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ARTICLE INFO ABSTRACT
Keywords: Ecological environment quality assessment (EEQ) is an important parameter for sustainable development and
Ecological environmental quality sometimes it’s more valuable during industrialization and urbanization progress of the region. This study

PSR framework

’ compares remote sensing ecological index (RSEI) and ecological index (EI) and assesses EEQ with the most
Remote sensing

GIS popular pressure-state-response (PSR) method based on a set of remote sensing and statistical indexes through a

RSEI weight system in Samara region Russia. EI and RSEI framed from 15 toand 4 indicators respectively and in the

FI PSR framework natural-human pressure and health state assessed based on 12 and 3 indicators respectively and
in the last response index developed from pressure and state indicators. Results indicate that RSEI and EI showed
very strong comparability in the ecological sense but EI reflect more effectively EEQ changes than RSEIL Finally
this study explores all important effective indicators developed from remote sensing for eco-environment quality
assessment, which provide a strong decision making base for sustainable development as well as provide a new
and latest technological support for long term comprehensive mapping, monitoring and assessment of
environment.

economic development of the region (Gao et al., 2019; Xinmin et al.,
2020). A large number of research works have been carried out on
eco-environment mapping and monitoring through remote sensing and
GIS and a large number of methods have been developed to assess the
ecosystem’s spatial change. However, their methods usually focus on
only one aspect of the eco-environment and then generate a single
ecological factor for assessment (Liu et al., 2016; Zhigiang et al., 2011;
Brian et al., 2008) such as normalized difference vegetation index
(NDVI), leaf area index (LAI), land use land cover (LULC) change,
normalized difference water index (NDWI), and light index have been
used for vegetation, biodiversity, water body, bare soil and city spatio-
temporal change (choudhary et al., 2019; Kappas and Propastin 2012;
Fu et al., 2013; Peijuan et al., 2011). Therefore presently this is a very
important hot topic to quantitatively describe and estimate the spatio-
temporal dynamics of eco-environmental quality in the study region for
its sustainable development (Boori et al., 2015).

The PSR framework was initially developed for environmental policy
making by organization of economic cooperation and development

1. Introduction

The quality of the ecological environment is directly affected by local
natural resources as well as human life. The eco-environment is at threat
of dilapidation by the high amplification of human activities and
consequently worldwide environmental change. Since the last two de-
cades rapid growths of industrialization and urbanization have greatly
affected land use/cover change, which influence regional degradation of
climate and environmental changes (Abd Yang et al., 2020 & Yang et al.,
2020). The worst thing is that this change speed is much faster than the
self-reassembled speed of the ecosystem, which increases too much
natural/human pressure and disturbance in the eco-environment as well
as this is the main cause of its degradation. Therefore the study area
faces a large number of problems such as air pollution, noise, traffic-jam,
variation in temperature and humidity, uncertainty and difference in
rain intensity etc. (Li et al., 2018; Janilci et al., 2018). This environ-
mental ecological degradation is directly related with the growth of
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Abbreviations

AHP Analytic hierarchy process

ANP Analytic network process

IBI Built-up index

DMSP  Defense Meteorological Satellite Program
DEM Digital elevation model

EEQ Ecological environment quality assessment
EI Ecological index

ETM+  Enhanced Thematic Mapper

ER Evaporation rate

ET Evapotranspiration

FVC Fractional vegetation cover

GIS Geographical information system

GEMI Global environmental monitoring index
LC Land cover

LSM Land surface moisture

LST Land surface temperature

LULC Land use land cover

LAI Leaf area index

LI Light index

NGOs Non-governmental organizations

NDBSI  Normalized differential building and bare soil index
NDVI Normalized difference vegetation index
NDWI  Normalized difference water index

OLI Operational Land Imager
OECD  Organization of economic cooperation and development
PI Pressure indicator

PSR Pressure-state-response

PC Principal component

PCA Principal component analysis
RS Remote Sensing

RSEI Remote sensing ecological index
RI Response indicator

SI State indicator

SAVI Soil adjusted vegetation index

NDMI  Soil humidity or soil moisture normalized difference
moisture index

SI Soil index

SEA Strategic environmental assessment

TRI Terrain roughness index

N Thematic Mapper

USGS United states geological survey

FEWS NET Famine Early Warning Systems Network

(OECD) (Huang et al., 2011; Bernhard and Harald 2008) for a single
ecological index (EI) based on a set of remote sensing and statistical
indexes through a weight system (Ludovic et al., 2011; Johnny and Heng
2008) e.g., analytic hierarchy process (AHP), analytic network process
(ANP) etc. Basically three concepts were used to select ecological in-
dicators. (1) all indicators regularly and accurate monitoring is not
possible in an ecosystem due to their complicity, (2) all indicators have
different characteristic, weights, values and their own long and short
term effects in ecosystem, (3) mapping, monitoring and management of
all indications lacked scientific ignorance in a defined protocells due to
their different dimension effect and dissimilarities. Therefore it was
necessary to understand all indicators individually, their complicity,
integrity and ecological state to mapping and monitoring ecological
response change (Hu and Xu 2019; Tomas et al., 2004; Patricio et al.,
2016) under PSR framework. Sometimes the effective and duplicate
indicators such as for vegetation and moisture content helps to assess
sustainable development of ecological environmental mapping and
monitoring. This research work categorized all indicators in three
groups under PSR framework as a presser indicator, which represent
human and natural pressure on environmental and natural resources
quality and then make an environmental status and in last generate
response (Huang et al., 2011). Therefore the response indicator has
indicated undesirable changes in environment and natural resources due
to pressure and state indicators.

Ecological environment quality (EEQ) assessment required a com-
plete information about regional or site specific indicators in terms of
their intensity and effectiveness, which effect on surrounding ecosys-
tems (Schlevogt 2001; Mengshan et al., 2017; Hoa et al., 2018). In
general for a regional level study of EEQ must be based on statistical
data, LULC data, applying a widespread index method for qualitative
analysis for a specific time period. A large number of researchers have
been widely used analytic hierarchy process (AHP), NDVI, RSEI, stra-
tegic environmental assessment (SEA), land cover (LC) models to
represent ecosystems which cover one to many parameters (Fulton
2010; Andrea et al., 2016). Moreover the weighted system of all selected
indexes must be of subjective weights with the experience of expert’s
knowledge such as AHP (Boori et al., 2017; Zhao et al., 2016). It’s not an
easy task to uniform all ecological indicators due to their
multi-dimensional intricacy and diversity. Therefore in the present time
remote sensing and GIS is the most effective tool to study and analyze

regional eco-environment (Taixia 2020; Wu et al., 2020; Boori et al.,
2018) due to its multidimensional, multi-characteristics, regular and
quick data availability. Thus this research work uses remote sensing
derived ecological indicators for urgent need of accurate ecological
condition assessment and to take immediate decision for its protection,
preservation and recovery. This is only possible by remote sensing data
as they are available with very high frequency, good quality, for any
date, time and locations. Apparently, further research has been still
needed to improve the objectivity of the databases, effectiveness of in-
dicators, and procedures of monitoring and evaluation.

In this research work a remote sensing (RS) and geographical in-
formation system (GIS) based approach was developed to generate RSEL
and EI and then compare their results and in last identify EEQ with the
PSR approach in the study area. As soil, water, vegetation, biology and
atmosphere are the key components for ecological response in an
ecosystem. Soil texture, biological activities and chemical properties are
effects on agriculture production, which could further affect the atmo-
sphere by moisture, temperature, structure and texture contents
(Baishali et al., 2018; Titova and Baltréenaite 2020). Water is a basic
requirement for a society so water utilization, land use/cover, man-
agement or water resources are main factors in an ecosystem or its
change (Leemhuis et al., 2017). Biological contents affect life activities
of microorganisms and subsequently vegetation, atmosphere and agri-
culture production. Generally soil moisture and water resources bring
changes in wetness, soil fertility later on vegetation type and quality of
water environment, which affect plant growth and can lead by changes
in greenness, soil temperature, land use/cover and further on heat, soil
texture and in last dryness. Therefore any disturbance or change in any
ecological indicator ultimately affects or disturbs the whole ecosystem,
as all are directly or indirectly relevant.

2. Materials and data acquisition
2.1. Study area

Samara region is situated in the South-East of the Eastern European
Plain in the middle flow of the greatest European river, the Volga, which
separates the region in two parts of different size, Privolzhye and
Zavolzhye. Study area (Fig. 1.) Samara known from 1935 to 1991 as
Kuybyshev is the eighth-largest city in Russia and the administrative
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Fig. 1. Location map of the study area in Samara State, Russia (Image from google earth).

center of Samara Oblast. Geographical coordinates are 53° 12'10”’N and
50° 08’27 ’E (Fig. 1). The region occupies an area of 53.6 square kilo-
meters (0.31% of the territory of Russia) and forms a part of the Volga
Federal District. It is situated in its southern part. The Volga acts as the
city’s western boundary; across the river are the Zhiguli Mountains,
after which the local beer (Zhigulyovskoye) is named. The northern
boundary is formed by the Sokolyi Hills and by the steppes in the south
and east. The region stretches from 335 km from the North to the South
and for 315km from the West to the East. The land within the city
boundaries covers 46,597 ha hectares (115,140 acres). Population is
1,163,399 (2018 Census); 1,164,685 (2010 Census); 1,157,880 (2002
census); 1,254,460 (1989 Census). The metropolitan area of Samara-
Tolyatti-Syzran within Samara Oblast contains a population of over
three million. Formerly a closed city, Samara is now a large and
important social, political, economic, industrial, and cultural center in
European Russia. It has a humid continental climate characterized by
hot summers and cold winters.

