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Abstract

:

Estimating the carbon (C), nitrogen (N), and phosphorus (P) contents of a large-span grassland transect is essential for evaluating ecosystem functioning and monitoring biogeochemical cycles. However, the field measurements are scattered, such that they cannot indicate the continuous gradient change in the grassland transect. Although remote sensing methods have been applied for the estimation of nutrient elements at the local scale in recent years, few studies have considered the effective estimation of C, N, and P contents over large-span grassland transects with complex environment including a variety of grassland types (i.e., meadow, typical grassland, and desert grassland). In this paper, an information enhancement algorithm (involving spectral enhancement, regional enhancement, and feature enhancement) is used to extract the weak information related to C, N, and P. First, the spectral simulation algorithm is used to enhance the spectral information of Sentinel-2 imagery. Then, the enhanced spectra and meteorological data are fused to express regional characteristics and the fractional differential (FD) algorithm is used to extract sensitive spectral features related to C, N, and P, in order to construct a partial least-squares regression (PLSR) model. Finally, the C, N, and P contents are estimated over a West–East grassland transect in Inner Mongolia, China. The results demonstrate that: (i) the contents of C, N, and P in large-span transects can be effectively estimated through use of the information enhancement method involving spectral enhancement, regional feature enhancement, and information enhancement, for which the estimation accuracies (R2) were 0.88, 0.78, and 0.85, respectively. Compared with the estimation results of raw Sentinel-2 imagery, the RMSE was reduced by 3.42 g/m2, 0.14 g/m2, and 13.73 mg/m2, respectively; and (ii) the continuous change trend and spatial distribution characteristics of C, N, and P contents in the west–east transect of the Inner Mongolia Plateau were obtained, which showed decreasing trends in C, N, and P contents from east to west and the characteristics of meadow > typical grassland > desert grassland. Thus, the information enhancement algorithm can help to improve estimates of C, N, and P contents when considering large-span grassland transects.
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1. Introduction


Carbon (C), nitrogen (N), and phosphorus (P), as the essential three elements for various ecosystems, are closely related to plant health status, ecosystem structure, and function [1,2]. Quantitative analysis of C, N, and P contents plays an important role in exploring the interactions between soil and vegetation, as well as soil organic matter storage [3]. For example, C is the main component of carbohydrates and cellulose, accounting for about 50% of the dry matter content [4], and provides energy for basic ecosystem biogeochemical process [2]. Meanwhile, N and P are the basic nutrients for plant growth, and play a key role in leaf growth, photosynthesis, energy storage, and transmission [5,6]. The C:N ratio can reflect the growth rate and nutrient utilization efficiency of vegetation [7], while the N:P ratio can characterize the uptake of N and P nutrients by plants and reflects the nutrient limitation information of primary productivity [8]. As plant growth and the contents of C, N, and P elements are driven by the climate and soil fertility [9], N and P also have important feedback effects on climate change. Therefore, it is of great significance to obtain the spatial distributions of C, N, and P in grassland quickly, accurately, and objectively, in order to monitor grassland health, estimate grassland primary productivity, analyze grassland–soil interaction models, and monitor the energy cycle.



Transects often extend more than 1000 km along specific environmental gradients (considering factors such as temperature or precipitation) or land-use intensity gradients, providing an important survey method in the field of ecology for studying and revealing the principles and processes of regional or global climate change [10]. However, the traditional methods for obtaining C, N, and P contents through field sampling and manual measurement require a lot of manpower and time, and it is difficult to obtain the gradient changes of nutrients in the whole transect continuously, making large-span grassland transect monitoring unsuitable. Remote sensing techniques provide non-destructive and efficient methods to estimate plant nutrient content [11], and have become a new means for acquiring the physical and chemical parameters of plants. In particular, the development of imaging spectroscopy technology integrates spectroscopy and imagery, which can capture the unique spectral characteristics of different elements and their compounds on the Earth, as well as detecting the specific components of various substances, such as the nutrient contents of N, P, and K in grassland, wheat, and nut crops [12,13,14]. Whether the relevant sensitive features can be extracted is closely related to the accuracy of the model.



Although remote sensing can help to obtain nutrient element data over large-span grassland transects, the weak sensitivity of spectra to C, N, and P is still an important factor restricting the associated estimation accuracy. The leaf spectra contain a lot of information: visible light (400–700 nm) is related to the pigment concentration, the near-infrared region (700–1300 nm; NIR) is related to the leaf structure, and the short-wave infrared region (1300–2500 nm; SWIR) is related to the spectral absorption characteristics of water and proteins [15]. SWIR is also a sensitive region for N and P, and their absorption characteristics are easily covered by atmospheric water vapor or leaf water [16]. The detection of C mainly focuses on the absorption characteristics of lignin, cellulose, and carbohydrates, and there is no clear band for the C element. Thus, due to a lack of observable and clear absorption characteristics, the estimation of C, N, and P contents is still a challenge, in terms of plant traits [17]. Although the construction of vegetation indices (VIs) based on spectral characteristics to estimate chlorophyll, biomass, LWC, and so on is a commonly used method, most VIs only take advantage of a small amount of information and cannot make full use of all spectral information [17]. Furthermore, the VIs that can be directly used to estimate C, N, and P are also rare, such that identifying sensitive wavelengths over the entire spectral range, rather than the limited band, provides a more accurate method for nutrient estimation. The reflectance of canopy spectra is affected by comprehensive factors, such as soil background, illumination geometry, canopy structure, leaf water content, and growth stage [18]. Spectral transformation methods can reduce background noise [19], reduce hyperspectral data redundancy, and enhance weakly sensitive information related to C, N, and P elements, such as fractional differential (FD), continuous wavelet transform (CWT), logarithmic transformation (Log(1/R)), and continuous absorption feature removal (CR) [20,21,22,23]. Compared with Log(1/R), CWT, and CR algorithms, FD has the advantage of not requiring parameters to be set artificially and multi-scale transformation of spectra, which has been widely used in agriculture, ecology, soil, and other fields [24,25]; however, at present, multi-scale spectral transformation methods are most suitable for hyperspectral data with rich spectral information. How to take advantage of multi-spectral satellite data for the estimation of large-span grass transects traits still needs to be explored.



Limited spectral information is an important restricting factor for the estimation accuracy of C, N, and P using multi-spectral imagery, and many studies have shown that hyperspectral images are generally more advantageous than multi-spectral images for the investigation of plant traits [26], and hyperspectral images with more spectral information have been used to detect changes physical and chemical parameters of the plant [27]. Especially in satellite remote sensing, they can provide large-scale, long-term sequential, and consistent observation data. Compared with multispectral satellites, hyperspectral satellites have relatively few missions (e.g., the EO-1 Hyperion imaging spectrometer, Compact High-Resolution Imaging Spectrometer, CHRIS, on board of PROBA−1, the Chinese HJ-1A HSI sensor, and so on [28,29]), narrow swaths, and high prices, and airborne hyperspectral capture is limited by the flight distance, making it only suitable for small areas. Thus, it is difficult to obtain the hyperspectral data required for the acquisition of transect survey data, and it is imperative to build a high-precision large-scale grassland transect estimation model based on multi-spectral data, considering their economic, spatial, and temporal advantages [30]. The fusion data of hyperspectral and multispectral images can be used to obtain high-spatial and -spectral resolution images, which is the main method used to improve the image information [31]; however, it is generally necessary to obtain the hyperspectral and multispectral images of the same region at the same time. Some scholars have used the physical model PROSAIL to simulate hyperspectral information [32], but the input parameters of the physical model (e.g., chlorophyll a + b content, carotenoids, leaf area index, leaf angle) are difficult to obtain. Pang et al. [30] have proposed a satellite-scale spectral simulation algorithm based on the decomposition of mixed pixels, which can increase the spectral information of multi-spectral satellites, to a certain extent, and obtained high estimation accuracy in re-biomass estimation by combining it with the multi-scale spectral transformation method, which has reference significance for the large-scale estimation of C, N, and P elements.



In previous studies, the estimation of C, N, and P has mostly focused on hyperspectral data measured by spectrometers or UAVs, the range of the study area was relatively small (e.g., sample scale [17] or local scale [1]), and only one grassland type was considered. Thus, the climate and grassland types can be ignored for C, N, and P estimation within a single time scale. However, the transect of the Inner Mongolia Plateau (109° E–125° E, 43.5° N–45.3° N, Figure 1), about 920 km from east to west, including meadow, typical grassland, and desert grassland, is an area of sensitive grassland ecological change in northern China. There are features related to the C, N, and P content variables that are subtle and, in such a complex environment, how to extract effective spectral features based on multispectral images and construct an estimation model suitable for the whole transect still requires further study. To solve this problem, this paper is mainly divided into three parts: (i) The sensitive features related to C, N, and P are extracted by spectral enhancement, regional characteristic enhancement, and information enhancement methods; (ii) an elemental content estimation model for the Inner Mongolia transect is constructed using a partial least-squares regression model; and (iii) we evaluate the estimation accuracy, draw the spatial distribution map, and analyze the changing trend of C, N, and P over the whole transect.




2. Data and Methods


2.1. Study Area


The study area (Figure 1; 109° E–125° E, 43.5° N–45.3° N) is located in the central part of the Inner Mongolia Autonomous Region and western Jilin Province, and crosses Songyuan City of Liaoning Province, Tongliao City of Inner Mongolia Autonomous Region, Xilinguole League, and other cities from east to west. The transects cover a temperate continental climate with an annual average temperature of −1 °C to 10 °C and annual precipitation of 50 mm to 450 mm [33]. Previous studies have shown that water is the main factor restricting the growth of vegetation and vegetation type changes in the Mongolia Plateau [34]. Therefore, a precipitation gradient belt from east to west is set up, covering meadows, typical grasslands, and desert grasslands [34]. The transect is an economical and scientific survey method following the rules of the International Geosphere-Biosphere Program. In recent years, the grassland ecosystem in the Mongolian Plateau has been degraded, due to global climate change and human activities, making it a sensitive area which is vulnerable to ecological damage [35]. Timely monitoring of forage nutrient content in the transect is of great significance for monitoring global climate change and grassland ecosystem protection.




