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Abstract: Regardless of political boundaries, river basins are a functional unit of the Earth’s land
surface and provide an abundance of resources for the environment and humans. They supply
livelihoods supported by the typical characteristics of large river basins, such as the provision of
freshwater, irrigation water, and transport opportunities. At the same time, they are impacted
i.e., by human-induced environmental changes, boundary conflicts, and upstream–downstream
inequalities. In the framework of water resource management, monitoring of river basins is therefore
of high importance, in particular for researchers, stake-holders and decision-makers. However,
land surface and surface water properties of many major river basins remain largely unmonitored at
basin scale. Several inventories exist, yet consistent spatial databases describing the status of major
river basins at global scale are lacking. Here, Earth observation (EO) is a potential source of spatial
information providing large-scale data on the status of land surface properties. This review provides
a comprehensive overview of existing research articles analyzing major river basins primarily using
EO. Furthermore, this review proposes to exploit EO data together with relevant open global-scale
geodata to establish a database and to enable consistent spatial analyses and evaluate past and current
states of major river basins.
Keywords: major river basins; catchment; watershed; Earth observation; remote sensing; spatial
analyses; land surface; surface water

1. Introduction
1.1. Relevance of River Basins
Since the origin of ancient civilization, human activity primarily evolved in regions where
the Earth’s surface is shaped by rivers [1]. In terms of freshwater supply and food production,
rivers are essential to human societies [2]. At the same time, rivers are systematically exploited
for extensive irrigation, transportation, or hydropower generation. Mesopotamia, also referred
to as cradle of civilization, is formed by the Tigris and Euphrates river system providing fertile
soils as well as direct access to freshwater for livelihoods and agricultural productivity. However,
the Tigris–Euphrates river basin has faced extreme drought events over recent decades that have
contributed to agricultural failures [3]. In comparison, the Mekong river, considered to be the
lifeline of Southeast Asia, has undergone vast human-induced changes. The natural river flow has
been thoroughly modified through the construction of dams with a tremendous impact mainly on
biodiversity and sediment transportation [4]. A decrease in sediment transportation from the Mekong
river to the sea already resulted in large-scale erosion at its delta [5].
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Growing human societies, increasing demand for freshwater, and global climate change
put high pressure on river systems and their entire drainage area [6–8]. As freshwater is not
evenly distributed on the globe, many regions must deal with water scarcity [9]. In this regard,
Mekonnen and Hoekstra [10] reported that around 4 billion people suffer severe water scarcity over a
period of at least 1 month a year. With accelerating climate change, the number of people affected by
climatic and hydrological extreme events might increase considerably.
In the light of land and water resource management, monitoring of rivers and their entire drainage
area is highly important [11]. With more detail, the drainage area of a river, also called river basin,
covers all parts of the land surface that contribute to the river discharge at a certain point. In fact, river
basins are a functional unit of the Earth’s surface with unique characteristics with respect to their land
surface properties, topography, geology, and climate. Here, it is important to note that any changes
made in the upstream area might have a considerable impact on downstream regions. Therefore,
governance of major river basins, particularly transboundary river basins where collaboration between
nations is a prerequisite for avoiding political conflicts [12], is of utmost significance with respect to
environmental health and economic development. Figure 1 briefly visualizes selected features and
processes of a river basin.

A1
C1

C

A

D
A2
D1
B1

H

B2

E

H1

E1

G

I

G1

F
F1

I1

B3
A3

D2
K
E2
Characteristic zones of a river basin:
(A) river basin
(A1) source or headwater region
(A2) transition region
(A3) floodplain or mouth region

J

J1

G

D1
E3

Governance:
(B1) administrative boundary
(B2) transboundary river basin management
(B3) upstream-downstream inequalities

Land surface parameters:
(C) snow cover, glacier, permafrost, (D) water bodies, (E) dams, (F) artificial channels, (G) agriculture and aquaculture,
(H) water quality, (I) forest and vegetation condition, (J) settlement areas, (K) coastline
Land surface and surface water processes:
(C1) surface runoff, (D1) inundation and flooding, (D2) river discharge, (E1) disturbance of natural river flow impacting
biodiversity and sediment transportation, (E2) accretion and erosion depending on sediment transport, (E3) saltwater intrusion,
(F1) river flow modification, (G1) irrigation, (H1) water pollution, (I1) deforestation and monoculture tree plantations,
(J1) land sealing and increased surface runoff

Figure 1. Schematic overview of a river basin showing selected land surface parameters and related
processes (several symbols used are adopted or modified according to courtesy of the Integration and
Application Network, University of Maryland Center for Environmental Science).

River basin management requires comprehensive monitoring of its unique characteristics. To date,
there are several inventories and interactive data portals providing information on selected major river
basins. AQUASTAT, maintained by the Food and Agriculture Organization (FAO), provides tabular
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inventories on water resources, dams, and irrigation characteristics, but just at the spatial entity of
countries. Additionally, a detailed geographical description is available for a selection of transboundary
river basins only. Furthermore, HydroSHED provides a suite of geospatial datasets related to
hydrographic information on river basins at global scale [13]. The Global Runoff Data Centre (GRDC)
offers geospatial datasets on river basin boundaries as well, including tabular inventories on drainage
area and mean annual discharge. Additionally, the United Nations Environment Programme (UNEP)
coordinates the Transboundary Waters Assessment Programmes (TWAP) river basin component. This
platform quantifies baseline information for all transboundary river basins at global scale, including
indicators such as water stress, water pollution, governance aspects, and socio-economic variables
mainly focusing on risks related to the environment and society. In addition, the World Resources
Institute (WRI) provides geospatial information on water related topics, such as water risk on the
Aqueduct platform. However, an exploitation of available geospatial thematic data as well as a
consistent monitoring of the spatial and temporal distribution of land surface and surface water
properties lack for major river basins at global scale [14–16]. In Figure 2 general characteristics of major
river basins, such as basin area, measured mean annual discharge, population data, and change of
selected land cover information are described.
1.2. Earth Observation in Times of Open Archives
Considering the large size and spatial as well as temporal variability of major river basins,
Earth observation (EO) has the potential to serve as an efficient tool for river basin characterization.
This includes direct and indirect measurements e.g., on land cover and land use, surface water,
and river or lake water levels.
The open data policies for many satellite programs offer free access to data archives, e.g., from
the European Copernicus Sentinel or the USGS Landsat and MODIS missions, including optical,
synthetic aperture radar (SAR), or altimetry instruments. Depending on the requirements and research
questions, analyses of land surface and surface water dynamics can be performed at high to low
spatial resolution (10 to 1000 m) covering local to global scale. Here, the temporal resolution of change
analyses highly depends on the selected data source. Long-term analyses are possible at medium
spatial resolution (30 m) e.g., using optical Landsat data (since 1972). Landsat data have the potential
to retrieve information on e.g., land cover and land use, vegetation condition, or water clarity at a
revisit time of 16 days [15,17,18]. Considering time-series analyses, the low revisit time and data gaps
of multispectral Landsat images caused by cloud coverage might drastically reduce the number of
valid observations. However, incorporating multi-source Sentinel-2 imagery (since 2015) at 10 to 20 m
spatial resolution and a revisit time of up to 5 days, it is possible to densify time-series of optical
imagery at high spatial resolution. On the other hand, MODIS (since 2000) and NOAA–AVHRR (since
1978) provide multispectral imagery at low spatial resolution (250 to 1 km) with the advantage of very
high temporal resolution up to twice a day. These data offer the opportunity to perform time-series
analyses at very high temporal resolution, e.g., to monitor crop growth or inundation dynamics [19,20].
In comparison, SAR missions have the capability to observe land surface dynamics independent of
illumination and weather conditions. In detail, open SAR data is provided e.g., by the Sentinel-1
mission at a spatial resolution up to 10 m and a temporal resolution up to 3 days. SAR data have the
potential to characterize e.g., inundated areas with or without vegetation cover [21,22].
1.3. Objectives and Scope of this Review
In this review, we analyze all available studies focusing on EO-based characterization of river
basins and we assess how EO can contribute to quantifying land surface and surface water parameters
with respect to major river basins. To our knowledge, there is no review article mainly focusing
on EO-based applications in the context of large river basins. However, we identified related
reviews e.g., investigating the use of EO in characterizing surface water [14], EO for monitoring
river corridors [23], EO for water resources management [11], EO for monitoring flood extent and
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Figure 2. Characteristics of selected major river basins (selection procedure is described in Section 2).
River basin outlines and data on river basin area and discharge are obtained from the Global Runoff
Data Centre (GRDC) [24]. Population data is extracted from CIESIN population dataset [25] and spatial
information on urban areas as well as rainfed and irrigated croplands from European Space Agency’s
(ESA) Climate Change Initiative (CCI) Land Cover [26].
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water level [27], or application of EO in hydrology [28,29]. The overarching objective of this review
is to analyze EO-based datasets and their respective spatial and temporal scale. For this purpose,
we review all available literature and provide a general overview of what type of information has been
made available to date. In this context, the following research questions will be addressed:
•
•
•
•

Which land surface and surface water parameters are studied for major river basins?
Which remote sensing data sources are used in the reviewed articles?
What is the availability of basin wide studies, also with respect to the analyses of transboundary
river basins?
What are the limitations of major river basin analyses and what are challenges for future studies?

