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Abstract


The ecological environment of Inner Mongolia constitutes a critical component of China’s ecological civilization construction. To comprehensively assess and monitor ecological quality dynamics in this region, this study employed MODIS remote sensing data products (2000–2020) and derived four key indicators, —vegetation index (NDVI), wetness index (WET), build-up and soil index (NDBSI), and land surface temperature (LST)—via the Google Earth Engine (GEE) platform. A Remote Sensing-based Ecological Index (RSEI) was constructed using principal component analysis (PCA) to establish an annual long-term time series, thereby eliminating subjective bias from artificial weight assignment. Integrated methodologies—including Theil–Sen Median and Mann–Kendall trend analysis, Hurst exponent, and geographical detector—were applied to investigate the spatiotemporal evolution of ecological quality in Inner Mongolia and its responses to climatic and anthropogenic drivers. This study proposes a novel framework for large-scale ecological quality assessment using remote sensing. Key findings include the following: The mean RSEI value of 0.41 (2000–2020) indicates an overall improving trend in ecological quality. Areas with ecological improvement and degradation accounted for 76.06% and 23.84% of the region, respectively, exhibiting a spatial pattern of “northwestern improvement versus southeastern degradation.” Pronounced regional disparities were observed: optimal ecological conditions prevailed in the Greater Khingan Range (northeast), while the Alxa League (southwest) exhibited the poorest conditions. Northwestern improvement was primarily driven by increased precipitation, rising temperatures, and conservation policies, whereas southeastern degradation correlated with rapid urbanization and intensified socioeconomic activities. Our results demonstrate that MODIS-derived RSEI effectively enables large-scale ecological monitoring, providing a scientific basis for regional green development strategies.
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1. Introduction


The quantitative assessment of ecological environment quality is a complex and challenging task. Remote sensing technology has been widely applied in habitat quality research due to its enhanced efficiency and accuracy [1,2,3,4].



Currently, ecological environment assessment methods are primarily classified into two categories [5,6]: single remote sensing ecological indices such as Enhanced Vegetation Index (EVI) [4], normalized difference vegetation index (NDVI) [7], Net Primary Production (NPP) [8,9,10], drought assessment through standardized precipitation evapotranspiration index [11,12,13], urban heat island effect studies through land surface temperature index [14,15], and so forth; as well as comprehensive models like the DPSIR model [1,16] and the Analytic Hierarchy Process (AHP) [12]. However, utilizing a single index cannot comprehensively and accurately assess habitat quality and comes with limitations and randomness [4,7,8]; comprehensive models typically require on-site data collection; weight assignments based on expert opinions; and are time-consuming, highly subjective, and more suitable for small geographic units [4].



Hanqiu Xu [2] proposed a Remote Sensing Ecological Index that integrates four indicators: greenness, wetness, dryness, and warmth. Each indicator is determined according to its inherent nature, and the index employs the PCA (principal component analysis) method for non-artificial weighting determination. Thus, this index enables rapid evaluation and monitoring of ecological quality, facilitates modeling of regional ecological environmental changes, spatial–temporal analysis, and visualization. Compared to single-index analysis, it provides a more comprehensive, accurate, and objective representation of ecological quality status. This proposal has gained wide recognition [12] and has been applied in ecological environment quality assessments at different spatial scales such as urban areas, watersheds, and regions [17,18,19,20].



MODIS data offer good spatial resolution, complete time series, and extensive spatial coverage. Utilizing MODIS data to construct remote sensing ecological indices is of significant importance for achieving comprehensive ecological quality remote sensing assessments over large areas [1,2,4].



In this study, based on the Google Earth Engine (GEE) platform, using the Moderate-Resolution Imaging Spectroradiometer (MODIS) data products MOD09A1, MOD11A2, and MOD13A1, after pre-processing the raw data, greenness (NDVI), wetness (WETNESS), temperature (land surface temperature, LST), and dryness (DRYNESS) were calculated to construct the Remote Sensing-based Ecological Index (RSEI) [1]. The analysis aimed at understanding the spatiotemporal evolution patterns of ecological environment quality in the Inner Mongolia Autonomous Region from 2000 to 2020 and its response to climate and human activities.




2. Materials and Methods


2.1. Overview of Study Area and Data Acquisition


The Inner Mongolia Autonomous Region is located in northern China and extends in a narrow shape from the northeast to the southwest. It starts at 126°04′ East longitude and extends to 97°12′ East longitude, spanning over 28°52′ in longitude, with a straight-line distance of more than 2400 km from east to west (Figure 1). It ranges from 37°24′ North latitude in the south to 53°23′ North latitude in the north, covering a vertical distance of 15°59′ with a straight-line distance of 1700 km. The total area of the region is 1.183 million square kilometers, accounting for 12.3% of China’s land area, making it the third largest province-level division in China.



The terrain of Inner Mongolia is characterized by a high southern region and a low northern region, with an average elevation of about 1000 m. The types of vegetation cover range from forest steppe, steppe, desert steppe, to desert from east to west. The land forms predominantly include mountains, plateaus, and deserts, classifying it as a temperate desert steppe region. Annual precipitation is scarce, and evaporation is strong. The growing season mainly occurs from April to September, with average temperatures ranging between 3.87 °C and 25.02 °C, increasing from southwest to northeast. The annual precipitation is 299.64 mm, gradually increasing from west to east, accounting for 89.47% of the total annual precipitation. The annual evaporation ranges from 1000 mm to 3000 mm, showing an increasing trend from east to west, while the annual sunshine hours decrease from west to east.



