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Abstract: This study designed an approach to derive land-cover in the South Africa with insufficient ground samples, and made a case
demonstration in Nzhelele and Levhuvu catchments, South Africa. The method was developed based on an integration of Landsat 8,
Sentinel-1, and Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM), and the Google Earth Engine (GEE) platform. Random forest classifier with 300 trees is employed as land-cover classification model. In order to overcome the defect of insufficient ground data, the stratified sampling method was used to generate the training and validation samples from the existing land-cover
product. Likewise, in order to recognize different land-cover categories, the percentile and monthly median composites were employed
to expand input metrics of random forest classifier. Results showed that the overall accuracy of the land-cover of Nzhelele and Levhuvu
catchments, South Africa in 2017–2018 reached to 76.43%. Three important results can be drawn from our research. 1) The participation
of Sentinel-1 data can slightly improve overall accuracy of land-cover while its contribution on land-cover classification varied with
land types. 2) Under-fitting problem was observed in the training of non-dominant land-cover categories using the random sampling, the
stratified sampling method is recommended to make sure the classification accuracy of non-dominant classes. 3) When related reflectance bands participated in the training process, individual Normalized Difference Vegetation index (NDVI), Enhanced Vegetation Index
(EVI), Soil Adjusted Vegetation Index (SAVI), Normalized Difference Built-up Index (NDBI) have little effect on final land-cover classification result.
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Introduction

Land-cover product offer valuable information on the
state of land surface, and it is requirement for the complex interactions between human activities, ecosystem,
hydrologic, and global change (Running et al., 2008;
Gong et al., 2013). As the development of satellite remote sensing and classification algorithms improved, a
series of different land-cover products with different
spatial resolutions were generated in the past decades,
such as the global land-cover from 1km Moderate
Resolution Imaging Spectroradiometer (MODIS) (Friedl
et al., 2002), the global land-cover from Medium Resolution Imaging Spectrometer (MERIS) fine resolution
(300 m) data (Arino et al., 2007), the Finer Resolution
(30 m) Observation and Monitoring of Global Landcover (FROM-CLC30) from Landsat Thematic Mapper
(TM) and Enhanced Thematic Mapper Plus (ETM+)
data (Gong et al., 2013), the 30 m Globaland30 from
Landsat TM, ETM+ and Huanjing-1 (HJ-1) (Chen et al.,
2015), and the Finer Resolution (10 m) Observation and
Monitoring of Global Land-cover (FROM-GLC10)
from 10m Sentinel-2 data (Gong et al., 2019).
Obtaining land-cover products from remote sensing is
highly depended on the development and selection of
classification algorithm and features extracted from the
satellite data. For instance, classification algorithms for
the simple statistical classifiers (e.g., the maximum likelihood classifier), classification trees (e.g., the classification and regression tree), and machine learning classifiers (e.g., random forest and support vector machines)
were widely used for single, multi-temporal and
multi-sources satellite imagery, respectively (Gong et
al., 2013). For the features selection, many spectral indicators were employed for special class information
extraction, such as Normalized Difference Vegetation
Index (NDVI) (Tucker, 1979), Enhanced Vegetation
Index (EVI) (Liu and Huete, 1995), and Soil Adjusted
Vegetation Index (SAVI) (Huete, 1988) for vegetation,
Normalized Difference Water Index (NDWI) (McFeeters, 1996) and Modified Normalized Difference Water
Index (MNDWI) (Xu, 2006) for open water surface,
Normalized Difference Built-up Index (NDBI) (Zha et
al., 2003) and Index-based Built-up Index (IBI) (Xu,
2008) for urban built-up areas, Normalized Burn Ratio
(NBR) (Miller and Thode, 2007) for burnt areas. The
combination of reflectance bands of sensors, spectral

