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National Scale Land Cover Classification Using the
Semiautomatic High-Quality Reference Sample
Generation (HRSG) Method and an Adaptive
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Abstract—The advent of new high-performance cloud comput-
ing platforms [e.g., Google Earth Engine (GEE)] and freely avail-
able satellite data provides a great opportunity for land cover
(LC) mapping over large-scale areas. However, the shortage of
reliable and sufficient reference samples still hinders large-scale
LC classification. Here, selecting Turkey as the case study, we
presented a semiautomatic high-quality reference sample gener-
ation (HRSG) method using the publicly available scientific LC
products and the linear spectral unmixing analysis to generate
high-quality ground samples for the years 1995 and 2020 within
the GEE platform. Furthermore, we developed an adaptive ran-
dom forest classification scheme based on Köppen–Geiger climate
zone classification system. Our rationale was related to the fact
that large-scale study areas often contain multiple climate zones
where the spectral signature of the same LC class may vary within
different climate zones that can lead to a poor LC classification
accuracy. To have a robust assessment, the generated LC maps were
evaluated against independent test datasets. In regard to the pro-
posed sample generation method, it was observed that HRSG can
generate high-quality samples independent of the characteristics of
scientific LC products. The high overall accuracy of 92% for 2020
and 90% for 1995 and satisfactory results for producer’s accuracy
(ranging between 83.4% and 99.3%) and user’s accuracy (ranging
between 86.1% and 99.7%) of nine LC classes demonstrated the
effectiveness of the proposed framework. The presented method-
ologies can be incorporated into future studies related to large-scale
LC mapping and LC change monitoring studies.

Index Terms—Global land cover (LC) products, Google Earth
Engine (GEE), LC classification, linear spectral unmixing (LSU),
reference samples.
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I. INTRODUCTION

LAND cover (LC) map is among the key component of
different research, such as climate change, sustainable

development, natural hazards risk assessments, and ecological
protection [1], [2]. Remote sensing (RS) data have long been
used to observe, identify, and monitor LC types at various spatial
and temporal scales [3]. In this manner, the launch of Landsat-1
in 1972 marked the beginning of a new era in LC mapping, as the
first systematic observations of the earth’s surface were made
available [4]. Over the last few decades, significant progress
has been made in the development of up-to-date and accurate
LC mapping. In particular, the availability of high-resolution
data (i.e., Landsat and Sentinel) and the emergence of cloud
computing platforms [i.e., Google Earth Engine (GEE)] have
sped up the generation of LC maps over large-scale studies [5],
[6].

Access to high-quality training and validation sample is
among the fundamental parts of the LC classification procedure
[7]. Traditionally, these sets of samples (training and validation)
were often small and acquired via field surveys and/or expert
visual interpretation of very high-resolution imagery. However,
in the case of large-scale studies (e.g., national and continental
scales) and inaccessible/remote regions, it is very challenging to
organize field surveys involving thousands of field plots and to
access very high-spatial resolution satellite imagery [8]. More-
over, in recent years, machine learning (ML) algorithms have
been broadly implemented in LC mapping, where the collection
of a large set of training samples is required in order to be
effective [9]. Therefore, there is a pressing need for developing
robust methodologies to deal with the shortage of reliable and
sufficient reference samples for large-scale LC mapping.

To deal with this obstacle, a range of publicly available
datasets and techniques have been introduced by the RS com-
munity. For instance, the first all-season sample (FAST) dataset
[10], providing nearly 90 000 samples, and the Geo-wiki dataset
[11], including about 150 000 samples, were two valuable
datasets that have been developed in recent years. Such datasets
undoubtedly fill a crucial gap, but they cannot be directly used in
the classification task of another year(s) as they are limited to a
specific year [12]. For instance, the FAST dataset was collected
based on the high-resolution Google Earth imagery circa 2015,
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and therefore may not be applicable for LC mapping in the years
before or after 2015.

In recent years, several methodologies have also been devel-
oped to address the shortage of high-quality reference samples
in LC mapping. For instance, Radoux et al. [13] proposed an
automated approach to produce reference samples using the
MODIS LC products. Additionally, Zhang and Roy [14] col-
lected only high-quality pixels (stable pixels between 2009 and
2011) from 500-m MODIS to produce a 30-m resolution LC
map at a continental scale. However, the quality of the generated
reference sample data using these methodologies is criticized
due to the inherent classification errors (i.e., misclassified and
misplaced pixels) from the coarse resolution LC products [11].
Recently, Li et al. [15] developed an automatic phenology learn-
ing (APL) method for producing high-quality reference samples
using publicly available scientific datasets. However, the APL
method highly relies on the quality of selected datasets, whereas
only global and national LC products with moderate accuracy
and spatial resolutions are available for most parts of the world.
Therefore, the APL method may not achieve reasonable results
at a global scale level. Additionally, numerous studies have
been devoted to generate samples for a specific LC class. These
methodologies are, however, restricted to a specific LC class.
For example, Lin et al. [16] and Ma et al. [17] introduced robust
techniques to generate reliable reference samples for built-up
class based on GlobeLand30 products. Generally speaking, al-
though the proposed methods and datasets are valuable assets in
monitoring LC mapping, they cannot fully meet the users’ needs
for large-scale LC classification.

Generating up-to-date, reliable, and cost-effective LC maps
for large-scale areas require the use of highly automated ad-
vanced algorithms [18]. To this end, the emergence of GEE,
which not only offers easy visualizations and analysis of big
RS data but also hosts a variety of classification algorithms [5],
has effectively aided in LC mapping over large-scale areas [19],
[20]. Besides all the advantages, several limitations of GEE in
large-scale LC mapping have been reported. For example, Ghor-
banian et al. [20] and Amani et al. [21] stated that large-scale
LC mapping within GEE may involve considerable practical
difficulties when a large number of features is required due to
the user memory limit of GEE. In another study, Shafizadeh-
Moghadam et al. [22] claimed that large-scale LC classification
using GEE is still a time-consuming task and may fail to execute
when the number of input features is high. Given that increas-
ing the number of input features (e.g., vegetation indices and
topographical data) is one of the most common ways to boost
LC classification accuracy [2], [23], employing a classification
scheme that can handle large-scale LC classification without
decreasing the number of input features is critical.

Large areas (e.g., national and continental scales) naturally
comprise multiple climate zones where the spectral signature
within the same LC class often varies at different climate zones
[22]. It has been reported that the intraclass variability of spectral
signatures in different climates, which is caused by variations of
vegetation covers and artificial materials, may result to poor LC
classification accuracy [24]. To address this issue, employing
an adaptive classification scheme that executes a large-scale

Fig. 1. Location of the study area.

area into smaller sections based on the climate zones can be
considered as an effective solution [25]. This procedure can
shorten processing time and substantially decrease the impact
of climate zone variation in large-scale LC classification.

