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Abstract

:

Numerous spectral indices have been developed to assess plant diversity. However, since they are developed in different areas and vegetation type, it is difficult to make a comprehensive comparison among these indices. The primary objective of this study was to explore the optimum spectral indices that can predict plant species richness across different communities in sandy grassland. We use 7339 spectral indices (7217 we developed and 122 that were extracted from literature) to predict plant richness using a two-year dataset of plant species and spectra information at 270 plots. For this analysis, we employed cluster analysis, correlation analysis, and stepwise linear regression. The spectral variability within the 420–480 nm and 760–900 nm ranges, the first derivative value at the sensitive bands, and the normalized difference at narrow spectral ranges correlated well with plant species richness. Within the 7339 indices that were investigated, the first-order derivative values at 606 and 583 nm, the reflectance combinations on red bands: (R802 − R465)/(R802 + R681) and (R750 − R550)/(R750 + R550) showed a stable performance in both the independent calibration and validation datasets (R2 > 0.27, p < 0.001, RMSE < 1.7). They can be regarded as the best spectral indices to estimate plant species richness in sandy grasslands. In addition to these spectral variation indices, the first derivative values or the normalized difference of the sensitive bands also reflect plant diversity. These results can help to improve the estimation of plant diversity using satellite-based airborne and hand-held hyperspectral sensors.
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1. Introduction


Plant species diversity is a key element in the provision of ecosystem services [1,2]. Species richness refers to the total number of species in a sampling unit and it is a strong indicator of plant diversity [3]. In the electromagnetic spectrum, different plant species respond differently to light radiation [4,5]. Thus, the variations in the remotely sensed spectra can be used to assess plant species diversity. This forms a key basis in the Spectral Variations Hypothesis (SVH) [3,6,7,8]. This means that spectral entropy is potentially represents an efficient and relatively inexpensive means to provide biodiversity estimates when compared to high-cost, labor-intensive field surveys [9]. Theoretically, the greater the detail contained within a spectral range of a remotely sensed data-set, the more useful it will be extract reliable predictors of plant.



Numerous spectral indices have been developed to predict plant species diversity. The red (630–690 nm) and near infrared (NIR, 760–900 nm) wavebands, which are known to reflect vegetation structure, are always commonly selected to predict species diversity at a plot scale [10]. The normalized difference vegetation index (NDVI), calculated based on the red and infrared (IR) bands, and its variations of this index, are frequently used as indicators of plant species richness [10,11,12]. The enhanced vegetation index (EVI) [13], infrared index (IRI), middle infrared index (MIRI), atmosphere resistance vegetation index (ARVI), and soil-adjusted vegetation index (SAVI) have also been found to be closely related to plant species diversity [14,15]. The mean Euclidean distances between the spectral clusters derived from Principal Component Analysis (PCA) has also been used to predict plant species diversity [3,8]. First- and second-order derivative values of reflectance [16,17] and their standard deviations have been used in regression analysis again provided good predictors of plant diversity [18]. The first- and second- order in variations of the EVI have been found to be superior in assessing plant diversity when compared to the other commonly used parameters [19]. To date, these spectral indices have been generally calculated based on narrow wavebands, which were selected based on empirical vegetation indices or the biochemical absorption domain in the plant spectra. Most of the indices are also strongly site-dependent, and only accurate at the site where they were developed. Reasons for this strong site-dependence may be differences in (a) the resolution of the applied remote-sensing data, (b) the spatial dimensions of field plots [20], (c) the spectral resolution, and/or (d) the timing of field investigation [21]. To compare the different indices and identify the best ones is extremely important to broaden the use of remote sensing in assessing plant diversity throughout the world. Nevertheless, thus far no attempt has been made to compare the entire set of indices published to date and identify the best ones for estimating plant species richness.



Hyperspectral data can provide hundreds of bands with 1–10 nm resolution. Numerous spectral indices, both newly developed and previously published, can be established based on the hundreds of wavebands that are contained in this data. Owing to this advantage, hyperspectral data has been successfully used to estimate plant diversity of temperate forest [22], rainforest [23], tropical forest [24,25], savanna [3], heterogeneous forest [26], alpine grassland [27], grazed dry grassland [28], and sandy grassland [29]. Based on the very distinct variability in the absorption and reflectance properties of individual bands. The Hunshandak Sandland sandy grassland, which is located in the Euro-Asian biome, represents one of the most species-rich Asia grassland ecosystems. To date, assessments of this area’s plant species diversity using remote sensing are lacking. In this study, 270 circular plots with a 0.8m diameter were surveyed, and 7339 spectral indices (122 published and 7217 newly developed) were extracted for each of these plots, to address the persisting knowledge gaps by focusing on the following three research questions:

	
Within the thousands of hyperspectral indices, which ones perform best in estimating species richness?



	
Does the hyperspectral data conform to predictions based on the Spectral Variations Hypothesis?



	
How well do the investigated hyperspectral spectral indices perform as a proxy for plant species richness under different vegetation cover and structural complexity?








To answer these questions, we surveyed the vegetation in the grassland of the Hunshandak Sandland, China, to obtain plant diversity indices. We also collected hyperspectral data for the same locations and searched for the best predictors of plant species diversity using thousands of hyperspectral indices.




2. Materials and Methods


2.1. Study Area


Hunshandak Sandland (41°46′–43°69′N, 114°55′–116°38′E) is one of the four largest sandy temperate grassland areas in China (Figure 1). The prevailing climate is of temperate semi-arid type, with an annual mean temperature of 1.7 °C and a diurnal minimum and maximum monthly temperatures of –18.3 °C and 18.7 °C, respectively. Annual precipitation is 250–350 mm, 80–90% of which falls between May and September. The land cover types of the Hunshandak Sandland include fixed sandy dunes, semi-fixed sandy dunes, active sandy dunes, and low plains that contained rich plant diversity, with the vegetation composition showing small scale variations. These species-rich habitats provide multiple ecosystem services, for example, in preventing the movement of sandy dunes. Therefore, operative schemes for the rapid assessment of fine-scale (0.25–1 m2) plant species diversity are needed to monitor the ecological status in these habitats.