2.2. Data and pre-processing

2.2.1. Data

This research work used Landsat thematic mapper (TM), enhanced
thematic mapper (ETM+) and operational land imager (OLI) data for the
year of June 10, 10/06,/2010, July 25, 25/07/2015 and August 20, 20/
08/2020 respectively. All imageries were downloaded free of cost from
Earthexplorer of united states geological survey (USGS) website with
less than 10% cloud cover, mainly spring and autumn seasons from 169
path and 23 row. All missing and highly cloud covered data were
replaced by one year before or after respectively. All sensors have 30 m
spatial and 16 days temporal resolution. The details of all Landsat

sensors are described in Table 1.

2.2.2. Pre-processing

All images were resampled by cubic method for high accuracy in
ArcGIS software. Then geometric and atmospheric errors were removed
and used filters for noise removal at pixel level. OLI images were
rectified or projected in WGS-1984-UTM zone-39 N projection and then
TM and ETM + images were registered based on OLI rectified images.

3. Method

Ecological responses were tried to identify in the study area by 15
ecological indicators under the PSR framework, in that following 12
indicators were pressure indicator and reaming 3 state indicators
(Fig. 2):

Pressure indicators: global environmental monitoring index
(GEMI), evaporation rate (ER) and land surface temperature (LST), soil
adjusted vegetation index (SAVI) and normalized difference moisture
index (NDMI), Land use/land cover (LULC) change, Road network,
Railway network and light index (LI), normalized difference water index
(NDWI), terrain roughness index (TRI) and digital elevation model
(DEM).

State indicators: normalized difference vegetation index (NDVI),
leaf area index (LAI), fractional vegetation cover (FVC).

Before ecological environment analysis all indicators were stan-
dardized from O to 1 range and rescale in terms of spatial and temporal
resolution so that all indicators get similar weight and importance in the
result (Wei et al., 2019; Yuanyuan et al., 2019).
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Table 1
The band details of Landsat sensors.
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Bands Landsat TM Landsat ETM+ Landsat OLI
Wavelength (pm) Spatial Resolution (m) Wavelength (pm) Spatial Resolution (m) Wavelength (pm) Spatial Resolution (m)

1 0.45-0.52 30 0.45-0.515 30 0.43-0.45 30
2 0.52-0.60 30 0.525-0.605 30 0.45-0.51 30
3 0.63-0.69 30 0.63-0.69 30 0.53-0.59 30
4 0.76-0.90 30 0.775-0.90 30 0.64-0.67 30
5 1.55-1.75 30 1.55-1.75 30 0.85-0.88 30
6 10.41-12.5* 120 10.4-12.5* 60 1.57-1.65 30
7 2.08-2.35 30 2.08-2.35 30 2.11-2.29 30
8 0.52-0.9 15 0.50-0.68 15
9 1.36-1.38 30
10 10.6-11.2* 100
11 * Thermal bands 11.5-12.5* 100
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Fig. 2. Methodological chart for RSEI, EI and EEQ assessment based on PSR framework by RS-GIS.

3.1. Indicators used

3.1.1. Wetness

Wetness parameter express as land surface moisture (LSM) and can
generated from Landsat OLI, TM, and ETM + images reflectance by
follow Egs. (1)-(3) respectively (Hu and Xu 2019; Huang et al., 2002):

LSMor1 =0.1511*Bpgje + 0.1972 Bgyeen + 0.3283%Bgreg + 0.3407*Byr

—0.7117*Bswri — 0.4559*Bswiro @
LSMpy = 0.0135*Bgje + 0.2021 Bgreen + 0.3102%Bpeg + 0.1595*Byr
- O.6806*B5W[R1 - 0~6109*BSWIR2 (2)
LSMgru; = 0.2626%Byjye 4+ 0.2141 Bgreen + 0.0926*Bpeg + 0.0656*Byir
— 0.7629*Bgwiri — 0.5388*Bswira
3

where Bgjue, BGreens Breds BNIr, Bswir, and Bswirz is the reflectance
values of the blue, green, red, near-infrared, and shortwave-infrared

bands of the Landsat TM/ETM+ and OLI images, respectively.

3.1.2. Greenness

Normally NDVI is the best indicator to measure greenness and can
easily measure by red and infra-red bands combination by following
equation (4) (Liu and Shi, 2016):

NDVI = (Byig — Brea) / (Bnig + Brea) ()]

where, Byjr and Bgreq are referring to near-infrared and red bands
reflectance. NDVI values existence in between —1 andto +1. Where +1
or close to it represents dense or healthy vegetation, close to O show
barren lands and close to —1 represent no vegetation or water/ice/snow.

3.1.3. Dryness

Dryness represents by no vegetation or very less soil moisture in an
open area and in cities by built-up areas. This research work used soil
index (SI) and built-up index (IBI) to generate dryness index from
different band combination of satellite images (Xu 2008; Essa et al.,
2012) and call it normalized differential building and bare soil index
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(NDBSI) as mentioned in Egs. (5)-(7) respectively (Xu 2008; Essa et al.,
2012; Hu and Xu 2019):
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IBI= {2 Bswiri / (Bswiri + Bnir) — [Bair / (BNir + Brea) + Bareen / (BGreen + Bswiri )]} / {2*Bswiri / (Bswiri + Bnir)

+ [Bair / (Bair + Bred) + Boreen / (BGreen + Bswiri)]}

SI = (Bswirt + Brea) — (Bsue +Bwir)] / [(Bswirt + Brea) + (Baie +Bui)]  (6)

NDBSI = (IBI +SI)/ 2 %)

where Bgjye, BGreens Breds BNIR, Bswiri, and Bswirz is the reflectance
values of the blue, green, red, near-infrared, and shortwave-infrared
bands of the Landsat.

3.1.4. Temperature
Land surface temperature (LST) can generate by following equations
from 8 to 10 (Estoque et al., 2017):

L, = gain*DN + Bias ®
Tb:Kz/ln(Kl/Lg—Fl) (9)
LST =T,/[1 + (AT, / P) Ine] 10

where L, is thermal band radiance; gain is thermal infrared gain value;
bias is offset value. Ty, is satellite generated brightness temperature and
Kj, K5 their thermal band’s constants. All values can find from the
referenced file of satellite data. A and € are thermal band wavelength
and emissivity respectively. Emissivity can calculate by following
equation (11) (Sobrino et al., 2004):

e=mP,+n an

where m is the bare soil emissivity (0.004) and n is vegetation coverage
(0.986). P, is vegetation proportion and can derive from NDVI as Eq.
(12) (Carlson and Ripley 1997):

DVI — NDVIL., \*
V:< NDVI — NDVl, > 12)

NDVImax - NDVImin

3.1.5. Leaf area index (LAD)

There are many methods to generate LAI from remote sensing data
but this research work used following empirical model (Baret et al.,
2007) due to its simplicity and quickness and calculates LAI by following
equation (13) based on NDVI value:

LA]:O'57JA-e2,33*NDV1 (13)
3.1.6. Fractional vegetation cover (FVC)

There are lots of methods to calculate FVC but Baret et al., (2007) is
one of the best one, which is based of NDVI as following Eq. (14):

FVC=1— [(NDVly,, — NDVI)/ (NDVIy,, — NDVIs,)]**" a4

where FVC is fractional vegetation cover, normal pixel NDVI value,
vegetation NDVI value (max NDVI) and bare soil NDVI vale (or min
NDVI vale).

)

3.1.7. Elevation

This study used digital elevation model (DEM) for topographic fea-
tures response. DEM was downloaded from USGS website at 30 m meter
resolution.

3.1.8. Terrain roughness index (TRI)

This study used TRI terrestrial features response. TRI (Terrain
Roughness or Ruggedness Index) was generated from DEM as following
equation (15):

TRI = (Mean elevation — Minelevation) /(Max elevation — Minelevation)
15)

3.1.9. Evapotranspiration (ET)

For climate change indication evaporation (ET) was used as this
component is related with temperature and humidity in the environ-
ment and its change. ET data were acquired from USGS famine early
warning systems network (FEWS NET) data portal.

3.1.10. Light index

A country’s infrastructure and facilities such as light index can be
used for analyzing human pressure on the ecosystem. High population
density represents a high light index and its greater changes show more
frequency of human activities. Light data was accessed from defense
meteorological satellite program (DMSP), the Payne Institute for Public
Policy under the Colorado School of Mines.

3.1.11. Rail and road network

A country’s infrastructure and facilities such as road and rail net-
works can be used for analyzing human pressure on the ecosystem. High
population density represents a higher density of road and rail network
with higher frequency of transportation and its greater changes show
more frequency of human activities. Road and rail network data were
obtained from OpenStreetMap as it’s globally available at free of cost
and can be used for traffic situation and intensity. The obtained data was
in line vector format so before using, it was converted into pixel raster
format at 30 m resolution so that it was easily combined with reaming
satellite data. In the study area road data includes primary (national
highway), secondary (state highway), residential and local roads
(including footpath & cycle way), while railway data includes Rails,
metro, tram line and narrow-gauge.

3.1.12. Land use/cover

As land use/cove map is the baseline map for maximum types of
studies and its changes directly affects the ecosystem so all three years
LULC maps were used to access pressure indicators in the study region.
In this research work supervised maximum likelihood classification
approach was used in all three years (2010, 2015, & 2020) Landsat
images and got following six major LULC classes: agriculture, forest,

Table 2

Grading index based on land cover.
Land Unused land, Forest, Mangroves, Agriculture Settlements
use Water Wetland

Grades 1 2 3 4
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mangroves, settlements, water and wetland. Therefore land use index
was developed based on land cover and its intensity, effectiveness and
importance in the ecosystem. High index represents extremely or peak
utilized land and is unable to further utilization of land such as fully
urbanization, where humans cannot use it further. The low index value
shows the beginning of the land resource utilization like open land.
Therefore land utilization grading index was developed as shown in
Table 2 based on the AHP method.

