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Abstract: The natural environment is essential for human survival and development since it provides
water resources, land resources, biological resources and climate resources etc. As a developing
country, China has witnessed a significant change in the natural environment in recent decades;
and therefore, monitoring and mastering the status of the environment is of great significance. Due to
the characteristics of large-scale and dynamic observation, remote sensing technology has been an
indispensable approach for environmental monitoring. This paper reviews the satellite resources,
institutions and policies for environmental monitoring in China, and the advances in research and
application of remote sensing from five aspects: ecological index retrieval, environmental monitoring
in protected areas, rural areas, urban areas and mining areas. The remote sensing models and
methods for various types of environmental monitoring, and the specific applications in China are
comprehensively summarized. This paper also points out major challenges existing at the current
stage: satellite sensor problems, integrated use challenges of datasets, uncertainty in the retrieval
process of ecological variables, scaling effect problems, a low degree of automation, the weak ability
of forecasting and comprehensive analysis, and a lack of computational power for massive datasets.
Finally, the development trend and future directions are put forward to direct the research and
application of environmental monitoring and protection in the new era.
Keywords: environmental monitoring; ecological index retrieval; remote sensing technology;
research advance

1. Introduction
Natural environment is a general term for water resources, land resources, biological resources
and climate resources, which affects human beings’ survival and development. It is closely related to
the sustainable development of society and economy. Since the Industrial Revolution, the intensity of
the human use of natural resources has continuously increased with the rapid growth of populations,
and in particular, the overexploitation of resources leading to the deterioration of the environment,
has become greater and greater [1]. For example, the consumption of fossil fuels and the deforestation
of forest resources accelerate global climate warming, and further lead to the extinction of biological
species at an unprecedented rate. When the environmental load exceeds the limit that an ecosystem
can bear, the ecosystem would gradually weaken and be exhausted. Therefore, natural environment
monitoring is of great significance for the environmental resource protection and management, and
the survival and development of human beings [2].
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The commonly used ground-based monitoring is limited by regions and only suitable for
point-based environmental monitoring in a small region. This method is time-consuming, costly and
labor intensive. Due to the characteristics of large-scale and dynamic observation, remote sensing
sensors are able to quickly acquire the wide spectral information of regional and even global targets,
such that various ecological indicators can be obtained by data modeling and retrieval. As such, remote
sensing has gradually been an indispensable approach to ecological monitoring, especially at a large or
global scale.
As a developing country, China is experiencing a significant change in natural environment, and
remote sensing is playing an important role in environmental monitoring and protection [3]. Many
agencies carried out a large amount of work with remote sensing to monitor ecological status and
change. As an example, Ministry of Ecology and Environment Center for Satellite Application on
Ecology and Environment, has conducted a great amount work by using international satellite data
such as Landsat, MODIS and China-launched satellite data such as HJ-1A, Gaofen-1, Gaofen-2 (more
details can be seen in Section 2). They have become operational in many services including ecological
index retrieval, human activity monitoring in protected areas, and environmental damage assessment
and so on, which provides strong support for national environment management and decision-making.
This is very useful for the official inspection on ecological and environmental protection, especially
for the Green Shield Action established by seven state ministries. Two typical cases are environment
degradation in the Qilian Mountain National Nature Reserve in Gansu Province and the illegal villa
construction at the northern foot of the Qinling Mountain in Shaanxi Province. In addition, many
studies and literatures documented the progress in many fields, such as ecological index retrieval [4–6],
urban and rural area monitoring [7–11], and nature reserves monitoring [12–14]. However, few studies
have systematically and comprehensively summarized the progress in environmental monitoring by
remote sensing in China in recent decades.
This paper aims at reviewing the satellite resources, institutions and policies for environmental
monitoring in China, and the advances in research and application of remote sensing from five aspects:
ecological index retrieval, environmental monitoring in protected areas, rural areas, urban areas and
mining areas (atmosphere and water environment monitoring will be introduced separately). This
paper also points out major challenges existing in the current stage and puts forward the development
trend and future directions, which is useful to direct the research and application of environmental
monitoring and protection in the new era.
2. Satellite Resources, Institutions and Policies for Environmental Monitoring in China
2.1. Remote Sensing Satellite and Sensor Resources for Environmental Monitoring
Global and regional environmental monitoring relies heavily on remote sensing satellite and
sensors which are capable of quickly collecting spatial and spectral information of large-extent entities
on the Earth’s surface. Table 1 lists major satellite sensors used for environmental monitoring in
China in recent decades. The studies on environmental monitoring by remote sensing in China
before the year 2008 were mainly based on the datasets from international satellites, e.g., EOS-Terra,
Envisat, Landsat, Quickbird and SPOT. Since then, China has accelerated scientific and technological
research on satellites and sensors and has established a series of science and technology funding
programs. Among them, a very important program is the High-Resolution Earth Observation Project
(http://www.nmp.gov.cn/zxjs/ddgc/201012/t20101208_2125.htm), which has promoted the launch and
application of Gaofen-1 to Gaofen-6 satellites. The series of Gaofen satellites include high spatial
resolution, high spectral resolution, high temporal resolution and radar sensors. Currently, both
international and domestic satellite datasets have played an important role in environmental monitoring
research in China.
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Table 1. Major satellite sensors used for environmental monitoring in China.
Satellite

Sensor

Spectral Range
(µm)

Spatial
Resolution (m)

Revisit
Time (day)

Swath
Width (km)

Launch
Time

Country

EOS-Terra/Aqua

MODIS
Aster

0.62–14.38
0.52–11.65

250/500/1000
15/30/90

0.5
16

2330
60

1999/2002
1999

USA
Japan

NOAA-TIROS-N
NOAA-7–19

AVHRR

0.55–12.5

1100

6

2800

1978.10–2009.2

USA

MSS
TM
ETM+
OLI

80
30/60/120
15/30/60
15/30/60

18
16
16d
16d

185
185
185*170
170*180

1972.7–1984.3
1982.7–1984.3
1999.4
2013.2

USA
USA
USA
USA

100

16d

170*180

2013.2

USA

0.82/3.28
0.61/2.44
0.41/1.65
10/30/150/1000
5*20/ 5*5/ 5*5/20*40

1–3
1–6
3
35
12

11.3
16.5
15.2
5/100/400
20/80/250/400

1999.9
2001.10
2008.9
2002.3
2014.4
2016.6
2017.3
1986.2
1998.3
1998.3
2002.5
2002.5
2012.9
2014.6
2008.8

USA
USA
USA
Europe
Europe

France
France
France
France
France
France
France
Germany

1995.11

Canada

2007.12

Canada

IKONOS-2
Quickbird
GeoEye
Envisat
Sentinel-1

OSA
BGIS
GIS
ASAR
SAR

0.5–1.1
0.45~2.35
0.45~0.90
0.433–1.39
10.6–11.2
11.5–12.5
0.45–0.9
0.45–0.9
0.45–0.92
C band
C band

