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A B S T R A C T   

Accurate information about the location, extent, and type of Land Cover (LC) is essential for various applications. 
The only recent available country-wide LC map of Iran was generated in 2016 by the Iranian Space Agency (ISA) 
using Moderate Resolution Imaging Spectroradiometer (MODIS) images with a considerably low accuracy. 
Therefore, the production of an up-to-date and accurate Iran-wide LC map using the most recent remote sensing, 
machine learning, and big data processing algorithms is required. Moreover, it is important to develop an effi-
cient method for automatic LC generation for various time periods without the need to collect additional ground 
truth data from this immense country. Therefore, this study was conducted to fulfill two objectives. First, an 
improved Iranian LC map with 13 LC classes and a spatial resolution of 10 m was produced using multi-temporal 
synergy of Sentinel-1 and Sentinel-2 satellite datasets applied to an object-based Random forest (RF) algorithm. 
For this purpose, 2,869 Sentinel-1 and 11,994 Sentinel-2 scenes acquired in 2017 were processed and classified 
within the Google Earth Engine (GEE) cloud computing platform allowing big geospatial data analysis. The 
Overall Accuracy (OA) and Kappa Coefficient (KC) of the final Iran-wide LC map for 2017 was 95.6% and 0.95, 
respectively, indicating the considerable potential of the proposed big data processing method. Second, an 
efficient automatic method was developed based on Sentinel-2 images to migrate ground truth samples from a 
reference year to automatically generate an LC map for any target year. The OA and KC for the LC map produced 
for the target year 2019 were 91.35% and 0.91, respectively, demonstrating the efficiency of the proposed 
method for automatic LC mapping. Based on the obtained accuracies, this method can potentially be applied to 
other regions of interest for LC mapping without the need for ground truth data from the target year.   

1. Introduction 

The Earth’s surface characteristics are determined by the dominant 
Land Cover (LC) types. Water, soil, vegetation, and impervious surfaces 
are common LC types on the Earth (Gomez et al. 2016). The distribution 
of these LC types determines the habitats of various types of flora and 
fauna. Moreover, LC types define the physical interaction of the terrain 
and the atmosphere and, thus, are important for climate studies (Mason 
et al. 2003). Therefore, obtaining reliable and accurate information 
about the location, type, and extent of LC types are essential for different 

applications, such as natural resource management (Sterling et al. 2013; 
Chen et al. 2015), climate change studies (McAlpine et al. 2009; Yang 
et al. 2013), as well as biodiversity and environmental studies (Gillespie 
et al. 2008; Dronova et al. 2015). 

Remote sensing data, including satellite imagery, provide informa-
tion from the Earth’s surface that is used to classify LC types (Wulder 
et al., 2018; Ghorbanian and Mohammadzadeh 2018; Crowley et al. 
2019). Remote sensing observations can cover local, regional, or con-
tinental areas, making remote sensing an efficient approach for LC 
mapping at various scales. Moreover, monitoring natural resources and 
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LC types is possible using multi-temporal remote sensing datasets and 
fusing multiple sources of remote sensing datasets can improve the re-
sults (Anchange et al. 2020). Despite the advantages of using multi- 
temporal and multi-source remote sensing data, utilizing this informa-
tion to map large areas poses challenges such as high computational 
complexity (Hasanlu and Seydi 2018; Shaharum et al. 2019). However, 
cloud-based platforms, such as Google Earth Engine (GEE), effectively 
address the corresponding drawbacks. 

GEE is a big geo data processing platform developed for planetary- 
scale geospatial analysis (Gorelick et al. 2017). The existing capabil-
ities within GEE, such as a consolidated library of free satellite images, 
have opened the door to continually monitor the Earth’s surface through 
reasonable spatial and temporal resolutions (Zurqani et al. 2018). GEE 
provides rapid and easy prototyping, analysis, and visualization of large- 
scale geospatial data through parallel processing with its web-based 
integrated development environment. The large repository of open- 
source satellite images, weather and climate parameters, as well as 
topographic and environmental datasets are examples of the advantages 
of GEE, which have made it the most commonly-used cloud-based 
platform by various scholars for big geospatial data analysis (Kumar and 
Mutanga 2018). 

GEE has been extensively employed in various applications for big 
data processing, such as forest degradation (Bullock et al. 2018; Perbert 
et al. 2019), river ice monitoring (Beaton et al. 2019), wildfire severity 
mapping (Collins et al. 2018), cropland classification (Teluguntla et al. 
2018; Poortinga et al. 2019), river discharge estimation (Huang et al. 
2018), burned area mapping (Crowley et al. 2019), tidal flat mapping 
(Zhang et al. 2019), urban land mapping (Patel et al. 2015; Zhang et al. 
2015; Liu et al. 2018), flood mapping (Coltin et al. 2016), wetland 
classification (Amani et al. 2019a), and other types of mapping appli-
cations (Miettinen et al. 2016; Azzari et al. 2017; Huang et al. 2017; 
Xiong et al. 2017; Zurqani et al. 2018; Shrestha et al. 2019). For 
example, Miettinen et al. (2016) fused optical and Synthetic Aperture 
Radar (SAR) datasets to produce a LC map of Southeast Asia, including 
11 countries and 13 different LC classes. For this purpose, they imple-
mented an automated classification procedure along with an Iterative 
Self-Organizing DATA (ISODATA) clustering algorithm within the GEE 
platform and obtained Overall Accuracies (OAs) of 82% and 86% for two 
separate regions. Later, Xiong et al. (2017) used the Quantitative 
Spectral Matching Techniques (QSMTs) along with the time-series 
Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized 
Difference Vegetation Index (NDVI) datasets to generate a cropland map 
of Africa. They used field campaign and other published literature to 
generate their reference sample dataset and addressed the issue of data 
quality due to differences in the data collection schemes. Moreover, 
Huang et al. (2017) applied GEE to generate a LC map of Beijing, China. 
They applied the Random Forest (RF) algorithm and Landsat-8 images 
and obtained an OA and Kappa Coefficient (KC) of 86.6% and 0.82, 
respectively. Additionally, Koskinen et al. (2019) employed a combi-
nation of optical, SAR, and topographic data for forest mapping in the 
southern highlands of Tanzania. They incorporated Landsat-8, Sentinel- 
1, Sentinel-2, and the Shuttle Radar Topography Mission (SRTM) 
elevation datasets and obtained an OA of 85%. Finally, Amani et al. 
(2019b) employed 29,456 Landsat-8 images within GEE to produce the 
first Canadian Wetland Inventory (CWI) map. They identified the lack of 
accurate segmentation algorithms within GEE and insufficient ground 
truth samples as limitations in their study. 