indices, and classification algorithms provide an effective way for land-cover classification. For examples,
recently, the latest finer resolution observation and
monitoring of global land-cover with 10 m (FROMGLC10) product was generated by random forest classifier through using reflectance bands of Sentinel-2 and
series indicators (such as NDVI, MNDWI, NDBI and
NBR) (Gong et al., 2019).
With the emergence of new satellite sensors, the
resolution and data volume has been increased greatly.
Great demands on computing capacity are required to
deal with multi-source satellite data. In the past few
years, the development of cloud computing, such as
Google Earth Engine (GEE) (Gorelick et al., 2017) may
provide a feasible way to overcome these challenges.
GEE platform powered by Google’s cloud infrastructure
is designed as a planetary-scale platform for earth science data processing and analysis (Gorelick et al.,
2017). GEE provides abundant earth observation data
(such as MODIS, Landsat, and Sentinel satellite data). It
also freely provides a rich internet application programming interface and thousands of computers resources for users. GEE provides multi ‘reducers’ and
rich classifiers for land-cover classification (Zhang et
al., 2018; Gong et al., 2019; Singha et al., 2019; Tian et
al., 2019). Any user can easily access this huge data and
carry out data processing and analysis through simple
script programming. Currently, GEE is widely used in
special class and general class classification, such as
crop extent (Xiong et al., 2017), paddy rice (Dong et al.,
2016; Zhang et al., 2018), maize (Tian et al., 2019),
mangrove forest map (Chen et al., 2017), and land-cover
mapping (Gong et al., 2019).
However, some issues of land-cover classification are
not well addressed in the previous studies. In general,
land types including shrub, grassland, and cropland
mixed regions are poorly identified (Gong et al., 2013).
For examples, the user accuracy of grasslands and shrub
of the FROM-GLC 30 products was only 38.13% and
39.04%, and their producer accuracy was only 29.40%
and 34.00% for the random forest classifier (Gong et al.,
2013). The accuracy of shrub cover and grassland were
still very poor in Africa even though stacked auto encoder-based deep learning classifier was used, the user
accuracy of shrub cover and grassland were 57.85% and
45.42% and their producer accuracy were only 66.82%
and 38.48% (Li et al., 2016). Second, most land-cover
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products were developed based on optical data, while
the contribution of synthetic aperture radar (SAR) is few
explored in previous studies. Finally, although the features of the reflectance of sensor and indices can be explored by monthly, percentile composite approaches and
machine learning algorithm, the performance of the different indices in the land-cover classification are understudied. Finally, how to effectively collect ground samples are very important to the training of classifier and
validation of land-cover classification result, while it is
not easy to collect sample from the remote or undeveloped regions.
In this study, a synthesizing land-cover classification
method was developed to obtain land-cover of the
Nzhelele and Levuvhu catchments in South Africa with
insufficient ground samples. The study aims at answering
the following three questions in somehow: 1) is SAR data
capable of improving the performance of land-cover classification in shrubs, grassland, and sparse vegetation
mixed region; 2) which indices are sensitive to the
land-cover classification; and 3) samples sampling how to
impact the classification performance. We hope the proposed approach can provides an alternative land-cover
classification choice for ground samples scarce areas in
the world, and improve their ability to mitigate climate
change and promote sustainable development.

2

Materials and Methods

2.1 Study area
Nzhelele and Levhuvu catchments are located in Limpopo Province of South Africa (29.70°E–31.40°E,
22.29°S–23.30°S), covering an area of 10 092 km2 (Fig. 1).
The elevation decreases from 1701 m in the mountain-
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ous southwest areas to 188 m in the northeast part. The
precipitation is seasonal and generally occurs summer
month from October to March (Makungo et al., 2010).
According to Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) (Funk et al., 2015),
Mean Annual Precipitation (MAP) from 1981 to 2016
was 554 mm for the whole region and varies from 1455
mm in the southwest to 269 mm in north and northeast
part. MAP varies monthly, with more than 80% precipitation being dropped in the rainy season from October to
March, and less than 20% precipitation in the dry season
from April to September.
The land type of study site mainly includes forest,
shrub, grassland, cropland, and settlement. The landcover classification in this study is a big challenge due
to large proportion of tree cover and shrub cover. In the
last decades, land-cover types of this study site have
changed profoundly due to intensive human activities.
However, the change process is not well documented
due to the lack of land-cover product thereby hampering
comprehension of the coupled human and nature process.
2.2 Data and processing
2.2.1 Remote sensing data and processing
(1) Landsat 8 OLI data
In order to cover the whole rainy and dry season, a total
of 81 Landsat 8 Operational Land Imager (OLI) between October 2017 and September 2018 with atmospherically corrected surface reflectance were collected
in this study. The number of images with cloud cover
percentage of 0–20%, 20%–40%, 40%–60%,
60%–80%, and 80%–100% are 38, 7, 10, 15, and 11
respectively. The blue, green, red, Near Infrared (NIR),