2.2. Plant Diversity Survey and Analysis


We surveyed a total of 270 circular plots, each with a diameter of 0.8m and being randomly distributed throughout the central Hunshandak Sandland. The geographical position of the center was acquired for each sampling plot while using a high-precision hand-hold GPS (UniStrong MG838). The amount, cover, and height of each vascular plant species, and the habitat category of the plot represented (fixed sand dune, semi-fixed sand dune, active sand dune, low elevation plain, water and construction land) were recorded between July and August in either 2016 or 2017. The number of individuals was recorded for the species whose stems were either fully or partially within the subplot. The clonal species were counted as separate individuals, whereas stems or culms grew at distances of more than 20 cm from others specimens of the same species. The same person visually estimated the cover percentage of each species that occurred within the plot for all plots. Polygonum divaricatum was the dominant species in moving dunes; and, Artemisia ordosica dominated at fixed dunes and the low plain. Species richness, which refers to the total number of species per plot, has been widely used as one indicator of plant diversity [30,31]. In our study, species richness atthe plot level was again used as a key indicator of plant biodiversity.




2.3. Hyperspectral Data Measurement and Analysis


Parallel to the vegetation, ground-based hyperspectral measurements were concurrently recorded at each plot using a Hand–Held ASD FieldSpec2 spectrometer (Analytical Spectral Devices Inc., USA). Weighting only 1.2 kg, the spectrometer has a spectral range extending from 325 to 1075 nm and a 1 nm bandwidth (www.asdi.com). Measurements were taken between 10:00–15:00 (Beijing Time) on a sunny windless day. The surveyors dressed in dark and they avoided blocking the sun when measuring in order to minimize environmental reflections. Given the surveyed circle diameter, the canopy reflectance was measured by pointing the fibre optic with a field of view of 25 degrees in a nadir position, located about 2m above the center of each plot, to ensure that only hyperspectral parameters within the surveyed circles were recorded (Figure 2). A white reference panel (spectralon) was used before each spectral measurement to convert spectral radiance into reflectance. Measuring followed the protocol that was used by e.g., [32,33]. Each plot (circle) was measured five times and the averages were calculated across these measurements to account for illumination differences and bi-directional reflectance effects [33]. In the raw data, the marginal ranges 325–374 nm and 1026–1075 nm from each spectrum were removed due to noise effects [34]. Based on Möckel et.al. [28] and our previous studies [29], the sample plots were randomly divided into two datasets: 195 plots were used as training dataset and the remaining 75 plots were used as the validation dataset.



The collected hyperspectral data were preprocessed using the software ViewSpec Pro 6.0 (Analytical Spectral Devices Inc., USA) and then exported into “Statistical Package for the Social Sciences” version 25 (SPSS 25; Chicago, Illinois, USA) to calculate the correlation coefficients and cluster analysis. Figure 3 summaries the work flow of species richness estimation through hyperspectral indices.




2.4. Development Hyperspectral Indices


In this study, we employ a total of 7339 hyperspectral indices (7217 newly developed indices and 122 previously published indices) to identify the best indices in estimating plant species richness. These indices are developed and selected based on SVH through four approaches: (1) combinations of reflectance (Ri) and their first-order derivate values (FD) for each waveband relative to its adjacent waveband; (2) a subset of characterized wavebands (plant absorption peak, reflectance peak, near-, middle-, and edge-spectra in blue, green, and red light); (3) spectral variability indices, i.e., mean (M-), standard deviation (SD-), coefficients of variance (CV), Shannon and Simpson index based on Ri or its FD on the wavebands of (1) and (2); and, (4) empirical spectral indices in previous published literatures.



Combination indices are expressed as Ri or FD at a given wavelength, wavelength difference (Dij), ratio (RR), normalized difference (ND), or inverse reflectance differences (ID) at each waveband and its adjacent waveband (using bands at each 1 nm) in ascending order. Overall, this resulted in ten common types of indices, which are both based on Ri and FD, were used in this study:


Ri



(1)






D = Rj − Ri



(2)






R = Rj/Ri



(3)






ND = (Rj − Ri)/(Rj + Ri)



(4)






ID = 1/Rj − 1/Ri



(5)






FD = FD(Ri)



(6)






FD(D) = FD(Dij) = FD(Rj) − FD(Ri)



(7)






FD(R) = FD(Rj)/FD(Ri)



(8)






FD(ND) = (FD(Rj) − FD(Ri))/(FD(Rj) + FD(Ri))



(9)






FD(ID) = 1/FD(Rj) − 1/FD(Ri)



(10)




where Ri is the mean reflectance, FD is the first-order derivative spectra, and the suffixes (i or j) are wavelengths (nm) of neighboring bands. The FDs were calculated by finite difference approximation. Using this approach, a total of 6500 indices (Ri, D, R, ND, ID; FD, FDD, FDR, FDND, FDID) were created for every waveband or in comparison with two adjacent bands between the ranges of 375–1025 nm (10 × 650 = 6500 indices).



Plant species have distinct physiological traits, demonstrated by their distinct spectral absorption or reflection characteristics in leaves or the plant canopy [35,36,37]. The spectral variability within the individual wavebands can, in this regard, be considered as an indicator of plant species richness. We employed the following specific wavebands that characterize the respective spectral ranges (Table 1), based on the respective literature to extract indicators of plant species diversity.



We calculated the following spectral variability indices at every characterized range as the potential index of plant species richness:



The mean value (M) at each characterized range.



