




According to the Sustainable Development Goals Report 20221 

of the United Nations, significant progress has been made in 
the availability of internationally comparable data for SDG 
monitoring. The number of indicators included in the global 
SDG database has increased from 115 in 2016 to 217 in 
2022. Nevertheless, it is challenging to fully understand the 
pace of progress towards the realization of the 2030 Agenda, 
because significant data gaps remain in terms of geographic 
coverage, timeliness and level of disaggregation. The need 
for timely, disaggregated and high-quality data is greater than 
ever as the world slowly recovers from the COVID-19 crisis.

Data innovation is the key to closing the gaps and 
accelerating the realization of the SDGs, and a key area of 
such innovation is the fusion of geospatial information and 
statistical information. Earth observation data collected by 
satellites, unmanned aerial vehicles and ground sensors can 
not only complement official statistics and survey data, but 
can also be used together with traditional data to produce 
high-quality information that is more timely and spatially 
representative. Based on Earth observation data, Big Earth 
Data, with spatial attributes, has strong spatiotemporal 
and physical correlations and good controllability of 
data generation methods and sources, in addition to the 
general characteristics of Big Data: massive, multisource, 
heterogeneous, multitemporal, multiscale and non-stationary. 
Big Earth Data can help us understand the complex 
interactions and evolutionary processes between the Earth's 
natural systems and human social systems, thus contributing 
to the realization of the SDGs.

Since 2018,  the Chinese Academy of Sciences (CAS) 
has been leveraging Big Earth Data to support the SDGs. 
Based on the Big Earth Data Science Engineering Program 
(CASEarth), the Big Earth Data sharing service platform 

and the Big Earth Data Cloud service infrastructure have 
been established to provide data, online computation and 
visualization for the monitoring and evaluation of SDG 
indicators. Currently, CASEarth shares a total of about 16.4 
petabytes of data, and updates 3 petabytes of data every 
year. As of February 2023, there were 570,000 users in 174 
countries and territories, with 100 million data visits.

Of the 17 Goals, SDG 2 Zero Hunger, SDG 6 Clean Water 
and Sanitation, SDG 7 Affordable and Clean Energy, SDG 
11 Sustainable Cities and Communities, SDG 13 Climate 
Action, SDG 14 Life below Water, and SDG 15 Life on Land 
are closely related to the Earth's environment and resources. 
The report on Big Earth Data in Support of the Sustainable 
Development Goals presents the results of studies conducted 
on selected indicators belonging to seven SDGs seven Goals 
where Big Earth Data can play an important role in their 
monitoring and evaluation. Over the past four years, the 
reports2 have presented 106 cases contributing innovative 
new methods, new products and information for decision 
support through the use of Big Earth Data to monitor and 
evaluate progress on the SDGs.

In these previous reports during the past four years, a total 
of 16 case studies on SDG 6 have been published, including 
1 local scale case, 13 national scale cases, 1 regional scale 
case, and 1 global scale case, covering 4 targets (SDG 6.3, 
SDG 6.4, SDG 6.5, and SDG 6.6) and 5 indicators (SDG 
6.3.2, SDG 6.4.1, SDG 6.4.2, SDG 6.5.1, and SDG 6.6.1). 
These research findings illustrate how Big Earth Data is 
filling data gaps for the SDG 6 indicators, improving data 
disaggregation and the ability to monitor and assess progress 
at different scales. This report compiles these cases together 
to provide a comprehensive overview of utility of big earth 
data for monitoring and evaluation of SDG 6.

Background

1 https://unstats.un.org/sdgs/report/2022/
2 http://www.cbas.ac.cn/en/publications/reports/

Multispectral Remote Sensing Image of Hangzhou Bay (SDGSAT-1, February 24, 2022).
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Analysis of surface water quality in China

Surface water quality is important for both human consumption 
and maintaining a healthy and functioning ecosystem. Pollution 
is one of the main causes of water quality degradation in 
surface water bodies throughout the world. The rapid economic 
development in China during the past 40 years has considerably 
increased the amount of pollutants released into water bodies. 
The Chinese government has made a considerable effort to 
improve water quality. The Central Government of China has 
developed national standards for surface water environmental 

quality, and established a water quality monitoring network 
covering all major river basins across the country. The national 
standard identifies 24 main indicators, which also provide the 
basis for the SDG 6.3.2 indicator proposed by UN-Water. This 
case study focuses on the water quality of major rivers, lakes, 
and reservoirs, and uses data collected from national monitoring 
networks accessible from their website. Herein, a statistical 
spatial index of surface water quality was developed for China 
at provincial and municipal scales. 

Scale: National
Study area: China

◎ Observation data for surface water quality is issued online by 
environmental protection monitoring departments administered 

by provinces and municipalities.

The above methodology was employed to calculate the 
proportion of each category of surface water for provincial and 
municipal administrative units in China during the 2016 and 
2017 period. The proportions of water bodies with good ambient 
water quality in China was 67.8% in 2016. The proportion of 
Class I, II, III, IV, V, and inferior V water bodies was 2.4%, 
37.5%, 27.9%, 16.8%, 6.9%, and 8.6%, respectively, with Class 
II and III in the majority. The number rose to 67.9% in 2017, 
and the proportion of inferior V water bodies decreased by 
0.3% compared to 2016, suggesting that the water quality has 

improved. Spatially, the surface water quality in the western 
region of China was superior compared to the central and 
eastern regions. The Xinjiang Uygur Autonomous Region 
and Tibet Autonomous Region maintained the highest surface 
water quality during the 2016 and 2017 periods. After years 
of centralized treatment, the quality of surface water in China 
is observed to be gradually improving. However, there is still 
much work to be completed in water pollution control, such as 
differentiated governance and investigating pollution sources.

Surface water quality is classified into six categories by 
Environmental Quality Standards for Surface Water (GB3838-
2002). Classes III, II, and I represent progressively higher classes 
for surface water quality. The water quality data was collected 
online from websites administered by local environmental 

protection departments, where the observation data is regularly 
updated. An index was calculated by determining the proportion 
of water bodies for each water quality class within sub-national 
administrative boundaries.

Target 6.3: By 2030, improve water quality by reducing pollution, eliminating dumping, and minimizing release of 
hazardous chemicals and materials, halving the proportion of untreated wastewater, and substantially increasing 
recycling and safe reuse globally.

Indicator 6.3.2: Proportion of bodies of water with good ambient water quality.

Method

Data used in the case

Results and analysis
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Figure 1-1. Proportion index for water quality at provincial scales in China in 2016 and 2017.

In 2016 and 2017, the proportion of bodies of surface water with good ambient water quality in China 
were 67.8% and 67.9% , respectively.

The surface water quality in China’s western region was superior compared to the central and eastern 
regions.

Outlook

The monitoring result will be updated each year. A more 
comprehensive analysis is being planned by adding data from 
2018 to 2020. This will allow for estimation of high surface 
water quality trends for ambient water quality.

A comparative analysis of water quality monitoring standards 

is also being designed for other countries and regions. This is 
necessary to explore the feasibility of using networks to acquire 
observation data for surface water quality analysis. This will 
allow for additional applications in countries and regions that 
maintain a water quality database.

Highlights

 (a) 2016                                                                                                             (b) 2017
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Case Study
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This case developed a novel remote sensing algorithm of SDD 
applicable to the land reflectance of MODIS (MOD09GA):

where R555 and R645 denote reflectance at two bands of MODIS 
with central wavelengths of 555 nm and 645 nm respectively; 
R  is an intermediate variable. By applying the algorithm to 
reflectance during 2000-2019, the daily SDD was remotely 

retrieved. Then, the annual and climatological mean SDD values 
for different lakes were further calculated through the arithmetic 
mean method. For the in situ SDD of China's lakes (N = 2236), 
75% of the synchronous cloudless match-ups were selected 
randomly for algorithm calibration, and the remaining 25% 
were used for validation. The results of the new algorithm were 
comparable to those of reported regional algorithms, indicating 
the wide applicability of the new algorithm at regional and 
national scales.

Spatiotemporal patterns of water transparency in China's lakes

During 2000-2019, the water transparency of China's lakes showed a spatial pattern of "high in 
the west and low in the east". Overall, water clarity was good and showed a positive trend. The 
proportion of Types I, II, and III water bodies with good clarity increased from 84.11% in 2000 
to 92.46% in 2019.

Highlights

Water transparency (Secchi Disk Depth, SDD) refers to the depth 
at which a black/white Secchi disk becomes invisible when it 
sinks vertically into the water and can be used to describe water 
clarity. In general, the higher the transparency is, the clearer 
the water. Many studies have shown that satellite-derived 
water transparency has close relationships with water quality 

indicators (Chang et al., 2020; Lee and Lee, 2015). To reveal 
the water clarity in China's lakes at a macro level, this study 
developed a novel remote sensing algorithm to retrieve the water 
transparency of large lakes in China (>20 km2) during 2000-
2019, as a useful exploration for the monitoring and evaluation 
of SDG 6.3.2.

◎ Land reflectance, land surface temperature, and Normalized 
Difference Vegetation Index (NDVI) of Moderate Resolution 
Imaging Spectroradiometer (MODIS) during 2000-2019.

◎ Precipitation data of the Tropical Rainfall Measuring Mission 

(TRMM) during 2000-2019.

◎ China's Digital Elevation Model (DEM).

◎ Reanalysis products of wind speed during 2000-2019.

◎ Chinese population density per square kilometer in 2010.

Background

Data used

Method

6.3 By 2030, improve water quality by reducing pollution, eliminating dumping and minimizing release of hazardous 
chemicals and materials, halving the proportion of untreated wastewater and substantially increasing recycling and safe 
reuse globally.

Target: 
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1) Spatiotemporal patterns of SDD in 
China's lakes

Overall, the SDD of China's lakes showed 
a geographical pattern of "high in the west 
and low in the east." The mean SDD of 
lakes in the three western mountainous 
lake zones (180.28 ± 171.29 cm) was more 
than twice that of the two eastern plain lake 
zones (78.01 ± 40.54 cm) (Fig. 1-1a). The 
mean SDD values in the Yunnan-Guizhou 
Plateau Lake (YGPL), Tibetan Plateau 
Lake (TPL), Inner Mongolia-Xinjiang 
Lake (IMXL), Eastern Plain Lake (EPL), 
and Northeast Plain and Mountain Lake 
(NPML) zones were 404.63 ± 363.98 cm, 
182.41 ± 184.29 cm, 139.70 ± 193.96 cm, 
92.90 ± 90.09 cm, and 55.05 ± 33.46 cm, 
respectively (Fig. 1-1). The results showed 
that the spatial changes in lake SDD were 
mainly influenced by water depth, which 
explained 88.81% of the spatial variations. 
In situ  showed that water eutrophication 
also reduced SDD and there  was a 
significant negative power correlation 
between the measured chlorophyll a and 
SDD (N = 1827, r = 0.36, p < 0.001).

During 2000-2019, the water clarity of 
China's lakes improved to a certain extent. 
For the 412 studied lakes, which accounted 
for 87.02% of China's total lake areas, 
70.15% showed increases in SDD, and 
42.72% showed significant increases. 
Vegetation restoration in the catchment 
played a major role in increasing lake 
SDD. Improvement in NDVI contributed 
44.95%, 37.87%, 75.66%, 58.12% and 
36.34% of the increases in SDD in the 
IMXL, TPL, YGPL, NPML and EPL 
zones, respectively. Climate change also 
showed significant effects on increasing 
SDD, especially for lakes in the TPL zone. The rising air 
temperature led to the melting of glaciers and rising lake water 
levels, which explained 24.98% of the increase in SDD in the 
TPL zone.