Collecting reference samples is a prerequisite to perform accurate 
supervised classifications. Insufficient and unrepresentative reference 
samples were recognized as the main source of error in the supervised 
classifications (Li et al. 2014; Amani et al., 2019a). Although LC map-
ping methodologies have substantially progressed, the lack of accurate 
and appropriate number of reference samples remains a challenge 
(Friedl et al. 2010; Mahdavi et al. 2019). Frequent (e.g., yearly) and 
consistent collection of reference samples are costly and not practical. 
This fact is more serious when LC map is required over a large area (e.g., 

a country). This limitation is one of the main obstacles for automatically 
updating LC maps (Zhang and Roy 2017). One of the solutions which 
have been recently proposed is migrating reference samples from a 
specific time to another time. For instance, Huang et al. (2020) 
employed magnitude and direction criteria to migrate reference samples 
available through the First All Season Sample Sets (FAST, Li et al. 2017). 
The FAST datasets were generated from the FROM-GLC LC map (Gong 
et al. 2013). In fact, Landsat-5, Landsat-7, and Landsat-8 satellite images 
were used to transfer reference samples to 1990, 1995, 2000, 2005, and 
2010. In another study, training samples were also automatically 
collected from outdated LC information from the Global Land Cover 
(GLC) and Corine Land Cover (CLC) maps (Radoux et al. 2014). To this 
end, a Multiclass Border Reduction Filter (MURF) along with a chi- 
square test on Mahalanobis distance were used to increase the quality 
of the training samples. Then, a 5-year composite of 300 m Envisat 
MEdium Resolution Imaging Spectrometer (MERIS) data acquired be-
tween 2008 and 2012 was produced using a mean function to generate 
an updated LC map. The results revealed an improvement of about 2.4% 
and 5.8% for two separate regions compared to those obtained using 
ground truth datasets alone (OA ¼ 65.2%). Moreover, Zhang and Roy 
(2017) introduced an automatic training sample collection from 500 m 
MODIS land products. In that study, only those pixels that did not 
change over three successive years from 2009 to 2011 were considered 
to collect high-quality training samples. Then, a spatial constraint was 
applied to remove heterogeneous training samples in 30 m Landsat data. 
Finally, the RF algorithm was used to generate a 30 m LC map from 
Landsat-5 and Landsat-7 imagery. The results suggested the potential of 
the proposed method for automatic LC mapping and training sample 
migration. The high computational capabilities of GEE and the avail-
ability of the achieved open-access satellite within this cloud computing 
platform provide great opportunity for reference sample migration 
(Huang et al. 2020). Therefore, GEE can be effectively applied to resolve 
the lack of reference samples and, thus, to produce automatic LC maps 
over time. 

Like other parts of the world, satellite images have been utilized to 
produce LC maps in Iran. To this end, various types of satellite images 
and algorithms have been employed to map relatively small areas. For 
instance, Eisavi et al. (2015) employed the RF algorithm to spectral and 
thermal datasets to generate a LC map of Naghadeh, Western 
Azerbaijan, Iran that included 13 classes. They reported that incorpo-
rating multi-temporal thermal data considerably increased the accuracy 
of identifying classes that experience rapid temporal change. Addition-
ally, a LC map of the Gorganrood watershed, located in northeast Iran, 
was produced using both pixel-based and object-based classification 
methods and Landsat images over four different years and had an OA of 
95.0% (Minaei and Kainz 2016). Various machine learning algorithms, 
such as Maximum Likelihood (ML), Neural Network (NN), and rule- 
based algorithms were used to classify the images to achieve higher 
classification accuracies. Similarly, a hierarchical hybrid classification 
algorithm was applied to Landsat images in Rahdari et al. (2018) to 
produce LC maps of the Pelasjan sub-basin, Isfahan, Iran. The algorithm 
was composed of a three-step structure which allowed for progressive 
discrimination of the identified classes. This method is advantageous 
because it resolves the issue of similarity between existing classes, and, 
thus, an acceptable accuracy is obtained. Choubin et al. (2017) also used 
the fuzzy c-means approach and remote sensing indices to produce a LC 
map of the Karkheh watershed in western Iran using MODIS images. 
Several remote sensing indices were generated from the MODIS images 
from 2000 to 2015 for this purpose. Finally, Zakeri et al. (2017) clas-
sified the LC of Tehran, Iran using a combination of optical and SAR data 
acquired by Landsat-8, Sentinel-1, and ALOS-2. They reported that the 
use of ALOS-2 along with Gray-Level Co-occurrence Matrix (GLCM) 
texture features led to a high classification accuracy. 

The above studies conducted in Iran to produce LC maps were un-
dertaken over relatively small areas. Additionally, the other country- 
wide LC products have several limitations, such as low accuracy and 
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low spatial resolution. For instance, the GlobeLand-30 product, which is 
a global LC map, can be used for country-wide LC mapping applications. 
However, the latest version of this product was released in 2010, making 
it impractical to be used for recent LC mapping tasks. Moreover, this 
product has relatively low accuracy (OA ¼ 77.9%) (Arsanjani et al. 
2016). The only recent available Iran-wide LC map, which is commonly 
used in Iran, was produced in 2016 by the Iranian Space Agency (ISA) 
using low-resolution MODIS images with a spatial resolution of 500 m. 
The low accuracy of this map limits its employment for various appli-
cations in the country. Therefore, it is essential to produce an improved 
country-wide LC map of Iran using advanced remote sensing methods 
and high-resolution satellite datasets. Moreover, it is important to 
develop an automatic method for updating LC maps over different time 
intervals without the need to collect ground truth data each time. As 
mentioned above, various efforts have been undertaken to employ 
spectral, spatial, and temporal filters to generate migrated training 
samples from LC maps. However, it cannot be denied that the quality of 
training samples is directly impacted by the classification errors 
inherent in the LC maps used by existing methods for automatic LC 
classifications. Therefore, addressing this challenge is necessary to 
ensure the migration of training samples with higher quality. Therefore, 
this study had two main objectives:  

(1) Sentinel-1 and Sentinel-2 time-series datasets were initially 
combined within the GEE platform to produce an improved Ira-
nian LC map with a 10 m spatial resolution and a high level of 
accuracy. To this end, 13 different LC classes were considered to 
produce an object-based LC map of Iran from 2017. Visual 
interpretation and statistical assessments were also carried out to 
evaluate the classification result.  