Sentinel-2

MSI

0.4~2.4

10/20/60

10d

290

SPOT(1–3)

SPOT 6
SPOT 7
Rapid Eye

HRV
HRVIR
VGT
HRG
VGT
NAOMI
NAOMI
MSI

0.50–0.89
0.50–1.75
0.45–1.75
0.48–1.75
0.45–1.75
0.45–0.89
0.45–0.89
0.4–0.85

10/20
10/20
1150
2.5/5/10/20
1150
1.5/6
1.5/6
5

26
26
26
26
26
26
26
1

RADARSAT 1

SAR

C band

8–100

1–3

RADARSAT 2

SAR

C band

1–100

1–3

60
60
2250
60
2250
60×60
60
77
20/50/75/100/
150/170/300/500
18/20/50/75/100/
150/170/300/500

Landsat (1–8)

TIRS

SPOT 4
SPOT 5

Europe
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Table 1. Cont.
Sensor

Spectral Range
(µm)

Spatial
Resolution (m)

Revisit
Time (day)

Swath
Width (km)

Launch
Time

HJ-C
ZY-1-02C

PRISM
AVNIR-2
PALSAR
PALSAR-2
CCD
HSI
CCD
IRS
SAR
HRC/PMS

0.52–0.77
0.42–0.89
L band
L band
0.43–0.90
0.43–0.52
0.43–0.90
0.43–0.52
S band
0.50–0.89

2.5
10
7–100
1–100
30
100
30
150/300
5/20
2.36/5/10

2
2
2
14
4
4
4
4
31
3–5

70
70
20–350
25/50–70/350/490
360
50
360
720
40/100
54/60

Japan
Japan
Japan
Japan
China
China
China
China
China
China

ZY-3-01/02

PMS/MUX

0.45–0.89

2.1/5.8

3–5

51

Gaofen-1
Gaofen -2
Gaofen -3

PMS/WFV
PMS/MSS
SAR

2/8/16
1/4
1–500

2–4
5
1.5–3

60/800
45
10–650

Gaofen -4

PMI

0.45–0.9
0.45–0.9
C band
0.45–0.9
3.5–4.1
0.45–2.5
0.45–12.5
0.45–0.9

2006.1
2006.1
2006.1
2014.5
2008.9
2008.9
2008.9
2008.9
2012.11
2011.11
2012.1
2016.5
2013.4
2014.8
2016.8

50/400

20 seconds

400

2015.12

China

30
20/40
2/8/16

51
51
2–4

60
60
60/800

2018.5

China

2018.6

China

Satellite

ALOS-1
ALOS-2
HJ-A
HJ-B

Gaofen -5
Gaofen -6

AHSI
VIMI
PMS/WFV

Country

China
China
China
China
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2.2. Major Research and Education Institutions Involved in Remote Sensing of the Environment
Many institutions are involved in the research and application of remote sensing in environmental
monitoring in China, which can be categorized into three types: government agencies, research
institutions and universities, as listed in Table 2. Since remote sensing technology has shown
great advantages, many ministries or commissions of China’s central government have successively
established remote sensing application agencies to specifically explore and implement applications of
remote sensing technologies in their jurisdictions. For example, the Satellite Environment Center of the
Ministry of Ecology and Environment is engaged in the application of remote sensing in ecosystem
and environment monitoring. In addition, some research institutions and universities are conducting
research into theories, methods and applications of remote sensing in various fields.
Table 2. Major institutions involved in remote sensing of environment in China.
Institutions

City

National Remote Sensing Center of China

Beijing

Satellite Environment Center, Ministry of
Ecology and Environment
Land Satellite Remote Sensing Application
Center, Ministry of Natural Resource
National Satellite Ocean Application Service,
Ministry of Natural Resource
National Satellite Meteorological Centre,
China Meteorological Administration
National Disaster Reduction Center, Ministry
of Emergency Management
China Center for Resources Satellite Date and
Application
Aerospace Information Research Institute,
Chinese Academy of Sciences
Research Center for Eco-Environmental
Sciences, Chinese Academy of Sciences
Institute of Geographic Sciences and Natural
Resources Research, Chinese Academy of
Sciences
Institute of Tibetan Plateau Research, Chinese
Academy of Sciences
Institute of Atmospheric Physics, Chinese
Academy of Sciences
Chinese Academy of Forestry
Chinese Academy of Agricultural Sciences
Nanjing Institute of Geography & Limnology,
Chinese Academy of Sciences
Institute of Soil Science, Chinese Academy of
Sciences
Peking University
Tsinghua University
Beijing Normal University
University of Chinese Academy of Sciences
China University of Mining and Technology
China University of Geosciences
Beihang University
Capital Normal Univeristy
Wuhan University

Beijing

Fields
Remote sensing technology
management
Remote sensing of ecology and
environment

Beijing

Remote sensing of land resource

Beijing

Remote sensing of ocean

Beijing

Remote sensing of meteorology

Beijing
Beijing
Beijing
Beijing

Application of remote sensing in
disaster reduction
Remote sensing data acquisition
and management
Comprehensive research in remote
sensing
Remote sensing of environment
and ecosystem

Beijing

Application of remote sensing in
natural resource

Beijing

Remote sensing of environment
and geology

Beijing

Remote sensing of atmosphere

Beijing
Beijing

Remote sensing of forestry
Remote sensing of agriculture

Nanjing

Remote sensing of environment

Nanjing
Beijing
Beijing
Beijing
Beijing
Beijing and Xuzhou
Beijing and Wuhan
Beijing
Beijing
Wuhan

Application of remote sensing in
soil science
Education
Education
Education
Education
Education
Education
Education
Education
Education
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Table 2. Cont.
Institutions

City

Fields

Central South University
Tongji University
Sun Yat-sen University
Nanjing University
Chang’an University
Liaoning Technical University
Xi‘an University of Science and Technology
Shandong University of Science and
Technology
Hohai University
Lanzhou Jiaotong University
Zhengzhou University
Southwest Jiaotong University