Due to meteorological factors such as precipitation and temperature, the western area mainly consists of wasteland and desert, while the central region is predominantly a grassland ecosystem, covering approximately 8.8 million square kilometers, which represents 22% of the total grassland area in the country. The eastern region is primarily composed of boreal coniferous forests. The multi-year average rainfall is 253.45 mm, with precipitation concentrated mainly in July, August, and September. The multi-year average temperature ranges from 1.5 °C to 3.7 °C, with annual sunshine hours ranging from 3100 to 3300 h. The multi-year average evaporation is 2480.57 mm. Inner Mongolia is a principal component of the northern sand prevention zone and is recognized as a typical ecologically fragile area in China, serving as an important ecological barrier in the north, and is classified as a key ecological function area by the state.




2.2. Data Sources and Processing


Remote Sensing Data: The remote sensing data used in this study comes from the Moderate-Resolution Imaging Spectroradiometer (MODIS) data products MOD09A1, MOD11A2, and MOD13A1. The temporal resolution of these data is 16 days, and the spatial resolution is 500 m. The DEM data (downloadable from https://www.gscloud.cn/) has a spatial resolution of 30 m. This study utilized 2880 MODIS scenes (MOD09A1, MOD11A2, and MOD13A1 products) from June to September during 2000–2020 for six tile regions (h25v03-h26v05) to cover the vegetation growing seasons.



Meteorological Data: This includes air temperature and precipitation data, both with a spatial resolution of 500 m. Annual precipitation data was obtained from the National Earth System Science Data Center (downloadable from https://www.geodata.cn/) with a spatial resolution of 1 km. The time span for all the above data is from 2000 to 2020.



Socioeconomic Data: This includes gross domestic product (GDP), population density, and night light intensity, with data sourced from the Resource and Environmental Science Data Platform (https://www.resdc.cn/). The spatial resolution of these data was resampled to 1 km × 1 km.



A detailed workflow was established for this study (Figure 2). By writing code on Google Earth Engine (GEE: https://earthengine.google.com/), average values of the MOD09A1, MOD11A2, and MOD13A1 products for the months of July to September from 2000 to 2020 were calculated as the data foundation for constructing a comprehensive Remote Sensing Ecological Index. Pre-processing of remote sensing data was carried out, including removing clouds, projection transformation, applying water mask, and resampling, to eliminate indicator deviations and obtain uniform raster data for various indicators. This resulted in long-term time series datasets for NDVI, LST, WET, and NDBSI. To avoid significant disparities in indicator weights, the four indicators were normalized, and PCA transformation was conducted on the four variables to obtain the first principal component analysis result (PCA1). The thematic map production and graphical analysis were performed using ArcGIS 10.2, Origin 2024, and MATLAB 2020 software.





3. Methods


3.1. Remote Sensing Ecological Index (RSEI) Model Construction


	(1)

	
Greenness Calculation







The calculation of greenness typically considers vegetation indices. Studies have shown that the normalized difference vegetation index (NDVI) is closely related to vegetation biomass, leaf area index, and vegetation coverage, and can, to some extent, represent the ecological environment. The formula for calculating the NDVI is:


  N D V I =     R  N I R   −  R  R E D      R  N I R   +  R  R E D       



(1)




where NIR represents the reflectance in the near-infrared band and Red represents the reflectance in the red band. NDVI values generally range from −1 to 1, with higher values indicating denser vegetation coverage.



	(2)

	
Humidity







This study uses the wetness component in the tasseled cap transformation to calculate humidity. There are significant differences in tasseled cap transformation parameters between different sensors. To eliminate the discrepancies in results caused by different tasseled cap parameters during the temporal calculation process, this paper selects the wetness parameters from reference [18] as the model for humidity calculation, thereby retaining the original meaning of the indicators and ensuring continuity between sensors. The calculation formula is as follows:


    W et = 0.1147  R 1  + 0.2489  R 2  + 0.2408  R 3  + 0.3132  R 4  − 0.3122  R 5      − 0.6416  R 6  − 0.5087  R 7     



(2)







In the formula, WET represents dryness, and Ri(i = 1, 2, 3, …, 7) represents the reflectance of each band from the MOD09A1 surface reflectance product.



	(3)

	
Dryness







Xu Hanqiu [1] calculates the dryness index (normalized difference building and soil index, NDBSI) using the Built-up Index (Index-Based Built-Up Index, IBI) and the Bare Soil Index (Bare Soil Index, BSI). The calculation formula for dryness is as follows:


  N D B S I = γ I B I + ( 1 − γ ) B S I  



(3)






  I B I =      2  R 6     R 6  +  R 2    − (    R 2     R 1  +  R 2    +    R 4     R 4  +  R 6    )     2  R 6     R 6  +  R 2    + (    R 2     R 1  +  R 2    +    R 4     R 4  +  R 6    )     



(4)






  B S I =    (  R 6  +  R 1  ) − (  R 6  +  R 1  )   (  R 6  +  R 1  ) + (  R 6  +  R 1  )     



(5)







In the formula, NDBSI represents dryness, γ is a parameter coefficient, typically ranging from 0 to 1.0. Here, based on previous experience, we set γ = 0.5. Ri(i = 1, 2, 3, …, 7) represents the reflectance of each band from the MOD09A1 surface reflectance product.



	(4)

	
Temperature Calculation







In this study, the GEE platform is used to convert daytime land surface temperature data into actual land surface temperature. The gray values of the MOD11A2 remote sensing data are converted into commonly used degrees Celsius to represent land surface temperature (LST) [16]. The specific formula is as follows:


  L S T = 0.02 × D N − 273.5  



(6)







In the formula, LST represents temperature, and dryness (DN) represents the grayscale value of land surface temperature.