In Section 2, we start with the description of the methodological review approach. In the following,
we present the results of the literature review in Section 3. With more detail, we provide a broad
overview of the reviewed studies that investigate river basin characteristics using satellite data. Here,
we focus on parameters, such as the spatial distribution of the studies, the identified research foci,
employed sensor types, temporal resolution, and spatial scale of the reviewed studies. We also
elaborate relevant open geospatial datasets describing land surface and surface parameters at global
scale. Afterwards, a detailed review of the investigated land surface and surface water parameters is
given. Next, we discuss the findings of our review in Section 4. In Section 5, the review is summarized
focusing on the main findings.
2. Methodology
We collocated all available research articles investigating land surface and surface water
parameters, specifically those measurable directly at the Earth’s surface, using primarily spaceborne
remote sensing data. In the literature, a major river basin is categorized e.g., based on its mean annual
discharge, total length of the river, or total size of the drainage area. In this review, the selection of
major river basins is solely based on their drainage area. To incorporate at least one major river basin
per continent, we selected all river basins with a drainage area greater than 500,000 km2 . It must be
noted that lake drainage areas are not considered for this review. The resulting sample size amounts to
the 28 largest river basins, visualized in Figure 2.
Literature search has been conducted based on the bibliographic database of Web of Science and
Scopus (last accessed on 09.04.2019) including research articles of the last two decades, specifically
published between 2000 and end of the first quarter of 2019. During literature search we used the names
of the selected major river basins together with additional keywords including ’river’, ’delta’, ’basin’,
’catchment’, ’watershed’, or ’floodplain’. This search query resulted in a very large number of research
articles. Hence, we reduced the number of journals by pre-selection, since this review focused primarily
on EO-based studies of river basins. In particular, this pre-selection limited the literature search to
14 relevant journals and was conducted based on criteria such as compliance of the scope between
journal and literature review and relevance of the published research articles. The selected journals as
well as the number of identified research articles are listed in Table 1. Accordingly, the research focus
of the selected journals is on EO, geoscience, and hydrology. In a final step, we screened all resulting
literature based on the following inclusion criteria:
•
•
•
•

The literature addressed EO-based land surface and surface water characterization.
The research article investigated the spatial entity “basin”, “subbasin”, or “regional”. Studies
with a small local study area are excluded.
The research article employed primarily spaceborne EO data.
The research article did not focus on sea surface water or land–atmosphere interaction
applications.

Remote Sens. 2019, 11, 2951

6 of 36

Table 1. List of included journals and the corresponding count of reviewed articles.
Journal Title

Number of Articles

Remote Sensing of Environment

75

Remote Sensing

62

International Journal of Remote Sensing

59

Applied Geography

12

International Journal of Applied Earth Observation
and Geoinformation

11

Hydrological Processes

11

IEEE Transactions on Geoscience and Remote Sensing

9

IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing

8

Science of the Total Environment

7

Hydrology and Earth System Sciences

7

Journal of Applied Remote Sensing

5

Journal of Hydrology

5

Environmental Earth Sciences

5

Photogrammetric Engineering and Remote Sensing

4

ISPRS Journal of Photogrammetry and Remote Sensing

4

Water Resources Research

3

∑

287

The remaining 287 studies were analyzed to extract relevant information for this review, such as
the parameters research focus, employed remote sensing sensor, spatial scale of the study area,
and temporal resolution of the study (see Supplement Table S1). Regarding the thematic focus of this
review, the research articles were categorized into “biosphere”, “hydrosphere”, and “cryosphere”.
Studies analyzing urban areas were assigned to the category “biosphere”. Throughout the literature
review, research foci were identified and associated with one of the defined spheres. Corresponding
research foci are listed in Table 2.
Table 2. Summary of categories and corresponding research foci.
Category

Research Focus

Biosphere
Hydrosphere
Cryosphere

Agriculture, coastline, land cover and land use, urban, vegetation
River discharge, river water level, surface water, water quality
Permafrost, river and lake ice, snow and ice cover

3. Results: EO Applications for River Basins
In this section, we first provide a broad overview of the spatial distribution of the reviewed
studies and their respective research foci. Afterwards, we evaluate the used sensor types, the temporal
resolution as well as the spatial scale of the reviewed research articles. In the following, a more
detailed review of the identified research foci is provided presenting key results and findings of the
reviewed studies.
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3.1. Spatial Distribution of Reviewed Research Articles
The results of this review revealed that analyses of land surface and surface water parameters
mainly focused on selected major river basins. The frequency of studies with respect to each individual
river basin as well as country are compiled in Figure 3. In detail, we found that the number of
published studies is highest for the Amazon river basin, specifically, it was investigated by ∼21% of
all reviewed studies. Also, we identified a high research interest for river basins in Southeast Asia,
specifically the Yangtze, Mekong, and Yellow river basin. In particular, the percentage of research
articles analyzing these river basins amounts to ∼15%, ∼15%, and ∼9%, respectively. Even though the
Congo river basin is the second largest in the world, it was investigated in only ∼6% of the reviewed
articles. Furthermore, the Mississippi and Mackenzie river basins, located in North America, have
a share of ∼5% each. With respect to Arctic river basins, Figure 3a demonstrates that the number of
reviewed studies is comparably low, i.e., 2 studies for the Kolyma [30,31] and Volga [32,33] river basins,
respectively. To our knowledge, no studies have been conducted for the Amur river basin.

Number of studies per river basin
0
1-2
3-8
9 - 27
28 - 44
45 - 60

(a)

River basin outlines
Number of studies per country
0
1-4
5 - 10
11 - 19
20 - 59
60 - 84

(b)
Figure 3. Overview (a) of the frequency of reviewed research articles per major river basin and (b) the
frequency of reviewed research articles per investigated country.

In Figure 3b, the number of reviewed research articles per investigated country is illustrated.
Considering the riparian countries of the Amazon river basin, we found that the number of studies
is highest for Brazil (e.g., [34–37]). Although river basins are a functional unit regardless of national
boundaries, Figure 3b clearly indicates areas of special interest. With more detail, these include China,
Brazil, Vietnam, and the United States of America, where the percentage of studies amounts to ∼29%,
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∼21%, ∼11%, ∼8%, respectively. For several major river basins, such as the Niger, Nile, Zambezi,
and Danube, it becomes apparent that the territory of some countries included in the functional unit of
the river basin remained entirely unstudied.

Brazil (20)
Canda (11)
Others (4)

USA (76)

Germany (26)

France (18)
Others (12)
Italy (8)
Taiwan (7)
Others (17)
Egypt (5)
Australia (7)
New Zealand (1)

Japan (13)

China (62)

Figure 4. Institutional affiliation of first authors by continent and nation. The number of reviewed
studies is provided in brackets.

