year SAR/optical
composite were extremely positive, taking into account the complexity of distinguishing similar
wetland classes. As shown in Figure 12, all non-wetland classes and shallow-water were correctly
identified with producer’s accuracies beyond 90%. The most similar wetland classes, namely bog and
fen, were classified with producer’s accuracies exceeding 80%. The other two wetland classes were
also correctly identified with a producer’s accuracy of 78% for marsh and 70% for swamp.
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Figure 11. The final land cover map for the Island of Newfoundland obtained from the object-based
Random Forest (RF) classification using the multi-year summer SAR/optical composite. An overall
accuracy of 88.37% and a Kappa coefficient of 0.85 were achieved. A total of six insets and
their corresponding optical images (i.e., Sentinel-2) were also illustrated to appreciate some of the
classification details.
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4. Discussion

In general, the results of the spectral analysis demonstrated the superiority of the NIR band compared
to the visible bands (i.e., blue, green, and red) for distinguishing various wetland classes. This was
particularly true for shallow-water, which was easily separable using NIR. This is logical, given that
water and vegetation exhibit strong absorption and reflection, respectively, in this region of the
electromagnetic spectrum. NDVI was found to be the most useful vegetation index. This finding
is potentially explained by the high sensitivity of NDVI to photosynthetically active biomasses [57].
Furthermore, the results of the spectral analysis of wetland classes indicated that class separability
using the NDVI index is maximized in July, which corresponds to the peak growing season in
Newfoundland. According to the box-and-whisker plots and the JM distances, the spectral similarities
of wetland classes are slightly concerning, as they revealed the difficulties in distinguishing similar
wetland classes using a single optical feature, which is in agreement with a previous study [80].
However, the inclusion of all optical features significantly increased the separability between
wetland classes.

As shown in Figure 9, confusion errors occurred among all classes, especially those of wetlands
using the pixel-based classification approach. Notably, the highest confusion was found between the
swamp and upland classes in some cases. The upland class is characterized by dry forested land,
and swamps are specified as woody (forested) wetland. This results in similarities in both the visual
appearance and spectral/backscattering signatures for these classes. With regard to SAR signatures,
for example, the dominant scattering mechanism for both classes is volume scattering, especially
when the water table is low in swamp [81], which contributes to the misclassification between the
two. This is of particular concern when shorter wavelengths (e.g., C-band) are employed, given their
shallower penetration depth relative to that of longer wavelengths (e.g., L-band).

Confusion was also common among the herbaceous wetland classes, namely bog, fen, and marsh.
This is attributable to the heterogeneity of the landscape in the study area. As field notes suggest,
the herbaceous wetland classes were found adjacent to each other without clear cut borders, making
them hardly distinguishable. This is particularly severe for bog and fen, since both have very similar
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ecological and visual characteristics. For example, both are characterized by peatlands, dominated by
ecologically similar vegetation types of Sphagnum in bogs and Graminoid in fens.

Another consideration when interpreting the classification accuracies for different wetland classes
is the availability of the training samples/polygons for the supervised classification. As shown
in Table 1, for example, bogs have a larger number of training polygons compared to the swamp
class. This is because NL has a moist and cool climate [43], which contributes to extensive peatland
formation. Accordingly, bog and fen were potentially the most visited wetland classes during in-situ
data collection. This resulted in the collection of a larger number of training samples/polygons for
these classes. On the other hand, the swamp class is usually found in physically smaller areas relative
to those of other classes; for example, in transition zones between wetland and other land cover classes.
As such, they may have been dispersed and mixed with other land cover classes, making them difficult
to distinguish by the classifier.

Comparison of the classification accuracies using optical and SAR images (i.e., S1 vs. S2 and S3 vs.
S4) indicated, according to all evaluation indices in this study, the superiority of the former relative
to the latter for wetland mapping in most cases. This suggests that the phenological variations in
vegetative productivity captured by optical indices (e.g., NDVI), as well as the contrast between water
and non-water classes captured by the NDWI index are more efficient for wetland mapping in our
study area than the extracted features from dual-polarimetric SAR data. This finding is consistent with
the results of a recent study [12] that employed optical, SAR, and topographic data for predicting the
probability of wetland occurrence in Alberta, Canada, using the GEE platform. However, it should be
acknowledged that the lower success of SAR compared to optical data is, at least, partially related to the
fact that the Sentinel-1 sensor does not collect full-polarimetric data at the present time. This hinders
the application of advanced polarimetric decomposition methods that demand full-polarimetric data.
Several studies highlighted the great potential of polarimetric decomposition methods for identifying
similar wetland classes by characterizing their various scattering mechanisms using such advanced
approaches [19,56].

