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A B S T R A C T

The ecological quality of arid and semi-arid regions (ASRs) is fragile, and the evaluation of dynamic changes in
the multi-factor, long-time-series ecological quality of these regions can provide a scientific basis for sustainable
regional development. Based on the remote sensing ecological index (RSEI) and its derivative indices dedicated
to monitoring ecological quality in ASRs, this study proposes a new modified RSEI (nmRSEI) suitable for ASRs.
We used the nmRSEI to evaluate the dynamic changes in the ecological quality and analyse the factors driving
these changes in the Aibugai River Basin in the middle of the Inner Mongolian Plateau in the arid core of Asia
from 1986 to 2022. The results led to the following conclusions: (1) the use of the nmRSEI helps solve the
problems related to the original greenness index, i.e. normalised difference vegetation index, which was readily
affected by the soil background in areas with low vegetation coverage; (2) the new dryness index can meet the
evaluation requirements for the surface dryness degree in >98.65% of the study area; (3) the introduced salinity
index showed a significant negative correlation with the nmRSEI; (4) the nmRSEI exhibits a gradual downward
trend (Slope = − 0.00326/10a); and (5) temperature was the main factor controlling the ecological quality
during the research period. The nmRSEI provides a fast and effective new method for regularly monitoring
ecological quality in ASRs. In addition, driving factor analysis can provide theoretical support for ecological
protection in ASRs and the realisation of the United Nations 2030 Sustainable Development Goals.

1. Introduction

Arid and semi-arid regions (ASRs) cover >40% of the land surface
and host nearly 40% of the population worldwide and are also among
the most sensitive areas susceptible to climate change and anthropo-
genic activities (Fan et al., 2021; Huang et al., 2019). Owing to climate
change, ASRs have expanded since the 20th century (Yin et al., 2019). As
a critical part of the global ecosystem, the arid and semi-arid ecosystem
responds to global climate change trends (Chen et al., 2018), affects the
food security of 14.4% of the worldwide population (Huang et al.,
2019), and dominates the annual changes in global carbon sinks (Zhang
et al., 2020). Therefore, in the context of global climate change, fast,
accurate, and scientific monitoring of the changes in ecological quality
in ASRs and understanding their evolutionary patterns are crucial for

advancing the realisation of the United Nations Sustainable Develop-
ment Goals (Zheng et al., 2022).
In recent years, it has been challenging for the ecological quality

evaluation methods based on traditional approaches, such as the
ecological index (EI)-based approach (Ministry of Ecology and Envi-
ronment of the People's Republic of China, 2015), to meet the re-
quirements of practical applications because of difficulties in data
acquisition accompanied with excessive human intervention (Wen et al.,
2022). Owing to the unique advantages of remote-sensing technology,
its application in ecological quality monitoring has gradually increased.
Hitherto, ecological quality evaluation approaches based on remote
sensing can be divided into two main categories, i.e., methods using
single-index evaluation and those based on comprehensive indices (Qin
et al., 2024). The single-index method primarily employs indicators,
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such as the vegetation index and surface temperature, to evaluate the
ecological quality of forests, grasslands, and cities (Liu et al., 2022a;
Wang et al., 2021a; Yu et al., 2022a). A single-indicator model can
reflect the impact of a particular aspect on ecological quality, but
changes in ecological quality are invariably the result of the joint action
of multiple factors; therefore, a single indicator can readily lead to
unilateral outcomes. The remote sensing ecological index (RSEI), pro-
posed by Xu Hanqiu (Xu, 2013), exhibits strong objectivity and is
coupled with four indicators such as greenness, humidity, heat, and
dryness represented by normalised difference vegetation index (NDVI),
wet component of the tasseled cap transform (WET), land surface tem-
perature (LST) and normalised difference bare soil index (NDBSI),
respectively. The RSEI-based model has been extensively tested for
urban ecological quality evaluation, e.g., in Fuzhou (Geng et al., 2022),
Tianjin (Zhang et al., 2021), and Qingdao (Yang and Li, 2023) cities. Cai
et al. (2023) evaluated the ecological quality of wetland ecosystems in
the Yellow River Delta using a combination of the RSEI and geoprobes.
Chen et al. (2022) assessed the ecological quality changes in the Greater
Khingan Mountains using RSEI and identified the significant factors
affecting ecological quality. A few researchers have also attempted to
apply the RSEI to the evaluation of ecological quality in arid regions,
such as in Turpan and Hami cities from 2000 to 2018 (Wang et al.,
2022a) and in the Alar reclamation area (Dai et al., 2022). However, the
RSEI is designed to evaluate urban ecological quality, and whether the
RSEI-based model applies to arid regions remains unclear. Studies have
also shown that the results of the RSEI-based evaluation are relatively
less stable for areas with extreme ecological conditions (e.g., areas prone
to desertification and land degradation) (Zheng et al., 2022). In addi-
tion, the ecological indicators selected by the RSEI do not consider the
common soil salinisation phenomenon in arid and semi-arid areas and
the impact of soil background on the extraction of greenness indicators
where vegetation coverage is low. Therefore, the accuracy of the results
of the ecological quality analysis is not convincing when the RSEI-based
model is directly applied to ASRs.
Recently, a few modified RSEI-based models have been proposed to

adapt to the ecological research on ASRs. For example, a modified RSEI
(mRSEI)-based model was constructed based on the RSEI and applied to
the ecological evaluation in the Qaidam Basin (Jia et al., 2021). This
unique difference between the RSEI and mRSEI-based models is that the
RSEI adopts the first principal component (PC1) of the principal
component analysis (PCA), whereas the mRSEI is composed of the first
three components (PC1, PC2, and PC3) of PCA. Although it seems that
the mRSEI contains relatively more information, this view is based on an
incorrect understanding of the principle of PCA (Xu et al., 2022a). The
simple addition of PC2 and PC3without apparent ecological significance
to PC1 with ecological significance leads to the distortion of PC1 and
ultimately to a false high evaluation of the ecological quality. In addi-
tion, the indicators selected in the mRSEI do not consider the actual
situation of an arid area and the soil salinisation phenomenon (Cao
et al., 2023); therefore, the mRSEI cannot accurately evaluate the
ecological quality of an arid region.
Furthermore, an arid RSEI (ARSEI) was developed based on the RSEI.

In this ARSEI-based model, the original dryness of the RSEI was replaced
with the salinity index (SI-T), and the soil degradation index was added.
Finally, the ARSEI was coupled using greenness, humidity, salinity, heat,
and the soil degradation index (Wang et al., 2021b). It is undeniable that
the ARSEI-basedmodel considers the general soil salinisation problem in
ASRs, but it lacks a dryness index that characterises the degree of surface
dryness, which can directly reflect the surface drought in the study area
(Xu, 2013; Yang et al., 2023). Similarly, a model called the drought RSEI
(DRSEI)-based model was proposed, which introduces the desertifica-
tion index (DI) and soil-adjusted vegetation index (SAVI) to the RSEI-
based model for research in ASRs (Luo et al., 2023). The DRSEI-based
model attempts to solve the problem of the impact of the soil back-
ground when extracting NDVI in areas with low vegetation coverage.
However, the limitation of this model is that the value of the soil

adjustment parameter L for SAVI is estimated using empirical data.
Although the empirical value of L is 0.5, this parameter has been proven
to vary under different vegetation coverages (Liu et al., 2024), and
introducing this index to extract the greenness index results in specific
errors. The modified SAVI (MSAVI) proposed by Qi et al. (1994) uses a
self-adjusting function to replace the soil adjustment parameter L in the
original SAVI, which eliminates the impact of the soil background and
avoids errors caused by the artificial setting of L.
Current problems encountered in monitoring changes in ecological

quality in ASRs using RSEI and its derived indices are as follows:(1) the
construction of a few improved RSEI-based models is unreasonable and
does not have clear ecological significance; (2) failure to effectively
solve the problem of extracting the greenness index in ASRs is affected
by the soil background; (3) the original dryness index, i.e. NDBSI, is not
applicable in areas with relatively less artificial land cover; (4) and
failure to consider soil salinisation effectively, which is highly likely to
occur in ASRs.
To meet the demand for evaluating the ecological quality of ASRs, in

this study, we coupled five indicators, namely new greenness, humidity,
heat, new dryness, and salinity indicators, and proposed a new modified
RSEI (nmRSEI). The benefits of the novel approach adopted in this study
are as follows: (1) the newly introduced greenness indicator exhibits a
higher vegetation signal to soil noise (S/N) ratio than that of the original
greenness indicator, i.e. NDVI, and does not require artificial parame-
terisation, making it relatively more objective; (2) the newly introduced
dryness indicator reflects the degradation of the regional surface owing
to drying relatively more accurately; and (3) the newly introduced
salinity indicator can accurately reflect the regional ecological stress
caused by soil salinisation. In this study, we selected the Aibugai River
Basin in the Inner Mongolian Plateau, located in the arid and semi-arid
climate core region of Eurasia, as the study area, and utilised the nmRSEI
to dynamically monitor the ecological quality of the region over a period
of 37 years (1986–2022). We analysed the change trends and driving
factors of ecological quality and comprehensively verified the rational-
ity, applicability, and superiority of the nmRSEI. The results obtained in
this study provide theoretical support for promoting ecological man-
agement and sustainable regional development in the ASR.