2) Proportions of lakes at different water clarity levels

According to the published standard (Chang et al.,  2020; Lee 
and Lee, 2015), this case set thresholds for different water clarity 

levels: lakes with annual mean SDD values of ≤ 25, (25, 65], 
(65, 100] and > 100 (unit: cm) were classified as Types IV, III, II 
and I, respectively. Most lakes of Type I were located in western 
China, especially in the TPL zone. For lakes in the two eastern 
lake zones, most were Type III, and the degradation of water 
clarity was observed in some of these lakes. From 2000 to 2019, 
Type I lakes increased significantly from 39.12% to 54.01%; 
Type II lakes remained stable at approximately 14.21%; Type III 

Figure 1-1. The SDD values of China's large lakes during 2000-2019
(a) The mean SDD values; (b) Proportions of lakes with different water clarity levels
The change rate in NDVI was the linear fitting slope during 2000-2019. IMXL: Inner 
Mongolia-Xinjiang Lake; TPL: Tibetan Plateau Lake; YGPL: Yunnan-Guizhou Plateau Lake; 
NPML: Northeast Plain and Mountain Lake; EPL: Eastern Plain Lake

Results and analysis
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lakes decreased significantly from 32.52% to 23.84%; and Type 
IV lakes also decreased significantly from 15.89% to 7.54%. 
The combined proportion of lakes with good water clarity (Type 
I, II or III) increased from 84.11% in 2000 to 92.46% in 2019 

(Fig. 1-1), representing an increase of 8.35 percentage points. In 
general, China's large lakes exhibit good water clarity and are 
still improving.

This case developed a remote sensing algorithm to rapidly 
map SDD in China's lakes and quantitatively calculated the 
contributions of different impact factors to the spatiotemporal 
variations in SDD. Vegetation restoration in the catchment had 
positive effects on increasing lake SDD during 2000-2019. 
Overall, the water clarity of large lakes in China is fairly good 

and still improving, with the proportions of lakes in Types I, 
II or III up from 84.11% in 2000 to 92.46% in 2019. Based 
on correlation analyses, this case proposed three measures 
to improve water clarity of China's lakes: ecological water 
replenishment, eutrophication control, and vegetation restoration 
in the catchment.

Outlook
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The average glacier meltwater contribution to the total runoff of the Shule River basin will 
decrease from the current 23% to 15% by 2030s (RCP 2.6 scenario).

From 2015 to 2020, supply of fresh water resources has been close to the level of demand. 
Between 2021 and 2030, the level of water stress will increase.

Highlights

Figure 2-2. Spatial distribution of glaciers, runoffs, and oases in the Shule River basin

Evaluation of level of water stress 
in the Shule River basin in arid region, Northwest China

As a solid body of water, glaciers play an extremely important 
role in the sustainable water use in the global arid area. The 
population of the arid areas highly dependent on glacial water 
resources is nearly 200 million. Against the background of 
global warming, mountain glaciers across the world have 
been melting at a faster pace, resulting in weaker capacity for 
continuous water supply to some arid areas, triggering a chain 
effect on the downstream ecological-social-economic systems, 

such as shortage of water for economic and social purposes, and 
increase in potential risks of desertification (Allan et al.,  2019; 
Immerzeel et al.,  2019).

LWS is the most direct indicator of water resource stress. 
Currently, however, a module is lacking for glacial runoff 
LWS, the correct assessment of which is a key to the accurate 
assessment of the LWS in the Global Glacier-Covered Arid 
Areas (GGCAAs).

Background

6.4 By 2030, substantially increase water-use efficiency across all sectors and ensure sustainable withdrawals and supply 
of freshwater to address water scarcity and substantially reduce the number of people suffering from water scarcity.

Target: 
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The Shule River basin, located in the arid region of northwest 
China (it straddles Haibei Tibetan Autonomous Prefecture, 
Qinghai province and Jiuquan city, Gansu province), is a typical 
example of the GGCAAs (Fig. 2-2). The case calculated and 

simulated the total runoff, glacial runoff from the upper reaches 
of the Shule River basin, and basin socio-economic water 
demand, evaluated the basin's LWS from 2000 to 2030, and put 
forward policy recommendations on water resources security.

The case analyzed the impact of glacial runoff changes on the 
LWS in the basin under Representative Concentration Pathway 
(RCP) 2.6 (a sustainable development scenario) and developed 
a new evaluation method of the LWS with coupling glacier 
module. The method (as shown below) can be used for the LWS 
calculation in the GGCAAs. 

where the LWS  is the level of water stress; S  is the available 
fresh water resources; Dse is the social and economic water 
demand, including water needed for production (Dp), domestic 
consumption (Dd), and artificial ecosystems (Dae) (calculated 

by the water quota method); Rtotal is the watershed runoff; Dne 
is ecological baseflow (calculated by the hydrological index 
method, i.e. the ordinal "90%" observation year out of a list of 
the average flow of the driest month of each year in descending 
order). In arid basins, glacial runoff, accounting for a high 
proportion of the total in dry seasons, is of great significance 
for maintaining the ecological baseflow of rivers. The Nash 
efficiency coefficient and R2 index were selected to evaluate the 
simulations of upstream runoff in the basin from 1991 to 2013. 
The results showed fairly good simulation effects, with the 
Nash efficiency coefficient being 0.89 and R2 0.89 (Zhang et al.,  
2019).

◎ The First and Second Chinese Glacier Inventory (1970-2004; 
2006-2011) .

◎ Runoff data of Changmabao hydrological station from 
mountainous watershed in the Shule River basin.

◎ Basin Statistical Yearbook, Social and Economic Bulletin 
and water demand indicators of basin primary, secondary, and 
tertiary industries during 2000-2018.

Data used

Method

In the context of global warming, the increases in precipitation 
and glacial meltwater in the upper reach of the Shule River basin 
lead to an upward trend of the total upstream surface runoff. 
During the period 2000-2010, the average annual runoff was 
about 1.04×109 m3, of which the average annual glacial runoff 
was about 2.64×108 m3. Forecasts indicate that, compared with 
2000-2010, the average runoff will increase by 22.8%, while the 
average glacial runoff will decrease by 11% from 2020 to 2030. 
The contribution of glacial meltwater to the SLR will be reduced 
from 23% at present to 15% by 2030s (RCP 2.6 scenario).

During the period 2000-2010, the average annual ecological 
baseflow in the Shule River basin was 4.20×108 m3, accounting 
for 40.6% of the average annual surface runoff. During the period 
from 2020 to 2030, it will decrease to 3.84×108 m3, accounting 
for 30.2% of the annual average surface runoff. Affected by the 

reduction of glacial runoff, the ecological baseflow in the Shule 
River basin has shown a downward trend. The annual available 
freshwater resources increased generally between 2000-2010, 
totaling 6.16×108 m3, and will increase by 44.2% to 8.88×108 m3 
between 2020-2030 due to increase in precipitation.

From 2000 to 2004, the basin freshwater withdrawal was about 
5×108 m3. It increased rapidly to 9.89×108 m3 from 2005 to 2014, 
due to resettlement and expansion of arable land, with the LWS 
hovering around 1.45. From 2015 to 2020, under the restriction 
of water use quota, there has been a basic equilibrium between 
supply and demand for water resources in the basin. If the 
current trend continues, during the period 2021-2030, annual 
freshwater withdrawal will continue to increase, and the LWS 
will rise (Fig. 2-3). Glacial runoff has contributed to an average 
reduction of the LWS by 0.71 from 2000 to 2030. 

Results and analysis
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Figure 2-3. The changes of level of water stress in the Shule River basin in arid region of Northwest China 

Glacial runoff is important to the relief of water stress and 
sustainable development of eco-economic system in the 
GGCAAs. Glacial runoff has an obvious regulating effect on 
surface runoff. In the future, as the glacial meltwater runoff in 
the Shule River basin continues to decrease, its role in regulating 
and relieving water stress in the basin will be greatly weakened. 
In dry years with high temperature and low rainfall and years 
with large water withdrawals, the LWS in the basin may greatly 

increase. Higher agricultural irrigation water consumption 
and lower water use efficiency are the main factors leading to 
a certain level of water stress in the basin. In the future, strict 
control over arable land expansion, higher irrigation water use 
efficiency and developing efficient, water-saving agriculture hold 
the key to reducing freshwater withdrawal and maintaining the 
sustainable use of water resources in the GGCAAs.

Outlook
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This case study applied the Hybrid Object-based and Hierarchical 
Classification (HOHC) approach to map national vegetated 
wetlands. The work flow includes: first, select remote sensing 
data of different seasons as data sources by climatic zone and 
vegetated wetland type; second, classify wetland based on 
multi-scale segmentation and the hierarchical decision tree 

method; third, validate or correct classification results based on 
massive field survey samples (Jia et al.,  2018; Mao et al.,  2019, 
2020). Finally, datasets of China's vegetated wetlands in 2015 
and mangrove forests and Spartina alterniflora (S. alterniflora) 
in 2015 and 2018 were obtained, with an overall accuracy of 
classification for the former at 95% and for the latter over 92%.

Analysis of the spatial distribution of China's vegetated wetlands in 2015 and measurement 
of changes in mangrove forests and Spartina alterniflora  in China between 2015 and 
2018 showed that the net increase in mangrove forests was 22.11%, and the net decrease 
in invasive Spartina alterniflora  was 2.59%. In China, mangrove forests have been 
significantly restored and the invasion of Spartina alterniflora was under effective control.

Highlights

Spatiotemporal distribution of China's vegetated wetlands

Wetland is a key component of the life community comprising 
mountains, rivers, forests, fields, lakes, and grasses. Their 
protection and management is critical to the Building a 
Beautiful China Campaign. Analysis of changes in wetlands' 

spatiotemporal distribution is an important basis for assessing 
the national achievement of SDG 6.6, and will also provide key 
data to support the implementation of the Ramsar Convention on 
Wetlands.

Background

◎ Landsat-8 Operational Land Imager (OLI) images (2015 and 
2018).

◎ DEM, vector data of administrative division, 1:1 000 000 
vegetation type map, climatic zones map, global water distribution 

maps (2015 and 2018).

◎ Massive ground survey samples, governmental statistical and 
monitoring data.

Data used

Method

1) Spatial patterns of China's vegetated wetlands

Vegetated wetlands in China were estimated to be 1.64×105 km2 
in 2015, including inland vegetated wetlands (98%) and coastal 
vegetated wetlands (2%) (Fig. 2-4). China's vegetated wetlands 
were observed mainly in Tibet, Qinghai, Inner Mongolia, 
Heilongjiang, and Xinjiang. They were primarily distributed in 
areas with annual precipitation between 300 and 600 mm and 

elevation below 200 or above 3 000 m.

2) Spatiotemporal distribution and areal changes of 
mangrove forests in China

Mangrove forest is an important part of global biodiversity that 
must be protected. In recent years, China has been continuously 
strengthening the protection and restoration of mangrove forests, 
and has become one of the few countries in the world with net 

Results and analysis

6.6 By 2020, protect and restore water-related ecosystems, including mountains, forests, wetlands, rivers, aquifers 
and lakes.

