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Abstract

:

Accurate estimation of the water conservation is of great significance for ecological red line planning. The water conservation of the Yellow River Basin has a vital influence on the development of the environment and the supply of ecological services in China. However, the existing methods used to estimate water conservation have many disadvantages, such as requiring numerous parameters, a complex calculation model, and using data that is often difficult acquire. It is often hard to provide sufficiently precise parameters and data, resulting in a large amount of calculation time and the difficulties in the study of large scale and long time series. In this study, a time series of the Normalized Difference Vegetation Index (NDVI) was applied to estimate water conservation in two aspects using the idea of wholeness and stratification, respectively. The overall fitting results can explain nearly 30% of the water conservation by partial least squares regression and nearly 50% of it by a support vector machine. However, the results of a stratified simulation showed that water conservation and the NDVI have a certain stratified heterogeneity among different ecosystem types. The optimal fitting result was achieved in a water/wetland ecosystem with the highest coefficient of determination (R2P) of 0.768 by the stratified support vector machine (SVM) model, followed by the forest and grassland ecosystem (both R2P of 0.698). The spatial mapping results showed that this method was most suitable for grassland ecosystem, followed by forest ecosystem. According to the results generated using the NDVI time series data, it is feasible to complete a spatial simulation of water conservation. This research can provide a reference for calculating regional or large-scale water conservation and in ecological red line planning.
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1. Introduction


The Yellow River is often called the mother river of China. For a long period of history, the political, economic, and cultural center of China has always been in the Yellow River Basin [1]. The ecological problems of the Yellow River Basin have a profound impact on the ecological nature of China; hence, these problems have created an important ecological barrier to sound environmental management. The water cycle involves the interception, penetration, and accumulation of precipitation as the unique structure of soil interacts with water and facilitates the regulation of water flow through evapotranspiration. Water conservation mainly involves mitigating surface runoff, replenishing groundwater, slowing the seasonal fluctuations of river flow, holding back floods, addressing drought related issues, and ensuring water quality [2]. Therefore, in this paper, we define water conservation not as the “wise use of water resources” but in the sense of how each ecosystem controls the cycling of water through the ecosystem itself.



The ecological red line is an important institutional innovation in environmental protection in China, which is the bottom line of ecological security, in essence. It refers to the strict protection of spatial boundaries and management limitation in terms of natural ecological service functions, environmental quality safety, and utilization of natural resources in order to maintain national and regional ecological security, sustainable economic and social development, and protect the health of people [2,3,4]. The evaluation of water conservation is one of the most crucial aspect of ecosystem services in this project. The water cycle and water conservation function of the Yellow River Basin have an impact on the ecosystem productivity, nutrient cycling, and functional regulation of water resources in the region, so these topics have attracted much attention in recent years. Many scholars worldwide have published a large number of research results in related fields [5,6,7]. Zhang et al. [8] reviewed the research and progress related to the concept of water conservation, summarized its main manifestations, and introduced methods used to measure water storage. Lü et al. [9] evaluated the spatial and temporal changes of water yield and water conservation in Sanjiangyuan National Park based on the InVEST model. Bai et al. [10] explored the methods used to designate an ecologic red line that has a strong support of water conservation and is based on remote sensing, meteorological and solar radiation data, and so on using a combination of GIS (Geographic Information System) technology and the regional water balance method.



However, the above studies have obvious deficiencies: a large amount of environmental variable data is usually required, and while some of the data such as evapotranspiration, the volumetric plant available water content, the plant available water content, the minimum of root restricting layer depth and vegetation rooting depth, and so on are difficult to obtain accurately. Even if they can be measured, it is difficult to obtain these data accurately over a large-scale area for a long term. Moreover, the complexity of most water conservation simulation models also makes it difficult to estimate how water can be conserved. In fact, water conservation is the result of the combined effects of several environmental factors over a long period of time, rather than the temporary state of these environmental variables. From a certain perspective, the total amount of water available in any single year should be the result of years of cumulative processes. Therefore, a time series of environmental variables is of great significance for the analysis of water conservation. Unfortunately, most studies on water conservation have not considered the influence of time on it and have not discussed the relationship between long time series environmental variables and water conservation.



The Normalized Difference Vegetation Index (NDVI) provides a good indicator that is useful for identifying long-term changes in vegetation and vegetative conditions [11,12,13,14,15]. A change of the NDVI can allow researchers to distinguish vegetation from other surface covers, such as cloud, water, snow, and bare soil. Vegetation intercepts and stores water, which helps in regulating water availability and conservation. Therefore, from the perspective of vegetation, a biomass may have a significant relationship with water conservation, and it could be used for the analysis and modeling of water. Aguilar et al. [16] applied the NDVI as an indicator for changes in water availability to woody vegetation. Joiner et al. [17] explored the global relationships among the NDVI, evapotranspiration (ET), and soil moisture variability on weekly timescales and found that they were significantly correlated. Fu and Burgher [11] used a regression tree analysis to investigate the NDVI dynamics of riparian vegetation and its relationship with the climate, surface water, and groundwater. However, only considering the NDVI at a certain point of time may not provide an ideal result. Meanwhile, many studies have shown that the sequential feature of a NDVI time series data could reveal more information [18,19,20]. Therefore, in this article, we use time series NDVI data to analyze water conservation and explore its relationship with a NDVI time series.



Wang et al. [21] andWang et al. [22] developed a Geodetector for the stratified heterogeneity of spatial geographic phenomena to reveal its properties in different strata. Many studies have used a Geodetector to detect the spatial drivers of environmental variables such as vegetation [23,24,25,26] and achieved good results. Water conservation and the NDVI both vary among different ecosystem types. Using a Geodetector to explore the water use/conservation and NDVI among different ecosystem types can help clarify their relationships more clearly and will help researchers to build more accurate models.



Generally, this article has the following goals:



(1) Explore the relationship between the NDVI time series and water use/conservation and use this relationship for the modeling and estimation of water use.



(2) Discuss the stratified heterogeneity of the NDVI and water use/conservation among different ecosystem types.



(3) Carry out a stratified modeling estimation of water use/conservation and reveal the most suitable type of this method.