	(5)

	
RSEI Model Construction







To fully utilize the characteristics of the four ecological variables for constructing the Remote Sensing Ecological Index (RSEI), this paper employs principal component analysis (PCA) to synthesize the four variables. PCA is a multidimensional data compression technique that selects a few important variables through orthogonal linear transformations of multiple variables. Its main advantage is that the weights of the indicators are not determined artificially but are automatically and objectively determined based on the properties of the data itself, according to the contribution of each indicator to the principal components. This approach helps to avoid result deviations that may arise from subjective weighting [3]. Finally, by applying PCA to the four variables, the first principal component result (PCA1) is obtained, resulting in the RSEI, which has a value range of [0, 1]. A value closer to 1 indicates higher ecological environment quality, while a value closer to 0 indicates lower ecological environment quality. The calculation formula is as follows:


  R S E I = f  ( NDVI , LST , WET , NDBSI )   



(7)








3.2. Sen + Mann–Kendall Trend Analysis Method


The Theil–Sen Median slope estimation method, also known as the Sen slope estimation, is a robust non-parametric statistical method for trend calculation. It does not rely on distributional assumptions about the data, effectively avoiding the impact of missing data and data distribution on the results during computation. It has strong resistance to data errors and is suitable for various types of data, making the analysis results more scientific and trustworthy [20,21,22]. Therefore, this paper uses the Theil-Sen Median slope estimation to analyze the temporal changes in RSEI in Inner Mongolia from 2000 to 2020. The calculation formula is as follows:


  Sen = M e d i a n      R S E  I i  − R S E  I j    i − j       



(8)







In the equation: RSEIi and RSEIj represent the RSEI values in years i and j (2000 ≤ I < j ≤ 2020); Sen being positive indicates an increasing trend in the RSEI, while negative signifies a decreasing trend. The larger the absolute value of Sen, the greater the magnitude of RSEI change; the closer the absolute value of Sen is to 0, the smaller the magnitude of RSEI change.



The Mann–Kendall (MK) test is a non-parametric method for testing time series trends. It does not require the data to follow a normal distribution and is not affected by missing or outlier values, making it suitable for trend significance testing in long time series data. Therefore, this study employs the Mann–Kendall test to analyze the significance of temporal changes in ecological environment quality in Inner Mongolia from 2000 to 2020. The calculation formula is as follows:


   Z  M K   =        S − 1     n ( n − 1 ) ( 2 n + 5 ) / 18      , S > 0     0 , S = 0        S + 1     n ( n − 1 ) ( 2 n + 5 ) / 18      , S < 0      



(9)






  S =   ∑  k = 1   n − 1      ∑  j = k + 1  n   sgn (    x i  −  x j  )  



(10)






  S g n (  x j  −  x k  ) =     1 , (  x j  −  x k  ) > 0     0 , (  x j  −  x k  ) = 0     − 1 , (  x j  −  x k  ) < 0      



(11)







In the equation: S is the test statistic for the Mann–Kendall test; xj and xk are the corresponding measurement values; n is the length of the time series; Sgn is the sign function. The significance level thresholds are ±1.96 and ±2.58, corresponding to 95% significance testing and 99% significance testing, respectively. When the value of ZMK falls within the range of 1.96 to 2.58, it indicates that the increasing trend is significant at the 95% level; if ZMK ≥ 2.58, it indicates that the increasing trend is significant at the 99% level, and vice versa.



The results of the Mann–Kendall test and Theil–Sen slope estimation can determine the significance of the RSEI change trend, as specifically shown in Table 1.




3.3. Future Trend Analysis (Hurst Exponent)


The Hurst exponent is an effective method for describing self-similarity and long-term dependence, without the need for the usual assumption of independent random events in probability statistics. This study utilizes the Hurst exponent to predict the future trend of RSEI data. Currently, there are various estimation methods for the Hurst exponent, such as the absolute value method, aggregate variance method, periodogram method, wavelet analysis method, residual analysis method, and R/S analysis method [23,24]. Research indicates that the Hurst exponent estimated by the R/S analysis method is more reliable compared to results obtained by other methods [23]. The R/S analysis approach was utilized in this study (Table 2). The formula is as follows:


    R S E I ( m )  ¯  =   1 m     ∑  i = 1  m   R S E  I i    ,  m = 1  , 2 , 3 , ... n ,  



(12)






  X ( t ) =   ∑  i = 1  m   ( R S E  I i  −   R S E I ( m )  ¯  )    



(13)






  R ( m ) = max X ( t ) − min X ( t )  



(14)






  S ( m ) =       1 m     ∑  i = 1  m     ( R S E  I i  −   R S E I ( m )  ¯  )  2          1 2      



(15)








3.4. Geodetector


The geographical detector is a method that identifies driving forces by analyzing the spatial stratified heterogeneity of dependent variables. In this study, we employed three modules of the geographical detector—factor detector, interaction detector, and ecological detector—to conduct driving force analysis and quantitative attribution of ecological environment quality in the study area [24,25,26].



The factor detector examines both the spatial differentiation of dependent variables and the explanatory power of independent variables [27,28]. Specifically, the explanatory power (q value) of influencing factor x on the spatial differentiation characteristics of RSEI can be expressed as:


  q = 1 −      ∑  h = 1  L    N h   σ h 2      N  σ 2     = 1 −    S S W   S S T     



(16)






  S S W =   ∑  h = 1  L    N h   σ h 2    , S S T = N  σ 2   



(17)







L represents the number of strata for independent variable x; Nh and N denote the number of samples within each stratum and the entire region, respectively; σ2 is the overall variance of samples (the model holds when σ2 ≠ 0); SST is the within-stratum variance sum; SST is the total sample variance. The q value ranges between [0,1]. A higher q indicates stronger explanatory power of x over RSEl’s spatial differentiation. In extreme cases: q = 1 implies the factor completely controls the spatial distribution of the target variable; q = 0 suggests no relationship between the factor and the target variable. The q value quantifies that X explains 100x q% of Y [24,29].