(2) A novel and efficient automatic workflow was proposed based on 
Sentinel-2 images to migrate reference samples collected from 
2017 to a subsequent year (i.e., 2019) to produce up-to-date LC 
maps for any desired year. Finally, the LC map produced for 2019 
was assessed to investigate the potential of the proposed auto-
matic workflow. 

2. Study area and datasets 

In this section, the study area is first introduced. Then, the field data 

collection and preparation are discussed. Finally, the information about 
the satellite datasets is provided. 

2.1. Study area 

The study area is Iran (Fig. 1), which is located in the northeastern 
part of Asia between latitudes 24 � 40� N and longitudes 44 � 64� E. 
With an area of around 1.7 million km2, Iran is the seventeenth largest 
country in the world. Iran consists of mountainous rims surrounding 
high interior basins. Moreover, Iran’s geographical characteristics and 
massive latitudinal range cause the climate to vary from arid to sub-
tropical across the country (Haftlan and Lang 2003; Alizadeh-Choobari 
and Najafi 2018). The eastern part of the country is covered by deserts 
while the northern part is covered by the Alborz mountain chain, dense 
forests, and the Caspian Sea. Another principal mountain chain in Iran 
are the Zagros, which are located in the western part of the country and 
extend from the north to the south. Finally, the Persian Gulf and the 
Oman Sea coastlines form the southern border of the country. 

2.2. Field data 

ISA considered 15 LC classes for the entire country, which are 
illustrated in Fig. 2. This country-wide LC map was produced by the ISA 
using single date 500 m MODIS images in 2016. In this study, 13 LC 
classes (see Table 1) that were considered by the ISA and satisfy the 
national requirements were considered. In fact, the two forest classes 
were merged into one class and the snow class was removed because no 
permanent snow cover was detected across the country in the multi- 
temporal analysis. In this study, precise visual interpretation of the 
ISA LC map and high-resolution satellite imagery available in Google 
Earth and ArcMap were applied to generate reference samples (training 
and test samples). The reference samples were then randomly divided 
into two independent sets of training (50%) and test samples (50%) 
considering both labels and size (number and area of polygons) of 
classes to ensure the existence of enough samples for each LC class in 
both training and test datasets. The randomly splitting reference sam-
ples resulted in a low bias in the performance of the remote sensing 
model (Lohr, 2009). The distribution of training and test samples across 
the country is demonstrated in Fig. 1 and the number of samples and the 
area they cover are provided in Table 1. The total areas of training and 

Fig. 1. Study area and the distribution of training and test samples across Iran. The areas within the seven rectangles were selected for further investigations and 
visual assessment of the final Iran-wide Land Cover (LC) map. 
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test samples were 229.63 km2 and 231.43 km2, respectively. 

2.3. Satellite data 

In this study, Sentinel-1 and Sentinel-2 satellite datasets were uti-
lized for LC mapping. Sentinel-1 is a SAR system providing all-weather, 
and day and night data. This satellite acquires C-band data in dual- 
polarization and both ascending and descending modes. In this study, 
level-1C Ground Range Detected (GRD) products with 10 m spatial 

resolution were employed. It is worth noting that 67 and 63 Sentinel-1 
scenes in ascending and descending modes were respectively required 
to completely cover Iran. In this study, however, a total number of 2,869 
Sentinel-1 scenes, acquired in 2017 were applied to the classification 
algorithm. Moreover, a combination of VV and VH polarizations in 
ascending and descending modes were utilized. 

Sentinel-2 is a multispectral satellite which collects remote sensing 
imagery in 13 spectral bands, located in visible, Near Infrared (NIR), Red 
Edge (RE), and Shortwave Infrared (SWIR) spectral regions. In total, 200 
Sentinel-2 scenes are required to cover the study area. However, in this 
research, 11,994 Sentinel-2 scenes captured in 2017 were employed. It is 
worth noting that there is a limitation in including too many features in 
the classification model in GEE. Therefore, it is highly required to select 
and employ the most suitable features for this purpose. Considering this 
fact, only six bands of Sentinel-2, which were more important for LC 
classification, were used (Amani et al. 2018a). These bands were Blue, 
Green, Red, and NIR (spatial resolution ¼ 10 m), as well as RE and SWIR 
(spatial resolution ¼ 20 m). Moreover, using only six bands of Sentinel-2 
reduced the computational processing cost. Fig. 3 shows the number of 
Sentinel-1 and Sentinel-2 images across the country employed in this 
study. The broad latitudinal range of Iran and the sun-synchronism of 
Sentinel-1 and Sentinel-2 caused a different number of observations 
across the country. All available Sentinel-1 and Sentinel-2 datasets ac-
quired in 2017 were applied to improve the classification accuracy using 
multi-temporal images. This was important to generate a cloud-free 
mosaic image of the study area (Carrasco et al. 2019; Gebhardt et al. 
2014). Moreover, the synergy of Sentinel-1 and Sentinel-2 imagery were 
used because it was reported that the fusion of SAR and multi-spectral 
data increased the LC classification accuracy (Yuan et al. 2020; Iervo-
lino et al. 2019). 

3. Methodology 

This section comprises two subsections. In Section 3.1, the satellite 
data pre-processing, LC classification methodology, and accuracy 
assessment are discussed. In Section 3.2, the automatic workflow of 

Fig. 2. The LC map of Iran with 15 classes generated by Iranian Space Agency (ISA) using single data 500 m MODIS images.  