Changsha
Shanghai
Guangzhou
Nanjing
Xi’an
Fuxin
Xi’an

Education
Education
Education
Education
Education
Education
Education

Qingdao

Education

Nanjing
Lanzhou
Zhengzhou
Chengdu

Education
Education
Education
Education

2.3. Major Remotely-Sensed Environmental Monitoring Policies
Protecting the environment is one of China’s basic national policies. To strengthen environment
protection, Chinese central government has promulgated the new environmental protection law in
2014. The rule for Ecological Conservation Red Line (ECRL) was added to the law, and it designated
ecological protection red lines in the areas such as key ecological function zones, environmentally
sensitive zones and fragile areas where a strict protection is implemented. Besides this, the Ministry
of Science and Technology of China has released an annual report on the remote sensing monitoring
of the global environment every year since 2012, to contribute to global environmental monitoring.
China began promoting remote sensing technologies in order to implement environmental monitoring
effectively in recent years, and aimed at establishing the space–earth integration observation system
for environmental monitoring. A series of science and technology funding programs have been
implemented including the High-Resolution Earth Observation System Project, the Air Pollution
Control Action Plan, the Eco-Environment Monitoring and the Assessment of the Belt and Road etc.
3. Advances in Remote Sensing for Environmental Monitoring
According to the management model of environmental monitoring by remote sensing in China,
this paper describes the advances in remote sensing for environmental monitoring from five aspects:
ecological index retrieval, environmental monitoring in protected areas, rural areas, urban areas and
mining areas. The studies of environmental monitoring by remote sensing in China are summarized in
Table 3.
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Table 3. Studies of environmental monitoring by remote sensing in China.
Field of Monitoring

Monitoring Element
Vegetation index
Soil moisture

Ecological index
retrieval

Vegetation moisture
Evapotranspiration
Land surface temperature

Land use/cover change
Protected area
monitoring

Rural area monitoring

Human activity
Biodiversity level, biological
species, vegetation et al.
Solid waste
Greenhouse film
Soil pollution
Aquaculture

Urban heat island
Urban green space information
Urban area monitoring

Urban impervious surface
Expansion of urban built-up
areas
Urban environment quality

Methods and Algorithms
Band combination method, principal component
combination method, derivative band combination
method etc.
Empirical models, semi-empirical models, physical
models
Regression model, vegetation moisture index
SEBAL model, SEBS model, METRIC model,
semi-empirical model
Single-channel algorithm,
split-window algorithm, neural network-based
algorithms
Automatic image classification, visual
interpretation
Human activity impact index, visual interpretation
Spectral angle classification method
Human-computer interaction interpretation
PGI index, support vector machine classification
Partial least squares regression method
Human-computer interaction interpretation,
object-oriented analysis and spectral eigenvalue
method
Land surface temperature retrieval algorithms
Stepwise hierarchical method, pixel dichotomy
model, mono-window algorithm
Linear spectral unmixture analysis, dynamic
impermeability analysis

Remote Sensing Datasets Used

Accuracy

Landsat TM/ETM+/OLI, Gaofen-1,
MODIS

78%–94.55% [15–21]

MODIS, Landsat TM, Envisat-1 ASAR

MRE = 17.5%–32.8% [22–31]

Landsat ETM+, ASTER, Hyperion,
MODIS

RMSE < 0.794 kg/m2 [32–36]

HJ-IB, FY-3, Landsat TM, MODIS

MRE ≤ 12% [37–48]

HJ-1B, ASTER, Landsat
TM/ETM+/TIRS, MODIS

RMSE ≤ 2K [6,49–53]

Landsat TM/ETM+/OLI,
HJ-1, SPOT, World View-2
CBERS, ALOS, Gaofen-1
HJ-1A, Landsat TM/ETM+

≥80%
[54,55]
[56–61]

Beijing-1, Gaofen-1/2
Gaofen-1, Landsat ETM+, Quickbird-2
Hyperion, HJ-1A HSI

90%–95% [69,70]
≥90% [71–73]
MRE < 15% [74–77]

Landsat TM/ETM+/OLI,
CBERS, HJ-1 CCD

≥80% [78,79]

HJ-1B, ASTER, Landsat
TM/ETM+/TIRS, MODIS
Landsat ETM+/OLI,
Quickbird, ALOS, Gaofen-1

[62–68]

RMSE ≤ 2K [80–85]
>90%
[86–90]

Landsat TM/ETM+, urban DEM

RMSE < 0.02 [91–96]

Object-oriented classification

Landsat 8, Quickbird, Gaofen-1

Around 90% [10,97,98]

Environment indicator

Landsat dataset

[99,100]

Ecological damage and impact

Image interpretation, linear regression

Ecological restoration

Ecological index, pixel dichotomy model

Mining area monitoring

SPOT 4/5, Quickbird, Landsat
TM/ETM+, ZY-3, ASTER
Landsat TM/ETM+, HJ-1A CCD,
MODIS