As the accessibility to LC data is limited over large areas,
the available global LC products (i.e., GlobeLand30) are widely
used in different studies. For example, Chen et al. [26] claimed
that the GlobeLand30 products have been utilized by scholars
and users over 120 countries across five continents. However, the
accuracy of global LC products varies for different parts of the
world. For example, although the satisfactory overall accuracy
(OA) of GlobeLand-30 was reported as 77.90% for Iran [27],
80% for Italy [28], 80.1% for Nepal [29], and 82.4% for China
[30], Sun et al. [31] reported a poor OA of 46% for Central
Asia region (Kazakhstan, Turkmenistan, Tajikistan, Kyrgyzstan,
and Uzbekistan). Given that the accuracy of recently released
the GlobeLand-30 product for the year 2020 has yet not been
investigated over a large-scale area, the present study seeks
to evaluate the accuracy of GlobeLand-30 version 2020 at a
national scale.

Here, we present a semiautomatic high-quality reference sam-
ple generation (HRSG) method and an adaptive classification
scheme to generate LC maps for Turkey, as an experiment site,
in 2020 and 1995 at 30-m resolution. We have selected the year
2020 because there are several available global LC products
(e.g., GlobeLand-30) for the year 2020 that can be used for
comparison purposes. On the other hand, we have selected the
year 1995 to assess whether or not the proposed method (HRSG)
can identify high-quality samples using outdated LC products.
Our ultimate goals are 1) introducing a robust workflow for
generating high-quality reference sample data applicable for
large-scale studies in different parts of the world and 2) introduc-
ing an efficient classification scheme for large-scale LC mapping
using GEE.

II. STUDY AREA

The focus of the present work is Turkey, as a transcontinental
country in both Asia and Europe, which is home to nearly 84
million inhabitants with an area of about 783 562 km2. This
country is extended between 26°–45° E and 36°–42° N (see
Fig. 1). The reason for taking Turkey as the case study is twofold:
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Fig. 2. General steps of the present work.

to the best of our knowledge, Turkey lacks a country-wide LC
map at 30-m resolution, and, the country has a wide range of
climatic conditions, elevation levels, and spatial distributions
of LC classes that allow us to comprehensively evaluate the
robustness of the proposed methods in this study. Turkey consists
of a wide range of LC classes, dominated by forest in the
northern part and cropland, grassland, and bare land in the center
and southern parts. The mean annual minimum/maximum air
temperature varies from –30 °C in February in the eastern part to
45 °C in July in the south-eastern part. Mean annual precipitation
ranges from 2220 mm in the north-eastern part (Black Sea costs)
to 258 mm in the central and south-eastern parts. It is worth
mentioning that nine major LC classes namely forest, grassland,
shrub land, cropland, built-up, water bodies, wetland, permanent
snow and ice, and bare land were considered to generate national
scale LC maps for Turkey in 2020 and 1995.

III. MATERIALS AND METHODS

As shown in Fig. 2, the general steps of the present work
can be divided into five parts: 1) study area subdividing, 2)
generating input features, 3) collecting reference samples us-
ing the HRSG method, 4) applying the adaptive classification
scheme, and 5) accuracy assessment of the generated LC maps
and GlobeLand30 version 2020 product for Turkey.

A. Study Area Subdividing

The large extent of the study area and an immense size of input
features caused “computational time out” and “user memory
limited” errors while processing the entire Turkey at once. Our
initial analysis also illustrated that climate variation could lead to
poor classification accuracy for some spectrally similar classes,
such as grassland, cropland, and shrub lands. Therefore, to ad-
dress the aforementioned issues, the study area was divided into
nine subareas based on the major climate zones of the study area
as suggested by Shafizadeh-Moghadam et al. [22] and Ebrahimy
et al. [25]. To this end, the Köppen–Geiger climate classification
system was used to divide the study area into smaller subareas
[see Fig. 3(a)]. The Köppen–Geiger [32] integrates the average
monthly and yearly precipitation and temperatures as well as
seasonal precipitation to split the study region into relatively
homogeneous areas.

Fig. 3. (a) Location of introduced subareas based on the Köppen–Geiger
climate classification. (b) Spatial distribution of tests samples.

B. Input Features

In this study, 3413 and 3400 atmospherically-corrected Tier
1 Landsat-8 and Landsat-5 scenes with <75% cloud cover
were processed to generate LC maps for Turkey in 2020 and
1995. Enhanced by Calderon-Loor et al. [33], to minimize cloud
interference and missing data, at each time-step, a stack of
Landsat images for the target year ± one year was generated
(e.g., Landsat-5 images from 1994 to 1996 were used to generate
the year 1995 mosaic). It should be noted that, to ensure the
reliability of generated samples, normalized difference vegeta-
tion index (NDVI) values of each candidate sample were derived
from Landsat images (see Section III-C4) in the growing seasons
(from February 15th to September 15th) because the growing
season is the most suitable time for spectral change detection
[12].

From the available spectral bands of Landsat images, six spec-
tral bands, including near-infrared, green, blue, red, short-wave
infrared 1, and short-wave infrared 2, were utilized. Then, the
FMASK algorithm [34], which is available in the GEE platform,
was applied to remove clouds and cloud shadows. Furthermore,
a mean function was applied to all Landsat images to merge all
datasets into a single mosaic image for the classification task.
Additionally, based on a random forest (RF) feature selection
method [35], the following variables were appended to the
cloud-free stack: soil-adjusted total vegetation index (SATVI),
NDVI, modified normalized difference water index (MNDWI),
normalized difference built-up index (NDBI), modified soil-
adjusted vegetation index (MSAVI), enhanced vegetation index
(EVI), slope, elevation, and aspect. The calculation formulas of
these indices can refer to Table I.

C. Reference Sample Generation

As discussed earlier, the reliability and sufficiency of
reference sample data are the foundation of an accurate su-
pervised LC classification task [23], [42]. However, it is very
difficult to collect the in-situ sample for LC mapping over large
areas using the traditional reference collecting methods. Here,
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TABLE I
VEGETATION INDEX FORMULAE

we presented the HRSG method to deal with the shortage of
reliable and sufficient reference samples for LC mapping over
large-scale areas. The HRSG method assumes that none of the
scientific LC products are error-free [43] and limited training
samples/endmembers (representative spectra of each LC class)
samples can represent intraclass diversity [44]. Therefore, to
identify high-quality samples for each LC class, the HRSG
extracts estimated pixels of the target class from the available LC
products/maps, first. Then, based on a linear spectral unmixing
(LSU) analysis and limited endmembers, it identifies high-
quality pixels for the target class. Fig. 4 shows the main steps of
HRSG as follows: 1) extracting all pixels of the target class from
the available LC product(s) and clipping cloud-free stacks based
on the obtained pixels; 2) introducing limited endmembers and
applying the LSU analysis; 3) producing candidate samples; and
4) identifying high-quality samples.