Target: 
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Figure 2-4. The map of vegetated wetlands distribution in 2015

increase in mangrove forest area. In 2018, the Guangdong-
Hong Kong-Macao Greater Bay Area had the largest mangrove 
area, followed by Guangxi and Hainan. The three regions have 
95% of the country's total mangrove forest areas. From 2015 to 
2018, mangrove areas in China increased from 226.74 km2 to 
276.89 km2 with a net increase of 22.11 % (Fig. 2-5). The areal 
extent of mangrove forest increased significantly in Guangxi and 
Guangdong, increased slightly in Hainan, and decreased slightly 
in Taiwan province.

3) Spatial distribution and areal changes of S. alterniflora  in 
China

The invasive S. alterniflora  has been regarded as one of the 
main threats to ecological security along Chinese coasts. In 

2018, S. alterniflora  was primarily observed in four provinces/
municipality: Jiangsu, Zhejiang, Shanghai, and Fujian. The 
largest areas invaded by S. alterniflora  were in Jiangsu, 
accounting for one third of the total invaded areas in the country. 
Such areas decreased from 547.43 km2 in 2015 to 533.24 km2 
in 2018, with a net decline of 14.19 km2 (Fig. 2-5). Due to 
human control and aquacultural expansion, among others, four 
provinces/municipalities—Zhejiang, Shanghai, Jiangsu, and 
Tianjin—saw areal declines of S. alterniflora , particularly in 
Zhejiang with the largest area decline of 15.52 km2. Despite 
overall areal decline across the country, certain regions still faced 
a severe invasive trend, for example the Yellow River Delta. No 
S. alterniflora  was observed in Taiwan and Hainan provinces. 
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This case study developed an HOHC method to map 
vegetated wetlands in China and applied it to establish 
datasets of China's vegetated wetlands in 2015 and 
mangrove forests and S. alterniflora  in 2015 and 2018 
with high mapping accuracy. These datasets can provide 
an important scientific basis for evaluating SDG 6.6 at the 
national scale.

This case study finds that: (1) Since 2015, the area of 
mangrove forests in China has increased markedly, which 
means a great contribution to the global protection and 
restoration of mangrove forests; (2) From 2015 to 2018, 
the area in China invaded by S. alterniflora  showed a trend 
of net decrease, reversing the previous upward trend, 
suggesting that the actions of S. alterniflora  control in 
China had produced initial results.

Outlook
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This case study selected 86 representative inland Ramsar sites 
and their corresponding 51 basins in Asia, Europe, and Africa. 
The overall trend of changes in the water bodies and the inter-
annual trend of variation within a year was analyzed using 
the least square linear regression method, and the significance 
level of the changes was tested through double tail t-test (0.05). 
According to the time series water body datasets, the water 

bodies were further divided into three types: permanent water 
bodies, seasonal water bodies, and temporary water bodies; their 
change trends were extracted through wavelet transform and 
time series decomposition method. Seven typical Ramsar sites of 
varying degrees of change were further selected for analysis and 
assessment of water body changes.

Based on the long-term water body dataset with high time resolution, the dynamic changes 
in water areas in Ramsar Sites were analyzed. The results showed that from 2000 to 2018, 
50% of the Ramsar Sites in Asia, Europe, and Africa exhibited a trend of significant change, 
and most of them (58%) an upward trend.

Highlights

Dynamic change of water body in Ramsar Sites

The dynamic monitoring of the water bodies in the Ramsar 
Sites can directly or indirectly reflect the trend of changes and 
protection effect of the wetland ecosystem (Zheng et al.,  2012). 
At present, there are 171 Contracting Parties to the Ramsar 
Convention on Wetlands committed to wetland conservation 
and management. By May 2020, there were 2 391 wetland 
reserves on the Ramsar Sites List, covering a land area of 
2.53×106 km2.

The United Nations Water (UN-Water) has provided datasets 

related to SDG 6.6.1, including surface water, mangroves, 
reservoirs, and wetlands, based on the Global Surface Water 
Explorer (Pekel et al., 2016) and Global Lakes and Wetlands 
Database (Lehner and Doll, 2004) developed by the Joint 
Research Centre of the European Commission (JRC). However, 
there is no direct and comprehensive monitoring and evaluation 
of the ecological status of Ramsar Sites. The dynamic change 
of the water bodies in Ramsar Sites has a direct impact on the 
ecological environment of such reserves.

Background

◎ Boundaries of Ramsar Sites in Asia, Africa and Europe (2020).

◎ Global water bodies dynamic datasets from 2000 to 2018, 
Aerospace Information Research Institute, Chinese Academy of 
Sciences, with a spatial resolution of 250 meters and temporal 

resolution of 8 days (Han and Niu, 2020).

◎ Watershed boundaries data (2000), World Wide Fund for 
Nature (WWF) .

Data used

Method

In general, 50% (43/86) of the selected Ramsar Sites showed 
significant water body changes (Fig. 2-6). Among them, 25 

sites showed increase and 18 decrease. In terms of stability 
(intra-annual variation) of water bodies in Ramsar Sites, the 

Results and analysis

6.6 By 2020, protect and restore water-related ecosystems, including mountains, forests, wetlands, rivers, aquifers 
and lakes.

Target: 
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Figure 2-6. The variation trend of the water area of Ramsar Sites and their basins from 2000 to 2018
 (a) Interannual variation trend; (b) Seasonal fluctuation characteristics
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vast majority (83%) sites remained relatively stable. The water 
fluctuation level rose in less than 6% (5/68) of the Ramsar Sites, 
while the level dropped in 12% (10/86).

Different water body types (permanent, seasonal and temporary) 
of Ramsar Sites showed different change patterns. In the Boeng 
Chhmar and Lake Burdur reserves, despite increase in temporary 
water bodies, the total area of water bodies showed a downward 
trend due to the decrease in permanent water bodies.

Because of the increases in permanent water bodies (2/5) and 
temporary water bodies (3/5), there was an upward trend in 
the five Ramsar Sites—Rawa Aopa Watumohai National Park, 
Central Marshes, Vallée de la Haute-sûre, Keta Lagoon Complex 

Ramsar site, and Lake Baringo.

The changes in water bodies in the basins where the Ramsar 
Sites are located demonstrated different features from those 
within the Ramsar Sites. For six Ramsar Sites, the water bodies 
in the basins where they are located exhibited a downward trend, 
mainly due to the decreases in permanent water bodies in the 
basins and also related to the changes in seasonal water bodies 
(basins of Rawa Aopa Watumohai National Park and Keta 
Lagoon Complex Ramsar) and temporary water bodies (basins 
of Boeng Chhmar and Lake Baringo). However, the water bodies 
of the basin of Keta Lagoon Complex Ramsar Site showed a 
significant upward trend. 

The case study assessed some Ramsar Sites selected from a 
multitude of them for the significant changes in their water 
bodies. In the future, such monitoring can be extended to all 
Ramsar Sites on a global scale. To achieve SDG 6.6.1, it is 
necessary to speed up the development of global remote sensing 

mapping products of water-related natural ecosystems (Hu et al ., 
2017; Zheng et al.,  2015), and research on theories and methods 
for the monitoring and evaluation of Ramsar Sites and related 
protected areas.

Outlook
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2021
Case Study

SDG 6

Satellite image of Three Gorges Project (Gaofen-2, December 3, 2019)
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 Monitoring and evaluating the dynamic changes 
in lake water clarity

This study developed and validated a lake water clarity inversion model based on satellite 
remotely sensed data and calculated the proportions of clear lakes in China.

Spatial distribution data sets of water clarity were created for China's lakes from 1985 to 2020 
and for large lakes in the world in 2010, 2015, and 2020. 

During 2001 and 2020, the clarity of China's lake waters increased overall, and so did the 
clarity of large lakes in the world.

Highlights

Under the Goal of water and sanitation for all proposed by the 
United Nations in 2015, SDG 6.3.2 is defined as the proportion 
of surface water bodies with good ambient water quality in each 
country to the total number of surface water bodies. However, 
conventional field sampling cannot meet the need of large-scale 
surface water quality monitoring, and satellite remotely sensed 
data has become an important and low-cost source of data for 
this purpose. Water clarity, an important lake water quality 
parameter that can be monitored by satellite remote sensing, is a 

significant indicator that reflects the comprehensive conditions 
of water.

This study proposed a satellite remote sensing method, 
employing the Big Earth Data technology, to analyze the 
spatiotemporal changes from 1985 to 2020 in the water clarity 
of China's lakes larger than 1 km2. This method was then applied 
to monitoring the clarity of large lakes bigger than 25 km2 in the 
world in 2010, 2015, and 2020, producing data sets in support of 
the global evaluation of SDG 6.3.2.

◎ Remotely sensed data: Landsat TM/ETM+/OLI data of China 
from 1985 to 2020 at a spatial resolution of 30 m. MODIS/Terra 
global data at a spatial resolution of 500 m in 2010, 2015, and 
2020.

◎ In situ data: field data of water clarity of surface water 
bodies in China, and data sets from the National Earth System 

Science Data Center and China Lake Scientific Database; 
shared measured data sets of Secchi disk depth acquired from 
the European Multi Lake Survey (EMLS) and United States 
AquaSat.

◎ Preliminary geographic information: global coastal zone 
vector data and 30 m Global Surface Water (GSW) data set.

Background

Data used

6.3 By 2030, improve water quality by reducing pollution, eliminating dumping and minimizing release of hazardous 
chemicals and materials, halving the proportion of untreated wastewater and substantially increasing recycling and safe 
reuse globally.

Target: 

This study used Landsat and MODIS surface reflectance 
products as the main data sources. First, a calculation model 
was constructed based on the Forel-Ule Index and hue angle α, 
which was normalized based on the spectral response function 

of Landsat and MODIS blue, green, and red bands. Then a water 
clarity retrieval model (Wang et al. , 2020) was developed based 
on the above information and validated by the acquired global 
data sets of typical surface water bodies. Subsequently, water 

Method
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Figure 3-1 shows the long-term trends of average water clarity 
(also known as Secchi Depth, or SD) of lakes and the proportion 
of clear lakes in China from 1985 to 2020. An evident inflection 
point can be observed in 2001, with a significant downward 
trend in SD before 2001 and a significant upward trend after. 
Overall, the proportion of clear lake area exhibited a significant 
increase from 1985 to 2020. 

Figure 3-2 shows the spatiotemporal trends of SD of lakes in 
the five limnetic regions (East Plain Region, Mengxin Plateau 
Region, Qinghai-Tibet Plateau Region, Northeast Mountain-
Plain Region, and Yungui Plateau Region) from 1985 to 2020. 
Since 1985, the SD of most lakes in China increased, and the 
number of lakes with increased SD accounted for more than 
77.0% in each limnetic region. The proportion of lakes with 
better clarity was the highest in the East Plain Region (84.3%) 

and the lowest in the Mengxin Plateau Region (77.0%). 

Figure 3-3 shows the average water clarity distribution of 
large lakes in the world in the summer of 2020. Compared 
with 2010, water clarity increased significantly in central Asia, 
northern Europe, southeastern Africa, northern North America, 
and central South America in 2015. Compared with 2015, an 
overall increasing trend in the clarity of large lakes in the world 
was observed in 2020, with eastern and western Asia, northern 
Europe, central and eastern Africa, central North America, and 
southeastern South America showing significant increases. 
The water clarity of large lakes showed an upward trend with 
fluctuations from 2010 to 2020, among which the water clarity 
of 51.1% of the 1,257 large lakes in the world increased, most 
remarkably in Africa.