Fig. 1 Geographical location of the Nzhele and Levhuvu catchments in South Africa
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Shortwave Infrared1 (SWIR1), and Shortwave Infrared
2 (SWIR2) bands were extracted and grouped as the
input features of classifier.
(2) Sentinel-1 GRD
SAR is sensitive to water, urban built, wetland, and
paddy that indicates the using of SAR images may improve the classification accuracy of land-cover. In this
study, a total of 133 Sentinel-1 Ground Range Detected
(GRD) scenes with 10 m resolution were acquired for
the period between October 2017 and September 2018.
Sentinel-1 GRD is the C-band synthetic aperture radar
data and it has Horizontal transmit/Horizontal receive
(HH), Horizontal transmit/Vertical receive (HV), Vertical transmit/ Vertical receive (VV), Vertical transmit/Horizontal receive (VH) and angle bands. Each
Sentinel-1 scene in GEE data catalog was pre-processed
with Sentinel-1 toolbox based on the following steps:
thermal noise removal, radiometric calibration, terrain
correction using DEM. The final terrain corrected values
are converted to decibels via log scaling (10 × log10x).
Detail is included on the website https://developers.
google.com/earth-engine/sentinel1. The savitzky-golay
filter (Savitzky and Golay, 1964) was employed to filter
the backscatter time series to minimize the influence of
environmental conditions and to remove noises existing
in the Sentinel-1 datasets due to speckle.
2.2.2 Topographic data
Elevation and slope can provide meaningful data for
land-cover identification. SRTM global data with 30m
spatial resolution was collected in this study. It was
generated by interferometric radar data from dual radar
antenna and can be easily access from GEE earth catalog through script programming. In this study, its elevation and derived variable (slope) was taken as features
of the classifier for land-cover identification.
2.2.3 Data for training and validation samples
On July 2018, only 129 samples were collected from a
field trip, which the categories and number of these
samples are insufficient to train the classifier and validate the classification result. To solve this issue of insufficient ground samples, some studies extracted samples
from the existing land-cover products. For example,
global forest change dataset (Hansen et al., 2013) and
global water surface dataset (Pekel et al., 2016) were
used in the identification of paddy (Zhang et al., 2018)
and maize (Tian et al., 2019). Under the inspiration of
the above research, this study used the similar way to

collect the training and validation samples. The steps of
samples extraction include:
More cropland samples were collected from the 30-m
Global Food Security-support Analysis Data (GFSAD)
cropland extent (Xiong et al., 2017). This product was
produced by automated cropland mapping using the
Google Earth Engine cloud computing with a weighted
over all accuracy of 94%. Samples of forest type were
extracted from the 30-m Hansen Global Forest Change
v1.6 (Hansen et al., 2013), this product is the result from
time-series analysis of Landsat images. Built-up areas
samples were extracted from the 38-m Global Human
Settlement Layers (GHSL), built-up grid 2015(Pesaresi
et al., 2016). This product was produced by Landsat 8
collection data from 2013 to 2014, census data, and
crowd sources or volunteered geographic information
sources. Samples of trees cover, shrubs cover, grassland,
cropland, vegetation aquatic, sparse vegetation, bare
areas, built-up areas, and open water were collected
from the S2 prototype LC that was generated by climate
change initiative land-cover team using the random forest and machine learning based on 1 year of Sentinel-2A
observations between December 2015 and December
2016. Samples of plantation were collected from the
artificial visual interpretation. Plantation is an important
man-made land-cover in study area, the identification of
it can assist in understanding the anthropogenic driving
forces. Based on the field trip experience on July 2018
and the knowledge of the local experts, this study used
the artificial visual interpretation to outline the approximate distribution of plantations.
In order to ensure the quality of training and validation samples, this study used the following rules to refine forest, cropland and built-up areas products: 1) forest: the pixels are tree cover in S2 prototype LC and its
forest coverage is above 40% in 30-m Hansen Global
Forest Change v1.6; 2) cropland: the pixels are identified as cropland in 30-m cropland extent map of continental Africa and S2 prototype LC; 3) built-up areas: the
pixels are identified as settlement in 38-m global human
settlement layers in 2015, and S2 prototype LC.
2.3 Methods
2.3.1 Land-cover classification
This study adopted the land-cover classification system
of European Space Agency (ESA) climate change initiative S2 prototype land-cover 20 map of Africa 2016
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(hereinafter referred to S2 prototype LC), and the detail
is included on the website http://2016africalandcover
20m.esrin.esa.int/. The categories of S2 prototype LC in
Nzhele and Levhuvu catchments include trees cover,
shrubs cover, vegetation aquatic, sparse vegetation, bare
areas, grassland, cropland, built-up areas, and water
surface. In July 2018, we organized a land-cover survey
in Nzhele and Levhuvu catchments and found that plantation is an important type of land-cover in study site.
Therefore, we added the plantation to S2 prototype LC
classification system and the updated classification system includes trees cover, shrubs cover, vegetation
aquatic, sparse vegetation, bare areas, grassland, cropland, built-up areas, and water surface.
Fig. 2 shows the classification flowchart. The input
features of the random forest include the reflectance of
Blue, Green, Red, Near Infrared (NIR), Shortwave Infrared 1 (SWIR1), Shortwave Infrared 2 (SWIR2) of
Landsat 8 OIL images and their corresponding spectral
indices of NDVI, EVI, SAVI, NDWI and NDBI, VV
and VH bands of Sentinel-1 GRD, and the elevation and
slope from SRTM. In order to ensure temporary and
spectral information of these bands and indices can be
adequately trained in the classifier, percentile compos-