1) Extracting All Pixels of the Target Class From the Avail-
able LC Product(s): In this study, MCD12Q1, GlobeLand30,
JRC Global Surface Water, and the Tsinghua FROM-GLC Year
of Change to Impervious Surface datasets were allocated to
identify high-quality samples for different LC classes based on
their characteristics (see Table II). It should be noted that the
classification systems of the MCD12Q1 and GlobeLand30 were
reclassified based on the classification system of the present
work (see Table III). For example, to generate samples for forest
class, six different forest classes of MCD12Q1 product merged
into one class and labeled as forest class according to the target
classification system of this study.

As shown in Table II, since the JRC provides surface water
bodies since 1985 at global scale (30-m resolution) [45], the
JRC dataset solely was used for generating samples for water
class. Following the same logic, the Tsinghua FROM-GLC Year
of Change to Impervious Surface [46] dataset was used for
generating samples for the built-up class. For the remaining
classes, the MCD12Q1 and GlobeLand30 products were used to
generate samples for other classes. More specifically, in the case
of the year 2020, the MCD12Q1 version 2020 and GlobeLand30
version 2020 were overlaid, and their common pixels were
extracted, whereas for the year 1995, the MCD12Q1 version
2001 and GlobeLand30 version 2000 products were utilized.
After extracting pixels for the target class, the final stacks of the
target years (1995 and 2020) (see Section III-B), including six

Fig. 4. Simplified framework describing the proposed sample generation
method.

spectral bands, six vegetation indices, and three topographical
data, were clipped based on the extracted pixels.

2) Introducing Limited Endmembers and Applying the LSU
Analysis: After extracting pixels for the target class, limited
training samples (pixels/objects) were introduced as the end-
members to contribute to the LSU analysis. Given that intraclass
variation of RS images is one of the main factors of uncertainty in
LSU analysis [47], using the precise interpretation, multiple end-
members were selected using the random sampling technique.
For manual interpretation, as suggested by Yang and Huang
[48], we referred to freely available very high spatial resolution
Google Earth images, Landsat images, and their NDVI time
series. In some more detail, first, the samples were collected
based on Google Earth images and Landsat images. Then, their
NDVI times series were calculated based on Landsat images.
If the NDVI time-series of a given endmember was stable, it
was determined as the true label. For each class, the number
of endmembers was limited to 50 endmembers (pixels and/or
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TABLE II
INFORMATION OF USED LC PRODUCTS IN THIS STUDY

TABLE III
REDESIGNING THE CLASSIFICATION SYSTEM OF THE GLOBAL LC PRODUCTS BASED ON THE TARGET CLASSIFICATION SYSTEM OF THE PRESENT STUDY

objects) covering at least 1% of the pixels obtained in the
previous stage, following Manohar Kumar et al. [49]. Based
on the collected endmembers, the LSU method was utilized
to generate an initial batch of high-quality reference samples.
The LSU model assumes that the reflectance of a given pixel
equals the linear weighted sum of the pure spectra of the
components present in that pixel weighted by their proportional
coverage [50]. The LSU model is mathematically described as
follows:

Pi =

nc∑

i=1

(rci.fc) + ei, i = 1, . . . , nb (1)

where Pi represents the value (reflectance) of a pixel in band i, rci
represents the value of endmember c in band i, fc is the fraction
of endmember C, ei illustrates the residual error in band i, nc
is the number of endmembers, and nb is the number of spectral
bands.

The LSU model can be represented in matrix form as follows:

P(nb×1) = R(nb×nc). F(nc×1) + E(nb×1). (2)

3) Producing Candidate High-Quality Samples: In the
present work, the high-quality pixels of the target class were
determined through a series of trials and errors. After acquiring
pixels of the target class, a stratified random sample generation
technique was used to produce the first batch of the candidate
samples for the target class from the obtained area. To be
included in the initial batch of candidate high-quality samples
of the target class, a pixel must meet two requirements. First,
its values for one of the target endmembers (considering the
intraclass variation of the target class) have to be higher than
0.6. Second, its values for all nontarget endmembers should be
less than 0.1.

4) Identifying High-Quality Samples: Since the first batch of
candidate samples may include potential errors, two different
techniques were used to ensure the reliability of generated
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samples. First, time-series of NDVI values (bimonthly) in the
growing season (see Section III-B) were calculated for each
candidate sample because it is reported that NDVI time-series
are sensitive to changes in vegetation covers [51]. To this end,
based on the literature, several rules were introduced to confirm
the candidate samples. For example, the maximum NDVI value
of 0.15 was implemented to filter out any possible vegetation
samples from the bare land class [52]. Additionally, cropland
samples with NDVI values lower than 0.3 in the growing sea-
son were also eliminated because the highest NDVI values of
cropland classes often appear in the growing season because of
the management role [48]. Second, following Huang et al. [12],
samples were finalized after visual interpretation assessments
by senior image interpreters who had experience in land change
monitoring and image interpretation practices. The equation was
used to evaluate the accuracy of the samples generated for each
LC class

Accuracy =
Nr

Nr +Nw
(3)

where Nr represents the total number of correctly identified
samples for a given LC class and Nw represents the number of
incorrectly identified samples for that class.

D. Adaptive RF Classification

RF, as a computationally efficient ensemble classifier [53],
effectively distinguishes among spectrally similar LC classes
[54]. Generally speaking, when a sample is entered into the
RF classifier, each decision tree model determines the category
of the sample, and the algorithm ultimately selects the most
frequently reported category (majority voting) as the class cat-
egory. It has been reported that RF often outperforms single
decision tree models while maintaining some of the advantages
of decision tree models (e.g., ability to interpret relationships
between predictors and outcomes) [54]. The low sensitivity of
RF to the normality of training data and its high performance in
different landscapes have led to widely utilizing RF for LC clas-
sification over large areas [20], [55], [56] where various kinds
of landscapes can be found and collecting normal distribution
training data is a time and budget-consuming task.

Considering two main assumptions, an adaptive RF classifica-
tion method was adopted in this study. First, spectral signatures
of LC types are different at various climate zones. Second,
producing an LC map for large-scale studies is time-consuming
and challenging [22] when the number of input features is high.
Accordingly, specific RF classifiers were developed for all nine
subareas (see Section III-A), and the results for subareas were
mosaicked to generate the final LC map at each time step. It
should be noted that the number of decision trees and the number
of variables per split were adjusted at 250 and the square root of
the number of variables, respectively, after testing various tuning
settings for the RF classifiers.