Results and analysis

This study developed a lake water clarity inversion model, 
using remotely sensed data, at national and global scales. 
Further, the spatial distribution trends and interannual changes 
in water clarity of China's and the world's lakes were analyzed, 
providing baseline data for monitoring and evaluating SDG 6.3 
of improving global water quality. 

Although there are satellite remote sensing capabilities for 
monitoring and assessing lake water clarity in China and the 

world as demonstrated in this study, water clarity can reflect 
only the turbidity of lake water, but not the overall water quality. 
Future efforts are needed to explore means to monitor more 
parameters for surface water quality to facilitate Indicator 6.3.2 
and provide multi-scale water quality information to inform 
environmental monitoring and management departments at 
different levels.

Outlook

clarity data sets were produced for China's lakes larger than 1 
km2, based on Landsat data from 1985 to 2020, and for large 
lakes in the world bigger than 25 km2 for 2010, 2015, and 2020, 
based on MODIS data. Finally, the spatiotemporal changes in 

lake clarity in China and the world were analyzed based on the 
time-series data sets. Water bodies with Secchi disk depth greater 
than 0.5 m are generally defined as clear water bodies (Stephens 
et al. , 2015).
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A method was developed for the evaluation of global crop water-use efficiency based on multi-
source remotely sensed data and crop growth processes, and a global data set between 2001-
2019 was generated, providing an innovative method and data for monitoring and assessing 
SDG 6.4.1 in spatially comparable agricultural areas in the world.

In recent 20 years, crop water-use efficiency in agricultural areas in the world has increased, 
mainly attributable to the increase in crop biomass thanks to technological progress, economic 
and social development and a certain degree of climate change.

Highlights

Assessment of change in global crop water-use efficiency

SDG 6.4.1 "change in water-use efficiency over time" is about 
measuring national water-use in order to help address issues 
that must be overcome before SDG 6.4 can be met. It involves 
water-use efficiency in sectors ranging from agriculture to 
industry to services. Among them, agriculture has high water 
use and consumption (through evapotranspiration). Improving 
agricultural water-use efficiency is important to promoting the 
sustainable use and development of water resources. 

A commonly used evaluation indicator of agricultural water-
use efficiency is crop Water Use Efficiency (WUE), which refers 
to the biomass yield per unit of water and can reflect water-use 

efficiency from output. Crop water-use efficiency time series 
estimated from Big Earth Data combined with models can 
provide scientific support to the assessment of agricultural water-
use efficiency and its temporal changes. The spatiotemporal 
coverage, timeliness and update frequency of such methods 
and data sets are significantly better than evaluation methods 
based on statistical data. Targeting the inadequacy of data for 
evaluating agricultural water-use efficiency, this study developed 
alternative indicators to evaluate the interannual change in crop 
water-use efficiency in different regions of the world.

Background

6.4 By 2030, substantially increase water-use efficiency across all sectors and ensure sustainable withdrawals and supply 
of freshwater to address water scarcity and substantially reduce the number of people suffering from water scarcity.

Target: 

◎ Remotely sensed data: global data sets derived from 
different satellite observations with various spatiotemporal 
scales in 2001-2019 include albedo, NDVI, Leaf Area Index 
(LAI), fractional vegetation cover, snow cover and Land Use 
and Land Cover (LULC) from MODIS and Global Land 
Surface Satellite (GLASS); dynamic water surface area from 
Aerospace Information Research Institute, Chinese Academy 
of Sciences; Global Precipitation Measurement (GPM) 
precipitation; European Space Agency-Climate Change 
Initiative (ESA-CCI) soil moisture and LULC; Fraction of 

Absorbed Photosynthetically Active Radiation (FAPAR) 
from Copernicus Global Land Service (CGLS); Shuttle  
Radar Topography Mission (SRTM) DEM (2000).

◎ Meteorological forcing and other spatial data: ECMWF 
ERA5 forcing data in 2001-2019; soil texture data.

◎ Ground measurements of latent heat flux and CO2 flux from 
global flux tower network or Gross Primary Productivity (GPP) 
observation data, used for calibration and validation.

Data used
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Crop WUE is calculated as the ratio between crop Net 
Primary Productivity (NPP) and crop water consumption (i.e. 
evapotranspiration, ET). Method to estimate crop WUE using 
the aforementioned data is summarized as follows: Firstly, the 
ET was calculated by applying the ETMonitor model (Hu and 
Jia, 2015; Zheng et al. , 2019) to the corresponding multi-source 
remotely sensed data and atmospheric reanalysis data ERA5. 
ETMonitor distinguishes the energy partitioning and water 
fluxes between soil evaporation and vegetation transpiration 
upon theories of energy balance, water balance and plant 
physiology of a soil–vegetation canopy system. Secondly, NPP 
was estimated by the difference between GPP and respiration. 
A model for the crop GPP based on light use efficiency (Field 

et al ., 1995; Zwart et al.,  2010) was modified in two aspects: 
(1) soil water stress factors were introduced to improve the 
estimation accuracy of GPP under drought conditions; (2) model 
parameters were calibrated and optimized by using the GPP 
obtained from the carbon flux data observed from the global 
eddy-covariance flux tower stations. By comparing the GPP 
observed by flux tower stations, it was found that the improved 
light-use efficiency model significantly improved the estimation 
accuracy of GPP. Thirdly, the estimated daily ET and annual 
GPP of global crops were validated by comparing with ground 
measurements. Finally, the time series of global NPP and ET 
between 2001-2019 with 1 km resolution were generated for the 
assessment of long-term change in crop water-use efficiency.

Method

There were some spatial variations in the global trend of crop 
water-use efficiency from 2001 to 2019. In Asia, America and 
Oceania, crop water-use efficiency showed a consistent increase. 
In Europe and Africa, the trend generally was upward, except 

in a few countries and regions. China and Canada had the most 
significant increases in crop water-use efficiency (Fig. 3-4). 
Crop water-use efficiency has increased by 16.4% on average in 
the past nearly 20 years. Among them, the water-use efficiency 

Results and analysis

 Figure 3-5. Statistical analysis of interannual variations of global crop WUE from 2001 to 2019 
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In this study, an evaluation method of crop water-use efficiency 
was developed based on multi-source remotely sensed data 
combined with crop growth process information. Based on 
globally consistent and spatially comparable remotely sensed ET 
and NPP data, the global crop water-use efficiency was estimated 
and its interannual changes from 2001 to 2019 was extracted 
and analyzed, instrumental in the accurate understanding of the 
historical evolution and current state of global crop water-use 
efficiency.

It should be noted that high NPP of crops does not mean 
high grain yield. Agrometeorological disasters can result in 
inconsistencies between the spatiotemporal dynamic changes 

of crop water-use efficiency calculated on crop NPP and ET 
and the crop water productivity calculated on grain yield and 
ET. The factors affecting the transformation from crop NPP to 
grain yield are complex, especially because the sensitivity to 
agrometeorological disasters is different in various crop growth 
stages. Given the present severe impact of agrometeorological 
disasters, farmland management needs to be further improved so 
as to raise the conversion rate from crop NPP or biomass to grain 
yield (harvest index), which is necessary for the achievement 
of a higher level of food security and water resource security in 
2030.

Outlook

of rainfed and irrigated crops increased by about 16.0% and 
20.2% respectively, with the latter remarkably higher than the 
former (Fig. 3-5). The recent rate of improvement in crop water-
use efficiency was higher than the earlier period during 2001-
2019, and the turning point came earlier for irrigated crops than 
for rainfed ones (as shown in Fig. 3-5b where positive anomaly 
for the former comes before that of the latter). This is due to the 
joint effect of the increase in crop biomass and the decrease in 
water consumption caused by technological progress, economic 
and social development and a certain degree of climate change.

During the overall increase in crop water-use efficiency, there 
was a clear decline in 2015, probably caused by the global 
super El Niño event (occurring between October 2014 and April 
2016). The event, the strongest since the 20th century, had three 
important attributes: long life cycle, high cumulative magnitude, 
and high peak intensity. The regional droughts caused by it led to 
a significant decrease in crop biomass (Li and Shi, 2016), which 
then pushed down crop water-use efficiency through its strong 
linkage with the interannual dynamic change in crop water-use 
efficiency.
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The method of assessment of the Integrated Water Resources Management (IWRM) was 
improved, based on the questionnaire methodology recommended by the United Nations, and 
supported by big data and spatial analytical technology. China's IWRM during 2015-2017 
and 2018-2020 was assessed and analyzed, using China National Water Resources Monitoring 
Capacity Building statistics and data from Water Resources Bulletin. 

China has made progress in improving the level of IWRM. In the 2020 United Nations Survey on 
IWRM Implementation, China's final score rose to 79 points from 75 points in 2017, reaching 
the global medium-high level.

Highlights

The assessment of China's Integrated Water Resources Management 

Since the 1990s, Integrated Water Resources Management 
(IWRM) has been globally accepted as an effective and 
important method to realize sustainable development, utilization 
and protection of water resources, and it has been included in 
the United Nations Sustainable Development Goals (Global 
Water Partnership Technical Advisory Committee, 2016). SDG 
6.5.1 (Degree of Integrated Water Resources Management) 
measures management policies, laws and regulations, measures, 
tools, benefits, etc., based on data collected from questionnaire 
statistics and results reported by the water resources 
management departments of Member States. In the 2020 survey, 
185 out of the 193 UN Member States reported data on their 
implementation of IWRM (UNEP, 2020a).

In recent years, China has drawn on advanced concepts and 
experience in the world in deepening IWRM, and gradually put 

in place a fairly sound water resources management system and 
a corresponding administrative management mechanism with 
China's characteristics. Supported by water conservancy science 
and technology and growing fiscal input, China has successfully 
improved its national water resources monitoring capacity. Water 
security has been enhanced and water-use efficiency improved, 
with growing water-saving awareness in society.

Following UNEP's Integrated Monitoring Guide for SDG 6 
-- Step-by-Step Monitoring Methodology for Indicator 6.5.1  
(UNEP, 2020b), this research used big data and spatial analysis 
techniques to improve the assessment method for IWRM and 
applied it to the evaluation and analysis of China's IWRM 
degree from 2015-2017 and 2018-2020, arriving at an accurate 
understanding of China's IWRM capacity.

Background

◎ Survey data, from 2015-2017 and 2018-2020 China Integrated 
Water Resources Management Assessment Questionnaire.

◎ Data on Chinese provincial boundary cross-section water 
volume and quality, data on water intake, drinking water and 
water function zone, from 2015 to 2020, from China Statistical 
Yearbook , and data from China National Water Resources 
Monitoring Capacity Building and Water-use Statistics Direct 

Reporting System.

◎ Provincial-level statistical data from 2015 to 2020 on water 
supply, water use, precipitation, sea entry, water quality (2015-
2018), reservoir and lake water storage, etc., from China Water 
Resources Bulletin.

Data used

6.5 By 2030, implement integrated water resources management at all levels, including through transboundary 
cooperation as appropriate.

Target: 
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Using the questionnaire survey methodology recommended 
by the UNDP (UNEP, 2020a) and big data and spatial analysis 
technology, a semi-quantitative assessment of the IWRM level in 
China was made. The specific steps are as follows:

(1) Drawing reference from the IWRM indicators system, a 
questionnaire was designed, including 33 questions organized 
into eight groups under four sections – enabling environment, 
institutions and participation, management instrument, and 
financing; respondents were selected based on their representation 
of sectors, regions, professions and levels, age, gender, etc.; 
survey results were collected and comparatively analyzed, and 
on-site meetings were organized for respondents to discuss the 
results and the scoring criteria were further harmonized and 
errors corrected.