≥85% [101–106]
[107–111]
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3.1. Remote Sensing Retrieval of Ecological Indexes
Many ecological indexes based on remote sensing are proposed to reflect ecological status.
This section introduces the remote sensing retrieval of a few basic ecological indexes, including
vegetation index, soil/vegetation moisture, evapotranspiration and land surface temperature.
3.1.1. Vegetation Index
Vegetation indexes are effective and empirical indicators that reflect the status of vegetation on
the ground and describe ecological conditions. The commonly used vegetation indexes include Ratio
Vegetation Index (RVI), Normalized Difference Vegetation Index (NDVI), Environmental Vegetation
Index (EVI), Green Vegetation Index (GVI), Perpendicular Vegetation Index (PVI), Soil Adjusted
Vegetation Index (SAVI), and Difference Environmental Vegetation Index (DVIEVI) etc.
With the fast development of space technologies, remote sensing data are becoming more and
more abundant. Some studies on vegetation indexes have been conducted in China focusing on the
improvement of retrieval accuracy. One important aspect is appropriate for dataset selection. Different
remote sensing datasets, e.g., Landsat TM&OLI, Gaofen-1 and MODIS, have different characteristics,
such as spatial resolution, spectral range and resolution. This leads to different levels of retrieval
accuracy [15]. Another important aspect is the use of band information, and some studies have
compared the original band combination method, the principal component combination method,
and the derivative band combination method to find out the best band combination for typical
indexes [16,17]. In addition, investigating the impact factors of vegetation index retrieval and making
adjustments are also an effective method of improving retrieval accuracy. For example, scholars found
that the reflectance in the near infrared and shortwave infrared bands was sensitive to topographical
variations, and carefully removed the topographic effects before using the non-band-ratio vegetation
indexes [18]. There are some works focusing on the application of the vegetation index. For example,
the vegetation coverage was extracted based on remote sensing images by vegetation indexes such
as NDVI, EVI and SAVI [19]. Some scholars used MODIS vegetation index products combined with
meteorological data to investigate the spatial and temporal changes of regional vegetation cover [20,21].
3.1.2. Soil and Vegetation Moisture
Soil moisture is a key component of the global water and energy exchange among hydrosphere,
atmosphere and biosphere. A variety of methods have been proposed to retrieve soil moisture, which
can fall into three categories: empirical models, semi-empirical models and physical models. The
most widely used are empirical models including: the soil moisture retrieval model based on MODIS
short-wave infrared spectral feature space [22,23], the active–passive remote sensing collaborative
retrieval model based on the genetic neural network algorithm [24], the retrieval model based on
the normalized spectral slope absorption index [25], and the soil moisture retrieval model based on
red-near infrared spectral feature space [26,27]. The semi-empirical models include: a coupling model
of soil moisture retrieval based on active–passive remote sensing [28], and a soil moisture retrieval
model based on polarized reflection information [29,30]. Due to theoretical complexity, few studies
focused on physical models. A typical model is based on the characteristics of bi-directional reflectance
of soil, which simulates the soil reflectance under natural conditions, and establishes the relationship
between soil bi-directional reflectance and soil water content [31].
Vegetation moisture is an indicator reflecting the growth of vegetation, and many vegetation
moisture indexes have been presented. The most commonly used method is to first establish the
functional relationship between the spectral index and the vegetation water content based on the
ground measured values, and to further quantitatively retrieve vegetation moisture from remote
sensing images [32–34]. For example, the leaf water content (LWC) of winter wheat in China’s Ningxia
Region was estimated with spectral indexes considering MODIS data and ground observation data,
and it was found that three indexes (Normalized Difference Water Index, Simple Ratio and Shortwave
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Infrared Perpendicular Water Stress Index) were significantly correlated with the LWC of winter
wheat [35]. Another way is to make use of the optical properties of vegetation from a physical
perspective. For example, [36] proposed a model for quantitatively retrieving the moisture content of a
vegetation canopy based on the PROSAIL model using Hyperion hyperspectral data, which is effective
for obtaining vegetation moisture content information in a wide area.
3.1.3. Evapotranspiration
Evapotranspiration is an important parameter in the surface energy cycle. Scholars use different
models to calculate the amount of land surface evapotranspiration. Commonly used models include
the Surface Energy Balance Algorithm for Land (SEBAL) model, the Surface Energy Balance System
(SEBS) model, the Mapping Evapotranspiration at High Resolution with Internalized Calibration
(METRIC) model, the hybrid models and the semi-empirical models.
The SEBAL model based on the land surface energy balance model shows a clear physical process.
It first obtains the latent heat flux by calculating relevant components of surface energy balance, and
then estimates the evapotranspiration [37]. The SEBAL model can be used for a wide range of satellite
datasets. As an application case of international datasets, scholars estimated the evapotranspiration in
Panjin City, Liaoning Province using the SEBAL model based on Landsat 8 satellite data [38]. In order
to promote the application of domestic satellite data, researchers used HJ-1B and FY-3/VIRR datasets for
evapotranspiration estimation. Experiments showed that the relative deviation between the estimation
results and ground truth data was approximately 10%, which demonstrated the validity of China’s
satellite data [39,40].
The SEBS model first calculates the atmospheric turbulent flux and evaporation ratio based on the
surface energy balance equation, and then estimates the surface energy flux over a large area through a
series of surface physical parameters obtained from remote sensing combined with the simultaneously
observed meteorological data on the ground [41]. It can be used to estimate the daily evapotranspiration
in a large area based on the satellite data and meteorological observation data [42]. Furthermore,
scholars have tested its validity in estimating the evapotranspiration during different seasons [43].
Based on the estimation results of SEBS model, the relationships among the evapotranspiration and
environmental factors can be quantitatively analyzed [44].
The METRIC model [45] is an evapotranspiration estimation method based on high resolution
images and internal calibration. Through the analysis of METRIC model theory, the estimation
accuracy can be further promoted by improving some model parameters, such as surface roughness
parameter [46]. Some scholars also used the hybrid of METRIC model and other models, e.g., the
hybrid of METRIC and SEBS model [47] and the hybrid of METRIC and SEBAL model [5].
A semi-empirical model, i.e., the exponential evapotranspiration model, was proposed by [48] to
estimate China’s evapotranspiration for April to September of 2004 by MODIS data, and experimental
results validated that it was useful for monitoring China’s surface drought events. Figure 1 reveals the
spatial patterns and temporal evolution trends of the monthly composites of daily evapotranspiration
under both clear and cloudy sky conditions.

Remote Sens. 2020, 12, 1130
Remote Sens. 2020, 12, x FOR PEER REVIEW

10 of 25
11 of 26

Figure 1.
1. Monthly
Monthlycomposites
composites
of daily
evapotranspiration
for April
to September
ofover
2004China
over
of daily
evapotranspiration
for April
to September
of 2004
China
[48]. [48].

3.1.4. Land Surface Temperature
3.1.4. Land Surface Temperature
Land surface temperature (LST) is an indispensable parameter to study the exchange of matter
Land surface temperature (LST) is an indispensable parameter to study the exchange of matter
and energy between surface and atmosphere, global ocean circulation, climate change anomalies and
and energy between surface and atmosphere, global ocean circulation, climate change anomalies
other aspects. This section will introduce three types of LST retrieval algorithms: the single-channel
and other aspects. This section will introduce three types of LST retrieval algorithms: the
algorithm,
the split-window
and the
neural and
network-based
algorithm. The algorithm.
single-channel
single-channel
algorithm, thealgorithm
split-window
algorithm
the neural network-based
The
algorithms
usealgorithms
a single thermal
infrared
channel
datachannel
to retrieve
surface
temperature
[49], and
single-channel
use a single
thermal
infrared
data to
retrieve
surface temperature
they
can they
be categorized
into two
types.
The empirical
single-channel
algorithms
establish
the
[49], and
can be categorized
into
two types.
The empirical
single-channel
algorithms
establish
empirical
relationship
betweenbetween
atmospheric
parameters parameters
and near-surface
temperature
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appropriate
were widely used in remote sensing image processing, the neural network-based algorithmband
was
information
as learning
samples, and
applied
the deepasdynamic
networkthe
anddeep
the
proposed, which
used appropriate
band
information
learninglearning
samples,neural
and applied
radiation
transfer
model
to
retrieve
surface
temperature
[6].
dynamic learning neural network and the radiation transfer model to retrieve surface temperature