In this framework, Figure 4 describes the institutional affiliation of the first authors of all reviewed
research articles. Here, an alignment of the number of institutional affiliations and the number of
reviewed studies per investigated country is noticeable (see Figure 3b and Supplement Table S1). We
figured that studies conducted by first authors affiliated to China also dealt with study areas located
in China in ∼89% of the investigations. In case of Brazil, the corresponding percentage amounts to
∼75%. First authors associated with Germany mostly investigated study areas located in Asia (∼85%).
Moreover, first authors affiliated with the United States of America dealt with study areas located on
the American continent in ∼60% of all studies. It must be noted that regarding institutional affiliations
of co-authors, ∼42% of all reviewed studies are conducted by cross-border collaborations.
3.2. Broad Categorization of Research Foci
During literature review, we categorized all research articles into “biosphere”, “hydrosphere”,
and “cryosphere”. According to these spheres, we identified research foci as sub-categories describing
EO-based quantification of land surface and surface water parameters (see Table 2 and Figure 5).
With a share of ∼53%, the research category biosphere was studied in more than half of the reviewed
investigations. Within this category, the main research focus was on vegetation characteristics
(∼39%). Following this, multi-class land cover and land use classifications were studied in ∼32%
of all investigations (Figure 5). Studies associated with the research foci “urban”, “agriculture”,
and “coastline” amount to a share of ∼12%, ∼12%, and ∼5%, respectively. On the other hand,
the research category hydrosphere was studied in ∼39% of all reviewed articles. This category
includes research foci related to the quantification of surface water and river characteristics. Here,
the topic “surface water” had the highest share of articles (∼45%). These studies primarily focused on
binary surface water extent classification as well as on the quantification of flooding and inundation
dynamics. Finally, investigations related to river properties such as “water quality”, “river water level”,
and “river discharge” amount to ∼27%, ∼16%, and ∼12%, respectively. In comparison, the category
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cryosphere included ∼8% of the reviewed research articles. Here, we identified “snow and ice cover”,
“permafrost”, and “river and lake ice” as research foci.

Figure 5. Number of reviewed research articles per research focus.

Figure 6. Number of reviewed research articles categorized by major river basin and research category.
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Figure 6 presents the number of reviewed research articles with respect to one of the defined
research categories per investigated major river basin. This figure indicates that Arctic river basins
as well as several river basins with highly mountainous source regions, such as the Indus and
Tigris–Euphrates, have a comparably higher share of studies associated with the category cryosphere.
In the case of the Brahmaputra, Columbia, Orinoco, Sao Francisco, St. Lawrence, and Volga river
basins, all reviewed articles investigated research foci related to the hydrosphere. Yet, the total number
of reviewed articles is comparably low for these river basins. Furthermore, for the Amazon, Congo,
Mekong, Yangtze, and Yellow river basins, the category biosphere accounted for more than half of all
studies in each individual river basin.
3.3. Employed Sensor Types in Reviewed Research Articles
In terms of used sensor types within the studies, we found that imagery recorded by optical
sensors were most frequently used (see Figure 7). Specifically, ∼61% of all studies rely solely on
optical remote sensing data. Furthermore, ∼13% of all studies only used SAR and ∼6% altimetry
data. Optical and SAR data are most frequently combined (∼5%), while synergistic use of optical and
passive microwave data accounted for ∼4% of all investigations. Further sensor combinations are
visualized in Figure 7 and amount together to ∼11%.
Figure 8 visualizes the share of used sensor types with respect to the identified research foci.
Similar to the results in Figure 7, optical imagery is the most frequently used data source across all
research categories. With more detail, ∼14% of the studies investigating research questions related to
vegetation characteristics used optical imagery. Similarly, optical data was the primary data source for
studies with their research focus on “land cover and land use” (∼13%), “urban” (∼5%), “agriculture”
(∼4%), and “coastline” (∼3%). Within the research category biosphere, SAR data was most often used
for vegetation mapping (∼5%).

Figure 7. Employed sensor types and their synergistic use in all reviewed articles.
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Figure 8. Percentage of employed sensor types categorized by research foci.

Following this, optical imagery was also primarily used for surface water (∼9%) and water
quality (∼9%) mapping. In ∼6% of all studies, SAR images were applied to characterize surface water.
Considering river water level and river discharge estimation, altimetry data was used most frequently
accounting for ∼5% and ∼3%, respectively.
Regarding the research category cryosphere, optical imagery was most often used (∼13%) for
snow and ice (∼2%) as well as river and lake ice monitoring (∼1%). Studies focusing on permafrost
employed SAR data in most cases (∼1%).
3.4. Temporal Resolution of Reviewed Research Articles
Figure 9 shows the temporal resolution and total observation length of all reviewed investigations.
Considering the temporal resolution of the reviewed investigations, we established the classes “single”,
“intra-annual”, and “inter-annual”. The class “single” includes all studies performing no change
analysis in their results. If the change analysis was conducted at an interval of less than 12 months,
we assigned the respective study to the class “intra-annual”. The class “inter-annual” comprises all
studies conducting a change analysis at an interval greater than a year. In total, we found that ∼12%
of all studies performed no change analysis. Furthermore, the results indicate that inter-annual change
analyses were undertaken in ∼37% of all reviewed articles, while ∼51% investigated intra-annual
changes of a respective parameter. In general, we found that intra-annual investigations considered
shorter time periods than inter-annual change analyses. The maximum study period for intra-annual
analyses amounts to 29 years and to 56 years for inter-annual analyses. Over the two investigated
decades, the number of studies performing no change analysis remained constant (Figure 9a). There is
a remarkable increase in the number of studies undertaking intra-annual change analyses starting in
2009. Similarly, we also detected an increase with respect to inter-annual change analysis.
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(a)

(b)
Mean: 11.53 years
Median: 10 years

(c)
Figure 9. Number of published studies per year and their temporal resolution with respect to (a)
change detection analyses and (b) employed satellite imagery. The boxplots demonstrate the (c) length
of the study periods of all reviewed articles per publication year.
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In addition, we categorized the studies with respect to the temporal resolution of the
employed satellite imagery. Here, we differentiated between “mono-temporal”, “multi-temporal”,
and “time-series” analyses. The first class includes studies that only used single acquisitions and
the second class includes investigations that used multiple images at several time steps. The third
class “time-series” includes studies where a series of images was used at a constant revisit time
and/or the research objective was to perform a trend analysis. The results show that only ∼6% of
all considered studies applied single acquisitions as input. In comparison, ∼49% of all reviewed
articles used multi-temporal imagery and satellite image time-series were employed in ∼45% of all
cases. The distribution of the classes over the two investigated decades is depicted in Figure 9b. It is
noticeable that the number of time-series applications increased consistently since 2011. This also
aligns with the identified increase in intra-annual change analyses (see Figure 9a). Corresponding
to the increase of the total number of published articles, there was also a slight increase in the use of
multi-temporal satellite images since 2008. The usage of mono-temporal satellite imagery remained
constantly low.
Considering the length of the investigated study periods, we identified that ∼54% of all study
periods were below or equal to 10 years and ∼18% greater than 20 years. Figure 9c visualizes the
length of the study periods per publication year. In general, this figure indicates an overall increase in
the length of study periods.
3.5. Spatial Scale of Reviewed Research Articles
Moreover, the reviewed research articles were categorized according to the spatial extent of the
investigated study area. In this context, we classified the reviewed articles into “basin”, “subbasin”,
and “regional”. Here, investigations at the spatial scale of an entire major river basin are assigned to
the class “basin”. The category “subbasin” considers functional subsets of a river basin, including
e.g., source or mouth regions. Lastly, “regional” describes study areas with no spatial relation to the
functional unit of a river basin i.e., studies analyzing single satellite acquisitions only. However, these
studies still have a clear research focus with respect to one of the selected major river basins.

Australia

Figure 10. Number of reviewed research articles categorized by major river basin and their investigated
spatial scale.