Fig. 2
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ites for Landsat 8 OLI bands and indices and monthly
median composite for Sentinel-1 GRD were adopted in
this study. The training and validation samples were
extracted from S2 prototype LC, GHSL, Hansen Global
Forest Change (Hansen et al., 2013), GFSAD cropland
extent (Xiong et al., 2017) and plantation extent from
artificial visual interpretation by stratified sampling approach in GEE. A random forest classifier was employed to generate the land-cover product. Finally, the
confusion matrix was used to assess the accuracy of
land-cover classification result.
2.3.2 Spectral indices
Vegetation types in Nzhelele and Levhuvu are diverse,
covering the tree, sparse vegetation, shrub, and cropland. In order to improve the distinction of vegetation
classes, Normalized Difference Vegetation Index
(NDVI) (Tucker, 1979), Enhanced Vegetation Index
(EVI) (Huete et al., 2002), and Soil Adjusted Vegetation
Index (SAVI) (Huete, 1988) were used in the classifier.
These vegetation indices have been widely used for
charactering growth status of vegetation. For instance,
NDVI is sensitive to chlorophyll absorption and it is
widely used to identify vegetation. EVI is a useful
vegetation index to enhance the vegetation signal with

Overview of the methodology for land-cover mapping in Nzhelele and Levhuvu catchments, South Africa
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an improved sensitivity to soil brightness (Huete et al.,
1997). SAVI can highlight vegetation features in the
area with low vegetation cover (Xu, 2008) and work
well with vegetation cover as low as 15%. In addition,
Normalized Difference Water Index (NDWI) (McFeeters, 1996) and the Normalized Difference Built-up Index (NDBI) (Zha et al., 2003) are used to distinguish
water surface and built-up areas of study area. These
indices were defined in Eqs. (1)–(5).

 NIR   Red
 NIR +  Red

NDVI =

EVI 

(1)

2.5    NIR   Red 

 NIR + 6   Red  7.5   Blue + 1

SAVI =

  NIR  Red  1+ L 
 NIR +  Red + L

(2)

(3)

NDWI 

Green   NIR
Green   NIR

(4)

NDBI 

 MIR   NIR
 MIR   NIR

(5)

where ρNIR, ρRed, ρBlue, ρGreen, ρMIR are surface reflectance
acquired in the near-infrared, red, blue, green, and
shortwave. L is the correction factor and is set to 0.5 in
this study.
2.3.3 Features composite approaches
It was difficult to composite 30-m resolution cloud free
Landsat 8 images for each month as the quality of optical data is seriously affected by the cloud, especially for

the rainy season from October to March in the next year.
There were about 36% of the Landsat 8 images with
cloud cover percentage higher than 40%. In this work,
the percentile approach and monthly median composite
were employed to conduct metric composites. The percentile approach in GEE can fully capture the spectrum
of Landsat 8 and nature vegetation phonological information and widely used in the crop type mapping
(Zhang et al., 2018, Tian et al., 2019) and the land-cover
classification (Gong et al., 2019). For each input optical
feature collection, percentile approach will construct the
histogram of feature collection and then calculate the
specified percentiles of the feature distribution. Take the
reflectance of the blue band collection as one example,
five metrics named ‘Blue_p5’, ‘Blue_p25’, ‘Blue_p50’,
‘Blue_p75’, and‘Blue_p95’ would be generated when
given 5, 25, 50, 75, and 95 in percentile composite. In
this study, percentiles’ percentage parameter are set to 5,
25, 50, 75 and 95 in percentile approaches, and then
computed for all selected six reflectance bands collection and five indices collection of Landsat 8 OLI. A total
of 55 metrics were finally generated from selected reflectance and spectral indices of Landsat 8 in GEE. This
study grouped all processed Sentinel-1 GRD images
between October 2017 and September 2018 into
monthly images, and using the median composite to
generate 24 metrics with 10 m resolution by monthly
median composites, including 12 VH and 12 VV metrics, respectively. A total of 79 metrics generated by
percentile and monthly median composites are showing
in Table 1.

Table 1 Metrics generated by percentile approach and monthly median composites
Feature collection