The spectral standard deviation (SD) was used to indicate the spectral heterogeneity within each plot (0.8m-diamater circle) by Formula (11):


SD = ∑i=1n(Ri−Rj)n



(11)







The spectral CV (coefficient of variance, Formula (12)) was used to indicate the spectral heterogeneity within each plot (0.8m-diamater circle) as:


CV = SDmeanR



(12)




where MeanR is the mean reflectance in a range of wavelength, n is the total number of range bands.



CV increases with increasing spectral variability and is, according the SVH hypothesis, as such, a measure for species richness, which is a common measure of alpha diversity [38].



The spectral Shannon–Wiener index was calculated as [29]:


ShannonRi = −∑i=1nRiRnlnRiRn



(13)




where ShannonRi is the spectral diversity in a circle of n bands, Ri is the reflectance value of the ith band, Rn is the total number of bands, and ln is the natural logarithm. The higher value of Hs means higher spectral diversity and hence greater plant diversity. The band unit (n) also indicated various spectral regions (in Table 1), which aimed to find the best ShannonRi.



The Simpson spectral evenness index (SimpsonRi) was calculated as [29]:


SimpsonRi=1− ∑i=1n(RiRn)2



(14)







The values of the Simpson spectral evenness index range from 0 (completely uneven) to 1 (different reflectances occur in equal numbers). The meaning of Ri, Rn, and n are the same as in Formula (13). Simpson’s evenness values were also calculated at all, specific, and every individual band, as in Formula (13).



SD and CV were calculated for D, R, ND, ID, FD, FDD, FDR, FDND, and FDID on the whole range of 375–1025 nm, respectively; M, SD, CV were calculated on Ri, D, R, ND, ID, FD, FDD, FDR, FDND and FDID on each characterized range in Table 1; and, Shannon and Simpson indices on Ri and FD for each characterized range are shown in Table 1. This resulted in a total of 713 additional indices (2 × 9 = 18 indices for a range of 375–1025 nm; 3 × 10 × 20 = 600 indices for 20 ranges in Table 1; 15 absolute values for CV; and, 2 × 2 × 20 = 80 indices for Shannon–Wiener and Simpson index).



SD, CV, Shannon, and Simpson indices on 20 characterized ranges (Table 1) (four indices).



Totally: 713 + 4 = 717 indices.



We also employed 122 spectral indices (Appendix A, Table A1) that were published in previous studies, which served as reference [24,34,38,39,40]. This means that the total number of indices tested was 7339 (6500 + 717 + 122 = 7339).




2.5. The Method for Identification of the Best Indices


One of the key aims of our study was to identify the best spectral indices to predict plant species richness. This identification was mainly based on correlation analysis, cluster analysis, and model validation. Indices were considered to be optimal when they were statistically significantly (p < 0.05) linked to plant species richness based on Pearson’s correlation analysis [41]. Within the group of significant predictors, the indices with the highest coefficients of determination (R2) that were obtained through linear modelling would be selected as potentially “best” predictors. However, many indices showed very similar, strong relationship with species richness. Therefore, we used a cluster analysis to select the most significant indices within each similar-performing group, deleting the redundant collinear spectral indices to narrow down the number of selected indices. Therefore, the purpose of the cluster analysis was to identify the indices showing very similar associations with plant diversity, hence being closely associated with each other [42]. Overall, the identification of similarity was based on (1) the determination of shared commonalities in accuracy and similar content in indices and (2) by the division of indices into various groups [43]. These groups were not known prior to conducting the mathematical analysis and no a priory assumption were made regarding the distribution of variables (indices). The indices were also z-transformed for the analysis. The results are presented in a dendrogram with groupings based on a squared Euclidean distance matrix. Following cluster analysis, only indices that have significant correlation coefficients, representing the group which they belong to, were used for further analysis as representatives of their respective groups.



The potential spectral indices should be highly consistent in predicting plant species richness across different plant communities. We used two types of community conditions to test how they influence the consistency of the selected indices in estimating the richness of plant species in the proposed indices. First, % cover was regarded as one important factor that potentially affects species richness predictions [44]. Second, species richness is a common indicator of community complexity [45], also due to different species generally varying in their morphological traits. These two conditions were separated into three classes based on values: 0–25, 26–40, and 40–100%, therefore representing low, moderate, and high % cover of the community and 1–3, 4–6, and 7–12 (species richness) as low, moderate, and high community complexity, respectively.



The indices that were retained after these steps were selected as final target indices if they also passed the validation test. For this test, we used the remaining 75 plots that were randomly selected for model validation. The performance of the proposed indices in the validating test was assessed using four variables that were obtained in the validated datasets: the coefficient of determination (R2 and adjusted R2, calculated by linear modelling), the root mean square error (RMSE), and the significance level (p) between the predicted and observed richness values. High values of R2 and low values of RMSE indicate high model quality. The indices that had the highest adjusted R2 and the lowest RMSE with a p < 0.01 were considered as to be the best predictor [46]. The RMSE was calculated using the following formula:


RMSE =∑j=1n(yj−y^j)2n



(15)




where, y = observed species richness value, ŷ = estimated species richness value, and n = number of sample plots.





3. Results


3.1. Cluster trees in two stages


The spectral indices clustered into five distinct groups (positive and negative significant relation at 0.01 and 0.05 level, respectively, and a non-significant relation) in the hierarchical cluster tree based on all 7339 hyperspectral indices (Figure S1). These results (see also relations Table S1 in Supplementary Data) suggest a strong degree of consistency in the selection of desirable indices as a basis cluster to select the best indices. The positive significant indices mostly occurred in the spectra between 500–800 nm, as demonstrated by FD, R, D, ND or SD, and CV. The Ri indices in the range between 400–900 nm commonly showed mostly negative correlations with plant species richness. The indices in these groups have the best potential as indicators of plant species richness. We chose 241 indices in the characterized groups for further investigation.