Despite the superiority of optical data relative to SAR, the highest classification accuracy was
obtained by integrating multi-year summer composites of SAR and optical imagery using the
object-based approach (see Table 4(S5)). In particular, this classification scenario demonstrates an
improvement of about 9% and 4.5% in overall accuracy compared to the object-based classification
using the multi-year summer SAR and optical composites, respectively. This is because optical
and SAR data are based on range and angular measurements and collect information about the
chemical and physical characteristics of wetland vegetation, respectively [82]; thus, the inclusion of
both types of observations enhances the discrimination of backscattering/spectrally similar wetland
classes [41,42]. Accordingly, it was concluded that the multi-year summer SAR/optical composite is
very useful for improving overall classification accuracy by capturing chemical, biophysical, structural,
and phenological variations of herbaceous and woody wetland classes. This was later reaffirmed via the
confusion matrix (see Figure 12) of the final classification map, wherein confusion decreased compared
to classifications based on either SAR or optical data (see Figure 9). Furthermore, the McNemar
test indicated that there was a very statistically significant difference (p < 0.05) for object-based
classifications using SAR vs. optical/SAR (S3 vs. S5) and optical vs. optical/SAR (S4 vs. S5) models
(see Table 5).

Notably, the multi-year summer SAR/optical composite improved the producer’s accuracies of
marsh and swamp classes. Specifically, the inclusion of SAR and optical data improved the producer’s
accuracies of marsh in the final classification map by about 14% and 11% compared to the object-based
classification using SAR and optical imagery on their own, respectively. This, too, occurred to a
lesser degree for swamp, wherein the producer’s accuracies improved in the final classified map by
about 12% and 10% compared to those of object-based classified maps using optical and SAR imagery,
respectively. The accuracies for other wetland classes, namely bog and fen, were also improved
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by about 4% and 5%, respectively, in this case relative to the object-based classification using the
multi-year optical composite.

Despite significant improvements in the producer’s accuracies for some wetland classes
(e.g., marsh and swamp) using the SAR/optical data composite, marginal to no improvements were
obtained in this case for the non-wetland classes compared to classification based only on optical data.
In particular, the use of SAR data does not offer substantial gains beyond the use of optical imagery
for distinguishing typical land cover classes, such as urban and deep-water, nor does it present any
clear disadvantages. Nevertheless, combining both types of observations addresses the limitation
that arises due to the inclement weather in geographic regions with near-permanent cloud cover,
such as Newfoundland. Therefore, the results reveal the importance of incorporating multi-temporal
optical/SAR data for classification of backscattering/spectrally similar land cover classes, such as
wetland complexes. Accordingly, given the complementary advantages of SAR and optical imagery,
the inclusion of both types of data still offers a potential avenue for further research in land cover
mapping on a large scale.

The results demonstrate the superiority of object-based classification compared to the pixel-based
approach in this study. This is particularly true when SAR imagery was employed, as the producer’s
accuracies for all wetland classes were lower than 70% (see Figure 9a). Despite applying speckle reduction,
speckle noise can remain, and this affects the classification accuracy during such processing. In contrast
to the pixel-based approach, object-based classification benefits from both backscattering/spectral
information, as well as contextual information within a given neighborhood. This further enhances
semantic land cover information and is very useful for the classification of SAR imagery [31].

As noted in a previous study [83], the image mosaicking technique over a long time-period may
increase classification errors in areas of high inter-annual change, causing a signal of seasonality to
be overlooked. Although this image mosaicking technique is essential for addressing the limitation
of frequent cloud cover for land cover mapping using optical remote sensing data across a broad
spatial scale, this was mitigated in this study to a feasible extent. In particular, to diminish the
effects of multi-seasonal observations, the mosaicked image in this study was produced from the
multi-year summer composite rather than the multi-year, multi-seasonal composite. The effectiveness
of using such multi-year seasonal (e.g., either spring or summer) composites has been previously
highlighted, given the potential of such data to capture surface condition variations beneficial for
wetland mapping [65]. The overall high accuracy of this technique obtained in this study further
corroborates the value of such an approach for mapping wetlands at the provincial-level.

Although the classification accuracies obtained from our previous studies were slightly better
in some cases (e.g., [19,31]), our previous studies involve more time and resources when compared
with the current study. For example, our previous study [19] incorporated multi-frequency (X-, C-,
and L-bands), multi-polarization (full-polarimetric RADARSAT-2) SAR data to produce local-scale
wetland inventories. However, the production of such inventories demanded significant levels of labor,
in terms of data preparation, feature extraction, statistical analysis, and classification. Consequently,
updating wetland inventories using such methods on a regular basis for a large scale is tedious and
expensive. In contrast, the present study relies on open access, regularly updated remotely sensed
imagery collected by the Sentinel Missions at a 10 m spatial resolution, which is of great value for
provincial- and national-scale wetland inventory maps that can be efficiently and regularly updated.