Name of metrics

Composite method

Blue

Blue_p5, Blue_p25, Blue_p50, Blue_p75, Blue_p95

Percentile composite

Green

Green_p5, Green_p25, Green_p50, Green_p75, Green_p95

Red

Red_p5, Red_p25, Red_p50, Red_p75, Red_p95

NIR

NIR_p5, NIR_p25, NIR_p50, NIR_p75, NIR_p95

SWIR1

SWIR1_p5, SWIR1_p25, SWIR1_p50, SWIR1_p75, SWIR1_p95

SWIR2

SWIR2_p5, SWIR2_p25, SWIR2_p50, SWIR2_p75, SWIR2_p95

NDVI

NDVI_p5, NDVI_p25, NDVI_p50, NDVI_p75, NDVI_p95

EVI

EVI_p5, EVI_p25, EVI_p50, EVI_p75, EVI_p95

SAVI

SAVI_p5, SAVI_p25, SAVI_p50, SAVI_p75, SAVI_p95

NDWI

NDWI_p5, NDWI_p25, NDWI_p50, NDWI_p75, NDWI_p95

NDBI

NDBI_p5, NDBI_p25, NDBI_p50, NDBI_p75, NDBI_p95

VV

VVMON10,VVMON11,VVMON12,VVMON1,VVMON2,VVMON3,VVMON4,VVMON5,VVMON6,VVM
ON7,VVMON8,VVMON9
VHMON10,VHMON11,VHMON12,VHMON1,VHMON2,VHMON3,VHMON4,VHMON5,VHMON6,VHM
ON7,VHMON8,VHMON9

VH

Monthly median composite
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2.3.4 Training and validation samples generation
methods
The result of land-cover classification is sensitive to the
number and distribution of samples. The missing or imbalance of training samples has the negative impact on
the parameter of classifier. The stratified sampling
method in GEE can extract the same quantity samples
for each class and can avoid over-fitting or under-fitting phenomena. Based on this method, a total of
19 249 training samples and 8154 validation samples
were generated by stratified sampling approach in GEE
(Fig. 3).
2.3.5 Classifier: random forest
The random forest classifier uses tree bagging to form
an ensemble of trees by searching random subspaces in
the given features, then splitting the nodes by minimizing the correlation between the trees (Breiman, 2001).
Random forest classifier has been widely used in
land-cover mapping (Yu et al., 2014; Wang et al., 2015;
Gong et al., 2019) and crop type identification (Zhang et
al., 2018; Singha et al., 2019; Tian et al., 2019). Studies
indicated that random forest has its merit for robustness,
high efficiency and high accuracy outcome in processing high dimensional data (Breiman, 2001), so that random forest classifier was employed to conduct
land-cover classification. The number of trees and
minimum leaf population of classifier were set as 300
and 5, respectively. In this study, a total of 81 metrics
was used in training of random forest, including 79 metrics listed in Table 1, and 2 terrain metrics (elevation
and slope) from SRTM.
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2.3.6 Accuracy assessment
Confusion matrix is used for accuracy assessment of
each land-cover type. The indicators of User Accuracies
(UA), Producer Accuracies (PA), and the Overall Accuracy (OA) are calculated as follows:

UA =

PA =

OA =

X ij
Xj
X ij
Xi

 100%

(6)

 100%

(7)

sd
 100%
n

(8)

where Sd represents the total number of correctly classified pixels, n represents the total number of validation
pixels, and Xij represents an observation in row i and
column j in the confusion matrix; Xi represents the marginal total of row i, and Xj represents the marginal total
of column j in the confusion table.

3 Results
3.1 Land-cover classification result
The land-cover map in 2017–2018 based on classification approaches was shown in Fig. 4. Further analysis
shows that the fraction of trees cover, shrubs cover,
grassland, cropland, vegetation aquatic, sparse vegetation, bare areas, built-up areas, open water, and plantation cover are 16.47%, 35.55%, 15.63%, 13.07%,
0.11%, 12.50%, 1.42%, 4.06%, 0.48%, and 1.25%, respectively. The distribution of cropland, built-up areas,

Fig. 3 Training and validation samples generated by stratified sampling method
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Fig. 4 Land-cover map of Nzhelele and Levhuvu catchments, South Africa in 2017–2018

plantation, and open water surface accounts for 18.86%
of catchments, which indicated that land-cover in these
catchments were changed somehow by human activities.
The southern part of the river catchments has more
dense and green vegetation (tree cover and plantations),
as opposed to the northern parts with mostly shrubs,
sparse vegetation and grasslands. Similarly cropland is
more noticeable in the southern parts as opposed to the
northern parts. The built-up areas pattern is also more
concentrated in the southern part of the catchments as
opposed to the north.
3.2 Accuracy assessment result
A total of 8154 validation samples generated by GEE,
including 890 samples of tree cover, 861 samples of
shrub cover, 892 samples of grassland, 896 samples of
cropland, 191 samples of vegetation aquatic, 901 samples of sparse vegetation, 877 samples of bare areas, 871
samples of built-up areas, 868 samples of water surface,
and 907 samples of plantation.
The overall accuracy of land-cover map was 76.43%
(Table 2). Among the classes, plantation has the highest
accuracies of classification (97.68% for the PA and
95.47% for the UA), following by water surface, tree
cover, built-up areas, bare areas, and sparse vegetation
with user accuracy of 89.63%, 82.32%, 77.95%, 77.87%
and 77.70%. The land types of grassland, cropland,
shrub cover, and vegetation aquatic were poorly classified. Among them, the PA of grassland, vegetation
aquatic, cropland and shrub cover were 44.39%, 57.07%,