2. Study area and data selected

2.1. Study area

The Aibugai River is located in the centre of the Inner Mongolian
Plateau in the arid core area of Asia. It originates from the Yinshan
Mountains southwest of Darhan Maoming'an United Banner (called
Damao Banner) in Baotou City. It runs through Darhan Maoming'an
United Banner from south to north. The total length is approximately
205 km, the area of the Aibugai River Basin is approximately 0.84× 104

km2, and the basin range is located at 109◦45′ to 111◦02′ east longitude
and 41◦05′ to 42◦31′ north latitude. The terrain of the basin is higher in
the south and lower in the north, with low mountains and hills of the
Yinshan Mountains in the south (Han et al., 2020) (Fig. 1). The Aibugai
River Basin has a temperate continental climate characteristic of ASRs
with dry and sandy springs, short and cool summers, and long and cold
autumns and winters. The temperature difference between day and
night is large in this area, and precipitation is low. The average annual
precipitation is approximately 260 mm, mostly concentrated between
July and September. The annual evaporation is approximately 2500
mm, much greater than the annual precipitation. The vegetation cover is
dominated by desert grasslands, with cultivated land scattered upstream
to the south of the basin. The central region, which exhibits the
remarkable characteristics of arid desert grasslands in the north, is
dominated by desertified grasslands and lacks water resources. Down-
stream areas in the north are deserted grasslands and bare ground. Thus,
the ecological quality of the region is not optimistic (Li et al., 2020; Li
et al., 2021; Song et al., 2017).
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2.2. Dataset and preprocessing

2.2.1. Landsat satellite images
The selected Landsat thematic mapper (TM) and operational land

imager data were obtained from the Geospatial Data Cloud (https
://www.gscloud.cn/) and the United States Geological Survey (USGS)
(https://earthexplorer.usgs.gov). Ten scenes of remote sensing images
were obtained for the July to September period from 1986 to 2022 at 4-
years intervals. Precipitation in the study area is mainly concentrated
between July and September, and vegetation growth is vigorous during
this period. The average cloud cover proportion in the data was main-
tained at <10% to avoid the impact of clouds (Table 1).

2.2.2. Elevation data
The Shuttle Radar TopographyMission 90-m Digital ElevationModel

(DEM) provided by the Consultative Group on International Agriculture
Research-Consortium for Spatial Information (CGIAR-CSI) (Jarvis et al.,
2008) (https://cgiarcsi.community/) was selected. With the help of the
watershed analyses using the DEM, the river network of the Aibugai
River was obtained, and the watershed range and vector boundaries
were determined.

2.2.3. ERA5 meteorological dataset (Hersbach et al., 2020)
There are few meteorological stations in the Aibugai River Basin;

therefore, ERA5 was used to reanalyse the meteorological dataset. The
ERA-5 dataset is a fifth-generation meteorological dataset (https://cds.
climate.copernicus.eu/) released by the European Centre for Medium-
Range Weather Forecasts, with a spatial resolution of 0.25◦ × 0.25◦
and a time-resolved of 1 h (Li et al., 2022; Xu et al., 2022). It is widely
used in hydrological simulations, precipitation prediction, surface air
temperature inversion, and other studies (Tang et al., 2022; Xu, 2021;
Zhu et al., 2021). The hourly ERA-5 precipitation and temperature data
for the Aibugai River Basin from 1986 to 2018 contained 56 grid data
centre points (Fig. 1c).

2.2.4. Land cover type dataset
Land cover data were obtained from the global land cover data

provided by GlobeLand30 (Jun et al., 2014) (www.globallandcover.
com), with a spatial resolution of 30 m × 30 m. Land cover data for
2000, 2010, and 2020 were obtained, and the land cover types were
divided into the following three major categories: bare land concen-
tration area (BLCA), grassland concentration area (GLCA), and culti-
vated land concentration area (CLCA).

2.2.5. Humanities dataset
The dataset describing the total population and the number of sheep

and large livestock in Damao Banner, Baotou City, Inner Mongolia, was
acquired from the Statistical Yearbooks and Statistical Bulletins for the
period from 1986 to 2018 (http://www.dmlhq.gov.cn).

2.2.6. Net primary productivity (NPP) data
These data were obtained from the MOD17A3HGFv061 NPP dataset

provided by NASA's Earth Science Data System (https://search.earth

Fig. 1. (a) Geographical location of the study area, and (b) study area and its water system. (c) Topography of the Aibugai River Basin, and (d) land cover types in the
Aibugai River Basin.

Table 1
Information regarding remote sensing images.

Year Strip
number

Frame
number

Image
data

Sensor type Cloud cover
(%)

1986 127 31 1986-08-
02

Landsat5-
TM

3

1990 127 31 1990-08-
13

Landsat5-
TM

0

1994 127 31
1994-08-
24

Landsat5-
TM 0

1998 127 31
1998-07-
02

Landsat5-
TM 0

2002 127 31 2002-08-
30

Landsat5-
TM

0

2006 127 31 2006-09-
10

Landsat5-
TM

0

2010 127 31
2010-09-
05

Landsat5-
TM 1

2014 127 31
2014-07-
30

Landsat8-
OLI

0

2018 127 31 2018-07-
09

Landsat8-
OLI

7.67

2022 127 31 2022-08-
05

Landsat8-
OLI

0.06
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data.nasa.gov/)(Running and Zhao, 2021). The spatial resolution of the
data is 500 m × 500 m. As the data was collected since 2000, we ob-
tained NPP data from 2002 to 2022 to evaluate the performance dif-
ference between the RSEI- and nmRSEI-based models. Owing to their
different spatial resolutions, the NPP data were resampled to a spatial
resolution of 30 m × 30 m using bilinear interpolation. In addition, as
both RSEI and the nmRSEI are dimensionless, it is necessary to normalise
the NPP data to make them relatively more comparable.

3. Methods

The research methodology consisted of four modules: (1) data
preparation and preprocessing, which included image registration,
radiometric calibration, and atmospheric correction and cropping; (2)
model construction, wherein each ecological factor was obtained, nor-
malised, and subjected to band fusion; subsequently, the ecological
model was obtained using PCA; (3) change in trend analysis in the time
series, mainly including mean trend analysis and Theil–Sen (T–S) me-
dian trend analysis combined with Mann–Kendall (M–K) trend analysis;
and (4) driver factor analysis. The precipitation and temperature data of
the ERA-5 dataset were interpolated using the thin-plate smoothing

spline interpolationmethod, and then a Pearson correlation analysis was
performed for precipitation, temperature, and the nmRSEI. A detailed
technical flowchart of the study design is presented in Fig. 2.

3.1. Construction of RSEI-based model

(1) RSEI-based mathematical model

The RSEI-based model couples four indicators, i.e., greenness, hu-
midity, and heat and dryness indicators, to comprehensively charac-
terise the ecological quality. The greenness indicator is characterised by
NDVI, which reflects the growth status and vegetation coverage. The
humidity component of the Kautlr–Thomas Transformation (Crist,
1985) is selected to represent the humidity indicator (WET), which re-
flects the moisture contained in the corresponding ground object. The
heat indicator is represented by LST, which can be obtained by the
inversion of the corrected brightness temperature and reflects the sur-
face heat distribution. The dryness indicator is represented by NDBSI,
which reflects the degree of surface desertification. Hence, the RSEI-
based mathematical model can be described using Eq. (1) (Xu, 2013)
as follows:

Fig. 2. Technical flowchart of the study design.

H. Zhang et al. Ecological Informatics 82 (2024) 102727 

4 

https://search.earthdata.nasa.gov/


RSEI = f{NDVI,WET, LST,NDBSI} (1)

(2) nmRSEI-based mathematical model

The proposed nmRSEI-based model introduces MSAVI to solve the
problem of the interference of the soil background in the extraction of
greenness indicators, using SI-T to characterise the surface soil salini-
sation phenomenon. Replacing NDBSI with the bare soil index (SI) to
characterise surface dryness solves the problem of the non-applicability
of the original dryness index NDBSI in ASRs. The nmRSEI-based math-
ematical model can be described using Eq. (2) as follows:

nmRSEI = f{MSAVI,WET, LST, SI, SI − T} (2)

In addition, to verify the rationality of replacing the original dryness
index NDBSI with the SI, the intelligent building index (IBI) and NDBSI
were calculated, and a comparative analysis was performed with the SI.
The mixed pixel decomposition method was used to calculate the
vegetation coverage fraction (FVC) to quantify the degree of surface
vegetation coverage and determine the rationality of replacing NDVI
with MSAVI. The calculationmethods for each indicator are presented in
Table 2.

(3) Normalisation of indices

The indicators for constructing the RSEI- and nmRSEI-based models
were normalised to make them uniformly dimensionless and to avoid
weight imbalance in PCA (Xu, 2013). The normalisation model can be
described using Eq. (3) as follows:

NI =
(I − Imin)

(Imax − Imin)
(3)

where NI is the normalised value of each indicator, the variable I rep-
resents the pixel value of the corresponding indicator, Imin indicates the
minimum value of the indicator, and Imax indicates the maximum value
of the indicator.

(4) Principal component analysis and result classification

The band synthesis and PCA of normalised indicators were per-
formed. When the payload of indicators positively correlating with
ecological quality in the PC1 feature vector is negative or the payload of
indicators negatively correlating with ecological quality is positive, it
indicates that PC1 is opposite to the ecological status. When this is the
case, 1-PC1 is required to obtain the RSEI0 and nmRSEI0 (Xu and Deng,
2022). Otherwise, a 1-PC1 calculation is not needed. To facilitate the
division of ecological grades, the RSEI0 must be normalised such that the
value of ecological quality is between 0 and 1. For a better under-
standing, ecological indicators were divided into five levels with an
interval length of 0.2 (Xu, 2013), i.e., poor (0, 0.2], fair (0.2, 0.4],
moderate (0.4, 0.6], good (0.6, 0.8] and excellent (0.8, 1.0].