(2) Data from China Water Resources Bulletin , Water-use 
Statistics Direct Reporting System, and China National Water 
Resources Monitoring Capacity Building were analyzed for the 
change over time and in spatial distribution, and decomposition 
of experts' scoring of water resources management instruments 
into the provincial, basin and national levels, thus achieving 
multi-leveled semi-quantitative results.

(3) Using the results of both the questionnaire survey and the 
spatial analysis and review of management instruments, and 
drawing reference from the UNEP classification standards, the 
degree of IWRM was categorized into six levels, including very 
high, high, medium-high, medium-low, low, and very low (UNEP, 
2020b). The scoring results were compared with the assessment 
results of the reference period (2015-2017) to obtain China's 
degree of IWRM implementation.

Method

1. Improvement in China's IWRM capacity from 2015 to 
2020

From 2015 to 2020, China's IWRM capacity had improved 
significantly. During this period, the number of survey 
stations reporting cross-section hydrological data at provincial 
boundaries increased from 22 to 540; the number of monitored 
water users increased from 6,569 to 18,383, a growth rate of 
179.8%. In 2020, 348.3 billion m3 of water intake and use was 
monitored online, accounting for about 59% of total water use in 
China. 

2. The degree of China's IWRM from 2018 to 2020

Benefit from IWRM improvement efforts since 2015 that 
optimized the water resources management system and 
administrative management mechanism and increased technical 
and financial input, China's scores under "enabling environment" 
and "institutions and participation" rose from both at 75 in 
2017 to 82 points and 76 points respectively, and the scores 
under "management instruments" and "financing" increased 
from 76 points and 72 points in 2017 to 79 points and 80 points 
respectively, and the final score increased from 75 points in 2017 
to 79 in 2020 (Table 3-1).

Results and analysis

Table 3-1. Comparison of China's IWRM Assessment Scores in 2020 and 2017

SDG 6.5.1 score = Degree of IWRM implementation (0-100) 2015-2017 2018-2020

1 Enabling environment 75.0 82.0

1.1 What is the status of policies, laws and plans to support IWRM at the national level? 80.0 83.7

1.2 What is the status of policies, laws and plans to support IWRM at other levels? 70.0 81.3

2 Institutions and participation 75.0 76.0

2.1 What is the status of institutions for IWRM implementation at the national level? 76.0 74.0

2.2 What is the status of institutions for IWRM implementation at other levels? 73.3 77.3

3 Management instruments 76.0 79.0

3.1 What is the status of management instruments to support IWRM implementation at the 
national level? 78.0 81.2

3.2 What is the status of management instruments to support IWRM implementation at 
other levels? 72.5 75.8
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4 Financing 72.0 80.0
4.1 What is the status of financing for water resources development and management at the 
national level? 80.0 82.0

4.2 What is the status of financing for water resources development and management at 
other levels? 66.7 79.5

SDG 6.5.1 score 75.0 79.0

The evaluation results show that China's all-encompassing water 
resources management system has been effectively improved, 
with constant efforts for digitalization and intelligent technology. 
The system exercises real-time online monitoring of water 

volume, level, flow and other factors, makes forecast or gives 
early warning on maximum water use or ecological flow, and 
inform decisions on risks avoidance and contingency plans. 

By introducing big data and spatial analysis technology, this 
research has improved the assessment method for "management 
instruments" in the IWRM evaluation, and addressed the 
differences in questionnaire respondents' understanding of the 
standards due to their susceptibility to subjective perceptions and 
experiences, making the assessment conclusions more objective, 
accurate and consistent.

The assessment results put China at the global medium-high 
level, but there is still a gap compared with some developed 

countries. To close the gap, it is particularly necessary to 
synchronize multiple measures to meaningfully engage a wider 
range of stakeholders in IWRM. IWRM can be made part of the 
14th Five-year Plan and Vision 2035 for Water Conservancy 
Work. By drawing on the international evaluation system and 
successful experiences, China can improve and upgrade its 
standards, and modernize its water conservancy management 
system and capacity.

Outlook
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Based on the self-developed data set of monthly surface water in China from 2000 to 2020 with 
a spatial resolution of 30 m, drawing reference from the manually labeled 45,591 samples of 
artificial water bodies in China, the natural and artificial water bodies data sets in China in 
2000, 2005, 2010, 2015, and 2020 were developed through the post-classification of surface 
water.

From 2000 to 2020, there was an upward trend for the total area of natural and artificial water 
bodies in China; among the 34 provincial-level administrative divisions in China, 44% saw 
increase in natural water bodies, while 65% saw increase in artificial water bodies, and 56% 
saw decrease in natural water bodies, while 35% saw increase in artificial water bodies.

Highlights

Change in natural and artificial water bodies 
in China from 2000 to 2020

In recent years, the rapid development of Big Earth Data 
analysis technology has greatly promoted the measurement and 
evaluation capacity of SDG 6.6.1. The Global Surface Water 
data set (GSW) (Pekel et al. , 2016) developed by the European 
Commission's Joint Research Centre (JRC) has become an 
important reference data set for the evaluation of national-
scale water surface changes (including rivers, lakes, reservoirs, 
ponds, etc.) by the United Nations Statistics Division (UN-
Water, 2018). This data set, however, due to  the inadequacy of 
artificial water body sample data, cannot effectively distinguish 
natural water bodies such as deltas and lakes from artificial 
water bodies such as reservoirs and ponds, and therefore 
cannot fully reflect the changes in the proportion of natural and 
artificial water bodies (UN-Water, 2020b), thus limiting the 

degree and capacity of surface water resources management 
at the national scale, and negatively influencing the objective 
evaluation and understanding of the impact of the distribution 
and area change of artificial water bodies on the health status 
of surface water ecosystem.

Drawing reference from SDG 6.6.1 definition and change 
assessment methods of natural and artificial water bodies, this 
study classified natural and artificial water bodies in China 
from 2000 to 2020 and developed data sets based on the self-
developed data set of surface water in China with a spatial 
resolution of 30 m and evaluated the spatial distribution and 
area changes of natural and artificial water bodies in China 
from 2015 to 2020 against the benchmark of 2000 to 2005.

Background

6.6 By 2020, protect and restore water-related ecosystems, including mountains, forests, wetlands, rivers, aquifers 
and lakes.

Target: 

◎ China's monthly surface water data set with 30 m spatial 
resolution from 2000 to 2020 derived from Landsat TM/ETM+/
OLI images.

◎ The 45,591 artificial water sample data labeled by the visual 
interpretation based on GF-1/6, Sentinel-2 and Landsat TM/

ETM+/OLI images in 2019 and 2020.

◎ Dam location data of 4,662 large-and-medium-sized 
reservoirs provided by China Institute of Water Resources and 
Hydropower Research.

Data used
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 Figure 3-6. Changes in China's natural and artificial water 
bodies from 2000 to 2020

Firstly, based on the self-developed China's monthly surface 
water data set with 30 m spatial resolution from 2000 to 2020, 
through the synthesis of monthly maximum, the national surface 
water distribution data sets in 2000, 2005, 2010, 2015, and 2020 
were generated. The calculation formula is as follows:

ASW is the annual surface water data; mswi is the monthly 
surface water data of the ith month.

Secondly, the 45,591 artificial water body sample data labeled by 
visual interpretation were used as input, and the spatial overlay 
analysis was made with the surface water distribution data of each 
year. The artificial water body sample points were used to select 
the artificial water body regions, so as to obtain the preliminary 
classification of artificial and natural water bodies. On this basis, 

the artificial water bodies (including cascade power stations and 
reservoirs) were manually divided from the natural river channels 
to obtain the final artificial and natural water bodies data set.

Drawing reference from SDG 6.6.1 calculation method and 
taking the mean value of natural and artificial water bodies 
data in 2000 and 2005 as the reference period data, the changes 
in natural and artificial water bodies from 2015 to 2020 were 
evaluated. The calculation formula is as follows:

P  is the change percentage of natural or artificial water body area 
in different regions; β is the average area of natural or artificial 
water bodies in different regions in the period of 2000-2005; γ  is 
the average area of natural or artificial water bodies in the period 
of 2015-2020.

Method

1. Accuracy verification of natural and artificial water bodies 
data

Six 5°×5° verification regions were selected nationwide (located 
in Northeast, North, West, Northwest, South and East of China). 
The accuracy of remote sensing extraction results of surface 
water in the 12 months of 2019 was verified, using a total of 
144,000 sample points (2,000 verification sample points were 
randomly collected in each verification region every month, 
including 1,000 water samples and 1,000 non-water samples). 
The average Producer's Accuracy (PA) and User's Accuracy 
(UA) of surface water extraction in the six verification regions 
in 12 months were 0.950 and 0.998, and the average Overall 
Accuracy (OA) and Kappa coefficient were 0.975 and 0.949. The 
verification results indicated that the surface water data set used 
in the study had very high accuracy and met the classification 
requirements of natural and artificial water bodies. 

Based on the location data of 4,662 reservoir dams in China, the 
dam buffer zones were generated (by extending outward by 200 
meters from the dam location points). The interchapter of the 
buffer zone data and the national artificial water body data set in 
2020 shows that 4,200 artificial water body polygons match the 
reservoir dam buffer zones, accounting for 90.1% of all reservoir 
dam sample points. It indicates that the artificial water body data 
set can accurately reflect the actual distribution of artificial water 
bodies throughout the country.

2. Changes in China's natural and artificial water bodies 

From 2000 to 2020, the area of natural water bodies in China 
had major fluctuations, but the trend was upward overall. The 
area of artificial water bodies continued to increase, with the only 

Results and analysis

exception of a minor decline occurring in 2015 from 2010 due 
to the drought in Northeast China (Fig. 3-6). In terms of spatial 
distribution, natural water bodies were mainly located in the 
Qinghai-Tibet Plateau, the Eastern Plain, and the Northeast Plain, 
while artificial water bodies were mainly distributed in the middle 
and lower reaches of the Yangtze River and coastal provinces (Fig. 
3-7).

At the provincial level, compared with the data of the benchmark 
period from 2000 to 2005, among the 34 provincial-level 
administrative divisions in China, the area of natural water 
bodies increased in 15, such as Guizhou, Anhui and Sichuan, 
and decreased in 19, such as Macao, Beijing and Tianjin, 
accounting for 44% and 56% of the total administrative divisions 
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respectively. The area of artificial water bodies increased in 22, 
such as Yunnan, Guizhou and Hubei, and decreased in 12 such as 

Hebei, Shanghai and Anhui, accounting for 65% and 35% of the 
total administrative divisions respectively (Fig. 3-7).

 Figure 3-7. Spatial distribution of natural and artificial water bodies in China in 2020 and the changing trend of natural and 
artificial water bodies in provincial administrative divisions from 2015 to 2020 compared with 2000 to 2005

This study statistically analyzed the spatiotemporal changes in 
natural and artificial water bodies in China in recent 20 years, 
based on natural and artificial water bodies data sets in 2000, 
2005, 2010, 2015 and 2020. In general, both natural and artificial 
water bodies exhibited an upward trend, and the increase in the 
area of artificial water bodies was more significant.

