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ABSTRACT
Challenges related to deforestation, land consumption, and land degradation apply all over the world,
and in particular in China and India due to their population and economic growth in the last decades.
Measuring four UN Sustainable Development Goals (SDG) indicators related to these challenges
provides insight into their progress over space and time. These indicators are: 6.6.1 change in the
extent of water-related ecosystems, 11.3.1 ratio of land consumption rate to population growth rate,
15.1.1 forest area as a percentage of total land area, and 15.3.1 proportion of land that is degraded
over total land area. Currently, both countries report their progress irregularly due to data(set)
challenges, making it difficult to track the indicator progress. Using a land cover dataset could improve
the measurement process and therefore the reporting frequency on these four SDGs.
The main objective of this thesis was to measure and compare the progress of four SDG indicators in
India and China using open-source land cover datasets to identify possible patterns, trends, and
interlinkages between these indicators. A data assessment scored five land cover datasets (ESA CCI
LC, Copernicus LC, GLC30, GLC-SHARE, MODIS LC) to determine the most suitable land cover dataset
for SDG measurements. The most suitable dataset served as input for measuring the indicators, after
which the measurement results were compared against class-specific and official UN measurements
for validation. Possible interlinkages, trends and patterns were examined using literature and existing
(visualization) tools. The data assessment showed that the ESA CCI LC was the most suitable land cover
dataset to measure the four SDG indicators because of its large temporal extent and spatial resolution.
Due to indicator complexity and a lack of data two of the four indicators (11.3.1 and 15.3.1) could not
be measured with only the ESA CCI LC, making the use of class-specific datasets inevitable. All four
SDG indicators demonstrated improvement in indicator progress in both countries between 2000 and
2015. The ESA CCI LC had however a significant influence on the measurement results because of its
orientation as a climate service and its conservative attitude towards change. This caused unreliable
SDG measurements of indicators 6.6.1 and 15.1.1. This indicates that the ESA CCI LC might not be
suitable to measure these SDGs. Class-specific datasets such as Global Forest Watch and the Global
Surface Water proved to be more accurate compared to the official UN statistics than the ESA CCI LC
measurements. Interlinkages between three of the four indicators (6.6.1, 15.1.1 and 15.3.1) could also
have influenced the measurement results; whether this is due to the relationship between the
indicators or caused by external factors must be investigated in further research. It can be concluded
that the ESA CCI LC can be used to (partly) measure the four SDG indicators, but that class-specific
datasets are more accurate and reliable compared to the official UN measurements. Land cover
dataset characteristics, as well as interlinkages between indicators, influence the SDG indicator
measurements. Where possible class-specific datasets should be used to measure the indicators, but
if not available, a land cover dataset such as ESA CCI LC could be of use.
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Global Climate Observing System
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Land cover
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United Nations
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United Nations Statistics
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United Nations Statistics Division

SDG

Sustainable Development Goal
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Millennium Development Goal
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Moderate Resolution Imaging Spectroradiometer
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United Nations Framework Convention on Climate Change

UNCCD

United Nations Convention to Combat Desertification
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WMO

World Meteorological Organization

WUR MGI MSc. Thesis Report

Nienke Meeuwissen

1. INTRODUCTION
1.1 Context and background
The Sustainable Development Goals have strong similarities with the Millennium Development Goals,
but they tend to focus more on issues related to climate, sustainability, and the environment (SDGF
UNDP, 2019). This new focus was necessary because according to Randers et al. (2018) the pressure
on the planet continued to increase despite the already made efforts to combat global warming and
pollution (Randers et al., 2018). A large share of the cause of these problems can be found in the evergrowing world population. The population creates a large ecological footprint with its consumption
behavior, causing an increase in pressure on the planet (Chasek et al., 2015). An increase in population
means that more food has to be produced, which leads to a loss of nature because it has to make way
for agriculture (World Economic Forum, 2019). As a result, natural areas and forests are disappearing
and the landscape is being damaged, with the consequence that land degradation is occurring in a
growing number of places in the world. Furthermore, the growing population is looking for work and
a place to live, causing even more urbanization and thus land consumption (Sachs, 2019). These
challenges translate to deforestation, rising land consumption, and land degradation. Although the
challenges apply all over the world, China and India in particular have to deal with this (Hubacek et al.,
2007). Over the years, the population of both countries together has exceeded more than 2 billion.
The combination of their population, economic growth and land consumption mean that both
countries have a major influence on the well-being of the world and thus on achieving the Sustainable
Development Goals (Sachs et al., 2019). These challenges in India and China correspond to four
different SDG indicators (WRI, 2018).
●

Decrease or increase in water-related ecosystems (6.6.1 Change in the extent of water-related
ecosystems over time),

●

Rising land consumption (11.3.1 Ratio of land consumption rate to population growth
rate),

●

Deforestation (15.1.1 Forest area as a percentage of total land area),

●

Land degradation (15.3.1 Proportion of land that is degraded over total land area)

Measuring deforestation in China and India is important according to the FAO and WRI, because
changes in forest area are an important indication of a changing demand in land for other uses and
may help to identify unsustainable practices in the forest and agriculture sectors in these countries
(FAO, 2015; WRI, 2019). In addition, knowledge about the progress of land degradation is important
according to UNCCD (2018) because it indicates the extent to which reduction or loss occurs in the
landscape, which influences the biological or economic productivity of different landscape types such
as cropland, forest and pastures (Randers et al., 2018). Insight into this is important concerning land
productivity and future food production in a country (Miola A et al., 2019).

1
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A decrease in water-related ecosystems also plays an important role here, because both an
increase/decrease can positively and negatively influence the landscape and may also affect the
progress of other indicators (UN Water, 2018). Finally, land consumption plays an important role
because an increase automatically means a decrease in other landscape types such as arable land and
forest. Increasing land consumption may be visible as a decrease in the progress of the other three
indicators (Melchiorri et al., 2019). The combination of these four indicators is therefore interesting,
since they may influence each other positively or negatively. SDG indicators are all linked in some way,
and these connections are called interlinkages. According to Mainaili et al. (2018) an interlinkage is
the interaction among two or more actions, which will lead to an impact greater or less than the sum
of individual effects. A synergy between SDG indicators means that when an indicator changes
positively relative to the purpose of the indicator, the interlinked indicator also changes positively.
The opposite, when one of the linked indicators changes positively and the other negatively, is dubbed
a trade-off (Pedercini et al., 2019). Information about indicator interlinkages is important because SDG
policy may need to be adapted depending on the type of interlinkage (Fritz et al., 2017).
The availability and quality of open-source remote sensing datasets, and especially land cover
datasets, has increased in recent years (Andries et al., 2019). This is mainly due to technological
developments in remote sensing technologies and the production of multiple global land cover
datasets by organizations such as NASA and the European Space Agency (NSO, 2017). The Earth's
surface is being measured more than ever, and much of this data is being made freely available, such
as the GLC-SHARE, ESA CCI LC and Copernicus LC. However, none of these land cover datasets are
specifically designed to measure the SDGs (UN Environment, 2019) (Latham et al., 2014). Therefore it
is important to investigate which of the available land cover dataset may be suitable to measure the
SDG indicators.

1.2 Problem definition
Measuring many SDG indicators is entirely achievable for many countries today, while tracking other
indicators still requires further improvements in the availability of underlying data and statistics (Avtar
et al., 2020). It is known that indicators 6.6.1, 11.3.1, 15.1.1 and 15.3.1 can be (partly) measured using
remote sensing land cover datasets, but in practice, this appears to be difficult for both India and China
(MacFeely, 2017).Measuring the four SDG indicators for China and India provides insight into their
change over time and space in this region of the world. The impact of the challenges of both countries
(land consumption, deforestation and land degradation) on the landscape become visible (Liping et
al., 2018).
Currently, the extent of these challenges in China and India remains unclear because they have not
been monitored regularly (ICLEI, 2015). There is also the question of whether there are trade-offs or
synergies between these four indicators: can we see a positive change in all at the same time?
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This information is important because if indicators have a strong influence on each other, policies
regarding SDG progress may need to be adjusted to ensure that the indicators do not affect each other
negatively (Miola et al., 2019).
The problem is that it is currently difficult to monitor these four indicators (Choi et al., 2016). This is
partly due to the fact that it requires many different datasets, which entails both challenges and
problems (Maurizio Bussolo, Rafael E. De Hoyos, 2007). All indicators except for 15.1.1 are Tier II
indicators, meaning that according to (UNSD, 2019b) the “Indicator is conceptually clear, has an
internationally established methodology and standards are available, but data are not regularly
produced by countries” (UNSD, 2019b).
It is unknown which land cover datasets can be used best to measure and compare these four
indicators, and if class-specific datasets measure these indicators more accurate or not. Continuity is
also a problem: many datasets have not been planned to be available in the longer-term future
(Mainali et al., 2018). This makes monitoring a difficult process, causing the indicators to be not
measured as often as they should be by a large number of countries, including China and India (Lally
& Machingura, 2017). A direct consequence is that these countries do not regularly report on their
SDG progress (UNEP, 2019), which causes a gap in scientific knowledge. Using land cover maps could
potentially solve dataset related problems since land cover datasets offer different classes at the same
time which simplifies the measurement process and eliminates the problems with the use of multiple
datasets. Besides, it is unknown whether there are trade-offs between the indicators because
comparison proves to be a challenge as well (UN Environment, 2018). When indicators are measured
independently by countries, they cannot be directly compared either across countries or multiple
indicators within a country (Choi et al., 2016). This indicates the possible added value of using a land
cover dataset to measure all four SDG indicators: it provides an approach to compare the indicator
progress between countries.
The gap in scientific knowledge about the SDG progress of these four indicators in India and China
caused by dataset problems is the reason for conducting this research. This thesis can be used to
better understand the progress of these four indicators and the possible trade-offs between them. It
gives insight into the available land cover datasets and its suitability for measuring the SDGs. The
results are therefore favorable for society because it can improve the measurement progress and
therefore help to report the indicator progress on time. This is favorable for policymakers to make the
national SDG policy more effective in the hope that the SDG progress will increase over time.