3.2. Ratio of vegetation signal to soil noise

When Qi et al. (1994) proposed MSAVI, they introduced a statistical
indicator, the S/N ratio, to evaluate the ability of each vegetation index
to weaken the impact of soil background. In this study, the S/N ratios of
NDVI and MSAVI were calculated to determine the impact of soil
background on the extraction of the greenness index. The calculation
can be described using Eq. (4) as follows:

S
/
N =

VI
2δ

, (4)

where VI is the mean value of the vegetation index, and δ is the standard
deviation of the vegetation index under different vegetation covers. A
high S/N ratio indicates that the vegetation index can effectively weaken
the impact of soil background.

3.3. Local thin plate smoothing spline interpolation method

Using Python, the annual mean temperature and total annual pre-
cipitation values of each grid centre point of the ERA-5 temperature and
precipitation data in the study area were calculated. Meteorological data
were interpolated using the local thin plate smoothing spline method, i.
e., Australian National University Spline (ANUSPLIN), which introduces
topographic covariables. After resampling using bilinear interpolation,
meteorological raster data with the same spatial resolution as the
Landsat data were obtained. The ANUSPLIN is an extension of the thin-
plate smoothing spline. Linear cooperative variables can be introduced
based on the independent variables of the ordinary spline function. The
model can be described using Eq. (5) as follows:

Zi = f(xi)+ bTyi + ei (i = 1,⋯,N), (5)

where zi is the dependent variable located at point i in space, xi is the d-
dimensional vector of the spline independent variables, f is the
smoothing function of xi, yi is the p-dimensional independent covariate
function, b is the p-dimensional coefficient of yi and ei is the random

Table 2
Calculation methods for ecological indicators.

Indicators Calculation methods

NDVI (Goward
et al., 2002) NDVI =

ρnir − ρred
ρnir + ρred

MSAVI (Lu et al.,
2020) MSAVI =

(2ρnir + 1) −
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(2ρnir + 1)
2
− 8(ρnir − ρred)

√

2

WET (Chen et al.,
2019)

WETTM = 0.0315ρblue + 0.2021ρgreen + 0.3102ρred + 0.1594ρnir −
0.6806ρswir1 − 0.6109ρswir2

WETOLI = 0.1511ρblue + 0.1973ρgreen + 0.3283ρred + 0.3407ρnir −
0.7117ρswir1 − 0.4559ρswir2

LST (Chander
et al., 2009)

T =
K2

ln
(
K1
L

+ 1
)

LST =
T

[

1+
(

λT
ρ

)

⋅lnε
] − 273

SI (Wang et al.,
2021a) SI =

(ρswir1 + ρred) − (ρnir + ρblue)
(ρswir1 + ρred) + (ρnir + ρblue)

IBI (Xu, 2013).
IBI =

{
2ρswir1

(ρswir1 + ρnir)
−

[
ρnir

(ρnir + ρred)
+

ρgreen
(
ρgreen + ρswir1

)

] }

{
2ρswir1

(ρswir1 + ρnir)
+

[
ρnir

(ρnir + ρred)
+

ρgreen
(
ρgreen + ρswir1

)

]}

NDBSI (Xu,
2013). NDBSI =

SI + IBI
2

SI-T (Pan, 2020) SI − T =
ρred
ρnir

FVC(Liu et al.,
2022b)

FVC =
(NDVI − NDVIsoil)(
NDVIveg − NDVIsoil

)

Notes: ρred,ρgreen and ρblue represent the surface reflectance of visible light in the
red, green and blue bands, respectively; ρnir represents surface reflectivity in the
near-infrared band; ρswir1 and ρswir2 represent the surface reflectance of short-
wave infrared 1 and 2 bands, respectively; T represents the brightness temper-
ature converted from the intensity of thermal radiation, λ is the central wave-
length of the thermal infrared band (λTM = 11.435 μm，λOLI = 10.9 μm) and ρ is
a constant value (ρ = 1.438× 10− 2 mK); ε is the surface emissivity, K1 and K2
represent the heat transfer constants (in Landsat 5 TM band 6, K1 = 607.76
W⋅m− 2⋅sr− 1⋅μm− 1,K2 = 1260.56 K; in Landsat 8 TIRS band 10, K1 = 774.8853
W⋅m− 2⋅sr− 1⋅μm− 1, K2 = 1321.0789 K), and the reflectance after radiation cali-
bration in the thermal infrared band is represented by L. NDVIsoil represents
normalised difference vegetation index (NDVI) value of pure bare soil; NDVIveg
represents NDVI value of pure bare vegetation.
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error. In this study, the projection coordinates X and Y were considered
as independent variables, DEM as a covariate, and the annual average
temperature and annual precipitation as dependent variables. The
smoothing function f and coefficient b in the model can be determined
by least-squares estimation using Eq. (6) as follows:

∑N

i=1

(
Zi − f(xi) − bTyi

wi

)2

+ ρJm(f), (6)

where Jm(f) represents the roughness measure function of the function
f(xi) and is defined asm, themeso-partial derivative of the function f; ρ is
a positive smooth parameter, usually defined by generalised cross vali-
dation (GCV), and it plays a balancing role between data fidelity and
surface roughness; GCV can be calculated using ‘one point move’
method, wherein one sample point is removed in turn, and the
remaining sample points are used for surface fitting under certain
smooth parameters to obtain the estimated value of the point; subse-
quently, the variance of the observed value is calculated (Guo et al.,
2022; Yu et al., 2022b).

3.4. Theil–Sen median trend analysis and M–K trend test

The T–S median trend analysis is a nonparametric trend calculation
method. It exhibits the advantages of high efficiency and strong anti-
noise ability and can efficiently represent the variation in unit time.
The M–K method is a nonparametric statistical test method that can
evaluate the significance of trend changes. Hence, in this study, the
changing trend of ecological quality was obtained using the T–S median
trend analysis, and its significance was tested using the M–K test (Kang
et al., 2020). The calculation process included the following two steps:

(1) Calculation of the T–S median trend (Wang et al., 2022b) using
Eq. (7) as follows:

β = Slope = Median
(
xj − xi
j − i

)

，∀j > i, (7)

where xi and xj represent nmRSEI time series data, and 1 < i < j < n; β is
the slope. When β > 0, it implies that the time series shows an upward
trend. On the contrary, when β < 0, the time series shows a downward
trend.

(2) Calculation of the pixel-by-pixel M–K test statistic S using Eqs. (8)
and (9) (Li et al., 2019; Liu et al., 2022b) as follows:

S =
∑n− 1

i=1

∑n

j=i+1
sgn
(
xj − xi

)
(8)

sgn
(
xj − xi

)
=

⎧
⎨

⎩

1 xj − xi > 0
0 xj − xi = 0
− 1 xj − xi < 0

(9)

The length of the time series in this study was n= 10, and the statistic
S approximately obeyed the standard normal distribution; therefore, the
statistic Z was used for the trend test. The calculation of Z can be
described using Eqs. (10) and (11) as follows:

Z =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

S − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
VAR(S)

√ S > 0

0 S = 0
S+ 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
VAR(S)

√ S < 0

(10)

VAR(S) =
n(n − 1)(2n+ 5) −

∑m

i=1
ti(ti − 1)(2ti + 5)

18
(11)

where n is the number of the nmRSEI-based data in the time series, m
represents the number of nodes (recurring datasets) in the time series,
and ti is the width of the nodes (group i is the number of duplicate data in
the group). The significance levels considered in the test were as follows:
α = 0.1，Z1− α

2
= Z0.950 = 1.645 α = 0.05，Z1− α

2
= Z0.975 =±1.96; and

α = 0.01，Z1− α
2
= Z0.995 = ±2.58.

4. Results and analysis

4.1. Rationality analysis of replacing NDBSI and introducing MSAVI

4.1.1. Rationality analysis of SI replacing NDBSI
Based on the characteristics of land cover obtained from Globe-

Land30 land use/ cover data in the study area, the construction index IBI
was abandoned, and only the SI was reserved to describe the desiccation
and degradation of the surface. To verify the feasibility of this modifi-
cation, the NDBSI, SI and IBI indicators were calculated, and the average
values are listed in Table 3.
It can be seen from Table 3 that the mean values of the SI were the

largest among the three selected indicators, the mean values of NDBSI
were between those of SI and IBI, and the mean values of IBI were the
smallest. The initial dryness index, i.e., NDBSI, will lead to an under-
estimation of the bare land surface and an overestimation of buildings
and artificial surface areas. To further support the finding, the ‘bare
land’, ‘grassland’, ‘buildings’ and ‘cultivated land’ in the study area
were sampled (Fig. 1d), and the mean values of NDBSI, SI, and IBI were
calculated (Fig. 3).
As shown in Fig. 3, the trend of the average values of the three in-

dicators of the four land cover types was SI > NDBSI>IBI. The trend of
the average values of the SI for different land cover types was SI_bare
land>SI_grassland>SI_cultivated land>SI_building, indicating that the
SI can effectively extract surface bareness. The values of IBI in all land
cover areas were low (the value range was − 0.043 to 0.14), and the land
cover data provided by GlobeLand30 showed that the proportion of
building land in the study area was approximately 1.35%. Therefore, if
1/2 weight is set for the model construct, NDBSI will underestimate the
overall degree of desiccation in the study area, which will inevitably
have a crucial impact on the evaluation of dryness. In contrast, the SI can
cover 98.65% of the study area, excluding construction land. Hence,
constructing a dryness index using the SI can better reflect the ecological
degradation in ASRs.