The research results provide scientific data sets and analytical 

conclusions for the monitoring and evaluation of SDG 6.6 of 
protecting and restoring water-related ecosystems in China and 
can inform decision-making on China's IWRM. Future research 
will adopt similar technical methods to develop natural and 
artificial water bodies data sets and to evaluate their changes in 
China's neighboring countries and also at the global scale.

Outlook
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Based on the hybrid Object-based and hierarchical Classification (hOhC) approach, spatial 
distributions of China's vegetated wetlands in 2010, 2015 and 2020 were generated.

A quantitative analysis was made on the effectiveness of China's wetland protection and 
restoration policy, and found that from 2010 to 2020, there was a net decrease of 4.8% in the 
area of vegetated wetlands in China and the rate of wetland loss during 2015 to 2020 was 
significantly lower than in the period of 2010-2015.

Highlights

 Spatiotemporal changes in China's vegetated wetlands

Vegetated wetland, as in SDG 6.6.1, is a major type of wetland, 
making up 83.5% of total natural wetland in the world. It 
plays an important role in maintaining biodiversity, easing 
global warming and preserving water sources. Since the 1950s, 
vegetated wetlands in China have shrunk drastically in terms 
of both area and spatial distribution under the dual pressure 
of climate change and human activities. Analysis of change 
in vegetated wetlands over time is an important basis for the 
evaluation of national implementation of Target 6.6, and can 
provide key data in support of China's implementation of the 
Ramsar Convention on Wetlands.

Based on Big Earth Data, including remotely sensed images, 
ground survey samples and statistics, this study (1) proposed a 
hybrid object-oriented and hierarchical classification (HOHC) 
approach; (2) generated data sets of China's vegetated wetland 
distributions in 2010, 2015 and 2020; (3) analyzed the spatial 
and temporal changes in China's vegetated wetlands from 
2010 to 2020. The results can provide a reliable research 
methodology for Target 6.6, and offer data products that can be 
used in direct support of Target 6.6 evaluation or as reference 
for the evaluation of SDGs 13, 14 and 15. They can also inform 
Chinese policies on wetland protection and restoration.

Background

6.6 By 2020, protect and restore water-related ecosystems, including mountains, forests, wetlands, rivers, aquifers 
and lakes.

Target: 

◎ Landsat TM/ETM+/OLI images in 2010, 2015, and 2020 and 
some ZY-3 images

◎ DEM, vector data of administrative divisions, 1:1,000,000 
vegetation type map, climatic zones map, and global water 

distribution maps

◎ Ground survey samples, governmental statistics, and 
monitoring data

Data used

Vegetated wetlands are transitional zones between terrestrial 
and aquatic ecosystems. They have unique spectral and texture 
characteristics on remotely sensed images. This study classified 
vegetated wetlands at the national level through remote sensing 
with a Hybrid Object-oriented and Hierarchical Classification 
(HOHC) approach. The workflow included: first, collecting 

satellite images which covered various climatic zones with 
different vegetated wetland types in different seasons; second, 
segmenting remotely sensed images at multi-scale and classifying 
with hierarchical decision tree method; third, validating 
classification results against massive field survey samples (Jia 
et al. , 2018; Mao et al. , 2019, 2020). When building image 

Method
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1. Areal extents and spatial distributions of China's vegetated 
wetlands

Figure 3-8 shows the areal extents and spatial distributions of 
China's vegetated wetlands in 2010, 2015, and 2020. The areal 
extent was estimated to be 1.71×105 km2, 1.64×105 km2, and 
1.63×105 km2 in these three years. China's vegetated wetlands 
were observed mainly in Heilongjiang, eastern Inner Mongolia, 
Qinghai, Tibet, and Xinjiang, where they accounted for more 
than 80% of the nation's total.

2. Spatiotemporal change in vegetated wetlands in China 
from 2010 to 2020

Figure 3-9 shows changes in areal extent and spatial distribution 

of vegetated wetlands in China from 2010 to 2020. During this 
period, China's vegetated wetlands exhibited a downward trend, 
decreasing by 7,000 km2, or by 4.1% between 2010 and 2015, 
and declining by 1,300 km2, or by 0.8% between 2015 and 2020. 
Compared with the previous five years, the rate of vegetated 
wetland loss significantly slowed down during 2015 and 2020.

There was a clear spatial heterogeneity in the changes of vegetated 
wetlands in China from 2010 to 2015. In terms of provincial 
spatial changes (Fig. 3-8), Tibet lost 3,000 km2 of vegetated 
wetlands, more than any other provinces which also saw a 
decrease. In contrast, Xinjiang's vegetated wetlands increased by 
4,000 km2, and a few other provinces also saw net gains. 

Results and analysis

 Figure 3-8. Spatial distributions of China's vegetated wetlands and changes among provinces in 2010, 2015 and 2020

NANHAI 
ZHUDAO

2020

0 500 1,000 2,000 km

Vegetated wetland

NANHAI 
ZHUDAO

2015

0 500 1,000 2,000 km

Vegetated wetland
NANHAI 
ZHUDAO

2010

0 500 1,000 2,000 km

Vegetated wetland

Ar
ea

 (k
m

²)

45,000
40,000
35,000
30,000
25,000
20,000
15,000
10,000

5,000
0

Jilin

Inner M
ongolia

Vegetated wetland area of China (2010, 2015, 2020)

Sichuan
Gansu

Hunan

Liaoning

Xinjia
ng

Tibet

Heilo
ngjia

ng

Qinghai

2015 20202010

collections, we selected (1) cloudless images from flood season 
(generally July to September) for inland vegetated wetlands, 
and (2) cloudless images from dry season and low tide period 
(November to February in the southeast coast and July to 
September in the north coast) for coastal vegetated wetlands. 

Finally, data sets of China's vegetated wetlands in 2010, 2015, 
and 2020 were obtained. The overall accuracy of classification, 
as validated against over 5,000 ground survey samples, is above 
92%.
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From 2015 to 2020, Inner Mongolia lost about 500 km2 of 
vegetated wetlands, more than any other provinces which also 
saw a decrease. Zhejiang saw the largest net gain in vegetated 
wetlands of 50 km2 among provinces with net gains.

From its accession to the Ramsar Convention in 1992 to the 
submission of its first draft legislation on wetlands protection to 
the Standing Committee of the National People's Congress in 
2021, China has been exploring ways of protecting and restoring 

wetlands. By September 2020, China had 64 Ramsar sites and 
put 50% of its wetlands under protection. A combination of 
policies to reverse farmland and ponds to vegetated wetlands 
and encourage natural rehabilitation has effectively increased the 
areal extend of wetlands. This study revealed that the downward 
trend for vegetated wetlands was clearly curbed between 2015 
and 2020, compared to the period of 2010-2015.
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 Figure 3-9. Changes in areal extend and spatial distribution of vegetated wetlands in China for periods 2010-2015 and 2015-2020

This study developed a Big Earth Data-based, object-oriented 
and HOHC approach to map vegetated wetlands in China. The 
established data sets of China's vegetated wetlands in 2010, 
2015 and 2020 are of high mapping accuracy and can provide 
important scientific data for evaluating SDG 6.6 at the national 
scale, or be used as reference data for the evaluation of SDG 13, 
14 and 15.

This study found that from 2010 to 2020, there was a trend of 
net decrease in the area of vegetated wetlands in China, but 
it had significantly slowed down since 2015, indicating the 
effectiveness of wetland protection and restoration. The findings 
can be used to support SDG 6 evaluation and inform decisions 
on wetland conservation and management.

Outlook
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Sanjiang Plain Wetland, China
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Multispectral remote sensing image of the Yellow River Estuary (SDGSAT-1, November 12, 2021)

2022
Case Study

SDG 6
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Table 4-1. Proportions of water quality by class at groundwater 
monitoring sites in China

Class
Excellent Good Inferior

Class I Class II Class III Class IV Class V

Year

2019 2.5% 10.3% 1.6% 66.9% 18.8%

2020 3.1% 9.4% 1.0% 68.8% 17.7%

2021 3.4% 10.2% 1.1% 67.8% 17.4%
 Figure 4-1. Change in assessment results at groundwater 
monitoring sites at provincial level between 2019 and 2021

Based on 2019, 2020, and 2021 water quality data from the 
monitoring stations under the National Groundwater Monitoring 
Project, according to the Standard for Groundwater Quality 
(National Standards of the People's Republic of China) (GB/
T14848-2017), each water quality index of the monitoring 
stations is assessed to produce the F value for the comprehensive 
evaluation of the groundwater quality at the monitoring stations 
(I: <0.8; II: 0.8-2.5; III: 2.5-4.25; IV: 4.25-7.2; Ⅴ≥7.2), by the 
Nemerow index method (Ni and Feng, 2018). The evaluation 
results show that Class I-III groundwater has relatively low 
chemical component and is suitable as a centralized drinking 
water source and industrial and agricultural water. These are 
defined in this study as "excellent." Class IV groundwater, 
which has a high chemical component content, is suitable for 
agriculture and some industrial use and can be used as domestic 
drinking water after proper treatment. It is defined as "good" in 
this study. Class V groundwater is not suitable for drinking and 
is defined as "inferior."

From 2019 to 2021, more than 90% of monitoring sites saw 
stable level of underground water quality or improvement. 
Groundwater quality assessment results from the 10,171 
monitoring wells show that most were Class IV, accounting for 

In the past 40 years, amidst the vigorous development of 
industrialization and urbanization in China, there have been 
frequent water pollution incidents caused by industrial, 
agricultural, and domestic sewage discharge, which has become a 
potential risk factor to people's health, sustainable development, 
and social stability. However, since 2006, China has implemented 

the National Project of Science and Technology for Water 
Pollution Control and Treatment. As a result, the surface and 
groundwater environments have significantly improved. This 
section analyzes the groundwater quality changes. It evaluates the 
progress in implementing water quality improvement (SDG 6.3) 
at the Chinese provincial level.

Assessment of groundwater quality changes in China

Target: 6.3 By 2030, improve water quality by reducing pollution, eliminating dumping and minimizing release of hazardous 
chemicals and materials, halving the proportion of untreated wastewater, and substantially increasing recycling and safe reuse 
globally.

Improving Water Environment

around 67.8%, the second largest group was Class V, taking 
approximately 17.9%, while Class I-III were about 14.2% 
(Table 4-1). During those three years, groundwater quality was 
stable with improvement. 11.8% of monitoring sites observed 
improvement, 9.9% saw deterioration, and 78.3% remained 
stable. In this water quality evaluation system, "improved" refers 
to the upgrading from Class IV or V to Class I-III, or from Class 
V to class IV; "worse" means downgrading from Class I-III to 
Class IV or Class V, or from Class IV to Class V; "stable" means 
no change in the evaluation results of a single monitoring site.

From 2019 to 2021, the water quality evaluation results of 
groundwater monitoring stations in all the provinces in China 
were mainly "stable". The provinces with large changes are 
distributed in North China, East China, and parts of northwest 
and southwest China (Fig. 4-1).
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The crop yield is estimated based on the crop Gross Primary 
Productivity (GPP) dataset from the remote sensing EF-LUE 
(Evaporative Fraction–Light Use Efficiency) model (Du et 
al., 2022), combined with crop phenology and provincial crop 
yield statistical data. The evapotranspiration water consumption 
of crops (Evapotranspiration, ET) is calculated by applying 
the ETMonitor model (Hu et al., 2015; Zheng et al., 2019) 
to the corresponding multi-source remotely sensed data and 
atmospheric reanalysis data ERA5 (the fifth generation ECMWF 
reanalysis for the global climate and weather). The crop yield 
ratio to ET is used to estimate and analyze the spatial and 
temporal pattern of water-use efficiency (WUE) of three major 
grain crops (wheat, corn, and rice) in China.