3
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1.3 Main objective and sub-objectives
The main objective of this thesis is to measure and compare the progress of four SDG indicators in
India and China using open-source land cover datasets with the aim to identify possible patterns,
trends, and interlinkages between these indicators.
Sub-objectives:
1. Discover suitable open land cover datasets that can be used to measure each of the four
indicators.
2. Measure and compare the progress of the different SDG indicators over space and time.
3. Identify possible patterns, trends, and interlinkages between indicators & explain the
differences between indicators and countries.

4
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2. DATA
This chapter explains which potentially suitable land cover datasets, class-specific datasets, and tools
are available and which dataset requirements will be used to assess their usability and suitability for
measuring the SDGs. In addition, this chapter describes the four indicators and how they are currently
measured, including a description of their datasets and methodology.

2.1 Current SDG indicator measurements
Table 1 shows the indicators and which datasets are currently used to measure their progress. In
addition, it also states how often both countries report each indicator.
Table 1: SDG used datasets and reporting frequency
Indicator

6.6.1

Datasets

Ideal reporting

Reporting

Reporting

frequency

frequency CHINA

frequency INDIA

Every 3 years

Irregular reporting

Irregular

data from Landsat 5, 7 and 8 (Choi et al.,

frequency. China

reporting

(30 m resolution). From

2016; UN

partially reported

frequency

2016 also in combination

Habitat, 2019)

this indicator in

Open water spatial extent

with Sentinel 1 (radar, 20m

2015. (WRI, 2019)

resolution) and Sentinel 2
(10m, optical). Also
GEMS/Water National Focal
Points.

11.3.1

UN DESA population data or

Every 3- 5 years

Global Human Settlement

(FAO, 2018b)

Unknown

Every 5 years

Every 5 years

Layer (GHSL). Land cover
maps and satellite imagery
are both used, but not
specified which products.
15.1.1

Forest area by Global Forest

Every 5 years

Every 5 years

Resources Assessment, FAO

(UNSD, 2018)

(Randers et al.,
2018; UN
Environment,
2019)
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Countries can choose their

Every 4 years

own datasets (containing

(UNSD, 2017)

land cover, carbon stock,

Unknown

Every 4 years,
but not always
regularly.

and land productivity).

India and China both have access to open-source global land cover datasets as well as national land
cover data products, but still fail to report their SDG progress regularly, as can be seen in table 1. This
has to do with several factors, such as the lack of geospatial data, data continuity and the costs that
this entails (UNSD, 2017).
China and India both report their some of their SDG progress too late, incomplete, or perhaps not at
all. It is unknown for two of the four indicators whether China recently reported its progress, and even
though India reported the progress of these four indicators it was not regularly. It is difficult to find
information about whether and how often these countries report. Both the Chinese and Indian
governments do not publish additional information about how often they report and whether they
experience difficulties. The only information about the reporting cycle of both countries can be found
via official UN bodies, but this information is also often inadequate or contradictory. The fact that it is
so difficult to find reliable information about the reporting process/cycle of both countries is also an
indication that both countries are struggling with handling the SDG measuring/reporting process of
these indicators.

2.2 Indicator explanation
The UN Statistical Division provides information and metadata about SDG indicators. Their SDG
metadata repository reflects the latest reference metadata information provided by the UN System
and other international organizations on data and statistics for the Tier I and II indicators in the global
indicator framework, which includes the four indicators of this thesis (UN Water, 2018).
Below are the four indicators with their description and how they are currently measured. All
information is derived from the UN Statistical Division SDG Methodology (UNSD, 2019b)(UN
Environment, 2018).

6
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Indicator 6.6.1
Indicator
description

Indicator 6.6 aspires to protect and restore water-related ecosystems. Indicator 6.6.1 focuses
on the spatial extent of these ecosystems and inland open waters. Changes in the spatial
extent of open water bodies are measured over a long period of time with the use of remote
sensing technology. This includes new and lost waterbodies or seasonal changes (UN Water,
2018). A 2017 pilot testing revealed a lack of data within certain countries to support
indicator 6.6.1. (UN Environment, 2018). A combination of national data and data based on
satellite imagery products, such as a land cover dataset, could potentially be useful (UN
Water, 2018).

Data

To measure this indicator historical optical data is available from Landsat 5,7 and 8 missions
at 30-meter resolution; however, persistent cloud cover in certain regions makes much of
the data unusable (UN Water, 2018). To measure this indicator UN Water suggests using high
spatial and temporal resolution imagery, both optical and radar (UN Water, 2018). UNSD
describes the possibility of using a combination of radar and optical satellite imagery (e.g.
Sentinel 1 and Sentinel 2 missions) which provide VHR remote sensing data (UN Habitat,
2019). The use of a land cover dataset is not mentioned in the methodology but the use of a
class-specific dataset is.
According to UN Water, progress on reporting indicator 6.6.1 data is low – only 20 percent
of UN Member States have provided the information necessary to calculate the progress
(UN-GGIM, n.d.). They concluded that the limited number of countries that submitted data
and the high variability in its quality is an indication of the challenges that countries face in
reporting indicator 6.6.1 data.

Indicator 11.3.1
Indicator
description

Measuring the ratio of land consumption rate to population growth rate includes according
to UN-GGIM “(a) the expansion of built-up area which can be directly measured, (b) the
absolute extent of land that is subject to exploitation by agriculture, forestry or other
economic activities, and (c) the over-intensive exploitation of land that is used for agriculture
and forestry.”((Politis et al., 2017)(UN-GGIM, n.d.). This indicator is summarized as
measuring land-use efficiency. Measuring indicator 11.3.1 can be a challenge (Choi et al.,
2016). Measuring this indicator at city level is already being done (e.g. Human Settlement
layer), but not (yet) at a national level (UN Habitat, 2019).

7

WUR MGI MSc. Thesis Report

Data

Nienke Meeuwissen

This indicator is currently measured by a combination of open-source land cover satellite
data and auxiliary datasets such as population grids. The land cover dataset is used to
measure the total amount of built-up area. UNSD indicates that there is not a specific dataset
that is used by default to measure this indicator, which means that countries have a free
choice to use a dataset which they find suitable (Melchiorri et al., 2019). However, this does
result in measurement differences between countries, because land cover datasets may
differ. Indicator 11.3.1 is a Tier II indicator, which means that not all the required data is
available for all countries (FAO, 2018b). This is an important reason why some countries have
difficulty reporting this indicator regularly. To fully measure indicator 11.3.1 and to make
this measuring process as easy as possible, it is best to use both global land cover datasets
and population grids as auxiliary datasets. In the case of indicator 11.3.1, a land cover dataset
containing the classes urban or built-up area, agriculture, and forestry are necessary to
measure land consumption. An open-source land cover dataset with a large temporal extent
and, with a view to continuity, a dataset whose future is guaranteed for the coming years is
preferred for measuring this indicator (FAO, 2018b; UNSD, 2019a; Wang et al., 2020).

Indicator 15.1.1
Indicator
description

Indicator 15.1.1 measures the relative extent of forest in a country (UNSD, 2018). For this
indicator, it is important to define the definition of forest. The structure of the classes of the
land cover dataset is therefore also important because it can be possible that several classes
must be combined with each other. A land cover dataset that indicates how the classes are
structured is therefore important. In general, the class forest in land cover datasets meet the
requirements set by FAO, but the structure of the classes will have to be checked individually
for each dataset (WRI, 2019).

Data

Most countries use the Global Forest Resources Assessment (FRA) from FAO to measure this
indicator. Since change can occur quickly and regrowth is slow forest area remains a
challenge to observe with remote sensing techniques. Change detection requires extensive
temporal extents, and this is not available for all land cover or class-specific datasets (OECD,
2018). A land cover dataset with a large temporal extent is therefore preferred because it
makes the changes more visible over a longer period of time. In addition, a forest area with
low canopy cover density (e.g 10-30%) is difficult to detect with remote sensing techniques
(UNCCD, 2019).

8
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Indicator 15.3.1
Indicator
description

This indicator is defined as the amount of land area that is degraded, expressed as the
proportion of land that has degraded over a total land area in percentage. UNCCD defines
land degradation as “the reduction or loss of the biological or economic productivity and
complexity of rainfed cropland, irrigated cropland, or range, pasture, forest, and woodlands”
(Sims et al., 2019; UNCCD, 2019). This indicator consists out of 3 sub-indicators: land cover
change, land productivity dynamics and carbon stocks. Combined the three sub-indicators
form a binary classification of land condition, in which land can be degraded or not degraded.
Research by CSIRO (2017) states that this indicator is difficult to measure since many
countries currently lack the necessary methods, data and expertise to monitor and report
on land degradation (UNSD, 2018). This could be a reason why both India and China failed
to report their progress on this specific indicator (Diogo & Koomen, 2016).

Data

Land cover maps could play an important role in improving the reporting frequency of this
indicator since no national data on the three sub-indicators have to be collected through
existing resources such as databases, maps and reports. UN Stats recommends using the ESA
CCI LC to measure the sub-indicator land cover change, MODIS or Copernicus (both 1 km
resolution) to measure land productivity dynamics, and HWSD Soil Database to measure
carbon stocks (Bartsch et al., 2016). With this indicator, it will probably not be possible to
use a land cover map as the only dataset, since two sub-indicators cannot be measured
caused by a lack of data about e.g. carbon stocks. A tool, such as Trends.Earth offers a
solution.

2.3 Dataset suitability indicators
The land cover dataset that will be used to measure the indicators must meet several requirements
to ensure that it is suitable and usable as for measuring the indicators. Diogo et al. (2016) proposed
the following data indicators to assess land cover dataset suitability: open source availability, the
presence of multiple timeframes, geographical coverage and reliability (overall quality, accuracy, and
completeness), temporal extent and the quality of metadata (Diogo et al. 2016) (Paganini et al., 2018).
The Global Earth Observation System (GCOS), part of the World Meteorological Organization (WMO),
has also developed a guideline in which data quality requirements for land cover datasets are
described including their thresholds and measuring units. These WMO GCOS land cover data quality
requirements, combined with those described by Diogo et al. (2016) and the UN Statistical Division,
form the data quality indicators which will be used to assess the possible suitable land cover datasets
(WMO GCOS et al., 2011).
The dataset suitability indicators and their official definition can be found in appendix I. Table 2
contains the dataset suitability indicators and their requirements.
9
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Table 2: Dataset requirements explanation (adopted from WMO GCOS, Diogo et al. (2016) and UN
Statistical Division)
Indicator

Requirements

Importance

Spatial

Datasets that only cover India and China are sufficient. However a global dataset is High

extent

preferred because it allows the analysis to be applied to other countries in the future.