4.1.2. Rationality analysis of MSAVI replacing NDVI
The study area belongs to the ASR, and the land cover types are

desert grassland and bare land. It was found through calculations that
the average FVC was between 0.253 and 0.438; therefore, the soil
background restricted the extraction of greenness indicators.
The S/N ratios of the two vegetation indices were calculated to test

the effects of the green indices extracted using MSAVI and NDVI
(Table 4).
As shown in Table 4, the S/N ratio calculated using NDVI was be-

tween 0.849 and 1.593, and that estimated using MSAVI was between
1.168 and 2.098. Thus, the value of the S/N ratio calculated using
MSAVI was greater than that obtained using NDVI for all analysed years.
It was preliminarily announced that the replacement of NDVI with
MSAVI could effectively reduce the impact of the soil background on the
extraction of greenness indicators. To further verify this point of view,
the study area was divided into BLCA, GLCA, and CLCA, and the NDVI
and MSAVI were calculated. The S/N ratios of all these regions were
calculated to determine the interference of the soil background in the
extraction of the green index under different land cover types (Fig. 4).
As shown in Fig. 4, the trend of the S/N ratios of different land cover

types was as follows: S/N_BLCA MSAVI>S/N_BLCA NDVI, S/N_GLCA
MSAVI>S/N_GLCA NDVI and S/N_CLCA MSAVI>S/N_CLCA NDVI. This
result further indicates that, compared with NDVI, MSAVI can weaken
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the impact of soil background on the extraction of greenness indicators.
The S/N ratios calculated using MSAVI differed significantly under

different land cover types (S/N_BLCA MSAVI>S/N_GLCA MSAVI>S/
N_CLCA MSAVI). This finding indicating that the ability of MSAVI to
weaken the impact of soil background on the extraction of greenness
indicators is stronger in areas with low vegetation coverage than in
those with abundant vegetation coverage. Therefore, the introduction of
MSAVI will render the greenness index relatively more accurate.

4.2. Rationality analysis of the nmRSEI-based model

The effective load of each component of PC1 of the two models, the
contribution rate of PC1, and the eigenvalues (EV) can be obtained by
performing PCA on the RSEI- and nmRSEI-based models. The payload
can reflect whether the impact of the ecological component on the
model is positive or negative and can also determine the rationality of
the model construction. The contribution rate and EV reflect the ability
of the information contained in each ecological factor to test model
performance. The rationality and advantages of the nmRSEI were veri-
fied by comparing the PCA results of the nmRSEI- and RSEI-based

Table 3
Annual mean values of normalised difference bare soil index (NDBSI), bare soil index (SI) and intelligent building index (IBI) in each analysed year during the study
period.

Indicators Year

1986 1990 1994 1998 2002 2006 2010 2014 2018 2022

Mean NDBSI 0.134 0.093 0.036 0.145 0.121 0.135 0.139 0.097 0.134 0.098
Mean SI 0.174 0.135 0.076 0.183 0.161 0.172 0.177 0.131 0.169 0.130
Mean IBI 0.095 0.052 − 0.004 0.108 0.080 0.097 0.101 0.063 0.098 0.065

Fig. 3. Annual mean values of sampled normalised difference bare soil index (NDBSI), bare soil index (SI) and intelligent building index (IBI) for each analysed year
during the study period.

Table 4
Ratios of vegetation signal-to-soil noise calculated using normalised difference vegetation index (NDVI) and modified soil-adjusted vegetation index (MSAVI).

Vegetation index Year

1986 1990 1994 1998 2002 2006 2010 2014 2018 2022

S/N_NDVI 1.249 1.325 1.585 1.488 1.333 1.593 1.206 0.849 1.065 0.875
S/N_MSAVI 1.587 1.831 2.098 1.923 1.775 2.021 1.633 1.168 1.406 1.255

Fig. 4. Vegetation signal-to-soil noise ratios calculated using normalised difference vegetation index (NDVI) and modified soil-adjusted vegetation index (MSAVI)
under different land cover types.
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models.
The payload of each component of PC1 in the RSEI-based model has

the following characteristics: components that correlated positively with
ecological quality exhibited the same sign, whereas components that
correlated negatively with ecological quality exhibited different signs
(Xu and Deng, 2022). A comparison of the payload of each PC1
component helped determine the rationality of the model (Table 5).
Table 5 shows the following results:

(1) In the RSEI-based model, the greenness and humidity indicators
that correlated positively with ecological quality exhibited
similar signs, and the heat and dryness indicators that correlated
negatively with ecological quality also showed similar signs. In
the constructed nmRSEI-based model, the greenness and hu-
midity indicators that correlated positively with ecological
quality in each analysed year exhibited similar signs, as exhibited
by the heat, dryness, and salinity indicators that correlated
negatively correlated with ecological quality. These results indi-
cate that the nmRSEI meets the requirements of the RSEI con-
struction and that the introduction of the SI-T exerts a negative
impact on ecological quality.

(2) Comparing the absolute values of the payloads of the two models,
the positive effects of greenness and humidity in the RSEI-based
model are slightly greater, and the negative effects of heat and
dryness are significantly greater than those in the nmRSEI-based
model. In the nmRSEI-based model, the absolute value of the
payload of the salinity indicator was greater than the absolute
values of the payloads of heat and dryness indicators, indicating
that the negative impact of the salinity indicator on ecological
quality was relatively more significant.

Based on the principle of PCA, it can be seen that the larger the
percentage of the contribution rate of PC1 EV, the greater the amount of
information it contains (Xu and Deng, 2022). The model's ability to
comprehensively represent ecological components was determined by
comparing the contribution rate and EV of PC1 for each model in
different years (Table 6).
Table 6 shows the following results: (1) the contribution rate of PC1

of the nmRSEI-based model is 55.48–79.94%, with 69.70% as the
average value, greater than that of PC1 of the RSEI-based model;
moreover, the contribution rate of PC1 of the nmRSEI-based model was

greater than that of the RSEI-based model for 7 of the 10 analysed years,
indicating that the nmRSEI-based model better integrated the charac-
teristics of the five ecological factors; (2) the EVs of PC1 for the nmRSEI-
based model ranged from 0.01 to 0.058 and were greater than those of
the RSEI-based model, indicating that the nmRSEI-based model con-
tained relatively more information than that in the RSEI-based model;
and (3) the contribution rate of PC1 in 1986, 2010 and 2018 was rela-
tively low, which can be attributed to the quality of the remotely sensed
data, i.e., the higher the proportion of cloud cover, the lower the
contribution rate of PC1. Despite the relatively low contribution of PC1
in 1986, 2010, and 2018, Table 5 shows that the PC1 payloads in these 3
years satisfy the requirements for the construction of RSEIs, i.e.,
ecologically beneficial and unfavourable indices were divided into two
distinct groups, suggesting that PC1 has an ecological significance.

4.3. Comparative analysis of the RSEI- and nmRSEI-based models

4.3.1. Correlation analysis between ecological factors and the
comprehensive index
Through a correlation analysis between the RSEI- and nmRSEI-based

models and various ecological indicators, the inherent relationship be-
tween the two models and ecological factors was revealed (Fig. 5) as
follows:

(1) The values of correlation coefficients between the RSEI and
greenness indicators were smaller than those between the
nmRSEI and greenness indicators for all analysed years. The
average correlation coefficient value between the RSEI and
greenness indicators was 0.662, and that between the nmRSEI
and greenness indicators was 0.909. The nmRSEI-based model
was relatively more sensitive to changes in the greenness in-
dicators. The average correlation coefficient between the RSEI
and humidity index was 0.804, and that between the nmRSEI and
humidity index was 0.736, indicating that the humidity index
correlated strongly with the RSEI-based model. The likely reason
for this result is that the greenness index extracted by MSAVI is
relatively more accurate than that extracted by NDVI, leading to a
larger weight of MSAVI in PCA, which further weakens the
impact of humidity indicators.

(2) The absolute mean values of the correlation coefficients between
the RSEI-based model and heat and dryness indicators were

Table 5
Effective payload values of the first principal component (PC1) in remote sensing ecological index (RSEI)- and new modified RSEI (nmRSEI)-based models.

Year Model Greenness Humidity Heat Dryness Salinity

NDVI MSAVI WET LST NDBSI SI SI-T

1986 RSEI 0.113 / 0.533 ¡0.803 ¡0.242 / /
nmRSEI / 0.410 0.376 − 0.077 / − 0.154 − 0.813

1990 RSEI 0.417 / 0.631 ¡0.507 ¡0.414 / /
nmRSEI / − 0.339 − 0.433 0.343 / 0.298 0.701

1994 RSEI 0.466 / 0.514 ¡0.269 ¡0.668 / /
nmRSEI / 0.333 0.326 − 0.150 / − 0.495 − 0.718

1998 RSEI 0.504 / 0.616 ¡0.222 ¡0.564 / /
nmRSEI / 0.390 0.331 − 0.164 / − 0.339 − 0.772

2002 RSEI 0.477 / 0.570 ¡0.558 ¡0.368 / /
nmRSEI / − 0.352 − 0.409 0.372 / 0.273 0.704

2006 RSEI ¡0.429 / ¡0.404 0.542 0.599 / /
nmRSEI / − 0.374 − 0.268 0.256 / 0.379 0.761

2010 RSEI 0.228 / 0.283 ¡0.874 − 0.323 / /
nmRSEI / ¡0.375 − 0.257 0.342 / 0.337 0.750

2014 RSEI 0.355 / 0.222 ¡0.840 ¡0.345 / /
nmRSEI / − 0.324 − 0.187 0.580 / 0.321 0.649

2018 RSEI 0.123 / 0.279 ¡0.904 ¡0.298 / /
nmRSEI / ¡0.477 − 0.175 0.419 / 0.296 0.692

2022 RSEI 0.474 / 0.265 ¡0.703 ¡0.460 / /
nmRSEI / 0.397 0.197 − 0.445 / − 0.357 − 0.691

Abbreviations: NDVI, normalised difference vegetation index; MSAVI, modified soil-adjusted vegetation index; WET, wet component of the tasseled cap transform;
LST, land surface temperature; NDBSI, normalised difference bare soil index; SI, bare soil index; SI-T, salinity index.
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greater than those between the nmRSEI-based model and these
indicators, indicating that heat and dryness indicators exert a
greater impact on the RSEI-based model. Moreover, the absolute
mean value of the correlation coefficient between SI-T and the
nmRSEI-based model is greater than that between heat and dry-
ness indicators and the nmRSEI-based model, indicating that the
negative impact of nmRSEI mainly comes from SI-T. Notably, SI-T
has a larger weight in PCA than those of heat and dryness in-
dicators, which further indicates that the introduction of SI-T is
important for ecological quality assessment in arid and semi-arid
areas.