2. Materials and Methods


2.1. Study Area


The Yellow River, the great river in Northern China, is about 5464-km-long with a basin area of about 752,400km2. The basin spans the western, central, and eastern parts of China. The western river source area, with an average elevation of more than 4000 m, is composed of a series of high mountains with perennial snow cover and developed glacial landforms. The central region, with an elevation of 1000–2000 m, is a loess landform that frequently experiences serious soil erosion. Meanwhile, the eastern part is mainly composed of the Yellow River alluvial plain. The Yellow River Basin has sufficient sunshine with strong solar radiation, where annual sunshine hours are generally between 2000 and 3300 hours. The annual temperature difference in the Yellow River Basin is relatively large. Generally, the area north of 37°N has temperatures between 31–37°C, while temperatures in the area south of 37°N mostly range between 21–31°C. The annual precipitation in most areas falls between 200 and 650 mm, with more than 650 mm in the southern part of the middle, upper reaches, and lower sides of the river, and it can even reach 700–1000 mm in some areas. Water use and conservation in the Yellow River Basin have an important effect on the development of the environment and the supply of ecological services water and the landscape in China. The spatial location of this study area, Yellow River Basin, and its ecosystem types are shown in Figure 1.




2.2. Data Acquisition


2.2.1. Evapotranspiration Data


Evapotranspiration data were acquired from the Moderate-resolution Imaging Spectroradiometer (MODIS) Global Evapotranspiration Project (MOD16) (https://ladsweb.modaps.eosdis.nasa.gov, accessed on 18 February 2021). This dataset is an 8-days composite product that includes five layers: total ET, average latent heat flux (LE), total potential evapotranspiration (PET), average potential latent heat flux (PLE), and evapotranspiration quality control flags (ET_QC), which are regular land surface ET datasets for the 109.03 million km2 produced at a 500-m resolution [27,28]. We downloaded all the data between 1 January 2019 and 31 December 2019, mainly using the first layer.




2.2.2. Precipitation Data


Precipitation data came from Global Precipitation Measurement (GPM) IMERG Final Precipitation V06 at Level 3 with a temporal resolution of 1 month and a spatial resolution 0.1° × 0.1° from the Goddard Earth Sciences Data and Information Services Center (GES DISC) (https://disc.gsfc.nasa.gov/, accessed on 18 February 2021) [29,30]. The unit is in mm/h, and it required a further conversion. Similarly, all data from this dataset in 2019 were downloaded in order to operate a calculation.




2.2.3. Normalized Difference Vegetation Index (NDVI) Time Series Data


We collected a NDVI dataset from MODIS (MOD13Q1 series) on the official website of the US National Aeronautics and Space Administration (https://ladsweb.modaps.eosdis.nasa.gov/search/, accessed on 18 February 2021). This dataset was provided every 16 days at a 250-m spatial resolution as a Level 3 data product. This MOD13Q1 product provides 16 layers with two primary vegetation layers: Normalized Difference Vegetation Index (NDVI) and an Enhanced Vegetation Index [31,32]. For this study, we downloaded NDVI data in the study area acquired between 2000 and 2019, including a total of 2285 images, as long as 457 issues and 20 years for the modeling analysis, which developed a long time series to predict the water conservation in the last year (2019).




2.2.4. Other Auxiliary Data


In addition to the data mentioned above, other auxiliary data were also collected. The ecosystem type dataset was downloaded from the Resource and Environment Data Cloud Platform (http://www.resdc.cn/Default.aspx, accessed on 18 February 2021). This dataset divides the terrestrial ecosystems of China into seven ecosystem categories: farmland, forest, grassland, water/wetland, desert, settlement, and other ecosystem types (Figure 1). In addition, the spatial range vector data and the administrative boundary data of the Yellow River Basin were also required.





2.3. Data Processing


All ET and NDVI data were processed using the MODIS Reprojection Tool batch process of the image mosaic and reprojection with the same spatial reference. Precipitation data (with the data format NetCDF) were processed, including defining their spatial reference and by exporting the data to a TIFF format. All the raster data were clipped to the study area.



For the modeling analysis, 3500 sample points were randomly established throughout the study area (500 points for each ecosystem type; Figure 2). For the selection of the number of sample points, we used 200, 300, 500, and 1000 for each ecosystem type for various simulations. Finally, in consideration of model accuracy and calculation cost, 500 points for each ecosystem type were ultimately used here (the specific simulation results can be found in Table A1 of Appendix A).



The specific research process can be seen in a diagram in Figure 3.




2.4. Water Conservation Calculated by A Water Balance Equation


Water conservation means that the ecosystem intercepts and accumulates precipitation as it penetrates the soil through the ecosystem’s unique structural interaction with water; the ecosystem operates the regulation of water flow and the water cycle through evapotranspiration [2,33]. The existence of water conservation can help an ecosystem to retain precipitation, regulate runoff, affect rainfall, and improve water quality [6]. Guidelines for delineating red lines for ecological protection provide a recognized and relatively accurate calculation model for water conservation:


  T Q =     ∑   i = 1  j   (   P i  −  R i  − E  T i   )  ×  A i  ×   10  3   



(1)




where TQ is the total content of water conservation (m3),    P i    is the annual precipitation,    R i     is the surface runoff (mm),   E  T i    is the evapotranspiration (mm),    A i    is the ecosystem area of type i, i is the ecosystem type i in the study area, and j is the number of ecosystem types in the study area. The surface runoff is calculated according to


  R = P   ×   α  



(2)




where R means surface runoff (mm), P is annual precipitation, and  α  is the surface runoff coefficient. Specific coefficient values can be seen in Table 1.
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Table 1. Surface runoff coefficient for each ecosystem [2,34,35].






Table 1. Surface runoff coefficient for each ecosystem [2,34,35].





	Ecosystem Type
	Surface Runoff Coefficient





	1. Farmland
	0.43500



	2. Forest
	0.05912



	3. Grassland
	0.06842



	4. Water/wetland
	0.00000



	5. Desert
	0.48661



	6. Settlement
	0.64200



	7. Other ecosystems
	0.60000








All factors were unified into the grid data with a resolution of 250 m. The ecosystem water conservation was calculated according to the above formulas.