2.2. Data


2.2.1. Field Data


Field sampling was conducted from 3–14 July 2018, at the growth peak of the grasslands, and data of aboveground biomass and geographic information (latitude, longitude, and altitude) were obtained. According to the grassland type, ten sampling areas were arranged at intervals of 90–200 km from east to west, and eight 1 × 1 m quadrats at intervals of 15–55 m were arranged in each sample area, with a total of 80 sampling points (Figure 1). Among them, Z1–Z3 were classified as meadow, Z4–Z7 as grassland, and Z8–Z10 as desert grassland.



Under clear-sky conditions between 10:00 and 14:00, at a height of 1.3 m above the ground, the canopy hyperspectral reflectance (325–1075 nm) of samples was measured using a field spectrometer (ASD Field Spec 2 spectrometer, Analytical Spectral Devices, Boulder, CO, USA). The pure spectra of bare soil and grass which had a coverage of more than 95% were measured, and all measurements were repeated three times at each point, with the average value taken as the final reflectance. The pure end-member spectra were used to construct the enhanced spectra, and the measured canopy spectra of the sample were used to verify the accuracy of the spectral enhancement algorithm and the estimation accuracy for C, N, and P contents.



All of the grasslands in the quadrats were mowed neatly, marked, and refrigerated. After the end of spectral acquisition, all samples were mowed neatly, marked, and refrigerated until further analysis. The plant samples were washed and dried in a 60 °C oven until a constant weight was reached, used for water content analysis, and then powdered using a grinding machine (MM400 ball mill, Retsch, Haan, Germany) for C, N, and P measurements. Parts of samples were acidified with trace metal-grade 68% HNO3 overnight, then samples were digested using a microwave digestion system (Mars X press Microwave Digestion system, CEM, Matthews, NC, USA) before elemental analysis. Finally, total contents of C and N were measured using an elemental analyzer (VarioMAX CN Elemental Analyzer, Elementar, Hanau, Germany), and total P content was analyzed using an inductively coupled plasma optical emission spectrometer (ICP-OES, Optima 5300 DV, Perkin Elmer, Waltham, MA, USA) [34,36]. The sampling statistics for Z1–Z10 are provided in Table 1.



The climatic environment is an important factor affecting grassland types in the Inner Mongolia transect, and the meteorological data needed in this paper were obtained from the China Meteorological Data Center (http://data.cma.cn, accessed 29 August 2020), which mainly include temperature, precipitation, air pressure, wind speed, sunshine duration, and other data from 80 meteorological stations around the transect, from April to July 2018 (e.g., re-greening to cutting). The positions of these meteorological stations are shown in Figure 1, and all data were used to calculate the relative humidity characteristics of the transect, in order to express the differences between regions.




2.2.2. Remote Sensing Data


When carrying out large-span transect analysis, due to a lack of hyperspectral data sources and the large study area, it is often difficult to obtain suitable hyperspectral images. Thus, multispectral images have become the primary choice for large-span transect monitoring. Sentinel-2 imagery has become one of the main data sources in agricultural and ecological remote sensing, as well as other fields, due to its high temporal resolution (5 d) and high spatial resolution (B2, B3, B4, B8 = 10 m; B5, B6, B7, B8a, B11, B12 = 20 m; B1, B9, B10 = 60 m). All Sentinel-2 bands except for B10 were used. To better match with ground sampling data, we selected 13 scenes of Sentinel-2 A\B images with no or few clouds as data sources, between 15 days before and after the sampling time points (1–30 July 2018), and used the SNAP image processing software provided by the European Space Agency ESA (website: https://scihub.copernicus.eu/dhus/#/home, accessed 27 March 2021) to pre-process the data, including radiometric calibration, atmospheric correction, geometric correction, resampling, cloud masking (threshold B2 > 0.2), and so on. The Sentinel-2 image information and corresponding sampling times are given in Table 2.





2.3. Methods


2.3.1. Method Overview


As shown in the flow chart (Figure 2), the work in this paper mainly includes three parts: data, methods, and results and evaluation. The data collected in this paper mainly include the measured data (C, N, and P contents; end-member spectra; measured canopy spectra at grassland sample scale), Sentinel-2 images, meteorological data (temperature, precipitation, wind speed, light, and so on), and the abundance information of grassland and bare soil in the transect, as calculated by Sentinel-2. For the estimation of C, N, and P in large-span grassland transects, regional characteristic differences and weak spectral sensitivity have always been important factors restricting the estimation accuracy. Thus, we used spectral enhancement, regional enhancement, and information enhancement methods to extract the sensitive features to construct the C, N, and P estimation model. First, the abundance information for grassland and bare soil was calculated from Sentinel-2 images, and the fitting spectra were constructed using the abundance information and the measured end-member hyperspectral data of the main ground objects. Then, the simulated spectra algorithm was used to enhance the spectral information of the raw Sentinel-2 imagery, and the accuracies of enhanced spectra were verified using the measured canopy spectra. Second, the relative humidity information, which is closely related to the grassland type change in the Inner Mongolia transect, was calculated from the meteorological data, and the relative humidity and enhanced spectra were used to construct the regional enhanced fused spectrum (FS). Finally, the weak information related to C, N, and P was enhanced using the fractional differential spectral transformation method, and the sequence forward feature selection algorithm was used to select the sensitive feature bands to construct the C, N, and P estimation model. To verify the estimation accuracy of the method proposed in this paper, the estimation results from the raw spectrum (RS) and the FS-FD model were compared with the measured data, the variation trends of element content over the whole transect were analyzed, and the spatial distributions of C, N, and P were mapped.




2.3.2. Sentinel-2 Spectral Information Enhancement


As shown in Figure 3a, the spatial resolution of each pixel in Sentinel-2 is 10 m, which contains the characteristics of vegetation, bare soil, and other ground objects. The spectral reflectance of the pixel is the comprehensive embodiment of the regional characteristics at the unit scale, which is considered to be the real spectra. However, the spectral resolution of the wide-band Sentinel-2 is weakly sensitive to C, N, and P elements. Pang et al. [30] have proposed that, without changing the real spectral reflectance trend, the spectral details of the main ground objects can be assigned to the raw image using the abundance information of ground object types obtained by mixed pixel decomposition as a weight, which can improve the monitoring ability of Sentinel-2 for grassland and achieved significant results in biomass estimation. In this paper, a spectral enhancement algorithm is used to improve the spectral details of raw Sentinel-2 imagery. The calculation process of the spectral enhancement algorithm is shown in Equations (1)–(7) and schematic diagram in Figure 3b.


  E  S λ  = F i  t λ  + VL −   TL  λ  ,  



(1)




where   E  S λ    is the enhanced spectra at wavelength λ,   F i  t λ    is the spectra fitted by vegetation coverage and pure end-members, VL is the broken line of Sentinel-2 raw spectra, and TL is the trend line of   F i  t λ   . The formula for TL is as follows:


  T  L λ  =          a 1  λ +  b 1  ,        W 1  ≤ λ <  W 2           a 2  λ +  b 2  ,      W 2  ≤  λ    <  W 3        ⋯ ⋯        a  k − 1   λ +  b  k − 1   ,    W  k − 1   ≤ λ ≤  W k        ,  



(2)




where k is the band number of the multispectral satellite,    W k    is the central wavelength of the kth band of the multispectral satellite, and    a k    and    b k    are the slope and intercept of the trend line in [   W  k − 1   ,    W k   ], respectively. The associated calculation formula is as follows:


         a  k − 1   =   F i  t   W k    − F i  t   W  k − 1        W k  −  W  k − 1            b  k − 1   = F i  t   W  k − 1     −  a  k − 1    W  k − 1         ,  



(3)




where   F i  t   W k      is a spectral curve, which is fitted according to the type of land. Its calculation formula is as follows:


  F i  t λ  =   ∑   j = 1  n   f j  ×  p  λ , j   ,  



(4)




where    f j  ,    and     p  λ , j     are the weight and reflectance of the end-member spectra of class j, respectively.




2.3.3. Regional Characteristic Enhancement


There are many grassland types (meadow, typical grassland, and desert grassland) in the Inner Mongolia transect, thus creating a complex ecological environment, and the aboveground biomass (AGB) is significantly different in different grassland types, which is affected by the climate. The contents of C, N, and P, at unit scale, are closely related to the AGB, such that the differences in characteristics by grassland type between regions must be considered in large-span grassland transect monitoring. Although spectral features can reflect vegetation growth information, to a certain extent, there are two drawbacks in estimating C, N, and P contents when transect monitoring only by spectral features: (i) Reflectance is the comprehensive response of multiple factors, such as vegetation type and canopy structure, in the unit pixel, which are prone to the phenomenon of “same subject with heterospectrum” and “foreign body with spectrum”. Mixed pixels are an important factor affecting the accuracy of ground monitoring. Muhuri [37] and Touzi et al. [38] have proposed decomposition algorithms for image mixed information in optical images and Sar images, respectively, and improved the accuracy of the original image to obtain ground object information. Although the enhanced spectra also decomposed mixed pixels, to a certain extent, the introduction of a meteorological weight factor for regional differences can help to further reduce the influence of the heterospectrum phenomenon; and (ii) the differences between grassland types is ignored. Assuming that the elemental content is estimated by partial least-squares regression (Equation (5)) without considering the grassland type (e.g., meadow, desert steppe) under the same standard (reflectance), overestimation or underestimation will occur, thus restricting the estimation accuracy. To balance the overall trend of the transect and to take into account regional differences, we increased the weight information of spectral reflectance features of different grassland types and expanded the regression model of element content to Equation (6).


  Y = α × R S + δ ,  



(5)






  Y = α ×    W i  × R S   + δ ,  



(6)




where Y, RS, and Wi are the total element content per unit area, the reflection features, and the weights of different grassland types, respectively, and   α   and δ are the regression coefficient and error, respectively.