E. Performance Evaluation

To date, visual assessment and comparison of generated
samples against the trusted and well-known LC products have

Fig. 5. Example of poor classification accuracy of MCD12Q1-2020 product
in the experiment site. (a) Cloud-free Landsat stack for 2020. (b) MCD12Q1
product for 2020 (detailed information about the LC classes is available in
Table II).

been used to evaluate the quality of sample generation methods.
To this end, a visual assessment was conducted to assess the
accuracy of the acquired samples for the years 1995 and 2020.
In this study, we did not use the available global LC products for
the performance evaluation of the HRSG because it has been
reported that all the available LC products include a certain
amount of errors [12], [23]. For example, Fig. 5 shows that the
MCD12Q1.006 product misses a large extent of snow cover in
2020 for the northeastern part of Turkey.

Three well-known accuracy assessment metrics, namely OA,
user’s accuracy (UA), and producer’s accuracy (PA), were cal-
culated based on independent test datasets (over 6000 sam-
ples at each time step) to evaluate the generated LC maps of
Turkey (2020 and 1995) and GlobeLand30 (2020 version) [see
Fig. 3(b)]. The validity of each sample (true label) is determined
based on the visual interpretation of the very high-resolution
images in Google Earth, Landsat images and their NDVI time
series.

IV. RESULTS

A. Performance Evaluation of HRSG

In this study, the HRSG method was presented to deal with the
shortage of high-quality reference samples in LC classification
over large areas. Turkey was selected as the study area to assess
the performance of the HRSG method as this country comprises
various climate zones and elevation ranges. Using LSU and
multiple endmembers, a total of nearly 22 000 samples were
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Fig. 6. Results for visual assessments of the generated samples by the HRSG
method.

generated for the years 2020 and 1995. Later, a visual assess-
ment was conducted to generate the final dataset. The visual
assessment of generated samples for the years 2020 and 1995
illustrated that less than 5.5% of the generated samples [1129
samples in 1995 (∼ 5.1%) and 1181 samples in 2020 (∼ 5.4%)]
by the HRSGM method were noisy (see Fig. 6). The highest
errors were witnessed in shrub land (11.5% error in 2020 and
14.3% error in 1995) and grassland (7.5% error in 2020 and
7.1% error in 1995) classes. In contrast, forest, snow, and water
classes were noise-free. These results show that HRSG is a viable
and effective technique for generating abundant and high-quality
reference samples.

B. LC Classification

Within GEE, an adaptive RF classification scheme was
adopted to generate LC maps for the entire of Turkey in 2020
and 1995 (see Section III-D). As discussed earlier, precision
and vision assessments were used to evaluate the performance
of generated maps. Our analysis showed that the produced final
LC maps for the years 2020 and 1995 are noise-free and provide
satisfactory representations of all nine LC classes, according to
visual interpretation with freely available very high-resolution
photographs (see Fig. 6). The estimated areas for each LC class
can be seen in Fig. 7. The dominant LC class was cropland
covering 28.3% and 33.7% of Turkey in 1995 and 2020, respec-
tively. In contrast, the least area of the country was covered by
snow class (1995 = 0.1% and 2020 = 0.1%). Additionally, the
generated maps showed OA of about 92% and 90% for the years
2020 and 1995, respectively. As shown in Table IV, the PA of
different LC classes ranged from 86.8% to 99.3% for 2020 and
ranged from 83.4% to 98.2% in 1995, whereas the UA of the

nine LC classes varied between 87.5% and 99.7% in 2020, and
ranged from 86.1% to 97.7% in 1995. The water class showed
the highest PA (> 98.2%) and UA (> 97.7%) values among all
the LC classes. In contrast, the lowest UA (∼ 86.1%) and PA
(∼ 83.4%) values belonged to the grassland class.

C. GlobeLand-30 for Turkey

In this study, the GlobeLand-30 (2020 version) product, as
one of the widely used and well-known global LC products, was
used to compare with the generated LC map of Turkey in 2020.
Table V presents accuracy assessment results for the GlobeLand-
30 product version 2020 based on the independent reference
test dataset (see Section III-E). As can be seen in Table V, the
GlobeLand-30 product showed OA of nearly 60% where UA and
PA accuracy considerably varied among different LC classes.
Water class showed the highest PA and UA values with 93.7%
and 97.3%, respectively. In contrast, the bare land class had the
lowest UA (∼ 3.4%) and the shrub land class showed the lowest
PA (∼20%). Regarding the mapped area proportions calculated
for each LC class (see Fig. 8), it was witnessed that the grassland
class covers most part of Turkey (∼40%), and the wetland and
snow classes cover the least of Turkey (nearly 1% for each class).

V. DISCUSSION

A. Performance of the HRSG

This study proposed a semiautomatic method for generating
reference samples, namely HRSG, based on LSU and multi-
ple endmembers, for LC classification over large areas. Based
on the conducted experiments, the maximum number of per
class endmembers was limited to 50 (pixel/object) because
the additional numbers of endmembers no further significantly
increased/decreased the mean spectral signatures for each LC
class that was used in target/nontarget class separation process.
Adopting limited endmembers has two main advantages: it can
decrease the computational efficiency because less spectra need
to be processed, and increase the accuracy and less spectral
confusion may occur [44], [57].

The bimonthly values of NDVI time-series were used in
the sample generation procedure because the NDVI value is
sensitive to changes in vegetation covers [51]. Our findings
showed that a distinct temporal pattern for generating NDVI
time-series could help to increase the accuracy of generated
samples. For example, samples for the bare land class should not
have obvious differences in their NDVI values during a year. The
cropland class had the highest variation in NDVI values because
of the management role. In contrast, samples for grassland/shrub
land showed a peak greenness in March and April. This finding
is in line with [15] where the importance of NDVI time series in
generating reliable reference samples for LC classification has
been stressed.

Using the HRSG method, approximately 22 000 reference
samples of nine LC classes for 2020 and 1995 were initially
generated where about 5.5% of them (each year) were removed
during the visual assessment procedure (see Fig. 6). The ob-
tained reasonable accuracy for the generated reference samples
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Fig. 7. Generated LC map for Turkey in 2020 and their estimated area for each LC class.