Table 1 
The number and area of training and test samples for different LC classes that 
were considered in this study.  

Class Training samples Test samples 

Number 
(Polygon) 

Area 
(km2) 

Number 
(Polygon) 

Area 
(km2) 

Urban 53 16.21 60 17.37 
Water 46 15.85 29 17.58 
Wetland 34 17.82 22 17.49 
Kalut1 30 17.19 29 18.42 
Marshland 32 18.10 36 17.39 
Salty land2 27 15.40 28 16.58 
Clay 19 19.13 22 18.58 
Forest 18 18.91 29 17.34 
Outcrop3 35 18.56 42 19.22 
Uncovered 

plain4 
27 17.60 32 18.46 

Sand 18 18.14 17 17.24 
Farmland 34 18.13 25 17.59 
Rangeland 52 18.59 41 18.10 
Total 425 229.63 412 231.43  

1 Landforms created from soft riverbed and seabed sediment and silt through 
wind erosion. 

2 Areas with high soil salinity. 
3 Unconsolidated deposits of bedrock and mountains appeared on the Earth’s 

surface. 
4 Plain bare soils without any vegetation cover. 

A. Ghorbanian et al.                                                                                                                                                                                                                           



ISPRS Journal of Photogrammetry and Remote Sensing 167 (2020) 276–288

280

migrating reference samples to automatically produce the LC map is 
presented. 

3.1. General object-based LC classification method using available field 
samples 

The proposed object-based LC classification methodology using the 
GEE big data processing platform comprises several steps as demon-
strated in Fig. 4. Each step is also explained in more details in the 
following subsections. 

3.1.1. Satellite data pre-processing 
Several pre-processing algorithms were initially applied to the 

Sentinel-1 imagery available within GEE (Image Collection ID: 
COPERNICUS/S1_GRD). These pre-processing algorithms included 
orbital file correction, GRD border and thermal noise removal, radio-
metric calibration, and terrain correction. In the first step, the orbital file 
was applied to each scene, providing a precise satellite position. After-
ward, GRD border and thermal noise removal algorithms were applied. 
In thermal noise removal, additive noises in the sub-swath were elimi-
nated to reduce discontinuities between the sub-swathes of each scene. 
Next, the digital pixel values were converted to SAR backscattering 
coefficients by radiometric calibration. Terrain correction was subse-
quently performed on each scene to compensate for the geometrical 
distortion caused by the side-looking geometry of the SAR data acqui-
sition system followed by a Foreshortening mask correction (Kakooei 

Fig. 3. Number of (S1) Sentinel-1 and (S2) Sentinel-2 scenes over Iran.  

Fig. 4. Flowchart of the proposed methodology for object-based Land Cover (LC) classification of the entirety of Iran within the Google Earth Engine (GEE) platform 
(Random Forest; SNIC: Simple Non-Iterative Clustering). 
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et al. 2018). Finally, a mean function was applied to all Sentinel-1 im-
ages acquired in 2017 to downscale all datasets into a single mosaic 
image for the classification task. The mean function enables the pro-
duction of a long-term composite of Sentinel � 1 images that are less 
susceptible to variation in image acquisition (Anchang et al., 2020). 

The Sentinel-2 level-1C images available within GEE (Image 
Collection ID: COPERNICUS/S2) were initially converted to top of at-
mosphere reflectance data through radiometric correction. Due to the 
importance of cloud masking in optical images, all Sentinel-2 scenes 
with more than 10% cloud cover were removed from further processing. 
Finally, a median function was applied to downscale all the Sentinel-2 
images and to produce a single Sentinel-2 mosaic image. This was 
resulted in the production of a cloud-free mosaic image from the entire 
study area. Moreover, the median function removed noisy, very dark, 
and very bright pixels that may occurred due to shadow and haze 
(Amani et al. 2019b). 

3.1.2. Classification 
Various machine learning algorithms can be employed for LC clas-

sification in GEE. Among them, RF has demonstrated high potential for 
classifying various LC types. For example, Amani et al. (2017) compared 
five commonly-used machine learning algorithms (i.e., K-Nearest 
Neighbor (KNN), ML, Support Vector Machine (SVM), Decision Tree 
(DT), and RF) for wetland mapping, and reported that RF resulted in the 
highest classification accuracy. RF is an ensemble classifier that com-
prises a set of independent trees to perform the classification task. Based 
on the bootstrap aggregation technique, RF combines multiple de- 
correlated random decision trees to classify a dataset by employing 
the predictions from a pre-defined number of trees (Breiman 2001). 
Each tree uses a subset of reference samples (in-bag samples) to be 
trained and uses the rest of the reference samples (out-of-bag samples) 
for internal cross validation (Belgiu and Lucian, 2016). Finally, the 
classification result is determined by averaging of class probabilities 
calculated by each tree. RF is known to be resistant to noise and over-
fitting issues (Teluguntla et al. 2018) and can successfully handle high 
dimensional data and obtain satisfactory results (Teluguntla et al. 2018). 

The RF algorithm has several adjustable parameters that directly 
affect the final accuracy of the classification map. The number of trees 
and the number of variables in each node are the most critical param-
eters for RF-based classification (Amani et al., 2017). In this study, 
considering the computational efficiency and based on trial and error, 
visual interpretation of the LC map, and statistical accuracy assessment, 
the square root of the number of features were selected as suitable values 
for the two mentioned parameters, respectively. 

In this study, a pixel-based RF within GEE that incorporated Sentinel- 
1 and Sentinel-2 satellite data was initially employed to produce the 
Iranian LC map. The input features were VV and VH polarization from 
Sentinel-1 along with six bands of Sentinel-2 (i.e., bands 2, 3, 4, 7, 8, and 
12). Half of the ground truth samples (i.e., the training samples) were 
used to build the RF model. Since many studies of satellite image clas-
sification have reported that object-based classification approaches have 
several advantages compared to pixel-based methods (e.g., Dronova 
et al. 2015; Mahdavi et al. 2017; Amani et al. 2018b), a post-processing 
algorithm was subsequently applied to the pixel-based classification 
result. Simple Non-Iterative Clustering (SNIC) was the only post- 
processing algorithm available in GEE, so it was used to segment the 
entire Sentinel-2 image. Then, these segments were used to enhance the 
classification result of the pixel-based RF algorithm using a majority 
voting within each segment. This procedure creates an object-based LC 
map by removing misclassified pixels within homogenous segments 
known as salt-and-pepper noise (Wulder et al. 2018). 