2.5. Relationship between NDVI and Water Conservation


The correlation between the water conservation and NDVI time series data, as represented by the Pearson correlation coefficient (r), was calculated based on the Equations (3) and (4).


  ρ  (  x , y  )  =   c o v  (  x , y  )     σ x  ·  σ y     



(3)






  r =     ∑  i n   (   x i  −  x ¯   )   (   y i  −  y ¯   )        ∑  i n     (   x i  −  x ¯   )   2        ∑  i n     (   y i  −  y ¯   )   2       



(4)




where x is the NDVI data (from −1 to 1), y is the amount water conservation (m3), and n the number of sequential sets.




2.6. Geodetector Software


We used R Geodetector software, which was developed by Wang et al. [22] to analyze the stratified heterogeneity (SH) of water conservation and the NDVI with different ecosystem types. This software can be downloaded for free from http://www.geodetector.cn/ (accessed on 18 February 2021). Geodetector is a statistical tool used to measure the SH and to explore the determinants of SH [36]. Its tasks can be accomplished by the Geodetector q-statistic:


  q = 1 −       ∑   h = 1  L   N h   σ h 2    N  σ 2     



(5)




where q means the degree of SH for factor X (ecosystem types) on water conservation and the NDVI, and N and σ2 stand for the number of ecosystem types and the variance of Y (water conservation and NDVI) in this study area, respectively. H is the number of classification or strata of factor Y or X. The value of q is strictly within [0, 1]. If Y is stratified by Y itself, then q = 0 indicates that Y is absent of SH, q = 1 indicates that Y is SH perfectly, and 100% × q measures the degree of SH of Y. If Y is stratified by an explanatory variable X, then q = 0 indicates that there is no coupling between Y and X, q = 1 indicates that Y is completely determined by X, and X explains 100% × q of Y. Please note that the q-statistic measures the relationship between X and Y, both linearly and nonlinearly [21,22,36].




2.7. Model Establishment


A Python batch program was used to extract all the NDVI time series data values and water conservation values to the point for modeling. In order to validate the accuracy of models, the dataset was divided into training (70%) and testing (30%) data.



2.7.1. Partial Least Squares Regression (PLSR) Model


Machine learning methods first proposed by Turing can effectively solve the collinearity problems existing in environmental variables, so that the estimation models can accurately represent the effects in the real world. Partial least squares regression (PLSR), as proposed by Wold et al. [37], is a multivariate statistical analysis method. It integrates the advantages of multiple linear regression, principal component, and typical correlation analysis methods. In other words, the PLSR can reduce the complete set of variable information (containing noise and repetitive information) to a smaller number of noncorrelated components (latent variables) that contain the most useful information [38] in order to effectively solve the problem of multicollinearity among dependent variables. It can discard irrelevant, redundant, and unstable information and use the most relevant X variable for regression analysis [39,40]. Thus, it enables the water conservation estimation model to become more stable and to produce a better estimate. The detailed theory were discussed by Wold et al. [37].




2.7.2. SVM (Support Vector Machine) Model


An SVR is a machine learning approach based on support vector machines invented by Vapnik [41]; this is a kernel-based learning method from statistical learning theory, which is suited for small input sampling sizes [42]. It is based on the computation of a linear regression function in a multidimensional feature space. The linear model created in the new space can represent a nonlinear decision boundary in the original space [43]. Its advantage is that it allows the mapping of an original nonlinear function into a higher dimensional feature space where the function can be treated as a linear function [42]. The SVMs used for regression are designed to create an optimal hyperplane that can separate class and create the widest margin between their data or that can fit data and predict with minimal empirical risk and complexity of the modeling function [44]. This method has been widely applied in regression and forecasting in various fields, such as agriculture, meteorology, and environmental monitoring studies [45,46,47].





2.8. Accuracy Validation


The validation datasets were used to analyze the estimative performance of the models for comparing the estimated results and identifying the optimal model. The accuracy of models was assessed by the root mean square error (RMSE) and coefficient of determination (R2) as the performance indicators. The RMSE statistic was used to evaluate the consistency between the estimated values from the estimated models and the original value calculated by the water conservation model where R2 reflects the degree of fitting between the estimated and calculated original values.



These indices were calculated as follows:


  RMSE =    1 n      ∑   i = 1  n     (   C i  −  M i   )   2  ,    



(6)






   R 2  =     ∑  i n     (   M i  −      C i   ¯   )   2      ∑  i n     (   C i  −    C i   ¯   )   2    ,  



(7)




where    C i     and    M i    are the calculated and estimated water conservation values at site  i , respectively, n is the total amount of modeling data, 3500,   C o v   indicates the covariance between the calculated and estimated values,   V a r   is the variance between the calculated and estimated values, and       C i   ¯    is the average value of the calculated water conservation.





3. Results


3.1. Relationship between Water Conservation and NDVI Time Series


The correlation analysis results of the water conservation content and time series NDVI by the Pearson correlation coefficient (r) are presented in Figure 4. Overall, the correlation between the NDVI and water conservation shows a periodic fluctuation over 20 years. For the total data, the correlation basically peaked in April (04) or May (05) (2000.04, 2001.04, 2002.04, 2003.04, 2004.04, 2005.04, 2006.04, 2007.04, 2008.04, 2009.04, 2010.05, 2011.04, 2012.04, 2013.04, 2014.05, 2015.04, 2016.04, 2017.04, 2018.04, and 2019.04), which indicated that a significant positive correlation existed between the water conservation content and NDVI time series data during these time periods. The correlation fell to its lowest value (close to 0) mostly in the winter (2000.12, 2001.01, 2002.12, 2003.02, 2004.01, 2005.01, 2006.01, 2007.12, 2008.02, 2009.12, 2010.01, 2011.01, 2012.11, 2013.01, 2014.02, 2015.02, 2016.11, 2017.12, 2018.01, and 2019.02), when the correlation between the water conservation and NDVI reached its lowest value.