4.3.2. Scatter plot analyses
To further verify the reliability of the nmRSEI-based model, scatter

plot analysis was performed for both nmRSEI- and RSEI-based models
(Fig. 6). To avoid subjective factors from interfering with the selection of
points of interest (POI), a total of 20,000 POI were randomly generated
within the study area using the geographic information system package,
and the corresponding pixel values of the RSEI and nmRSEI were
extracted using POI.
Fig. 6 shows that the correlation between the RSEI and nmRSEI was

high, the Pearson correlation coefficient was between 0.472 and 0.969,
and these values were all statistically significant, located at the signifi-
cance level of P-value<0.01. The standard deviation of the RSEI and
nmRSEI was between 0.03 and 0.092, particularly the data dispersion
was relatively large in the years 1986, 2010 and 2018. The coefficient of
determination (R2) of the linear fitting was between 0.223 and 0.940,
and the fitting effect was poor in the years 1986, 2010, and 2018. In

addition, the RSEI exhibited poor reliability, as there were relatively
more discrete points on one side of the RSEI-based model.
The result of the scatter plot analysis of the total pixel values of the

two models in 10 years (n = 200,000) is shown in Fig. 6k. The Pearson
correlation coefficient was 0.852, which satisfied the significance test at
the level of P-value<0.01, indicating that the two models exhibit a
significant correlation. From the distribution of scatter clusters, it can be
seen that there are relatively more discrete points on the RSEI side,
indicating that the RSEI-based model yielded poor stability during the
entire study period.

4.3.3. Comparative analysis of the outcomes of the RSEI, nmRSEI, and EI
As it is difficult to verify the accuracy of the results of the compre-

hensive analysis of ecological quality, in this study, the improvement of
the model and the credibility of outputs were verified by a comparative
analysis of the average values of the RSEI, nmRSEI, and the introduced
third-party data, the EI. As the value of the EI ranges from 0 to 100 and
the values of the RSEI and nmRSEI range from 0 to 1, the mean values of
the RSEI and nmRSEI need to be multiplied by 100 (Table 7). It must be
noted that the environmental quality status bulletin issued by the
Department of Ecology and Environment of the Inner Mongolia Auton-
omous Region provides information regarding the ecological and envi-
ronmental quality status of the entire autonomous region without
specifying the EI. Therefore, the EI value of the Damao Banner region in
Table 7 is a range value that corresponds to the ecological evaluation
level. Table 7 shows that based on the perspective of model outputs, the
values of the nmRSEI were closer to those of the EI between 2006 and
2018. However, based on the perspective of ecological quality levels, the

Table 6
Comparison of the results of the principal component analysis (PCA) obtained using the remote sensing ecological index (RSEI)- and new modified RSEI (nmRSEI)-
based models.

PCA results Model 1986 1990 1994 1998 2002 2006 2010 2014 2018 2022

PC1 and eigenvalue
RSEI 0.010 0.015 0.015 0.005 0.012 0.007 0.010 0.035 0.008 0.020
nmRSEI 0.016 0.028 0.026 0.010 0.021 0.012 0.014 0.058 0.010 0.037

PC1 contribution rate% RSEI 59.20 73.17 64.41 69.01 72.34 59.78 63.14 77.00 69.16 74.86
nmRSEI 55.50 79.59 69.95 74.67 77.38 66.95 58.36 79.14 55.48 79.94

Fig. 5. Correlation between various indicators and remote sensing ecological index (RSEI) and new modified RSEI (nmRSEI).
* indicates significance at P < 0.05 and ** indicates high significance at P < 0.01.
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values of EI were relatively stable on average, and those of the nmRSEI
were also relatively stable, whereas the values of the RSEI fluctuated
greatly. Therefore, it is relatively more reasonable and reliable to use the
nmRSEI-based model than the RSEI-based model to perform a compre-
hensive evaluation of the ecological quality in the study area.

4.4. Dynamic changes in ecological quality assessed using the nmRSEI-
based model

4.4.1. Spatial distribution of ecological quality
Time-series spatial distribution maps of ecological quality were ob-

tained based on the nmRSEI results. Fig. 7 shows the following results:
During the study time series, the ecological quality of the study area

mainly transformed between ‘poor’, ‘fair’ and ‘moderate’ levels, and
there were apparent differences in the ecological quality of different
land cover areas. The BLCA covered 297 km2, and the ecological quality
was mainly ‘poor’ and ‘fair’, with the percentage range of these two
levels being 4.73–98.85% and 1.13–77.34%, respectively. The GLCA
covered 4949 km2, where the ecological quality was ‘poor’ in 1998 and
‘fair’ in the other analysed years, and the percentage of the fair
ecological quality level was between 18.24 and 83.03%. The CLCA
covered 3171 km2, and the dominating ecological quality was ‘fair’ and
‘moderate’, with the percentage range of these two levels being
12.27–84.36% and 5.85–53.77%, respectively. The ecological quality of
the CLCA was relatively better compared with that of the GLCA and
BLCA. In general, the areas with excellent, fair, and moderate ecological
quality levels were mainly located in the ‘CLCA’ in the southern part of
the study area. The ecological quality changed to fair and poor levels as
the latitude increased, particularly in the BLCA and GLCA in the
northern part, where poor ecological quality was dominant during the
study period.
Compared with the ecological quality in 1986, the ecological quality

in 1994 improved significantly but deteriorated again in 1998, and the
area with poor ecological quality gradually expanded to the southern
region. The ecological quality has improved slightly since 2002, but the
poor and fair levels of ecological quality continue to dominate. It
improved significantly in the southern region in 2014; however, this
improvement was not sustainable in the subsequent years because
overall, the heat, dryness, and salinity indicators of the study area were
higher in 2018, and the overall greenness and humidity indicators were

Fig. 6. Scatter plots of the remote sensing ecological index (RSEI) and new modified RSEI (nmRSEI).

Table 7
Comparison of the ecological index (EI), remote sensing ecological index (RSEI),
and new modified RSEI (nmRSEI).

Year 2006 2010 2014 2018

Mean RSEI 24.9 26.0 47.1 15.0
RSEI level Fair Fair Moderate Poor

Mean nmRSEI 27.6 27.3 39.7 27.3
nmRSEI level Fair Fair Fair Fair
EI value 35 ≤ EI<55 35 ≤ EI<55 35 ≤ EI<55 35 ≤ EI<55
EI level Criticality Criticality Criticality Criticality

Note: The average values of the RSEI and nmRSEI presented in the table were
multiplied by 100.
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lower than that in 2014. Therefore, the ecological quality of the study
area in 2018 was worse than in 2014.

4.4.2. Analysis of trends in changes in ecological quality

(1) Trend analysis of the mean changes in ecological quality evalu-
ated using the nmRSEI and the M–K mutation test. To explore the

multiyear variation trend evaluated using the nmRSEI, the mean
value and trend of the nmRSEI for each analysed year in the study
time series were extracted. Fig. 8a shows that the nmRSEI
generally exhibited a slightly fluctuating downward trend in the
study time series, with a change rate of − 0.003 per decade. In
addition, the mean value of the nmRSEI changed in stages. From
1986 to 1998, it exhibited a declining trend. A gradual upward

Fig. 7. New modified remote sensing ecological index (nmRSEI)-based distribution maps of the ecological quality levels in the Aibugai River Basin from 1986
to 2022.
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trend was observed between 1998 and 2014, and the period from
2014 to 2022 showed a gradual decline. The periodic changes in
the mean value were consistent with the corresponding changes
in the nmRSEI-based spatial distribution of ecological quality
levels shown in Fig. 7.

The nonparametric M–K test method was used to detect mutations in
the mean value of nmRSEI during 1986–2022 and to obtain the mutation
nodes of the nmRSEI. The test results are presented in Fig. 8b. There
were three points of intersection between the UF and UB curves from
1986 to 2022, i.e., from 1994 to 1998, 2010 to 2014, and 2014 to 2018.
However, the variation range of the UF and UB curves after intersection
did not exceed the confidence interval, indicating a mutation trend in
the nmRSEI during the study time series, but the mutation was not
significant.

(2) Trend analysis using the T–S analysis method combined with the
M–K approach. To further reveal the trend of changes in
ecological quality from 1986 to 2022 in the study area, the T–S
method combined with the M–K trend analysis method was used

for pixel-by-pixel analysis. The results of this trend analysis were
divided into seven levels, i.e., extremely significant decrease, a
significant decrease, no significant decrease, no change, no sig-
nificant increase, a significant increase, or extremely significant
increase (Fig. 9). During the study period, the percentage of area
with ‘degraded’ ecological quality degraded was 2.32%, pri-
marily located in the ‘GLCA’; the percentage of area with ‘no
change’ in ecological quality was 95.77%, distributed throughout
the study area, indicating that the overall ecological quality of the
study area was relatively stable; and the percentage of area with
‘improved’ ecological quality was 1.91%, mostly placed in the
‘CLCA’, indicating that anthropogenic activities exert a certain
promotion effect on the ecological quality. Overall, the percent-
age of area with ‘degraded’ ecological quality in the Aibugai
River Basin from 1986 to 2022 was 0.41% higher than that of the
area with ‘improved’ ecological quality, indicating that the
ecological quality of the Aibugai River exhibited a slight decline
during the study period.