3.1.3. Accuracy assessment 
Incorporating independent and well-distributed referenced datasets 

that are not involved in the training of the classifier increases the reli-
ability of the produced LC map. Moreover, employing a statistically 

defensible approach for validation is essential to represent the consis-
tency of reference samples and the map (Stehman 2009). In this study, 
the confusion matrix of the produced object-based Iran-wide LC map 
was used to assess its statistical accuracy. The confusion matrix is a table 
which contains the number of pixels in each class that were classified 
correctly or incorrectly. This matrix allows computation of several 
metrics, such as OA, Producer Accuracy (PA), User Accuracy (UA), and 
KC, the latter being a metric measuring the agreement between the 
classified and reference samples (Shaharum et al. 2019). 

3.2. Automatic LC classification method using migrated field samples 

As discussed above, despite considerable progress in LC mapping, the 
lack of high-quality reference samples to train machine learning algo-
rithms remains a major obstacle to producing accurate LC maps. In fact, 
consistent and representative reference samples directly impact the ac-
curacy of the supervised classification results (Huang et al. 2020). On 
the other hand, insufficient and unreliable reference samples are the 
main sources of misclassification and reduction in classification accu-
racy (Li et al. 2014; Radoux et al. 2014). However, it is impractical to 
collect consistent, timely, and high-quality reference samples to produce 
annual LC maps, especially for immense study areas like countries. 
Therefore, it is necessary to develop efficient methods for migrating 
high-quality reference samples from the year when ground truth data 
were collected (i.e. reference year) to another year (i.e. target year). 
These methods facilitate the production of up to date LC maps for any 
given year. 

Inspired by studies employing training samples derived from previ-
ous LC maps for classifying other images (Zhang and Roy 2017), a simple 
and efficient workflow was proposed to transfer a combination of (1) 
ground truth samples from a reference year and (2) the generated high- 
quality target training samples to produce Iran-wide LC maps for any 
target year without the need for new ground truth dataset from the 
target year. Fig. 5 illustrates the flowchart of the proposed method. 

In the proposed method, both an accurate LC map and a high-quality 
set of ground-truth training samples from the reference year are 
required. Despite other studies in which training samples were only 
collected from the reference LC map (e.g., Radoux et al., 2014; Zhang 
and Roy 2017), the method proposed in this study integrates both the LC 
map and its corresponding ground truth samples. This integration en-
sures the migration of high-quality ground-truth samples. In fact, one 
major drawback of using only the reference LC map is related to its 
inherent classification error, which directly impacts the quality of the 
migrated training samples. Additionally, the use of only the ground truth 
training samples from the reference year is also not recommended due to 
constant changes of LC by natural and anthropogenic activities. Since 
the amount of LC change varies for different LC types, the migration of 
only the ground-truth samples from the reference year will result in an 
unbalanced ground-truth sample set for the target year, leading to 
misclassification. 

In the proposed method (see Fig. 5), candidate training samples were 
first randomly generated from the reference LC map. Then, the Spectral 
Angle Distance (SAD) measure was applied based on the final Sentinel-2 
mosaic images of both the reference and target years. The SAD allows 
the amount of change between the reference and target years in both the 
candidate and ground-truth training samples to be measured. Afterward, 
a thresholding process eliminated pixels with a high probability of 
experiencing LC changes, thus providing suitable, unchanged, and high- 
quality training samples for the target year. To avoid an insufficient 
number of migrated training samples due to a possible increase in the 
rejection rate, two principal solutions can be considered. First, a higher 
number of candidate samples can be generated from the LC map at the 
initial stage in which the final result satisfies the required number of 
migrated training samples. Second, if the lower number of training 
samples are migrated after performing the migration workflow, new 
candidate samples can be generated, evaluated, and added to the 
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existing set to meet the required size of the migrated training samples for 
the target year. In this study, a trial-and-error procedure was used to find 
the best threshold value. This threshold value can be adjusted by the 
user to satisfy the required number of samples that should be migrated. 
In this study, after several trial and errors, the threshold value was set to 
0.1 to ensure that enough reference samples with high quality (low 
probability of LC change) were migrated. It is also worth noting that 
although top-of-atmosphere satellite images were used, the generation 
of annual Sentinel-2 mosaic images for both reference and target years 
reduced the radiometric differences of both datasets. Next, Sentinel-1 
and Sentinel-2 mosaics of the target year were inserted into the pro-
posed object-based classification method explained in Section 3.1 to 
produce the LC map of the target year. Finally, the LC map of the target 
year was statistically assessed using independent ground truth test data 
to investigate the accuracy of the proposed automatic LC mapping 
method. This proposed approach enables successive updating of an LC 
map through an automatic approach without the need to collect new 
ground truth data. Such a successive set of accurate and consistent maps 
could be beneficially employed for climate change modeling in future 
studies. 

4. Results and discussion 

In this section, the qualitative and quantitative approaches are first 
used to evaluate the performance of the produced LC map. The auto-
matic reference samples migration for automatic LC map production is 
then explained by generating the confusion matrix. Finally, the limita-
tions of the proposed methods along with several suggestions for future 
studies are discussed. 