Taking the grassland type as the weight can alleviate the spectral drawbacks of “same subject with heterospectrum” and “foreign body with spectrum”, to some extent, and better expresses the characteristic differences between regions. However, it is hard to clearly define the range of grassland types in a complex environment, and the grassland types and AGB are largely affected by the climate environment. Related studies have shown that water is a key climatic factor restricting the growth of grassland vegetation in the Inner Mongolia Plateau [34]. Although biomass is an ideal weight factor, there are two problems when using biomass at present: (i) Biomass, itself, is also an unknown quantity, which needs to be estimated using remote sensing data; and (ii) even in the local area, the plant biomass is uneven, such that the instability of biomass as weight can easily lead to different weights for the same grassland type. Therefore, in this paper, we combine the humidity as a weight with the spectral image in order to comprehensively express the regional characteristics from spectral and climatic dimensions (Figure 4), and   RS ×  W i    is represented by Equations (7) and (8), as follows:


  FS = RS ×  W i  = ES × R H  I  n o r   × 10 ,  



(7)






  R H  I  n o r   =   R H I − R H  I  m i n     R H  I  m a x   − R H  I  m i n     ,  



(8)




where FS is the fusion spectra of spectral features and meteorological data, RHInor is the normalized value of relative humidity indices (RHImax and RHImin are the maximum and minimum RHI, respectively) and, to prevent the FS value from being too low and increasing the difference, the final result is multiplied by 10.



The relative humidity index (RHI) is a comprehensive expression of the climate environment, which integrates air temperature, precipitation, air pressure, wind speed, light, and other factors. Compared with a single meteorological factor, it is more suitable for the expression of grassland plant growth environment. Its calculation formula is as follows:


  RHI =   P − PET   PET   ,  



(9)




where P is the precipitation (mm) and PET is the potential evapotranspiration (mm). PET can be calculated by the Penman–Monteith method [39]:


  PET =   0.408 Δ    R n  − G   + γ   900    T  mean   + 273    μ 2     e s  −  e a      Δ + γ   1 + 0.34  μ 2      ,  



(10)




where Rn is the surface net radiation (MJ·m−1·d−1), G is the soil heat flux (MJ·m−2·d−1), Tmean is the daily average temperature (°C), μ2 is the wind speed at 2 m height (m/s), es is the saturated vapor pressure (kPa), ea is the actual vapor pressure (kPa), Δ is the saturated vapor pressure curve slope (kPa·°C−1), and γ is the dry and wet surface constant (kPa·°C−1).




2.3.4. Spectral Features Enhancement


Fractional differential (FD) is one of the most commonly used spectral transformation methods in recent years, which extends the traditional first- and second-order derivatives to the non-integer-order differential, thus overcoming the data loss problem caused by complementary integer-order differential transformations [25,40]. The FD method has been applied to the fields of soil chemical element content [41], water nitrogen concentration [42], chlorophyll estimation [43], and other fields, in order to improve the estimation accuracy of the target. However, multi-spectral data have less spectral information and, as such, it is difficult to take advantage of the FD algorithm. After data fusion, FS has more spectral characteristics and can be combined with the FD algorithm, which is used to mine the weak sensitive spectral information related to C, N, and P, and to improve the accuracy of elemental estimation. Based on the Grünwald–Letnikov algorithm, the calculation formula can be expressed as [44]:


   d v  f  x  =   lim   h → 0    1   h v      ∑   m = 0     t − v  h        − 1    m    Γ   v + 1     m ! Γ   v − m + 1     f   x − m h   ,  



(11)






  Γ  z  =   ∫  0 ∞   e  − u    u  z − 1   d u =   z − 1   ! ,  



(12)




where v is the order, h is the differential step size,   Γ  ·    is the Gamma function, and t and v are the upper and lower limits of the differential, respectively. If the spectral sampling interval is resampled to 1 nm (h = 1), the formula can be further simplified to:


        d v  f  x    d  x v    ≈ f  x  +   − v   f   x − 1   +     − v     − v + 1    2  f   x − 2   + ⋯     +   Γ   − v + 1     n ! Γ   − v + n + 1     f   x − n   ,     



(13)




where n is the difference between the upper and lower limits of the differential and, if the order is 0, it means that the function itself has not been differentiated.




2.3.5. Model Construction and Accuracy Assessment


To evaluate the estimation accuracy of fused spectra for C, N, and P elemental contents in grassland transects over the Inner Mongolia Plateau, the weak sensitive information related to elemental content was extracted by use of the FD transformation method with raw spectra and fused spectra, and the sensitive bands were screened using the sequence forward band selection method. Then, the partial least-squares regression (PLSR) model was used to estimate C, N, and P contents. The coefficient of determination (R2), the root mean square error (RMSE), and the relative percent difference (RPD) between the measured values and the estimated values were used to evaluate the ability of RS and FS to estimate the contents of plant elements in the transect of Inner Mongolia, and the accuracy of the models was tested using a 10-fold cross-subsampling approach.






3. Results


3.1. Correlation Analysis of Climatic Factors and C, N, and P


The environment is one of the important factors affecting plant growth; in particular, the climate factors of ecological monitoring at the large regional scale cannot be ignored. For example, temperature, precipitation, topography, location, and land type are of great value when estimating the C, N, and P contents of leaves [34]. The precipitation, average temperature, and elevation information for the forage grass-growing season (April–July) at the 10 sampling areas, from east to west according to their longitudinal positions, are shown in Figure 5a,b. The region is characterized by the monsoon climate of medium latitudes. The warm and humid southeast wind from the Pacific Ocean in summer makes the windward slopes Z1, Z2, and Z3 rich in precipitation and causes them to have suitable temperature. Going further inland, the effect of the continental climate is significant and the precipitation decreases gradually. Although the average temperature at Z4–Z10 was slightly lower than that of Z1–Z3, being affected by altitude, the difference was small (<4 °C), indicating that the hydrothermal conditions in the eastern region are better than those in the western region.



Temperature and precipitation are the most important climatic factors affecting plant growth, as well as important input parameters in remote sensing estimation models for quantities such as biomass and elemental content; however, these data are often isolated, and the relative humidity index is the ratio of evaporation to precipitation, calculated by complex physical models based on a variety of meteorological factors. Therefore, humidity can express the climatic characteristics of the region better, and its correlations with C, N, and P were higher than those of temperature and precipitation (see Figure 5c). The relative humidity data of the study area were calculated using the Kriging interpolation method with meteorological stations data in the ARCGIS10.1 software. The data of 10 meteorological stations were randomly selected for verification. The results showed that the correlation between measured and interpolated humidity was 0.88, and the RMSE was 0.11 (Table 3). Therefore, it was considered feasible to obtain the humidity characteristics of the whole study area by Kriging interpolation. The spatial distribution of sampling points, meteorological stations, and humidity in the Inner Mongolia Plateau transect is shown in Figure 5d. The larger the humidity value, the more humid the region. Over the transect, it becomes gradually drier from east to west, affecting the yield of grassland per unit area and nutrient contents. However, it is clear that climate factors have a significant impact on plant growth at a large scale, while climate characteristics at the local scale are similar and insensitive to plant growth. The spectral characteristics can make up for a lack of climate data, facilitating realization of the physiological and biochemical detection of plants in the region. Therefore, the combination of remote sensing data and meteorological data is helpful in improving the monitoring level over large-span grassland transects.




3.2. Comparison of Raw Spectra, Enhanced Spectra, and Fusion Spectra


Fusion spectra (FS) consist of two parts: an enhanced spectrum (ES) and a weight factor, expressed in terms of the relative humidity index (RHI). The main purpose of the ES is to improve the information of the raw spectra (RS), while the RHI mainly provides the characteristic difference information between regions. Thus, the FS can estimate the C, N, and P contents from both the spectral and environmental dimensions.



The differences between RS and ES, RealHRS (measured real hyperspectral by ASD), and ES-Resample (resampled ES by the spectral response function of Sentinel-2) are shown in Figure 6. RealHRS and RS represent the spectral features at sample scale (1 × 1 m) and pixel scale (10 × 10 m), respectively, and have two main differences: (i) RealHRS has more spectral information than RS, which is limited by its spectral resolution; and (ii) the reflectance of RealHRS is higher than RS in the green and infrared ranges. ES was constructed by attaching the spectral detail information of RealHRS to RS, based on the abundance of ground objects without changing the spectral features of the pixel region. Thus, it can be seen that ES has more spectral information than RS, and the trends of ES and ES-Resample were consistent with that of RS. Further, the spectral angle (SA), spectral distance (SD), and correlation (R) between RS and ES-Resample, ES, and RealHRS were calculated (Table 4). The SA and SD between RS and ES-Resample tended to 0, and the correlation tended to 1, indicating that ES generally conforms to the spectral features of the pixel region of RS. The SA between ES and RealHRS was small, and the correlation was high, indicating that ES has a large number of similar spectral details to RealHRS. Thus, ES can make up for the lack of spectral information of Sentinel-2, in order to improve the sensitivity of RS for the estimation of grassland traits. Meanwhile, ES, with rich spectral details, can give full play to the advantages of the multi-scale spectral transformation method for weak information mining.



FS was further supplemented by meteorological information affecting vegetation growth based on ES, and the characteristic differences between the RS and FS for the 10 sampling areas are shown in Figure 7. The wavelength range of the broadband multispectral Sentinel-2 imagery is shown in the gray background and, due to the spectral resolution limitation, RS lacks the necessary spectral information in the imaginary line part, such that the sensitivity of the broadband spectral information is weaker than that of the narrowband when many plant physiological and biochemical parameters are involved. In the actual natural environment, Z1–Z10 comprise a transition between meadow–typical grassland–desert grassland vegetation types, and the corresponding RS also reflects the characteristic changes, from typical vegetation spectra (Z1, Z2) to partial bare soil spectra (Z9, Z10). However, as shown in Figure 7a, the spectral distinction between different sampling areas was not significant in the range of green light reflection peak (560 nm) and near-infrared reflection band (740–850 nm). As shown in Figure 7b, FS had more spectral information than RS—this information was mainly supplemented by ES and tended to be the main ground object type of unit pixel. In addition, Z1–Z10 in FS were more significant than RS, as FS also integrates meteorological data related to plant growth, which enables FS to better express grassland characteristics at the regional scale.