3.5. Land Use Transfer Matrix


The land use transfer matrix is an application of the Markov model in land use change, reflecting the dynamic process of mutual transformation of land area categories at the beginning and end of a certain period in a specific region. It not only includes static data on land area for various categories at a specific point in time within a defined area, but also contains richer information regarding the outflows of land area categories at the beginning and the inflows of land area categories at the end of the period. This study utilizes the land use transfer matrix to visually reflect the migration pathways of ecological environment quality in Inner Mongolia. The general form of the land use transfer matrix is as follows:


   S  i j   =        S  11        S  12       ⋅ ⋅ ⋅      S  1 n          S  21        S  22       ⋅ ⋅ ⋅      S  2 n         ⋅ ⋅ ⋅     ⋅ ⋅ ⋅     ⋅ ⋅ ⋅     ⋅ ⋅ ⋅        S  n 1        S  n 2       ⋅ ⋅ ⋅      S  n n          



(18)




where Sij represents the area that transitions from land use type i to land use type j over a specific period, and n is the number of land use types.





4. Results and Discussion


4.1. RSEI Quality Assessment in the Study Area


4.1.1. Results of Principal Component Analysis


To validate the PCA outcomes, this study conducted a sampling analysis for the years 2010 and 2020. As illustrated in Figure 3, the first principal component (PC1) accounted for 83.04% and 88% of the total variance in 2010 and 2020, respectively. Previous studies have demonstrated that the contribution rate of PC1 typically ranges between 60.91% and 95.22% [16,29], indicating that PC1 captures the majority of the variance among the four indicators and can effectively represent the primary ecological characteristics. Furthermore, the loadings of NDVI and WET in PC1 were positive for both years, suggesting their beneficial role in improving regional ecological conditions. In contrast, LST and NDBSI exhibited negative loadings, aligning with their known adverse effects on ecological quality. These findings are consistent with fundamental ecological principles and corroborate prior research [30,31]. Therefore, the RSEI derived from PC1 provides a robust and reliable representation of the overall ecological conditions in the study area.



Table 3 presents the principal component analysis (PCA) results of the four ecological indicators (NDVI, WET, LST, and NDBSI) in the study area from 2000 to 2020. The analysis revealed that the first principal component (PC1) demonstrated remarkable stability in explaining the variance of all four indicators, with an average eigenvalue contribution rate of 89.70%. Annual PC1 contribution rates were consistently high: 86.73% (2000), 80.16% (2010), 83.04% (2010), 85.92% (2020), and 88% (2020), all exceeding 80%. This confirms PC1′s strong explanatory power across all ecological indicators, effectively capturing the majority of their informational content. The NDVI and WET consistently exhibited positive loadings, indicating their beneficial role in ecological quality assessment. LST and NDBSI showed stable negative loadings, reflecting their inhibitory effects on ecological quality—a finding that aligns with empirical ecological observations. The NDVI and WET consistently exhibited positive loadings, indicating their beneficial role in ecological quality assessment. LST and NDBSI showed stable negative loadings, reflecting their inhibitory effects on ecological quality—a finding that aligns with empirical ecological observations.




4.1.2. Evaluation of the Correlation Among Indicators


As illustrated in Figure 4, the coefficient of determination (R2) between the RSEI and the four ecological indicators (NDVI, WET, LST, NDBSI) in both 2010 and 2020 demonstrates significant explanatory power: all indicators except the NDBSI showed R2 values exceeding 0.4 (p < 0.05), confirming the RSEI’s strong capability to explain variations in these ecological parameters. The consistency across both study years reinforces the temporal stability of these relationships. NDVI exhibited particularly strong associations with LST, NDBSI, and WET (R2 > 0.55), indicating robust ecological linkages between vegetation dynamics and other environmental factors. The weak relationship between NDBSI and LST (R2 < 0.2) suggests temperature exerts minimal direct influence on surface dryness in this region. The significant correlations collectively validate the RSEI as a more robust composite measure than any individual indicator (greenness, heat, wetness, or dryness) alone. These findings demonstrate the RSEI’s superior capacity to characterize the integrated ecological status of Inner Mongolia, capturing complex environmental interactions that single metrics cannot represent.





4.2. Analysis of Ecological Quality Based on RSEI


4.2.1. Interannual Variation Characteristics of Ecological Environment Quality in Inner Mongolia


As shown in Figure 5, the temporal analysis of the RSEI reveals several key findings regarding Inner Mongolia’s ecological evolution: the region exhibited a non-significant fluctuating upward trend in ecological quality (p > 0.05), with an annual change rate of 0.0024/a. The multi-year average RSEI of 0.41 indicates generally favorable ecological conditions throughout the study period. The minimum RSEI (0.34) occurred in 2007, potentially associated with specific climatic or anthropogenic stressors. The peak value (0.50) in 2020 suggests cumulative improvements in environmental management. This positive trajectory coincides with China’s increasingly stringent environmental regulations and systematic ecological restoration initiatives. The documented improvement provides empirical evidence for the effectiveness of implemented conservation policies and sustainable development strategies in arid and semi-arid ecosystems. The stable upward trend, though statistically non-significant at conventional levels (p > 0.05), demonstrates remarkable consistency given the region’s climatic variability. The 47% increase from minimum to maximum values underscores the potential for ecological recovery in fragile ecosystems under proper management.



Based on established ecological quality classification standards [14,28], this study categorized the Remote Sensing-based Ecological Index (RSEI) into five grading intervals: [0, 0.2) for poor, [0.2, 0.4) for fair, [0.4, 0.6) for moderate, [0.6, 0.8) for good, and [0.8, 1] for excellent quality. The spatiotemporal analysis of Inner Mongolia’s ecological quality from 2000 to 2020 revealed significant improvements (Table 4). Specifically, areas classified as poor and fair decreased by 269,582 km2 and 12,788 km2, respectively, while good and excellent quality areas increased by 71,073 km2 and 287,691 km2 correspondingly. Proportionally, the combined coverage of poor-to-moderate-grade areas declined from 87.59% to 55.91%, whereas good-to-excellent areas expanded from 12.4% to 44.1%. These marked changes demonstrate substantial overall ecological enhancement in Inner Mongolia over the past two decades, particularly evident in the northwestern grassland and forest regions, attributable to the implementation of various ecological conservation policies and management measures. The findings not only validate the effectiveness of regional environmental protection initiatives but also provide valuable references for future ecological restoration efforts.