Fig. 8. Changing trends in (a) the mean values of the new modified remote sensing ecological index (nmRSEI) and (b) the Mann–Kendall (M–K) test statistics from
1986 to 2022.

Fig. 9. Spatial distribution of ecological changes in the Aibugai River Basin from 1986 to 2022.

H. Zhang et al. Ecological Informatics 82 (2024) 102727 

12 



4.5. Analysis of driving factors

4.5.1. Trends in climate change
The obtained annual average temperature and precipitation maps

(Fig. 10) for the 1986 to 2018 period reveal the following results:

(1) the temperature in the study area showed a fluctuating rising
trend with a change rate of 0.39 ◦C per decade. In detail, the
temperature increased rapidly from 1986 to 1998, with a change
rate of 1.94 ◦C per decade; subsequently, it showed a downward
trend from 1998 to 2010, with a change rate of − 0.97 ◦C per
decade. However, from 2010 to 2018, the temperature again
showed an upward trend, with a change rate of 1.09 ◦C per
decade. Although the rate of increase in temperature slowed at
the beginning of the 21st century, it continued to show an upward
trend.

(2) The annual precipitation in the study area showed an overall
downward trend, with a change rate of − 11 mm per decade.
Initially, the precipitation showed an upward trend, with a
change rate of − 110.97 mm per decade from 1986 to 1998.
However, from 1998 to 2006, it exhibited a downward trend,
with a change rate of − 209.26 mm per decade. From 2006 to
2018, the precipitation again showed an upward trend, and the
rate of change was 84.40mm per decade. In general, although the
precipitation has been increasing since the beginning of the 21st
century, the overall precipitation during the study period showed
a downward trend owing to the rapid decline in precipitation
from 1998 to 2006.

4.5.2. Correlation analysis of climate and ecological indicators
A correlation analysis between the mean nmRSEI and annual tem-

perature and precipitation values for the 1986 to 2018 period was
performed. The results showed that the Pearson correlation coefficient
between the mean nmRSEI and mean annual temperature was 0.145 (P-
value = 0.710 > 0.05), and that between the mean nmRSEI and mean
annual precipitation was 0.052 (P-value = 0.895 > 0.05). It needs to be
noted that the correlation coefficients obtained using the mean value of
the nmRSEI did not pass the significance test, and the results acquired
using the mean value were not reliable. Therefore, a pixel-to-pixel cor-
relation analysis between the nmRSEI and meteorological data was
performed in this study.

(1) Correlation analysis year-by-year

Fig. 11 shows the map depicting the changes in correlation coeffi-
cient values (Fig. 11) estimated using the correlation analysis of the
nmRSEI data with the precipitation and air temperature data for each
analysed year. As shown in Fig. 11 the nmRSEI correlated positively
with precipitation, and the correlation coefficient value was between
0.244 and 0.567, with the average value being 0.431. However, it
correlated negatively with temperature, and the correlation coefficient
value was between − 0.184 and − 0.752, with the average value being
− 0.473. The absolute values of the correlation coefficients between the
nmRSEI and precipitation and temperature showed a downward trend
from 1986 to 1994 and 1998 to 2006 but an upward trend from 2010 to
2018. The results revealed periodic fluctuations in the correlation be-
tween the nmRSEI, precipitation, and temperature.

Fig. 10. Changing trends in annual average temperature (a) and total precipitation (b) in the study area.

Fig. 11. Temporal changes in the correlation coefficients between the new modified remote sensing ecological index (nmRSEI) and meteorological factors.
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(2) Time series correlation analysis

We further explored the spatial diversity of the impact of tempera-
ture and precipitation on ecological quality. The nmRSEI data from 1986
to 2018 were used as the test dataset in the pixel-by-pixel correlation
analysis and significance tests conducted with the corresponding annual
average temperature and annual precipitation datasets (Fig. 12). The
correlation results were divided into four categories, i.e. significant
positive correlation (P-value<0.05, r > 0), no significant positive cor-
relation (P-value≥0.05, r > 0), significant negative correlation (P-val-
ue<0.05, r < 0) and no significant negative correlation (P-value≥0.05, r
< 0).
It can be seen that the percentage of the areas where the nmRSEI

correlated negatively with temperature was 73.96%, mainly located in
the ‘GLCA’ and ‘BLCA’. The percentage of the area where the nmRSEI
correlated positively with temperature was 26.04%, mostly located in
CLCA, the desertified grassland near the river network, and in the vi-
cinity of Tengger Nuoer Lake. The results of the correlation analysis of
the nmRSEI and precipitation and significance test showed that the
percentage of area exhibiting a negative correlation between the
nmRSEI and precipitation was 58.63%, mainly located north of the
GLCA and CLCA. However, the percentage of area exhibiting a positive
correlation between the nmRSEI and precipitation was 41.37%, mostly
located in the CLCA and in the central part of the desertified steppe. The
proportion of negative correlations between temperature and nmRSEI
was higher than the proportion of positive correlations between pre-
cipitation and nmRSEI, indicating that the ecological quality of the study
area was greatly affected by temperature. In addition, areas with a
negative correlation with temperature were mainly distributed in the
GLCA and BLCA, which indicates that the desertified steppe ecosystem is
more sensitive to temperature responses.
Specifically, temperature promotes cultivated-land ecosystems. This

is because the hydrological conditions of cultivated lands are

significantly affected by human factors. When water supply is sufficient
for vegetation growth, an increase in temperature accelerates photo-
synthesis and promotes vegetation growth. Temperature is negatively
correlated with bare land and grassland, mainly because the region is
dominated by desert grasslands. An increase in temperature aggravates
the transpiration of vegetation leaves and leads to insufficient water
acquisition, which affects vegetation growth. Precipitation has a posi-
tive effect on cultivated land and some areas of grassland in the study
area because it can effectively replenish surface water, alleviate the
degree of surface desiccation, and replenish the water needed for
vegetation growth; however, it is stronger in the short term in areas with
high desertification and low vegetation coverage. Soil erosion caused by
precipitation negatively impacts ecological quality.

4.5.3. Driving effect of human factors on ecological indicators
Population density, sheep density, large livestock density (cattle,

horses, donkeys, mules, and camels), and herbivorous livestock density
information for Damao Banner from 1986 to 2018 were obtained from
the statistical yearbook. The average value of nmRSEI, the average value
of nmRSEI in the CLCA, and the average value of nmRSEI in the entire
study area were analysed using Pearson correlation (Table 8). The re-
sults showed that, compared with other human factors, population
density had a higher correlation with the average value of nmRSEI in the
CLCA and the average value of nmRSEI in the entire study area. How-
ever, Pearson's correlation between these two factors failed to pass the
significance test. Other factors with weak correlations did not pass the
significance test. The results of the human factor analysis showed that
the ecological quality of the Aibugai River Basin was affected by the
population density to a certain extent, but the effect was limited.
Although other human factors would disturb the ecological quality,
none played a critical role. It must be noted that the above correlation
analysis was performed between human factors and the average value of
the nmRSEI, and errors caused by an uneven range of human activities

Fig. 12. Correlations of the new modified remote sensing ecological index (nmRSEI) with (a) temperature and (b) precipitation.
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cannot be ruled out.

5. Discussion

5.1. Comparative analysis of RSEI and nmRSEI

(1) Data regarding CLCD data were introduced to verify the differ-
ence in the model's performance.

Considering that ecological quality is closely related to land cover
type (Chen et al., 2022; Du et al., 2023), the performance differences

between models can be indirectly verified by comparing the proportions
of each ecological grade between the RSEI and nmRSEI under different
land cover (Zheng et al., 2022). The land cover data selected in this
study were obtained from the 30 m-year dataset publicly released by
Yang Jie of Wuhan University and others (Yang and Huang, 2021).
Owing to the lack of data from 1986 to 1989 in this dataset, we selected
nine scenes of land-cover data from 1990 to 2022, corresponding to the
time series of this research. In this dataset, the land use/land cover types
included farmland, grassland, bare land, and impervious surfaces.
Theoretically, when there is more vegetation, the ecological quality
results assessed using the RSEI or nmRSEI will be better, and vice versa

Table 8
Correlation analysis of humanistic factors and average new modified remote sensing ecological index (nmRSEI).

Humanistic factors Avg. nmRSEI BLCA Avg. nmRSEI GLCA Avg. nmRSEI CLCA Avg. nmRSEI

r P r P r P r P

Population density (people/km2) 0.058 0.883 − 0.278 0.468 − 0.471 0.201 − 0.394 0.293
Sheep density (pcs/ km2) 0.218 0.572 0.095 0.807 − 0.173 0.656 − 0.021 0.957

Large livestock density (pcs/km2) − 0.067 0.865 0.055 0.888 0.319 0.403 0.187 0.631
Herbivorous livestock density (pcs/km2) 0.236 0.541 0.117 0.764 − 0.142 0.716 0.007 0.985

Note: r represents correlation coefficient; P represents significance; * indicates significant correlation at P < 0.05 level. Abbreviations: BLCA, bare land concentration
area; GLCA, grassland concentration area; CLCA, cultivated land concentration area.