[6].
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Protected areas are the land or sea where biodiversity, natural and cultural resources are protected
Protected
areasorare
the land
or sea
where In
biodiversity,
natural areas
and cultural
are
and preserved
by law
other
effective
means.
China, protected
includeresources
nature reserves,
protected
and
preserved
by
law
or
other
effective
means.
In
China,
protected
areas
include
nature
biodiversity conservation areas, ecologically functional areas, scenic spots, national forest parks and
reserves, biodiversity conservation areas, ecologically functional areas, scenic spots, national forest
world natural & cultural heritage sites. This section will introduce the studies on remote sensing
parks and world natural & cultural heritage sites. This section will introduce the studies on remote
monitoring of the first three types, i.e., nature reserves, biodiversity conservation areas and ecological
sensing monitoring of the first three types, i.e., nature reserves, biodiversity conservation areas and
functional
areas.
ecological
functional areas.
3.2.1.3.2.1.
Nature
Reserves
Nature
Reserves
Nature
reserves
are special
geographical
entities
designated
Nature
reserves
are special
geographical
entities
designatedtotoprotect
protectimportant
important ecosystems,
ecosystems, save
endangered
species orspecies
protect
heritages.
They play
vital arole
in role
the sustainable
save endangered
ornatural
protect historical
natural historical
heritages.
Theya play
vital
in the
sustainable
development
of
ecological
balance.
Remote
sensing
for
monitoring
nature
reserves
has been
development of ecological balance. Remote sensing for monitoring nature reserves has
been implemented
mainly
from
two aspects.
implemented
mainly from
two
aspects.
The is
first
is to monitor
use/cover
change
(LUCC)
in nature
reserves.
international
The first
to monitor
land land
use/cover
change
(LUCC)
in nature
reserves.
TheThe
international
satellite
satellite datasets, especially the long time-series of Landsat images, were widely used for LUCC
datasets, especially the long time-series of Landsat images, were widely used for LUCC monitoring,
monitoring, either by conducting image classifications based on original satellite images [12] or by
either by conducting image classifications based on original satellite images [12] or by directly using
directly using available products such as EVI provided by NASA [54]. Besides that, scholars
available
products
such as
EVI provided
byto
NASA
[54].
that,
scholars
applied
the domestic
HJ-1A/1B
CCD data
monitor
theBesides
dynamics
of LUCC
andapplied
proved the
thatdomestic
the
HJ-1A/1B
CCD
data
to
monitor
the
dynamics
of
LUCC
and
proved
that
the
performance
of HJ-1A/1B
performance of HJ-1A/1B CCD data was similar to that of Landsat TM data [55].
CCD dataOn
was
to that
Landsatand
TMenvironmental
data [55].
thesimilar
other hand,
theof
ecological
changes in nature reserves were analyzed
On
the otherhuman
hand, the
ecological
and environmental
changes
in nature
were
analyzed
by analyzing
activities.
According
to the characteristics
of land
use, thereserves
land types
caused
by humanhuman
activitiesactivities.
are classified
based on to
remote
sensing images, of
and
thenuse,
the human
activities
in
by analyzing
According
the characteristics
land
the land
types caused
nature activities
reserves are
by based
exploring
the spatial
distribution
of and
thosethen
typesthe
of human
land [56,57].
by human
areanalyzed
classified
on remote
sensing
images,
activities
Thesereserves
are the proxy
analysis methods
which take
specific
types of land
parcels
as the
in nature
are analyzed
by exploring
the some
spatial
distribution
of those
types
ofproxy
land of
[56,57].
human activities. Another type of method is to construct a human activity impact index based on
These are the proxy analysis methods which take some specific types of land parcels as the proxy of
the industrial, agricultural, tourism, traffic land classes and so on, and further to evaluate the
human activities. Another type of method is to construct a human activity impact index based on
impact of human activities on nature reserves [58,59]. In addition, some scholars tried the
the industrial,
traffic
land classes
and
on, and
the impact
integrated agricultural,
use of remote tourism,
sensing and
location-aware
data
toso
analyze
thefurther
impactsto
ofevaluate
human activity
of human
activities
on
nature
reserves
[58,59].
In
addition,
some
scholars
tried
the
integrated
on the ecological status of nature reserves, which showed the possibility of evaluating human–landuse of
remote
sensingatand
location-aware
to analyze
thefootprint
impactsmodel
of human
activity
on theway
ecological
interaction
a fine-grained
scaledata
[1]. The
ecological
is also
an effective
to
status
of nature
possibility
of evaluating
human–land
evaluate
the reserves,
ecologicalwhich
changeshowed
and itsthe
spatial
distribution
[60]. Figure
3 plots theinteraction
ecological at a
footprintscale
of 319[1].
National
Nature Reserves
of China
fine-grained
The ecological
footprint
modelinis2010.
also an effective way to evaluate the ecological
change and its spatial distribution [60]. Figure 3 plots the ecological footprint of 319 National Nature
Reserves of China in 2010.
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Biodiversity refers to the diversity of life in all forms, levels and unions of organisms on the Earth,
Biodiversity refers to the diversity of life in all forms, levels and unions of organisms on the
generally
three levels:
genetic
speciesspecies
diversity,
and ecosystem
diversity.
Remote
Earth,including
generally including
three
levels: diversity,
genetic diversity,
diversity,
and ecosystem
diversity.
sensing
technologies
are
widely
used
to
monitor
human
activities,
biological
species,
biodiversity
Remote sensing technologies are widely used to monitor human activities, biological species,
levelsbiodiversity
and vegetation
in biodiversity
priority
areas (BCPA).
human
disturbance
levelscover
and vegetation
coverconservation
in biodiversity
conservation
priorityThe
areas
(BCPA).
The
indexhuman
can bedisturbance
defined onindex
the basis
the remote
of land
classification
to monitor
andtoassess
can beof
defined
on thesensing
basis of the
remote
sensing of land
classification
monitordisturbance
and assess in
theBCPA
human
disturbance
in BCPA
[61]. Anspecies
example
of biological
the human
[61].
An example
of biological
monitoring
is tospecies
extract the
monitoring
is
to
extract
the
invasive
species
named
Canadian
goldenrod
using
the
spectral
invasive species named Canadian goldenrod using the spectral angle classification methodangle
from the
classification
method from
HJ-1A HIS
hyperspectral
Yixing,
Jiangsu
Province [62].
Yang
HJ-1A
HIS hyperspectral
data the
in Yixing,
Jiangsu
Provincedata
[62].inYang
et al.
[63] presented
a monitoring
et al. [63] presented a monitoring and evaluation method for biodiversity at the county level, and
and evaluation method for biodiversity at the county level, and monitored the temporal and spatial
monitored the temporal and spatial biodiversity changes in Nanzhang County of Hubei Province,
biodiversity changes in Nanzhang County of Hubei Province, China, as shown in Figure 4. Vegetation
China, as shown in Figure 4. Vegetation cover is also an important element of reflecting the
coverecological
is also anstatus
important
element
reflecting
theplays
ecological
BCPA, and
remote
sensing plays
of BCPA,
and of
remote
sensing
a key status
role inof
monitoring
the
spatiotemporal
a keychange
role inofmonitoring
the spatiotemporal
change of vegetation cover [64].
vegetation cover
[64].
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ChinaFigure
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Results
of biodiversity
comprehensive
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The National Key Ecological Functional Zones (NKEFZ) refers to the areas with special protection