The statistical analysis of ecological quality transitions (Figure 6) reveals a three-phase improvement pattern in Inner Mongolia (2000–2020): (1) the initial widespread enhancement phase (2000–2005) saw most grades upgrading except Excellent; (2) the subsequent fluctuation phase (2005–2015) featured moderate Good-grade expansion (+3%) with stable other grades; and (3) the remarkable acceleration phase (2015–2020) witnessed dramatic “leapfrog” improvements—Good-grade areas surging from 15.75% to 37.41% and Excellent-grade expanding nearly sixfold (1.2%→6.96%). Notably, the total improved area consistently exceeded degraded areas across all periods, with the most significant transitions occurring in northwestern grasslands. These phased transitions quantitatively demonstrate the cumulative effects of ecological restoration, particularly highlighting the accelerated recovery during 2015–2020 under intensified conservation measures, ultimately confirming substantial net improvement in regional ecological quality.




4.2.2. Spatial Distribution Characteristics of Ecological Environment Quality in Inner Mongolia


The annual spatial distribution of ecological environment quality in Inner Mongolia from 2000 to 2020 is depicted in Figure 7. Influenced by topographical features and bioclimatic conditions, the ecological environment in Inner Mongolia exhibits distinct zonal distribution characteristics. The spatial distribution of ecological environment quality demonstrates a consistent pattern across the years, with “good” and “excellent” classifications predominantly located in the northeastern part of Inner Mongolia, while “poor” to “moderate” classifications are concentrated in the central and southwestern regions. Consequently, the ecological environment quality exhibits a gradual decline from the northeast to the southwest.



Based on the average Remote Sensing Ecological Index (RSEI) for Inner Mongolia over the past 20 years (Figure 8) and following the aforementioned quality grading standards, we can draw the following conclusions: the spatial differences in the multi-year average ecological environment quality in Inner Mongolia are significant, exhibiting a certain degree of polarization, with a gradual decline from the northeast to the southwest.



Specifically, the area classified as “excellent” covers approximately 0.59 million km2, accounting for only 0.5% of the total area of Inner Mongolia, making it the smallest proportion among all ecological environment quality categories. This classification is primarily distributed in regions such as the northern edge of Hulunbuir in southeastern Inner Mongolia, characterized by higher vegetation coverage, diverse vegetation types, and relatively low human interference. These areas play an important role in climate stability, soil and water conservation, and the preservation of ecosystem security.



The area classified as “good” spans 19.4 million km2, comprising 16.4% of the total area, with a primary distribution across most of Hulunbuir, northern Hinggan, northern Tongliao, and the western edge of Chifeng. These regions are located within the Greater Khingan Range in China, exhibiting high vegetation coverage, effective water conservation capabilities, and substantial precipitation. The combined effects of vegetation and climate contribute to the relatively favorable ecological environment quality in these areas.



The “moderate” category occupies one-third of Inner Mongolia, reaching 33.70%, which translates to an area of approximately 39.87 million km2. This classification is found in regions including western Hohhot, Baotou, Ulanqab, northeastern Xilin Gol, and western Hulunbuir. The “fair” category encompasses 29.7% of the area, amounting to approximately 35.13 million km2, and exhibits a band-like spatial distribution primarily in Bayan Nur, northern Baotou, northern Ulanqab, and northern Xilin Gol, as well as in most regions of Wuhai and Ordos.



The area classified as “poor” constitutes 19.7%, covering approximately 23.31 million km2, distributed in northwestern Alxa, Bayan Nur, and the northern edge of Ordos. The regions with the worst ecological environment quality are situated along the edges of the Badain Jaran and Tengger Deserts, characterized by extensive expanses of desert and Gobi, such as the Badain Jaran Desert, Tengger Desert, and Ulan Buh Desert. These areas have extremely low vegetation coverage, are subject to severe wind and sand erosion, and experience a dry and arid climate with evaporation rates several times greater than precipitation, resulting in a harsh and fragile ecological environment.



To explore the trends in ecological environment quality across different regions of Inner Mongolia, we analyzed the annual average Remote Sensing Ecological Index (RSEI) for 12 administrative regions from 2000 to 2020 (Figure 8): Hinggan 0.53, Hohhot 0.48, Baotou 0.38, Xilin Gol 0.38, Wuhai 0.32, Chifeng 0.46, Tongliao 0.45, Ordos 0.34, Alxa 0.16, Hulunbuir 0.61, Bayan Nur 0.30, and Ulanqab 0.39. The overall average RSEI for Inner Mongolia is 0.41.



Among these regions (Figure 9), Hulunbuir has the best ecological quality, with an average RSEI of 0.61, while Alxa has the poorest ecological quality, with an average RSEI of only 0.16. The Greater Khingan Range runs through Hulunbuir in a northeast–southwest direction, forming an ecological pattern that includes the mountainous forest area of the eastern Greater Khingan Range, the Hulunbuir grassland in the west, and a transitional zone dominated by agricultural and pastoral enterprises. The overall ecological environment in these areas is relatively good. In contrast, Alxa is characterized by the presence of three major deserts: the Badain Jaran Desert, the Tengger Desert, and the Ulan Buh Desert, resulting in extremely low vegetation coverage and a poor ecological environment. The ecological environment quality in other regions remains at a relatively stable level of change.



Table 5 further presents the significance of RSEI trends across different regions of Inner Mongolia over the past two decades. The results demonstrate distinct regional patterns: Hinggan shows a Moderate Improvement trend, while Tongliao exhibits a Significant Improvement trend. In contrast, Alxa displays a Non-Significant Decrease. Most other regions demonstrate Non-Significant Improvement trends.