Fig. 8. GlobeLand-30 LC product for Turkey in 2020.
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TABLE IV
(A) ACCURACY ASSESSMENT RESULTS FOR THE GENERATED MAP OF ENTIRE TURKEY (1995) BASED ON THE INDEPENDENT TEST DATASET (THE UNCERTAINTY

OF THE ACCURACY IS PROVIDED AT 95% CONFIDENCE LEVEL). (B) ACCURACY ASSESSMENT RESULTS FOR THE GENERATED MAP OF ENTIRE TURKEY (2020)
BASED ON THE INDEPENDENT TEST DATASET (THE UNCERTAINTY OF THE ACCURACY IS PROVIDED AT 95% CONFIDENCE LEVEL)

TABLE V
ACCURACY ASSESSMENT RESULTS FOR THE GLOBELAND-30 PRODUCT FOR TURKEY (2020) BASED ON THE INDEPENDENT TEST DATASET (THE UNCERTAINTY OF

THE ACCURACY IS PROVIDED AT 95% CONFIDENCE LEVEL)

for the year 1995 based on the MCD12Q1 version 2001 and
GlobeLand-30 version 2000 revealed the feasibility of generat-
ing high-quality reference samples using outdated LC products.
The reason can be related to this issue is that the HRSG method
applies the LSU method to bypass the inherent classification
errors from the outdated LC products. As can be seen in Fig. 6,
the shrub land and grassland classes had the highest rates of
error. Based on the visual assessment, the majority of errors in
shrub land samples belong to grassland and vice versa. Besides,
the accuracy of available LC products for shrub land class is

relatively low, making sample generation a quite challenging
task because this class required more endmembers extraction
to reach the satisfactory output. Therefore, similar to Li et al.
[15], it is suggested to integrate these two classes (shrub land
and grassland) into a single class. On the other hand, the zero
error for water, forest, and snow classes was reasonable due to
the distinguishable spectral response of these classes from other
classes (nontarget/target) as well as the high ability of the NDVI
index in extracting different these classes from the other LC
classes [58], [59].
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Generally speaking, the HRSG method’s effectiveness was
related to a combination of LSU analysis, NDVI variations, and
visual interoperation, all of which have been shown to play a
significant role in sample generation [15], [60]. Additionally, be-
cause the presented methodology is based on the GEE and freely
available global LC products, the high expense and complexity
of traditional reference sample collection for LC classification
are sustainably solved by the proposed method.

Overall, the advantages of HRSG can be concluded as follows.
1) It generates high-quality samples independent of the char-

acteristics of scientific LC products.
2) It is applicable in different parts of the world.
3) The high cost and difficulty of traditional reference sample

collection can be effectively obviated by HRSG.

B. Performance of the Proposed Classification Scheme

In this study, two 30-m resolution LC map of Turkey for 2020
and 1995 were generated using an adaptive classification sched-
ule within the GEE platform. Unlike the majority of previous
LC studies over large-scale areas that adopted a single classifier
for LC mapping using the GEE platform [33], [60], this study
merged the results of nine specific RF classifications to generate
an LC map for Turkey at each time step (see Section III-D).
The high accuracy assessment outcomes (see Tables IV and V)
illustrate the effectiveness of the proposed classification scheme.

As can be seen in Tables IV and V, both minority and ma-
jority classes show acceptable UA and PA values, whereas it
has been reported that standard ML classifiers (i.e., RF) often
fail to achieve reasonable accuracies for minority classes [61],
[62]. The reason can be that the proposed classification scheme
divides the study area into smaller subareas and substantially
avoids the occurrence of the data imbalance issue. For example,
in the case of snow class, this class might have been influenced
by the data imbalanced issue if the whole Turkey was classified
using a single classifier because it only covers less than 1% of
the whole country. However, based on the conducted subdividing
strategy, the snow class placed in subclass number 8 (see Fig. 2)
and covered nearly 7% of this subzone, which lead to high UA
(94% in 1995 and 94.1% in 2020) and PA (88.7% in 1995 and
89.7% in 2020) values for this class.

Compared with the GlobeLand-30 product, it was observed
that the proposed method achieving OA = 92.1% in 2020
outperformed the GlobeLand-30 product (OA= 60.2%). Except
the PA value for cropland class and UA value for snow class,
the obtained UA and PA values for all LC classes of the present
work were higher than GlobeLand-30 product (see Fig. 9).

In the case of visual assessment, the generated LC maps in
this study highly reflected the true LC type in the satellite images
(see Fig. 10). As can be seen in Fig. 10, we compared the
obtained LC map for Turkey in 2020 in this study with other
LC products, including GlobeLand-30, Dynamic World [63],
and GLC-FC30 [64]. More specifically, the overall layout of
cropland, forest, and built-up classes of this study is roughly
equivalent to other LC products. In contrast, in the remaining
classes, the outcomes are different among the products that can

Fig. 9. Comparison in UA and PA values between the GlobeLand30 product
and the generated LC map of present work for Turkey.

be related to the inconsistency in the definition of LC types
for different LC classes. Compared with GlobeLand-30 version
2020, the main difference lies in water and shrub land classes.
For example, Fig. 10 shows some misclassification in water class
for the GlobeLand-30 product. In the case of the GLC-FCS30
product, we identify an overestimation of shrub land class in
some cases. For example, as shown in Fig. 10(a), the GLC-FC30
classified cropland areas as shrub land class. Dynamic World
could identify more built-up and cropland classes than our study
that can be linked to the higher spatial resolution of the Dynamic
World product (10-m resolution). In Fig. 10(a), it can be seen
that bare land areas (dried lake’s bed) were wrongly labeled as
the snow/ice class by the Dynamic World product. Overall, given
the high accuracy assessment results (vision and precision) and
satisfactory visual assessment results, it can be concluded that
our workflow is a robust scheme for large-scale LC mapping.

C. Limitations and Future Work

The HRSG method mainly relies on the quality of the selected
endmembers. Even though the limited endmembers were used
for generating reference samples, it required the manual inter-
pretation by trained image interpreters to achieve reasonable
accuracy. To deal with these issues, further studies can focus
on using the available spectral information. For instance, for
various cities at different parts of the world, multiple urban
spectral libraries have been collected based on various sensors
and spatial resolutions [65], [66]. Additionally, future studies
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Fig. 10. Comparison of our results against GlobeLand-30, Dynamic World, and GLC-FCS30 products for the year 2020. The corresponding satellite images for
the two zoomed areas are Landsat-8 annual median compositions in 2020. Center location: (a) = 38° 51′ 20′′ N – 33° 30′ 36′′ E, (b) = 37° 31′ 58′′ N – 27° 27′
27′′ E.

can focus on automatic spectral unmixing techniques that are
free of the need of endmember extraction [67]. On the other
hand, HRSG requires time-series of Landsat images (see Section
III-C). However, there was a shortage of high-quality observa-
tion for some candidate samples, particularly for 1995 because
of the shortage of Landsat 5 TM scenes in some part of Turkey
(mainly in mountainous areas). Finally, in this study, only NDVI
values in the growing season were used to eliminate possible
errors from the initial batch of candidate high-quality samples.
Future studies can consider the role of other ancillary data in
this manner.

VI. CONCLUSION

This article presents a novel method for generating high-
quality reference samples over large areas, namely HRSG. This
method uses LSU and global LC products (i.e., MCD12Q1
and GlobeLand30) to generate reference sample for LC map-
ping. Additionally, choosing Turkey as a case study, due to
the large extent and climatic variation of the study area, an
adaptive classification scheme was adopted to generate LC maps
for Turkey in 1995 and 2020. Based on a visual assessment,
we found that HRSG can effectively address the shortage of
reliable and sufficient reference samples for LC classification
over large areas. The success of this method is attributed to the
quality of endmembers, NDVI values, and visual assessment. By
evaluating the generated LC maps of Turkey in 1995 and 2020
with two independent datasets obtained, it was observed that
the generated LC maps achieved high OA, UA, and PA values.
Given the obtained high accuracies, the proposed methods can
implement in other parts of the world for generating reliable LC
maps.