61.38%, and 66.67%, respectively.
According to the confusion matrix in Table 2, the
proportions of misclassification can be derived for each
land-cover type. For instance, 20.18% grassland samples (180 samples out of 892 total samples) were classified as shrub cover and 13.19% (123 samples out of 892
total samples) were classified as cropland. In this study,
cropland was mixed with tree cover, shrub cover, and
grassland, 10.16% (91 samples out of 896 total samples), 6.58% (59 samples out of 896 total samples) and
7.81% (70 samples out of 896 total samples) of cropland
samples were wrong classified as tree cover, shrub
cover, and grassland. A certain percentage of samples
for all land-cover classes except plantation were misclassified as grassland, ranging from 1.50% for water
surface to 13.01% for shrub cover. Total of 20.18%,
9.77% and 6.58% of grassland, sparse vegetation, and
cropland samples were incorrectly classified as shrub
cover. The 13.79% of grassland samples were misclassified as cropland.

4 Discussion
4.1 Classification results comparison with existing
products
The Overall Accuracy (OA) of land-cover in the study is
76.43% that is acceptable compared with the existing global
products, e.g., FROM-GLC30, FROM-GL10, GlobeLand30
and African continental level land-cover produced by
Stacked Autoencoder (SAE) approach (Li et al., 2016).
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Table 2 Confusion table for the land-cover map of Nzhelele and Levhuvu catchments in South Africa with random forest
Land-cover

TC

SC

GR

CR

VA

SV

BA

BU

WS

PL

Sum

PA (%)

TC

810

0

19

26

0

1

0

2

0

32

890

91.01

SC

1

574

112

51

0

81

7

35

0

0

861

66.67

GR

46

180

396

123

1

43

44

51

4

4

892

44.39

CR

91

59

70

550

1

56

34

29

0

6

896

61.38

VA

1

0

10

3

109

0

16

9

43

0

191

57.07

SV

6

88

41

46

0

683

16

21

0

0

901

75.80

BA

0

2

14

5

10

0

760

50

36

0

877

86.66

BU

0

29

16

35

2

15

52

721

1

0

871

82.78

WS

12

9

13

18

19

0

47

7

743

0

868

85.60

PL

17

0

0

0

2

0

0

0

2

886

907

97.68

Sum

984

941

691

857

144

879

976

925

829

928

8154

UA (%)

82.32

61.00

57.31

64.18

75.69

77.70

77.87

77.95

89.63

95.47

76.43

Notes: TC = Tree cover, SC = Shrub cover, GR = Grassland, CR = Cropland, VA = Vegetation aquatic, SV = Sparse vegetation, BA = Bare areas, BU = Built-up
areas, WS = Water surface, PL = Plantation. PA is producer accuracy; UA is user accuracy

The OA of FROM-GLC30 largely changes with the
classifier used in the product. In specific, the accuracy
of FROM-GLC30 is 64.89% for the support vector machines, 59.83% for the random forest classifier, 57.88%
for J48 decision tree classifier, and 53.88% for maximum likelihood classification (Gong et al., 2013). The
OA of FROM-GL10 is 72.76% for random forest classifier (Gong et al., 2019), and the OA of GlobeLand30 in
2010 is 80.33% based on the integration of pixel- and
object-based methods with knowledge (Chen et al.,
2015). At the African continental, land-cover produced
by Li et al. (2016) indicated that the OA of the
land-cover with 30 m Landsat imagery in 2014 is
76.03% for random forest classifier, 77.74% for support
vector machines, 77.86% for artificial neural networks,
and 78.99% with stacked auto-encoder. The OA of our
result is 76.43% (Table 2) that is higher than FROMGLC30 (maximum OA of 64.89%), FROM-GLC10 (OA
of 72.76%), close to African continental level landcover (OA of 76.03%) of Li et al. (2016), while is lower
than GlobeLand30 (OA of 80.33%). The accuracy of
land-cover product is greatly varied at country level, and
South Africa is the one of worst classified country in the
land-cover of FROM-GLC30 with the OA below 50%
(Gong et al., 2013). Nzhelele and Levhuvu catchments
is one part of South Africa, the OA of land-cover based
on our synthesizing approach reached to 76.43%, and it
is evident that the synthesizing approach in this study is
acceptable and can be used for land-cover mapping.