4.1. The accuracy of the produced object-based Iran-wide LC map 

The object-based Iran-wide LC map with a 10 m spatial resolution 
produced using GEE is illustrated in Fig. 6. Visually, the final object- 

based map is clear and noise-free. Based on visual interpretation and 
comparison with high-resolution satellite images, it was observed that 
the proposed big data processing methodology was able to delineate 
classes accurately and provided a visually satisfactory depiction of 
nearly all classes. For instance, the proposed GEE methodology accu-
rately identified the northern forested part of the country. In this regard, 
the algorithm was capable of discriminating the Forest and Rangeland 
classes which occurred in close proximity in the northern part of Iran. 
Moreover, urban settlements and water bodies were distinguished with 
high accuracy. To obtain a more comprehensive visual interpretation, 
seven zoomed areas of various LC types along with their corresponding 
high-resolution satellite images are demonstrated in Fig. 7. As is clear, 
the central-eastern part of Iran comprises Barren lands (Kavir and Lut 
Deserts) and the proposed approach was able to correctly classify this 
region into the Sand, Kalut, and Clay classes, which are considered Sub- 
classes of barren lands (Figure (7a)). Moreover, the urban areas and the 
surrounding agricultural fields and mountainous areas were accurately 
classified as Urban, Farmland, and Outcrop classes, respectively, in 
Fig. 7(b). Likewise, the proposed methodology successfully delineated 
Urban and Water classes (Fig. 7(c)) as well as a Marshland area (Fig. 7 
(d)). Furthermore, Fig. 7(e) presents an area located in the northern part 
of Iran that is covered by a mixture of forested areas and rangelands. The 
proposed methodology accurately discriminated these two LC types and 
accurately classified this region to the Forest and Rangeland classes (see 
Fig. 7(e)). Moreover, Fig. 7(f) presents a region that is covered with 
urban areas and agricultural fields. The proposed method accurately 
delineated both classes of Urban and Farmland in this region. Finally, 
the proposed approach was capable of correctly assigning the area 
covered by unvegetated bedrocks to the Outcrop class (Fig. 7(g)). 

Comparing the LC map produced in this study and that produced by 
ISA (Fig. 7), it was observed that there was a significant improvement in 
the produced LC map using GEE. For instance, the central-eastern Barren 
lands were misclassified as Rangeland in the ISA map (Fig. 7(a)). 
Moreover, in contrast to the proposed methodology, the ISA map was 

Fig. 5. Flowchart of the proposed automatic training sample migration technique to produce up-to-date LC maps for any target year.  
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unable to accurately delineate Urban, Farmland, Outcrop, and Water 
classes (see Fig. 7(b, c)). This can be explained by the coarse spatial 
resolution of MODIS imagery, which resulted in a spectral mixture of 
several LC types and, thus, led to an inaccurate classification result. 
Furthermore, it is evident in Fig. 7(d) that the Marshland class was 
completely misclassified as Water in the original map, while the pro-
posed method correctly identified this region. Moreover, Fig. 7(e) 
demonstrates that the ISA map was unsuccessful at discriminating Forest 
and Rangeland classes, resulting in a high degree of misclassification. 
This is also likely the result of employing coarse resolution and single 
date MODIS imagery for LC mapping. It is clear from Fig. 6(f) that in 
contrast to the proposed method, the ISA map entirely failed to separate 
the Urban and Farmland classes. Finally, the ISA map wrongly classified 
almost half of the unvegetated bedrocks area as the Rangeland class. 

Statistical accuracy assessment was also implemented using inde-
pendent test samples by generating the confusion matrix (Table 2) to 
ensure the reliability of the final object-based LC map produced in this 
study. The OA and KC of the LC map were significantly high, reaching to 
95.6% and 0.95, respectively. Almost all classes had high PAs and UAs of 
over 90% except the Wetland, and Clay classes. The classes of Forest, 
Urban, and Rangeland had the highest PAs, respectively. This can be 
rooted in the fact that these classes were easily distinguishable due to 
their different spectral and backscattering characteristics compared to 
other classes. Additionally, although the proposed method was effective 
in discriminating Barren land subclasses (i.e., Sand, Kalut, Outcrop, 
Uncovered plain, Salty land, and Clay), a small amount of confusion was 
observed between these classes. Moreover, the existing spectral and 
backscattering similarity between several classes resulted in the 
misclassification and reduction in OA. For instance, over 10,000 pixels 
of the Water class were misclassified as Marshland, which can be 
explained by their spectral similarity in the satellite imagery. Addi-
tionally, the proposed method had difficulties in separating Wetland and 
Clay classes, which caused reduction in PAs by approximately 11.4% in 
total. These two classes had the highest commission error rates of 11% 
and 10.7%, respectively. 

In addition to the earlier evaluation in which independent balanced 
test datasets were used to calculate the confusion matrix, another 

statistical assessment was performed by incorporating an independent 
imbalanced test dataset. This evaluation could be beneficial for repre-
senting the effects of class imbalance in LC mapping (Mellor et al. 2015; 
Maxwell et al., 2018). To this end, the test datasets were modified to 
present the class imbalance within the LC map of Iran. First, the pro-
portion of each class was calculated from the final LC map. Then, the size 
of each class was set based on the corresponding proportional area in the 
LC map. The imbalanced test set was generated by a random selection of 
test samples from the balanced test set by considering the area of each 
class. This modification resulted in an independent imbalance test set 
which contained nearly 1 million test samples in total. Finally, the sta-
tistical accuracy assessment was performed. In this case, the proposed 
method resulted in a map with an OA and KC of 95.4% and 0.94, 
respectively. As is clear, OA was not significantly affected by the 
imbalanced test set. The PAs and UAs from both test sets (i.e., balanced 
and imbalanced) were compared, where the results are provided in 
Fig. 8. It was observed that almost all classes had similar PAs when 
balanced and imbalanced test sets were employed. However, the 
average UAs slightly decreased by about 2% when the imbalanced test 
set was used. In this case, the UAs of Water and Salty land experienced 
the highest decrease in the accuracy level of about 13% and 10%, 
respectively. It is worth noting that Water and Salty land classes were 
those with the lowest area in the LC map and, thus, fewer test samples 
were used for both classes. 