However, when the complete set of data was stratified by ecosystem type, the results of the correlation analysis varied. The correlation coefficient after stratification still showed a periodic fluctuation over time but was different in the details. For farmland, its situation was similar to the complete set of data, but it peaked in the spring and fall, with lows in the summer. This phenomenon may be related to the properties of crops. The correlation between water conservation and the NDVI for forests was lower than that of the complete set of data. The correlation peaked in the spring and autumn in forests much the same way it did in the farmland ecosystem, while the lowest values for forests had no obvious regularity. For the grassland ecosystem, its correlation coefficient was the highest among these stratified ecosystem types, exhibiting the most significant positive correlation between water conservation and the NDVI time series. With the exception of 2000, 2008, and 2019, almost all of the extreme values for the correlations were above zero. The highest values mostly occurred in the summer and autumn, while the lowest values occurred in the winter, spring, and, infrequently, in the autumn. The water and wetland ecosystem showed an opposite result to that of other types, where the correlation was basically less than zero, indicating that the NDVI time series is negatively correlated with water conservation. The desert ecosystem situation was similar to the one of farmland, most of which were positively correlated, with the peaks occurring in the spring and autumn and the correlation basically being insignificant in the summer. The last two ecosystems (settlements and other ecosystems) were similar, with low correlations and small insignificant fluctuations around 0.



In general, the grassland (significantly positive correlation) and water and wetland ecosystems (significantly negative correlations) had the highest correlations, followed by farmland, forest, and desert ecosystems in which the correlation was associated with the vegetation status. Not surprisingly, the correlation of the settlement and other ecosystems was the lowest.



This result indicated that a correlation exists between the NDVI time series data and water conservation, which showed different states with the stratification of the ecosystem types. In addition, it also demonstrated that the NDVI data may strongly affect the water conservation content and can be used to estimate the spatial distribution of water conservation. At the same time, the stratified estimation of water conservation based on ecosystem types should also be discussed.




3.2. Geodetector Analysis


The stratified heterogeneity of water conservation and the NDVI in different ecosystem types was explored by using Geodetector (Table 2, Figure 5, and Figure 6). The q-statistic values, 0.323 and 0.359, showed that there are certain differences in the water conservation and NDVI values among the different ecosystem types, respectively. They also all satisfied the significance test of p < 0.05, which demonstrated that the stratified heterogeneity of water conservation and the NDVI at this level was significant.



The average water conservation values were higher in the grassland, water and wetland, and desert ecosystems but lower in the farmland, settlement, and other ecosystems (Figure 5). Similarly, the same analysis provided slightly differences in the NDVI, whose mean values were higher in the farmland, forest, grassland, and desert ecosystems but were lower in the settlement and other ecosystems. From this result, it can be seen that water conservation and the NDVI in the grassland, desert, settlement, and other ecosystems varied in coordination—a high NDVI value was accompanied by having a high water conservation value, while a low NDVI value was accompanied by a low water conservation value. The other three ecosystems (farmland and forest, along with water and wetland ecosystems) had opposite values—high NDVIs contrasted with low water conservation, while low NDVIs were accompanied by high water conservation. In fact, it is not difficult to understand that the lush vegetation of farmland and forests can store water but, without adequate precipitation, would also deplete water resources. The water and wetland ecosystem has many areas of open water; therefore, the water conservation values must be very high, and the NDVI values will be reduced accordingly. However, vegetation is scarce in the desert, settlement, and other ecosystems. As long as vegetation exists, it will be able to hold some water, which is why the water conservation values of these areas depend on the NDVI. These three ecosystems have less vegetation than the other areas, and therefore, they resulted in the lowest water conservation values. In summary, grasslands had the best water conservation in this study, and the existence of vegetation in a grassland can improve the water conservation.



Figure 6 showed the significant differences between water conservation and mean of the NDVI values for each pair of ecosystem types. As can be seen in Figure 6, for water conservation, a significant difference exists (p < 0.05) between each two ecosystem types. This suggested that there are some differences in water conservation between different ecosystem types, which means water conservation has obvious spatial stratified heterogeneity in the seven different ecosystem types. For what concerns the mean of the NDVI, the significant difference between different strata is not as clear as for water conservation. No significant difference exists between the grassland and desert ecosystems (Figure 6b). Simultaneously, although it is not possible to distinguish the grassland from the desert ecosystems in this study, based on the NDVI results by the risk detector (extensive greening has been carried out for desertification control), the effects of water conservation need to accumulate over a long period of time to make it easy to distinguish them through their difference in water conservation. This further indicated that water conservation has a cumulative effect over a long time. Despite this, the differences among the other types for NDVI were significant, indicating that NDVI has stratified heterogeneity among different ecosystem types. This result also verified the factor detector in Table 2.



In general, both water conservation and the NDVI have a certain amount of stratified heterogeneity among different ecosystem types, indicating that the water conservation and NDVI in different ecosystem types are different, which may lead to variances in their relationship. This can also be seen in Figure 4. Therefore, it is necessary to stratify the overall data based on the ecosystem type for modeling.




3.3. Prediction of Water Conservation by Different Predictive Models


3.3.1. Overall Model Prediction Results


First, all sample points were divided into calibration (70%) and validation (30%) sets for PLSR and SVM modeling, respectively. The results are shown in Figure 7 and Table 3. The SVM model had superior calculation accuracy compared with the PLSR results. After testing the model with 30% of the data (validation data), it was found that the SVM method with R2P (the coefficient of determination for the predictive results) = 0.528 and RMSEP (the root mean square error of the predictive results) = 6308 represented a higher predictive precision than the PLSR method. Simultaneously, a scatter diagram also showed that the scatter points were more aggregated around the fit line, which suggested that the SVM prediction point was closer to the calculated value of water conservation (Figure 7). However, even with this optimization, we can still see that there were many scattered points that were not well-fitted, suggesting that not all of the data was suitable for this model. It can be seen that stratified modeling of the overall data was necessary in this study.




3.3.2. Stratified Model Prediction Results


In order to explore the effects of stratified heterogeneity among different ecosystem types on the model accuracy, stratified PLSR and SVM models were conducted for different types. Figure 8 and Table 4 show the modeling effects of these two models for different types of ecosystem strata. Similarly, in general, the SVM fitting effect is better than the PLSR. However, for different ecosystem types, more detailed information revealed that the forest, grassland, and water and wetland ecosystems have better stratification effects than the others, and their accuracy exceeded the one of the overall fitting model. It can also be seen from the scatter plot that the prediction points of the forest, grassland, and water and wetland ecosystems are closer to the fitting line. Especially for the SVM method, the scatter points are basically concentrated along the fitting line. Unfortunately, the prediction accuracy of the stratified models in the farmland, desert, and other ecosystems were not high, and they were even lower than those of the overall data model.