3.3. The Distribution of Weak Spectral Information in Different FD Transform Scales of Fused Spectra


As the spectral fusion algorithm combines meteorological data (e.g., temperature, precipitation, wind speed, atmospheric pressure), surface type, and end-member hyperspectral characteristics, FS can better express regional characteristics. FS and RS were used to analyze the correlations with C, N, and P elements, as shown in Figure 8. Compared with RS, FS has two advantages: (i) FS has more spectral information than RS, and the amount of information depends on the spectral resolution of pure end-members. In this paper, the hyperspectral reflectance of pure end-members was measured by ASD, and there is a lot of narrowband information in the 325–1075 nm range, which means that more information can be used to construct the estimation model; and (ii) considering the single-band correlation, the best correlations of FS-C, FS-N, and FS-P were 0.84, 0.81, and 0.84, respectively, higher than those of RS-C, RS-N, and RS-P (0.78, 0.75, and 0.72, respectively), indicating that the spectral fusion data were better than the raw spectra data, making it more suitable for grassland transect monitoring.



Although the fused spectra had more spectral information, the high redundancy between adjacent bands limits the accuracy of the element estimation model. The fractional differential spectral transform method can reduce spectral redundancy and background noise, mining the weak spectral information sensitive to C, N, and P. We carried out correlation analysis between FS (325–1075 nm) and the elements C, N, and P with 0–4 fractional-order features (Figure 8b–d). It can be seen that the redundancy of adjacent bands was high in the 0–1.5th-order transforms. When the correlation R was higher than 0.78, the C-sensitive bands were mainly distributed in 709–813 nm and 856–1075 nm, the N-sensitive bands were mainly distributed in 725–805 nm and 858–1075 nm, and the P-sensitive bands were mainly distributed in 710–802 nm and 856–1075 nm. The difference between bands increased after the 2–4th-order transformation. The highly sensitive bands were concentrated in a relatively narrow wavelength range, achieving the effect of redundancy removal.




3.4. C, N, and P Content Estimation Model


To verify the effectiveness of FS in estimating C, N, and P contents, the optimal band combination at a single scale was selected using the sequential forward band selection method after the FD spectral transform, with FS and RS for comparison. The PLSR element estimation models were constructed using the ten-fold cross-validation method. The fitting results of the estimated C, N, and P contents and the actual measured values in the verification set are shown in Figure 9. The horizontal coordinate is the measured value, the ordinate is the corresponding estimated value, the red dashed line is a 1:1 straight line, and the blue real line is the fitting trend line between the measured and estimated values. It can be seen that the estimation results of FS were better than those with RS, where the estimation accuracy (R2) for C, N, and P elements was increased by 0.14, 0.14, and 0.18 over RS, respectively. Among them, the optimal estimation accuracy of FS for C was 0.88, the RMSE was 7.57 g/m2, and the estimation of N content was the lowest (R2 = 0.78). In addition, in the FS estimation model, the fitting line tended to the straight line of 1:1, but it was likely to be underestimated in the high-content region, due to the fewer sampling points. In the RS estimation results, the highest accuracy for the C element was R2 = 0.74, RMSE = 10.99, and the R2 values for N and P ware both lower than 0.67. The RPDs of the FS model were all greater than 2.0, while the RPDs of RS were between 1.6 and 2.0, indicating that the estimation accuracy of Sentinel-2 imagery can be effectively improved through use of the spectral fusion algorithm and fractional differential transformation.



To verify the effectiveness of fusion data in improving the estimation accuracy of C, N, and P contents, the models were constructed using RS, ES, and measured hyperspectral data (realHRS) without meteorological data and RS-M, FS, and realHRS-M features, with fused meteorological weight data. The estimation results on the validation set are shown in Table 5. The results indicate that, except for the estimation accuracy of C in the RS model being slightly higher than that in RS-M, the other models had better estimation accuracy after integrating meteorological data. In general, the estimation accuracy, from high to low, was realHRS-M > realHRS > FS > ES > RS-M > RS. Thus, meteorological weight data play an important role in improving the estimation accuracy of elemental content in large-span grassland transects. The estimation accuracy of FS was lower than that of realHRS and realHRS-M, which may be due to two reasons: (i) The realHRS spectra are the measured data at the quadrat scale, which is consistent with the element content scale of the sampling point, while FS is at the pixel scale (10 × 10 m) of Sentinel-2; and (ii) although FS increases spectral detail information through the spectral simulation algorithm, its accuracy is still insufficient compared with the measured hyperspectral data. The RS and meteorological data are important factors for constructing the fused spectra, and the random forest method was used to sort the importance of RS and relative humidity. The importance scores are shown in Table 6, from which it can be seen that the score of relative humidity was second in all the spectral features (after the B12 band). Therefore, FS combined with meteorological data and spectral imagery realized high-precision estimation of trace elements in the large-span transect.




3.5. Spatial Distribution and Trend of C, N, and P


As local observations cannot accurately reveal the pattern characteristics of an ecosystem, continuous and large-scale grassland observations have always posed difficulty in the field of ecology. Remote sensing techniques have become important tools for global environmental monitoring. Figure 9 proves the feasibility of the use of remote sensing data for the estimation of C, N, and P contents. The estimated contents of C, N, and P for the whole transect of Inner Mongolia are shown in Figure 10. Therefore, with the help of remote sensing technology, the grassland trait information of the whole transect can be quickly obtained, thus overcoming the disadvantages of traditional methods that only rely on discrete sampling to obtain C, N, and P content. For example, the spatial distributions of C, N, and P can be obtained in detail from the sub-graph (Z1). Although the spatial distributions of C, N, and P still differed, the biomass per unit area of the same grassland type (meadow) also varied, thus affecting the distributions of C, N, and P. To further explore the spatial distribution law of C, N, and P contents over the whole transect and to verify the estimation accuracy, quantitative analysis of Z1–Z10 was carried out at the point scale (measured and estimated value of sample points) and the local scale (estimated mean value within 1 km buffer of sample point), respectively. As shown in Figure 11, the point scale mainly includes the mean values of measured and predicted samples, and the local scale is the mean content in the buffer of 1 km around the sampling point. It can be seen that: (i) C, N, and P contents showed a consistent decreasing trend from east to west at both scales; (ii) the elemental content was related to the grassland type (meadow > typical grassland > desert grassland), consistent with the natural environmental characteristics that the hydrothermal conditions in the eastern Inner Mongolia Plateau are better than those in the western region; and (iii) there were some differences in elemental content between point scale and local scale. For example, the contents of C and N at the local scale were slightly lower than those at point scale, while the content of P showed the opposite trend. In addition, the predicted values were consistent with the measured values at the point scale, which again proves the feasibility of combining the fusion spectrum with the fractional differential method to estimate C, N, and P contents.





4. Discussion


4.1. Contribution of Information Enhancement Method to C, N, P Estimation


Remote sensing is an effective means to quickly obtain information about C, N, and P contents, along with other important traits, but there are also many new difficulties in the monitoring of large-span grassland transects. For example, the ability to monitor chemical elements is insufficient, due to limitations related to the spectral resolution, different regional characteristics in the grassland transect, and weak sensitivity of spectra to C, N, and P. As shown in Figure 9, the information enhancement algorithm (including spectral enhancement, regional enhancement, and information enhancement) effectively improved the accuracy of the original Sentinel-2 imagery to estimate the C, N, and P contents over a large-span grassland transect.



Spectral enhancement is necessary for estimating C, N, and P contents, as the spectra are weakly sensitive to C, N, and P elements, and the spectral information of wideband multispectral images is insufficient. Multispectral satellites have the advantages of being easy to obtain, low cost, and high spatial resolution, which are of great significance in the monitoring of large-span transects; thus, it is important to develop transect monitoring methods suitable for multi-spectral images. For example, Zhou et al. [45] have attempted to use Sentinel-2, Sentinel-3, Landsat-8, and other data sources to jointly estimate soil C:N and soil organic matter content, but the obtained accuracy was low (R2 < 0.5). Lucie Homolova [15] stated that the biggest shortcoming of multispectral satellite images in monitoring vegetation traits is insufficient information, which may have also been the reason for Zhou’s low estimation accuracy of the soil C:N ratio. However, spectral simulation spectra can increase the spectral details of the raw Sentinel-2 imagery (Figure 7), and have been successfully applied to grassland biomass estimation [30]. Furthermore, transects often contain a variety of environments with different regional characteristics, and the contents of C, N, and P elements in plants are affected by climate (temperature and precipitation) and natural environment factors [46]. Under the influence of temperature and precipitation, the whole considered transect presents a transition from meadow to typical grassland to desert grassland from east to west, where the plant element content differs under different grassland types. If only the spectra are used as the estimation standard, it is easy to ignore the difference in grassland types, thus restricting the estimation accuracy (Figure 4). Therefore, the regional characteristics should be reasonably considered in the monitoring of large-span grassland transects.