As mentioned earlier, GEE is an ideal platform that hosts Sentinel-1 and Sentinel-2 data and offers
advanced processing functionally. This removes the process of downloading a large number of satellite
images, which are already in “analysis ready” formats [34] and, as such, offers significant built-in
time saving aspects [84]. Despite these benefits, limitations with GEE are related to both the lack of
atmospherically-corrected Sentinel-2 data within its archive and the parallel method of the atmospheric
correction at the time of this research. This may result in uncertainty due to the bidirectional reflectance
effects caused by variations in sun, sensor, and surface geometries during satellite acquisitions [12].
Such an atmospheric correction algorithm has been carried out in local applications, such as the
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estimation of forest aboveground biomass [85], using the Sentinel-2 processing toolbox. Notably,
Level-2A Sentinel-2 bottom-of-atmosphere (BOA) data that are atmospherically-corrected are of
great value for extracting the most reliable temporal and spatial information, but such data are
not yet available within GEE. Recent research, however, reported the potential of including BOA
Sentinel-2 data in the near future into the GEE archive [12]. Although the high accuracies of wetland
classifications in this study indicated that the effects of top-of-atmosphere (TOA) reflectance could be
negligible, a comparison between TOA and BOA Sentinel-2 data for wetland mapping is suggested for
future research.

In the near future, the addition of more machine learning tools and EO data to the GEE API
and data catalog, respectively, will further simplify information extraction and data processing. For
example, the availability of deep learning approaches through the potential inclusion of TensorFlow
in the GEE platform will offer unprecedented opportunities for several remote sensing tasks [13].
Currently, however, employing state-of-the-art classification algorithms across broad spatial scales
requires downloading data for additional local processing tasks and uploading data back to GEE
due to the lack of functionality for such processing at present. Downloading such a large amount
of remote sensing data is time consuming, given bandwidth limitations, and further, its processing
demands a powerful local processing machine. Nevertheless, full exploitation of deep learning
methods for mapping wetlands at hierarchical levels requires abundant, high-quality representative
training samples.

The approaches presented in this study may be extended to generate a reliable, hierarchical,
national-scale Canadian wetland inventory map and are an essential step toward global-scale wetland
mapping. However, more challenges are expected when the study area is extended to the national-scale
(i.e., Canada) with more cloud cover, more fragmented landscapes, and various dominant wetland
classes across the country [86]. Notably, the biggest challenge in producing automated, national-scale
wetland inventories is collecting a sufficient amount of high quality training and testing samples to
support dependable coding, rapid product delivery, and accurate wetland mapping on large-scale.
Although using GEE for discriminating wetland and non-wetland samples could be useful, it is
currently inefficient for identifying hierarchical wetland ground-truth data. There are also challenges
related to inconsistency in terms of wetland definitions at the global-scale that can vary by country
(e.g., Canadian Wetland Classification System, New Zealand, and East Africa) [1]. However, given
recent advances in cloud computing and big data, these barriers are eroding and new opportunities
for more comprehensive and dynamic views of the global extent of wetlands are arising. For example,
the integration of Landsat and Sentinel data using the GEE platform will address the limitations
of cloud cover and lead to production of more accurate, finer category wetland classification maps,
which are of great benefit for hydrological and ecological monitoring of these valuable ecosystems [87].
The results of this study suggest the feasibility of generating provincial-level wetland inventories
by leveraging the opportunities offered by cloud-computing resources, such as GEE. The current
study will contribute to the production of regular, consistent, provincial-scale wetland inventory
maps that can support biodiversity and sustainable management of Newfoundland and Labrador’s
wetland resources.

5. Conclusions

Cloud-based computing resources and open-access EO data have caused a remarkable paradigm-shift
in the field of landcover mapping by replacing the production of standard static maps with those
that are more dynamic and application-specific thanks to recent advances in geospatial science.
Leveraging the computational power of the Google Earth Engine and the availability of high spatial
resolution remote sensing data collected by Copernicus Sentinels, the first detailed (category-based),
provincial-level wetland inventory map was produced in this study. In particular, multi-year summer
Sentinel-1 and Sentinel-2 data were used to map a complex series of small and large, heterogeneous
wetlands on the Island of Newfoundland, Canada, covering an approximate area of 106,000 km2.
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Multiple classification scenarios, including those that were pixel- versus object-based, were considered
and the discrimination capacities of optical and SAR data composites were compared. The results
revealed the superiority of object-based classification relative to the pixel-based approach. Although
classification accuracy using the multi-year summer optical composite was found to be more accurate
than the multi-year summer SAR composite, the inclusion of both types of data (i.e., SAR and optical)
significantly improved the accuracies of wetland classification. An overall classification accuracy of
88.37% was achieved using an object-based RF classification with the multi-year (2016–2018) summer
optical/SAR composite, wherein wetland and non-wetland classes were distinguished with accuracies
beyond 70% and 90%, respectively.

This study further contributes to the development of Canadian wetland inventories, characterizes
the spatial distribution of wetland classes over a previously unmapped area with high spatial resolution,
and importantly, augments previous local-scale wetland map products. Given the relatively similar
ecological characteristics of wetlands across Canada, future work could extend this study by examining
the value of the presented approach for mapping areas containing wetlands with similar ecological
characteristics and potentially those with a greater diversity of wetland classes in other Canadian
provinces and elsewhere. Further extension of this study could also focus on exploring the efficiency
of a more diverse range of multi-temporal datasets (e.g., the 30 years Landsat dataset) to detect and
understand wetland dynamics and trends over time in the province of Newfoundland and Labrador.
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