3.4. Digital Mapping of Water Conservation


The spatial output, in the form of digital water conservation maps, were mapped using the aforementioned models (Figure 9). Broadly speaking, the maps were somewhat similar, and all maps showed a strong spatial variation of water conservation. High predicted water conservation values occurred in the western, southern, and eastern parts of the study area. These results were basically consistent with the spatial distribution calculated by the water conservation formula, although slight differences were found in some details. First, it is possible to see that the four simulation results are not significantly different from the water conservation results calculated by the original formula (Figure 9a) in all the areas except the southwestern part of the study area. For the four simulation results, higher values were suppressed in the southwestern part, and the lower water conservation values were found there. Secondly, in other areas except the southwest corner, the spatial pattern of water conservation simulated by the stratified SVM method (Figure 9b) was the closest to the original results. As for the stratified PLSR method (Figure 9c), its results presented slightly higher water conservation values in the western part of the study area. Moreover, for what concerns the overall models (Figure 9d,e), both the SVM and PLSR had lower water conservation values in the entire study area when compared with other results. By further comparing the results of the SVM (Figure 9d) and PLSR (Figure 9e) in the overall model, it can be seen that the value in the western part of the study region was lower when using the overall SVM method, while its distribution pattern of water conservation in the eastern part was closer to the original results than that of the overall PLSR method. In summary, these simulation results can well-estimate the original distribution of water conservation in most areas, among which the hierarchical SVM method performed best.





4. Discussion


4.1. Comparison of the Estimated Results of Different Models


The present study involved an overall data fitting estimation and a stratified data fitting estimation for water conservation via the PLSR and SVM models, respectively. Generally, all these methods could explain the spatial variance of water conservation to some extent. In fact, the mapping results using the stratified model was not very different from the overall model, as shown by the standardized residuals maps (Figure 10 (1, 2, 3, and 4)). They all showed that more than 95.45% of all the mapping pixels were between −2 and 2, indicating that the model provided good results. Nevertheless, a closer look at the details showed that the stratified model can increase the proportion of standardized residuals in the range of −2 to 2, while the ratio is lower with doubtful values (Figure 10 1.2, 2.2, 3.2, 4.2, and the statistical chart). However, its ratio of standardized residuals between −1 and 1 (0.620 of SVM and 0.612 of PLSR; pixel ratio < 0.6827) was not as high as for the overall model (0.720 of SVM and 0.744 of PLSR; pixel ratio > 0.6827). In addition, the proportion of abnormal values was also higher than for the overall model (Figure 10 1.1, 2.1, 3.1, 4.1, and the statistical chart). Despite this, from the residual analysis of these four results, it is feasible to apply the NDVI time series data to estimate the water conservation.



It is worth paying attention to that, after implementing SVM and PLSR for mapping, the results were also somewhat surprising. In Section 3.3.1, the overall data fitting results showed that NDVI time series data in the PLSR model can explain 0.346 of the water conservation, but the SVM can explain 0.528, which indicated that the SVM was better than the PLSR. This was also evident in the stratified model, where the fitting results of the SVM performed better than those of the PLSR in almost every ecosystem type (Table 4 and Figure 8). However, when mapping the entire study region using the SVM model, compared with the PLSR model, the SVM showed some uncertainty of estimation when using a large amount of data. Based on Figure 10 (3.3, 3.4, and the statistical chart), the pixel ratio of the SVM mapping results with the standardized residuals between −2 and 2 in the overall method was lower than that of the PLSR, and the ratio of the doubtful and abnormal values were higher than the PLSR. Fortunately, this uncertainty was markedly reduced in the stratified method, as can be seen in Figure 10 (1.3, 2.3, and the statistical chart). This can be interpreted as a reduction of the amount of data by the stratified model during each operation, thus ensuring a better performance of the SVM.



From the perspective of the spatial distribution of the standardized residuals, it was not difficult to find that most areas fell within the interval of −2 to 2. When the requirements of accuracy were further improved, in the stratified model, parts of southwest were excluded from the interval of −1 to 1, while, in the overall model, some parts of the south and northeast were also excluded. As for the spatial distribution of the doubtful and abnormal values, all results obtained by the four methods showed an analogous and a relatively balanced pattern.



In general, a good estimate of water conservation can be achieved using the NDVI time series data with these four methods. Each of them has its own advantages. The stratified methods can make the standardized residual of the pixel values more concentrated in the interval of −2 to 2 and reduce the percentage of the doubtful values. The overall methods are conducive to concentrating more data between −1 and 1 and reducing the percentage of abnormal values. Then, the SVM can produce a model with excellent fitting, but it is not suitable for estimation of large areas and big data. In contrast, although the PLSR has a weak performance in fitting the model, it can withstand the test of big data operation simulation and achieve good results.




4.2. Residual Interpretation of Estimated Results under Different Ecosystem Types


In this study, the overall and stratified models were both applied to verify whether the stratified heterogeneity of water conservation and the NDVI would affect the model estimation effect. The results suggest that the stratified heterogeneity did lead to the differentiation of the fitting effects among different ecosystem strata. Compared with the overall model, the stratified model was more explicit in the applicability of using the NDVI time series to estimate water conservation in different ecosystem types. Simultaneously, in order to inspect the errors generated in the mapping results by the above models among different ecosystem types, the statistics of the standardized residuals among the different ecosystem types were also analyzed. Figure 11 shows the ratio of the pixel number with the standardized residuals between −1 and 1 (Figure 11a), −2 and 2 (Figure 11b), doubtful values (Figure 11c), and abnormal values (Figure 11d) in the different ecosystem types to the total pixels in the entire study area. It can be discovered that the standardized residuals between −2 and 2 were mainly derived from the farmland, forest, and grassland ecosystems; the grassland ecosystem, in particular, had the largest proportion (Figure 11b). In this subfigure (Figure 11b), the distribution of the standardized residuals (−2 to 2) of both the overall and stratified models were not significantly different among each ecosystem type; however, the situation was different when the interval was reduced to −1 to 1 (Figure 11a). In the interval of −1 to 1 of the standardized residuals, the first three ecosystems still made major contributions in both the overall and stratified methods. Nevertheless, when compared with the stratified model, the overall model highlighted the contribution of the grassland ecosystem and inhibited the contribution of the farmland ecosystem. Obviously, in this interval, the stratified model gave play more evenly to the contribution of the three ecosystem types having greater amounts of vegetation cover.