Shrub cover and grassland were poorly classified
compared to other categories of Nzhelele and Levhuvu
catchments, and the PA and UA of shrubs and grassland
are 66.67% and 61.00%, 44.39% and 57.13% (Table 3).
However, compared to FROM-GLC30, SAE African
land-cover, FROM-GLC10, and GlobeLand30, the accuracy of them is also comparable and acceptable.
Taken shrub cover as example, the PA of shrub cover in
Nzhelele and Levhuvu catchments was better than
FROM-GLC30, FROM-GLC10, only slightly lower
than FROM-GLC10 (Table 3), the UA of it was better
than FROM-GLC30, SAE African land-cover, while
lower than FROM-GLC10 and GlobeLand30. Taken
grassland as example, the PA of grassland was better
than FROM-GLC30, SAE African land-cover, and
lower than FROM-GLC10, the UA of it was better than
FROM-GLC30, while lower than SAE African
land-cover, FROM-GLC10, and GlobeLand30.
4.2 Role of Sentinel-1 in land-cover classification
To evaluate the contribution of Sentinel-1 on land
type classification, we tested the classification without using Sentinel-1. The result of test is shown in
Table 4. The overall accuracy of land-cover classification was 76.07%, which was slightly lower than the
result including Sentinel-1 (76.43%, Table 2). This
indicates that integration of sentinel-1 data into the
classifier slightly improve accuracy of land-cover
classification.
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Table 3 Accuracy comparison our result with Finer Resolution (30 m) Observation and Monitoring of Global Land-cover
(FROM-GLC30), Stacked Autoencoder (SAE) African land-cover, Finer Resolution (10 m) Observation and Monitoring of Global
Land-cover (FROM-GLC10), and GlobaLand30
Land-cover product

Shrub cover

Grassland

Producer accuracy (%) User accuracy (%)

Producer accuracy (%) User accuracy (%)

Overall accuracy (%)

FROM-GLC30 (Gong et al., 2013)

64.89

49.65

33.94

44.13

34.88

SAE African land-cover (Li et al., 2016)

76.03

66.82

57.85

38.48

45.42

FROM-GLC10 (Gong et al., 2019)

72.76

62.75

64.49

58.51

50.77

GlobeLand30 (Chen et al., 2015)

80.33

Result of this study

76.43

Table 4

–

72.64

66.67

–

61.00

72.16

57.13

44.39

Accuracy assessment for the land-cover map of Nzhelele and Levhuvu catchments without Sentinel-1

RF

TC

SC

GR

CR

VA

SV

BA

BU

WS

PL

Sum

PA (%)

TC

812

0

14

27

0

2

0

2

0

33

890

91.24

SC

1

587

103

38

1

87

10

34

0

0

861

68.18

GR

48

198

388

115

3

43

38

51

5

3

892

43.50

CR

94

81

64

500

1

69

30

51

0

6

896

55.80

VA

2

1

10

3

108

0

15

10

42

0

191

56.54

SV

6

89

35

45

0

691

16

19

0

0

901

76.69

BA

0

5

9

10

10

0

769

39

35

0

877

87.69

BU

1

23

17

39

1

14

49

726

1

0

871

83.35

WS

12

14

17

10

21

1

47

10

735

1

868

84.68

PL

16

0

0

0

3

0

0

0

1

887

907

97.79

Sum

992

998

657

787

148

907

974

942

819

930

8154

UA (%)

81.85

58.82

59.06

63.53

72.97

76.19

78.95

77.07

89.74

95.38

76.07

Note: the meaning of the abbreviation is as same as in Table 2

The influence of Sentinel-1 on land-cover classification is varied to specific land-cover type. According to
the Table 2 and Table 4, the user and producer accuracy
difference for each land-cover type with or without Sentinel-1 was shown in Fig. 5. In our study, the accuracy
of cropland and vegetation aquatic with Sentinel-1 improved significantly, their PA and UA was improved by
5.58% and 0.52%, 0.64% and 2.67%, respectively compared to that without Sentinel-1. While the accuracy of
bare areas with Sentinel-1 was slightly lower than the
result without using Sentinel-1, the UA and PA of it with
Sentinel-1 decreased by 1.03% and 1.08%. Using Sentinel-1 data also improved the UA of tree cover, shrub
cover, sparse vegetation, built-up areas and plantation
by 0.46%, 2.18%, 1.52%, 0.88%, and 0.10%, while reduced their PA by 0.22%, 1.51%, 0.89%, 0.57%, and
0.11%, respectively. Considering the accuracy change of

UA and PA for different categories, the integration of
Sentinel-1 data into the classifier should be carefully
assessed for specific land-cover types.

Fig. 5 Accuracy difference between land-cover with and without Sentinel-1. (The meaning of the abbreviation is shown in
Table 2)
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is unclear. To highlight the advantage of stratified sampling method used in the model, accuracy of land type
classification was evaluated by using the same number
of samples in training and validation generated by the
random sampling method (Table 5).
Table 5 shows that the OA of land-cover from random sampling reached to 81.77%, which is generally
higher than the result using the stratified sampling
method (Table 2). The UA and PA of tree cover, shrub,
water surface, and plantation from the random sampling
were above 80%. In particular, the UA and PA of shrub
cover from random sampling were significantly higher
28.78% and 24.71% than that from stratified sampling
method. The UA and PA of tree cover from random
sampling were also higher 1.1% and 6.98% than that
from stratified sampling method.
However, the under-fitting problems were observed
in the non-dominant land-cover types from random
sampling method. In this study, UA of grassland, croplands, vegetation aquatic, sparse vegetation, bare areas,
and built-up areas from the random sampling in Table 5
were much lower than that from stratified sampling
method in Table 2. In particular, the PA of cropland,
vegetation aquatic, sparse vegetation, bare areas, and
built-up areas from random sampling sharply decreased
to 0 (Table 5). The extreme imbalance of samples for
different land types was the possible reason for worse
classified of non-dominant land types. Compared with
stratified sampling method, random sampling generates