Temporal

Two timeframes are sufficient to calculate the SDG progress, but preference is given High

extent

to datasets that have multiple timeframes and a large temporal extent. Having at least
two timeframes is the most important requirement for all land cover datasets.

Complete

Datasets should not contain any data gaps or missing areas/elements and should have High

ness

full coverage instead.

Spatial

Datasets with a spatial resolution between >30 m and <300 m are suitable because the High

resolution

resolution is high enough to measure a change in land cover. Datasets with a spatial
resolution of >5 km are considered too coarse and <30 m datasets tend to be too heavy
concerning calculations and storage capacity.

Temporal

Datasets that are renewed every year are preferred, while seasonal datasets are Moderate

resolution

considered usable and datasets that are updated > 5 years are considered not usable.

Thematic

No class-specific datasets are necessary to measure the indicator; the land cover map Moderate

accuracy

has a direct relation (e.g. class) which can be used to measure the indicator directly.

Metadata

Metadata should be complete and should at least include the source, methodology, Moderate
and used datasets.

Continuity

Continuity means that data is maintained in such a way that it will continue to be Moderate
available in the future. Some indicators were monitored with satellite programs that
were subsequently terminated, which turned out to be a problem. To prevent this,
datasets that are part of a long-term program (e.g. NASA or ESA) whose continuity is
guaranteed in the future are preferred.

Language

Datasets and its metadata should be in English to ensure usability, but English plus Low
another language would be considered best.

Conditions Although a large number of datasets are available, some of these involve high costs. Low
for use

According to UNFCCC, this limits countries to be able to report the SDGs regularly. To
prevent this, open-source datasets are therefore only collected.

Spatial

Rasters are desirable because it makes it easier to perform calculations and to combine Low

data type

with auxiliary (raster) datasets.
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2.4 Potential land cover datasets
Most available global land cover maps are based on medium to high resolution optical and radar
satellite imagery, for example, AVHRR, MODIS, SPOT-Vegetation, and MERIS (Paganini et al., 2018).
More recently, high-resolution optical imagery, from the Sentinel missions, Landsat, SPOT-4/5, IRS LISS
III, and RapidEye, is used to generate land cover maps (Latham et al., 2014). For this study, however,
global land cover datasets are preferred so the analysis can be repeated for countries other than China
and India. The data exploration showed (table 3) that five global land cover datasets are potentially
suitable. These are the ESA CCI Land Cover, GLC30, Copernicus Land Cover, FAO GLC-SHARE, and
MODIS LC (FAO, 2018a). These five datasets are labeled as potential because they meet one or more
requirements of the dataset requirements or because they have been used to measure SDGs before.
For this research, the datasets do not need to have an (extremely) high spatial resolution (< 30 meter)
because the changes on the earth’s surface can also be measured with a lower resolution. The use of
a high-resolution dataset could lead to unnecessarily heavy calculations or storage and therefore an
increase in costs and time.
Below in table 3 are the five potential land cover datasets with their most important characteristics.
An extensive table with the metadata per dataset can be found in the data assessment Excel.
Table 3: Potential land cover datasets
Name

ESA CCI LC

Description

Source

Developed as part of the ESA ESA

Timeframe

1992-2015

Spatial

Temporal

Resolution

resolution

300m, 1km

Annual

Climate Change Initiative. The

(change

result is a stable land cover data

detection)

and a dynamic component in the
form of time-series. Data is from
the Envisat mission.
GLC30

High-resolution global land cover NGCC

2000 and

30m,

(GLOBELAND)

dataset

2010

300m, 1km

Copernicus LC

Yearly moderate-resolution land JRC EU

2015

100m

Unknown

Annual

cover maps which primarily target
land cover detection and their
changes, developed by Copernicus
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FAO land cover uses the best- FAO

2014

1km

Annual

2001-2017

500m

Annual

available LC datasets with a high
and

medium

resolution

that

matches the spatio-temporal and
thematic criteria. (Melchiorri et al.,
2019; UN Habitat, 2018)
MODIS LC

Combination of Terra and Aqua NASA
satellite imagery with 17 classes.

2.5 Potential class-specific datasets
Class-specific datasets might be able to measure the indicators more accurately than a land cover
dataset, because they consist out of a combination of multiple datasets. The class-specific datasets
can be found in table 4.
Table 4: Class-specific datasets
Name

Description

Source

Timeframe

Resolution

GHSL POP

This raster contains the distribution of EU JRC

1975, 1990, 250 m, 1

population, expressed as the number of

2000, 2015 km

people per cell. (Pekel et al., 2016)
Global 2010

Tree canopy cover per pixel, derived from USGS

Tree Cover

Landsat 7

Global Surface

Maps the location and temporal distribution EU JRC

Water

of water surfaces and provides statistics on

2000/2010

30 m

1984-2018

30 m

the extent and change of those water
surfaces (Liping et al., 2018)
GHSL

The Global Human

Settlement

framework

Model

information about the human presence on

produces

Settlement (GHS) EU JRC
global

spatial

1975, 1990, 30 m, 250
2000, 2015 m, 1 km

the planet over time
FRA

Forest area by Global Forest Resources FAO

1980 - 2015

Assessment. Uses a range of different

, 5-10 year

datasets, including land cover/land use and

intervals

MODIS/Landsat
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2.6 Potential tools
Not only land cover and class-specific datasets can be used to measure the SDG indicators, but tools
can also help to achieve this. These online available tools automatically collect and combine the
required dataset(s). Users can use these tools to analyze the data without having to pre-process or
download the datasets. These tools can therefore be very useful for measuring and monitoring the
SDGs, especially for the more complex ones such as indicators 11.3.1 and 15.3.1. Potential tools are
listed in table 5.
Table 5: Tools
Tool

Description

Source

Trends.Earth

Trends.Earth is a QGIS extension Conservation

ESA CCI LC, NDVI

for analyzing land changes.

AVHRR/GIMMSM,

International

Datasets

MERRA, ISRIC
Global Forest

Global Forest Watch (GFW) is an Global Forest

Watch

online platform that provides Watch/ World

Landsat 7, GLAD

data and tools for monitoring Resources
forests.

Institute

Trends.Earth, in particular, is a very powerful tool that can be used to measure indicators 11.3.1 and
15.3.1. Trends.Earth is a QGIS plugin that supports the monitoring of land change, including changes
in productivity, land cover, and soil organic carbon. This QGIS tool uses cloud computing in
combination with Google Earth Engine to measure the indicators. It uses a wide range of data sets,
including NDVI (AVHHR / GIMMS and MOD13Q1-coll16), soil moisture (MERRA 2, ERA I), precipitation
(GPCP, CHIRPS, PERSIANN-CDR), evapotranspiration (MOD16A2), land cover (ESA CCI LC), soil carbon
(ISRIC), impermeable surface (GMIS and Landsat) and population data (GPWv4, GHS-POP, WorldPop,
CIESIN). A tool like this can help China and India better monitor the more complex indicators.
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3. METHODOLOGY
3.1 Study area
The study area consisted out of the countries of China
(9,562,910.0 m2) and India (3,287,259.0 m2) as can be
seen in fig. 1. Both of these countries have in recent years
been strongly confronted with both urbanization, land
consumption and land degradation. The degree of change
was according to the FAO (2018) so considerable that the
effect of these phenomena was visible on satellite images
as a change in land cover (FAO, 2018a; UN Water, 2018).
Besides, both countries have seen a similar trend in
population growth and economic growth. This makes this
Figure 1: Study area consists out of the countries

region interesting for measuring and comparing the various China and India
SDG indicators.

3.2 Time interval and temporal extent
The four SDG indicators were measured for the years 2000, 2005, 2010 and 2015. The reason for this
was that land cover/class-specific datasets were available for these specific years. Measuring at these
time intervals allowed for a comparison of the different indicators between each other over space and
time. These time frames corresponded to the years in which the indicators were officially measured
(table 1), making it easier to compare and validate the results of the thesis with the official United
Nations measurements. The time interval gave the possibility to detect changes over a longer period
of time on the earth's surface (Maurizio Bussolo, Rafael E. De Hoyos, 2007). The temporal extent
ranged between 2000 and 2015, depending on the indicator and the used dataset.

3.3 Overview methodology
The methodology for measuring the indicators was divided into different phases. Each phase
contained its own activities with associated methodology. The overall methodology containing the
different phases of the entire process and can be found in figure 2. During the first phase (A) of the
project, potentially usable datasets were explored. The potentially suitable land cover datasets were
scored during the data assessment (B), after which the most suitable dataset was collected and
preprocessed in GIS (C). The indicators were measured (D) per year (2000, 2005, 2010, 2015) and per
country, after which the indicator progress was compared against the official UN and class-specific
measurements to validate the results. Possible trends, patterns, and interlinkages (E) were discovered
by displaying the results into graphs, maps, and tables. This was supplemented with literature research
into SDG interlinkages to describe and interpret the outcomes and differences.
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Figure 2: Overview methodology presented in a workflow
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A - Data exploration
The purpose of the data exploration was to identify possible suitable datasets and to determine which
one could be used to measure the four indicators simultaneously. Also, class-specific datasets that
could be useful were described. Land cover datasets were selected with which all four indicators could
potentially be assessed, which should allow for a more reliable comparison of the indicators. The
comparison is more reliable because the same timeframe and land cover classes will be used for all
indicators. The data assessment provided an opportunity for investigating the impact of selecting
different datasets to assess an indicator. This was particularly relevant for indicator 11.3.1, where an
urban-focused dataset expected to be better suited (according to the class descriptions required in
the methodology). This approach helped understand any limitations of using a single land cover
dataset to measure multiple indicators. Possible limitations and their influence on measuring and
comparing the indicators were described and discussed. The results of the data exploration can be
found in chapter 2.
B - Data assessment
A data assessment was carried out to determine the usability, suitability and quality of the datasets
selected during the data exploration. The land cover datasets were scored using a scoring table (figure
3) which contains the various data indicators and their corresponding quality levels. These quality
levels consisted of thresholds, ranging from very low to very high and had a corresponding number of
points (1 to 5). When a dataset scored high, it got 5 points for the data indicator, and if it scored poorly
1 point. In this way, the datasets were assessed per data indicator, after which they each received a
final score.