Considering the investigated spatial extent of the reviewed articles in Figure 10, it is evident that
the frequency of basin wide studies is comparably low. In total, only ∼14% of the studies focused on
the analysis of an entire major river basin and, in comparison, ∼37% of all studies investigated study
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areas at subbasin scale. Almost half of the reviewed studies, specifically ∼49% investigated a study
area at regional scale.
With more detail, we found that most of the basin wide applications were conducted for
the Amazon river basin (∼4%). The river basin with the second highest number of basin wide
investigations is the Murray–Darling river basin in Australia (∼2%). Considering the Murray–Darling
river basin, almost all available studies are at basin scale. Moreover, the number of studies related to the
category “subbasin” is highest for the Mekong, Yangtze, and Yellow river basin. Here, most subbasin
analyses had their focus on delta regions. Regional analyses were mostly conducted for the Amazon
river basin (∼13%) as well as for the Yangtze (∼8%) and Mekong (∼6%) river basins.
Furthermore, our analysis revealed that most of the reviewed studies focused on the investigation
of single river basins only, in particular ∼94% of all articles (e.g., [15,38,39]). In ∼6% of all studies,
more than one river basin was analyzed (e.g., [40–42]). Additionally, ∼69% of all studies dealt with a
transboundary river basin; however, among these studies ∼67% investigated the functional unit of a
river basin within one riparian country only.
3.6. Additional EO-Based Data
Despite basin wide applications, global geospatial datasets are already available for many land
surface parameters. A list of selected layers is presented in Table 3. To our knowledge, the first global
land cover dataset was published at a spatial resolution of 1 degree [43]. Later, Loveland et al. [44]
used NOAA-AVHRR data, acquired in 1992 and 1993, to generate global land cover data at a spatial
resolution of 1 km. Since then, further datasets at even higher spatial and temporal resolution became
available. Recently, a yearly global land cover product was published by the European Space Agency’s
(ESA) Climate Change Initiative (CCI) Land Cover project for the period between 1992 and 2015 and
at a spatial resolution of 300 m [26]. However, global land cover data at high to medium spatial
resolution are still lacking. Further layers are available for the parameter vegetation, surface water,
and urban areas at global scale. For these thematic datasets, the spatial resolution reaches up to
10 m. Many studies included subsets of global thematic datasets into their analysis. For example,
Wang et al. [45] used the global surface water layer to analyze surface water dynamics over the Yangtze
river basin. In another study, OSM data was applied to extract built-up areas [17]. Also, MODIS-based
land cover products were used in several studies (e.g., [40,46,47]).
3.7. Review of Research Foci
In this section, a detailed review for the research foci is provided. Here, the review of each
research focus is structured based on the spatial scale of the corresponding research articles. Studies at
basin scale are reviewed first, followed by studies at regional and subbasin scale.
3.7.1. Biosphere: Land Cover and Land Use
Monitoring the state of the Earth’s surface is of high importance for quantification of global
environmental change. In the context of river basins, data on regional land cover and land use
characteristics of a river basin act as baseline information for decision-makers and support river basin
and water management. We found that ∼17% of all reviewed articles focused on multi-class land cover
and land use classifications. Among these, only ∼10% quantified and analyzed land cover and land
use at the spatial scale of an entire major river basin [16,48–51]. Here, we found that most of the basin
wide land cover and land use studies were conducted for the Yellow river basin. With more detail,
Wohlfart et al. [16] quantified land cover change for two time steps, specifically 2003 and 2013, using
time-series of MODIS data at a spatial resolution of 250 m. Also, Wang et al. [50] evaluated land cover
change for the entire Yellow river basin between the years 1990, 1995, and 2000 by means of Landsat
imagery. On the other hand, Matsuoka et al. [49] analyzed land cover for East China, including the
whole Yellow river basin. They used MODIS as well as nighttime light imagery for one time step and
employed a decision tree classifier. Moreover, land cover of the Mekong river basin was quantified for
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Table 3. Summary of selected open geospatial data sets characterizing land surface and surface water
parameters. The temporal resolution is described as yearly (Y), monthly (M), and daily (D).
Dataset

Data basis

Spatial
Resolution

Temporal
Resolution

Reference

Land cover
ESA CCI land cover
GLC2000
MODIS land cover
GlobCover
GlobLand30

ENVISAT-MERIS,
NOAA-AVHRR,
PROBA-V
SPOT
MODIS
MERIS
Landsat

300 m

1992–2015 (Y)

[26]

1 km
500 m
300 m
30 m

2000
2001–2013 (Y)
2005, 2009
2000, 2010 (Y)

[52]
[53]
[54]
[55]

MODIS
multi-source

250 m
5 km

2000–2008
2013

[56]
[57]

Landsat

30 m

[58]

MODIS

250–1000 m

SPOT-VGT, PROBA-V

varies

2000–2018 (Y)
2000–
(D,M,Y)
present
varies

Agriculture
Global cropland extent
Global map of irrigation areas
Vegetation
Global forest change
MODIS
biophysical parameters
Copernicus global land service

[59]
(e.g., [60,61])

Urban
Global human settlement layer
(GSHL)
Global urban footprint (GUF)
World settlement footprint
(WSF)

Landsat,
Sentinel-1
TanDEM-X
Landsat,
Sentinel-1

12 m

1975, 1990,
(Y)
2000, 2014
2012

10 m

2015

[64]

Global river network

HydroSHEDS

500 m

[65]

Copernicus water level

Altimeter missions

virtual stations

–
2002–
present

Global surface water

Landsat

30 m

Global WaterPack

MODIS

250 m

MODIS

500 m

TimeScan

Landsat

30 m

Global reservoir and dam v1.3
OpenStreetMap

multi-source
multi-source

vector
vector

30 m

[62]
[63]

River properties

[66,67]

Surface water
1984–2018 (M)
2003–
(D)
present

[68]
[69]

Snow cover
Global SnowPack

2000–
present

(D)

[70]