Water-use efficiency of the three major grain crops in China 
showed an obvious increasing trend. From 2001 to 2019, 
water-use efficiency was on an obvious upward trend for all 3 
main grain crops, with an increase of 33.4% (0.024 kg • m-3 • a-1) 
for wheat, 20.0% (0.016 kg • m-3 • a-1) for corn, and 14.1% (0.014 
kg • m-3 • a-1) for rice (Figure 4-2a). The water-use efficiency of 
the three major grain crops in different geographical regions 
mostly showed an upward trend but varying degrees. The WUE 
of wheat increased by a bigger margin in the north, east, and 

central China (Figure 4-2b); the WUE of corn rose relatively fast 
in the north, northeast, and northwest (Figure 4-2c); the WUE 
of rice showed an overall increasing trend in the east and south 
(Figure 4-2d) while displaying little change in the northeast and 
central China.

Water-use efficiency improvement was mainly attributable 
to increase in crop yield. The analysis of the contribution 
rate change in ET and per unit yield to the trend of water-use 
efficiency reveals that, the change in water-use efficiency of 
the three major grain crops in China as a whole and in major 
geographical regions, is mainly driven by the increase of per 
unit yield of crops. Although ET also shows an upward trend, 
the increase range is relatively small, and thus its contribution 
to the change in crop water-use efficiency is smaller than 
that of per unit yield (Figure 4-3). The grain yield increases 
significantly, but the water consumption per unit area does not 
increase equally, thanks to advances in agricultural science 
and technology and the significant improvement in agricultural 
infrastructure, water-saving irrigation and agricultural water 
management technique, all factors conducive to the sustainable 
development of food production in China.

According to Food and Agriculture Organization of the United 
Nations (FAO) and UN water reports, the global water-use 
efficiency increased by 9% from 2015 to 2018, including 15% for 
industry and 8% for agriculture and service industry (FAO and 
UN Water, 2021a). However, 10% of the world's population still 
lives in countries with high or extremely high water stress (FAO 
and UN Water, 2021b). The imbalance between the supply and 

demand of water resources in China has eased recently (Chen et 
al., 2022), but an objective evaluation was still impossible due to 
the lack of accurate, complete, and up-to-date data. This section 
evaluates China's progress in implementing SDG 6.4 – improving 
water efficiency – at the regional and provincial levels using data 
from satellite remote sensing, statistical investigation, and model 
simulation.

Evaluation of water-use efficiency changes 
of three major grain crops in China

Target: 6.4 By 2030, substantially increase water-use efficiency across all sectors and ensure sustainable withdrawals and supply of 
freshwater to address water scarcity and substantially reduce the number of people suffering from water scarcity.

Improving Water-use Efficiency
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 Figure 4-3. Yield and ET to WUE trend from 2001 to 2019 for three major grain crops
(Note: the positive contribution of yield indicates that the trend of yield is consistent with that of water-use efficiency, while the 
negative value indicates opposite trends. The positive value of ET contribution indicates that the trend of ET is opposite to that 
of water-use efficiency, while the negative value indicates consistent trends. If the absolute value of the contribution of yield is 
greater than that of ET, it means that the contribution of change in yield to WUE trend is larger; otherwise, the contribution of 
change in ET to WUE trend is larger)

 Figure 4-2. Interannual change in water-use efficiency of three main grain crops in China (a) and spatial distribution (b, c and d) 
from 2001 to 2019 (The percentages in 3-2a show the increase rates between 2001 and 2019) 
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 Figure 4-5. Contribution by driver to change in water use in China. (a) Contribution by sector, (b) Contribution by demographic, 
economic and technological factors

 Figure 4-4. Spatial distribution of water stress level in China 
and changes

Analysis on the changes and driving forces of 
water stress level in China from 2010 to 2020

The level of water stress (SDG 6.4.2) is defined by FAO as the 
ratio between total freshwater withdrawn by major economic 
sectors and available freshwater resources (taking into account 
environmental water requirements) (FAO, 2018). It falls into the 
following categories: 0-25% no stress; 25-50% low; 50-75% 
medium; 75-100% high; >100% extremely high. Based on the 
remote sensing data, statistical data, model-simulated data, and the 
ratio of available water resources in the Level One water resources 
district in China, this case calculates the level of water stress for 
each province in China and evaluates the change in water stress 
from 2010 to 2020. The contributions of the climate factor and 
water-use factor to the change in water stress level are analyzed by 
the factor decomposition method.

From 2010 to 2020, China's water stress level showed a 
downward trend. The level of water stress in China in 2020 was 
58%, on a downward trend from 66% in 2015, but still in the 
medium category. Extremely high water stress level of more than 
100% was observed in Beijing, Tianjin, Hebei, Shanxi, Shandong, 
and Henan provinces in the north, Jiangsu province and Shanghai 
in the east, and Xinjiang and Ningxia in the northwest, a level 
that indicates the natural water resources in these regions cannot 
meet the demand for water use. The water stress level was either 
declining or not growing significantly in all provinces except 
Hainan province, where a notable increase was seen. The climate 
factor was the dominant driver behind the change in water stress 
levels for most provinces, except for Jiangsu, Zhejiang, Fujian, 
and Guangdong provinces in the southeast, where the reduction in 
water use was the main driver (Figure 4-4). The contributions of 
climate wetting and water-use reduction to the overall decrease of 
water stress in China were 70% and 30%, respectively.

Target: 6.4 By 2030, substantially increase water-use efficiency across all sectors and ensure sustainable withdrawals and supply of 
freshwater to address water scarcity and substantially reduce the number of people suffering from water scarcity.

Technological progress is the main inhibitor of water-use increase. 
In terms of contributions to water use by sector, the change in water 
use in the northeast and the south of the Yangtze River is mainly 
driven by the decline of industrial water use, with a contribution 
rate above 50% in Jilin, Heilongjiang, Shanghai, Fujian, Hubei, 
Hunan, Guangdong. In most northern provinces, the main driver is 
the decrease in agricultural water use, and the contribution rate is 
more than 50% in Hebei, Liaoning, Shandong, Qinghai provinces 
and Ningxia (Figure 4-5a). In terms of population, economics and 
the technological factor, the latter two are the dominant drivers 
behind the change in water use, with economic development driving 
up water use while technological progress inhibiting the increase 
in water use (Figure 4-5b). Overall, technological progress is the 
dominant factor inhibiting the increase in water use.
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Drawing references from UNEP's "step-by-step methodology 
for monitoring integrated water resources management (6.5.1)" 
(UNEP, 2017) and in light of the statistics on the monitoring 
of hydrology and water resources and the contents of water 
resources management in China, an index set was constructed for 
the assessment of data supporting capacity for integrated water 
resources management in five aspects, namely water availability, 
water use, water sources, aquifer, and data validity. Based on this 
index set, data supporting capacity for integrated water resources 
management in 2017 and 2020 at both national and provincial 
levels was evaluated. The data on hydrologic stations and 
groundwater stations come from National Hydrologic Statistics 
Annual Report; the data on total water supply and consumption 
come from China Water Resources Bulletin. 

The Supporting capacities of all kinds of data for integrated 
water resources management improved to varying degrees in 
China from 2017 to 2020. The equivalent density of groundwater 
networks increased from 8.4 stations/103 km2 in 2017 to 13.8 

stations/103 km2 in 2020, with a progress degree of 64.3%. The 
equivalent density of hydrological networks progressed by 13.3%.

Obvious differences in data supporting capacity among 
provinces. In 2020, all major water sources in China were 
monitored for water quality, with little difference among 
provinces in terms of the completeness of reporting by 
monitoring sites of all categories, notwithstanding inter-
provincial imbalances in other indicators. The equivalent 
density of hydrological networks was observed to be large 
in the southeast and small in the northwest, with the largest 
value in Shanghai and the smallest value in Qinghai province. 
The equivalent density of groundwater networks was large 
in the north and small in the south, with the largest value in 
Beijing and the smallest value in Xinjiang. The differences 
in data supporting capacity in different provinces are closely 
related to their water resources endowment conditions, socio-
economic development status, and the features of water 
resources development and utilization.

According to the UNEP assessment report (UNEP, 2021a), the 
implementation rate of integrated water resources management 
is far lower than expected globally. Therefore, the SDG 6.5 
will not be met unless doubling the effort. In recent years, 
China has deepened its integrated water resources management, 
gradually implementing sound institutional and administrative 
systems to support it. In terms of management tools, China has 
implemented the strictest system for managing water resources, 
accelerated progress in setting targets for ecological flows, 

water-use quotas for provinces sharing rivers and controls on 
groundwater, tightened measures mandating a feasibility study 
on water resources for construction project and water intake 
license, tightened the monitoring and measurement system, 
and carried out statistical surveys on water use. This section 
evaluates the progress in implementing the integrated water 
resources management (SDG 6.5) at the provincial level from the 
perspective of data supporting capacity for such management.

Assessment of data supporting capacity for 
provincial integrated water resources management in China

Target: 6.5 By 2030, implement integrated water resources management at all levels, including through transboundary cooperation as 
appropriate.

Integrated Water Resources Management
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Assessment of change in surface water and 
groundwater volume in Chinese provinces

The surface water area of Chinese reservoirs in 2015 was 
extracted using manual visual interpretation based on monthly 
water distribution data from the European Commission's 
Joint Research Centre (JRC); while the surface water area of 
Chinese reservoirs in 2020 was extracted using the random 
forest classification method based on Sentinel-1 imagery (Li 
and Niu, 2022); a coordinated forward model that reconciles 
Gravity Recovery and Climate Experiment (GRACE) satellite 
and groundwater level data was developed based on Chen et al. 
(2009) and Pan et al. (2017) for mapping groundwater storage 
changes in China.

Surface water area of China's reservoirs increased by about 
7% from 2015 to 2020. The surface water area of Chinese 
reservoirs was 22,500 km2 in 2015 and 24,100 km2 in 2020, 
increasing by about 7%. The largest increase happened in 
reservoirs in inland river basins, accounting for 5% of the total 
growth. In comparison, a decline of 4% was observed in the 
Pearl River basin, and the change in other basins was within 1% 
to 2%.

According to 2020 results, China's reservoirs are mainly located 
in the Yangtze River Basin, accounting for about 50%; the Huai 
River and Pearl River basins each account for more than 10%; 
about 25% are in the southeastern river basins, Songhuajiang-
Liaohe Basin, Yellow River Basin, Hai River Basin, inland and 
southwestern river basins.

Groundwater reduction during 2015-2020 slowed down 
by 65% from 2005-2014. The rate of groundwater storage 
change was -2.556±3.284 billion m3/a during 2005-2020. Areas 
experiencing significant (p<0.05) decrease, accounting for 27% 
of the national territory, were mainly found in the north of the 
Yangtze River, such as the Yellow-Huai-Hai Plain, central Inner 
Mongolia, west Liao River Basin, and north of Tian Mountain; 
while areas of significant increase, accounting for 45% of the 
territory, were mainly in the south of the Yangtze River, such as 
the Sichuan Basin and Yunnan-Guizhou Plateau (Figure 4-6a). 
During 2015-2020, the groundwater storage change rates in 
China as a whole and in the North China Plain slowed down by 
65% and 37% respectively, compared with that in the period 
of 2005-2014. The plain area of Beijing saw a reversal from an 
annual average decline of 0.11±0.004 billion m3 to an annual 
average increase of 0.07±0.01 billion m3/a) (Figure 4-6b).