Figure 3: Dataset scoring table (also in appendix II)
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This assessed the most suitable data set for measuring an indicator because this dataset would have
the highest number of points. No minimum amount of points was set as a threshold for a dataset to
be considered (un)suitable: the land cover dataset with the most points after the data assessment was
classified as the most suitable dataset for measuring the indicators. The table is based on the data
requirements from section 2.2. The datasets that score highest will then be used in phase C.
C - Data collection & preprocessing
Only the land cover dataset that scored highest compared to other datasets was collected. Indicator
measurements with a class-specific dataset were also collected. This was done via (inter)national SDIs
and literature. The class-specific datasets were not collected/measured during this thesis because
these indicator measurements are publicly available. The land cover dataset was clipped per year and
per country in ArcGIS using the Clipping tool. The input was in all cases the raster dataset and the clip
feature was the country border polygon. Clipping the datasets with a large spatial extent (e.g. world)
to individual countries made it easier to handle very large datasets in terms of better computer
performance.
D - Indicator measurements
Because the data assessment showed that the ESA CCI LC was the most suitable land cover dataset to
measure the SDGs this dataset was used in the rest of the methodology. All measurements used the
same administrative boundaries from NaturalEarth.
Both countries are obligated to follow the methodology established by the UN to measure the
indicators. However, countries can decide for themselves which datasets they use for measuring.
Because countries use different datasets, inconsistencies may occur despite the careful check of an
external UN committee. This showed the added value of using a single dataset for measuring the
indicators. The measurements with the ESA CCI LC are compared with existing indicator
measurements using a class-specific dataset and with the official UN measurements. Auxiliary datasets
will be used in tools to help measure indicators that cannot be measured with only a land cover
dataset.
Land cover classification
The UN Statistical Division, who is in control of the SDG methodology, used a different approach for
classifying land cover dataset classes than individual land cover products did. UN Stats used the UNCCD
labels for describing grassland, cropland, wetland, artificial surfaces, and tree-covered areas. At the
same time, the individual land cover products had their own approach of describing and combining
subclasses. A table for the conversion of the UNCCD labels to those of ESA CCI LC can be found in
appendix III.
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Comparison, validation and evaluation of results
The measurements of the four indicators were compared with class-specific measurements (Global
Surface Water, Global Forest Watch) as well as official UN measurements to validate and compare
whether and, if applicable, how accurate the measurements were with the ESA CCI LC or with a tool
using this dataset. Comparison is important to validate the indicator measurement results. Otherwise,
every measurement outcome can be potentially plausible. In addition, existing literature about these
indicators was also used to validate the results, especially when the official UN measurements were
not available. The indicator measurements were also compared over the years to determine what kind
of progress the indicator is going through (increase or decrease over a longer period of time). The
measurement results were evaluated in the discussion (chapter 5) with the use of literature and
(existing) maps, graphs, and tables.

D. 1: Indicator 6.6.1
Water-related ecosystems mean the following ecosystem categories: 1) vegetated wetlands, 2) rivers
and estuaries, 3) lakes, 4) aquifers, and 5) artificial water bodies. This indicator required a "water" or
"water bodies" class from a land cover dataset. Depending on how this class is structured, this class
can in some cases be supplemented with the "wetland" class. The ESA CCI LC water bodies class fully
corresponded to the UNCCD water bodies class, and therefore no class-specific dataset was necessary
for measuring this indicator. Although vegetated wetlands are officially part of water-related
ecosystems, this class was excluded from the indicator measurements. This was because the
methodology for monitoring this class with earth observation is unique from other open waters and
is therefore monitored separately for countries as conforming the UN methodology (UN Water, 2018).
Duplication in the measurement results was prevented by excluding the vegetated wetland class as
well.

Figure 4: Sub-methodology workflow for measuring indicator 6.6.1 using ESA CCI LC.

Indicator 6.6.1 is normally measured as the change of extent in water-related ecosystems. However,
since there are no official measurements available to validate this indicator the decision was made to
measure the percentage of water bodies of total land area instead. This gives a better indication of
the change between a certain time period, which in this case is every 5 years. There is also validation
data available to validate the ESA CCI LC results. The water bodies class was filtered out by using a con
on the land cover raster with input value 210, which is equal to the ESA CCI water bodies class.
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% of waterbodies of total land area = water bodies (year) / total land area * 100

1)

The extracted water bodies are divided by the total land area and multiplied by 100 to get the
percentage of water bodies for the reference year (formula 1). The result is the spatial extent of the
water-related ecosystems in a country. These results were compared against the official UN
measurements to validate the measurements with only a land cover dataset.

D2: Indicator 11.3.1
Measuring this indicator is complex and many auxiliary datasets are needed, and therefore the
decision was made to focus on two cities in both countries and to use the Trends.Earth tool to measure
this indicator (Conservation International, 2018). Indicator 11.3.1 required data of the urban extent
and population of at least two moments in time, and even more to assess the change over time.
Indicator 11.3.1 was measured using the Trends.Earth tool. The tool already contained population and
urban extent (built-up area) data of several years. It calculated the urban extent using a series of
impervious surface indices (30 meters resolution) (Conservation International, 2019). Trends.Earth
calculated this indicator for the years 2000-2005, 2005-2010 and 2010-2015. These three moments in
time correspond to the chosen time intervals of this thesis. To see a difference over time in this
indicator, the focus was on the city of Shanghai in China and New Delhi in India. Both cities saw a
similar increase in urbanization and land consumption and population growth in the past decades
(FAO, 2018b). Therefore, change in urban sprawl was detectable and visible in these cities.

Figure 5: Sub-methodology workflow for measuring indicator 11.3.1 using ESA CCI LC

The first step was calculating the urban change spatial layer. The settings for impervious surface index,
nighttime lights index, and the water frequency that served as input for calculating urban change were
kept at the default value because Conservation International and NASA already researched the
optimal threshold values for measuring cities (Conservation International, 2019). For the same reason,
the threshold values of the urban definition were also set as default. The buffer around the cities was
set to 40 kilometers for Shanghai and 35 kilometers for New Delhi, according to the widest
circumference of both cities. Due to tool limitations, a city perimeter shapefile larger than 10,000
square meters cannot be used, but a buffer proved to be a useful alternative. Finally, the population
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density was chosen to be consistent with the national census and population registers. This was
recommended by Trends.Earth because the national population census is more complete and up to
date than the official UN population estimates, which tend to underestimate the population count
(Conservation International, 2019). The result of step 1 was a spatial layer containing the urban area
change containing the built-up for the years 2000, 2005, 2010, 2015 and two classes with water and
no data (appendix VI and VII). This spatial layer served as input for step 2, calculating the summary
table for both cities. The result of step 2 was the summary table for the city containing information
about the city population change, city population growth rate, city area change, the land consumption
rate and the SDG 11.3.1 values. In addition, this step also produced four urban area spatial layers for
the four corresponding years, containing the urban, suburban and open space classes.

D. 3: Indicator 15.1.1
According to the FAO definitions, forest is defined as land spanning more than 0.5 hectares with trees
higher than 5 meters and a canopy cover of more than 10 percent (UNCCD, 2019), not including the
land that is predominantly under agricultural or urban land use. The United Nations Statistical Division
also uses this definition in its methodology for measuring the forest area as a proportion of the total
land area (Sulla-Menashe & Friedl, 2018). The ESA CCI LC consists of multiple forest classes (e.g.
deciduous/evergreen, open/closed, percentage of canopy) and therefore, these classes were merged
(appendix III). Indicator 15.1.1 was measured using the following formula:

Figure 6: Sub-methodology workflow for measuring indicator 15.1.1 using ESA CCI LC.

FA_t = Forest area (reference year) / total land area * 100

2)

Indicator 15.1.1 was calculated by performing a con on the ESA CCI LC for the years 2000, 2005, 2010,
and 2015 to extract the forest class. The input for the con for VALUE were the following values: 50,
60, 61, 62, 70, 71, 72, 80, 81, 82, 90, 100. These values correspond to the different land cover
(sub)classes and together they meet the FAO requirements for measuring forest area. The con on the
ESA CCI LC was repeated for all years and both countries. The result was the forest area for a given
specific year/country. The forest area was calculated by dividing it by the total land area (formula 2).
The ESA CCI LC dataset contained twelve different forest subclasses, so key was to combine the
appropriate subclasses to match the predetermined forest definition set by the UN. Otherwise, the
measurements would deviate, meaning that the measurements weren’t accurate and cannot be
compared or validated with (official) sources/measurements.
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D. 4: Indicator 15.3.1
This indicator is defined as the amount of land area that is degraded, expressed as the proportion of
land that has degraded over a total land area in percentage. Because this indicator can be quite
complex to measure, the Trends.Earth tool was used. Measuring this indicator was based on the
evaluation of changes in the sub-indicators to determine the extent of land that was degraded over
total land area. These sub-indicators are land cover change, land productivity dynamics and soil
organic carbon stocks (Zhou & Moinuddin, 2017). Combined these three sub-indicators form a binary
classification of land condition, in which land can be degraded or not degraded. This indicator uses the
statistical One Out, All Out principle (1OAO). According to this principle, changes can be depicted as
positive/improving (i), negative/declining or stable/unchanging.

Figure 7: Sub-methodology workflow for measuring indicator 15.3.1 using ESA CCI LC.