ACKNOWLEDGMENT

Data Availability: The generated LC maps are available
at: https://code.earthengine.google.com/?scriptPath=users%
2Faminnabore%2Faminucas%3ALand-CoverTurkey

REFERENCES

[1] J. C. Gómez, M. A. Wulder, and J. C. White, “Optical remotely
sensed time series data for land cover classification: A review,” IS-
PRS J. Photogrammetry Remote Sens., vol. 116, pp. 55–72, 2016,
doi: 10.1016/j.isprsjprs.2016.03.008.

[2] R. Khatami, G. Mountrakis, and S. V. Stehman, “A meta-analysis of remote
sensing research on supervised pixel-based land-cover image classification
processes: General guidelines for practitioners and future research,” Re-
mote Sens. Environ., vol. 177, pp. 89–100, 2016.

[3] Y. Ban, P. Gong, and C. Giri, “Global land cover mapping using Earth
observation satellite data: Recent progresses and challenges,” ISPRS J.
Photogrammetry Remote Sens., vol. 103, no. 1, pp. 1–6. 2015.

[4] S. I. Gordon, “Utilizing Landsat imagery to monitor land-use change: A
case study in Ohio,” Remote Sens. Environ., vol. 9, no. 3, pp. 189–196,
May 1980.

[5] N. Gorelick et al., “Google Earth Engine: Planetary-scale geospatial
analysis for everyone,” Remote Sens. Environ., vol. 202, pp. 18–27, 2017,
doi: 10.1016/j.rse.2017.06.031.

[6] Q. Zhao et al., “Progress and trends in the application of Google Earth and
Google Earth Engine,” Remote Sens., vol. 13, no. 18, 2021, Art. no. 3778.

[7] G. M. Foody and M. K. Arora, “An evaluation of some factors affecting the
accuracy of classification by an artificial neural network,” Int. J. Remote
Sens., vol. 18, pp. 799–810, 1997, doi: 10.1080/014311697218764.

[8] C. P. Giri, Remote Sensing of Land Use and Land Cover: Principles and
Applications. Boca Raton, FL, USA: CRC Press, 2012.

[9] Q. Zhou et al., “Training data selection for annual land cover clas-
sification for the land change monitoring, assessment, and projec-
tion (LCMAP) initiative,” Remote Sens., vol. 12, 2020, Art. no. 699,
doi: 10.3390/rs12040699.

[10] C. Li et al., “The first all-season sample set for mapping global land cover
with Landsat-8 data,” Sci. Bull., vol. 62, pp. 508–515, 2017.

[11] S. Fritz et al., “A global dataset of crowdsourced land cover and land use
reference data,” Sci. Data, vol. 4, 2017, Art. no. 170075.

https://code.earthengine.google.com/?scriptPath=users%2Faminnabore%2Faminucas%3ALand-CoverTurkey
https://code.earthengine.google.com/?scriptPath=users%2Faminnabore%2Faminucas%3ALand-CoverTurkey
https://dx.doi.org/10.1016/j.isprsjprs.2016.03.008
https://dx.doi.org/10.1016/j.rse.2017.06.031
https://dx.doi.org/10.1080/014311697218764
https://dx.doi.org/10.3390/rs12040699


NABOUREH et al.: NATIONAL SCALE LC CLASSIFICATION USING THE SEMIAUTOMATIC HRSG METHOD 1869

[12] H. Huang et al., “The migration of training samples towards dynamic
global land cover mapping,” ISPRS J. Photogrammetry Remote Sens.,
vol. 161, pp. 27–36, 2020.

[13] J. Radoux et al., “Automated training sample extraction for global land
cover mapping,” Remote Sens., vol. 6, pp. 3965–3987, 2014.

[14] H. K. Zhang and D. P. Roy, “Using the 500 m MODIS land cover
product to derive a consistent continental scale 30 m Landsat land cover
classification,” Remote Sens. Environ., vol. 197, pp. 15–34, 2017.

[15] C. Li, G. Xian, Q. Zhou, and B. W. Pengra, “A novel automatic phenology
learning (APL) method of training sample selection using multiple datasets
for time-series land cover mapping,” Remote Sens. Environ., vol. 266,
2021, Art. no. 112670.

[16] C. Lin, P. Du, A. Samat, E. Li, X. Wang, and J. Xia, “Automatic updating
of land cover maps in rapidly urbanizing regions by relational knowledge
transferring from GlobeLand30,” Remote Sens., vol. 11, no. 12, 2019,
Art. no. 1397.

[17] X. Ma, X. Tong, S. Liu, X. Luo, H. Xie, and C. Li, “Optimized sample
selection in SVM classification by combining with DMSP-OLS, Landsat
NDVI and GlobeLand30 products for extracting urban built-up areas,”
Remote Sens., vol. 9, no. 3, 2017, Art. no. 236.

[18] T. Hermosilla, M. A. Wulder, J. C. White, and N. C. Coops, “Land cover
classification in an era of big and open data: Optimizing localized im-
plementation and training data selection to improve mapping outcomes,”
Remote Sens. Environ., vol. 268, 2022, Art. no. 112780.

[19] J. Bian, A. Li, G. Lei, Z. Zhang, and X. Nan, “Global high-resolution moun-
tain green cover index mapping based on Landsat images and Google Earth
Engine,” ISPRS J. Photogrammetry Remote Sens., vol. 162, pp. 63–76,
2020.

[20] A. Ghorbanian, M. Kakooei, M. Amani, S. Mahdavi, A. Mohammadzadeh,
and M. Hasanlou, “Improved land cover map of Iran using Sentinel
imagery within Google Earth Engine and a novel automatic workflow
for land cover classification using migrated training samples,” ISPRS J.
Photogrammetry Remote Sens., vol. 167, pp. 276–288, 2020.

[21] M. Amani et al., “Google Earth Engine cloud computing platform for
remote sensing big data applications: A comprehensive review,” IEEE J.
Sel. Topics Appl. Earth Observ. Remote Sens., vol. 13, pp. 5326–5350,
Sep. 2020, doi: 10.1109/JSTARS.2020.3021052.

[22] H. Shafizadeh-Moghadam, M. Khazaei, S. K. Alavipanah, and Q. Weng,
“Google Earth Engine for large-scale land use and land cover mapping:
An object-based classification approach using spectral, textural and to-
pographical factors,” GISci. Remote Sens., vol. 58, no. 6, pp. 914–928,
2021.

[23] A. Naboureh, J. Bian, G. Lei, and A. Li, “A review of land use/land cover
change mapping in the China-Central Asia-West Asia economic corridor
countries,” Big Earth Data, vol. 5, no. 2, pp. 237–257, 2021.