The changes mentioned above in groundwater storage and the 
total area and number of reservoirs show fairly consistent spatial 
characteristics. Groundwater storage is increasing in areas with 
many reservoirs, such as the Yangtze River, Songhuajiang-
Liaohe, and Pearl River basins, while in areas with few 
reservoirs, such as the Hai River, Yellow River, and southwestern 
river basins, the groundwater storages are on a decreasing trend.

Target: 6.6 By 2020, protect and restore water-related ecosystems, including mountains, forests, wetlands, rivers, aquifers and lakes.

According to the latest UNEP assessment, nearly one-fifth of 
the surface water area of the world's watersheds has changed 
significantly over the past five years, including new water surfaces 
created by floods and reservoir construction, and lakes, wetlands, 
and floodplains lost to drought (UNEP, 2021b). During this period, 
China's inland water bodies have changed notably, evidenced by the 
main increase in artificial water bodies as a result of the construction 

of hydrological projects (Wang et al., 2022), a remarkable rise 
in the area of most natural lakes on the Qinghai-Tibetan Plateau 
under the influence of climate change, and a decline in lakes on the 
Inner Mongolia Plateau (Tao et al., 2020). This section assesses 
the progress in China's implementation of the conservation and 
restoration of water-related ecosystems (SDG 6.6) from the 
perspective of change in surface-subsurface water reserves.

Change in Water Ecosystems 
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Comprehensive evaluation of China's SDG 6 
progress from 2015 to 2020

Pulling together the datasets from sections in this chapter on 
the proportion of water bodies with good ambient water quality 
(SDG 6.3.2), water stress level (SDG 6.4.2), and integrated 
water resources management (SDG 6.5.1); rate of safe drinking 
water obtained through analysis of monthly data from provincial 
centralized drinking water sources (SDG 6.1.1), the proportions 
of safely treated domestic and industrial wastewater flows (SDG 
6.3.1) from China Urban Construction Statistical Yearbook; 
the calculated change in water-use efficiency (SDG 6.4.1) in 
China Statistical Yearbook and China Water Resources Bulletin; 
extracted change in the extent of water-related ecosystems 
over time in CNLUCC (Remote sensing monitoring data set of 
land use and land cover in China) and CAS (Chinese Academy 
of Sciences) Mangroves 2.0 (SDG 6.6.1); the sustainability 
index of water resources development and conservation (SDG 
6 Composite Index) was constructed by the normalization 
and equal weighting method, and the change in provincial 
implementation of SDG 6 was evaluated.

From 2015 to 2020, significant progress was made in all SDG 
6 indicators. The provincial administrative regions with higher 
SDG 6 Composite Index included Xizang and Guizhou province, 
which had sound natural environment, and Beijing, Shandong 
province, Chongqing, and Zhejiang province, which enjoyed 
fast growth rates; those with low SDG 6 Composite Index 
were mostly not economically advanced. Generally, regions 
scoring low on the Composite Index in 2015 included Inner 
Mongolia Autonomous Region, Ningxia, and Shanghai, and 
in 2020 included Ningxia, Inner Mongolia, Hebei and Qinghai 
provinces. The SDG 6 Composite Index was on an upward trend 
across all provincial regions, with the increase of over 50% in 
Xizang, Guizhou, and Shandong, in which the Xizang achieved 
the highest increase at 78.6% (Figure 4-7a).

Significant differences exist in the sustainable development 
level of water resources among China's provinces, autonomous 
regions, and municipalities. At the same time, the problems they 
face vary, with economically developed regions face challenges 
mostly in ambient water quality (SDG 6.3) and water-related 
ecosystems (SDG 6.6), while other regions facing generally low 
water-use efficiency (SDG 6.4) (Figure 4-7b).

 Figure 4-7. Progress variations in SDG 6 indicators and 
Composite Index in China between 2015 and 2020
(Note: no data for Hong Kong, Macao and Taiwan)

Comprehensive Evaluation
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Main Contributions

Cases and Their Main Contributions

Indicator Case Contributions

6.3.2 Proportion of bodies 
of water with good ambient 
water quality

Analysis of surface water 
quality in China.

Data product: The proportion of good ambient water quality at 
provincial levels in China in 2016 and 2017

Assessment of 
groundwater quality 
changes in China

Decision support: Inform the evaluation of effectiveness of 
groundwater quality control at the provincial level in China

Spatiotemporal patterns 
of water transparency in 
China's lakes

Data product: Time series datasets of water transparency in China's 
lakes (2000-2019) 
Method: A new lake water transparency monitoring and evaluation 
algorithm based on dual-band reflectance 
Decision support: Informing policies on water environmental 
monitoring and management in China and the rest of the world

Monitoring and 
evaluating the dynamic 
changes in lake water 
clarity

Data product: China's lake water clarity remotely sensed data set 
(1985-2020, every 3 years, 30 m); Global large lake clarity remotely 
sensed data set (2010, 2015, and 2020, 500 m) 
Decision support: It provides basic data and scientific evaluation results 
that can inform efforts of lake water-related ecological restoration and 
protection

6.4.1 Change in water-use 
efficiency over time

Evaluation of water-use 
efficiency changes of 
three major grain crops 
in China

Data product: Dataset of water-use efficiency of three major grain 
crops in China between 2001-2019, by year, with 1 km spatial resolution 
Method: Evaluation method based on multi-source data and combined 
with crop growth process

Assessment of change in 
global crop water-use 

Method: Evaluation of crop water-use efficiency based on multi-source 
remotely sensed data and crop growth processes on a global scale 
Data product: Global crop water-use efficiency data set from 2001 to 
2019 (annual, 1 km)

6.4.2 Level of water stress: 
freshwater withdrawal as 
a proportion of available 
freshwater resources

Evaluation of level of 
water stress in the Shule 
River basin in arid region, 
Northwest China

Method: A new evaluation method of the LWS with coupling glacier 
module 
Decision support: Providing reference for optimal distribution of water 
resources in GGCAAs

Analysis on the changes 
and driving forces of 
water stress level in China 
from 2010 to 2020

Data product: China water stress dataset, between 2010-2020, by 
month, with spatial resolution 0.5 °
Decision support: Inform industrial restructuring policies under the 
scenarios of climate change and water resource constraints

6.5.1 Degree of integrated 
water resources management

The assessment of 
China's Integrated Water 
Resources Management

Decision support: It informs efforts to improve and upgrade the water 
conservancy governance system and capacity

Assessment of data 
supporting capacity for 
provincial integrated 
water resources 
management in China

Method: Quantitative evaluation method for data supporting capacity of 
integrated water resources management
Decision support: Inform the assessment of data support capacity for 
China's provincial-level integrated water resources management

The 16 case studies in this compilation proposed 8 indicator monitoring and evaluation methods, produced 14 data sets at different 
temporal and spatial scales, and provided 14 decision support case studies.
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6.6.1 Change in the extent 
of water-related ecosystems 
over time

Assessment of change 
in surface water and 
groundwater volume in 
Chinese provinces

Data product: Datasets (2015 and 2020) of Chinese reservoirs’ 
distribution; Dataset of change in Chinese groundwater reserves 
between 2005-2020, by month, with spatial resolution 0.5 °
Method: A collaborative forward modeling integrating gravity satellite 
and groundwater level data
Decision support: Inform the assessment of the exploitation and 
utilization of surface water and groundwater resources at Chinese 
provincial level

Spatiotemporal 
distribution of China's 
vegetated wetlands

Data product: Datasets of China's vegetated wetlands (2015), 
mangrove forests and Spartina alterniflora in China (2015 and 2018) 
Method: An HOHC method to map vegetated wetlands, mangrove 
forests and Spartina alterniflora 
Decision support: Informing policy on China's 
implementation of the Ramsar Convention on Wetlands

Dynamic change of 
water body in Ramsar 
Sites

Data product: Datasets on 86 Ramsar Sites water body distribution in 
Asia, Europe, and Africa (2000-2018) 
Decision support: Informing policy on protection and management of 
Ramsar Sites

Change in natural and 
artificial water bodies in 
China from 2000 to 2020

Data product: China's natural and artificial water bodies data set (2000, 
2005, 2010, 2015, and 2020, 30 m) 
Decision support: It provides basic data and scientific evaluation 
results for the investigation and evaluation of surface water resources

Spatiotemporal changes 
in China's vegetated 
wetlands

Data product: Spatial distribution of China's vegetated wetlands data 
set (2010, 2015, and 2020, 30 m) 
Decision support: It provides basic data and scientific results for 
wetland protection and restoration

6.1.1 Proportion of 
population using safely 
managed drinking water 
services
6.3.1 Proportion of domestic 
and industrial wastewater 
flows safely treated
6.3.2/6.4.1/6.4.2/6.5.1/6.6.1 
Same definition as above

Comprehensive 
evaluation of China's 
SDG 6 progress from 
2015 to 2020

Method: Sustainability index of water resources development and 
protection
Decision support: Inform the assessment of progress in clean water and 
sanitation facilities at provincial level in China
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Summary

Rapid and accurate monitoring of SDG 6 is critical for provision 
and management of sustainable water sources and sanitation. 
Currently, there are proposed methods for estimating all eleven 
indicators in SDG 6. Current and future work will continue to 
focus on developing new methods and improving existing ones 
through multi-sources data integration. This is necessary to 
obtain spatiotemporally continuous data to meet the monitoring 
and assessment requirements.

The Big Earth Data framework has numerous advantages in 
spatiotemporal resolution, accessibility, and accuracy compared 
to traditional statistical data. The application of Big Earth 
Data methods, represented by satellite remote sensing and 
mobile Internet data, has comprehensively improved the spatial 
accuracy, sampling density, and frequency of SDG 6 indicators. 
In addition, this methodology has improved the temporal 
resolution and accuracy of assessment results.

The SDG 6 cases selected in this report suggest that Big Earth 
Data plays an important role in improving the monitoring 
capacity of SDG indicators.  However,  these findings 
also highlight the challenges associated with collecting 

spatiotemporally continuous data and integrating heterogeneous 
data from multiple sources.

There is also a mismatch between the requirements of local 
government management departments and the direction and 
output of the independent monitoring and evaluation efforts. 
In view of this, it is advisable to continue in-depth work in the 
following areas in the future.

(1) There is a need to strengthen data collection and processing, 
develop universal analysis methods, and standardize processing 
and modules. In addition, future work should realize seamless 
linkage and simplification of applications for data from big 
networks, remote sensing, and statistical surveys. This will help 
to achieve continuity and sustainability in the monitoring and 
evaluating all indicators.

(2) Future studies should also aim to promote extensive and 
in-depth cooperation with international, national, and social 
organizations. Technical methods and systems should be applied 
to promote the global realization of SDG 6, especially in the 
countries and regions with severe data gaps and insufficient 
capacity for continuous observation and monitoring.

Water surface spectrum measurement at Baiguishan Reservoir of Henan Province, China (The photo was taken by Fangfang Zhang on September 4, 2020)

Sum
m

ary
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