For doubtful values, a little difference was observed between the overall and stratified methods, except that the overall model resulted in more doubtful pixels in farmland. This result can also be mutually verified with the previous results (Figure 7 and Table 3), by which the overall model may not be able to give full play to the estimation ability of the NDVI time series data in farmland on water conservation. The distribution trends for the abnormal values of the two methods among the ecosystem types were generally consistent, but the proportions of the overall models were smaller. In addition, it should be mentioned that no matter which interval or which model was used, the difference between the SVM and PLSR was not very obvious.



In general, the ecosystems with better vegetation conditions, such as forests and grasslands, had better results for water conservation mapping using the NDVI time series, which is especially true for the stratified models (Figure 8 and Table 4). Surprisingly, the above models on the fitting effects performed almost as well in the water and wetland ecosystem as in these vegetation-covered areas, even sometimes exceeding their accuracy (Table 4). This result can be inferred from the correlation between the NDVI time series and water conservation in the water and wetland ecosystem, which promoted the fitting results by a relatively stronger continuous complete negative correlation (Figure 4). However, this good effect of the water/wetland ecosystem was not apparent when mapping in a large scale (Figure 11). Moreover, for the desert, settlement, and other ecosystems with poor vegetation conditions, this approach was not suitable; sometimes, the stratified model was even less effective than the overall model. This was reflected in both fitting the estimation results and in the mapping effect. The stratified method was more suitable for individual vegetation-covered ecosystem types, while its estimation of water conservation within a large area of mixed ecosystem types was less effective than the overall method. This is also easy to understand. After all, the stratified model mainly excavates the interpretation degree of the NDVI time series data in each ecosystem for water conservation. However, in the overall model, because all the data are not stratified, the parts with a better fitting effect can improve the accuracy of the overall model, depending on the function of an optimal fitting algorithm. In addition, it is worth mentioning that, among the first three ecosystem types, grassland had the best accuracy, forest came second, and farmland was relatively worse. This may be explained by the fact that, in grassland ecosystems, the presence of vegetation helps to conserve water but not in forest ecosystems. In fact, many studies have suggested that forests may consume more water than grasslands [11,17,48]. When the vegetation in a forest is very dense, it needs to absorb a large amount of water to support its growth; however, the larger leaf area leads to more water evaporation. Therefore, despite its high NDVI values, the ability of a forest to conserve water is not as good as the one of a grassland.



Due to the great difference in the number of pixels for each ecosystem type, the results may be biased to only consider the ratio of the number of pixels in each interval of the different ecosystem types to the total number of pixels in the entire area. Based on this, the ratio of standardized residuals of the different intervals within each ecosystem were calculated (Figure 12). First, for the stratified method, the ratio of standardized residuals in the interval of −2 to 2 within the farmland, forest, grassland, settlement, and other ecosystems were all > 95.45%, indicating that this method is feasible for water conservation mapping in these types. Similarly, these types also passed the 95.45% test in the overall model, except for the farmland ecosystem. It can be also found from Figure 12 (3.1 and 4.1) that the proportions of doubtful and abnormal values of farmland in the overall model were significantly larger than that of the stratified model. As previously concluded, the overall model was less able to optimize the data for the estimation of water conservation in the farmland ecosystem. Secondly, for the water and wetland ecosystem and the desert ecosystem, the ratio of standardized residuals between −2 and 2 did not reach 95.45%; in addition, the ratios of doubtful and abnormal values within these two ecosystems were higher than in other ecosystems, suggesting this method may not be suitable for these two ecosystems. It is interesting to note that, as mentioned above, the models in the water/wetland ecosystem often achieved a good fitting effect. However, it can be deduced from the results of the standardized residual analysis (Figure 12) that this method is not recommended for mapping water conservation in a large-scale water/wetland ecosystem with a large amount of running data. Finally, as before, the results of the SVM and PLSR methods in this part of the analysis were slightly, but not obviously, different.



Analyzing the proportion of standardized residuals within each ecosystem can facilitate a better realization of the feasibility and applicability of the water conservation mapping in every ecosystem using NDVI time series data. Although it was found from the model fitting accuracy (Figure 8 and Table 4) that not all of the ecosystems were suitable for this method (especially those without vegetation cover, which had low accuracy), when applied to large-scale mapping, this method showed that most ecosystem were reasonable when using this approach.




4.3. The Basic Theory of Water Conservation Estimation Using the NDVI


It is well-known that the NDVI can represent the growth status, coverage, and biomass of vegetation very well. For most vegetation-covered areas, such as grassland and forest, compared with other land types, these vegetation types can intercept precipitation and store water [8]. Thus, the presence of vegetation increases the surface roughness and reduces the surface runoff, allowing the system to preserve more water [49]. In addition, if the land surface is covered by vegetation for a long time, the physical and chemical properties of the soil will change, which is conducive to the adsorption and storage of water by soil. From this perspective, vegetation-covered areas are more capable of conserving water than areas with less vegetation. In other words, the NDVI is related to water conservation and can be used to indicate the amount of water conservation in an area to a certain extent. In response to this conjecture, the capacity of several major ecosystem types to conserve water based on NDVI time series data was estimated and verified in this study. The above results validate this idea quite well. The estimated results were fairly excellent for the areas covered by vegetation, but for the areas with scarce or no vegetation cover, some uncertainty exists about whether this idea was valid. Therefore, we suggest that in grasslands and forests with a good vegetation status, the water conservation can be directly estimated by using NDVI time series data, which avoids the need to collect large amounts of complex environmental data that are required for other methods. In these areas, the advantages of the NDVI, such as being easily accessible, having simple calculations, and providing full coverage with suitable spatial and temporal resolutions, the direct use of the NDVI time series for predicting water conservation can allow researchers to quickly obtain satisfactory and acceptable results.