The National
Key Ecological
Functional
Zones restore
(NKEFZ)
refers
to the
with special
and restricted
exploitation.
They are set
up to protect,
and
improve
theareas
important
ecological
protection
and
restricted
exploitation.
They
are
set
up
to
protect,
restore
and
improve
the
important
functions of specific regions including regional water and soil conservation, wind and sand control,
of specific
including
regionaltheir
water
and soiltoconservation,
windecological
and
floodecological
regulationfunctions
and storage,
and toregions
maintain
and improve
function
provide various
sand control, flood regulation and storage, and to maintain and improve their function to provide
services and products. It is related to the coordinated development of economic, social and ecological
various ecological services and products. It is related to the coordinated development of economic,
protection
in the region, and the balanced development of the western region and other regions in
social and ecological protection in the region, and the balanced development of the western region
Chinaand
[65].
Remote
sensing
can[65].
provide
support
forcan
theprovide
monitoring
andfor
managing
of national
other
regions
in China
Remote
sensing
support
the monitoring
and key
ecological
functional
zones.
An
important
work
is
to
quantitatively
assess
the
ecological
services
managing of national key ecological functional zones. An important work is to quantitatively assess
from the
human
activities
and from
climate.
There
are fourand
types
of national
keyfour
ecological
services,
ecological
services
human
activities
climate.
There are
types of
nationalincluding
key
services,
including
conservation, water
soil conservation,
wind break
sand
waterecological
conservation,
water
and water
soil conservation,
windand
break
and sand fixation,
andand
biodiversity
fixation, and
biodiversity
These
ecological
services
can
be assessed
by sensing
the models
maintenance.
These
ecologicalmaintenance.
services can be
assessed
by the
models
based
on remote
datasets
based
on
remote
sensing
datasets
and
ground-observed
meteorological
data
[66],
e.g.,
the water as
and ground-observed meteorological data [66], e.g., the water conservation service assessment
conservation service assessment as shown in Figure 5. Another important work is ecological
shown
in Figure 5. Another important work is ecological function assessment. Remote sensing can be
function assessment. Remote sensing can be used to evaluate ecological functions from the following
used to evaluate ecological functions from the following aspects: ecosystem distribution, landscape
aspects: ecosystem distribution, landscape change and ecological function index [67]. Besides that,
change
and ecological function index [67]. Besides that, scholars monitored the change of ecological
scholars monitored the change of ecological elements in NKEFZ during a special event such as an
elements
in NKEFZ
a special
event such
as anin
earthquake.
For example,
the Forest
vegetation
earthquake.
For during
example,
the vegetation
coverage
China’s Qianfoshan
National
Park coverage
was
in China’s
Qianfoshan
National Forest
Park
was monitored
multi-temporal
sensing
monitored
using multi-temporal
remote
sensing
images, andusing
the forest
damage and remote
restoration
images,
and the
forest
damage
condition
was
evaluated
[68].and restoration condition was evaluated [68].
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With the acceleration of China’s urbanization process, the rural economy has developed to a
With the
of China’s
urbanization
process,
the has
ruralcaused
economy
hasnegative
developed
to a on
certain extent,
but acceleration
its developing
methods
are extensive,
which
some
impacts
certain extent,such
but its
methods
are extensive,
which has
caused
someof
negative
impacts
its environment,
as developing
the disorderly
discharge
of pollutants.
The
contents
rural environment
on its environment, such as the disorderly discharge of pollutants. The contents of rural
monitoring
mainly include solid waste, greenhouse film, soil pollution and aquaculture pollution.
environment monitoring mainly include solid waste, greenhouse film, soil pollution and
The first is the solid waste monitoring. The interpretation signs of solid waste dumps on
aquaculture pollution.
high-resolution
images was established based on learning samples, and then the interpretation analysis
The first is the solid waste monitoring. The interpretation signs of solid waste dumps on
and change
detection
of informal
waste dumps
carried
out through
high-resolution images
was established
based onwere
learning
samples,
and thenthe
the human–computer
interpretation
interaction
and
automatic
change
detection
methods
[69,70].
The
informal
waste
dumps
can be
analysis and change detection of informal waste dumps were carried out
through
theeasily
identified
by comparing
with the
authorized
sites,
and this
method
provideswaste
technical
human–computer
interaction
and
automatic waste
changedump
detection
methods
[69,70].
The informal
dumps
can be for
easily
identified
by comparing
with the authorized waste dump sites, and this method
and data
support
rural
environment
management.
provides technical
data support
for rural environment
management.
Another
method and
is research
on greenhouse
film monitoring,
which is composed of three main
Another
method
is
research
on
greenhouse
film
monitoring,
which
is composed
three main
types of methods. (1) The detection methods based on multi-source datasets.
Theofcoverage
area of
types of methods. (1) The detection methods based on multi-source datasets. The coverage area of
greenhouse film in the village areas of Guilin City was detected based on Google Earth high-resolution
greenhouse film in the village areas of Guilin City was detected based on Google Earth
remote sensing images and DEM data [71]. (2) The index-based methods. A plastic greenhouse film
high-resolution remote sensing images and DEM data [71]. (2) The index-based methods. A plastic
indexgreenhouse
(PGI) wasfilm
proposed
by [72]
on the
and sensitivity,
separability
analysis
of plastic
index (PGI)
wasbased
proposed
by spectral,
[72] basedsensitivity,
on the spectral,
and
separability
greenhouse
films
using
medium-resolution
images,
and
the
PGI
results
in
a
sample
area
in
Weifang
analysis of plastic greenhouse films using medium-resolution images, and the PGI results in
a
City, sample
Shandong
is shown Province,
in FigureChina
6. (3)isThe
machine
learning
methods.
It was
area Province,
in WeifangChina
City, Shandong
shown
in Figure
6. (3) The
machine
found
by [73]methods.
that the Itsupport
vector
machine
well for
detecting
plastic
learning
was found
by [73]
that theclassification
support vectormethod
machineworks
classification
method
works
well for film
detecting
plastic greenhouse film information.
greenhouse
information.
Remote
sensor
monitoringofofsoil
soilpollution
pollution is
is mainly
images,
because
Remote
sensor
monitoring
mainlybased
basedononhyperspectral
hyperspectral
images,
because
the
hyperspectral
remote
sensing
is
able
to
obtain
the
quantitative
information
of
soil
composition
the hyperspectral remote sensing is able to obtain the quantitative information of soil composition
(e.g., organic matter, minerals) due to the characteristics of high spectral resolution. A commonly
(e.g., organic matter, minerals) due to the characteristics of high spectral resolution. A commonly
used method is partial least squares regression modeling between the soil pollution concentration
used method is partial least squares regression modeling between the soil pollution concentration
and hyperspectral data using the sample data from field work. The obtained model is then used to
and hyperspectral
dataconcentration
using the sample
data
from field
work.
Themethod
obtained
model is
then used to
derive the pollution
in other
locations
[74,75].
Another
is stepwise
regression
derive
the pollution