If one of the sub-indicators is negative (or stable when degraded in the baseline or previous monitoring
year) for a particular land unit, then it would be considered as degraded (UNCCD, 2019; UNSD, 2018).
Land cover maps do not contain information about carbon stocks and NDVI values. Two sub-indicators,
land productivity, and soil organic carbon stocks could therefore not be measured with only a land
cover dataset. Only the sub-indicator land cover change could be measured with a land cover dataset.
The other sub-indicators required class-specific datasets of carbon stocks and NDVI time series for
measuring land productivity. These class-specific datasets were already provided in the Trend.Earth
tool.
Custom land cover datasets were added instead of the default UNCCD land cover dataset. In this case,
this is the ESA CCI LC for the years: 2005 (2000-2005), 2010 (2005-2010) and 2015 (2010-2015). The
year 2000 was not calculated because there was no sub-indicator data available for the years 19952000. For calculating the sub-indicator land cover change the time period (initial year and the target
year) was chosen, after which the definition of degradation could be defined in the transition matrix.
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In this case, the default of the transition matrix was used (appendix IX) since the UN methodology
doesn’t describe any changes in definition. The output was a land cover change map for a specific
year/country. The second sub-indicator land productivity used the MODIS (MOD13Q1 annual) NDVI
trends to calculate this sub-indicator (UN DESA, 2018) with the same settings as mentioned above. For
the final sub-indicator soil organic carbon stocks, the climate regime was left on default (as the official
methodology described (Conservation International, 2019) and the calculation of this indicator
resulted in a carbon stock map.
The input for the final degradation calculation were the five maps from the three sub-indicators (land
cover change, soil organic carbon stocks, land productivity (trajectory, performance, and state)). The
results are a land degradation map for a specific country and year, in which land can be degraded,
improving or stable. The summary table lists all the results of the degradation calculation.
E - Identifying trends, patterns and interlinkages
The interlinkages, trends and patterns between indicators expressed the influence of the different
SDGs indicators on each other and whether they influenced each other positively (synergies) or
negatively (trade-offs). Also, an interlinkage between certain indicators may be reported in literature,
but this might not be applicable for these countries (India/China) or those interlinkages may not be
detected with the use of the ESA CCI LC dataset (Paganini et al., 2018).
The indicator measurement results were used to check whether interlinkages between indicators
influenced the indicator progress. This was done by combining the measurements with existing
literature on SDG interlinkages and with visualization tools from the EU JRC KnowSDG initiative and
the IGES platform (ESA JRC, 2016). In addition, existing figures/maps/tables from the results chapter
were used to identify possible interlinkages.
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4. RESULTS
In this chapter, the results are explained per sub-objective as indicated in the methodology. First, the
results of the data assessment are discussed, after which the most suitable land cover dataset is
selected (sub-objective 1). After the data assessment, the measurements of the four SDG indicators
are described, after which the results are discussed and compared against the official UN/class-specific
measurements and between countries (sub-objective 2). Conclusions are drawn from the indicator
measurements using maps, graphs, and tables in combination with literature (sub-objective 3).

4.1 Data assessment
Three of the five datasets that were scored during the data assessment seem to appear more suitable
than the remaining two. These datasets are the ESA CCI LC, the Copernicus LC, and the MODIS LC. The
three datasets score almost the same, with only a two points difference between the most suitable
dataset and the one in second place. Of the maximum number of points of 55, the ESA CCI LC scores
highest with 51 points, and therefore this dataset will be used to measure the SDG indicators. The
result of the data assessment can be seen in figure 8.

Figure 8: Results data assessment of the five landcover maps, scored based on 11 dataset indicators

The ESA CCI LC scores high on the four most important dataset assessment indicators (spatial extent,
temporal extent, completeness and spatial resolution). The combination of the temporal extent
ranging from 1992 to 2015 and a resolution of 300 meter makes this land cover dataset highly suitable
for measuring the SDG indicators, especially over a longer period of time to detect trends in the
indicator progress (EU JRC, 2014) (NASA, n.d.). For this project, the ESA CCI Land Cover is sufficient
and can be seen as a safe and stable choice for indicator measurements. However, to be able to
measure the four SDG indicators in the future it might become necessary to use a different dataset
due to ESA CCI LC’s (possible) discontinuation.
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In case the ESA CCI LC dataset is indeed discontinued the Copernicus LC would be a suitable second
choice. With 50 points, this dataset scores almost as high as the ESA CCI LC and is therefore very
similar. However, the Copernicus dataset distinguishes itself from the other land cover datasets with
the guaranteed continuity for the future (Friedl et al., 2010). Copernicus LC is not usable to measure
indicator progress over time yet due to the lack of available timeframes since it is a fairly new product.
This dataset is promising for measuring the indicators in the future since new maps (and thus new
timeframes) will be added which will allow SDG progress measurements over time. The MODIS land
cover dataset from NASA also scores high in the data assessment and is comparable with the two land
cover datasets mentioned above, although it has a slightly coarser resolution (500 meters). The
downside to the MODIS MCD12Q1 product is that it is already discontinued, meaning that no new
data will be added (UN Environment, 2018; UN Water, 2018). In theory, it could still be used to
measure the indicators from 2001 to 2018, but cannot be used to measure the SDG indicators in the
future. Also, Friedl et al. (2010) mentions users not to use the MODIS LC for land cover change
assessment due to its temporal inconsistency (UN Water, 2018). For this project, the GLC30 by the
National Geomatics Center of China and the GLC-SHARE by FAO are ruled out because of their lack of
timeframes (temporal extent), which makes it hard to measure and compare the SDG indicator
progress over time.

4.2 SDG Progress
The ESA CCI LC dataset was used to measure the four indicators. Below are the results of sub-objective
two: measure and compare the progress of the different SDG indicators over space and time.
4.2.1: Indicator 6.6.1: Change of the extent of water-related ecosystems
The measurements of this indicator (table 6 and 7) report an increase in the extent of water-related
ecosystems for both China and India throughout the years, which is confirmed by the official UN
measurements from UN Water (Melchiorri et al., 2019).
Table 6: The extent of water-related ecosystems for 2005, 2010 and 2015 for China
Extent of water bodies as percentage of total land area

China

2005

2010

2015

ESA CCI LC

1.24

1.24

1.26

Global Surface Water

1.08

1.12

1.17

Official UN measurements

1.09

1.09

1.18
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For China, the percentage of the extent of water-related ecosystems fluctuates around 1.24 percent,
measured every 5 years. It remains relatively unchanged over the years, with only a change of 0.02
percent between 2010 and 2015. The Global Surface Water measurements also show small
differences between the years (around 0.04%/0.05%). The percentage of extent is considerably lower
for the Global Surface Water measurements than for the ESA CCI LC measurements. This is similar to
the official UN measurements. Although the difference between the years is small, the difference
between the official UN/Global Surface Water measurements compared to the ESA CCI LC
measurements is relatively large.
Table 7: The extent of water-related ecosystems for 2005, 2010 and 2015 for India
Extent of water bodies as percentage of total land area
2005

2010

2015

ESA CCI LC

1.62

1.61

1.68

Global Surface Water

1.46

1.49

1.50

Official UN measurements

1.49

1.54

1.55

India

The percentage extent of water-related ecosystems is higher for India than for China (table 7). The
measurements of the ESA CCI LC calculate the extent around 1.63% on average of the total land area
for all years. The difference between the years for the ESA CCI LC for India is comparable with China:
both detect a difference between 0.01 and 0.02 percent of the extent. The results with the ESA CCI LC
are both higher than the class-specific and official measurements, but are still relatively accurate. This
suggests that it would be possible to measure indicator 6.6.1 with only a land cover dataset, although
the results are not as reliable as one hoped. However, it should be taken into account that the ESA CCI
LC has a tendency to overestimate the water bodies class, which in this case, applies to both countries.

4.2.2: Indicator 11.3.1: Ratio of land consumption rate to population growth rate
This indicator cannot be measured with only a land cover dataset. Still, the ESA CCI LC can be used in
combination with other (auxiliary such as population grids and class-specific) datasets and tools to
measure this indicator. However, the lack of publicly available UN measurements about this indicator
makes it difficult to validate the measurement results with the ESA CCI LC. Therefore, independent
scientific research into this indicator was used to validate ESA CCI LC’s results.
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Table 8: Indicator 11.3.1 measurements for Shanghai, China
Period

City

City

City

City area

City area

Land

SDG

population

population

population

(sq km)

change

consumption

11.3.1

change

growth rate

(sq km)

rate (%)

value

(%)
2005

14,874,350.15

4,103,813

6.46%

243,424.25

89,522.44

9.17%

1.42

2010

18,005,516.80

3,131,167

3.82%

284,462.64

41,038.39

3.12%

0.82

2015

20,859,701.04

2,854,184

2.94%

299,610.07

15,147.43

1.04%

0.35

Table 8 shows that Shanghai’s city population is still growing but that the city population growth rate
has slowed down over time, as well as the land consumption rate and the SDG 11.3.1 value between
2000 and 2015. For 2005 (2000-2005) the land consumption (9.17%) was higher than the demographic
growth (6.46%), which in combination with the high SDG 11.3.1 value (>1) indicates urban sprawl
(Wang et al., 2020). This is undesirable because urban sprawl produces inefficient cities, and thus the
opposite of the aim of this indicator (UN Habitat, 2018).