3.2. PSR framework

In a pressure-state-response framework, pressure index refers to
pressure on natural resources or ecosystems by social/artificial/human
activities, whereas state index shows the health of ecosystems. Response
index refers to changes in ecosystem due to pressure and state index.
This research work derives ecological environmental quality (EEQ)
assessment based on pressure, state and response index. The (1) Pressure
factor was derived by 12 indicators, (2) State factor derived 3 indicators
and (3) response indicator was calculated from difference between
pressure and state indicator.

3.2.1. Pressure indicator (PI)

In this research work, natural ecosystems components such as land,
water, atmosphere’s exploitation, limitation were used to quantitatively
measure pressure indicators. Therefore pressure indicators directly
reflect natural resources conditions and human activities.

Based on Table 2 grading system, a pressure indicator was generated
to analyze human activities interference or pressure on ecosystems from
standardized data from O to 1 range with equal weight to all indicators in
the study area as following equation (16).

Remote Sensing Applications: Society and Environment 23 (2021) 100530

Table 4
Grades of state indicator.
Grades I il 111 v A
Poor Fair Moderate Good Excellent
State indicator 0-0.2 0.2-0.4 0.4-0.6 0.6-0.8 0.8-1.0

or disturbance in ecosystem, thus these land cover classes show healthy
status of ecosystem and are defined as 1 otherwise its vice-versa as 0. To
calculate the state indicator first all parameters were standardized from
0 to 1 range and then given equal weight as equation (17).

SI=(NDVI+LAI + FVC) | 3 a”

Higher SI value indicates better ecological condition and lower value
represent poorer ecological condition (Table 4).

3.2.3. Response indicator (RI)

The response indicator was assessed by the geometric overlay
method in between pressure indicator (PI) and state indicator (SI),
which show net effect or balance situation from pressure and state
condition. In other words, the response indicator can predict by pressure
indicator minus state indicator as equation (18).

RI=PI —SI (18)

Generally in a high pressure situation, response indicator will high,
means a poor ecological situation, therefore a lot of changes in the
ecosystem, so high responses were indicating high ecological distur-
bance or environmental change. On the other hand high state indicators
show a low response indicator means high stable situation or good

°PI= (GEMI + ER + LST + SAVI + NDMI + LULC + Road + Rail + NLI + NDWI + TRI + DEM) / 12 (16)

hHere high values indicate high pressure so the worst situation of
ecosystem and low value represent low pressure or less human activities
means best ecological condition or best ecosystem situation (Table 3).

3.2.2. State indicator (SI)

State indicator represented by the health of the ecosystem, which is
closely related to natural healthy vegetation conditions in the region.
Vegetation changes also make an important role in global warming and
biodiversity. Therefore in this study three major vegetation indexes or
vegetation cove used for state indicator: NDVI, LAI and FVC. All are very
significant with hydrology, ecology, regional change and can be
accessed very simply and quickly (Wanjuan 2017). Therefore the state
indicator was developed by a combination of NDVI, LAI and FVC from
different bands of Landsat data.

Generally healthy ecosystems are represented by healthy natural
phenomena such as NDVI, LAI, FVC, forest, mangroves, wetland and
waterbody. Where there is not too much human interrelation, activities

Table 3
Grades of pressure indicator.

Grades I I I v A
Below Low Moderate  High Extreme
standard

Pressure 0-0.2 0.2-0.4 0.4-0.6 0.6-0.8  0.8-1.0

indicator

ecological condition and an established environment with very low or
no change due to less human and natural pressure. Directly we can say
low response indicators represent a stabilized ecosystem and sustainable
development.

3.3. Calculation of RSEI

Remote sensing can provide a real-time data and large-scale moni-
toring and now widely used in the field of the eco-environment and has
become an effective method for evaluating regional eco-environments.
Xu (2013) proposed monitoring and evaluating the eco-environment
by obtaining ecological indicators based on remote sensing technology
in 2013, and it is remote sensing ecological index (RSEI).

RSEI can generate from following four remote sensing satellite data
derived indicators: dryness, greenness, heat and moisture. All four in-
dicators generally used to evaluate ecological condition because they are
closely relate to ecological condition in an ecosystem and directly
perceived by many researchers (Coutts et al., 2016; Seddon et al., 2016).
First all four indicators must be standardize from O to 1 to remove the
different dimensions and range values. Than a composite RSEI was
derived from principal component analysis (PCA) for an objective and
quantitative evaluation (Abson et al., 2012) as following Eq. (19):

RSEI =1\ PCy| + r,PCy + r3PC3 + .......... rPC; (19)
where r; is the contribution ratio of principal component (PC), and i is

the quantity of PC that remains. The contribution ratio r; is calculated as
follows Eq. (20):
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Table 5
Principal component analysis (PCA) for RSEL
2010 2015 2020
PCA1l PCA2 PCA3 PCA4 PCA1 PCA3 PCA4 PCA1 PCA2 PCA3 PCA4
NDBSI —0.0034 —0.2518 0.9661 0.05605 —0.00016 —0.0007 —0.00573 0.99998 —0.00018 —0.0028 —0.0092 0.9999
NDVI —0.0009 0.9445 0.2579 —0.2032 —0.12566 0.91976 —0.37183 —0.0014 —0.015 0.9845 —0.1743 0.00117
LST 0.98161 0.0402 0.0031 0.1865 0.98949 0.14324 0.01992 0.00035 0.9998 0.01636 0.00563 0.0002
LSM —0.1908 0.2069 —0.0023 0.9595 —0.07158 0.36542 0.92807 0.00559 —0.0084 0.1741 0.9846 0.00955
Eigenvalue 0.1483 0.0073 0.0071 0.0013 0.0124 0.0038 0.0005 0.00003 0.01007 0.0006 0.00028 0.00003
Eigv. % 90.35 4.497 4.326 0.8167 73.93 3.08 0.18 91.69 5.49 2.54 0.26
Accum.Eigv. 90.35 94.85 99.18 100 73.93 99.81 100 91.69 97.18 99.73 100
n 3.4. Calculation of EI
i =pi ZP[ (20)
=1

where p; represent the eigenvalue of PC;.
So RSEI for the year 2010, 2015 and 2020 were obtained from
Table 5 by Eq. (21)-(23):

RSELyy 0 =0.9035PC, + 0.0449PC, + 0.0432PC5 + 0.0081PC4 21)
RSELyy s =0.7393PC, + 0.2292PC, + 0.0308PC5 + 0.0018PC4 (22)
RSE@yyy) =0.9169PC; + 0.0549PC; + 0.0254PC5 + 0.0026PC, (23)

After getting all three years RSEI it was classified into following five
parts based on natural brakes in ArcGIS software as “POOR, FAIR,
MODERATE, GOOD and EXCELLENT” to compare the whole study area
to each other.

DEM
. ww High : 364

Lignt ey

Based on AHP method, first assigned weight to all 15 indicators and
then generate ecological index based on following equations (24) and
(25) (Ludovic et al. 2011; Johnny and Heng, 2008):

n
El= Zw* C (24)
i=1

where EI is an ecological indicator, w and c represents weight and
standardized data.

El=W*C+ ...... n (25)

So with the help of all ecological response parameters, we calculate
EI as Eq. (26):
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Fig. 3. Thematic layers for RSEI, EI and EEQ assessment based on PSR framework by RS-GIS.
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EI= W(environment) + w(climate) + w(soil moisture) + w(greenness) +w(LULC) + w(artificial features & energy) + w(water content) + w(landscape)

where

Environmental parameter: global environmental monitoring index
(GEMD),

Climate parameter: evaporation rate (ER) and land surface temperature
(LST);

Soil moisture: soil adjusted vegetation index (SAVI) and normalized
difference moisture index (NDMID);

Greenness: normalized difference vegetation index (NDVI), leaf area
index (LAD), fractional vegetation cover (FVC);

Land use/land cover: LULC change;

Artificial features and energy: Road network, Railway network and
light index (L)

Water content: normalized difference water index (NDWI);
Landscape: terrain roughness index (TRI) and digital elevation model
(DEM),

Or in other words with the help of all 15 indicators and their weight
based on AHP method, we calculate EI as following Eq. (27):

(26)

temperature as it’s a plan area and has high socio-economic activities
including large number of industries and cultivation as well as affected
by terrain and high solar radiation. Therefore in the study area tem-
perature gradually increased from northwest to south and east direction.
In Russian climate context little bit high temperature from 20 °C to 40 °C
is the most suitable temperature for species survival and vegetation
richness.

4.1.3. Evapotranspiration (ET)

ET distribution was largely variate from 1 to 178 mm in the study
area (Fig. 3). A higher evaporation was present in higher elevation,
forest area and along the river and water bodies. It’s especially located
from center west to east direction. The average evaporation was around
90 mm and presents almost in all parts of the study areas in patches
format except the southeast region. The lowest ET was present in the
southwest and some patches in the north and other parts of the study
region. Generally a very high evapotranspiration is not suitable for
vegetation or stable ecology because it increases water stress condition
in plants. But in Russian climate context due to extreme coldness, it
creates favorable conditions for vegetation and ecology in a specific

EI = 0.35(GEMI) + 0.31(ER + LST) + 0.30(SAVI + NDMI) + 0.25(NDVI + LAI + FVC) + 0.22(LULC) + 0.17(Road + Railway + LI) 4 0.15(NDWT)

+0.10(TRI 4+ DEM)

4. Results and discussion

The results represent constrictive analysis of Eco-environmental
quality assessment (EEQ) under pressure-state-response (PSR)
approach as well as changes and comparison in between RSEI and EI
from 2010, 2015 and 2020 in the study area. The specific results were
following:

4.1. Indicators characteristics

4.1.1. Elevation

The DEM topographic map shows variations of heights from 21 m to
364 m with 100 m average height in the study area (Fig. 3). The peak
elevation was mainly located in Zhiguli Mountain area northwest center
part of the study area. The lowest altitude was located at Volga and
Samara rivers bank. Low altitude presents the upper, middle and south
part of the study area from east to west direction. Normally high altitude
shows more stable ecological conditions due to low socio-economic
activities or low human pressure and activities. Therefore the west
central part of the study area was the most suitable part for a stable
environment and suitable ecology.