Collectively, these findings reveal that while Inner Mongolia as a whole shows a statistically significant increasing trend in RSEI, the spatial distribution and interannual variability of RSEI changes remain uneven across regions. The higher Sen’s slope values indicate substantial improvement magnitudes at the regional scale, yet this overall positive trend masks important geographical disparities in ecological quality changes. Notably, the significant improvements in Tongliao and moderate gains in Hinggan contrast with the non-significant changes (both positive and negative) observed in other areas, particularly the slight deterioration in Alxa. These spatial heterogeneities highlight the need for region-specific ecological management strategies to address varying environmental challenges across Inner Mongolia’s diverse landscapes.





4.3. Analysis of Temporal Dynamic Features of Ecological Quality


From Figure 10 and Table 6, it can be observed that the regions where ecological environmental quality shows an improving trend account for 75.81% of the total area, with 14.99% of these areas exhibiting significant and extremely significant improvement. Areas that remain relatively stable constitute only 0.43%, while regions experiencing degradation make up 23.75%, with those showing significant and extremely significant degradation accounting for 0.45%. Areas of habitat quality improvement are primarily distributed in the western part of Hulunbuir City, Hinggan League, Tongliao City, and Chifeng City, while significant and extremely significant degradation areas are sporadically found in Alxa League and central Hulunbuir City. In summary, while the habitat quality in some areas of Inner Mongolia has shown improvement and the enhancement of ecological environment quality predominates, there remains a problem of ecological environmental degradation.



To further study the future trend of habitat quality in Inner Mongolia, an analysis of the spatial distribution of the Hurst index of RSEI reveals that in the future Figure 10, approximately 56.04% of the areas will experience changes in ecological environmental quality trends that are generally opposite to those of the past 20 years. These areas are mainly located in the vast regions west of the Greater Khingan Mountains. Additionally, 43.96% of the ecological environmental quality is expected to continue improving, primarily distributed around Hulunbuir City, Hinggan League, Tongliao City, and Chifeng City, with some sporadic occurrences in the central and western regions.




4.4. Analysis of Natural Factors Influencing RSEI in Inner Mongolia


The driving factors of ecological environment quality in the study area were analyzed using the geographical detector method. Selecting 2010 and 2020 as the time points for factor detection, with the RSEI as the dependent variable, we chose 11 representative influencing factors from surface factors, climatic factors, and anthropogenic factors as independent variables to assess their explanatory power and dominant factors on habitat quality in Inner Mongolia. For the geographical detector analysis, all input factors were discretized using the natural breaks method (Jenks) with five classification intervals. Socioeconomic data were resampled to 1 km grid resolution using an area-weighted approach to maintain population/GDP density conservation. After discretizing the influencing factors, geographical detection was performed. The various influencing factors are shown in Table 7.



4.4.1. Single-Factor Detection Results


As shown in Figure 11, The single-factor Geodetector results demonstrated that all driving factors except nighttime light intensity significantly influenced the spatial distribution of RSEI in Inner Mongolia (p < 0.05), with the NDVI emerging as the dominant driver (q = 0.847 in 2010 and 0.915 in 2020), followed by the climatic factors PRE and TEM (q > 0.68). The consistent q-value ranking across 2010 and 2020 (NDVI > PRE > TEM > LO > LA > SL > AL > GDP > POP > AS > NIT) revealed stable explanatory patterns, where geographical and climatic factors collectively explained over 75% of spatial heterogeneity, while anthropogenic factors (GDP, POP, NIT) showed limited influence (q < 0.35, <15% contribution). These findings fundamentally indicate that natural environmental changes—particularly vegetation dynamics driven by successful ecological restoration programs like Grain-for-Green—predominated over human activities in shaping Inner Mongolia’s ecological patterns during 2000–2020, with the NDVI serving as the primary indicator of ecological improvement.




4.4.2. Interaction Detection Results


The interaction detection results (Figure 12) demonstrate that the explanatory power of all factors on the RSEI was significantly enhanced through interactive effects, with no independent or weakening relationships observed, indicating Inner Mongolia’s habitat quality changes resulted from complex interactions among geographical, climatic, and anthropogenic factors. Analysis revealed two primary interaction types: bi-factor enhancement (40%) and nonlinear enhancement (60%). Notably, while the dominant individual factors (NDVI, PRE, TEM) maintained strong interactive effects, unexpected synergies emerged—GDP × PRE (2010) surpassed higher-ranked NS × PRE, and NDVI × GDP (2020) outperformed all other combinations, exhibiting 72% q-value enhancement. These findings fundamentally expand our understanding beyond single-factor analysis: (1) although natural factors remain primary drivers, they operate through complex interaction networks that increase explanatory power by 35–50%; (2) anthropogenic factors demonstrate substantially greater influence through synergistic effects than individual impacts alone; and (3) interaction effects explain an additional 22% of spatial variance unaccounted for by single-factor models. This highlights the necessity of adopting an integrated management framework that incorporates these nonlinear synergies, particularly the amplified role of human activities when interacting with climatic variables, to better understand the spatial heterogeneity of ecological restoration outcomes across Inner Mongolia’s diverse ecoregions.






5. Discussion


	
Future research directions based on this study:






In constructing the RSEI index, water bodies were masked to avoid interference with indicators [32,33], consequently excluding aquatic environmental quality from assessment. However, as critical components of ecosystems, water bodies significantly impact ecological environments [34]. Existing studies have demonstrated remote sensing-based monitoring of water [35,36,37,38] and atmospheric parameters [39,40,41]. Future research will incorporate water- and atmosphere-related indices to establish a comprehensive watershed eco-environmental quality evaluation system, enabling holistic assessment of ecological changes in Inner Mongolia.



As a vital ecological barrier in northern China, the Mongolian Plateau’s changes (e.g., desertification, grassland degradation, dust storms) profoundly affect regional ecological security. While progress has been made in RSEI-based studies [42,43,44], future work should focus on integrating multi-source data (e.g., CMlP6 precipitation/temperature projections [45,46]) and incorporating human activity data (NPP-VllRS nighttime lights, mining area interpretation) [47,48,49] to enhance cross-border ecological monitoring and governance capabilities.