FS has more information, following spectral enhancement and regional enhancement (Figure 7), and the estimation accuracy of C, N, and P contents by the model constructed using the FS was higher than that with RS (Figure 9). This was mainly because FS is composed of enhanced spectra and meteorological data fusion, which endows FS with two obvious advantages over RS: (i) Spectral fusion spectra have more spectral detail information, integrating multiple information such as surface type, surface feature abundance, and pure end-members; and (ii) regional meteorological data affecting plant growth were fused at the spatial scale, so FS is more suitable for expressing regional differences. By decomposing the mixed pixels of the raw image to obtain the abundance information of ground objects and taking this as the weight of the hyperspectral pure end-member obtained at the ground scale, the reflectance in the unknown wavelength was supplemented without changing the RS reflection characteristics. Therefore, FS has more abundant spectral information for the main types of ground objects, leading to advantages in the construction of vegetation indices and biomass inversion [30]. Meteorological data have always been an important factor affecting the growth of grasslands; in particular, water is the main factor restricting longitudinal change (meadow–typical grassland–desert grassland) of grassland in the Inner Mongolia Plateau [34]. Temperature, precipitation, sunshine, wind, and other factors are closely related to surface water evaporation [47]. Relative humidity can effectively quantify the relationship between surface rainfall and evaporation. Although at a large scale the correlations between relative humidity and C, N, and P contents were better than that of a single meteorological factor and single-band spectral feature (Figure 5 and Figure 8), the climate in adjacent regions was similar, in terms of local regional characteristics. Therefore, the fusion of spectral features and meteorological characteristics can enhance the quality of data and improve the estimation accuracy.



The fractional differential method is an effective technology to analyze spectral reflectance spectra [24], which can strengthen the weak absorption features of vegetation physiology and biochemistry, with respect to the spectra, and eliminate the noise caused by soil background, water absorption, and atmosphere [48]. The spectral transformation features at different scales can be obtained by the FD algorithm, which greatly improves the information content of spectral data and reduces the collinearity between bands (Figure 8c,d). Therefore, it is convenient to extract sensitive bands related to C, N, and P, and select the optimal band combination to estimate the elemental content. At present, the FD algorithm is mainly used to estimate the physiological and biochemical characteristics of N [49] and P [50], leaf water content [51], and soil element content [52] in hyperspectral data. However, as the main data of grassland transect monitoring, multispectral images show difficulty in utilizing the advantages of the FD algorithm, due to spectral resolution constraints. Therefore, combination of the FS and FD algorithms with more spectral information after spectral enhancement and fusion effectively improved the estimation accuracy of grassland traits. In addition, FD can obtain spectral information at multiple scales, but cannot determine the optimal scale related to plant traits in advance, which also increases the difficulty of the application of the fractional differential method, to a certain extent. How to adaptively select the optimal feature combination in multi-scale FD features to construct multi-scale estimation models remains to be explored.




4.2. Spatial Distribution Characteristics of C, N, and P


Point-scale survey data can be extended to the surface-scale by remote sensing, which breaks the limitations of the traditional sampling surveying, and can continuously obtain ecological environmental data over a region [53]. The estimation error of soil organic carbon (SOC) tends to increase as it is extended to the regional or landscape scale, and the coefficient of variation may reach 30% [54]; however, it is necessary for large-scale grassland environmental monitoring. As shown in Figure 10, the C, N, and P contents were estimated by fusion spectrum and fractional differential algorithm. The contents of C, N, and P elements in the transect of the Inner Mongolia Plateau (44° N) decreased from east to west (Figure 11), which was consistent with the climatic characteristics of rich hydrothermal resources in the eastern region (Figure 5a). With the deepening of the inland continental climate, the precipitation decreases gradually, which limits the growth of vegetation. FS is composed of spectral and meteorological data, which is conducive to the description of grassland characteristics from the two aspects of reflection characteristics and climate environment. Therefore, C, N, and P contents had high estimation accuracy, and the R2 between measured and estimated values were 0.88, 0.78, and 0.85, respectively (Figure 9).



At present, the estimation of chemical elements is mainly based on hyperspectral data with abundant information. The measured and estimated results in Figure 11 tended to be consistent at the sample scale, indicating that Sentinel-2 imagery can also be used to estimate C, N, and P contents with high accuracy after data fusion, which can help in studying the relationships between the soil and plants. Soil is the main carrier of carbon storage, and remote sensing has become an important means to quickly obtain large-scale soil organic matter [55]. However, most of the soil is covered by plants, and it is difficult to directly estimate soil organic matter. The structural change of vegetation in terrestrial grazing ecosystems has a close coupling effect with carbon and nutrient flows [56] and, if the interaction between vegetation and soil can be quantified, the estimation accuracy of soil organic matter can be further improved. The ratio of carbon to key nutrients (i.e., nitrogen and phosphorus) can regulate and affect the carbon consumption and decomposition processes in ecosystems, which is a key indicator in grassland monitoring [57]. However, most large-scale environmental surveys still rely on manual data collection [58]. There is a certain correlation between the distribution of C, N, and P contents in grassland ecosystems and vegetation types (meadow > typical grassland > desert grassland) at the unit scale, which indicates that the reasonable distribution of sampling points in the estimation model is helpful in improving the estimation accuracy of nutrient elements. Overall, remote sensing is expected to greatly improve the efficiency of access to information in the ecological and environmental fields.




4.3. Limitations and Future Research


Although the information enhancement method could improve the estimation accuracy when using Sentinel-2 imagery (Figure 9), there were still some shortcomings. For example, in contrast to the farmland ecological environment of a single species, it is difficult to clearly distinguish the species in grassland environments with different vegetation types. Thus, in this paper, we only divided the abundance of grassland and bare soil in the transect and took key climatic factors affecting the grassland types in the Inner Mongolia transect as environmental characteristics, and the estimation model for C, N, and P contents was constructed considering spectral and environmental dimensions.



In addition, the quality of the remote sensing imagery itself and spatial scale problems are also important factors restricting the final estimation accuracy. Cloud occlusion is an important factor that restricts image quality, and there were many areas covered by clouds in the estimation of grassland transect, which can cause many ground data to be missing and abnormal results in model estimation. Thus, we utilized mask processing to reduce the influence of clouds. The time error between imaging time and sampling time also restricts the acquisition accuracy of grassland traits. The scale problem—that the ground survey data do not correspond to the spatial resolution of satellite images—is another key factor restricting the monitoring of grassland traits, and poses an urgent problem to be solved in the field of remote sensing [59]. However, there is no effective solution, and this problem can only be alleviated by reasonably controlling the ground sampling points.



A grassland is a complex ecosystem featuring soil–vegetation–climate interactions, in which soil is an important source of elements needed for plant growth [60]. Thus, the introduction of soil is an important direction to further improve the estimation accuracy of C, N, and P, and other chemical element contents in grasslands at sample scale.





5. Conclusions


In this study, multi-spectral satellite (Sentinel-2) imagery were used to estimate the C, N, and P contents over a large-span complex environment (consisting of meadow, typical steppe, and desert steppe) in the Inner Mongolia grassland transect. We evaluated the associated estimation accuracies. The problems of insufficient information of multispectral images, regional characteristic differences, and weak sensitivity of spectra to C, N, and P elements are important factors restricting the accuracy of element content estimation in large-span grassland transects. However, the proposed spectral enhancement algorithm can combine the spatial advantages of satellite imagery with the spectral details of end-member spectra, improve the multispectral spectral information of original satellite imagery, and make up for the lack of sensitivity of multispectral images for monitoring C, N, and P contents, to a certain extent, and the algorithm can be used to construct enhanced spectral images (denoted ES-Sentinel-2). A regional enhancement algorithm can be used to combine meteorological data with spectral data, in order to quantify regional differences in spectral and climatic dimensions, and to reduce the estimation error caused by grassland type differences. The feature enhancement algorithm can expand the original spectral information to multiple dimensions, which is conducive to extracting the spectral features related to C, N, and P.



The spectral features extracted by the information enhancement algorithm (including spectral enhancement, regional feature enhancement, and feature enhancement) were used to construct the partial least-squares regression model, and the estimation accuracies (R2) for C, N, and P were 0.87, 0.78, and 0.85, respectively. Compared with the estimation results of raw Sentinel-2 images, the RMSE was reduced by 3.42 g/m2, 0.14 g/m2, and 13.73 mg/m2, respectively. The C, N, and P contents showed a decreasing trend from east to west over the transect, with the characteristics of meadow > typical grassland > desert grassland.



Therefore, the information enhancement method can improve the estimates of C, N, and P content over large-span grassland transects. At the same time, many areas can be improved; for example, we considered green vegetation in the flourishing grassland period in our model. As such, the estimation accuracy will be restricted by non-green vegetation in other growth stages. In the next stage, our research group will further study the estimation of typical grassland traits in multi-period and long-term sequences.







Author Contributions


Conceptualization, A.Z. and H.P.; methodology, H.P. and A.Z.; validation, H.P.; formal analysis, H.P. and S.Y.; investigation, H.P., J.Z., W.Q., G.D., and N.H.; resources, A.Z., G.D., N.H., and D.W.; writing—original draft preparation, H.P.; writing—review and editing, H.P. and A.Z.; supervision, A.Z.; project administration, A.Z. and N.H. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Natural Science Foundation of China, Grant Number 42071303, and National Science and Technology Basic Resources Survey Program of China, Grant Number 2019FY101300, and Joint program of Beijing Municipal Education Commission and Beijing Municipal Natural Science Foundation, Grant Number KZ202110028044.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Cui, L.; Dou, Z.; Liu, Z.; Zuo, X.; Lei, Y.; Li, J.; Zhao, X.; Zhai, X.; Pan, X.; Li, W. Hyperspectral Inversion of Phragmites Communis Carbon, Nitrogen, and Phosphorus Stoichiometry Using Three Models. Remote Sens. 2020, 12, 1998. [Google Scholar] [CrossRef]

	



Wang, M.; Gong, Y.; Lafleur, P.; Wu, Y. Patterns and drivers of carbon, nitrogen and phosphorus stoichiometry in Southern China’s grasslands. Sci. Total Environ. 2021, 785, 147201. [Google Scholar] [CrossRef]

	



Paassen, J.G.v.; Britton, A.J.; Mitchell, R.J.; Street, L.E.; Johnson, D.; Coupar, A.; Woodin, S.J. Legacy effects of nitrogen and phosphorus additions on vegetation and carbon stocks of upland heaths. New Phytol. 2020, 228, 226–237. [Google Scholar] [CrossRef] [PubMed]

	



Hessen, D.O.; Ågren, G.I.; Anderson, T.R.; Elser, J.J.; de Ruiter, P.C. Carbon sequestration in ecosystems: The role of stoichiometry. Ecology 2004, 85, 1179–1192. [Google Scholar] [CrossRef]