4.1.2. Temperature

The Samara region has very extreme cold winter weather and a very
hot summer season. The average summer season temperature was
variate from O to 45 °C (Fig. 3). The lower temperature mainly distrib-
utes to the northwest part of the study region, which was mainly covered
by forest and plantation. South part of the study area shows high

27)

range as it makes a balanced moisture situation in the ecosystem.

4.1.4. Light index

Light index is the symbol of prosperity as well as indicating human
activities with population density. City of Samara shows the highest
light index and it gradually reduces from city center to outward. Some
small towns and villages also show higher light index, which were
within 150 km distance from the Samara city. In a general trend light
index reduces with distance from any types of settlements (Fig. 3).
Therefore higher socio-economic activities and rapid development is
associated with higher light index and poor ecological condition. As
higher human-socio-economic activities or higher human pressure are
negative effects on a stable environment.

4.1.5. Rail and road network

The Samara region shows a very densely road network, as well as
higher rail network and was centralized to the Samara city direction due
to the state capital city in the region (Fig. 3). The density of road and rail
network is directly related to higher population density, high human
activities, and high socio-economic activities because higher road and
rail network provide frequent transportation or convenient facilities for
humans. But this higher transportation and socio-economic activities
put a negative impact on the stability of ecology.

4.1.6. Land use/cover

Different earth surface objects NDVI curves show a certain change
rule based on their phenological characteristics. In Russia November to
march months, all ground covered by snow/ice. Thus in winter weather
NDVI curves were close to 0 and in summer weather in between 0.1
andto 0.6 with peak value in July month (Fig. 4). Forest area shows
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Fig. 4. NDVI time-series for different land cover features.

Table 6

Accuracy assessment based on land cover field data.
Accuracy 2010 2015 2020
User accuracy 86.5 87.2 92.4
Producer accuracy 87.3 91.6 93.2
Overall accuracy 85.8 90.2 91.7
Kappa coefficient 85.1 89.2 91.1

highest NDVI value, than agriculture, followed by mangroves and
wetland. In April when snow/ice starts to melt mangroves show im-
mediate reflection with growing and later on forest area but agriculture
takes time for its first growth. This agriculture NDVI curve also repre-
sents Russian crop calendar phenology. Wetland shows negative value in
April due to high water content and later positive value due to green-
ness. Settlements show low values of NDVI due to some plantation and
grass and in the last water body have 0 to negative values (Fig. 4).

LULC 2010
N Agriculture
I Forest

[ Mangroves
Il Settlements
I water

I Wetland

For accuracy assessment, two times fieldwork was done in summer
2017 and 2020, also taking help from ancillary data and maps. Some
parts of the study area were inaccessible, such as the top of the moun-
tains and valleys, so google earth images were very useful to identify
features during accuracy assessment. In the field-work 50 random
sample plots were selected for accuracy assessment. Normally 60%
sample plots for each land cover class were used. Forest and agriculture
classes were highly accurately classified; also in visual interpretation
water class was identified very easily. But still, some pixels were mis-
classified such as rice crops miss classifying in-between wetland and
agriculture classes due to moisture content. Some cloud cover areas
were misclassified in the settlement area due to its cloudy white tone.
The overall accuracy of the work was more than 86% with above 0.85
kappa coefficient (Table 6).

All three years land cover maps shown in Fig. 5. Agriculture, forest,
mangroves, and wetland were the most important ecosystems in the
study area. Central west part covered by forest and demarks with Volga

LULC 2015 LULC 2020
N Agriculture N Agriculture
I Forest B Forest

" Mangroves
Settlements
Water
Wetland

[ Mangroves

Fig. 5. Land use/cover map of the study area for the year of 2010, 2015 and 2020.

Table 7
Land use/cover classes area with changes from 2010 to 2020.

LULC 2010 2015 2020 Changes 2010 to 2020
Area km? Ratio % Area km? Ratio % Area km? Ratio % Area km? Ratio %

Agriculture 10679.36 72.04 9710.85 65.50 9513.79 64.18 —1165.58 —7.86
Forest 703.96 4.75 732.33 4.94 1299.53 8.77 589.57 3.97
Mangroves 736.27 4.97 711.90 4.80 842.84 5.69 106.57 0.71
Settlements 1457 9.83 1462.32 9.86 1668.37 11.25 211.37 1.42
Water 182.54 1.23 189.02 1.28 200.32 1.35 17.78 0.11
Wetland 1065.55 7.19 218.20 13.61 1299.89 8.37 234.34 1.58
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Fig. 6. Pressure indicator and its change map for the year of 2010, 2015 and 2020.

River, which was also associated with wetland. Samara and regional by agricultural land (Fig. 5).
rivers pass from east to west direct in the medial of the study area and Agriculture was the biggest class in the study area and covers around
cover mangroves area. Central part covered Samara city and neigh- 65% areas but from 2010 to 2020, it’s reduced to —7.86% (Table 7).
boring small towns and villages. Water bodies were found all over the Forest and mangroves covered around 5% (700 km?) area and during
study area in patches and the rest whole part of the study area covered this decade both were increased 3.97% and 0.71% respectively. The
Table 8
Pressure indicators statistics in different stages with changes from 2010 to 2020.
PI 2010 2015 2020 Changes 2010 to 2020
Areakm?  Ratio%  Areakm?  Ratio%  Areakm®?  Ratio%  Area km? Ratio %  Class Areakm?  Ratio %
Bellow standard (0.0-0.2) 5814.81 40.97 3839.34 26.38 3077.42 21.21 -2737.39  -19.76  Degraded 3848.26 27.53
Low pressure (0.2-0.4) 3875.75 27.31 5549.99 38.14 5964.25 41.11 2088.5 13.80 Unchanged  3962.98 28.35
Moderate pressure (0.4-0.6) 1994.78 14.05 2677.41 18.40 3195.06 22.02 1200.28 7.97 Upgraded 6169.66 44.13
High pressure (0.6-0.8) 1583.91 11.16 1832.37 12.59 1647.85 11.36 63.94 0.20
Extreme pressure (0.8-1.0) 923.62 6.51 653.83 4.49 624.06 4.30 —299.56 -2.21
Max. 0.678 0.664 0.614
Min 0.216 0.235 0.244
Mean 0.368 0.414 0.39
SD 0.056 0.051 0.036

10
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forest class increment showed the special governmental protection in
the study area. Settlements covered around 1500 km? and continuously
increased; the net change was 211.37 km? (1.42%). It’s shown that the
agriculture area was encroached by settlements during 2010-2020
(Table 7). In the first half wetland class was increased with very high
speed almost 7% and in the next half from 2015 to 2020 reduced around
5% but overall from 2010 to 2020, it was increased 234.34 km? (1.58%),
which represents wetland ecosystem preservation. Water class was
almost stable around 10% of the study area (Table 7).

It observed that the urban ecosystem expanded on the agriculture
ecosystem by industrial and residential construction. This high speed
development puts a negative impact on stable ecosystems and influences
environmental change. The natural ecosystem (forest and wetland) have
been improved continuously, which provide a favorable condition to
ecology. Over all in this decade the total negative effect (Agriculture
—7.86% & Settlements 1.42%) was higher than total positive response
(forest 3.97%, mangroves 0.71%, water 0.11%, wetland 1.58%) from
2010 to 2020. Therefore it’s an alarming situation to start an unstable
ecosystem.

4.2. General assessment of PSR

4.2.1. Pressure indicator

Pressure indicator was developed from 12 indicators/thematic layers
(section 3.2.1) with given equal weight to all layers and get resulted PI
map (Fig. 6).

Pressure indicator map showed that high socio-economic activities,

NDVI 2020

NDVI Change
2010 to 2020
wow High:1
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development areas associated with extreme pressure such as cities, small
towns and villages and far from these locations, pressure reduced
gradually. Thus the center of the study area, which covered Samara city,
close towns and neighboring villages within 150 km from the capital city
showed extreme pressure. Below standard pressure area was continu-
ously reduced and existing only on the water body or close to them
(Fig. 6). Low and moderate pressure areas randomly increased and
mainly distributed in forest and agriculture areas, while high pressure
slightly increased in 2015 and later on miner reduced so not variate too
much and existing close to settlements area. Extreme pressure areas also
show the same behavior of below standard pressure and shrink contin-
uously in all three years and in 2020, it was existent only in Samara City,
nearing towns and in some small patches in some villages. This showed
governmental protection and awareness to stabilize, preserve and pro-
tect of the ecosystem in the study area (Fig. 6).

PI maps shown that the maximum study area around 85% comes
under the below standard to moderate pressure in all three years with
moving from 0.0 to 0.6 pressure class (Table 8). High and extreme
pressure covered around 15% with small variation in all three years. In
comparing from 2010 to 2020 bellow standard and extreme pressure
areas reduced —19.76% (—2737.39km?) and —2.21% (233.56 km?)
respectively (Table 8). The maximum change has occurred in the low
pressure area, which increased 13.80%, during this decade the moderate
pressure area has also increased 7.97%, while the high pressure area has
negligible changes 0.20%. Over all in this decade 27.53% study area was
degraded, while 28.35% area was unchanged but still 44.13% area was
upgraded (Fig. 6).