Fig. 13. Proportions of each ecological grade of remote sensing ecological index (RSEI) and new modified remote sensing ecological index (nmRSEI) of different
land covers.
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(Zheng et al., 2022). The proportions of each ecological grade for the
different land cover types are shown in Fig. 13.
For different land cover types, the RSEI ecological grades shown as

farmland and impervious surfaces are mainly ‘fair’ and ‘moderate’, and
grassland and bare land are mostly ‘poor’ and ‘fair’. The ecological
grades of the nmRSEI shown as farmland are mainly ‘fair’ and ‘moder-
ate’; grassland and impervious surfaces are mostly ‘Poor’ and ‘Fair’; bare
land is mainly ‘poor’. It can be seen that in farmland and grassland with
higher vegetation coverage, the ecological grades of RSEI and nmRSEI
are roughly similar. On bare land and impervious surfaces with low
vegetation coverage, the nmRSEI can better reflect realistic ecological
conditions. The RSEI was overestimated compared to the nmRSEI. This
result is consistent with those of previous studies (Wang et al., 2023;
Zheng et al., 2022).

(2) Data regarding NPP were introduced to verify differences in the
model's performance.

The NPP of vegetation represents the dry matter mass obtained by
green plants during photosynthesis and is a key parameter of the
terrestrial ecosystem and surface carbon cycle (Zeng et al., 2023). As an
important indicator of ecosystem functions and processes, NPP is highly
sensitive to regional environmental changes and can be used as a basis
for measuring regional ecological quality. Therefore, the performance
difference between the RSEI and nmRSEI can be verified by comparing
the intrinsic relationship between the two models and NPP. The trends
in the timing averages of nmRSEI, RSEI, and NPP are shown in Fig. 14.
As MODerate-resolution Imaging Spectroradiometer NPP data were

not available before 2000, a linear regression of the mean values of
nmRSEI, RSEI, and NPP from 2002 to 2022 is presented in Fig. 14. The
fitting results showed that all three types of data exhibited fluctuating
upward trends within the time series. The fluctuation trends in mean
NPP were consistent with those in both ecological indices, except in
2002 and 2022, when the fluctuation trend was opposite to those in the
nmRSEI and RSEI.
The spatial distributions of RSEI from 1986 to 2022 and NPP from

2002 to 2022 in the study area are shown in Fig. A1 and Fig. A2,
respectively. As shown in Fig. A1 and Fig. 7, the results of the ecological
quality analysis using RSEI and nmRSEI differed greatly in BLCA and
CLCA. However, the spatial heterogeneity of the RSEI and nmRSEI
cannot be directly quantified using the spatial distribution of the NPP
because of the different dimensions of the NPP and the two ecological

indices. Therefore, in this study, NPP data were correlated with RSEI and
nmRSEI, and the results are shown in Table 9.
As shown in Table 9, in the BLCA, the correlation coefficient between

NPP and nmRSEI was greater than that between NPP and RSEI for all
years except 2006 and 2022. In GLCA, the correlation coefficient be-
tween NPP and nmRSEI was greater than that between NPP and RSEI. In
the CLCA, the correlation coefficient between NPP and nmRSEI was
greater than that between NPP and RSEI for all years except 2014 and
2022. Based on the above results, it can be concluded that nmRSEI
performs better than RSEI in the ecological assessment of arid and semi-
arid areas.

5.2. Scientific and practical significance of nmRSEI

For conducting studies on ecological quality in arid and semi-arid
areas, the selection of the greenness index for RSEIs was mainly
concentrated on NDVI (Jiang et al., 2019; Qin et al., 2024; Wang et al.,
2021b). It is undeniable that NDVI has the widest applicability among
vegetation indices; however, the main problem with the use of NDVI is
that in areas with low vegetation coverage, the soil background in-
terferes with the extraction of the vegetation index and affects the ac-
curacy of the index extraction (Huang et al., 2021). To overcome the
above problems and accurately evaluate regional ecological quality, a
few researchers have introduced SAVI in arid and semi-arid areas (Fan
et al., 2023; Luo et al., 2023). This idea has a certain reference value, but
the existing problem is that the soil adjustment coefficient L must be
artificially determined in the SAVI, which determines the accuracy of
the results of the SAVI-based analysis (Rhyma et al., 2020). Therefore, in
this study, MSAVI was used instead of NDVI to construct the nmRSEI to
avoid the need to determine the soil-regulated coefficient L when using
SAVI. To test the rationality of using MSAVI instead of SAVI, Eq. (4) was
used to calculate the S/N ratios of the two indices, and the results are
shown in Fig. 15.
As shown in Fig. 15a–c, the S/N ratios of different land cover types

were as follows: S/N_MSAVI bare land>S/N_SAVI bare land, S/N_MSAVI
grassland>S/N_SAVI grassland, and S/N_MSAVI cultivated land>S/
N_SAVI cultivated land. This indicates that MSAVI can relatively more
effectively weaken the impact of the soil background on the greenness
index extraction than SAVI. As shown in Fig. 15d, during the study
period, the trend of the S/N ratios was as follows: S/N_MSAVI>S/
N_SAVI. This further demonstrates that MSAVI can extract the greenness
index of the study area relatively more accurately than SAVI.
In addition, the RSEI-based model does not consider the problem of

soil salinisation in arid and semi-arid areas. This problem severely re-
stricts the development of the regional ecological environment and
economy (Cao et al., 2016; Zhang et al., 2019). Based on the actual
situation, this study introduced the ratio SI-T (Allbed et al., 2014; Wang
et al., 2019), which is adapted to evaluate the soil salt content in low
vegetation coverage areas to reflect the degree of soil salinisation; thus,
nmRSEI can more accurately reflect the ecological quality of the study
area. This study also found that buildings and artificial surfaces only
account for approximately 1.35% of the study area. It is unreasonable to
use the original dryness index construction method to give 1/2 weight to
the IBI. Therefore, IBI in the original dryness index was abandoned, and
only SI was retained to characterise surface dryness.
In general, nmRSEI solves the applicability problem of RSEI in arid

and semi-arid areas, enriches the remote sensing ecological index sys-
tem, provides new ideas for ecological quality evaluation in arid and
semi-arid areas, can provide ecological protection for arid and semi-arid
areas and theoretical support for the realisation of the United Nations
2030 Sustainable Development Goals.

5.3. Comparison of nmRSEI and other comprehensive evaluation indices

Compared with existing ecological quality evaluationmodels for arid
areas, this study has the following advantages. Yao et al. (2022)

Fig. 14. Trends in the mean values of remote sensing ecological index (RSEI),
new modified RSEI (nmRSEI), and net primary productivity (NPP).
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constructed an improved RSEI that couples greenness, humidity, heat,
dryness, and salinity and enables the dynamic monitoring of ecological
quality in the Hotan Oasis. Compared with our proposed nmRSEI, which
introduces a dryness index consisting only of the construction index IBI,
this dryness index inevitably leads to distortions in the extraction of the
degree of surface drying in non-artificial surface areas. Combined with
the results of the analysis presented in Section 4.1.1, it can be concluded
that the extraction of the surface dryness index must consider the actual
situation in the study area.
Zhao et al. (2023) constructed an MRSEI that, in contrast to the

original RSEI, utilised the ratio of total regional precipitation to total
potential evapotranspiration to represent humidity, used air tempera-
ture data to characterise surface temperature, and introduced a soil

erosion indicator. Compared with our proposed nmRSEI, this index has a
certain reference value, as it considers the erosive effects of precipitation
and runoff on the soil; however, the use of air temperature to charac-
terise the surface temperature leads to an underestimation of the results
obtained compared to the actual situation (Li et al., 2023). Duo et al.
(2023) proposed the MRSEI, which consists of the NDVI, WET, LST,
NDBSI, and the DI. The DI introduced by the model was obtained from
the Albedo-NDVI feature space, which can accurately extract informa-
tion on soil desertification in arid areas and has a certain reference
value. However, compared with the nmRSEI proposed in this study, this
model also does not take into account the fact that the soil background in
desertified areas will have an impact on NDVI extraction.
Qin et al. (2024) considered this issue when evaluating the ecological

Table 9
Correlation analysis between net primary productivity (NPP) and remote sensing ecological index (RSEI) and new modified RSEI (nmRSEI).

BLCA GLCA CLCA

Year Correlation
between
NPP and nmRSEI

Correlation
between
NPP and RSEI

Correlation
between
NPP and nmRSEI

Correlation
between
NPP and RSEI

Correlation between NPP and
nmRSEI

Correlation between NPP and
RSEI

2002 0.915** 0.914** 0.906** 0.899** 0.906** 0.897**
2006 0.952** 0.962** 0.937** 0.912** 0.910** 0.890**
2010 0.983** 0.977** 0.955** 0.853** 0.926** 0.920**
2014 0.945** 0.911** 0.958** 0.952** 0.953** 0.962**
2018 0.972** 0.907** 0.956** 0.891** 0.933** 0.776**
2022 0.978** 0.980** 0.935** 0.930** 0.930** 0.947**

Note: ** indicates significant correlation at 0.001 level. Abbreviations: BLCA, bare land concentration area; GLCA, grassland concentration area; CLCA, cultivated land
concentration area.