	



Din, M.; Ming, J.; Hussain, S.; Ata-Ul-Karim, S.T.; Rashid, M.; Tahir, M.N.; Hua, S.; Wang, S. Estimation of Dynamic Canopy Variables Using Hyperspectral Derived Vegetation Indices Under Varying N Rates at Diverse Phenological Stages of Rice. Front. Plant Sci. 2019, 9, 1883. [Google Scholar] [CrossRef] [PubMed]

	



Li, H.; Crabbe, M.J.C.; Xu, F.; Wang, W.; Niu, R.; Gao, X.; Zhang, P.; Chen, H. Seasonal Variations in Carbon, Nitrogen and Phosphorus Concentrations and C:N:P Stoichiometry in the Leaves of Differently Aged Larix principis-rupprechtii Mayr. Plantations. Forests 2017, 8, 373. [Google Scholar] [CrossRef]

	



Gao, J.; Liang, T.; Liu, J.; Yin, J.; Ge, J.; Hou, M.; Feng, Q.; Wu, C.; Xie, H. Potential of hyperspectral data and machine learning algorithms to estimate the forage carbon-nitrogen ratio in an alpine grassland ecosystem of the Tibetan Plateau. ISPRS J. Photogramm. Remote Sens. 2020, 163, 362–374. [Google Scholar] [CrossRef]

	



Cernusak, L.A.; Winter, K.; Turner, B.L. Leaf nitrogen to phosphorus ratios of tropical trees: Experimental assessment of physiological and environmental controls. New Phytol. 2010, 185, 770–779. [Google Scholar] [CrossRef]

	



Bui, E.N.; Henderson, B.L. C:N:P stoichiometry in Australian soils with respect to vegetation and environmental factors. Plant Soil 2013, 373, 553–568. [Google Scholar] [CrossRef]

	



Canadell, J.G.; Steffen, W.L.; White, P.S. IGBP/GCTE terrestrial transects: Dynamics of terrestrial ecosystems under environmental change. J. Veg. Sci. 2002, 13, 298–300. [Google Scholar] [CrossRef]

	



Zhao, Y.; Sun, Y.; Lu, X.; Zhao, X.; Yang, L.; Sun, Z.; Bai, Y. Hyperspectral retrieval of leaf physiological traits and their links to ecosystem productivity in grassland monocultures. Ecol. Indic. 2021, 122, 107267. [Google Scholar] [CrossRef]

	



Yule, I.; Pullanagari, R.; Irwin, M.; Mcveagh, P.; Kereszturi, G.; White, M.; Manning, M. Mapping nutrient concentration in pasture using hyperspectral imaging. J. N. Z. Grassl. 2015, 77, 47–50. [Google Scholar] [CrossRef]

	



Mahajan, G.R.; Sahoo, R.N.; Pandey, R.N.; Gupta, V.K.; Kumar, D. Using hyperspectral remote sensing techniques to monitor nitrogen, phosphorus, sulphur and potassium in wheat (Triticum aestivum L.). Precis. Agric. 2014, 15, 499–522. [Google Scholar] [CrossRef]

	



Baia, S.H.; Tahmasbian, I.; Zhou, J.; Nevenimo, T.; Hannet, G.; Walton, D.; Randall, B.; Gama, T.; Wallace, H.M. A non-destructive determination of peroxide values, total nitrogen and mineral nutrients in an edible tree nut using hyperspectral imaging. Comput. Electron. Agric. 2018, 151, 492–500. [Google Scholar] [CrossRef]

	



Homolová, L.; Malenovský, Z.K.; Clevers, J.G.P.W.; Garcıá-Santos, G.; Schaepman, M.E. Review of optical-based remote sensing for plant trait mapping. Ecol. Complex. 2013, 15, 1–16. [Google Scholar] [CrossRef]

	



Wang, Z.; Skidmore, A.K.; Darvishzadeh, R.; Wang, T. Mapping forest canopy nitrogen content by inversion of coupled leaf-canopy radiative transfer models from airborne hyperspectral imagery. Agric. For. Meteorol. 2018, 253, 247–260. [Google Scholar] [CrossRef]

	



Peng, Y.; Zhang, M.; Xu, Z.; Yang, T.; Su, Y.; Zhou, T.; Wang, H.; Wang, Y.; Lin, Y. Estimation of leaf nutrition status in degraded vegetation based on field survey and hyperspectral data. Sci. Rep. 2020, 10, 4361. [Google Scholar] [CrossRef]

	



Watt, M.S.; Buddenbaum, H.; Leonardo, E.M.C.; Estarija, H.J.; Bown, H.E.; Gomez-Gallego, M.; Hartley, R.J.L.; Pearse, G.D.; Massam, P.; Wright, L.; et al. Monitoring biochemical limitations to photosynthesis in N and P-limited radiata pine using plant functional traits quantified from hyperspectral imagery. Remote Sens. Environ. 2020, 248, 112003. [Google Scholar] [CrossRef]

	



Tahmasbian, I.; Xu, Z.; Abdullah, K.; Zhou, J.; Esmaeilani, R.; Nguyen, T.T.N.; Abdullah, K.; Bai, S.H. The potential of hyperspectral images and partial least square regression for predicting total carbon, total nitrogen and their isotope composition in forest litterfall samples. J. Soils Sediments 2017, 17, 2091–2103. [Google Scholar] [CrossRef]

	



Mutanga, O.; Skidmore, A.K.; Prins, H.H.T. Predicting in situ pasture quality in the Kruger National Park, South Africa, using continuum-removed absorption features. Remote Sens. Environ. 2004, 89, 393–408. [Google Scholar] [CrossRef]

	



Zhang, X.; He, Y.; Wang, C.; Xu, F.; Li, X.; Tan, C.; Chen, D.; Wang, G.; Shi, L. Estimation of Corn Canopy Chlorophyll Content Using Derivative Spectra in the O2-A Absorption Band. Front. Plant Sci. 2019, 10, 1047. [Google Scholar] [CrossRef]

	



Wang, Z.; Skidmore, A.K.; Wang, T.; Darvishzadeh, R.; Heiden, U.; Heurich, M.; Latifi, H.; Hearne, J. Canopy foliar nitrogen retrieved from airborne hyperspectral imagery by correcting for canopy structure effects. Int. J. Appl. Earth Obs. Geoinf. 2017, 54, 84–94. [Google Scholar] [CrossRef]

	



Ramoelo, A.; Skidmore, A.K.; Schlerf, M.; Mathieu, R.; Heitkönig, I.M.A. Water-removed spectra increase the retrieval accuracy when estimating savanna grass nitrogen and phosphorus concentrations. ISPRS J. Photogramm. Remote Sens. 2011, 66, 408–417. [Google Scholar] [CrossRef]

	



Hong, Y.; Guo, L.; Chen, S.; Linderman, M.; Mouazen, A.M.; Yu, L.; Chen, Y.; Liu, Y.; Liu, Y.; Cheng, H.; et al. Exploring the potential of airborne hyperspectral image for estimating topsoil organic carbon: Effects of fractional-order derivative and optimal band combination algorithm. Geoderma 2020, 365, 114228. [Google Scholar] [CrossRef]

	



Zhang, Z.; Ding, J.; Wang, J.; Ge, X. Prediction of soil organic matter in northwestern China using fractional-order derivative spectroscopy and modified normalized difference indices. Catena 2020, 185, 104257. [Google Scholar] [CrossRef]

	



Wei, L.; Yu, M.; Zhong, Y.; Zhao, J.; Liang, Y.; Hu, X. Spatial–Spectral Fusion Based on Conditional Random Fields for the Fine Classification of Crops in UAV-Borne Hyperspectral Remote Sensing Imagery. Remote Sens. 2019, 11, 780. [Google Scholar] [CrossRef]

	



Yu, K.; Anderegg, J.; Mikaberidze, A.; Karisto, P.; Mascher, F.; McDonald, B.A.; Walter, A.; Hund, A. Hyperspectral Canopy Sensing of Wheat Septoria Tritici Blotch Disease. Front. Plant Sci. 2018, 9, 1195. [Google Scholar] [CrossRef]

	



Arellano, P.; Tansey, K.; Balzter, H.; Boyd, D.S. Detecting the effects of hydrocarbon pollution in the Amazon forest using hyperspectral satellite images. Environ. Pollut. 2015, 205, 225–239. [Google Scholar] [CrossRef]

	



Zhong, Y.; Li, W.; Wang, X.; Jin, S.; Zhang, L. Satellite-ground integrated destriping network: A new perspective for EO-1 Hyperion and Chinese hyperspectral satellite datasets. Remote Sens. Environ. 2020, 237, 111416. [Google Scholar] [CrossRef]

	



Pang, H.; Zhang, A.; Kang, X.; He, N.; Dong, G. Estimation of the Grassland Aboveground Biomass of the Inner Mongolia Plateau Using the Simulated Spectra of Sentinel-2 Images. Remote Sens. 2020, 12, 4155. [Google Scholar] [CrossRef]

	



Yokoya, N.; Grohnfeldt, C.; Chanussot, J. Hyperspectral and Multispectral Data Fusion: A Comparative Review. IEEE Geosci. Remote Sens. Mag. 2017, 5, 29–56. [Google Scholar] [CrossRef]

	



Lu, B.; Proctor, C.; He, Y. Investigating different versions of PROSPECT and PROSAIL for estimating spectral and biophysical properties of photosynthetic and non-photosynthetic vegetation in mixed grasslands. GISci. Remote Sens. 2021, 58, 354–371. [Google Scholar] [CrossRef]

	



Zhao, Y.; Liu, H.; Zhang, A.; Cui, X.; Zhao, A. Spatiotemporal variations and its influencing factors of grassland net primary productivity in Inner Mongolia, China during the period 2000–2014. J. Arid Environ. 2019, 165, 106–118. [Google Scholar] [CrossRef]

	