[24] C. Qiu, L. Mou, M. Schmitt, and X. X. Zhu, “Local climate zone-based
urban land cover classification from multi-seasonal Sentinel-2 images with
a recurrent residual network,” ISPRS J. Photogrammetry Remote Sens.,
vol. 154, pp. 151–162, 2019.

[25] H. Ebrahimy, H. Aghighi, M. Azadbakht, M. Amani, S. Mahdavi, and
A. A. Matkan, “Downscaling MODIS land surface temperature product
using an adaptive random forest regression method and Google Earth
Engine for a 19-years spatiotemporal trend analysis over Iran,” IEEE J.
Sel. Topics Appl. Earth Observ. Remote Sens., vol. 14, pp. 2103–2112,
Jan. 2021, doi: 10.1109/JSTARS.2021.3051422.

[26] F. Chen et al., “A landscape shape index-based sampling approach for land
cover accuracy assessment,” Sci. China Earth Sci., vol. 46, pp. 1413–1425,
2016.

[27] J. J. Arsanjani, A. Tayyebi, and E. Vaz, “GlobeLand30 as an alternative
fine-scale global land cover map: Challenges, possibilities, and implica-
tions for developing countries,” Habitat Int., vol. 55, pp. 25–31, 2016.

[28] M. A. Brovelli et al., “The first comprehensive accuracy assessment of
GlobeLand30 at a national level: Methodology and results,” Remote Sens.,
vol. 7, pp. 4191–4212, 2015.

[29] X. Cao et al., “Land cover mapping and spatial pattern analysis with remote
sensing in Nepal,” J. GeoInf. Sci., vol. 18, pp. 1384–1398, 2016.

[30] Y. Yang, P. Xiao, X. Feng, and H. Li, “Accuracy assessment of seven global
land cover datasets over China,” ISPRS J. Photogrammetry Remote Sens.,
vol. 125, pp. 156–173, 2017.

[31] B. Sun, X. Chen, and Q. Zhou, “Uncertainty assessment of GlobeLand30
land cover data set over Central Asia,” ISPRS Int. Arch. Photogrammetry
Remote Sens. Spatial Inf. Sci., vol. 41, pp. 1313–1317, 2016.

[32] H. E. Beck et al., “Present and future Köppen-Geiger climate classification
maps at 1-km resolution,” Sci. Data, vol. 5, 2018, Art. no. 180214.

[33] M. Calderon-Loor, M. Hadjikakou, and B. A. Bryan, “High-resolution
wall-to-wall land-cover mapping and land change assessment for Aus-
tralia from 1985 to 2015,” Remote Sens. Environ., vol. 252, 2021,
Art. no. 112148.

[34] D. Frantz et al., “Improvement of the Fmask algorithm for Sentinel-2
images: Separating clouds from bright surfaces based on parallax effects,”
Remote Sens. Environ., vol. 215, pp. 471–481, 2018.

[35] F. Zhang and X. Yang, “Improving land cover classification in an urbanized
coastal area by random forests: The role of variable selection,” Remote
Sens. Environ., vol. 251, 2020, Art. no. 112105.

[36] J. W. Rouse Jr. et al., “Monitoring the vernal advancement and retrograda-
tion (green wave effect) of natural vegetation,” NASA, Washington, DC,
USA, Tech. Rep. E75-10354, 1974.

[37] Y. Zha, J. Gao, and S. Ni, “Use of normalized difference built-up index
in automatically mapping urban areas from TM imagery,” Int. J. Remote
Sens., vol. 24, pp. 583–594, 2003.

[38] R. C. Marsett et al., “Remote sensing for grassland management in the
arid southwest,” Rangeland Ecol. Manage., vol. 59, pp. 530–540, 2006.

[39] J. Qi et al., “A modified soil adjusted vegetation index,” Remote Sens.
Environ., vol. 48, pp. 119–126, 1994.

[40] H. Xu, “Modification of normalised difference water index (NDWI) to
enhance open water features in remotely sensed imagery,” Int. J. Remote
Sens., vol. 27, pp. 3025–3033, 2006.

[41] T. N. Carlson and D. A. Ripley, “On the relation between NDVI, fractional
vegetation cover, and leaf area index,” Remote Sens. Environ., vol. 62,
pp. 241–252, 1997.

[42] G. Lei, A. Li, J. Bian, and Z. Zhang, “The roles of criteria, data and
classification methods in designing land cover classification systems:
Evidence from existing land cover data sets,” Int. J. Remote Sens., vol. 41,
pp. 5062–5082, 2020.

[43] K. Winkler, R. Fuchs, M. Rounsevell, and M. Herold, “Global land
use changes are four times greater than previously estimated,” Nature
Commun., vol. 12, pp. 1–10, 2021.

[44] J. Degerickx et al., “A novel spectral library pruning technique for spectral
unmixing of urban land cover,” Remote Sens., vol. 9, 2017, Art. no. 565.

[45] J. F. Pekel, A. Cottam, N. Gorelick, and A. S. Belward, “High-resolution
mapping of global surface water and its long-term changes,” Nature,
vol. 540, pp. 418–422, 2016.

[46] P. Gong et al., “Annual maps of global artificial impervious area
(GAIA) between 1985 and 2018,” Remote Sens. Environ., vol. 236, 2020,
Art. no. 111510.

[47] C. Zhang et al., “Assessing the impact of endmember variability on linear
spectral mixture analysis (LSMA): A theoretical and simulation analysis,”
Remote Sens. Environ., vol. 235, 2019, Art. no. 111471.

[48] J. Yang and X. Huang, “The 30 m annual land cover dataset and its
dynamics in China from 1990 to 2019,” Earth Syst. Sci. Data, vol. 13,
no. 8, pp. 3907–3925, 2021.

[49] C. Manohar Kumar, S. S. Jha, R. R. Nidamanuri, and V. K. Dadhwal,
“Benchmark studies on pixel-level spectral unmixing of multi-resolution
hyperspectral imagery,” Int. J. Remote Sens., vol. 43, pp. 1451–1484, 2022.

[50] J. J. Settle and N. A. Drake, “Linear mixing and the estimation of ground
cover proportions,” Int. J. Remote Sens., vol. 14, pp. 1159–1177, 1993.

[51] C. J. Tucker, “Red and photographic infrared linear combinations for
monitoring vegetation,” Remote Sens. Environ., vol. 8, no. 2, pp. 127–150,
1979.

[52] J. R. Eastman et al., “Global trends in seasonality of normalized dif-
ference vegetation index (NDVI), 1982–2011,” Remote Sens., vol. 5,
pp. 4799–4818, 2013.