These 241 indices were clustered to identify the best index ranges. The resultant dendrogram tree (Figure S2 in Supplementary Data) indicates that the indices that are strongly aligned with plant species richness are closely associated. We first selected the closest indices using the Pearson’s correlation coefficients (Table S2 in the Supplementary Data), followed by a browsing cluster dendrogram (Figure S2), in order to discern their location in the tree one-by-one, with most representatives found near the center of the selected group. Using this approach, the most sensitive 26 indices were selected as the potential best indices for further analysis. Additionally, they also had significantly higher Pearson’s correlation coefficients with plant species richness per plot (|r| > 0.5) than the other tested indices.




3.2. Performance Under Different Community Conditions


The selected 26 spectral indices were compared regarding their consistency of relation to species richness for different community conditions. Table 2 lists the Pearson’s correlation coefficients between the hyperspectral indices and species richness at the three degrees of community cover (L, Low, <25%; M, Moderate, 26–40%; H, High, >40%) and community complexity (L, Low, 1–3; M, Moderate, 4–6; H, High, >7). The indices that showed significant correlations for all different community conditions were chosen as the potential best indices.



Table 2 shows that the indices were significantly related to species richness under different community covers, yet are varied with high community complexity. The indices FD531, FD583, FD606, SD450–470, ShannonFD760–900, Index48, Index69, and Index78 were significantly related to species richness under different community conditions.



Regarding the effects of community cover, the reflectance of a community may proportionally relate to the community cover. We examined the performance of the spectral curves with the same species richness under four cover conditions (Figure 4). These plots were chiefly covered by the three-herb species: Artemisia desertorum, Artemisia intramongolica, and Agriophyllum squarrosum. For the plots with a cover of 3%, where the majority of the ground was covered by sandy soil without vegetation, the reflectance curve contained strong non-vegetation signal. For plots with covers of 23, 55 and 75%, the curves were increasingly characterizing the distinct vegetation trait of the respective community. The differences in the curves were mainly at the edge of red light (520–600 nm) and near infrared red (720–900 nm). In these spectral ranges, the standard deviations also peaked. Based on Figure 4, it can be deduced that the changes in reflectance are not directly proportional to the changes in community cover. The FD at the sensitive bands of 531, 583, and 606 nm remains almost stable, although high variation existed in the original reflectance. It was also observed that the same standard deviation for reflectance from 450–470 nm occurred under four cover conditions. The Shannon–Wiener Index on FD in the range of 760–900 nm, within the near-infrared near region, also maintained similar values, indicating stable species richness across plots.



The eight spectral indices that passed the above-mentioned tests were retained for model development. The established models showed a high determination coefficient (R2), significant relationship between index and plant species richness (p < 0.05), and low RMSE (Table 3), demonstrating them to be potentially best indices.




3.3. Validation of Proposed Models


Based on the eight identified best hyperspectral indices that are listed in Table 3, plant richness was calculated using the hyperspectral dataset collected at the 75 model validation plots. The linear correlation between the estimated diversity using hyperspectral indices and the field-survey plant diversity was analyzed at the plot level (Figure 5). All of the models showed a significant correlation (p < 0.05) between recorded and predicted species richness. By comparing the R2, all of the hyperspectral models showed similarly high values (R2 > 0.2), with the exception of FD531. The RMSE ranged from 1.5 to 1.9, and FD583, FD606, (R802 − R465)/(R802 + R681), and (R750 − R550)/(R750 + R550) were the best predictors within the set of indices that were distilled by the previous analysis.





4. Discussion


4.1. Fit. to SVH


In the present study, we tested the suitability of the spectral traits as plant diversity indices, i.e., looking as the standard deviation (SD), coefficients of variance (CVs), and the Shannon and Simpson indices of original reflectance or its FD, on the wavebands of all wavelengths of hyperspectral plot data to test their ability to predict plant species richness. Most of the indices were significantly related to species richness, with ShannonFD760–900, SD-FD420–480, SD-FD450–470, SD-FDD490–550, and SD450–470 displaying the strongest links. These results indicated that the variability within the visible region of the electromagnetic spectrum (~420–470 and 490–550 nm) and near-infrared region (760–900 nm) can effectively indicate species richness. The number of spectral indices that were significantly related to species richness on the bands in the visible range (~420–550 nm) was greater than those in the NIR range (~760–900 nm). Similar results were observed and reported in a previous study of prairie species richness [31]. Spectral differences related to the diversity in pigment content [35,36], water content, structural elements, cell size, intercellular space, and cell wall thickness can assist in differentiating among plant species and communities [5,47,48]. Wavebands that characterize these plant physiological and structure traits were employed in our study (Table 1) to extract plant diversity information [4,35,47]. The results support the hypothesis that the spectral variability that was recorded between communities can capture key information showing the occurrence of different plant species [49,50], i.e., reflecting plant species diversity. This is an important result as collecting leaf spectra (mainly canopy spectra for herb and grass communities) is much more time efficient than traditional approaches (community survey) and it allows for repeated sampling of the same plots over years.



However, not all of the spectral diversity indices were significantly related to species richness. In the present study, spectral variability indices (the SD, CV, Shannon–Wiener, and Simpson indices on Ri and its FD on entire wavebands) failed to predict species diversity. For entire wavebands in the sparse vegetation of sand dunes, the spectral signs that were recorded by a handheld instrument represent a mixture of vegetation and sand dune reflectance. Sand dunes strongly affect these mixed signs, because the community cover of most plots ranged between 25 and 55%, with barren sand dunes occupying a significant part of the plot [51]. Sandy soils have a stronger reflectance than vegetation in the visible spectral range [35,47]. The failure to detect a significant relationship between spectral variation and species diversity in some of the investigated indices might be related to the entropy index being calculated by all of the selected bands for 380–1025 nm, rather than for red and NIR bands, separately. Thus, the spectral entropy primarily reflected the information of entire plots (i.e., vegetation and non -vegetated area) within plots, rather than the variation among various plant species. Therefore, some spectral diversity indices mostly reflect the traits of a mixture of vegetation, sand dunes, and vegetation shadows, rather than the community composition, as already reported in a previous study of species alpha diversity indices from the same area [29].