In addition to visual comparison, a statistical comparison was made 
between the LC map of this study and the ISA map using balanced test 
set. In this regard, both maps were evaluated based on the test samples, 
the details of which are provided in Fig. 1 and Table 1. As an example, 
Fig. 9 represents the PAs of 13 different classes identified in both the ISA 
and the proposed LC map. The average PA for the proposed method was 
95.6%, while that of the ISA map was considerably lower (75.55%). It is 
evident that the proposed method obtained higher PAs for nearly all LC 
classes, excluding Clay and Uncovered Plain for which the differences 
were lower than 3%. The highest differences were observed for the PAs 
of the Rangeland and Marshland classes, respectively, indicating the 
limitation of employing single-date MODIS image for accurate LC 
mapping. For other classes, the differences in PAs varied between 1% 

Fig. 6. Improved object-based Iranian Land Cover (LC) map generated using GEE big data processing platform and a combination of Sentinel-1 and Sentinel-2 with 
10 m spatial resolution. 
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Fig. 7. Seven zoomed areas of the final Iran-wide Land Cover (LC) map and ISA LC map along with corresponding satellite images that were used for visual 
assessment and comparison (see Fig. 1 for the location of the zoomed regions and Fig. 5 for the legend of the classes). 
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and 34%, demonstrating the efficiency of employing multi-temporal 
Sentinel-1 and Sentinel-2 images for Iran-wide LC classification. 

Taking both quantity and quality measures into account, it was 
observed that the LC map generated in this study was more accurate 
than the ISA map and, thus, the proposed methodology produced an 
improved LC map of Iran. This was due to several factors, including (1) 
employing multi-temporal and multi-sensor (Sentinel-1 and Sentinel-2) 
data, (2) using satellite data with higher spatial resolution, (3) using a 

more advanced classification approach (e.g., object-based RF algo-
rithm), and (4) employing GEE for processing thousands of satellite 
images. 

4.2. The accuracy of automatic workflow for LC classification using 
migrated training samples 

As discussed in Section 3.2, a method was also proposed in this study 

Table 2 
Confusion matrix of Iran-wide Land Cover (LC) map generated using a combination of Sentinel-1 and Sentionel-2 within the GEE cloud computing platform.   

Urban Water Wetland Kalut Marshland Salty 
land 

Clay Forest Outcrop Uncovered 
Plain 

Sand Farm 
land 

Range 
land 

Urban 172,777 4 1 11 7 0 62 0 614 0 0 49 192 
Water 5 165,083 54 0 10,643 0 0 0 0 0 0 101 0 
Wetland 96 2925 156,228 2886 1136 5201 5105 0 454 638 69 251 0 
Kalut 0 0 58 178,080 0 7 862 0 0 5333 0 0 0 
Marshland 0 2022 1439 270 161,958 116 943 125 2982 690 227 2543 651 
Salty land 0 1768 1686 36 0 162,317 0 0 84 0 0 0 0 
Clay 0 0 15,934 4257 0 29 165,299 0 212 45 14 0 0 
Forest 0 0 0 0 18 0 0 173,157 0 0 0 124 117 
Out crop 221 187 1992 200 34 0 1037 0 187,797 318 122 126 160 
Uncovered 

plain 
0 0 3491 2513 0 0 1843 0 2971 173,383 412 24 0 

Sand 0 0 0 2543 0 0 1 0 0 79 169,655 56 118 
Farm land 87 1333 7 1268 1662 0 461 0 416 4 198 168,080 2491 
Range land 53 0 0 0 0 0 0 182 127 0 37 1052 179,553 
Producer 

Accuracy 
(%) 

99.5 93.9 89.3 96.6 93.1 97.8 89 99.9 97.7 93.9 98.4 95.5 99.2 

UserAccuracy 
(%) 

99.7 95.2 86.4 92.7 92.3 96.8 94.1 99.8 96 96.1 99.4 97.5 98 

Omission 
error (%) 

0.3 4.8 13.6 7.3 7.7 3.2 5.9 0.2 4 3.9 0.6 2.5 2 

Commission 
error (%) 

0.5 6.1 10.7 3.4 6.9 2.2 11 0.1 2.3 6.1 1.6 4.5 0.8 

Overall accuracy: 95.6%, Kappa coefficient: 0.95. 

Fig. 8. Comparison of PAs and UAs when balanced and imbalanced test sets are used.  

Fig. 9. Statistical comparison of Producer Accuracies (PAs) of the Iranian Space Agency (ISA) Land Cover (LC) map and the map produced in this study.  
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to automatically migrate the ground truth samples from a reference year 
along with generated candidate samples to obtain an Iran-wide LC map 
for any target year. To evaluate the accuracy of this method, 2017 was 
selected as the reference year and the LC map was produced for the 
target year 2019. Moreover, the 2017 ground truth training samples 
were considered as reference training samples and numerous candidate 
training samples were derived from the 2017 reference LC map. The 
combination of these two groups of training samples were then analyzed 
through spectral similarity distance based on the mosaics of Sentinel-2 
images from both reference and target years (i.e., 2017 and 2019, 
respectively). Thereafter, the unchanged training samples were 
migrated from 2017 to 2019 and were considered as the final training 
samples for the target year. Finally, these target samples were applied to 
a combination of Sentinel-1 and Sentinel-2 mosaic images produced for 
the target year to produce the object-based 2019 LC map using the 
method discussed in Section 3.1. 

The OA and KC for the 2019 LC map were 91.35% and 0.91, 
respectively, demonstrating the high potential of the proposed method 
for automatic production of LC maps for any target year using migrated 
training samples. The confusion matrix of the 2019 LC map is provided 
in Table 3. The Pearson correlation coefficient of 0.96 between the 2017 
(reference) and the 2019 (target) confusion matrices reveals that the 
proposed method performed similarly for the target year, again sug-
gesting the efficiency of the proposed method for training sample 
migration and automatic LC mapping. Furthermore, the PAs and UAs of 
both reference and target years were compared. It was observed that the 
differences are insignificant for almost all classes. For example, the 
difference in PAs varied between 0.29% and 17.07% with an average of 
4.93%. The lowest difference was observed for the Marshland class, 
while two Barren land subclasses (Sand and Uncovered plain) had the 
highest difference. 

4.3. Limitations and future research 

Like any other research, this study has several limitations. In the 
following, these limitations along with several suggestions for future 
studies are provided. 

The quality and geographic sampling distribution of ground truth 
samples affect the classification accuracy. In this study, the ISA LC map 
and high-resolution satellite images were visually assessed to collect 
ground truth samples. Although great effort and caution were exercised 
in this step, inherent visual and human interaction error were inevitable. 

Moreover, considering the immense spatial extent, a laborious effort was 
required to investigate the whole country for ground truth sample 
collection. Ascertaining whether the training samples have a reasonable 
distribution further increases this difficulty. 