Basemaps
2000, 2010,
(Y)
2015
2019
present

[71]
[72]
[73]
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2010 by using time-series of MODIS-based vegetation indices for 11 years at a spatial resolution of
500 m [51]. Here, the authors used phenological metrics to classify land use classes. Another basin
wide land cover study was performed for the Amazon river basin [48]. In this study, the authors used
a mosaic of JERS-1 imagery of 1995 and mainly focused on vegetation type classification.
On the contrary, ∼90% of the studies within this research focus investigated regional and subbasin
scale land cover and land use classification. Here, ∼21% of these studies assessed the state of land cover
and land use for a single time step. In particular, regional land cover classifications were generated
for the delta regions of the Arctic river basins Lena and Mackenzie [74–76]. Schneider et al. [74],
for instance, used multi-temporal Landsat-ETM images recorded in 2000 and 2001 to generate the
first land cover classification of the Lena river delta. The authors used the resulting land cover map
to quantify methane emissions over the delta region. Ullmann et al. [76] used polarimetric SAR and
Landsat-OLI data to conduct a regional land cover classification over the Mackenzie river delta. Due to
the Arctic environment in this study, the classes bare ground, tundra vegetation, and wetland areas
were of particular interest. Also, Walker et al. [77] presented a hierarchical classification scheme
that used optical and SAR, particularly Landsat-TM and ALOS-PALSAR imagery, in a synergistic
way to derive a land cover map for a subset of the Amazon river basin. Further studies dealt with
the Yellow river delta [78–80]. For example, Liu et al. [78] employed a random forest classifier on a
mono-temporal Landsat-OLI acquisition together with derived texture parameters to classify land
cover. Next, Guan et al. [79] generated a mono-temporal land cover map combining the classification
results based on MODIS and Landsat-OLI imagery. On the other hand, ∼79% of these studies
performed regional and subbasin scale land cover and land use change analyses. Here, dam induced
land cover change was analyzed particularly often [81–85]. For example, Feng et al. [85] investigated
regional land cover change induced by the construction of the Belo Monte dam in the Amazon river
basin. In this study, the authors used high and very high spatial resolution multispectral imagery
from 4 different sensors, acquired between 2011 to 2016. The results indicated an increase in water
body and settlement area, and in contrast, a decrease in bare soil, forest, and agriculture. Furthermore,
several studies quantified land cover and land use change for subsets of the Nile river basin using
multi-temporal Landsat imagery [86–90]. Abdulaziz et al. [87], for example, found that cropland
increased considerably in the East Nile delta region between 1984 and 2003. Similarly, an increase in
cropland as well as built-up areas was also detected for the Western Nile Delta [88]. Further studies
investigated land cover change on the African continent for the subsets of the Niger [91–93] and Congo
river basin [94]. Here, Ruelland et al. [92] performed a land cover classification for a period covering
52 years. In this study, aerial as well as satellite imagery were used to quantify land cover changes.
The results indicated an increase in croplands and a decrease in tree cover. Apart from that, many
studies examined land cover and land use change for study areas in East Asia, including the Mekong,
Yangtze, and Yellow river basin (e.g., [95–99]). In particular, Hu et al. [97] and Ren et al. [98] focused
on quantification of aeolian desertification for the source regions of the Yangtze and Yellow river
basin. In case of the Yellow river basin, the study period included the years between 1975 and 2005.
Hu et al. [97] found that increasing temperature, overgrazing, and the drainage of wetlands are the
main drivers behind aeolian desertification. In addition, recently published research articles use the
Google Earth Engine (GEE) platform for land cover classifications [17]. Here, the authors applied
the random forest classifier on 3 yearly Landsat composites for a regional area of the lower Yenisei
river basin over the period of 1985 and 2017. The results of this study revealed a significant change of
vegetation cover, particularly infilling of vegetation in tundra and open forests.
3.7.2. Biosphere: Vegetation
Considering ecological health, vegetation cover has an important role in river basins. Particularly
trees store carbon, regulate surface runoff, and reduce soil erosion in many ways. Overall, ∼21% of all
reviewed articles investigated vegetation characteristics. Among these, ∼19% performed basin wide
analyses. Here, the Amazon river basin was studied most frequently (e.g., [46,100,101]). For example,
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de Moura et al. [100] analyzed the response of vegetation to drought events using MODIS time-series
as well as further remote sensing-based products, such as precipitation and leaf area index data.
Hilker et al. [101] evaluated the usability of MODIS vegetation products to determine changes in
vegetation greenness between the years 2000 and 2012. Further studies conducted basin wide analyses
for the Congo river basin (e.g., [102–104]). Here, Yan et al. [103] evaluated the impact of the number
of good quality observations on the derivation of land surface phenology. For this purpose, they
used time-series of SEVIRI and MODIS-based vegetation indices for the period between 2006 and
2013. The results indicated that SEVIRI outperformed MODIS in terms of double annual canopy
greenness cycle identification. In a subsequent study, Yan et al. [104] analyzed land surface phenology
using SEVIRI data, but also incorporated remote sensing-based precipitation and land cover data.
The authors characterized the impact of land cover on the relation between the timing of vegetation
greenness and precipitation. According to their findings, the onset of the rainy season has a strong
impact on the canopy greenness cycle particularly in regions with lower tree cover, such as shrublands
and grasslands. Moreover, basin wide investigations exist for the Murray–Darling and Yellow river
basin [15,38]. For instance, Broich et al. [15] used all available Landsat data covering a period of
25 years to study vegetation response to hydroclimatic events such as flooding and drought for the
Murray–Darling river basin.
Furthermore, ∼81% of these studies investigated study areas at regional and subbasin scale.
Among these, ∼27% of the investigations undertook no change analysis and focused on vegetation
type classification for a single time step. Here, most studies dealt with the Amazon river basin and
particularly forest type (e.g., [105–107]) as well as aquatic plant classification [108,109]. Further studies
estimated mangrove extent for regional study areas in the Mekong and Zambezi river basin [110–112].
Instead, ∼73% of all regional and subbasin scale studies conducted change analyses. A common
research objective was monitoring of forest disturbance i.e., caused by deforestation in the Amazon river
basin (e.g., [113–116]). To this aim, most studies employed multispectral Landsat imagery. In addition,
Yoshikawa and Sanga-Ngoie [116] used NOAA-AVHRR imagery at low spatial resolution to map
deforestation between 1981 and 2001. Incorporating data on transportation infrastructure, the authors
showed that most of the land cover transformations occurred in close distance to these infrastructures.
In comparison, Leinenkugel et al. [117] analyzed deforestation patterns in the Mekong river basin
by means of MODIS and Landsat imagery as well as ancillary data on transportation infrastructure.
Similar to the aforementioned study, the authors found that deforestation was higher in locations
closest to roads. Apart from that, forest disturbances were also caused by fire as investigated for the
Yukon river basin [118,119]. For example, Huang et al. [118] evaluated land surface change induced
by fire events using Landsat-based normalized difference vegetation index (NDVI), albedo, and land
surface temperature. In addition, several studies quantified vegetation cover changes with specific
focus on the source regions of the Mekong, Yangtze, and Yellow river basins (e.g., [39,120,121]). These
studies used MODIS as well as SPOT-VGT data at low spatial resolution together with meteorological
measurements. Liang et al. [120] used MODIS NDVI together with DEM and meteorological data.
They identified an increase in vegetation cover with increasing precipitation in high, unpopulated
elevations as well as vegetation degradation close to human settlements in the source region of the
Yellow river basin. In comparison, Ge et al. [39] observed an increase in grassland cover between the
period 2001 and 2016. Moreover, Liu et al. [121] analyzed spring phenology for the source region of
the Mekong, Yangtze, and Yellow river basin using a SPOT NDVI time-series covering 15 years. Their
results showed a significant trend in the advancement of the greening date. This trend correlates highly
with elevation. Moreover, several research articles studied vegetation changes for study areas in the
Zambezi river basin (e.g., [122–124]). Shapiro et al. [123], for instance, classified mangrove extent for the
Zambezi delta region for the years 1994, 2000, and 2013 using Landsat data. Accordingly, they detected
a net increase of mangrove forest extent in inland regions. In addition, Bunting et al. [124] analyzed
vegetation change using a time-series of GIMMS3g NDVI at a spatial resolution of 8 km and covering
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29 years together with meteorological data. The authors identified changes in soil moisture due to
increasing temperatures as well as changes in vegetation greening patterns.
3.7.3. Biosphere: Agriculture
In addition, ∼6% of all reviewed studies focused on agricultural applications. To our knowledge,
there is no research article analyzing research objectives in this context at basin wide scale. Yet,
we found that ∼77% of all regional and subbasin scale studies dealt with study areas in the Mekong
river basin. The majority investigated research objectives related to rice crop mapping, in particular
classification of rice cropping systems (e.g., [125–127]). Most of these studies used optical imagery,
such as MODIS or Landsat. For example, Son et al. [125] derived rice cropping systems using a
phenology-based classification approach. To this aim, they employed time-series of MODIS imagery at
a spatial resolution of 500 m. In comparison, Kontgis et al. [126] used stacks of multi-temporal Landsat
images for 2000 and 2010 together with an object-based decision tree classifier to analyze changes in rice
cropping systems. Furthermore, Nguyen et al. [127] mapped rice fields and cropping systems in the
Mekong delta using ENVISAT-ASAR time-series over a period of 5 years. Apart from the classification
of rice cropping systems, Clauss et al. [128] estimated rice field extent by means of Sentinel-1 time-series
and a decision tree classification approach. In a subsequent study, Clauss et al. [129] retrieved rice
production estimates based on Sentinel-1 time-series and national census data. Moreover, we found
three studies dealing with the Amazon, Nile, and Yangtze river basin [130–132]. For instance, Shi and
Huang [132] classified rice field extent for the Yangtze river delta using 11 years of MODIS images at a
spatial resolution of 500 m. Additionally, Xu et al. [131] mapped cropland change for a regional study
area including the Nile river delta over a period of approximately 31 years using Landsat imagery.
According to their study, a constant increase in cropland area was observed.
3.7.4. Biosphere: Urban
Urbanization is one of the most prevalent land use conversions and leads to an increase of
impervious surfaces and thus decrease of water permeability. Hence, urban areas are particularly
vulnerable to hydrological extreme events including floods. The reviewed studies (∼6%) investigating
urban extent classification, urban growth analyses, and impervious surface area mapping merely focus
on regional and subbasin scale study areas in China, specifically the Yangtze and Mekong river basin.
With more detail, ∼65% of these articles conducted their studies over the Yangtze river delta and
∼29% for regional study areas in the Middle or Lower Yangtze river basin. Here, one of the research
objectives was the analysis of the urban heat island effect [133,134]. In particular, Zhou et al. [134]
quantified surface urban heat island intensity using MODIS imagery between 2010 and 2015. Contrary
to previous assumptions, the results demonstrated that the intensity of the urban heat island effect was
not highest in highly urbanized cities such as Shanghai. Additionally, the authors stated that urban
heat island intensity largely depends on climate, solar radiation, and vegetation activity. Following
this, Yao et al. [135] evaluated the impact of urbanization on vegetation condition. For this purpose,
they used nighttime light data acquired by the DMSP-OLS sensor and MODIS land cover information
covering a period of 16 years. The authors extracted urban areas and performed a trend analysis
on the enhanced vegetation index (EVI) as well as the urban heat island layer. The results indicated
significant negative trends of EVI for nearly all the study areas within the Yangtze river basin. On the
other hand, a significant positive trend of the urban heat island effect was detected for the study areas.
Further studies also employed DMSP-OLS data to quantify urban growth [136–139] and impervious
surface area [140,141]. Xiao et al. [136], for example, analyzed urban growth for a period of 30 years
based on nighttime lights, NOAA-AVHRR, and SPOT NDVI data at a spatial resolution of 1 km.