The FD is a significant indicator of the degree of deviation for reflectance across neighboring bands; it has been used to reduce the variation in spectral reflectance, because of surface geometry, roughness, and the effects of water absorption features on the spectrum [52]. Moreover, FD has the potential to eliminate the background signals and overlapping spectral features. In the current study, the FD models were very effective in approximating plant species diversity, particularly in linear stepwise regression models. Significant variation in the reflectance of the sensitive bands might partially explain this high estimation accuracy. FD has also been extensively used in numerous models for estimating vegetation parameters that have highlighted a significant advance in model accuracy when compared to other indices [29,53]. It is apparent that the selection of sensitive bands by correlation and cluster analysis can greatly improve the predictive performance of FD for plant diversity. Therefore, it is not surprising that first-order derivate values of reflectance, particularly for the bands of 531, 583, and 606 nm, within the visible range, were strongly linked to plant species richness in our study. The same performance was also observed for the expanded indices of ND (465, 681, and 802 nm and 550 and 750 nm). These results indicate that, other than spectral diversity indices, the deviation values and normalized difference indices of sensitive wavebands can be used as accurate predictors of plant species richness. In summary, spectral diversity and normalized difference indices within the visible (420–550 nm) and NIR (760–900 nm) ranges, rather than the entire range, are substantial indicators in predicting species richness.




4.2. Methods Used to Identify the Best Indices


The most sensitive wavelengths, selected via the correlation and cluster analysis, were 465, 531, 550, 583, 606, 681, and 750 nm, and the spectral ranges of 420–480, 450–470, and 760–900 nm. The selected spectral ranges were represented, because we identified the candidate wavebands through correlation and cluster analysis that were based on the entire spectral indices from 375 to 1025 nm. Cluster analysis has an advantage in showing a high degree of dissimilarity between groups that were derived from the hyperspectral indices based on entire wavebands (375–1025 nm). The best potential indices regarding species richness in this approach are assumed to cluster together, because they all extract the same key information from hyperspectral data [43]. The best-performing indices within each group can then be selected as representing the group’s characteristics [42], thus making it easy to select the best potential indices and avoiding redundancy in the selection from 7339 indices.



In the first cluster tree of 7339 indices, there are three obvious cluster groups. The spectral variation indices (SD and CV) in the ranges of 420–480, 450–470, and 420–550 nm was clustered together, and FDs from 400 to 550 nm, RIs from 380 to 620 nm, and the Shannon–Wiener index for FDs from 760–900 nm were clustered together, respectively (Figures S1 and S2). The other indices were scattered in many small groups in the cluster tree. The bands of 465, 531, 550, 583, 606, 681, and 750 nm demonstrated a particularly strong role in each small group. In the second cluster tree, 241 indices were clustered into two main groups with five sub-groups, with each group reflecting the statistical similarity and the spectral traits regarding species diversity.



The special wavelengths that were selected using cluster analysis in our study also demonstrated biological features with regards to plant species diversity. The wavelengths from 420 to 480 nm, and particularly between 450 and 470 nm, lie in the visible range, and are often strongly absorbed by plant chlorophyll and carotenoids in green plants [54,55]. The reflectance values at 465 nm (within the range of 420–480 nm) and 583 nm indicate the contents of carotenoids and chlorophyll, while the 531 nm wavelength mainly indicates anthocyanins, rather than carotenoids and chlorophylls. Chlorophyll b is indicated at the wavelengths that are near 681 nm [48]. The wavelengths of 606, 681, and 750 nm are sensitive indicators of leaf nitrogen contents (LNC) and chlorophyll [56]. A wavelength at 750 nm is a better indicator to estimate chlorophyll content, because it is less affected by leaf and canopy structure [57]. The near-infrared bands, such as bands between 760 and 900 nm, have been used to assess leaf structure [48]. Contents of chlorophyll, carotenoids, anthocyanins, and proteins in leaves, and the leaf structure of green plants, are the key information reflecting variations different plant species [58]. Consequently, the variability in these biologically characterized wavebands successfully indicated species variability among communities in our study. For indices that are within the NIR range, studies have reported the possible links between certain components in the leaves, like proteins and cellulose, and the leaves’ NIR properties. Nonetheless, their impact on the variability of leaf spectra appears less pronounced when compared to specific pigments (with reflectance in the visible range) [47]. This may partly explain the low accuracy of NIR indices; with only the Shannon–Wiener index on FD from 760–900 nm was selected after the two steps of cluster analysis.




4.3. Accuracy, Stability and Complexity


The best model should have good precision, high stability, short running time, and a low level of operational complexity. Although some studies have reported that stepwise multiple linear regression (SMLR), partial least square regression (PLSR), and support vector machine regression (SVR) can obtain high prediction accuracy, such results were obtained at the expense of increasing model complexity, because of the use of whole set of wavebands (more than 200 variables) for modeling [29,59]. Acquiring optimal models from these reflectances across more than 200 wavebands from hyperspectral imageries not only requires measurements of a large number of standardized samples, but also an intensive data pre-processing, which may lead to problems of regarding cost and efficiency. Therefore, multivariate regression-based indicators are problematic in terms of their balance between model accuracy and simplicity [59]. In contrast, the spectral indices based on narrow wavebands that can be clearly linked to biological features that are characterized by various plant species, such as the proposed indices in the present study, can capture key information in the reflectance variation among the plant species. Therefore, these models are simpler to process and they hence have the advantages of relying on time-efficient field measurements.