FC 2020

FVC Change
2010 to 2020

LAI Change
2010 to 2020
wem High : 1

Fig. 7. NDVI, FVC and LAI map for the year of 2020 and their change map from 2010 to 2020.
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Fig. 9. Response indicator and its change map for the year of 2010, 2015 and 2020.
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Table 9
Response indicators statistics in different stages with changes from 2010 to 2020.

Remote Sensing Applications: Society and Environment 23 (2021) 100530

RI 2010 2015 2020 Changes 2010 to 2020

Area km? Ratio % Area km? Ratio % Area km? Ratio % Area km? Ratio % Class Area km? Ratio %
Bellow standard (0.0-0.2) 1103.86 7.81 999.95 6.92 2170.21 15.02 1066.35 7.21 Degraded 5095.29 32.59
Low response (0.2-0.4) 4499.00 31.83 3772.45 26.12 5103.44 35.33 604.44 3.50 Unchanged 4262.15 30.70
Moderate response (0.4-0.6) 5726.38 40.52 4879.82 33.78 2420.48 16.76 —3305.9 —23.76 Upgraded 4523.61 36.71
High response (0.6-0.8) 1505.66 10.65 3007.73 20.82 2796.34 19.36 1290.68 8.71
Excellent response (0.8-1.0) 1297.90 9.18 1784.37 12.35 1955.13 13.53 657.23 4.35
Max. 0.405 0.495 0.578
Min —0.528 —0.516 —0.353
Mean 0.034 0.041 0.06
Std. 0.113 0.155 0.138

The maximum PI values gradually reduced (0.67, 0.66 & 0.61) which
indicates that high pressure slightly reduced (Table 8). The minimum PI
values continuously increased (0.21, 0.23, and 0.24) from 2010 to 2020,
which represents that in low pressure areas, pressure were increased
year by year, which means maximum changes comes in average pres-
sure. While mean values increased randomly in first half and then
slightly reduced in second half, which showed that maximum changes
comes in medium level pressure but its high from 2010 to 2015 and in
second half from 2015 to 2020, it was little bit less (Table 8).

4.2.2. State indictor

State indicator generated from NDVI, FVC and LAI and then derived
changes from 2010 to 2020 as shown in Fig. 7. As Samara has a humid
continental climate with extreme cold and heavy snowfall and hot
summer, therefore during summer total vegetation was good to excellent
condition with above 0.7 NDVI values. Northwest part and in the di-
rection of east along to local rivers in the center of the study area covers
forest so have higher NDVI values in comparison to south part, as it has
agriculture land (Fig. 7). FVC and LAI also showed the same pattern of
NDVI as both are indicators of healthy vegetation. Comparing all three
years based on vegetation indexes, as it’s also shown in Fig. 7, vegetation
was continuously degraded due to extreme cold weather, high socio-
economic activities and increased human pressure. From 2010 to 2015
NDVI values reduced little bit but in 2020, it was reduced dramatically
even west central part forest area was converted dense to open forest.

If comparing NDVI, FVC, LAI changes from 2010 to 2020. FVC has
less changed in comparison of NDVI and these changes were basically in
the south part of the study area (Fig. 7). LAI has very highly changed
except in the west central part of the forest area and along the rivers
from 2010 to 2020.

The resulting state indicator map shows in Fig. 8 and it showed the
combined effect of all vegetation indexes. In 2010 a low SI index was
presented and it was distributed in the south part of the study area, while
in 2015, it was higher than 2010. Comparing 2010 and 2015 maximum
stability were in plan or agriculture land and low SI index in mountain
forest areas. Later on in 2020 forest and north part of the study area
showed higher SI index and south and east part showed low SI index
which represent governmental protection in the natural resources and
agriculture sector (Fig. 8). The 2020 SI map was just opposite of 2010,
which showed high human pressure in the city and agricultural land due
to market demand of production to compete with the demand of food.
Therefore recent year’s low SI index area needs to be more attention.
The red color with higher SI values of the map in Fig. 8 showed a good
ecological condition while green color with lower SI values indicates an
unstable ecological situation.

4.2.3. Response indicator

Fig. 9 and Table 9 showed response indicator distribution in all three
years and its changes from 2010 to 2020. High response indicators
represent weaker, unhealthy and unstable ecological conditions under
high human pressure and vice versa. Higher RI values indicate higher
natural/human pressure/higher socioeconomic activities like urban
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expanses, industrial development, farming activities, which invite
disturbance in ecosystems. Low RI values indicate low human interfer-
ence in the ecosystem, like forest and water ecosystems and far from city
center to outwards. Based on Fig. 9 RI maps show continuous upgra-
dation of ecological condition as darkness of blue color tone reduced
year by year. South part shows better ecological conditions in compar-
ison of the northwest part of the study area. It means the agriculture or
cultivation sector showed a lower RI index than forest area and some
sites of socio-economic activities. But every year human pressure was
reduced or in natural resources human interference was slowly reduced,
thus RI values decreased and with that ecological stability was increased
(Fig. 9). Generally change in lower RI value means disturbance in the
ecosystem by intense human activities otherwise the ecosystem can
convert in better condition with more natural resources.

RI change maps showed no changes in high RI zones or in natural
forest resources from 2010 to 2020 (Fig. 9). The central part of the study
area showed degradation in this decade. The south, northeast and west
wetland area showed upgradation in this decade, which represents
governmental protection and local people awareness about the envi-
ronment for its preservation and protection.

The below standard RI class was almost stable from 2010 to 2015 but
then increased 7.21% in 2020, which indicates upgradation of ecolog-
ical condition, stable ecosystem or less environmental changes (Table 9).
Low response class was first reduced from 31.83% to 26.12% and later
on increased and reached 35.33% area with net change of 3.50% area
from 2010 to 2020. The biggest change occurred in moderate response
class, which continuously reduced and total change was —3305.9 km?
(—23.76%). This reduction was shifted into below standard response
class which means upgradation of ecology and second shift in high
response class which means degradation of the ecological condition.
This shift show that government was not protecting equally the whole
study area as well as local people’s awareness about ecology was not the
same in the whole study area. High response and excellent response
classes increased gradually from 2010 to 2020 as 8.71% and 4.35%
respectively; therefore some specific locations were more concerned
about the poor ecology in place of the whole study area. The total
degradation of the study area was 32.59% (5095.29km?) and total
upgradation was 36.71% (4523.61 km?), while 30.70% (4262.15km?)
area was unchanged from 2010 to 2020 (Table 9) thus overall around
4% net study area was going in worst situation. Based on these RI maps
suitable policies must be implemented in these areas to make a favorable
ecosystem, otherwise it will go in the worst situation.

As maximum values of RI (0.40, 0.49 & 0.57) continuously increased
from 2010 to 2020, means high unstable ecological area was shifted in
higher worst situation, and minimum RI values (—0.52, —0.51 & —0.35)
also increased means high stable ecological condition area also shifted in
unstable ecology or in worst situation (Table 9). While in all three years
mean values increased (0.03, 0.04 & 0.06) which indicate that
maximum changes come in average response areas and its quality
gradually decreased (Table 9).

The response indicator under PSR framework developed by RS/GIS
indicators is an important parameter to identify changes in ecology. It’s
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Table 10
Statistics of used factors from 2010 to 2020.
2010 2015 2020
NDBSI NDVI LST LSM RSEI NDBSI NDVI LST LSM RSEI NDBSI NDVI LST LSM RSEI
Max. 1 1 66.93 0.455 1.09 1 1 49.97 0.807 1.03 1 1 39.6 0.403 0.96
Min. -1 -1 17.02 —-0.307 0.03 -1 -1 1.78 —0.638 0.16 -1 -1 4.32 —0.675 0.03
Mean —0.014 0.3 37.04 —0.605 0.79 —3.58 0.29 35.3 —0.287 0.98 -1.79 0.0888 15.19 -0.227 0.82
S.D. 0.12 0.2 6.01 0.203 0.12 0.007 0.14 6.32 0.266 0.11 0.005 0.0561 1.58 0.900 0.1
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Fig. 10. RSEI maps for the year of 2010, 2015 and 2020.
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Fig. 11. The area change in each RSEI level for the year of 2010, 2015 and 2020.
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Fig. 12. Changes in RSEI between 2010 andto 2015 and then 2015 to 2020.
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Fig. 13. EI maps for the year of 2010, 2015 and 2020, (A) stretch map of EI, (B) five levels of EL
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not only provide ecological condition information but can also use for
non-governmental organizations (NGOs) or governmental decision
making and policies for sustainable development. Indirectly, response
indicator provides an areas growth or decay, economically or socially
and helps to identify total evolution and changes in the region.

4.3. RSEI and EI

We calculate RSEI and EI as mentioned in the section 3.3 and 3.4
respectively.

4.3.1. RSEI

A high RSEI value represents a good ecological condition. Table 10
showed RSEI increased from 0.79 to 0.98 from 2010 to 2015, which
indicates a better ecological situation. But in the second half from 2015
to 2020, it was reduced from 0.98 to 0.82, which indicates that
ecological condition reduced or in a worse situation. If compared from
2010 to 2020, overall it was in a better situation as it shows RSEI
increasing from 0.79 to 082. The variations in minimum value (0.03,
0.16 & 0.03) of RSEI have similar characteristics of mean value (0.79,
0.98 & 0.82) but in maximum values (1.09, 1.03 & 0.96), its continu-
ously decreased, which indicate that high-quality RSEI condition was
continuously reduced and low-quality RSEI condition was better in the
first half and in the second half, it was reduced and reached, its earlier
stage. It indicates that maximum variation was exist in the medial type
of RSEI values, which show that favorable conditions (moderate to high
temperature, moderate to low moisture, higher vegetation) of all factors
have been recovered in the study period.