	2.

	
Potential practical applications:







The MODlS products used in this study have been academically validated and show reliable accuracy in Inner Mongolia [50,51]. The remote sensing-based habitat quality assessment method offers advantages through diversified data sources and minimal subjective bias, overcoming challenges in obtaining long-term, large-scale regional data. This approach not only provides insights for improving habitat quality in Inner Mongolia but can also be extended to RSEI studies in other regions.




6. Conclusions


This study utilized the Google Earth Engine platform and continuous spatiotemporal MODIS remote sensing data and products to investigate the spatiotemporal evolution of ecological environment quality in Inner Mongolia from 2000 to 2020. Furthermore, the study examined the natural and anthropogenic factors influencing spatial differentiation in the changes in ecological environment quality in Inner Mongolia. The key findings are as follows:




	
The correlation between the RSEI and the NDVI, LST, NDBSI, and WET ecological indices is higher than the correlation between individual ecological indices, indicating that the RSEI can better comprehensively reflect the ecological environment quality in Inner Mongolia. Among these, changes in the NDVI have the greatest impact on the ecological environment quality in Inner Mongolia, while changes in the NDBSI have the smallest impact.



	
From 2000 to 2020, the average RSEI in Inner Mongolia showed an overall upward trend with fluctuations, which has been confirmed as statistically significant at a 95% confidence level. By analyzing the spatial transition matrix, it was found that different ecological positions have shifted over the 20-year period. The major area transitions occurred between adjacent two levels, with the area of improvement greater than the area of deterioration, indicating an overall improvement in ecological quality.



	
In terms of interannual variations, the ecological environment quality in Inner Mongolia showed a non-significant fluctuating upward trend from 2000 to 2020. The areas classified as excellent, good, moderate, relatively poor, and poor, respectively, showed trends of non-significant increase, significant increase, non-significant decrease, and non-significant increase. In terms of spatial distribution, there is a polarization in the ecological environment quality, gradually deteriorating from northeast to southwest.



	
The RSEI demonstrated stronger correlations with individual ecological indicators (NDVI, LST, NDBSI, WET) than between the indicators themselves, confirming its superior comprehensive representation of ecological quality. Among these, NDVI changes exerted the greatest influence on ecological quality, while NDBSI showed the least impact.



	
From 2000 to 2020, the average RSEI in Inner Mongolia showed a significant upward trend with fluctuations (p < 0.05). Spatial transition matrix analysis indicated that changes in ecological quality primarily occurred between adjacent grades, with the area of improvement significantly exceeding that of degradation. Despite periodic fluctuations, the overall ecological quality demonstrated progressive enhancement, suggesting effective implementation of ecological restoration measures across the region.



	
Interannual variation analysis revealed a non-significant but consistent improving trend in overall ecological quality. Notably, areas classified as “Good” experienced significant expansion, while spatial distribution patterns exhibited clear polarization—displaying a distinct northeast-to-southwest degradation gradient. This spatial heterogeneity reflects the varying effectiveness of conservation measures across different ecological zones.



	
Future projections suggest divergent trends: over 50% of regions (predominantly located west of the Greater Khingan Range) may undergo trend reversals, potentially due to climate change impacts and human pressure. Conversely, other areas are projected to maintain their current improvement trajectories, particularly where ecological protection policies have been consistently implemented. Driving factor analysis demonstrated the predominant influence of natural factors (NDVI, precipitation and temperature) on ecological changes. However, human activities exhibited amplified effects through interactive processes (e.g., GDP × precipitation synergy). Remarkably, these interaction effects accounted for an additional 22% of spatial variance beyond what single factors could explain, highlighting the complex nature of ecological quality dynamics in arid and semi-arid environments.
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Figure 1. The geographical location and elevation of Inner Mongolia. 
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Figure 2. Workflow image. 
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Figure 3. Result of principal component analysis. 
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Figure 4. Four-component scatter plot and histogram. 
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Figure 5. Interannual variation trend of RSEI in the study area from 2000 to 2020. 
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Figure 6. Sankey diagram of ecological environment quality grade transfer matrix of Inner Mongolia. 
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Figure 7. Year-by-year spatial distribution of ecological environment quality. 
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Figure 8. Spatial distribution of multi-year average ecological environment quality. 
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Figure 9. Changes in RSEI across leagues and cities of Inner Mongolia (2000–2020). 
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Figure 10. Analysis of the dynamic change trend of RSEI from 2000 to 2020 (RSEI trend, Hurst index). 
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Figure 11. Single-factor detection results. 
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Figure 12. Factor interaction detection results for 2010 and 2020. 
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Table 1. RSEI trend grading reference table.
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|ZMK|

	
Sen (10−4)




	
≥5

	
−5~5

	
≤−5






	
>2.58

	
Highly Significant Improvement

	
virtually unchanged

	
Highly Significant Decrease




	
1.96~2.58

	
Significant Improvement

	
Significant Decrease




	
1.65~1.96

	
Moderate Improvement

	
Moderate Decrease




	
≤1.65

	
Not Significant Improvement

	
Not Significant Decrease











 





Table 2. Reference table for sustainability grading of RSEI changes.






Table 2. Reference table for sustainability grading of RSEI changes.