Figure 9: Urban Area Change between 2000 and 2015 for Shanghai, China.
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After 2005 the population growth rate and the land consumption rate both decreased, causing the
2005 SDG value (1.42) to decrease significantly to a value between >0 and <1. This means that
Shanghai did not experience urban sprawl from 2010 on anymore (SDG value below >1) and observed
a more efficient use of land over time (FAO, 2015). The urban area change map (figure 9) serves as a
visual interpretation of the change in land consumption Shanghai has seen between 2000 and 2015.
Not only is the city (the urban class in red) growing, but also the open space (captured) and the open
space (fringe) disappear over time. In addition, an agglomeration was created because the rural builtup areas which were independent cities before became part of the Shanghai metropolitan area.
Table 9: Indicator 11.3.1 measurements for New Delhi, India.
Period

City

City

City

City area

City area

Land

SDG

population

population

population

(sq km)

change

consumption

11.3.1

change

growth rate

(sq km)

rate (%)

value

(%)
2005

12,270,714.22

1,949,348

3.46%

136,388.01

24,437.94

3.95%

1.42

2010

14,126,596.33

1,855,882

2.82%

157,138.51

20,750.50

2.83%

0.82

2015

15,656,405.40

1,529,809

2.06%

166,588.16

9,449.66

1.17%

0.35

Figure 10: Urban Area Change between 2000 and 2015 for southeast New Delhi
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A similar trend in the decline of city population growth rate and land consumption rate since 2005 can
be seen in New Delhi in India (table 9). Although both rates were lower than in China in 2005, the SDG
11.3.1 value for 2005 (1.42) is also high (>1) for this city, meaning that New Delhi also experienced
urban sprawl in the same time period. Although Shanghai has seen a more equal and consistent
growth across and throughout the city (figure 9), New Delhi seems to be growing mainly around the
edges and existing places and places related to public transport (figure 10, map 2015). This shows that
railways but also water attract urban growth (UN DESA, 2018). In contrast to Shanghai, there also
seems to be an increase in open space (captured as well as fringe). A map of the whole metropolitan
area for both cities can be found in appendix VI and VII.
The conclusion for both countries is that although their SDG 11.3.1 values were high (>1) in 2000, both
saw a decreasing trend in the city population growth rate and the land consumption rate. Therefore
the SDG 11.3.1 value decreased to below 1 over the years, which slowed down the urban sprawl and
caused more compact and thus more efficient cities, corresponding to the purpose of this indicator
(Schiavina et al., 2019).
4.2.3 Indicator: 15.1.1: Forest area as a percentage of total land area
Indicator 15.1.1 requires no tools and can, therefore, be fully measured using only the ESA CCI LC.
Table 10: Percentage of forest area of total land area for four periods in time for China.
% Forest area of total land area

China

2000

2005

2010

2015

ESA CCI LC

23.77

23.90

23.84

23.84

Global Forest Watch

18.51

20.19

21.63

21.78

Official UN measurements

18.78

20.48

21.28

22.10

The percentage forest area of total land area for China (table 10) has according to the ESA CCI LC
dataset seen an increase between 2000 (23.77%) and 2005 (23.90%). However, the increase is
considered small with only a growth of 0.13%. In 2010 this percentage decreased by 0.06% to 23.84%
in 2010, which remained the same in 2015. It is striking that the forest area remains almost the same
throughout the years, according to the ESA CCI LC, especially since the official UN measurements
report a difference of 4,32% between 2000 and 2015 (table 10).
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Table 11: Percentage of forest area of total land area for four periods in time for India.
% Forest area of total land area

India

2000

2005

2010

2015

ESA CCI LC

20.60

20.66

20.70

20.68

Global Forest Watch

19.90

20.59

20.82

21.50

Official UN Stats

21.99

23.47

23.77

23.77

The percentage of forest area in India was 20.60 percent of the total land area in 2000 (table 11). This
percentage hardly changed over the years, ranging from 20.60 to 20.68 percent. This trend is also
visible in the ESA CCI LC measurements for China. For India, the ESA CCI LC measurement values are
estimated lower compared to the official UN statistics. In contrast, the Global Forest Watch
measurements appeared to be lower in 2000 (19.90%) but higher in 2015 (23.77%) compared to the
ESA CCI LC.
The ESA CCI LC displaying a difference of 0.07% (2000-2015) in the percentage of forest area over 15
years is very small since the annual forest change for Asia is 0.17% annually, making the measurements
of the ESA CCI LC unlikely (IGES, 2019; Zhou & Moinuddin, 2017).

Figure 11: Percentage of forest area of total land area for four periods in time for India and china, displayed
with three measurements (ESA CCI LC, Global Forest Watch (GFW) and the official UN measurements(UN)).
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When comparing the three different measurements (ESA CCI LC, Global Forest Watch, Official UN
measurements) (figure 11), it becomes clear that the ESA CCI LC remains stable over time, while the
UN measurements and Global Forest Watch data show distinct differences in the percentage of forest
area for both countries. This is a strong indication that the measurements of this indicator with the
ESA CCI LC are not reliable, because they deviate too much from the official UN measurements.

4.2.4: Indicator 15.3.1: Proportion of land that is degraded over total land area
Indicator 15.3.1 is measured as the proportion by calculating the degraded, stable, or improved land
area, where the percentage degraded land area indicates the progress of 15.3.1. Figure 12 shows that
the proportion of degraded land in China is increasing over time, ranging from 19.82% (appendix IV
and figure 12 in light blue) to 25.29% for 2015 (dark blue). The percentage of land that improves
increases over time as well, while the stable land area decreases to 52.62% for 2015.

Figure 12: Indicator 15.3.1 results for China for 2005, 2010 and 2015.

Figure 13 shows the results of indicator 15.3.1 for China for 2015 (also visible in appendix XI). The land
is shown here as degraded (red), stable (yellow), or improved (green). The division between east and
west in China is striking: land area in the east has seen improvement through time, while in west China
the country experienced major areas with degradation. This split can be explained by the influence of
one of the three sub-indicators, namely land productivity. Figure 14 shows this sub-indicator for the
same time period in China (appendix XII). A visual comparison confirms that land in western china
classified as stable but stressed (in yellow), an early stage of decline (orange) or declining (red) for
land productivity is ultimately classified as degradation in the final indicator results (figure 13). The
output of the other two sub-indicators (land cover change and soil organic carbon) gave no similar
results which could implicate that they caused the degradation in these areas.
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Figure 14: Land productivity in China 2010-2015

Figure 15 shows the measurement results for India. Although the percentage of land classified as
stable was high in 2005 at 78.57%, it fell to 66.77% 10 years later. A decline in the stable land area is
a trend that was also visible in China. In India, however, the percentage of land area improved
sharply to 24.29% in 2015 while the degraded land area decreased to 7.01%. This development is
favorable given the aim of the indicator, which is to reduce degradation and improve the land area.

Figure 15: Indicator 15.3.1 results for India for 2005, 2010 and 2015.
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Figure 17: Land productivity in India in 2015 (2010-2015)

Figure 16 shows that in general less large and intensive hotspots of degradation appear in India than
in China (appendix XII). In the far north and the west of the country, there are areas prone to land
degradation. Furthermore, a large part of the south of India is classified as stable, but here too can
areas with degradation be perceived. The areas in the north, west and south of India that are degraded
correspond to the areas classified as early signs of decline or declining in the land productivity subindicator for the same year (figure 17, also appendix XIV). Again, as with China, the other two subindicators did not show the same pattern, concluding that land productivity has a high impact on the
final indicator measurements (figure 15).
As with indicator 11.3.1., it is challenging to validate the results of 15.3.1 caused by the lack of publicly
available UN measurements. The small amount of data available through the UN's Land Portal SDI
states that China had a degradation rate of 27% in 2015, which is in line with the 25.29% percent
measured by the ESA CCI LC. For India this is very different, with the official measurements reporting
degradation of 30% for 2015, while the ESA CCI LC measures not even half of this, namely a value of
7.01%.
The conclusion is that it is only possible to measure this indicator with a land cover dataset in
combination with auxiliary datasets. Although validation measurements are not (fully) available, it can
be concluded that the ESA CCI LC measurements are not entirely reliable. This is shown by the fact
that the indicator measurements for India with the ESA CCI LC are extremely different from the official
results.
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4.3 Interlinkages, trends and patterns
Patterns between SDG indicators are complex, partly due to the large number of indicators and the
fact that they are all linked in some way (Miola A et al., 2019). Research into SDG interlinkages has
been carried out by the European Commission via their KnowSDG Platform and by IGES (Institute for
Global Environmental Strategies) (Wang et al., 2020). The IGES SDG Interlinkages visualization tool
shows that there are indeed interlinkages between (some) of the four indicators of this study, which
is confirmed by research conducted by EU JRC (Banerjee et al., 2019).

Figure 18: Interlinkages between indicators adapted from IGES (Xin Zhou, Mustafa Moinuddin and Yi Li., 2018).
The visualization indicates the complexity of SDG interlinkages between the indicators (in light blue) as well as
the synergies (black lines) and the trade-offs (red lines). Dotted lines are non-available indicator level data.

The interlinkages between the indicators can be seen in figure 18. Each line with an arrow linking two
nodes represents a directed/causal link between the source indicator and the target indicator (Zhou
et al., 2018). Figure 18 shows the interlinkages between the indicators, including the other subindicators that also show connections. Indicator 11.3.1 is missing in both figures because neither IGES
nor the European Commission have identified the possible interlinkages of this indicator. This may be
due to a lack of research into this indicator for both India and China (System of Environmental
Economic Accounting, 2019)(Zhou & Moinuddin, 2017). The lack of this information makes it difficult
to draw conclusions about the interlinkages of indicator 11.3.1.
A synergy is a weak positive correlation between 0 and 0.7, and the strong synergy has a positive
correlation between 0.7 and 1. It can be observed in table 12 that a strong causal relationship exists
between indicators 6.6.1 as source and indicators 15.1.1 and 15.3.1 as targets. It is striking that the
other way around (15.1.1 as source and 6.6.1 as target) is also a synergy but less strong.
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In addition, there is also a strong synergy between indicator 15.1.1 and 15.3.1 (both ways). No tradeoff between the indicators has been identified (Georgievski & Hagemann, 2019).
Table 13: Matrix displaying the interlinkages between indicators from source to target, adapted from
Apollonia et al., 2019 for EU JRC in combination with IGES SDG Dashboard on synergies and trade-offs.
Source indicator
6.6.1
6.6.1
Target
indicator

11.3.1

15.1.1

15.3.1

N/A

Synergy

Synergy

N/A

N/A

11.3.1

N/AA

15.1.1

Strong synergy

N/A

15.3.1

Strong synergy

N/A

Strong synergy
Strong synergy

Table 13 is a summary of the indicator measurements. Figure 12 showed that there were synergies
between certain indicators, but this is only partially reflected in figure 13. The synergy is visible
between 6.6.1 and 15.1.1: both indicators see improvement over the years. Therefore it seems that
due to their interlinkage, both indicators are improving over time, but further research needs to be
done as to whether this is actually due to both indicators influencing each other positively or whether
this is caused by other factors (ESA, 2017).
Table 14: A summary of indicator process over time measured with ESA CCI LC for India and China
combined with interlinkages
China

India

2000

2005

2010

2015

2000

2005

2010

2015

6.6.1

N/A

↑

↔

↑

N/A

↑

↔

↓

11.3.1

N/A

↑

↑

↑

N/A

↑

↑

↑

15.1.1

↑

↑

↓

↔

↑

↑

↑

↓

15.3.1

N/A

↑ /↓

↑/↓

↑/↓

N/A

↓

↓

↑
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The ↑ symbol is indicating improvement, ↔ meaning the indicator is stable and ↓ a decline in
indicator progress compared to the previous measurement. This information is derived from the
indicators measurement results. Green indicates a confirmed synergy between indicators (derived
from table 13) and yellow a possible partial influence of synergy on indicator progress. Indicator 15.3.1
sees both an increase in land area improvement as well as an increase in degraded land area at the
same time, and has therefore both symbols.
There seems to be a trend in the indicator progress for 11.3.1 for both China and India (figure 14). This
indicator reports improvement overtime for all the measurements. Due to the lack of information
about interlinkages for this indicator, it is not clear whether this improvement is a result of changes in
other indicators or because of external factors influencing the indicators and therefore the results.
However, it is the only indicator that shows a clear positive trend.
The pattern that becomes visible in figure 14 is that both countries have seen (a degree of)
improvement over the years for all indicators. Although at some points in time a decline in indicator
progress can be seen (e.g 6.6.1 in 2015 in figure 13) the overall indicator progress improves over the
entire measurement period for both countries.
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5. DISCUSSION
This chapter contains a discussion of the main findings and the used methods, following the order of
the methodology.