To identify the most sensitive wavebands and their best combinations, we developed more than 7000 indices that were based on reflectance or its FD for every waveband, and their complete combinations on entire wavebands, and characterized 20 ranges. Correlation coefficients, significance level, and RMSE are usually used to evaluate the prediction accuracy of statistical models [59,60], the consistency under community conditions, and model complexity by the number and collinearity of the variables in the models. Our study considered all of these important parameters.



We also used variations in community covers and complexity to test the stability of the selected spectral indices. The influences of the community conditions of cover and complexity are problems that are frequently encountered in remote sensing approaches targeting the prediction of plant diversity [25,41,44]. Sandy grassland is often associated with a low community cover and a higher plant species richness [61,62]. Soil background and differences in soil moisture [41,63], soil texture [64], and soil nutrients [65] can strongly influence the spectral characteristics of the field-survey plots. Under this condition, community cover usually enhances the relationship between the spectral indices and species richness (Table 2). One possible explanation of this could be a greater effect of the sandy background on plot with low vegetation cover (Figure 4). An increase in the amount of canopy coverage is often accompanied by an increase in the reflectance in the NIR region of the spectrum because of increased multiple scattering within the canopy [28,54]. With an increase in plant cover, the effects from unvegetated background, mainly sand dunes with their strong specific signals, can be reduced (Figure 4). However, higher species richness, which is usually accompanied by higher community cover, may weaken such effects, as confirmed by our tests (Table 2). Additionally, in a plot with high vegetation cover, saturation effects that are linked to multiple canopy and understory species weaken the linear model accuracy in predicting plant diversity.



The effects of community complexity on plant diversity estimation are likely to strengthen as the complexity increases (Table 2), as already reported in a previous study [44]. The reflectances of a community are not equivalent to the summation of every species’ reflectance within the community, but are also affected by the respective individual’s cover, proportion, and the background. Hence, the reflectance of a community is not proportionally related to species richness. In a complex community, more species (species richness) tend to overlap in growth and thereby increase the number of mixed signals, even leading to a loss in reflectance of understory species. A complex community also has a high possibility of more shadows and increased leaf angle diversity. This variability within a complex community will increase the spectral shift between the objective and the measured plant diversity, and in turn reduce the accuracy of the species richness estimation.



Here, the best indices were identified step-by-step according to relation, representativeness, and stability. Among the 241 indices that were selected by correlation and cluster analysis from the initial dataset of 7339 indices, 26 indices showed a superior significance and representativeness in predicting species diversity. Among these 26 indices, FD531, FD583, FD606, SD450–470, ShannonFD760–900, Index48, Index69, and Index78 showed higher precision and stability than the remaining indices under various conditions of community cover and complexity, with an overall ranking of FD583 > FD606 > Index69 > Index48 > index78 > SD450–470 > ShannonFD760–900 > FD531. Another advantage of our method is our combing of original reflectance and its FD for entire wavebands and the characterized ranges, which can fully capture the possible key information of plant richness that is encountered within the 7339 indices.




4.4. Fine Spatial Scale


In most studies tested, SVH, the spatial grain of the remotely-sensed data, was fine with pixel sizes between 1 and 5 m2 [21]. An Airborne Hyperspectral sensor (HYDICE), with 210 bands in the 400–2500 nm range, and with a pixel size of 1.6 m, was used to examine the spectral separability of seven emergent tree species in a tropical rain forest in Costa Rica [66]. Compact Airborne Spectrographic Imager (CASI) data, with a spatial resolution <1 m2, was used in the discrimination of trees at the species or genus level in Australian woodlands [67]. Papes et al. (2009) provided the first instance of use and perfected the results of the Hyperion data (224 bands and 30m pixel size) to map the crowns of emergent trees in tropical forests [68]. Airborne AISA hyperspectral imagery (1m pixel size) was used to predict the alpha diversity of the upper canopy trees in a West African forest, where it was found that the standard deviations of the green-band reflectances and infra-red region derivatives had the strongest explanatory powers (R2 = 0.849) amongst a wide set of reflectance-based metrics, derivative-based metrics, and vegetation indices [18]. An estimation of vascular plant species richness in the Hawaiian lowland forests using hyperspectral data from the AVIRIS (pixel size of 3.6 m) found that a regression model using derivative reflectances in regions that are associated with upper-canopy pigments, water, and nitrogen content had a high goodness of fit (R2 = 0.85) [23]. In contrast, studies employing hyperspectral data of lower resolution were distinctly less successful in predicting plant diversity. Using HyMap hyperspectral imaging (visible–short-wave infrared with 7-m spatial resolution), a maximum R2 of only 0.29 between species richness and reflectance was obtained, even when full waveform from Light Detection and Ranging (LiDAR) data were included in the model [69]. A better fit (R2 = 0.41) was obtained while using the same sensors (HyMap) at a 5-m pixel size when mapping the Shannon–Wiener index indices within a savanna ecosystem [3]. The fine scale helps in avoiding background effects that may lead to strong intra-specific spectral variation, with the spectral signals of communities representing mixtures of reflections from the different species and the background, e.g., sandy soil, rock, and even dead leaves. Branches, overlapping layers, crown shadows, and canopy structure of a community may also confound the signals. The fine scale of 0.8-m resolution that was used in our study appears to be one of the best options to reduce the background disturbance for species richness detection via hyperspectral data processing.