Moreover, Liu and Chen [142] evaluated urban growth for the middle Yangtze river basin. The authors
used MODIS and Landsat data for the years 2000, 2008, and 2016. The results indicated that urban
areas experienced a considerable growth in terms of area, specifically small and medium sized cities.
In comparison, Shao and Liu [140] retrieved impervious surface area and its temporal dynamics from
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MODIS and DMSP-OLS nighttime lights data at a spatial resolution of 1 km. With respect to the
Mekong river delta, Leinenkugel et al. [143] derived a binary settlement mask using TerraSAR-X data,
whereas the impervious surface area was derived with SPOT-5 imagery.
3.7.5. Biosphere: Coastline
Sediment load of rivers is important with respect to the environmental condition of estuarine
regions. Human-induced modifications of river flow might tremendously alter sediment transportation
and affect the development of delta regions. In this context, the evolution of coastlines was analyzed
in ∼3% of all reviewed studies at regional and subbasin scale including the Mississippi [144],
Nile [145,146], Yangtze [147–149], and Yellow river basin [150–152]. Among these, Amer et al. [144]
studied the Mississippi river delta which is facing a land loss due to various drivers such as sea level
rise or wave erosion. In detail, they used Landsat-based modified normalized difference water index
(NDWI) for the years 2000 and 2015. Moreover, Hereher [146] analyzed the evolution of the Nile river
delta using Landsat images between 1973 and 2008 to find that coastal area experienced severe erosion
affecting approximately 12 km2 . In addition, Qiao et al. [149] focused on the Yangtze river delta and
quantified coastline dynamics for a period of 55 years. To this aim, they classified the shoreline in
5 year intervals using historical aerial and Landsat imagery. The authors identified that accretion
was the dominant process over the delta region. Further on, Kong et al. [152] analyzed the evolution
of the Yellow river delta using Landsat data between 1983 and 2011. They quantified the impact of
river discharge and sediment load on the delta region and found that the amount of land increased by
248 km2 within the study period.
3.7.6. Hydrosphere: Surface Water
Surface water monitoring is important for quantification of the availability of water resources
and mitigating impacts of hydrological as well as climatic extreme events. Estimation of surface
water extent is possible using optical (e.g., [34]) and active (e.g., [153]) as well as passive (e.g., [154])
microwave sensors. According to our analysis, surface water dynamics were investigated in ∼18%
of all reviewed articles. Among these, ∼22% were at basin wide scale and performed change
analysis. Here, the investigated study areas included the Amazon [155], Congo [156], Indus [157,158],
Murray–Darling [20,159–162], and Yangtze river basin [163] as well as several Arctic river basins [40].
For example, Chapman et al. [155] used ALOS-PALSAR ScanSAR data acquired between 2006 and
2010 covering the entire Amazon river basin to classify open water and inundated vegetation extent.
Their results indicated that L-band ALOS-PALSAR ScanSAR data was insensitive to inundated
herbaceous vegetation. In case of the Indus river basin, Khan et al. [157] simultaneously used MODIS
and ENVISAT-ASAR imagery to map inundation extent, specifically for the flooding event in 2010.
Additionally, TRMM-based rainfall estimates and AMSR-E brightness temperature was incorporated
to quantify precipitation and streamflow patterns. Similarly, Kwak et al. [158] mapped inundated
areas during the Indus flood event of 2010 applying a rule-based approach using a modified land
surface water index based on MODIS and SRTM data. Moreover, Du et al. [40] derived fractional
water for the entire Arctic region, including the Mackenzie, Yukon, Lena, Yenisei, and Ob river basins
using multi-source remote sensing data, comprising AMSR-E brightness temperature and land surface
parameters as well as MODIS land cover product. Here, surface water dynamics were estimated at
a spatial resolution of 5 km and a temporal resolution of 10 days. Apart from that, Huang et al. [20]
developed an approach to classify inundation dynamics by integrating gauge measurements and
MODIS imagery for the Murray–Darling basin between 2001 and 2010. To this aim, the authors
determined river flow peaks to select and analyze corresponding MODIS imagery using the open
water likelihood algorithm [164]. The inundation maps were computed at a spatial resolution of 500 m
and validated against Landsat images. Furthermore, the authors aggregated single inundation maps
to annual maps and quantified yearly inundation frequencies. In comparison, Tulbure et al. [161]
mapped inundation dynamics for the Murray–Darling river basin using Landsat data for a period of
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26 years. According to their results, climatic extremes such as dry and wet periods have a high impact
on the surface water dynamics. In a further study, Heimhuber et al. [162] performed an integrated
analysis using water masks derived from 26 years of Landsat data [161] as well as precipitation,
evapotranspiration, soil moisture, and in situ discharge measurements to model inundation extent
dynamics over the Murray–Darling river basin.
On the other hand, ∼78% of all studies with focus on surface water parameters analyzed regional
and subbasin scale study areas. Here, a number of the reviewed studies investigated inundation
dynamics in wetlands (e.g., [22,47,165]). For example, Yuan et al. [47] estimated wetland water
level and inundation dynamics for a subset of the Congo river basin using ALOS-PALSAR imagery
between the years 2002 and 2011. Since the SAR backscattering signal of ALOS-PALSAR imagery was
affected by volumetric scattering caused by vegetation cover, the authors also included ENVISAT-RA2
altimeter data and the MODIS vegetation continuous fields product in their investigation. On the
contrary, Wilusz et al. [165] mapped monthly wetland inundation in the Sudd wetland region. For this
purpose, they analyzed monthly time-series of ENVISAT-ASAR data at 1 km spatial resolution over a
period of 5 years. In addition, further studies carried out analyses in the context of wetlands using
JERS-1 imagery, which were acquired in the framework of the “Global Rain Forest Mapping” (GRFM)
project (e.g., [166,167]). Moreover, several studies observed inundation dynamics in delta regions
(e.g., [41,168–170]). For example, Sakamoto et al. [168] used MODIS time-series to quantify annual
inundation extent over 6 years for the Mekong river delta. Next, Gstaiger et al. [169] developed a
threshold-based approach to generate a binary water mask using SAR imagery at different spatial
resolutions from the TerraSAR-X, RADARSAT-2, and COSMO-SkyMed sensors. Following this,
Kuenzer et al. [170] analyzed patterns of inundation in the Mekong river delta using a time-series
of 60 ENVISAT-ASAR scenes at a spatial resolution of 150 m and covering the period between
2007 and 2011. In another study, the effectiveness of daily MODIS time-series for intra-annual
monitoring of inundation dynamics was evaluated for the Mekong, Ganges–Brahmaputra, Mackenzie,
and Yellow river deltas [41]. Moreover, several studies performed surface water classification using
Landsat imagery (e.g., [45,171–173]). In this framework, Du et al. [171] used a dynamic thresholding
approach to derive binary surface water extent maps for a regional study area within the Yangtze river
basin. In detail, they used Landsat data for 15 time steps between 1973 and 2010. Here, the authors
identified that changes in surface water extent were mostly induced by constructed dams. Furthermore,
Li et al. [172] quantified the performance of 11 different NDWI to classify surface water extent using
multi-source multispectral imagery, including Landsat-TM, Landsat-ETM, and EO-1 Advanced Land
Imager (ALI). The results indicated that ALI-based NDWI using green and SWIR bands resulted in
highest accuracies. Furthermore, Wang et al. [45] developed an approach to evaluate surface water
dynamics in the middle Yangtze river basin between 1990 and 2017. To extract yearly minimal and
maximal surface water extent, Landsat images were processed using the GEE platform. The results
were then compared to the JRC global surface water layer indicating comparable surface water
extents. In a further study, multispectral imagery, specifically Planet imagery from the RapidEye
and PlanetScope sensors were used to quantify the capability of the sensors to derive surface water
extent dynamics [174]. These multispectral sensors provide imagery at high spatial resolution and a
high revisit time; however, limiting factors were automatic cloud masking, inconsistent radiometric
calibration, and geolocation errors.
3.7.7. Hydrosphere: Water Quality
Human-induced land use conversions put high pressure on water ecosystems. In this context, it is
important to monitor the impact of such processes on water quality. In the framework of water quality
monitoring, it can be distinguished between estimation of water clarity or turbidity and chlorophyll
concentration as well as suspended sediment concentration and organic matter. These features can
be measured using optical sensors. Accordingly, all reviewed studies (∼10%) applied multispectral
imagery and performed analyses at regional and subbasin scale, expect for one study covering the
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Amazon river basin [175]. Among these studies, ∼30% dealt with an estimation of water color, more
specifically turbidity (e.g., [176–179]). Here, Massicotte et al. [176] analyzed the spatial and temporal
dynamics of water color at the St. Lawrence river using Landsat-TM/-ETM imagery over a period
of 25 years. In fact, they found a significant decrease in the reflectance of the river between 1984 and
2009, potentially caused by land use changes. In a further study, the impact of the Three Gorges dam
on water clarity of the Yangtze river was evaluated [178]. To this aim, in situ Secchi disk depth, being
a water clarity measure, and further spectral measurements were used together with Landsat-OLI
imagery. The results of this study indicated that water clarity of the Three Gorges reservoir and
Dongting lake was mainly influenced by total suspended matter.
On the contrary, ∼70% of the reviewed studies dealt with an estimation of sediment concentration
or organic matter (e.g., [180–183]). For example, Fassoni-Andrade and de Paiva [183] predicted surface
suspended sediment concentration for the Central Amazon river basin, in particular for surface
water of rivers and floodplain lakes. They were the first to use a 15 year long time-series of MODIS
data to investigate spatial and temporal dynamics of sediment concentration for areas characterized
by different water types in the Amazon river basin. Following this, Park and Latrubesse [184]
analyzed suspended sediment concentration in the confluence of the Solimões–Amazon and Negro
rivers, characterized by white and black water, respectively. For this purpose, the authors used a
time-series of MODIS 8-day composites over a period of 14 years. With more detail, suspended
sediment concentration and surface water types were modeled for the post-confluence area for three
selected years under average, drought, and flood hydrological condition. The authors concluded
that surface water mixing patterns along the main channel mainly depend on the hydrological
season. Furthermore, several studies investigated water quality impacted by urban areas and mining
activities (e.g., [18,185,186]). Lobo et al. [18], for example, analyzed water turbidity in a subbasin of
the Amazon river basin for the period between 1973 and 2013 using Landsat-MSS/-TM/-OLI imagery.
They estimated suspended sediment concentration and evaluated the results in the context of gold
mining activities. The results demonstrated that during high water level, sediment concentration
is low. In comparison, during low water level periods, mining activities intensified, and sediment
concentration increased. Moreover, Zhu et al. [32] used EO-1 Hyperion imagery to estimate colored
dissolved organic matter for 10 major rivers around the globe. For this purpose, the authors used
an algorithm, tailored to water conditions in coastal regions. In addition, dissolved organic matter
is estimated for 6 Arctic river basins using Landsat imagery over a period of 14 years [31]. Here,
a regression-based method is used to derive organic matter using field samples along with Landsat
imagery. The correlation coefficient between estimated and measured dissolved organic matter
accounted for 0.67 to 0.84 for most of the study areas.
3.7.8. Hydrosphere: River Water Level
Measurements of river water level are important for quantification of water storage and
assessment of risks related to droughts and floods [187]. Here, EO-based monitoring of water level
provides consistent measurements of remote and large river basins. These measurements are performed
by spaceborne altimetry at satellite ground track, also called virtual gauge stations. Since satellite
altimeters illuminate footprints at a certain diameter, land and water signals are mixed. Thus, EO-based
water level measurements of small water bodies or rivers are challenging [188,189].
In the context studies related to river water level, most investigations are conducted for the
Amazon (e.g., [190–192]), Brahmaputra (e.g., [193,194]), Congo (e.g., [195,196]), Ganges (e.g., [197,198]),
and Mekong river basin (e.g., [199,200]). Among these, ∼33% of the studies retrieved river water
level for virtual stations distributed over the entire river basins and the remaining studies for virtual
stations at regional and subbasin scale only. For example, da Silva et al. [191] used ERS-RA and