5.1 The use of ESA CCI LC for measuring SDGs
The ESA CCI LC product uses a resolution of 1 kilometer for change detection between their annual
products, based on the AVHHR, SPOT-VGT and PROBA-V missions. This resolution allows the capturing
of the dominant land cover transitions, but it must be taken into account that only land cover changes
visible at 1 kilometer are detected (ESA, 2017). This results in several cases of change omissions not
being detected. This concern changes on a small to medium-sized scale (<1000 meters). In general, it
is assumed that change is based on the Landsat product (30m resolution) which reflects more or less
the size of changes made by humans. Cutting down trees or building a house can be as large as a few
Landsat pixels (30 by 30 meters), but these human-made changes are less likely to be 300 meters (ESA
CCI LC) or even 1 kilometer (ESA CCI LC change detection). This is a disadvantage because the change
detection of the ESA CCI LC is too coarse to detect change, causing the change not the be (to a certain
degree) included (ESA, 2015, 2017).
Another disadvantage of the ESA CCI Land Cover dataset is the uncertainty about the continuity
(Kussul et al., 2017). This land cover dataset is made of various data products, such as Envisat, ProbaV, SPOT and MERIS satellite imagery. The PROBA-V satellite is the last remaining working data provider
and the continuation of this product is also unknown in the future. Therefore, since 2015 the ESA CCI
LC was part of the so-called CS3 products (Copernicus Climate Change Service) until 2018. Although
there is currently no specific news about the future of the ESA CCI LC this product will most likely
continue with Sentinel-3 data, and thus securing the availability for this product in the future.
What is not included in the data assessment, but what does influence the indicator measurements is
the accuracy of this land cover dataset. The accuracy of the ESA CCI LC says something about the
degree of reliability of the classification of each pixel. The overall accuracy of the ESA CCI LC dataset is
75.4% (Nowosad et al., 2019)(EU JRC, 2014). The accuracy of the ESA CCI LC has not been included in
the measurements but could certainly influenced the results. The extent of this on the final
measurements has not been investigated and more research into the influence of the accuracy on the
measurement results needed.
Finally, it must be taken into account that the ESA CCI LC is oriented as a climate service, which prefers
temporal consistency over higher accuracy (Nowosad et al., 2019). This product was made to study
the climate and this dataset was not intended for measuring the SDGs. This orientation on the climate
will influence the measurement results because of its conservativeness towards allowing change.
Change in land cover is only confirmed after two or three years.
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Because no special SDG land cover maps are available, this ESA CCI LC product is generally used for
SDG measurements, although it was not built for it. This conservativeness is especially visible in the
measurement results of indicators 6.6.1 and 15.1.1. Because validation data of these indicators is
available in the form of official UN measurements, the SDG progress over time could be compared
adequately. This showed that the ESA CCI LC measurements remained very stable over the years, while
the official measurements and the measurements with class-specific data sets did show changes over
time.
Despite the limitations of the ESA CCI LC dataset, it was according to the data assessment the most
suitable dataset to measure the indicators. Especially the fact that it has a large temporal extent
ensures that this data set is suitable for measuring indicators over a longer period of time, and
therefore distinguishes itself from the other land cover datasets.

5.2 Indicator measurements
The results showed that the ESA CCI LC measurements for two indicators 6.6.1 and 15.1.1 were
unreliable, because they were significantly higher or lower than the validation measurements (classspecific and UN). This deviation from the official measurements was also different between countries:
China and India both had a higher deviation from the validation measurements for indicator 6.6.1 but
for indicator 15.1.1 India had low values compared to the validation measurements and China high.
Indicator 15.1.1
For indicator 15.1.1 the deviation from the official UN measurements could be explained by the builtup of the forest class which is described in a paper by FAO (2015) and is attributed to the fact that the
CCI LC definition of the forest class requires as little as 15% of the 300 meter by 300 meter pixel area
to be covered by trees to be labeled as ‘forest’. This difference stems from the much finer resolution
of Hansen et al. (2013) which is used in the Global Forest Watch dataset. The use of the direct spectral
change instead of the post-classification change detection method from the ESA CCI LC could explain
the unreliable results (FAO, 2018b; WRI, 2019). However, this only explains the difference for China,
and not for the low percentage of forest for India measured by the ESA CCI LC. Although there is no
valid reason for this phenomenon described in literature, this deviation may be related to the
characteristics of the ESA CCI LC dataset. A reason for the fact that the measurements with the classspecific Global Forest Watch dataset were very close to the official UN measurements is because of
its similarity with the UN dataset, which also uses data of Hansen et al. (2013) (ESA, 2017).
Instead of measuring the forest area of total land area, the forest loss/gain for a country could also be
measured. The outcome gives a better indication of the loss of forest in one area and the gain in
another, allowing patterns to be discovered in space/time (UN Water, 2018).
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Indicator 6.6.1
Unreliable measurement results with ESA CCI LC were also visible with indicator 6.6.1, where the
measurements of both China and India were higher the validation measurements. ESA describes in
their product user guide that the “CCI-LC tends to slightly overestimate the permanent water area”
which may explain the difference between the ESA CCI LC and the official UN measurements for
indicator 6.6.1 (Udimal et al., 2017) (EU JRC, 2014) although these differences can still be considered
small (less than 0.25% for both countries). The most plausible explanation for the difference is that
there is no separate class with artificial water bodies in the ESA CCI LC. In the ESA CCI LC
measurements, this class is part of the general water bodies class and no distinction was made,
although this class is omitted in the official measurements (UN Water, 2018) (ESA, 2015). China has a
relatively larger surface area of artificial water bodies than India (Huadaong, 2019), which could
explain why the percentage of the extent of water bodies for China is on average 0.25 (table 6 and 7)
higher than the official UN measurements. The difference for India is smaller with an average
deviation of 0.13 above the official UN measurements (table 7). The class-specific dataset Global
Surface Water from EU JRC proved to be more useful here since the measurements using this dataset
were more accurate compared to the UN measurements.
Indicator 11.3.1
Indicator 11.3.1 is a complex indicator to measure because it requires many different datasets.
Measuring this indicator with only a land cover dataset turned out to be not possible because land
cover datasets lack information about the population and a distinction in built-up classes. Only 1 builtup class is available in the ESA CCI LC dataset, making it difficult to distinguish between the different
kinds of built-up (e.g. rural built-up, suburban) that this indicator requires. However, the ESA CCI LC
built-up area class can still partly be used to measure this indicator when used in a tool such as
Trends.Earth. The built-up area class can, in this case, be supplemented with class-specific datasets
and census data from NSOs (national statistical offices)(Conservation International (2019).
The lack of available area could explain that from 2010 onwards Shanghai no longer experienced urban
sprawl, but this appears not to be the case. Although figure 9 for 2015 shows that almost the entire
Shanghai metropolitan area is classified as urban or suburban, appendix VI shows that there is still
room for urbanization. The reason that urban sprawl no longer takes place can be explained by the
declining population growth and the high-rise buildings in the city (SEEA & WCMC, 2019). As a result,
the city grows in height and not in space, causing the city area change in sq km to remain low. Together
this results in a lower SDG 11.3.1 value.
Indicator 15.3.1
A sub-indicator can have a major influence on the final result because of this indicator’s One Out, All
Out (1OAO) principle. According to UNCCD this is a conservative approach to combining different
indicators/metrics to assess their status (SEEA & WCMC, 2019). For indicator 15.3.1, this means first
of all that all sub-indicators are considered equal and therefore, each sub-indicator has an equal
influence of an area can ultimately be classified as degraded/non-degraded. This has a significant
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impact on the final results (figure 13 and 16). Secondly, when one of the sub-indicators shows negative
change (e.g. classified as declining, early signs of declining or stable but stressed for an area in the case
of the land productivity sub-indicator) it is considered a loss/decline, even when the other two
indicators remain stable or improve (SEEA & WCMC, 2019). Indicator 15.3.1 had a difference of 22.9%
between the proportion of degraded land for India between the ESA CCI LC measurements (7.01%)
and the official UN measurements (30%). An explanation for this can be found in the methodological
differences and the datasets used to measure the sub-indicator land productivity (CSIRO, 2017). The
official UN measurements use standardized national datasets to measure the land productivity for
India, while the Trends.Earth tool uses the ESA CCI LC. This has a major impact on the sub-indicator
land productivity, and because of the 1OAO principle, this also had a major influence on the final
indicator measurements. In addition, each country can indicate how they use the land cover change
matrix (appendix IX). China uses the default for this, which corresponds to the Trends.Earth tool.
However, India appears to have adapted this matrix (UNCCD, 2018). According to UNCCD (2018)
countries may declare other specific transitions to be negative depending on the local conditions (e.g.
bush encroachment). In this regard, a country may consider whether any changes to what is
considered "degradation or not" is required for their particular country. The official UN measurements
for India were therefore made with a modified land cover change matrix in contrast to the
measurements with the ESA CCI LC which used the default matrix for measuring this indicator for India
(SEEA & WCMC, 2019).