In addition, it is worth mentioning that some researchers believe that water conservation is related to topography [9,50,51,52,53,54]. In this paper, the estimation of water conservation based on the NDVI time series data did not take topography into account. However, surprisingly, the distribution of errors was not directly related to the terrain, as seen from the standardized residuals. Therefore, in this study, from the view that topography is not the main factor influencing the error control of the water conservation function, for now, we did not consider the topography. Of course, this does not mean that the topographic factors are not important for water conservation. In fact, considering the terrain is of great significance in the relevant research related to water conservation, and the effects of the terrain area are also worth further exploring in the future.




4.4. Inadequacies and Limitations


The present study has some shortcomings. For example, unfortunately, based on the digital maps (Figure 9), although our estimated results were very similar to the results of the original method, gaps still remained (such as in the southwest corner of the study area); these may be caused by data errors and need to be further explored. In addition, although we were trying to improve the prediction accuracy of these models (the accuracy did improve after several improvements), it is undeniable that none of our fitting results exceeded 0.8. There are many reasons for this. First of all, the accuracy validation we made was a relative comparison with the calculation results of the traditional water balance equation, which is likely to result in errors. Secondly, there were many uncertain factors influencing the water conservation. For example, the loss, storage, and evaporation of water all have different complex mechanisms in different land surfaces and ecosystems. Even in those good-fitting effect areas with vegetation coverage, the interaction among the soil, vegetation, and water is also very complex. Thus, from this perspective, remote sensing is limited in the prediction of water conservation. However, the standardized residual analysis showed that these methods passed the verification and qualified for spatial mapping of water conservation in the study area. The remote sensing product time series data can really solve the problem of it being difficult to collect and obtain accurate data for the complex modeling of traditional methods effectively. Especially for large-scale regional ecological planning and management, which requires rapid mapping of the water conservation but relatively low precision, this is particularly applicable.



In general, the practical significance of our research is considered from two aspects: (1) exploring whether the NDVI time series can play an important role as an alternative factor when mapping large-scale water conservation and (2) when land surface is covered by vegetation, it can provide a method to indirectly evaluate water conservation via the vegetation index time series data. All in all, the above results demonstrated the feasibility of our method. The results of the present study will be helpful towards the scientific evaluation and quantitative management of regional water resources. However, we have to suggest that this paper only used the NDVI to prove the effect and function of the long time series of the vegetation index on water conservation, while, in fact, there may be other better vegetation indexes waiting to be applied in the future. In addition, only the PLSR and SVM were used in this study, and more effective methods should be studied in the following research to obtain better accuracy.





5. Conclusions


In this study, NDVI time series data were employed to model and analyze water conservation via the PLSR and SVM models by performing both overall and stratified fitting. The overall fitting results show that the NDVI in the PLSR model can explain 0.346 of water conservation, but the SVM can explain 0.528. The stratified results, considering stratified heterogeneity, showed that, for the areas with good vegetation cover (such as forest and grass ecosystems), adopting this method will achieve better results in the estimation fitting of water conservation. However, areas with severe vegetation degradation or no vegetation cover may result in instability and uncertainty with this method. From the obtained spatial digital maps of water conservation, these methods can also describe the variance in water conservation. In addition, the ability to use a long NDVI time series in the spatial simulation of water conservation was also confirmed. This will be of great significance for the scientific study of water conservation in the future.
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Table A1. The model estimated results of the different sample points for each ecosystem.






Table A1. The model estimated results of the different sample points for each ecosystem.