Fig. 15. Ratios of vegetation signal to soil noise calculated using SAVI and MSAVI in different years for different land cover areas. (a)–(c) Ratios of vegetation signal
to soil noise calculated using SAVI and MSAVI in the BLCA, GLCA, and CLCA regions, respectively. (d) Ratios of vegetation signal to the soil noise of the whole study
area. Abbreviations: SAVI, soil-adjusted vegetation index; MSAVI, modified soil-adjusted vegetation index; BLCA, bare land concentration area; GLCA, grassland
concentration area; CLCA, cultivated land concentration area.
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quality of the middle reaches of the Yellow River, which utilised the
kNDVI to replace the NDVI in the RSEI to improve the noise immunity of
the greenness indicator. However, the S/N ratios of NDVI and kNDVI
were not quantitatively compared in this study; therefore, the applica-
bility of kNDVI in the ecological study of arid areas needs to be studied
in depth.
Some researchers have constructed an improved vegetation health

index (VHI) (Zheng et al., 2022), which is composed of a vegetation
condition index (VCI) and a temperature condition index (TCI) and can
be used to monitor the drought stress caused by vegetation. Compared to
the nmRSEI proposed in this study, this index has the advantage of
considering the physical characteristics of organisms and climatic con-
ditions. However, it can only be used to evaluate the drought status of a
region and cannot reflect the overall ecological quality of the region.

5.4. External factors affecting ecological quality

(1) Reliability assessment of the meteorological data.

When collecting meteorological data for this study, we prioritised
meteorological station data; however, the fewer and sparsely distributed
meteorological stations near the study area could not meet the inter-
polation requirements. Meteorological station data are insufficient for
exploring the drivers of meteorological factors affecting ecological
quality at the pixel-by-pixel level. The distribution of meteorological
stations in the study area is shown in Fig. 1d. Therefore, in this study, we
considered the use of meteorological data products to address the above
issues, and ERA-5 data and China 1 km resolution meteorological data
have attracted our attention. To check the reliability of both datasets,
the data measured at the Mandula and Damao Banner meteorological
stations near the study area were selected to evaluate the ERA5 and
China 1 km resolution meteorological data. First, annual precipitation
and average annual temperature from 1986 to 2018 (2022 meteoro-
logical data points were incomplete) were obtained for both meteoro-
logical stations. Subsequently, based on the latitudes and longitudes of
the two meteorological stations, the annual precipitation and annual
mean temperature values corresponding to the 1 km resolution meteo-
rological data of ERA-5 and China 1 km resolution meteorological data
from 1986 to 2018 were extracted, respectively. Scatterplot analysis of
the meteorological station data with the two meteorological data
products was performed separately, and the results are shown in Fig. 16.
As shown in Fig. 16a and c, the ERA5 precipitation data had a linear

relationship with the meteorological station precipitation data and were
significantly correlated (P < 0.05). However, the 1 km resolution pre-
cipitation data had a poor linear relationship and low correlation (P >

0.05) with the meteorological station precipitation data, while its RMSE
was larger than that of the ERA5 precipitation data. As can be seen from
Fig. 16b and Fig. 16d, both the ERA5 temperature data and the 1 km
resolution temperature data have a good linear relationship with the
meteorological station temperature data; the correlation and signifi-
cance between the ERA5 temperature data and the meteorological sta-
tion temperature data is high, and the RMSE is low. From the results of
the above comparative analysis, it can be seen that the ERA5 meteoro-
logical data are more reliable than the China 1 km resolution meteoro-
logical data.

(2) Impact of meteorological factors on ecological quality.

From the spatial distribution of the nmRSEI, we can see that as
latitude increases, the ecological quality gradually deteriorates. This is
because the upper reaches of the southern Aibugai River are close to the
400 mm equal precipitation line, and the northern downstream area is
close to the 200 mm equal precipitation line. Effective precipitation in
the upper reaches alleviates surface drought conditions to a certain
extent. In addition, the ecological quality of the study area significantly
deteriorated between 1986 and 2002. In 1998, ecological quality was

the worst. This is because rural construction in Damao Banner experi-
enced rapid development from 1979 to 2002. The state of the human-
land system has undergone significant changes. The implementation of
a series of ecological management projects, such as the Returning
Farmland to Forest and Grassland Project in 2002, Beijing-Tianjin
Sandstorm Source Project, and Comprehensive Grazing Ban, has
significantly improved the ecological quality of the study area (Li et al.,
2020; Li et al., 2021).
While exploring the impact of external factors on ecological quality,

we found that temperature was negatively correlated with nmRSEI each
year, whereas precipitation was positively correlated. However, when
exploring the spatial differences in the impacts of temperature and
precipitation on the ecological quality of the study area at the pixel-by-
pixel level, we found that temperature has a certain promoting effect on
areas where cultivated land is concentrated. This is because soil mois-
ture conditions in cultivated land are affected by both precipitation and
artificial irrigation. When there is sufficient moisture, the temperature
promotes photosynthesis of vegetation (Mao et al., 2012), which results
in significantly better growth than in desert grassland areas. In addition,
although precipitation can effectively alleviate the degree of surface
desiccation in arid and semi-arid areas, it should be noted that short-
term heavy precipitation may lead to the occurrence of secondary di-
sasters such as water and soil erosion (Wang et al., 2022c), thereby
negatively affecting ecological quality.

5.5. Limitations and prospects

In this study, a series of explorations based on the RSEI were per-
formed, and an improved remote sensing ecological index, nmRSEI, was
constructed, which solved the applicability problem of RSEI for
ecological quality evaluation in arid and semi-arid areas, further
enriching the remote sensing ecological indices for arid and semi-arid
areas and providing new ideas for regional ecological quality evalua-
tion. However, there remains scope for improvement and directions for
further research.

(1) Owing to the large span of the study, limited by the impact of
cloud coverage and the satellite revisit period, although the
selected data are from a period of vigorous vegetation growth, the
influence of time differences cannot be avoided. Subsequently,
the synthesis of the mean values of each indicator component
during the vigorous growth period was used to construct the
nmRSEI. We used the average ecological quality of the entire
vigorous growth period to overcome the influence of time dif-
ferences on the experimental results.

(2) Remote sensing data must be selected to ensure low cloud cover
and good data quality. The clouds can lead to blurring and
missing surface observations, affecting the real surface reflectiv-
ity information of ground objects, which will lead to a lower
inversion accuracy of the index component used to construct the
nmRSEI and affect the accuracy of the nmRSEI results. In future
research, we will attempt to introduce synthetic aperture radar
data to build an ecological quality evaluation model based on the
collaborative processing of active and passive remotely sensed
data to overcome the problem of cloud cover.

(3) The IBI in the original dryness index was abandoned, and only SI
was selected to characterise the surface drying situation. This
method can be applied to 98.65% of the study area, except the
artificial surface, but there is a certain distortion in the 1.35%
area of the artificial surface coverage. This is a limitation of the
present study. In subsequent research, the calculation of the IBI
was divided into three steps. First, the artificial surface and
building area were extracted, the IBI was calculated for these
areas, the SI for the other areas was calculated, and the two
indices (IBI and SI) were combined to achieve a relatively more
accurate characterisation of surface drying.
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Fig. 16. Reliability assessment of meteorological data. Notes: r represents correlation; p represents significance; RMSE represents root mean square error; n rep-
resents the number of scatters; R2 represents the goodness of fit.
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6. Conclusions

In this study, long-term remotely sensed data and RSEI were used,
and nmRSEI was proposed and tested in the Aibugai River Basin, which
solves the problem of the non-applicability of the existing RSEIs to arid
and semi-arid areas. The main conclusions of this study are as follows:

(1) The S/N ratios calculated using MSAVI were higher than those
calculated using NDVI for all analysed years, indicating that using
MSAVI to replace NDVI can effectively weaken the interference of
the soil background in the extraction of greenness indicators. As
the percentage of buildings and human-made surfaces in the
study area is only approximately 1.35%, the initial dryness index
will lead to an underestimation of the desiccation degree, and the
new dryness index constructed only with SI can satisfy 98.65% of
the area except buildings and artificial surfaces. The introduced
salinity index was highly negatively correlated with the nmRSEI,
and the introduction of this index into the model could more
accurately evaluate the ecological quality of the ASR.

(2) A comparative analysis of the EVs, contribution rates, and scatter
plots of the RSEI- and nmRSEI-based models showed that the
nmRSEI-based model can better integrate the information con-
tained in each ecological component and is more stable and
reliable. In addition, the results of the ecological quality evalua-
tion of the two models were compared with third-party data
(CLCD, NPP and EI), which verified the credibility of nmRSEI for
ecological quality evaluation.

(3) From 1986 to 2022, the ecological quality showed a periodic
change; that is, from 1986 to 1998, the ecological quality showed
a decreasing trend; from 1998 to 2014, the ecological quality
showed an improvement trend; and from 2014 to 2022, the
ecological quality showed a declining trend again. The T–S trend
analysis combined with the M–K method showed that the domi-
nant ecological quality from 1986 to 2022 belonged to the ‘no
change’ category, but the overall trend revealed the dominance
of the ‘steady and degraded’ category.

(4) The year-by-year correlation analysis showed that the nmRSEI
was positively correlated with precipitation and negatively
correlated with temperature. The results of the time-series cor-
relation analysis showed that temperature was the main factor
controlling the ecological quality in the study area. Although
human factors can disturb the ecological quality, they do not play
a decisive role.

The proposed nmRSEI can more scientifically monitor the dynamic
changes in ecological quality in arid/semiarid areas, accurately reveal

the changing trends of ecological quality, and further enrich remote
sensing ecological indices, which can provide theoretical support for
precise regional ecological governance and regional sustainable
development.
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Appendix A

Spatial distribution of RSEI from 1986 to 2022 (Fig. A1) and spatial distribution of NPP from 2002 to 2022 (Fig. A2) in the study area.
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Fig. A1. The RSEI level distribution maps of AiBuGai River Basin from 1986 to 2022.
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Fig. A2. Spatial distribution of NPP in the study area from 2002 to 2022.
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