4.5. Limitations of the Approach


Plant diversity assessments that are based on spectral traits, via either spectral heterogeneity or spectral derivation or their special combinations, are strongly affected by a variety of factors, such as leaf biochemistry, canopy structure, community type, plant phenology (survey season), and soil background (soil types, water and nutrition contents, roughness). Therefore, the identification of the links between reflectance and species diversity represents a complex, multifunctional issue that requires an integrated understanding of remote sensing, plant diversity, and plant physiology [31,63,70]. The performance of the proposed indices, selected out of the 7339 indices that were originally calculated may still be undermined in their accuracy by variety of factors, as also discussed in the Section 4.3 and Section 4.4 above. Overall the approach that is used here also has further limitations:



It is well known that statistical models that are developed for specific applications can sometimes lack stability and consistency when transferred to other sites with different vegetation or acquisition conditions [55]. The statistical models also strongly depend on the properties of the datasets that are used in its development [71]. Yet, spectral indices that are selected based on biological features of plant species can be considered to be relatively stable and maintaining a high consistency across sites and community conditions. Nonetheless, the proposed indices in the present study will need to be tested in further case studies in other grasslands of the world, rather than in the Hunshandak Sandland, to test their spatial stability and consistency.



Other main drawbacks of the approach also lie in (1) the lack of a comparison among different measuring times (seasons) that may affect spectral traits [72], (2) a lack of consideration of varying weather and radiation conditions that are typical for most of the world’s grasslands, and (3) a lack of depiction of complex communities with high structural heterogeneity (including trees, shrubs, and rather than only herbaceous species). When considering these three major factors, we assume that, in communities where canopy overlap occurs, or under cloudy conditions, and with measures taken in seasons, plant species richness may not be accurately predicted while using the proposed indices.



Nevertheless, for target ecosystems in which the plant community is near-evenly distributed and has moderate coverage, such as in arid or semi-arid grassland, degraded vegetation with lower height and coverage, or cropland during a vegetative stage, the approach in ours is highly likely to provide meaningful estimations regarding plant diversity.





5. Conclusions


This study assessed 7339 spectral indices to predict plant richness across varying community covers and complexities using a two-year dataset of plant species and hyperspectral wavelength spectra from 270 plots. Eight spectral indices that were selected via two stages of cluster and correlation analysis, and subsequent validation using a training dataset under various vegetation cover and complexity settings, showed strong capacity in predicting plant richness for a sandy grassland. The robustness of the proposed models largely depended on the spectral variability within the 420–480 nm and 760–900 nm ranges, the first-order derivate value of their sensitive bands, and the normalized difference of narrow spectral ranges. We found that, in addition to the spectral diversity, the derivate value and normalized difference, rather than original reflectance, provided the most robust spectral model in estimating grassland species richness.



Currently, hand-held sensors have been fixed on UAVs to achieve an ideal geometric or radiometric quality (e.g., continuous monitoring of high density). One can also provide long-term plot-based monitoring while using a fixed scaffold to hold a hyperspectral sensor at various heights (representing various spatial scales) above the ground. Additionally, a UAV-based hyperspectral approach may have potential for grassland monitoring, in which hyperspectral data over relatively large areas can be collected at a field scale with high temporal flexibility and resolution (flight height). Advances in high spatial resolution satellites and hyperspectral sensors, such as the Environmental Mapping and Analysis Program (EnMAP) from Germany; the Hyperspectral Imager Suite (HISUI) from Japan; the Precursore Iperspettrale della Missione Applicativa (PRISMA) from Italy; the HYPXIM from France; the Spaceborne Hyperspectral Applicative Land and Ocean Mission (SHALOM) from Italy and Israel; and, the American Hyperspectral Infrared Imager (HyspIRI) [41,73,74,75], could widen the application of hyperspectral data in plant ecology, and particularly in plant diversity monitoring at low costs with global coverage. Thus, we believe that, in the future, hyperspectral sensors with appropriate spatial and radiometric resolution will become available to repeatedly effectively track plant diversity throughout different seasons and across different regions and biomes of our planet.
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Table A1. The published empirical spectral indices [24,34,38,39,40] used for estimating plant species richness in Hunshandak Sandland, China.
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	Index1
	R800R680
	Index62
	R728−R434R720−R434



	Index2
	R800R650
	Index63
	R782−R675R782+R675



	Index3
	R800R550
	Index64
	R865−R672R865+R672



	Index4
	R750R700
	Index65
	R800−R670R800+R670



	Index5
	R750R550
	Index66
	R800−R635R800+R635



	Index6
	R740R720
	Index67
	R774−R677R774+R677



	Index7
	R725R702
	Index68
	R750−R705R750+R705



	Index8
	R710R760
	Index69
	R750−R550R750+R550



	Index9
	R705R722
	Index70
	R570−R670R570+R670



	Index10
	R700R670
	Index71
	R531−R570R531+R570



	Index11
	R695R670
	Index72
	R557−R643R557+R643−R465



	Index12
	R695R760
	Index73
	R728−R720R728+R720−2∗R434



	Index13
	R695R420
	Index74
	1R695−R705−1R750−R800



	Index14
	R672R550
	Index75
	R750−R706R750+R706−2∗R445



	Index15
	R657R700
	Index76
	R800R670−1(R800R670+1)12



	Index16
	R630R680
	Index77
	R750R705−1(R750R705+1)12



	Index17
	R605R760
	Index78
	(1+0.45)∗Rn2+1Rr+0.45



	Index18
	R600R680
	Index79
	R750−R705R750+R705−2∗R445



	Index19
	R430R680
	Index80
	2.5∗R782−R675R782+6∗R675−7.5∗R445+1



	Index20
	R715R705
	Index81
	[(R700 − R672) − 0.2 ∗ (R700 − R553)]



	Index21
	R725R702
	Index82
	[(R700 − R672) − 0.2 ∗ (R700 − R553)] ∗ (R700/R672)



	Index22
	R900R970
	Index83
	((R782 − R675)/(R782 + R675 + 0.2)) (1.2)