	
Sample Number for Each Ecosystem

	
Overall Model Accuracy

	
Stratified Model Accuracy




	
RMSE

	
R2

	
RMSE

	
R2




	
PLSR

	
SVM

	
PLSR

	
SVM

	
PLSR

	
SVM

	
PLSR

	
SVM






	
200

	
7877

	
6576

	
0.237

	
0.462

	
6833 a

	
6261 a

	
0.188 a

	
0.328 a




	
5203 b

	
4406 b

	
0.485 b

	
0.627 b




	
4804 c

	
3809 c

	
0.511 c

	
0.685 c




	
8245 d

	
6036 d

	
0.438 d

	
0.690 d




	
7778 e

	
7490 e

	
0.446 e

	
0.485 e




	
3471 f

	
17608 f

	
0.053 f

	
0.007 f




	
3498 g

	
3311 g

	
0.070 g

	
0.160 g




	
300

	
7662

	
6575

	
0.278

	
0.462

	
6460 a

	
6125 a

	
0.193 a

	
0.261 a




	
5362 b

	
4697 b

	
0.551 b

	
0.655 b




	
4968 c

	
4258 c

	
0.520 c

	
0.644 c




	
8456 d

	
6240 d

	
0.439 d

	
0.687 d




	
7846 e

	
7087 e

	
0.443 e

	
0.544 e




	
3412 f

	
3191 f

	
0.065 f

	
0.164 f




	
2995 g

	
2825 g

	
0.075 g

	
0.154 g




	
500

	
7414

	
6308

	
0.346

	
0.528

	
5738 a

	
5514 a

	
0.277 a

	
0.336 a




	
5261 b

	
4152 b

	
0.516 b

	
0.698 b




	
4884 c

	
3928 c

	
0.536 c

	
0.698 c




	
7923 d

	
5441 d

	
0.517 d

	
0.768 d




	
7829 e

	
7297 e

	
0.401 e

	
0.474 e




	
3254 f

	
3195 f

	
0.196 f

	
0.234 f




	
2899 g

	
2731 g

	
0.089 g

	
0.184 g




	
1000

	
7456

	
6089

	
0.367

	
0.576

	
5755 a

	
5483 a

	
0.230 a

	
0.298 a




	
5112 b

	
-- b

	
0.548 b

	
-- b




	
4961 c

	
3882 c

	
0.546 c

	
0.725 c




	
7849 d

	
-- d

	
0.543 d

	
-- d




	
7336 e

	
6666 e

	
0.488 e

	
0.578 e




	
3230 f

	
3094 f

	
0.143 f

	
0.220 f




	
2722 g

	
2568 g

	
0.109 g

	
0.197 g








Note: “a”–“g” represents the farmland, forest, grassland, water/wetland, desert, settlement, and other ecosystems, respectively, in the stratified model. RMSE, root mean square error, R2, coefficient of determination, PLSR, partial least squares regression, and SVM, support vector machine. “--” means the running time exceeded the allowable time of the program, which was unable to get results due to too many sample points.
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Figure 1. The location of this study area: (a) general location of the study area within Eastern Asia, (b) location of the study area plotted over a map of the provinces and administrative areas of China, and (c) spatial distribution of the ecosystem types in the study area. 
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Figure 2. The spatial distribution of sample points: (a) illustrates all samples and (b) illustrates the training (70%) and testing (30%) points. 
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Figure 3. Diagram of the research process. Note: PLSR, partial least squares regression and SVM, support vector machine. 
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Figure 4. The Pearson correlation coefficients between water conservation and normalized difference vegetation index (NDVI) time series data from 2000 to 2019 for all data and for seven ecosystem types. 
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Figure 5. The average value of water conservation and the normalized difference vegetation index (NDVI) in each stratum of the ecosystem types by risk detector. Notes: Ecosystem types 1–7 correspond to farmland, forest, grassland, water and wetland, desert, settlement, and other ecosystems, respectively. 
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Figure 6. Significant differences between the means of two ecosystem types for (a) water conservation and (b) the NDVI by a risk detector. “TRUE” indicates a significant difference exists (t-test with p < 0.05); otherwise, it is “FALSE”. 






Figure 6. Significant differences between the means of two ecosystem types for (a) water conservation and (b) the NDVI by a risk detector. “TRUE” indicates a significant difference exists (t-test with p < 0.05); otherwise, it is “FALSE”.



[image: Remotesensing 13 01105 g006]







[image: Remotesensing 13 01105 g007 550] 





Figure 7. Scatter plots of calculated and prediction values by (a) partial least squares regression (PLSR) and (b) a support vector machine (SVM) model using all the data. Note: RMSEC, root mean square error (RMSE) of the calculated model, R2C, coefficient of determination for the calculated model, RMSEP, RMSE of the predicted results, and R2P, coefficient of determination for the predicted results. The blue and red lines are 1:1 and the fitted lines, respectively. 
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Figure 8. Scatter plots of the calculated and prediction values by the PLSR (partial least squares regression) and SVM (support vector machine) models using stratified data. Note: (a–g) represent the farmland, forest, grassland, water/wetland, desert, settlement, and other ecosystems, respectively by PLSR; (h–n) represent these seven ecosystems by the SVM. RMSEC, root mean square error of the calculated model, R2C, coefficient of determination for the calculated model, RMSEP, root mean square error of the predicted results, and R2P, coefficient of determination for the predicted results. The blue and red lines are 1:1 and the fitted lines, respectively. 
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Figure 9. Spatial distribution of the estimated water conservation by: (a) the original water conservation formula, (b) the stratified method using a support vector machine (SVM), (c) the stratified method using partial least squares regression (PLSR), (d) the overall method using an SVM, and (e) the overall method using PLSR. 
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Figure 10. The spatial distribution of the standardized residual of the four estimated results. Notes: 1, 2, 3, and 4 corresponded to the stratified support vector machine (SVM), stratified partial least squares regression (PLSR), overall SVM, and overall PLSR methods, respectively; in addition, x.1, x.2, x.3, and x.4 represent the spatial distribution of the standardized residuals between −1 and 1, between −2 and 2, doubtful pixels, and abnormal pixels, respectively, for the above four methods. 
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Figure 11. The ratio of the number of standardized residuals of each ecosystem type in the four intervals to the total pixels in the entire study region by the stratified support vector machine (SVM), stratified partial least squares regression (PLSR), overall SVM, and overall PLSR models, respectively: (a) using the standardized residuals in the range of −1 to 1, (b) using the standardized residuals in the range of −2 to 2, (c) showing the proportion of doubtful values, and (d) showing the proportion of abnormal values. 
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Figure 12. The ratio of pixel numbers of the standardized residuals of the seven ecosystem types analyzed here in each interval to the total pixel numbers in each ecosystem type. 
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Table 2. Factor detector between water conservation and ecosystem type.
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	q-Statistic
	p-Value





	Water Conservation
	0.323
	2.766    ×    10−10



	Mean NDVI
	0.359
	9.609    ×    10−10







Note: NDVI, normalized difference vegetation index.
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Table 3. Accuracy assessment for the prediction models. RMSE: root mean square error and R2: determination coefficient.
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Calculation Accuracy

	
Prediction Accuracy




	

	
RMSE

	
R2

	
RMSE

	
R2






	
Partial Least Squares Regression (PLSR)

	
7050.849

	
0.404

	
7414.127

	
0.346




	
Support Vector Machine (SVM)

	
3467.174

	
0.861

	
6307.821

	
0.528
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Table 4. Accuracy assessment for the stratified prediction models.
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Models

	
Ecosystem Type

	
Calculation Accuracy

	
Prediction Accuracy




	
RMSE

	
R2

	
RMSE

	
R2






	
Partial Least Squares Regression

	
Farmland

	
5710.856

	
0.328

	
5738.047

	
0.277




	
Forest

	
4871.520

	
0.603

	
5261.117

	
0.516




	
Grassland

	
4421.526

	
0.619

	
4884.118

	
0.536




	
Water and wetland

	
7326.352

	
0.584

	
7923.084

	
0.517




	
Desert

	
7180.651

	
0.505

	
7829.068

	
0.401




	
Settlement

	
3193.413

	
0.212

	
3254.988

	
0.196




	
Other ecosystems

	
3182.629

	
0.139

	
2899.154

	
0.089




	

	
Farmland

	
4483.653

	
0.621

	
5513.873

	
0.336




	
Support Vector Machine

	
Forest

	
2015.933

	
0.936

	
4152.342

	
0.698




	
Grassland

	
1788.772

	
0.940

	
3927.641

	
0.698




	
Water and wetland

	
2997.757

	
0.933

	
5441.331

	
0.768




	
Desert

	
5043.811

	
0.763

	
7297.124

	
0.474




	
Settlement

	
2009.757

	
0.727

	
3195.492

	
0.234




	
Other ecosystems

	
1519.232

	
0.861

	
2730.723

	
0.184
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