The spatial distribution of RSEI shows that the poor to moderate level
of RSEI distributed in the Samara city and surrounding area with
extension in drainage format to northeast direction (Fig. 10). Where
vegetation and temperature were very low and moisture was very high.
It’s also indicating extremely unfavorable Russian cold weather. While
in the medial part of the study area, where temperature and moisture
were in moderate condition, it showed a high good level of RSEL In the
south part of the study area as well as some patches, where the tem-
perature was increased from moderate to high and moisture was
reduced from moderate to low, showed excellent RSEI condition
(Fig. 10). As the maximum study area was covered by snow so when the
temperature has been increasing, snow/ice starts to melt as well as
moisture has started to decrease and this was the also most favorable
condition for vegetation, therefore this situation represents the best RSEI
situation in the region.

Fig. 11 indicates that from 2010 to 2015 fair and moderate RSEI
condition area reduced dramatically and from 2015 to 2020 moderate,
good and excellent classes increased. In this increment in 2020, the poor,
fair and moderate area were not reached till the area covered in 2010
but good and excellent condition showed higher area covered in com-
parison of 2010. The good and excellent condition areas increased
around 12% in this decade (Fig. 11). For the year of 2020 maximum area
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covered by good and excellent conditions, even in comparison to other
two years excellent area was very high in this year, thus RSEI condition
was best in the year of 2020.

Fig. 12 indicates that in this decade from 2010 to 2020 maximum
area (9955.38 km2, 67.16%) RSEI condition was improved and less than
1% area was continuously decreased. The continuously RSEI condition
increasing area was forest and agriculture area. In comparing maps, high
NDVI value was associated with the forest and agriculture area. This also
indicates governmental protection and support in these areas. Generally
vegetation or greenness and moisture content are highly required for a
healthy environment. During this decade approximately 5 present area
was unchanged which were some patches in the agriculture field and
distributed in all around the study area.

The RSEI conditions in agriculture and open field/areas were first
increased from 2010 to 2015 and then decreased from 2015 to 2020
around 1500 km? (10%) area. In city and small town as well as in the
high socio-economic activities areas in first half RSEI was decried but
later on in second half, its increased (26.9.77 kmz, 17.61%) because now
government gives special attention in these sites such as making gardens
and plantations (Fig. 12). Normally changes in vegetation or greenness
due to human-socio-economic activities can relate to built-up area
expansion and LST patterns. Therefore the government should make
laws related to control built-up area sprawl under rapid urbanization to
achieve the goal of sustainability. As the overall continuously decreasing
area was very less which means samara administration trying to main-
tain good ecological conditions in the state with sustainable
development.

4.3.2. EI

A higher EI values represents a favorable and stable ecological con-
dition and vice versa. From 2010 to 2015 El increased from 0.81 to 0.95,
which indicates a better ecological situation. But in the second half from
2015 to 2020, it was reduced from 0.95 to 0.89, which indicates that
ecological condition reduced or in a worse situation. Fig. 13 shows the EI
map of the study area, where dark green color represents good ecolog-
ical condition and dark red shows worst ecological condition (Fig. 13A).
The resulting EI map was very much similar to vegetation maps as high
NDVI value areas show good ecological condition and low NDVI, high
temperature, high human pressure area showed low ecological
condition.

The spatial distribution of EI maps showed that forest area or natural
resources have excellent EI condition and its neighboring area showed
excellent to moderate EI condition. Some cultivation and industrial
areas showed fair to poor ecological conditions. South part of the study
area was showed fair and poor ecology, where the north part shows
moderate to excellent ecological condition. Center part of the study area
and samara city comes under good to moderate ecological conditions
which represent a mixed situation of governmental protection and
awareness of the location population for ecology (Fig. 13B).

Fig. 14 indicates that from 2010 to 2020 good and excellent
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Fig. 14. The area change in each EI level for the year of 2010, 2015 and 2020.
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Table 11
Response indicators statistics in different stages with changes from 2010 to
2020.

RSEIL EI

2010 2015 2020 2010 2015 2020
Maximum 1 1.003 1 0.999 1 0.999
Minimum 0 0.002 0.001 0 0 0
Mean 0.325 0.43 0.331 0.334 0.43 0.434
S.D. 0.095 0.103 0.044 0.138 0.143 0.154

ecological conditions gradually increased from 12.90% to 24.94% and
5.87%-12.90% respectively, while poor EI class continuously reduced
from 32.41% to 18.77% from 2010 to 2020. The fair class first reduced
and then increased but not reached till earlier years and moderate EI
class first increased (17.82-25.04%) and then decreased in 2020 at
18.66%. In 2010 maximum area was covered by poor EI class, then fair,
moderate, good and in last excellent class but in 2020, all classes have
very much similar areas or with little bit difference (Fig. 14).

Fig. 15 indicates that in this decade maximum area (4614.96 kmz,
31.84%) was improved and 11.88% (1721.62 km?) degraded, while
10.68% (1547.68 kmz) was unchanged from 2010 to 2020. The un-
changed area was the lowest in all classes. The second highest class area
was “first increase then decrease” class around 28.31%. The first
decreased and then increased class area was 17.29% (25.0.47 km?). The
continuously increased area was distributed in forest and natural re-
sources areas and continuously decreased area patches in all over the
study area, while maximum unchanged area was distributed in the
central part of the study area. First increased then decreased present in
south and top north part, while first decreased then increased present in
center part of the study area. The EI condition in agriculture and open
field/areas were first increased from 2010 to 2015 and then decreased
from 2015 to 2020 around 28.31% (4104.11 kmz). Some patches close
to city and small towns/villages were first decreased and then increased
as they were industrials sites and government have specially attention
on them (17.29%), while maximum part of samara city and central part
was unchanged.

4.3.3. Comparison of RSEI and EI
Based on the above mentioned 15 parameters this research work has
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figure out RSEI and EI and their changes for the year of 2010, 2015 and
2020. For the calculation of EI, AHP method was used to assign a weight
to a thematic layer. For better comparison between RSEI and EI both
results were standardized from O to 1 range. Results showed that RSEL
and EI values are very much similar for all three years. If compare mean
values of both indexes, it’s similar or EI indexes values were little bit
high, especially for the year of 2020 (Table 11). Here higher values
represent more favorable ecological conditions. This concluded that EI
shows better representation of the ecological conditions than RSEI.

Table 11 showed EI values increased 0.334 to 0.434 from 2010 to
2020, means better ecological conditions. In comparison from the first
half (2010-2015) and second half (2015-2020), the ecological condi-
tion was really improved in the first half from 0.34 to 0.43 and in the
second half, it was negligibly improved from 0.430 to 0.434 (Table 11).
There were minor variations in high values in both EI and RSEI with
similar patterns, which showed in high value ecological condition was
improved in the first half but in the second half it was reduced till earlier
year (2010) stage. Same pattern was shown for minimum values in RSEI
but in EI it was stable in all three years. Its indicate that high values little
bit reduced and convert into low quality values so overall it indicates
that maximum variation was present in the medial type of EI and RSEIL
values, which showed that favorable condition (moderate to high tem-
perature, moderate to low moisture, higher vegetation and low dryness)
of all factors have been recovered in the study period.

Normally RSEI and EI have similarity because all four RSEI param-
eters (Greenness, wetness, dryness and temperature) were already
included in the EI index. As RSEI greenness was represented in EI by
NDVI, FVC and LAL RSEI wetness was represented in EI by soil moisture
(SAVI & NDMI) water content (NDWI). While RSEI dryness was defined
in EI by LULC and artificial features and in last temperature was shown
by LST. Thus EI has better results than RSEI as it used more environ-
mental and natural parameters, which already included in RSEI four
parameters.

In addition, the difference between EI and RSEI was that RSEI cannot
evaluate properly in EEQ due to only four specific indicators. As RSEI
results were based on PCA, it’s indicated that temperature was the most
dominant parameter, than NDVI, dryness and in last moisture content.
Therefore RSEI maps were more representative of temperature content
but EI maps were representing all 15 parameters.
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4.4. General assessment of EEQ

This research work develops a RS based framework and constructs EI
and RSEI to compare and monitor EEQ in the Samara Region, Russia. As
EI more accurately represents the actual ecological condition in the
study area due to more input indicators so for ecological environmental
quality assessment EI maps were used in this study. The remote sensing
and GIS technology is the most suitable tool to study EEQ due to multi-
spectral, spatial and temporal resolution, working in all-weather con-
dition, even at inaccessible locations, very quickly and cheaper with less
manpower and efforts and providing real time information. Therefore
based on time series remote sensing satellite data, this research work
conducted in Samara region Russia for ecological sustainable develop-
ment. As this work was done under PSR framework, where derive 15
indicators related to ecology and construct pressure indicator to identify
actual human and socio-economic pressure, state indicator to balance
the pressure and in last response indicator, which allow a quick and
quantitative ecological environmental quality (EEQ) assessment. In EEQ
assessment land use/cover change, natural and human pressure, natural
environmental state and ecosystem health for EEQ response were used.
Results showed that from 2010 to 2020, the population was increased
and for this increased population; society required more housing facil-
ities as well as food and other productions. Therefore the agriculture
area was encroached for settlements and industries to compete this
increased market demand, this encroachment also increased socio-
economic activities, ultimately increasing socio-human pressure in the
area and this pressure was not equally distributed in the study area. This
intensive land exploration and high frequent human pressure have been
the main cause of disturbance in the surrounding ecosystem. Thus in the
study of EEQ, human-socio-economic activities must be analyzed. Dur-
ing this decade in 2010 pressure indicators were distributed in almost
the maximum part of the study area but in 2020, it was centralized in the
city area and only in big towns, which indicated good governmental
policies for stable ecology and sustainable development.