5.3 SDG interlinkages
Although it appeared from table 12 that there was a strong synergy between indicators 6.6.1 and
15.3.1, this is not reflected in the measurements for India. The opposite appears to be true here: when
indicator 6.6.1 improves compared to the previous measurement, 15.3.1 experiences a decline in
indicator progress. This would, therefore, represent a trade-off rather than a synergy. Indicator 15.3.1
results for China are difficult to interpret because for this country the indicator sees both an increase
in the percentage of degraded land area as well as an improved land area for all years at the same
time. Therefore, it is not possible to say with certainty if indicator 6.6.1 affects indicator 15.3.1.
However, it can be concluded that there are several interlinkages between the indicators and that this
is also reflected in the ESA CCI LC measurements. Following the limitations related to information
about the specific SDG interlinkages of these indicators and their influence on each other, further
research into interlinkages is needed
Another pattern that is visible in both countries is the fact that the measurements with the ESA CCI LC
do not show major changes over time, in contrast to the official measurements. The reason for this is
described in chapter 5.1 but it should be taken into account that the ESA CCI LC may be considered
unsuitable for measuring the SDG indicators. Finally, no positive change in all indicators was visible at
the same time, partly due to the lack of indicator information. However, a synergy between the two
indicators was visible as explained above.
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6. CONCLUSION
The main objective of this thesis was to measure and compare the progress of four SDG indicators in
India and China using open-source land cover datasets with the aim to identify possible patterns,
trends, and interlinkages between these indicators. A data assessment determined the most suitable
land cover dataset which was then used to measure the indicators, after which interlinkages between
indicators were identified.
The data assessment showed that the ESA CCI LC was the most suitable of the five land cover datasets
(ESA CCI LC, Copernicus LC, GLC30, GLC-SHARE, MODIS LC) to measure the four SDG indicators. The
Copernicus land cover dataset proved to be a good alternative for the future. It was not possible to
measure two (11.3.1 and 15.3.1) of the four indicators with only a land cover dataset, making the use
of additional datasets necessary. The SDG indicator measurements show that for all measured years,
all indicators improved over time for both India and China. This applies to measurements with the ESA
CCI LC, the official UN measurements, and measurements with a class-specific data set. Although two
indicators registered a decrease for one year, the progress of all indicators increased compared to the
beginning of the measurement period (2000/2005). There are several interlinkages between three
(6.6.1, 15.1.1 and 15.3.1) of the four indicators and this influence can also be seen in the measurement
results. Whether this is actually due to the interlinkage between the indicators must be investigated
in further research.
The ESA CCI LC had a major influence on the measurement results. The 1-kilometer resolution for
change detection, the time it takes to detect and confirm change (2-3 years), its orientation as a
climate service, and its conservative attitude towards change caused the measurements to be not as
reliable as one would hope. Class-specific datasets proved to be more accurate than the ESA CCI LC
measurements compared to the official UN indicator measurements. The lack of validation data meant
that not all indicator measurement results could be validated with the use of class-specific or official
UN measurements. It is therefore unclear whether some indicators have been accurately measured
with the ESA CCI LC. Validation measurements of the two indicators (6.6.1 and 15.1.1) showed reasons
to doubt the ESA CCI LC measurement results.
It can be concluded that the ESA CCI LC can be used to (partly) measure these four SDG indicators, but
that class-specific dataset measurements are more accurate compared to the official UN
measurements. Land cover dataset characteristics, as well as interlinkages between indicators,
influence the SDG indicator measurements. Where possible class-specific datasets should be used to
measure these four SDGs, but if not available, the ESA CCI LC could be of use.
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7. RECOMMENDATIONS
The recommendations concerning the data assessment and the usage of land cover maps are:
●

Include the influence of the land cover accuracy in the data assessment as well as the dataset’s
original purpose.

The recommendations for monitoring the indicators are:
●

Measure with a smaller time interval (< 5 years) and over a greater temporal extent. Although
changes between the time intervals will be smaller, fluctuations in the indicator progress can
be better observed. In addition, this provides more measurements over time, which helps to
determine trends.

●

Measure indicators that have the official UN measurement results publicly available to better
validate the measurement results when these indicators are measured with only a land cover
dataset.

The recommendations for further research are:
●

Repeat the measurement process of the indicators with the MODIS LC dataset and, in the
future, also with the Copernicus land cover dataset to see the impact of using different land
cover datasets on the SDG measurements.

●

Investigate the influence of the dataset accuracy on measurement results.

●

Investigate the influence of the interlinkages on the indicator measurements and whether this
is actually due to the relationship between the indicators or because of external factors
influencing the indicators.
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Appendix I - Dataset indicator description

Data indicator

Description

Spatial extent

The area that is covered by this dataset, e.g global, continental, national or
regional

Temporal extent

The amount of time the dataset is covering, e.g 2001-2015

Completeness

Whether the dataset has full spatial coverage or contains missing data for
certain areas.

Spatial resolution

The size of the smallest object that is still distinguishable, usually the size of
one cell (raster).

Temporal

The capability for satellites to provide images of the same geographical area,

resolution

also known as revisit time.

Thematic accuracy How direct/accurate is the relation between the data measurements and the
variable of interest.
Metadata

Information about the dataset and the extent to which metadata is provided.

Continuity

Whether datasets will remain available in the (near) future

Language

The language in which the datasets/metadata is written, whereas English is
preferred.

Conditions for use

Whether the use of the data is open or paid or if there are additional
restrictions such as not available for commercial use.

Spatial data type

If the dataset is a raster, vector or a different data type.
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Appendix II – Scoring table data assessment
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Appendix III – UNCCD to ESA CCI LC class conversion

UNCCD Label

ESA CCI LCI
CODE

ESA CCI Label

Tree-covered
areas

50
60
61
62
70
71
72
80
81
82
90
100

Tree cover, broadleaved, evergreen, closed to open (>15%)
Tree cover, broadleaved, deciduous, closed to open (>15%)
Tree cover, broadleaved, deciduous, closed (>40%)
Tree cover, broadleaved, deciduous, open (15-40%)
Tree cover, needleleaved, evergreen, closed to open (>15%)
Tree cover, needleleaved, evergreen, closed (40%)
Tree cover, needleleaved, evergreen, open (15-40%)
Tree cover, needleleaved, deciduous, closed to open (>15%)
Tree cover, needleleaved, deciduous, closed (>40%)
Tree cover, needleleaved, deciduous, open (15-40%)
Tree cover, mixed leaf type (broadleaved and needle leaved)
Mosaic tree and shrub (>50%) / herbaceous cover (<50%)

Grassland

110
120
121
122
130
140
151
152
153

Mosaic herbaceous cover (>50%)/ tree and shrub (<50%)
Shrubland
Shrubland evergreen
Shrubland deciduous
Grassland
Lichens and mosses
Sparse trees (<15%)
Sparse shrub (<15%)
Sparse herbaceous cover(<15%)

Cropland

10
11
12
20
30
40

Wetland

160
170
180

Tree cover flooded, saline water
Tree cover, flooded, fresh or brackish water
Shrub or herbaceous cover flooded fresh/ saline / brackish water

Artificial surfaces

190

Urban areas

Other land

200
201
202
220

Bare areas
Consolidated bare areas
Unconsolidated bare areas
Permanent snow and ice

Water bodies

210

Water bodies

Cropland, rainfed
Herbaceous cove
Tree or shrub cover
Cropland irrigated or post-flooding
Mosaic cropland (>50%)/natural vegetation, tree, shrub, herbaceous cover (<50%)
Mosaic herbaceous cover (>50%)/tree and shrub (<50%)
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Appendix IV – Measurement results 15.3.1 for China and India
Indicator 15.3.1 was measured for 2005, 2010 and 2015 for both India and China.
2005

China

2010

2015

Area (sq km)

% total land
area

Area (sq km)

% total
land area

Area (sq km)

% total land
area

Total land
area

9,249,916.6

100.00%

9,249,916.6

100.00%

9,249,916.6

100.00%

Land area
improved

320,948.0

11.34%

380,820.8

17.10%

1,876,889.2

20.29%

Land area
stable

2,878,396.4

67.01%

2,561,062.2

59.14%

4,867,088.9

52.62%

Land area
degraded

513,511.3

19.82%

591,649.2

21.95%

2,339,459.2

25.29%

3013.3

1.83%

2,996.6

1.81%

166,479.3

1.80%

Land area
with no data

2005

India

2010

2015

Area (sq km)

% total land
area

Area (sq km)

% total
land area

Area (sq km)

% total land
area

Total land
area

3,098,678.0

100.00%

3,098,748.3

100.00%

3,096,832.3

100.00%

Land area
improved

401,793.1

12.97%

399,773.6

12.90%

752,317.3

24.29%

Land area
stable

2,434,600.8

78.57%

2,235,972.9

72.16%

2,067,693.9

66.77%

Land area
degraded

202,133.0

6.52%

402,757.5

13.00%

217,086.9

7.01%

Land area
with no data

60,151.1

1.94%

60,244.3

1.94%

59,734.2

1.93%
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Appendix V – 11.3.1: Results graphs China and India
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Appendix VI – Indicator 11.3.1 Shanghai, China (map)
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Appendix VII – Indicator 11.3.1 New Delhi, India (map)
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Appendix VIII – Indicator 15.1.1: measurements in ha

Total forest area in 100 ha
2000

2005

2010

2015

ESA CCI LC

677116

679066

680408

679829

Global Forest Watch

653900

677090

684340

706820

India

Total forest area in 100 ha
2000

2005

2010

2015

ESA CCI LC

2272330

2285758

2280209

2279443

Global Forest Watch /

1770000

1930440

2068610

2083210

China
UN
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Appendix IX– Indicator 15.3.1 Conversion Matrix
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Appendix X– Indicator 15.3.1 Conversion Matrix UNCCD – ESA CCI LC
Adapted from Minelli at al.,(2019)
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Appendix XI– Indicator 15.3.1: Degradation in China
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Appendix XII– Indicator 15.3.1: Degradation in India
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Appendix XIII– Indicator 15.3.1: Land productivity China
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Appendix XIV– Indicator 15.3.1: Land productivity India
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