Although the proposed automated workflow produced an accurate 
LC map of Iran for the target year (2019), employing a further statistical 
test on the qualified candidate training samples could effectively reduce 
the impact of misclassification error inherent in the LC map from the 
reference year. The incorporation of high-quality samples that were 
previously selected through fieldwork or visual interpretation allows 
those candidates which were wrongly classified in the reference LC map 
to be removed. In this regard, similarity measures or statistical tests 
could be employed to compare newly qualified candidates with high- 
quality training samples. This will remove pixels that did not experi-
ence change but were wrongly classified in the reference LC map. 

In this study, the LC map was produced considering 13 different 
classes. Although the proposed approach had a high OA of 95.6%, 
Barren lands sub-classes (i.e., Sand, Kalut, Outcrop, Uncovered plain, 
and Salty land) had an average omission error of 4.43% and ranged from 
1.6% to 11.02%. Therefore, it is suggested that these classes be merged 
into a single Barren class to improve the classification result in both LC 
mapping and especially change detection tasks. On the other hand, the 
Forest class had the highest PA of 99.9% PA, demonstrating that the 
proposed methodology was able to accurately identify Forest LC. 
Therefore, it is appealing to separate this class into important forest sub- 
classes based on the ecological characteristics of Iran. 

Despite the unique capabilities of GEE, several shortcomings related 
to this platform were encountered in this study. First, it is not compu-
tationally feasible to incorporate numerous features (e.g. spectral 
indices, texture, etc.) to perform classification tasks, especially when the 
study area is immense and high-resolution satellite imagery are utilized. 
Moreover, the only segmentation algorithm in GEE is SNIC and, thus, 
more robust segmentation algorithms (e.g. multi-resolution segmenta-
tion) that could improve the classification results are unavailable. The 
final limitation is that GEE restricts training samples to less than 1 
million training samples, which has been addressed in previous studies 
(Amani et al. 2019b). This is most prominent when the spatial extent of 
the study area is large and there is a high number of LC classes. There-
fore, it is suggested that merging LC types of the same importance (e.g., 
Barren subclasses) would allow incorporating higher number of training 
samples for prominent classes. However, GEE is constantly improving, 
and the inclusion of additional segmentation algorithms and improved 

Table 3 
Confusion matrix of 2019 Iran-wide Land Cover (LC) map generated using the automatic LC mapping method presented in Fig. 5.   

Urban Water Wetland Kalut Marshland Salty 
land 

Clay Forest Outcrop Uncovered 
Plain 

Sand Farm 
land 

Range 
land 

Urban 84,810 1 26 125 2 0 59 0 1811 1 0 93 508 
Water 0 31,642 375 0 533 0 0 0 4 0 0 0 0 
Wetland 3 0 57,516 1144 66 2 400 0 3765 318 0 255 0 
Kalut 44 0 474 88,868 0 1 1038 0 19 435 179 169 4 
Marshland 0 72 160 1 24,130 0 0 5 838 10 0 663 116 
Salty land 0 0 4755 9 0 69,602 15 0 0 2 0 0 0 
Clay 0 0 6014 2302 1 515 86,249 0 12 1 1 21 0 
Forest 0 0 0 0 548 0 0 77,370 0 0 0 835 2416 
Out crop 512 1 1612 518 123 0 276 1 91,205 633 134 420 249 
Uncovered plain 0 0 1735 7722 5 0 2819 0 6925 75,096 1055 459 0 
Sand 0 0 43 6918 0 9 2347 0 4767 966 72,418 191 1372 
Farm land 45 0 24 1373 13 0 606 4 699 3 1585 66,103 2217 
Range land 25 0 1 30 0 0 0 58 43 0 38 4041 59,383 
Producer Accuracy 

(%) 
97 97.2 90.6 97.4 92.8 93.6 90.7 95.3 95.3 78.4 81.3 91 93.3 

UserAccuracy (%) 99.3 99.8 78.1 81.5 94.9 99.2 91.9 99.9 82.8 96.9 96 90.2 89.6 
Omission error 

(%) 
3 2.8 9.4 2.6 7.2 6.4 9.3 4.7 4.7 21.6 18.7 9 6.7 

Commission error 
(%) 

0.7 0.2 20.9 18.5 5.1 0.8 8.1 0.1 17.2 3.1 4 9.8 10.4 

Overall accuracy: 91.35%, Kappa coefficient: 0.91. 
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computational capacity will further advance the generation of LC maps 
using this platform. 

5. Conclusion 

Remote sensing has proved to be significantly useful for mapping 
various LC types. In this study, the first Iran-wide LC map with a 10 m 
spatial resolution was produced. To this end, 11,994 and 2,889 scenes of 
Sentinel-1 and Sentinel-2, respectively, collected in 2017 were 
employed. The GEE platform was used to handle the high computational 
costs of large time-series datasets across the immense spatial extent of 
this country (1.7 million km2). Finally, Sentinel-1 and Sentinel-2 mosaic 
images were inserted into an object-based RF algorithm to produce the 
Iran-wide LC map for 2017. The obtained OA of 95.6% demonstrates the 
high potential of the proposed GEE method for producing Iran-wide LC 
maps. Moreover, by comparing the LC map produced in this study with 
that previously generated by ISA, the proposed method was clearly able 
to significantly improve LC classification accuracy. The Iranian LC map 
produced in this study will greatly contribute to many fields and, thus, 
can be incorporated into various applications. Additionally, considering 
the quantitative measure of the Iranian LC map produced in this study 
and the capability of GEE, it was concluded that the proposed method 
offers an efficient approach for producing large-scale LC maps in other 
regions of interest. Moreover, the high OA of 91.35% for the Iranian LC 
map produced for 2019 demonstrated the efficiency of the proposed 
automatic method for training samples migration and LC mapping for 
any target year. Therefore, it is possible to automatically produce annual 
up-to-date country-wide LC maps, enabling users to investigate the dy-
namics of LC classes over longer time periods. Finally, the possibility of 
migrating high-quality training samples shall resolve the existing chal-
lenges in ground truth sample collection over large areas, which is 
considerably time-, cost-, and labor-intensive. 
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