In EEQ analysis state index was very important because SI neutral-
ized the pressure. Therefore forest and natural vegetation play a major
role in reducing environmental degradation and to make a stable
ecological condition in the study area. During this decade forest, man-
groves and wetland areas were increased to protect the ecology.
Resulted maps also showed shifting of SI index from non-vegetation area
to natural vegetation area from 2010 to 2020 to give more stability to
regional ecology.

Under PSR framework response indicator easily identify any change
in any ecosystem under different types of pressure. Thus an effective
factor was developed in this research work with the help of RS/GIS to
mapping, monitoring and management of ecological issue from regional
to global level.

As this research work was done for the year of 2010, 2015 and 2020,
so we identify the changes only these specific years. Therefore, to
identify exact changing point or change tendency and main influence
parameters, next time will study continuous years’ time-series databases
even monthly basis study for key change identification.

During this EEQ analysis, tried to calculate maximum possible pa-
rameters, which were relevant to topographic features, complex climate
and natural conditions and main focus was given to the vegetation
ecosystem as reducing pressure index and protecting ecology. We
noticed that during the ecological monitoring period, the vegetation
ecosystem was improved. Surrounding the samara city and central part
of the study area, where the land exploration was relatively high due to
specific human-socio-economic activities such as cultivation activities,
urban development, therefore in this part of study area human pressure
was increased and its bad effect on surrounding vegetation ecosystems
health and natural environment. Therefore these areas show high
human pressure, bad ecological condition and a higher response should
draw more attention and regular ecological monitoring for its protec-
tion. In EEQ assessment, also identify specific locations, which were
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covered by governmental protection to protect ecology have less effect
from human pressure than unprotected areas. Therefore need to make
special policies for healthy and stable ecology and implement them
properly in required areas. Thus the development of all factors in this
research work are important for NGOs and governmental decision and
policy making and support to sustainable development as all factors/
parameter/indictors have broad aspects.

5. Conclusions

Based on remote sensing and GIS technology, this research work
innovatively developed ecological indicators and constructs RSEI and EI
under PSR framework further expanded spatio-temporal analysis of EEQ
in the samara region, Russia and identify following key information: (1)
RSEI and EI have very strong similarity but EI show better ecological
condition than RSEI due to more used indicators, (2) The greenness and
wetness showed positive response for healthy ecology, while dryness
and heat/temperature have negative impact and vice versa, (3) Changes
in mean values of EI reflect the EEQ patterns, (4) High human-socio-
economic effect especially in urban and settlements areas put negative
impact on ecological health, (5) Any positive response from natural
resources such as crop growth, healthy and dense forest and less urban
areas were the main pathway to improve EEQ. Overall EEQ assessment
is critical to regional environment protection and sustainable develop-
ment, as a new research topic, combining traditional ecology principals
with remote sensing, GIS technology, landscape ecology and ecosystem
service evaluation; it would have great sustainable development.

Author statement

M.S.B. & K.C.: Conceptualization; M.S.B.: Data curation; Formal
analysis; Investigation; Methodology; Software; Visualization; Writing -
original draft; A.K.: Project administration; Re-sources; Supervision;
Funding acquisition; M.S.B.; K.C. & R.P.: Writing - review & editing.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

The research was supported by the Ministry of Science and Higher
Education of the Russian Federation (Grant # 0777-2020-0017) and,
was partially funded by RFBR, project number # 20-51-05008.

References

Abson David, J., Andrew, J. Dougill, Stringer, Lindsay C., 2012. Using principal
component analysis for information-rich socio-ecological vulnerability mapping in
southern africa. Appl. Geogr. 35 (1-2), 515-524.

Baret, F., et al., 2007. LAI, fAPAR and fCover CYCLOPES global products derived from
VEGETATION part 1: principles of the algorithm. Remote Sens. Environ. 110 (3),
275-286, 2007.

Boori, M.S., Choudhary, K., Kupriyanov, A., Kovelskiy, V., 2015. Four decades urban
growth and land use change in Samara Russia through remote sensing and GIS
techniques. SPIE Remote Sens. Image Format. 9817, 1-7. https://doi.org/10.1117/
12.2227992.

Boori, M.S., Choudhary, K., Evers, M., Paringer, R., 2017. A review of food security and
flood risk dynamics in Central Dry Zone area of Myanmar. Procedia Eng. 201,
231-238. https://doi.org/10.1016/j.proeng.2017.09.600.

Boori, M.S., Paringer, R., Choudhary, K., Kupriyanov, A., 2018. Comparison of
hyperspectral and multi-spectral imagery to build a spectral library and land cover
classification performances. J. Comput. Optics 42 (6), 1035-1045. https://doi.org/
10.18287/2412-6179-2018-42-6-1035-1045.

Carlson, T.N., Ripley, D.A., 1997. On the relation between NDVI, fractional vegetation
cover, and leaf area index. Remote Sens. Environ. 62, 241-252.

Choudhary, K., Shi, W., Boori, M.S., Corgne, S., 2019. Agriculture phenology monitoring
using NDVI time series based on Remote Sensing Satellites: a case study of


http://refhub.elsevier.com/S2352-9385(21)00066-5/sref1
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref1
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref1
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref2
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref2
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref2
https://doi.org/10.1117/12.2227992
https://doi.org/10.1117/12.2227992
https://doi.org/10.1016/j.proeng.2017.09.600
https://doi.org/10.18287/2412-6179-2018-42-6-1035-1045
https://doi.org/10.18287/2412-6179-2018-42-6-1035-1045
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref6
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref6

M.S. Boori et al.

Guangdong, China. J. Opt. Memory Neur. Netw. 28 (3), 204-214. https://doi.org/
10.3103/51060992X19030093, 2019.

Coutts, A.M., Harris, R.J., Phan, T., Livesley, S.J., Williams, N.S.G., Tapper, N.J., 2016.
Thermal infrared remote sensing of urban heat: hotspots, vegetation and an
assessment of techniques for use in urban planning. Rem. Sens. Environ. 186,
637-651.

Dutta, Baishali, Grant, Brian B., Congreves, Katelyn A., Smith, Ward N., Wagner-
Riddle, Claudia, VanderZaag, Andrew C., Tenuta, Mario, Desjardins, Raymond L.,
2018. Characterising effects of management practices, snow cover, and soil texture
on soil temperature: model development in DNDC. Biosyst. Eng. 168 (2018), 54-72.

Essa, W., Verbeiren, B., Van der Kwast, J., Van de Voorde, T., Batelaan, O., 2012.
Evaluation of the DisTrad thermal sharping methodology for urban areas. Int. J.
Appl. Earth Obs. Geoinf. 19, 163-172.

Estoque, R.C., Murayama, Y., Myint, S.W., 2017. Effects of landscape composition and
pattern on land surface temperature: an urban heat island study in the megacities of
Southeast Asia. Sci. Total Environ. 577, 349-359.

Fu, Y, Ly, X, Zhao, Y., Zeng, X., Xia, L., 2013. Assessment impacts of weather and land
use/land cover (LULC) change on urban vegetation net primary productivity (NPP):
a case study in guangzhou. China. Rem. Sens. 2013 (5), 4125-4144.

Fulton Elizabeth, A., 2010. Approaches to end-to-end ecosystem models. J. Mar. Syst. 81
(1-2), 171-183.

Gao, Zhiqiang, Gao, Wei, Chang, Ni-Bin, 2011. Integrating temperature vegetation
dryness index (TVDI) and regional water stress index (RWSI) for drought assessment
with the aid of LANDSAT TM/ETM+ images. Int. J. Appl. Earth Obs. Geoinf. 13 (3),
495-503.

Gao, L., Ma, C., Wang, Q., Zhou, A., 2019. Sustainable use zoning of land resources
considering ecological and geological problems in Pearl River Delta Economic Zone,
China. Sci. Rep. 9, 16052.

Hu, X., Xu, H., 2019. A new remote sensing index based on the pressure-state-response
framework to assess regional ecological change. Environ. Sci. Pollut. Res. 26,
5381-5393.

Huang, C., Yang, Wylie L., Homer, Collin, Zylstra, G., 2002. Derivation of a Tasselled Cap
Transformation Based on Landsat 7 At-Satellite Reflectance. USGS Staff - Published
Research, p. 621.

Huang, H., Kuo, J., Lo, S., 2011. Review of PSR framework and development of a DPSIR
model to assess greenhouse effect in Taiwan. Environ. Monit. Assess. 177 (2011),
623-635. https://doi.org/10.1007/s10661-010-1661-7.

Kappas, M.W., Propastin, P.A., 2012. Review of available products of leaf area index and
their suitability over the formerly soviet central asia. J. Sens. 2012, 11. Article ID
582159.

Le Dang, Hoa, Li, Elton, Nuberg, Ian, Bruwer, Johan, 2018. Vulnerability to climate
change and the variations in factors affecting farmers’ adaptation: a multi-group
structural equation modelling study. Clim. Dev. 10 (6), 509-519.

Lee, Mengshan, Keller, Arturo A., Chiang, Pen-Chi, Walter, Den, Wang, Hongtao,

Hou, Chia-Hung, Wu, Jiang, Wang, Xin, Yan, Jinyue, 2017. Water-energy nexus for
urban water systems: a comparative review on energy intensity and environmental
impacts in relation to global water risks. Appl. Energy 205 (2017), 589-601.

Leemhuis, C., Thonfeld, F., Naschen, K., Steinbach, S., Muro, J., Strauch, A., Lopez, A.,
Daconto, G., Games, 1., Diekkriiger, B., 2017. Sustainability in the food-water-
ecosystem nexus: the role of land use and land cover change for water resources and
ecosystems in the kilombero wetland, Tanzania. Sustainability 9, 1513, 2017.