	
Sen

	
Hurst




	
0~0.45

	
0.45~0.55

	
0.55~1






	
≤−5

	
transition from deterioration to improvement

	
random fluctuations

	
continuous deterioration




	
≥5

	
transition from improvement to deterioration

	
continuous improvement




	
−5~5

	
virtually unchanged

	
virtually unchanged











 





Table 3. Principal component analysis of four factors and first principal component eigenvalue contribution rate.
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Year

	
PCA

	
NDVI

	
LST

	
WET

	
NDBSI

	
Eigenvalues

	
Contribution Rate of Eigenvalues (%)






	
2000

	
PC1

	
0.574

	
−0.679

	
0.417

	
−0.188

	
0.047

	
76.37%




	
PC2

	
−0.415

	
−0.723

	
−0.512

	
0.206

	
0.007

	
11.80%




	
PC3

	
0.702

	
0.128

	
−0.678

	
0.178

	
0.006

	
9.41%




	
PC4

	
−0.073

	
0.002

	
−0.323

	
−0.944

	
0.001

	
2.41%




	
2005

	
PC1

	
0.666

	
−0.597

	
0.424

	
−0.144

	
0.054

	
80.16%




	
PC2

	
−0.581

	
−0.788

	
−0.150

	
0.135

	
0.008

	
9.41%




	
PC3

	
0.454

	
−0.144

	
−0.867

	
0.145

	
0.006

	
8.26%




	
PC4

	
−0.112

	
−0.042

	
−0.214

	
−0.969

	
0.001

	
2.18%




	
2010

	
PC1

	
0.655

	
−0.673

	
0.272

	
−0.210

	
0.068

	
83.04%




	
PC2

	
−0.596

	
−0.737

	
−0.186

	
0.260

	
0.005

	
9.50%




	
PC3

	
0.450

	
−0.013

	
−0.778

	
0.438

	
0.003

	
5.41%




	
PC4

	
−0.114

	
−0.067

	
−0.535

	
−0.835

	
0.001

	
2.06%




	
2015

	
PC1

	
0.482

	
−0.844

	
0.225

	
−0.064

	
0.056

	
85.92%




	
PC2

	
−0.764

	
−0.529

	
−0.277

	
0.245

	
0.004

	
8.13%




	
PC3

	
0.411

	
−0.018

	
−0.877

	
0.250

	
0.003

	
4.94%




	
PC4

	
−0.123

	
−0.086

	
−0.322

	
−0.935

	
0.001

	
1.01%




	
2020

	
PC1

	
0.638

	
−0.703

	
0.304

	
−0.076

	
0.073

	
88.00%




	
PC2

	
−0.587

	
−0.702

	
−0.335

	
0.225

	
0.006

	
7.00%




	
PC3

	
0.478

	
0.046

	
−0.873

	
0.089

	
0.004

	
4.44%




	
PC4

	
−0.142

	
−0.104

	
−0.182

	
−0.967

	
0.000

	
0.56%











 





Table 4. Statistical results of ecological quality area and proportion in Inner Mongolia.
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RSEI Level

	
2000

	
2005

	
2010

	
2015

	
2020




	
Area

	
Proportion

	
Area

	
Proportion

	
Area

	
Proportion

	
Area

	
Proportion

	
Area

	
Proportion






	
Excellent

	
7695.89

	
0.68

	
1810.80

	
0.16

	
5319.22

	
0.47

	
13,580.99

	
1.20

	
78,769.73

	
6.96




	
Good

	
132,640.98

	
11.72

	
137,733.85

	
12.17

	
161,500.58

	
14.27

	
178,589.99

	
15.78

	
420,331.57

	
37.14




	
Moderate

	
319,379.56

	
28.22

	
395,433.09

	
34.94

	
322,887.98

	
28.53

	
395,772.62

	
34.97

	
243,212.85

	
21.49




	
Fair

	
477,824.42

	
42.22

	
407,429.63

	
36.00

	
427,687.94

	
37.79

	
340,882.79

	
30.12

	
208,241.81

	
18.40




	
Poor

	
194,094.95

	
17.15

	
189,454.78

	
16.74

	
214,353.26

	
18.94

	
202,922.59

	
17.93

	
181,306.19

	
16.02








Unit: Area (km2), Proportion (%).













 





Table 5. Changing trend and significance of RSEI in the study area from 2001 to 2020.
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	Region
	Sen
	|Z|
	RSEI Trend





	Hinggan
	70.73
	1.931
	MI



	Hohhot
	27.65
	0.906
	NSI



	Baotou
	15.10
	0.499
	NSI



	Xilin Gol
	27.52
	1.022
	NSI



	Wuhai
	11.09
	0.413
	NSI



	Chifeng
	33.99
	1.207
	NSI



	Tongliao
	48.15
	1.690
	SI



	Ordos
	21.76
	0.870
	NSI



	Alxa
	−6.25
	−0.440
	NSD



	Hulunbuir
	32.30
	1.090
	NSI



	Bayan Nur
	11.29
	0.477
	NSI



	Ulanqab
	27.07
	0.836
	NSI







MI = Moderate Improvement, NSI = Non-Significant Improvement, SI = Significant Improvement, NSD = Non-Significant Decrease.













 





Table 6. Changing trend and significance of RSEI in the study area from 2001 to 2020.






Table 6. Changing trend and significance of RSEI in the study area from 2001 to 2020.





	Type
	Highly Significant Decrease
	Significant Decrease
	Moderate Decrease
	Non-Significant Decrease
	Virtually Unchanged
	Highly Significant Improvement
	Significant Improvement
	Moderate Improvement
	Non-Significant Improvement





	Area/km2
	441.72
	4687.49
	9333.27
	255,233.98
	1279.20
	600,815.30
	89,786.01
	117,613.15
	52,558.87



	Proportion (%)
	0.04%
	0.41%
	0.82%
	22.55%
	0.11%
	53.09%
	7.93%
	10.39%
	4.64%










 





Table 7. Impact factors on ecological environment quality in Inner Mongolia.
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TYPE

	
Factors

	
Abbreviation






	
Geographical factors

	
altitude

	
AL




	
slope

	
SL




	
aspect

	
AS




	
latitude

	
LA




	
longitude

	
LO




	
normalized difference vegetation index

	
NDVI




	
Climate factors

	
air temperature

	
TEM




	
precipitation

	
PRE




	
Humanistic factors

	
gross domestic product

	
GDP




	
population density

	
PD




	
night light intensity

	
NTI
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