concentration
in bands
other is
locations
Another method
is stepwise
regression
modeling.
First, the
feature spectral
obtained[74,75].
by first derivative,
inverse-log
and continuum
modeling.
First,
feature
spectral
bands
obtained between
by first derivative,
inverse-log
and continuum
removing
onthe
original
bands,
and then
theiscorrelation
the soil pollution
concentration
and
removing
on
original
bands,
and
then
the
correlation
between
the
soil
pollution
concentration
and
feature spectral bands is established using the sample data and applied for monitoring [76,77].
Scholarsbands
also conducted
workusing
on aquaculture
monitoring
remotefor
sensing.
The information
feature spectral
is established
the sample
data andby
applied
monitoring
[76,77].
of aquaculture
land can bework
extracted
by various interpretation
methods
high-resolution
or
Scholars
also conducted
on aquaculture
monitoring by
remotefrom
sensing.
The information
medium-resolution
images
for
multiple
time
periods,
and
the
spatial
and
temporal
evolution
of aquaculture land can be extracted by various interpretation methods from high-resolution or
patterns of coastal aquaculture land are further studied using the models including single land use
medium-resolution images for multiple time periods, and the spatial and temporal evolution patterns
dynamic, gravity center of migration and landscape fragmentation [78,79].
of coastal aquaculture land are further studied using the models including single land use dynamic,
gravity center of migration and landscape fragmentation [78,79].
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3.4. Remote Sensing Monitoring of Urban Areas
At present, more than half of the world’s population lives in cities. As the urbanization process
At present, more than half of the world’s population lives in cities. As the urbanization process
continues, this proportion will reach 66% in 2050, so the urban environment is vital to human survival.
continues, this proportion will reach 66% in 2050, so the urban environment is vital to human
This section will elaborate on the progress of urban environment remote sensing monitoring in China
survival. This section will elaborate on the progress of urban environment remote sensing
from five aspects: urban heat island, urban green space, urban impervious surface, urban built-up area
monitoring in China from five aspects: urban heat island, urban green space, urban impervious
expansion and urban environment quality.
surface, urban built-up area expansion and urban environment quality.
The research on urban heat islands is documented as follows. The first type of work was to
The research on urban heat islands is documented as follows. The first type of work was to
study heat islands based on indexes. Scholars used the LST inversion algorithms to obtain urban
study heat islands based on indexes. Scholars used the LST inversion algorithms to obtain urban
surface temperature from remote sensing images, and then constructed indexes such as the urban heat
surface temperature from remote sensing images, and then constructed indexes such as the urban
island ratio index, and the thermal field variation index to evaluate the heat island intensity [80–82].
heat island ratio index, and the thermal field variation index to evaluate the heat island intensity
The second type of work investigated the pattern of the thermal environment from multi-period
[80–82]. The second type of work investigated the pattern of the thermal environment from
datasets. From the perspective of spatial dimensions, the spatial distribution characteristics of urban
multi-period datasets. From the perspective of spatial dimensions, the spatial distribution
islands are analyzed, and from the perspective of temporal dimension, the evolution characteristics of
characteristics of urban islands are analyzed, and from the perspective of temporal dimension, the
urban islands with time are analyzed based on the urban LST at multiple periods [83,84]. Another
evolution characteristics of urban islands with time are analyzed based on the urban LST at multiple
important aspect of the research explored the driving mechanism of heat islands. On the one hand, the
periods [83,84]. Another important aspect of the research explored the driving mechanism of heat
LST information was obtained from thermal bands and atmospheric parameters; and on the other hand,
islands. On the one hand, the LST information was obtained from thermal bands and atmospheric
the land use and cover (industrial land, farmland, woodland), and landscape pattern were derived
parameters; and on the other hand, the land use and cover (industrial land, farmland, woodland),
from optical bands. A correlation analysis was conducted among them to identify the important
and landscape pattern were derived from optical bands. A correlation analysis was conducted
correlation factors relevant to heat islands [81,85].
among them to identify the important correlation factors relevant to heat islands [81,85].
Urban green space information is also an important indicator reflecting urban environment status.
Urban green space information is also an important indicator reflecting urban environment
A commonly used method of extracting urban green space is the pixel-based classification method.
status. A commonly used method of extracting urban green space is the pixel-based classification
For example, the method of stepwise hierarchical classification methods was adopted to extract the
method. For example, the method of stepwise hierarchical classification methods was adopted to
urban green area in Kunming City, and it was conducted in the unit of pixel [86]. In order to solve the
extract the urban green area in Kunming City, and it was conducted in the unit of pixel [86]. In order
“salt-and-pepper” phenomenon, an object-oriented urban green land extraction method was proposed
to solve the “salt-and-pepper” phenomenon, an object-oriented urban green land extraction method
by incorporating texture information [87]. Scholars also used the spectral mixing model for urban
was proposed by incorporating texture information [87]. Scholars also used the spectral mixing
green space extraction. For example, the vegetation coverage can be extracted by the linear spectral
model for urban green space extraction. For example, the vegetation coverage can be extracted by
mixing model based on Landsat ETM/ETM+ data [88,89]. In addition, the NDVI and pixel dichotomy
the linear spectral mixing model based on Landsat ETM/ETM+ data [88,89]. In addition, the NDVI
models were used to retrieve the vegetation coverage of Guangzhou City based on Landsat 8 OLI data,
and pixel dichotomy models were used to retrieve the vegetation coverage of Guangzhou City based
and it was found that the dichotomy model was a more accurate method of monitoring vegetation
on Landsat 8 OLI data, and it was found that the dichotomy model was a more accurate method of
coverage than statistical methods [90].
monitoring vegetation coverage than statistical methods [90].
The impact of urban imperviousness on urban temperature or water cycling cannot be ignored.
The impact of urban imperviousness on urban temperature or water cycling cannot be ignored.
In the urban environment, a pixel is assumed to be the mix of multiple components (endmembers),
In the urban environment, a pixel is assumed to be the mix of multiple components (endmembers),
and the spectral value of a pixel is the linear combination of spectral values of every endmember.
and the spectral value of a pixel is the linear combination of spectral values of every endmember.
Therefore, most scholars use the linear spectral unmixing model to extract imperious surface cover from
Therefore, most scholars use the linear spectral unmixing model to extract imperious surface cover
from remote sensing images. Furthermore, the relationship between the impervious surface and the
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[96].[96].