Zhang, Y.; Li, Y.; Wang, R.; Xu, L.; Li, M.; Liu, Z.; Wu, Z.; Zhang, J.; Yu, G.; He, N. Spatial Variation of Leaf Chlorophyll in Northern Hemisphere Grasslands. Front. Plant Sci. 2020, 11, 1244. [Google Scholar] [CrossRef]

	



Tangkesi; Wulantuya; Dash, D.; Surina. RS-Based Monitoring of NDVI Spatial Variations: A Case Study of Typical Grasslands on Mongolian Plateau. Nat. Inn. Asia 2019, 116, 69–86. [Google Scholar] [CrossRef]

	



Zhao, N.; Yu, G.; He, N.; Wang, Q.; Guo, D.; Zhang, X.; Wang, R.; Xu, Z.; Jiao, C.; Li, N.; et al. Coordinated pattern of multi-element variability in leaves and roots across Chinese forest biomes. Glob. Ecol. Biogeogr. 2016, 25, 359–367. [Google Scholar] [CrossRef]

	



Muhuri, A.; Gascoin, S.; Menzel, L.; Kostadinov, T.S.; Harpold, A.A.; Sanmiguel-Vallelado, A.; Lopez-Moreno, J.I. Performance Assessment of Optical Satellite-Based Operational Snow Cover Monitoring Algorithms in Forested Landscapes. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2021, 14, 7159–7178. [Google Scholar] [CrossRef]

	



Touzi, R. Target Scattering Decomposition in Terms of Roll-Invariant Target Parameters. IEEE Trans. Geosci. Remote Sens. 2007, 45, 73–84. [Google Scholar] [CrossRef]

	



Allen, R.G.; Pereira, L.S.; Raes, D.; Smith, M. Crop Evapotranspiration-Guidelines for Computing Crop Water Requirements-FAO Irrigation and Drainage Paper 56; FAO: Rome, Italy, 1998; Volume 300, p. D05109. [Google Scholar]

	



Tian, A.; Zhao, J.; Xiong, H.; Gan, S.; Fu, C. Application of Fractional Differential Calculation in Pretreatment of Saline Soil Hyperspectral Reflectance Data. J. Sens. 2018, 2018, 8017614. [Google Scholar] [CrossRef]

	



Fu, C.; Xiong, H.; Tian, A. Fractional Modeling for Quantitative Inversion of Soil-Available Phosphorus Content. Mathematics 2018, 6, 330. [Google Scholar] [CrossRef]

	



Wang, J.; Shi, T.; Yu, D.; Teng, D.; Ge, X.; Zhang, Z.; Yang, X.; Wang, H.; Wu, G. Ensemble machine-learning-based framework for estimating total nitrogen concentration in water using drone-borne hyperspectral imagery of emergent plants: A case study in an arid oasis, NW China. Environ. Pollut. 2020, 266, 115412. [Google Scholar] [CrossRef]

	



Bhadra, S.; Sagan, V.; Maimaitijiang, M.; Maimaitiyiming, M.; Newcomb, M.; Shakoor, N.; Mockler, T.C. Quantifying Leaf Chlorophyll Concentration of Sorghum from Hyperspectral Data Using Derivative Calculus and Machine Learning. Remote Sens. 2020, 12, 2082. [Google Scholar] [CrossRef]

	



Xia, N.; Tiyip, T.; Kelimu, A.; Nurmemet, I.; Ding, J.; Zhang, F.; Zhang, D. Influence of Fractional Differential on Correlation Coefficient between EC1:5 and Reflectance Spectra of Saline Soil. J. Spectrosc. 2017, 2017, 1236329. [Google Scholar] [CrossRef]

	



Zhou, T.; Geng, Y.; Ji, C.; Xu, X.; Wang, H.; Pan, J.; Bumberger, J.; Haase, D.; Lausch, A. Prediction of soil organic carbon and the C:N ratio on a national scale using machine learning and satellite data: A comparison between Sentinel-2, Sentinel-3 and Landsat-8 images. Sci. Total Environ. 2021, 755, 142661. [Google Scholar] [CrossRef] [PubMed]

	



Yuan, Z.Y.; Chen, H.Y.H. Decoupling of nitrogen and phosphorus in terrestrial plants associated with global changes. Nat. Clim. Chang. 2015, 5, 465–469. [Google Scholar] [CrossRef]

	



Xiang, K.; Li, Y.; Horton, R.; Feng, H. Similarity and difference of potential evapotranspiration and reference crop evapotranspiration—A review. Agric. Water Manag. 2020, 232, 106043. [Google Scholar] [CrossRef]

	



Cho, M.A.; Skidmore, A.K. A new technique for extracting the red edge position from hyperspectral data: The linear extrapolation method. Remote Sens. Environ. 2006, 101, 181–193. [Google Scholar] [CrossRef]

	



Abulaiti, Y.; Sawut, M.; Maimaitiaili, B.; Chunyue, M. A possible fractional order derivative and optimized spectral indices for assessing total nitrogen content in cotton. Comput. Electron. Agric. 2020, 171, 105275. [Google Scholar] [CrossRef]

	



Gao, J.; Meng, B.; Liang, T.; Feng, Q.; Ge, J.; Yin, J.; Wu, C.; Cui, X.; Hou, M.; Liu, J.; et al. Modeling alpine grassland forage phosphorus based on hyperspectral remote sensing and a multi-factor machine learning algorithm in the east of Tibetan Plateau, China. ISPRS J. Photogramm. Remote Sens. 2019, 147, 104–117. [Google Scholar] [CrossRef]

	



Wei, Y.; Li, X.; He, Y. Generalisation of tea moisture content models bsased on VNIR spectra subjected to fractional differential treatment. Biosyst. Eng. 2021, 205, 174–186. [Google Scholar] [CrossRef]

	



Lin, X.; Su, Y.-C.; Shang, J.; Sha, J.; Li, X.; Sun, Y.-Y.; Ji, J.; Jin, B. Geographically Weighted Regression Effects on Soil Zinc Content Hyperspectral Modeling by Applying the Fractional-Order Differential. Remote Sens. 2019, 11, 636. [Google Scholar] [CrossRef]

	



Lu, D.; Batistella, M. The potential and challenge of remote sensing-based biomass estimation. Int. J. Remote Sens. 2006, 27, 1297–1328. [Google Scholar] [CrossRef]

	



Nayak, A.K.; Rahman, M.M.; Naidu, R.; Dhal, B.; Swain, C.K.; Nayak, A.D.; Tripathi, R.; Shahid, M.; Islam, M.; Pathak, H. Current and emerging methodologies for estimating carbon sequestration in agricultural soils: A review. Sci. Total Environ. 2019, 665, 890–912. [Google Scholar] [CrossRef]

	



Chen, D.; Chang, N.; Xiao, J.; Zhou, Q.; Wu, W. Mapping dynamics of soil organic matter in croplands with MODIS data and machine learning algorithms. Sci. Total Environ. 2019, 669, 844–855. [Google Scholar] [CrossRef]

	



Chaneton, E.J.; Lemcoff, J.H.; Lavado, R.S. Nitrogen and Phosphorus Cycling in Grazed and Ungrazed Plots in a Temperate Subhumid Grassland in Argentina. J. Appl. Ecol. 1996, 33, 291–302. [Google Scholar] [CrossRef]

	



He, J.-S.; Wang, L.; Flynn, D.F.B.; Wang, X.; Ma, W.; Fang, J. Leaf nitrogen:phosphorus stoichiometry across Chinese grassland biomes. Oecologia 2008, 155, 301–310. [Google Scholar] [CrossRef]

	



Hailing, Y.; Jiangwen, F.; LiYuzhe. Foliar carbon, nitrogen, and phosphorus stoichiometry in a grassland ecosystem along the Chinese Grassland Transect. Acta Ecol. Sin. 2017, 37, 133–139. [Google Scholar] [CrossRef]

	



Meyer, T.; Okin, G.S. Evaluation of spectral unmixing techniques using MODIS in a structurally complex savanna environment for retrieval of green vegetation, nonphotosynthetic vegetation, and soil fractional cover. Remote Sens. Environ. 2015, 161, 122–130. [Google Scholar] [CrossRef]

	



Rumpel, C.; Chabbi, A. Plant-Soil Interactions Control CNP Coupling and Decoupling Processes in Agroecosystems with Perennial Vegetation. In Agroecosystem Diversity; Academic Press: Cambridge, MA, USA, 2019; pp. 3–13. [Google Scholar] [CrossRef]








[image: Remotesensing 14 00242 g001 550] 





Figure 1. Distribution of sampling points in the study area. 
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Figure 2. Flowchart of the experimental methodology. 
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Figure 3. Construction of the spectral enhancement algorithm: (a) Concept map of spectral enhancement; and (b) enhanced spectra construction process schematic diagram (ES is the enhanced spectra, Fit is the fitting spectra, VL is the raw spectral trend line of satellite, and TL is the fitting spectral trend line). 
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Figure 4. The spectral features and variation characteristics of weight factors for the Inner Mongolia transect: (a) Variation trend of aboveground biomass and relative humidity; (b) spectral features of Z1, Z4, and Z10 under the same weight factor (W = 1); and (c) fusion spectral features of Z1, Z4, and Z10 under different weight factors (W = 0.64, 0.4, and 0.1, respectively). 
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Figure 5. Meteorological data and relative humidity: (a) precipitation and temperature; (b) altitude; (c) correlations of C, N, and P with relative humidity, temperature, and precipitation; and (d) spatial distribution of relative humidity. 
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Figure 6. The difference between raw spectra (RS), enhanced spectrum (ES), and resampling spectra of ES (ES-Resample), compared to the measured hyperspectral data (realHRS). 
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Figure 7. Spectral changes of Z1-Z10: (a) Raw spectra of Sentinel-2; and (b) fusion spectra. Gray area shows the wavelength range of Sentinel-2. 
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Figure 8. Correlation analysis between spectral features and C, N, and P contents: (a) The correlation of C, N, and P contents with original features of the fusion spectra and Sentinel-2 spectra; (b–d) the correlations of C, N, and P with enhancement features of fusion spectra under the 0–4th-order differential transformations, respectively. 
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Figure 9. Scatter plots of observed vs. estimated C, N, and P from (a–c) fusion spectra (FS) and (d–f) raw spectra (RS). 
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Figure 10. The spatial distribution of (a) C, (b) N, and (c) P in Inner Mongolian grasslands. 
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Figure 11. The change trends of (a) C, (b) N, and (c) P contents for Z1–Z10 at the point and local scales. The C, N, and P contents at the point scale were measured and estimated in the samples and the contents at the local scale were estimated within a 1 km buffer around the sampling point. 
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Table 1. The statistics of mean, standard deviation (Std), maximum (Max), and minimum (Min) for the considered sample sites.
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Sites