Li, J., Zheng, X., Zhang, C., Chen, Y., 2018. Impact of land-use and land-cover change on
meteorology in the beijing-tianjin-hebei region from 1990 to 2010. Sustainability
10, 176.

Liu, Z.H., Huang, R.G., Hu, Y.M., Fan, S.D., Feng, P.H., 2016. Generating high
spatiotemporal resolution LAI based on MODIS/GF-1 data and combined Kriging-
Cressman interpolation. Int. J. Agric. Biol. Eng. 9 (5), 120-131.

Meng, Yuanyuan, Liu, Xiangnan, Wu, Ling, Liu, Meiling, Zhang, Biyao, Zhao, Shuang,
2019. Spatio-temporal variation indicators for landscape structure dynamics
monitoring using dense normalized difference vegetation index time series. Ecol.
Indicat. 107 (2019), 105607.

Momblanch, Andrea, Connor, Jeffery D., Crossman, Neville D., Paredes-Arquiola, Javier,
Andreu, Joaquin, 2016. Using ecosystem services to represent the environment in
hydro-economic models. J. Hydrol. 538 (2016), 293-303.

19

Remote Sensing Applications: Society and Environment 23 (2021) 100530

Patricio, J., Elliott, M., Mazik, K., Papadopoulou, K.-N., Smith, C.J., 2016. DPSIR—two
decades of trying to develop a unifying framework for marine environmental
management? Front. Mar. Sci. 3, 177.

Schlevogt, K., 2001. Institutional and organizational factors affecting effectiveness:
geoeconomic comparison between shanghai and beijing. Asia Pac. J. Manag. 18,
519-551.

Seddon, A.W.R., Macias-Fauria, M., Long, P.R., Benz, D., Willis, K.J., 2016. Sensitivity of
global terrestrial ecosystem to climate variability. Nature 531 (7593).

Serra Silva, Janilci, Marques da Silva, Richarde, Guimaraes Santos, Celso Augusto, 2018.
Spatiotemporal impact of land use/land cover changes on urban heat islands: a case
study of Paco do Lumiar, Brazil. Build. Environ. 136 (2018), 279-292.

Shan, Wei, Jin, Xiaobin, Ren, Jie, Wang, Yongcai, Xu, Zhigang, Fan, Yeting,

Gu, Zhengming, Hong, Changgiao, Lin, Jinhuang, Zhou, Yinkang, 2019. Ecological
environment quality assessment based on remote sensing data for land
consolidation. J. Clean. Prod. 239 (2019), 118126.

Sobrino, J.A., Jiménez-Munoz, J.C., Paolini, L., 2004. Land surface temperature retrieval
from LANDSAT TM 5. Remote Sens. Environ. 90, 434-440.

Song, Wanjuan, Mu, Xihan, Ruan, Gaiyan, Gao, Zhan, Li, Linyuan, Yan, Guangjian, 2017.
Estimating fractional vegetation cover and the vegetation index of bare soil and
highly dense vegetation with a physically based method. Int. J. Appl. Earth Obs.
Geoinf. 58 (2017), 168-176.

Titova, J., Baltrénaite, E., 2020. Physical and Chemical Properties of Biochar Produced
from Sewage Sludge Compost and Plants Biomass, Fertilized with that Compost,
Important for Soil Improvement. Waste Biomass Valor, 2020.

Tomas, B. Ramos, Sandra, Caeiro, Joao, Joanaz de Melo, 2004. Environmental indicator
frameworks to design and assess environmental monitoring programs. Impact
Assess. Proj. Apprais. 22 (1), 47.

Vidal, Ludovic-Alexandre, Marle, Franck, Bocquet, Jean-Claude, 2011. Using a delphi
process and the analytic hierarchy process (AHP) to evaluate the complexity of
projects. Expert Syst. Appl. 38 (5), 5388-5405.

Wang, Peijuan, Sun, Rui, Zhang, Jiahua, Zhou, Yuyu, Xie, Donghui, Zhu, Qijiang, 2011.
In: Yield estimation of winter wheat in the North China Plain using the remote-
sensing—photosynthesis-yield estimation for crops (RS-P-YEC) model, 32,
pp. 6335-6348, 21.

Wardlow, Brian D., Egbert, Stephen L., 2008. Large-area crop mapping using time-series
MODIS 250 m NDVI data: an assessment for the U.S. Central Great Plains. Rem. Sens.
Environ. 112 (3), 1096-1116.

Wolfslehner, Bernhard, Vacik, Harald, 2008. Evaluating sustainable forest management
strategies with the Analytic Network Process in a Pressure-State-Response
framework. J. Environ. Manag. 88 (1), 1-10.

Wong, Johnny K.W., Li, Heng, 2008. Application of the analytic hierarchy process (AHP)
in multi-criteria analysis of the selection of intelligent building systems. Build.
Environ. 43 (1), 108-125.

Wu, Taixia, Sang, Shan, Wang, Shudong, Yang, Yingying, Li, Mengyao, 2020a. Remote
sensing assessment and spatiotemporal variations analysis of ecological carrying
capacity in the Aral Sea Basin. Sci. Total Environ. 735 (2020), 139562.

Wu, Z., Li, Z., Zeng, H., 2020b. Using remote sensing data to study the coupling
relationship between urbanization and eco-environment change: a case study in the
guangdong-Hong Kong-Macao greater bay area. Sustainability 12, 7875, 2020.

Xinmin, W., Hui, P., Hafeez, M., Aziz, B., Muhammad, A., Muhammad, M., 2020. The
nexus of environmental degradation and technology innovation and adoption: an
experience from dragon. Air Qual. Atmos. Health 13, 1119-1126.

Xu, H.Q., 2008. A new index for delineating built-up land features in satellite imagery.
Int. J. Rem. Sens. 29, 4269-4276.

Xu, H.Q., 2013. A remote sensing urban ecological index and its application. Acta Ecol.
Sin. 33, 7853-7862, 2013.

Yang, Y., Bao, W., Li, Y., Wang, Y., Chen, Z., 2020. Land use transition and its eco-
environmental effects in the beijing-tianjin-hebei urban agglomeration: a
production-living-ecological perspective. Land 9, 285.

Zhao, J., Jin, J., Zhu, J., Xu, J., Hang, Q., Chen, Y., Han, D., 2016. Water resources risk
assessment model based on the subjective and objective combination weighting
methods. Water Resour. Manag. 30 (2016), 3027-3042.


https://doi.org/10.3103/S1060992X19030093
https://doi.org/10.3103/S1060992X19030093
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref8
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref8
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref8
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref8
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref9
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref9
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref9
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref9
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref10
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref10
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref10
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref11
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref11
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref11
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref12
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref12
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref12
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref13
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref13
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref14
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref14
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref14
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref14
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref15
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref15
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref15
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref16
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref16
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref16
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref17
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref17
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref17
https://doi.org/10.1007/s10661-010-1661-7
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref19
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref19
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref19
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref20
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref20
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref20
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref21
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref21
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref21
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref21
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref22
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref22
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref22
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref22
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref23
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref23
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref23
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref24
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref24
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref24
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref25
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref25
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref25
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref25
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref26
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref26
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref26
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref27
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref27
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref27
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref28
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref28
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref28
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref29
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref29
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref30
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref30
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref30
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref31
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref31
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref31
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref31
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref32
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref32
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref33
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref33
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref33
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref33
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref34
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref34
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref34
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref35
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref35
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref35
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref36
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref36
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref36
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref37
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref37
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref37
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref37
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref38
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref38
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref38
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref39
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref39
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref39
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref40
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref40
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref40
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref41
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref41
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref41
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref42
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref42
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref42
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref43
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref43
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref43
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref44
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref44
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref45
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref45
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref46
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref46
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref46
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref47
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref47
http://refhub.elsevier.com/S2352-9385(21)00066-5/sref47

	Eco-environmental quality assessment based on pressure-state-response framework by remote sensing and GIS
	1 Introduction
	2 Materials and data acquisition
	2.1 Study area
	2.2 Data and pre-processing
	2.2.1 Data
	2.2.2 Pre-processing


	3 Method
	3.1 Indicators used
	3.1.1 Wetness
	3.1.2 Greenness
	3.1.3 Dryness
	3.1.4 Temperature
	3.1.5 Leaf area index (LAI)
	3.1.6 Fractional vegetation cover (FVC)
	3.1.7 Elevation
	3.1.8 Terrain roughness index (TRI)
	3.1.9 Evapotranspiration (ET)
	3.1.10 Light index
	3.1.11 Rail and road network
	3.1.12 Land use/cover

	3.2 PSR framework
	3.2.1 Pressure indicator (PI)
	3.2.2 State indicator (SI)
	3.2.3 Response indicator (RI)

	3.3 Calculation of RSEI
	3.4 Calculation of EI

	4 Results and discussion
	4.1 Indicators characteristics
	4.1.1 Elevation
	4.1.2 Temperature
	4.1.3 Evapotranspiration (ET)
	4.1.4 Light index
	4.1.5 Rail and road network
	4.1.6 Land use/cover

	4.2 General assessment of PSR
	4.2.1 Pressure indicator
	4.2.2 State indictor
	4.2.3 Response indicator

	4.3 RSEI and EI
	4.3.1 RSEI
	4.3.2 EI
	4.3.3 Comparison of RSEI and EI

	4.4 General assessment of EEQ

	5 Conclusions
	Author statement
	Declaration of competing interest
	Acknowledgements
	References