ENVISAT-RA2 altimeter data to predict river water level at 45 virtual stations. The authors performed
an internal and external validation using crossovers of altimeter tracks and gauge measurements,
respectively. The results of the validation indicate high variations for the root mean square difference,
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in particular between 12 cm and several meters. Moreover, Huang et al. [194] developed a novel
waveform retracking algorithm called “threshold and Ice-1 combination” for river water level retrieval.
This algorithm was particularly proposed for high mountainous areas and tested for the Upper
Brahmaputra river basin. The results demonstrate that the suggested algorithm derives more accurate
estimations of water level than other retracking algorithms. In a further study, Villadsen et al. [201]
used CryoSat-2 altimeter data for river water level estimation over the Ganges and Brahmaputra and
evaluated their results with water levels retrieved from ENVISAT-RA2 measurements. CryoSat-2
altimeter data are characterized by a smaller along track footprint enabling measurements of smaller
water bodies. The resulting time-series were compared on annual basis and indicated comparable
water levels with a reported mean difference of 10 cm for all virtual stations. Similarly, CryoSat-2
SAR altimeter data are used to retrieve water levels over the Mekong river basin [202]. For validation,
ENVISAT-RA2-based water level estimations and gauge measurements were used. Here, the authors
obtained a median difference of 0.76 m. Next, Liu et al. [203] performed an integrated analysis using
altimeter data from the ENVISAT-RA2 and Poseidon-3 instrument on-board JASON-2 as well as
Landsat imagery and TRMM-based precipitation data to quantify downstream water level changes
induced by dam constructions at the Mekong river. According to their findings, the water level
decreased and increased in wet and dry season, respectively. Furthermore, Pham et al. [200] for the
first time used MODIS-based land surface temperature together with JASON-2 altimetry data and
in situ water level measurements to estimate daily water level at virtual stations along the Mekong
river. In this study, seasonal linear regression models were used to predict water levels. The results
indicated that the river water level estimations were best for cold/dry and hot/dry seasons.
3.7.9. Hydrosphere: River Discharge
Considering the forecasting of extreme events such as floods, river discharge is an essential
parameter to study. Traditionally it is measured at in situ gauge stations; however, these networks
are scarce in many regions. Accordingly, estimation of river discharge is possible using indirect
EO-based approaches [204]. Regarding river basins, studies are performed the Amazon [205,206],
Brahmaputra [207,208], Congo [209], Mekong (e.g., [210,211]), and Yangtze river (e.g., [212]). Here,
common methods to retrieve river discharge are rating curves (e.g., [213]) or the Manning’s equation
(e.g., [214]). In this context, Paris et al. [205] formulated rating curves based on river water level
derived from altimeter data over the entire Amazon river basin for around 1000 virtual stations.
Corresponding discharge simulations are predicted by a rainfall–runoff model. A comparison of the
predicted discharge with in situ observations resulted in a Nash–Sutcliffe efficiency of 0.71. Moreover,
Dubey et al. [207] retrieved water level based on TOPEX-Poseidon and ENVISAT-RA2 data for 6 virtual
stations along the Brahmaputra river between the years 2002 and 2010. The rating curves were
developed based on estimated water level and in situ discharge observations. This relationship was
then used to predict discharge at virtual stations. The resulting discharge estimations indicated
high correlations with observed discharge. In addition, Kouraev et al. [215] applied rating curves
as well. Here, the authors retrieved TOPEX-Poseidon-based water level for the Ob river and
related it to discharge observations at a gauge station. Observed and estimated river discharge
indicated good agreement; however, due to the spatial resolution of TOPEX-Poseidon measurements,
the proposed approach is only applicable to rivers with a width of several kilometers. Furthermore,
Huang et al. [208] aimed at river discharge estimation in the Upper Brahmaputra river basin, which is
characterized by high mountainous landscape. In this study, 3 algorithms were tested and compared.
The first depended on water level, the second on river width, and the third on both variables. Water
level was derived using satellite altimeter data and river width was estimated with multispectral and
SAR imagery. Here, data processing and discharge estimation was performed on the GEE. The derived
water surface extent was validated using high spatial resolution optical imagery. Discharge estimations
were compared to observations obtained from gauge stations resulting in a Nash–Sutcliffe efficiency
between 0.68 and 0.98. In a further study, Manning’s equation was used to estimate river discharge at
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2 virtual stations of the Yangtze river [212]. Here, the hydraulic parameters river width, water level
and velocity were derived using remote sensing data only. Specifically, ENVISAT-RA2 was used for
water level and MODIS for river width estimations. Given that, velocity was retrieved using time lag
analysis of temporal river width observations. The Nash–Sutcliffe efficiency value was 0.5 and 0.76 for
the two virtual stations.
3.7.10. Cryosphere
The cryosphere, including snow- and ice-covered areas, permafrost, river and lake ice, is mostly
an elementary component of river basins, particularly in high-mountain source or Arctic regions.
Monitoring dynamics of the cryosphere is important to quantify resulting impacts on downstream
or surrounding areas. Due to the limited number of studies in this category, we reviewed all related
research foci in one section. With more detail, ∼8% of all studies investigated research questions in
the context of the cryosphere, out of which ∼14% at basin wide scale. Among all studies, ∼54% dealt
with snow and ice cover (e.g., [216–220]). Chao et al. [216], for instance, employed altimeter data from
GLAS-ICESat to analyze glacier elevation change in the source region of the Yangtze river basin. In fact,
they identified a shrinking of the glacier between 2000 and 2009. In comparison, Wang et al. [217]
quantified glacier retreat in the source region of the Yangtze river using two Landsat images from
1992 and 2009. Additionally, the authors analyzed dynamics of glacial runoff using in situ discharge
data from 1957 to 2009. The results indicated an accelerated glacier melting and a loss in glacier area
of around 45 km2 . In another study, snow cover variability was evaluated for the same study area
using MODIS-based snow cover products between 2000 and 2012 [218]. The analysis showed an
increase in snow cover extent, whereas long-term analysis of temperature between 1960 and 2012
indicated an earlier start time and a later end of snow melting. Moreover, we identified several studies
that dealt with lake and river ice characterization. These studies were conducted for the Arctic river
basins Mackenzie, Lena, Yenisei, and Ob [221–225]. In particular, river ice breakup dates for these
four Arctic rivers were successfully classified using NOAA-AVHRR and MODIS imagery for a period
of 10 years [221]. Furthermore, Sakai et al. [223] quantified the applicability of Landsat-TM/-ETM
images to monitor floods induced by river ice breakup. Here, the shortening of the Landsat revisit
time to 2.6 days was of particular advantage due to the triple overlap of tiles in high latitudes. Instead,
lake ice phenology was studied using TerraSAR-X time-series for a period of three years in the Lena
river delta [224]. In addition, we found studies investigating permafrost in the Arctic river basins Lena,
Yukon, and Kolyma [30,226–229]. Soil erosion in permafrost riverbanks was analyzed for a regional
study area in the Lena river delta using TerraSAR-X time-series [227]. In particular, the authors
classified changing cliff-top line during summer months between 2013 and 2015. In comparison,
Whitley et al. [229] evaluated the advantages of LIDAR and IKONOS data to classify permafrost
distribution at a subset of the Yukon river delta. Here, best overall accuracies were obtained for
estimations based on LIDAR only.
4. Discussion
4.1. Requirement of Higher Spatial Coverage
This review revealed that the analysis of major river basins is mostly limited to regional or
subbasin scale study areas (see Section 3.5). In this regard, the spatial coverage of the study areas
was mostly defined by national boundaries, instead of the functional unit of a river basin. In fact,
this circumstance obviously hampered the analysis of transboundary river basins and is most likely
caused by factors, such as research funding or motivation i.e., as indicated by the relation between
institutional affiliation of the first authors (Figure 4) and their investigated study areas (Figure 3b and
Supplement Table S1). Due to the availability of mostly regional or subbasin scale studies, it is difficult
to compare or assess land surface changes within or between major river basins. In this context, we
found that basin wide studies are overall lacking for all regarded research foci. Indeed, there are no
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basin wide studies for 12 of the regarded major river basins (see Figure 10). Furthermore, our review
also demonstrates that comparisons between major river basins are mostly avoided. Specifically, we
only identified a small number of studies investigating multiple river basin at once (e.g., [40,179]).
However, more studies and remote sensing products at higher spatial coverage, most preferably
at basin wide scale, are needed for consistent and homogenous spatial analyses. Considering the
identified research foci, we particularly found that elements of the cryosphere remain understudied as
demonstrated in Figure 5. Here, higher spatial coverage analyses are necessary for Arctic river basins,
which are particularly vulnerable to accelerating climate change.
4.2. Requirement of Comparability between Major River Basins
During the last decade, many global remote sensing products outlining land surface and surface
water parameters became available (Table 3). These data are essential for a variety of applications
including hydrological, climate, and environmental change modeling. In this context, several data
portals, such as the UNEP-TWAP or WRI platform, are available. However, these are mostly not up
to date and focus on selected indicators only. Hence, databases gathering relevant state-of-the-art
geospatial data with respect to river basin characterization are still lacking. To enable a consistent
and detailed analysis of major river basins, a database on global open geodata, including available
and relevant EO products is needed. However, we must note that already existing global land cover
products are probably not applicable for change analyses at regional scale, since their spatial resolution
is too coarse [230]. Thus, basin wide monitoring of land surface dynamics at medium to high spatial
resolution is necessary to provide valuable baseline information, e.g., on land cover and land use
to support researchers, stake-holders, and decision-makers with respect to river basin and water
resource management.
4.3. Potential of EO for Major River Basins
Monitoring large-scale river basins, where land surface and surface water are highly variable
in space and time, is possible using EO data. Here, the increasing amount of free and open remote
sensing imagery as well as improving processing and technological capacities support EO applications
for large river basins. In this context, it is noteworthy that characterization of land surface and surface
water dynamics using open satellite image time-series at medium to high spatial resolution is only
possible since the last decade. Notable missions in this context are the USGS Landsat, European
Copernicus Sentinel-1/-2, and several altimetry instruments. According to the increasing abundance
of satellite missions and open archives, we detected a considerable increase in intra-/inter-annual
change analyses and time-series applications since 2008 (see Figure 9a,b). Additionally, as visualized
in Figure 9c, we identified an increase in the length of study periods since 2008. At the same time,
our review revealed that these open long-term archives are exploited insufficiently when it comes to
basin wide analyses of land surface and surface water parameters. This might be due to mass amounts
of EO data that need to be processed for basin wide analyses. In fact, it needs to be considered that
the technological infrastructure, such as data storage and computing capabilities, might still pose a
major challenge for these amounts of data. However, in times of cloud computing, it is possible to
partially leave these limitations behind. In the context of large river basins, applications exploiting
the potential of EO data and products (Table 3) are lacking and need to be studied by processing and
analyzing long-term archives for environmental change monitoring.
5. Conclusions
This review provides an extensive overview of EO related research articles with respect to selected
major river basins. In particular, we reviewed studies on land surface and surface water parameters
with specific emphasis on their (1) spatial distribution, (2) employed sensor types, (3) temporal
resolution, (4) spatial scale and (5) presented relevant global remote sensing products. Corresponding
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to the results of this review, the main findings of this study are summarized considering the research
questions defined in Section 1.3:
•