[53] L. Breiman, “Random forests,” Mach. Learn., vol. 45, pp. 5–32, 2001.
[54] M. Beligiu and L. Dragut, “Random forest in remote sensing: A review

of applications and future directions,” ISPRS J. Photogrammetry Remote
Sens., vol. 114, pp. 24–31, 2016.

[55] M. Mahdianpari et al., “A large-scale change monitoring of wetlands using
time series Landsat imagery on Google Earth Engine: A case study in
Newfoundland,” GISci. Remote Sens., vol. 57, pp. 1102–1124, 2020.

[56] H. Yang, X. Zhang, and A. J. Zehnder, “Water scarcity, pricing mechanism
and institutional reform in northern China irrigated agriculture,” Agricul-
tural Water Manage., vol. 61, pp. 143–161, 2003.

[57] C. Deng, “Automated construction of multiple regional libraries for neigh-
borhoodwise local multiple endmember unmixing,” IEEE J. Sel. Topics
Appl. Earth Observ. Remote Sens., vol. 9, no. 9, pp. 4232–4246, Sep. 2016.

[58] F. Maselli, “Monitoring forest conditions in a protected Mediterranean
coastal area by the analysis of multiyear NDVI data,” Remote Sens.
Environ., vol. 89, pp. 423–433, 2014.

https://dx.doi.org/10.1109/JSTARS.2020.3021052
https://dx.doi.org/10.1109/JSTARS.2021.3051422


1870 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023

[59] S. Szabo, Z. Gacsi, and B. Balazs, “Specific features of NDVI, NDWI
and MNDWI as reflected in land cover categories,” Landscape Environ.,
vol. 10, pp. 194–202, 2016.

[60] A. Naboureh et al., “Assessing the effects of irrigated agricultural expan-
sions on Lake Urmia using multi-decadal Landsat imagery and a sample
migration technique within Google Earth Engine,” Int. J. Appl. Earth
Observ. GeoInf., vol. 105, 2021, Art. no. 102607.

[61] M. Azadbakht, C. S. Fraser, and K. Khoshelham, “Synergy of sampling
techniques and ensemble classifiers for classification of urban environ-
ments using full-waveform LiDAR data,” Int. J. Appl. Earth Observ.
GeoInf., vol. 73, pp. 277–291, 2018.

[62] A. Naboureh, A. Li, J. Bian, G. Lei, and M. Amani, “A hybrid data
balancing method for classification of imbalanced training data within
Google Earth Engine: Case studies from mountainous regions,” Remote
Sens., vol. 12, no. 20, 2020, Art. no. 3301.

[63] C. F. Brown et al., “Dynamic World, near real-time global 10 m land use
land cover mapping,” Sci. Data, vol. 9, no. 1, pp. 1–17, 2022.

[64] X. Zhang et al., “GWL_FCS30: Global 30 m wetland map with fine
classification system using multi-sourced and time-series remote sensing
imagery in 2020,” Earth Syst. Sci. Data Discuss., vol. 15, no. 1, pp. 1–31,
2022.

[65] U. Heiden, K. Segl, S. Roessner, and H. Kaufmann, “Determination of
robust spectral features for identification of urban surface materials in
hyperspectral remote sensing data,” Remote Sens. Environ., vol. 111,
pp. 537–552, 2007.

[66] F. Priem and F. Canters, “Synergistic use of LiDAR and APEX hyperspec-
tral data for high-resolution urban land cover mapping,” Remote Sens.,
vol. 8, 2016, Art. no. 787.

[67] Q. Wang, X. Ding, X. Tong, and P. M. Atkinson, “Spatio-temporal spectral
unmixing of time-series images,” Remote Sens. Environ., vol. 259, 2021,
Art. no. 112407.

Amin Naboureh (Member, IEEE) received the Ph.D.
degree in physical geography from the University
of Chinese Academy of Sciences, Beijing, China, in
2022.

He is a Postdoctoral Researcher with the Insti-
tute of Mountain Hazards and Environment, Chinese
Academy of Sciences, Chengdu, China. His research
interests include, but are not limited to, land cover/use
change monitoring, big remote sensing data process-
ing, and utilizing advanced machine learning for nat-
ural hazards assessment and environmental manage-

ment. A list of his research works can be found at https://www.researchgate.net/
profile/Amin-Naboureh.

Dr. Naboureh was the recipient of the Scholarship Award of the CAS-TWAS
President’s fellowship program in 2018. He was also the recipient of the excellent
international student and graduate titles from University of Chinese Academy
of Sciences in 2021 and 2022, respectively.

Ainong Li (Member, IEEE) received the Ph.D. degree
in physical geography from the University of Chinese
Academy of Sciences, Beijing, China, in 2007.

He is currently a Professor with the Univer-
sity of Chinese Academy of Sciences. He has au-
thored/coauthored more than 200 peer-reviewed jour-
nal papers and four monographs so far. Currently,
he is undertaking four national research projects.
His research interests include remote sensing images
preprocessing and spatial-temporal-spectral fusion,
ecological environment assessment, biodiversity con-

servation, disaster risk assessment, and emergency response investigation. A list
of his research works can be found at http://sourcedb.imde.cas.cn/yw/rc/fas/
201708/t20170817_4849614.html.

Jinhu Bian (Member, IEEE) received the M.S. and
Ph.D. degrees in physical geography from the Insti-
tute of Mountain Hazards and Environment (IMHE),
Chinese Academy of Sciences, Chengdu, China, in
2010 and 2017, respectively.

From 2016 to 2017, he was a Visiting Scholar with
the University of Maryland, College Park, MD, USA.
He is currently a Research Associate Professor with
IMHE, Chinese Academy of Sciences. His research
interests include spatiotemporal fusion methods and
their integrated applications in mountainous areas. A

list of his research works can be found at https://www.researchgate.net/profile/
Jinhu_Bian.

Guangbin Lei received the B.S. degree in geogra-
phy information system from the Sichuan Normal
University, Chengdu, China, in 2008, and the Ph.D.
degree in physical geography (mountain quantita-
tive remote sensing) from the Institute of Mountain
Hazards and Environment, Chinese Academy of Sci-
ences, Chengdu, China, in 2016.

He is currently a Research Assistant Professor with
the Institute of Mountain Hazards and Environment,
Chinese Academy of Sciences. His current research
focuses on land use/land cover change mapping. A

list of his research works can be found at https://www.researchgate.net/profile/
Guangbin_Lei.

https://www.researchgate.net/profile/Amin-Naboureh
https://www.researchgate.net/profile/Amin-Naboureh
http://sourcedb.imde.cas.cn/yw/rc/fas/201708/t20170817_4849614.html
http://sourcedb.imde.cas.cn/yw/rc/fas/201708/t20170817_4849614.html
https://www.researchgate.net/profile/Jinhu_Bian
https://www.researchgate.net/profile/Jinhu_Bian
https://www.researchgate.net/profile/Guangbin_Lei
https://www.researchgate.net/profile/Guangbin_Lei


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