	
Mean

	
Std

	
Min

	
Max

	
Sites

	
Mean

	
Std

	
Min

	
Max






	
C

	
Z1

	
51.67

	
12.82

	
40.23

	
67.60

	
Z6

	
31.58

	
11.07

	
20.78

	
55.73




	
Z2

	
41.75

	
11.89

	
22.82

	
61.30

	
Z7

	
18.13

	
4.24

	
14.76

	
24.95




	
Z3

	
65.54

	
15.06

	
44.42

	
91.43

	
Z8

	
14.52

	
3.57

	
10.78

	
20.34




	
Z4

	
35.88

	
14.42

	
20.56

	
60.01

	
Z9

	
5.65

	
1.59

	
3.96

	
8.95




	
Z5

	
14.27

	
4.84

	
5.40

	
19.62

	
Z10

	
4.99

	
1.17

	
3.32

	
7.02




	
N

	
Z1

	
2.83

	
1.01

	
1.99

	
5.03

	
Z6

	
1.68

	
0.63

	
1.14

	
3.08




	
Z2

	
2.43

	
0.69

	
1.31

	
3.54

	
Z7

	
1.18

	
0.30

	
0.92

	
1.69




	
Z3

	
3.54

	
0.78

	
2.41

	
4.90

	
Z8

	
1.21

	
0.24

	
0.99

	
1.60




	
Z4

	
1.92

	
0.74

	
1.14

	
3.05

	
Z9

	
0.57

	
0.12

	
0.42

	
0.75




	
Z5

	
0.95

	
0.30

	
0.34

	
1.29

	
Z10

	
0.54

	
0.13

	
0.34

	
0.75




	
P

	
Z1

	
230.51

	
59.45

	
167.21

	
323.05

	
Z6

	
74.10

	
27.60

	
46.35

	
133.47




	
Z2

	
139.30

	
42.52

	
77.25

	
215.57

	
Z7

	
64.61

	
16.04

	
51.99

	
95.50




	
Z3

	
203.97

	
44.84

	
142.69

	
279.45

	
Z8

	
52.95

	
13.95

	
37.83

	
74.28




	
Z4

	
112.17

	
47.93

	
64.22

	
181.72

	
Z9

	
44.99

	
9.33

	
33.33

	
61.16




	
Z5

	
45.10

	
14.35

	
16.09

	
62.28

	
Z10

	
33.21

	
8.65

	
19.78

	
47.57








Note: The units of C, N, P are g/m2, g/m2, mg/m2, respectively.
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Table 2. The information of Sentinel-2 images and the corresponding sampling time in the study area.
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	Sampling Regions
	Sampling Times
	Image Scanning Time
	Image Names (Sentinel-2)





	Z1
	10 July 2018
	1 July 2018
	S2B_MSIL2A_20180701T024549_N0206_R132_T51TWK



	Z2
	9 July 2018
	10 July 2018
	S2A_MSIL2A_20180719T025551_N0206_R032_T51TUK



	Z3
	11 July 2018
	19 July 2018
	S2A_MSIL2A_20180709T025551_N0206_R032_T50TQR



	Z4
	8 July 2018
	9 July 2018
	S2A_MSIL2A_20180709T025551_N0206_R032_T50TPQ



	Z5
	6 July 2018
	12 July 2018
	S2A_MSIL2A_20180712T030541_N0206_R075_T50TMQ



	Z6
	5 July 2018
	12 July 2018
	S2A_MSIL2A_20180712T030541_N0206_R075_T50TMQ



	Z7
	7 July 2018
	12 July 2018
	S2A_MSIL2A_20180712T030541_N0206_R075_T50TNQ



	Z8
	12 July 2018
	10 July 2018
	S2B_MSIL2A_20180710T031539_N0206_R118_T50TLP



	Z9
	14 July 2018
	13 July 2018
	S2B_MSIL2A_20180713T032539_N0206_R018_T49TGJ



	Z10
	13 July 2018
	13 July 2018
	S2B_MSIL2A_20180713T032539_N0206_R018_T49TEJ
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Table 3. Comparison of moisture indices between Kriging interpolation results and calculated result by measured data at 10 meteorological stations.
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	Station Site
	Measured

Moisture Index
	Kriging Interpolation Moisture Index





	1
	−0.61
	−0.53



	2
	−0.07
	−0.03



	3
	−0.43
	−0.38



	4
	−0.69
	−0.64



	5
	−0.63
	−0.65



	6
	−0.48
	−0.47



	7
	−0.78
	−0.53



	8
	−0.12
	−0.31



	9
	−0.57
	−0.53



	10
	−0.30
	−0.39



	Evaluating

indicator
	R = 0.88
	RMSE = 0.11
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Table 4. Comparison of spectral angle (SN), spectral distance (SD), and correlation (R) between raw spectra and resampling spectra, measured hyperspectral data, and enhanced spectra.






Table 4. Comparison of spectral angle (SN), spectral distance (SD), and correlation (R) between raw spectra and resampling spectra, measured hyperspectral data, and enhanced spectra.





	

	

	
RS-ES_Resample

	

	
ES-RealHRS




	
Site

	
SN

	
SD

	
R

	
SN

	
SD

	
R






	
Z1-1

	
0.0145

	
0.0097

	
0.9994

	
0.1282

	
5.1279

	
0.9823




	
Z1-2

	
0.0137

	
0.0091

	
0.9995

	
0.0925

	
5.1148

	
0.9881




	
Z1-3

	
0.0174

	
0.0115

	
0.9992

	
0.1006

	
5.0035

	
0.9894




	
Z1-4

	
0.0103

	
0.0068

	
0.9997

	
0.0699

	
5.0221

	
0.9964




	
Z1-5

	
0.0165

	
0.0110

	
0.9993

	
0.0740

	
5.0070

	
0.9944




	
Z1-6

	
0.0043

	
0.0026

	
0.9999

	
0.1353

	
4.6826

	
0.9853




	
Z1-7

	
0.0100

	
0.0064

	
0.9997

	
0.0873

	
4.7217

	
0.9934




	
Z1-8

	
0.0072

	
0.0046

	
0.9999

	
0.0591

	
4.7055

	
0.9937




	
Z2-1

	
0.0128

	
0.0097

	
0.9997

	
0.1313

	
5.7027

	
0.9815




	
Z2-2

	
0.0090

	
0.0068

	
0.9998

	
0.1305

	
5.7138

	
0.9836




	
Z2-3

	
0.0323

	
0.0260

	
0.9982

	
0.1268

	
5.7158

	
0.9781




	
Z2-4

	
0.0121

	
0.0093

	
0.9997

	
0.1148

	
5.8078

	
0.9844




	
Z2-5

	
0.0101

	
0.0079

	
0.9998

	
0.1075

	
5.4887

	
0.9891




	
Z2-6

	
0.0116

	
0.0087

	
0.9998

	
0.1376

	
5.6971

	
0.9772




	
Z2-7

	
0.0174

	
0.0132

	
0.9995

	
0.1398

	
5.7303

	
0.9727




	
Z2-8

	
0.0084

	
0.0063

	
0.9999

	
0.1254

	
5.6746

	
0.9807
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Table 5. Accuracy evaluation of C, N, and P content estimation with or without meteorological weight in different characteristic models.
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Models

	
C

	
N

	
P




	
R2

	
RMSE (g/m2)

	
R2

	
RMSE (g/m2)

	
R2

	
RMSE (mg/m2)






	
RS

	
0.74

	
10.99

	
0.64

	
0.65

	
0.67

	
42.65




	
RS-M

	
0.73

	
11.15

	
0.65

	
0.64

	
0.73

	
38.25




	
ES

	
0.85

	
8.37

	
0.73

	
0.57

	
0.80

	
33.00




	
FS

	
0.88

	
7.57

	
0.78

	
0.51

	
0.85

	
28.92




	
RealHRS

	
0.93

	
5.54

	
0.93

	
0.30

	
0.92

	
20.49




	
RealHRS-M

	
0.96

	
4.52

	
0.94

	
0.26

	
0.95

	
15.76








Note: RS, ES, RealHRS are raw spectra, enhanced spectra, measured hyperspectral data, respectively; RS-M, FS, and RealHRS-M are the fusion features of meteorological weights with the raw spectra, enhanced spectra, and measured hyperspectral data, respectively.
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Table 6. The importance of relative humidity vs. raw spectral features for estimating C, N, and P contents.
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Elements

	
Relative

Humidity

	
Raw Spectra Features




	
B1

	
B2

	
B3

	
B4

	
B5

	
B6

	
B7

	
B8

	
B8a

	
B9

	
B11

	
B12






	
C

	
0.71

	
0.34

	
0.32

	
0.52

	
0.41

	
0.38

	
0.26

	
0.36

	
0.31

	
0.26

	
0.17

	
0.52

	
0.87




	
N

	
0.59

	
0.27

	
0.33

	
0.44

	
0.35

	
0.37

	
0.26

	
0.15

	
0.29

	
0.33

	
0.33

	
0.46

	
0.81




	
P

	
0.67

	
0.16

	
0.30

	
0.31

	
0.40

	
0.37

	
0.36

	
0.23

	
0.30

	
0.22

	
0.07

	
0.27

	
0.87
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