•

•

•

During literature review, we identified 287 research articles and defined three main research
categories, in particular biosphere, hydrosphere, and cryosphere as well as more detailed
sub-categories. In summary, ∼53% of all studies focused on research foci related to the biosphere,
∼39% on the hydrosphere, and ∼8% on the cryosphere. With more detail, the reviewed studies
most frequently investigated research foci related to vegetation (∼21%), surface water (∼18%),
and land cover and land use (∼17%).
Throughout all research categories, optical EO data were most frequently used. Here, ∼61% of all
studies solely used optical imagery and ∼17% combined optical with other sensor types. In detail,
Landsat sensors were mostly employed, specifically in ∼43% of all studies. Following optical
sensors, SAR (∼13%) and satellite altimeters (∼6%) were the second and third most used sensor
type, respectively.
Considering the spatial scale of the reviewed research articles, we found that studies at basin
scale were performed in ∼14% of all studies only. Most of these studies were available for the
Amazon river basin. Following this, studies at subbasin and regional scale accounted for ∼37%
and ∼49%, respectively. In addition, our review revealed that transboundary river basins remain
understudied. In particular, ∼67% of studies analyzing transboundary river basins focused on
one of the riparian countries only. We also identified a strong relation between investigated
study area and the institutional affiliation of the first authors. Moreover, the number of studies
incorporating multiple major river basins into their analyses was low (∼6%).
Regarding the large scales of major river basins, the availability of accurate and consistent
reference data is a major limitation. These are crucial in terms of model training and validation.
Furthermore, sensor specific limitations exist with respect to e.g., water level estimation for
small water bodies or cloud obstruction for optical sensors. However, we expect an increasing
number of studies exploiting data of the current Sentinel-1/-2 and Landsat missions and
providing EO products at even higher spatial coverage and resolution in the coming years.
In addition, upcoming missions, such as SWOT and P-band Biomass, will enable monitoring
e.g., of smaller water bodies and certainly boost applications related to river water level and
river discharge modeling as well as improve quantification of wetland areas and inundated forest
areas, respectively.

In conclusion, our review for the first time provides a detailed overview of available EO related
studies and products analyzing land surface and surface water variables over large river basins.
Furthermore, we emphasize the importance and need for a database enabling the joint exploitation
of EO data and products to improve environmental change monitoring in the context of river basins.
Overall, this review greatly contributes to a better understanding of the potentials and limitations of
EO-based major river basin analyses.
Supplementary Materials: The following are available online at https://zenodo.org/record/3531949, Table S1:
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