Another
typetype
of work
is is
to to
monitor
ofurban
urbanbuilt-up
built-up
areas.
A large
number
Another
of work
monitorthe
theexpansion
expansion of
areas.
A large
number
of of
studies
werewere
conducted
onon
urban
andexpansion
expansion
monitoring
coarse,
studies
conducted
urbanbuilt-up
built-up area
area extraction
extraction and
monitoring
fromfrom
coarse,
medium
high-resolution
remotesensing
sensingimages,
images, but
recent
advances
are focused
on on
medium
and and
high-resolution
remote
butmost
mostofofthe
the
recent
advances
are focused
the high-resolution
approaches
or fusion
approaches
based
on multisource
datasets
For
the high-resolution
approaches
or fusion
approaches
based
on multisource
datasets
[97].[97].
For instance,
instance,
a
fusion
approach
based
on
the
use
of
multisource
remotely
sensed
data,
i.e.,
the
a fusion approach based on the use of multisource remotely sensed data, i.e., the DMSP-OLS nighttime
DMSP-OLS nighttime light data, the MODIS land cover product and Landsat 7 ETM+ images, was
light data, the MODIS land cover product and Landsat 7 ETM+ images, was proposed by [98] in order
to accurately extract urban built-up areas. In addition, [10] developed an urban built-up area extraction
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The remote sensing assessment of urban environment quality refers to evaluating urban
environment
based on
a variety of
of urban
environment
indicators
cantobeevaluating
obtained by
remote
The quality
remote sensing
assessment
environment
qualitythat
refers
urban
environment
quality based
on a variety
of environment
that on
canfour
be obtained
by remote
sensing.
[99] constructed
the remote
sensing
environmentindicators
index based
indicators:
greenness,
sensing.
[99] constructed
the remote
environment
index based
on four
indicators:
greenness,
humidity,
dryness
and heat, and
used it sensing
to evaluate
the environment
quality
of Weinan
City
in 1995–2015
humidity,
dryness
and
heat,
and
used
it
to
evaluate
the
environment
quality
of
Weinan
Cityprimary
in
using Landsat data. In contrast, [100] established an environment index based on the net
1995–2015 using Landsat data. In contrast, [100] established an environment index based on the net
productivity, vegetation fraction, LST and bareness fraction, and evaluated the dynamic changes of
primary productivity, vegetation fraction, LST and bareness fraction, and evaluated the dynamic
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(4) Scaling effect problems. As for temporal scale, remote sensing observation is instantaneous,
but the application analysis is usually conducted at a daily rate. Currently, the linear relationship
is commonly used to transfer the instantaneous scale to the daily scale. However, the changes in
temperature, wind speed, humidity and surface roughness make the actual situation more complicated.
As for the spatial scale, most of the retrieving models assume a uniform surface, but the surface is
highly heterogeneous. It is difficult to accurately represent the physical status of a region using only a
few site observation data as the inputs of models. In addition, the authenticity test is important to
verify the applicability of remote sensing retrieving models and model optimization. At present, the
ground truth data are point-observation data, thus it is difficult to verify the pixel-unit remote sensing
estimation results using the point-observation ground truth data.
(5) Low degree of automation. Few products can be used for operational application in environment
monitoring. The applications in the fields of monitoring natural reserve, biodiversity reserve,
environmental damage and environmental status assessment, are relatively automated. Most of others
depend on semi-automatic processes which require many manual interpretations.
(6) Weak ability of forecasting and comprehensive analysis. Remote sensing of the environment
focuses more on monitoring, but the ability to predict environmental trends is insufficient, and the
comprehensive ability to analyze the quality and status of environment based on remote sensing is
still lacking.
(7) Lack of computational power for massive remote sensing data. In many application cases of
environmental monitoring, the number of remote sensing images is significantly large, especially for
large-extent and high-frequency monitoring needs. Although the Google Earth Engine is a possible
solution to this problem, we still have a long way to go.
4.2. Outlook of Remote Sensing of Environment in China
Although China has made great achievements in improving the environment, it still now faces
serious environmental pressure. The environmental degradation occurs frequently due to economically
motivated activities. To maintain environmental safety, lucid waters and lush mountains, it is very
necessary for China to strengthen the protection and supervision of the environment with remote
sensing technology, especially for the China Ecological Conservation Red Line (ECRL), implying the
areas which have especially important ecological functions and must be carefully protected. Currently,
the Ministry of Ecology and Environment of China, is carrying out remote sensing supervision for
ECRL and national parks [112].
Nevertheless, in view of the existing problems, the following directions are issued so as to promote
the technological development and meet the requirements of national environment management.
(1) Promoting multi-source data fusion. Multi-source remote sensing data can make up for
the shortcomings of the single type of data on temporal resolution, spatial resolution or spectral
resolution and provide complementary information. Therefore, how to estimate ecological index
using multi-source data fusion including remote sensing data, ecological data, environmental data,
meteorological data, social and economic data, is an important direction.
(2) Improving the retrieval accuracy of remote sensing parameters. Considering the uncertainty
of the remote sensing retrieval process, the accuracy of ecological parameter retrieval is improved by
optimizing models and developing land surface data assimilation systems. Presently, the ecological
index retrieval is mainly based on the relationship between remote sensing data and ground-measured
data. Verification relies on measured data, but there are also errors in the process of obtaining in-situ
data. Thus, the accurate evaluation of model retrieval and how to reduce the dependence degree of
retrieval models on ground-measured data are research directions in the future.
(3) Modelling of scale effect. The scale effect is the main problem that remote sensing of the
environment needs to face. The accuracy of remote sensing retrieval is related to the spatial and temporal
resolution of the dataset used. Therefore, it is necessary to select an appropriate spatiotemporal scale
according to the requirements, and further select an available remote sensing dataset.
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(4) Improving the level of production automation. Besides the accuracy of products, the state and
the public also have high requirements in the timeliness of products in many application scenarios,
which directly impacts the quality of applications. A focus of future work will be to increase the
automation level of remote sensing products through process optimization, customized function
development and aggregating computational resources.
(5) Enhancing the ability of forecasting and comprehensive analysis, shifting remote sensing of the
environment from monitoring to a synthetic ability with monitoring and forecasting, and strengthening
the comprehensive analysis of results are important directions for future work.
(6) Promoting open access to satellite datasets. At present, China’s satellite data resources
are mainly concentrated in the China Center for Resources Satellite Data and Application, and a
few ministries and agencies. The colleges, research institutions and the public have a relatively
poor accessibility to domestic satellite data. It is necessary to formulate relevant policies and
protocols to increase the openness of satellite data, to promote applications, and to enhance
information dissemination.
(7) Implementing ECRL supervision by remote sensing. There is an urgent need to supervise the
ECRL in constructing the national ecological safety and ecological civilization, which can effectively
restrain ecological damage in China and provide a reference for other countries.
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