4.3 Role of spectral indices
In order to enhancing the distinguishing of different
land-cover types, NDVI, EVI, SAVI, NDBI, and NDWI
were integrated into random forest classifier, how is the
impact of them on land-cover classification? This study
tested the land-cover accuracy without NDVI, EVI,
SAVI, NDBI, and NDWI, respectively. The result shows
that overall accuracy of classification without NDVI,
EVI, and SAVI were 76.39%, 76.55%, and 76.54%, respectively that was close to the results (Table 2) using
the all spectral indices. Similar result was observed in
the classification of built-up areas, the accuracy of
built-up areas has little change. The possible reason for
little change of accuracy was that the above indices
were calculated using bands of Landsat 8 OLI while
these bands participated in the training process (Fig. 2).
The participation of NDWI has positive effect on the
accuracy of water surface identification that the PA and
UA of water surface increased from 85.14% and 89.25%
to 85.60% and 89.63% using NDWI.
4.4 Accuracy difference of different sampling
method
The accuracy of land-cover classification is sensitive to
the number and distribution of land-cover samples
(Gong et al., 2019). In this work, the stratified sampling
method was employed to generate the roughly equal
samples for each category. Whether this stratified sampling method is beneficial for land-cover classification
Table 5
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RF

TC

SC

GR

CR

VA

SV

BA

BU

WS

PL

Sum

PA (%)

TC

642

15

39

2

0

0

0

0

0

10

708

90.68

SC

10

3601

126

4

0

0

0

0

0

0

3741

96.26

GR

47

498

307

11

0

0

0

0

2

2

867

35.41

CR

33

95

52

30

0

0

0

0

0

2

212

14.15

VA

0

0

1

0

0

0

0

0

0

0

1

0.00

SV

0

59

2

0

0

1

0

0

0

0

62

1.61

BA

0

1

2

0

0

0

0

0

0

0

3

0.00

BU

0

9

6

0

0

0

0

0

0

0

15

0.00

WS

0

1

2

0

0

0

0

0

25

0

28

89.29

PL

9

0

1

0

0

0

0

0

0

62

72

86.11

Sum

741

4279

538

47

0

0

0

0

27

76

5709

UA (%)

86.64

84.16

57.06

63.83

–

100.00

–

0.00

92.59

81.58

Note: the meaning of the abbreviation is as the same as in Table 2

81.77
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samples according to the proportion of land types in
existing product. This leads to most of samples concentrate in the dominant land-cover types while the samples
are insufficient of non-dominant land-cover types, and
causes the under-fitting of them.

5 Conclusions
This paper designed a feasible land-cover classification
method for the areas with insufficient ground samples.
Based on the Google Earth Engine platform, this
method take Landsat 8 OLI, Sentinel-1 GRD and terrain
data as data source, use random forest classifier to classify land-cover. Two new strategies were used in this
approach, one is using percentile and monthly median
composites to expand input metrics of classifier, and
another is using stratified sampling method to generate
the training and validation samples from the existing
land-cover product that overcome the defect of insufficient ground data.
Based on this method, the 30-m land-cover with 10
classes of Nzhelele and Levhuvu catchments, South Africa in 2017–2018 was classified, and the overall accuracy of the land-cover reached to 76.43%. The plantation, water surface, tree cover, bare areas, built-up areas,
and sparse vegetation were classified well with their
user accuracy and producer accuracy was above 75%.
The result in this study is comparable and acceptable to
the existing land-cover products and can be used for
land-cover mapping in the area with insufficient ground
samples.
Further evaluation confirmed that Sentinel-1 has the
positive impact on the overall accuracy of land-cover
classification, and can slightly improve the overall accuracy of land-cover. However, its contribution on
land-cover classification varied with land types that
mean it should be carefully assessed the performance for
specific land type when using Sentinel-1 data into classification process. In addition, the results highlights the
importance of sampling method on the influence on
land-cover classification, the unfitting problem would
be happened in the classification of non-dominant categories when using random sampling method. In order to
ensure the classification accuracy of non-dominant land
types, stratified sampling method is recommended in the
land-cover classification. When related reflectance
bands participated in the training process, individual

vegetation indices has little effect on final land-cover
classification result.
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