	Index23
	R690R550
	Index84
	0.5(R782 − 0.5R675 − 0.2)/(0.5R782 + 0.5R675 − 0.1)



	Index24
	R675R782
	Index85
	2∗R800+1−(2∗R800+1)2−8∗(R800−R670))12



	Index25
	R810R660
	Index86
	(R800−0.2R670−0.6)/1.019



	Index26
	R680R550∗R708
	Index87
	2.5 × ((R865 − R672)/(R865 + 6 × R672 − 7.5 × R465 + 1))



	Index27
	R675R700∗R650
	Index88
	((R750−R705)−0.2∗(R750−R550))(R750R705)



	Index28
	R672R550∗R708
	Index89
	R700 + 40[(R670 + R780)/2 − R700 ]/(R740 − R700)



	Index29

RDVI
	(R800 − R670)/sqrt(R800 + R670)
	Index90
	(1 + 0.16)( R800 − R670)/( R800 + R670 + 0.16)



	Index30

MSR
	(R800/R670 − 1)/sqrt(R800/R670 + 1)
	Index91

MCARI
	((R700−R670)−0.2(R700−R550))(R700R670)



	Index31

MCARI1
	1.2[2.5(R800 − R670) − 1.3(R800 − R550)]
	Index92

TCARI
	3∗((R700−R670)−0.2∗(R700−R550)∗(R700R670)



	Index32

MTVI1
	1.2[1.2(R800 − R550) − 2.5(R670 − R550)]
	Index93

OSAVI1
	(1+L)(R800−R670)R800+R670+L,L=0.16



	Index33

TVI
	0.5(120*(R750 − R550) − 200(R670 − R550))
	Index94

OSAVI2
	(1+L)(R800−R670)R800+R670+L,L=0.5



	Index34
	LN(1R737)
	Index95 OSAVI3
	(1+L)(R800−R670)R800+R670+L,L=0.2



	Index35
	1R510−1R550
	Index96
	TCARIOSAVI1,L=0.16



	Index36
	1R510−1R700
	Index97
	TCARIOSAVI2,L=0.5



	Index37
	1R553−1R700
	Index98
	TCARIOSAVI3,L=0.2



	Index38
	1R511−1R553
	Index99
	0.5∗[2∗R800+1−((2∗R800+1)2−4∗(R800−R670))12]



	Index39
	1R511−1R700
	Index100
	(1.5∗(2.5∗(R800−R670)−1.3∗(R800−R550)))/sqrt((2∗R800+1)2−(6∗R800−5∗sqrt(1.5∗(2.5∗(R800−R670)−1.3∗(R800−R550)))/sqrt((2∗R800+1)2−(6∗R800−5∗sqrt(R670))−0.5)



	Index40
	R800∗(1R500−1R700)
	Index101
	Mean (R500 to R600)



	Index41
	R800−R550
	Index102
	MeanRed (600–699 nm)/mean Green (500–599 nm)



	Index42
	R810−R680
	Index103
	(Max first derivative: 680–750 nm)



	Index43
	R680−R500R750
	Index104
	The highest first derivative value between 490–530 nm (Db)



	Index44
	R681−R502R753
	Index105
	The highest first derivative value between 550–580 nm (Dg)



	Index45
	R680−R550R750
	Index106
	The highest first derivative value between 680–780 nm (DR)



	Index46
	R800−R680R800+R680
	Index107
	The highest first derivative between 510–580 nm (Rg)



	Index47
	R557−R643R557+R464
	Index108
	The smallest reflectance value between 640–700 nm (Ro)



	Index48
	R802−R465R802+R681
	Index109
	The sum of first derivative values between 490–530 nm (SDb)



	Index49
	R802−R676R800+R676
	Index110
	The sum of first derivative values between 550–580 nm (SDg)



	Index50
	R550−R450R550+R450
	Index111
	The sum of first derivative values between 680–780 nm (SDR)



	Index51
	R415−R435R415+R435
	Index112
	Rg/Ro



	Index52
	R722−R700R722+R700
	Index113
	(Rg − Ro)/(Rg + Ro)



	Index53
	R722−R502R700−R502
	Index114
	SDR/SDb



	Index54
	R850−R710R850−R680
	Index115
	SDR/SDg



	Index55
	R780−R710R780−R680
	Index116
	(SDR − SDb)/(SDR + SDb)



	Index56
	R800−R445R800−R680
	Index117

MCARI2
	1.5*(2.5(R800 − R670) − 1.3(R800 − R550))/sqrt((2R800 + 1)^2 − (6R800 − 5*sqrtR670) − 0.5)



	Index57
	R750−R445R705−R445
	Index118

MTVI2
	1.5*(1.2*(R800 − R550) − 2.5*(R670 − R550))/sqrt((2*R800 + 1)^2 − (6*R800 − 5*sqrtR670)) − 0.5)



	Index58
	R734−R747R715−R720
	Index119

CARI
	(|670*(R700 − R550)/150 + R670 + R550 − 3.67*(R700 − R550)|/sqrt(((R700 − R550)/150)^2 + 1))*R700/R670



	Index59
	R734−R747R715+R726
	Index120

MSAVI
	0.5∗[2∗Mean(R760~R960)+1

−((2∗Mean(R760~R960)+1)2−8

∗Mean(R760~R960)

−Mean(R660~R760))12]



	Index60
	R753−R700R753+R700
	Index121

NDVI
	(mean(R760~R960) − mean(R660~R760))/(mean(R760~R960) + mean(R660~R760))



	Index61
	R534−R572R534+R572
	Index122

SAVI
	1.5*(mean(R760~R960) − mean(R660~R760))/(mean(R760~R960) + mean(R660~R760)+0.5)
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Figure 1. The sample plots in the study area, located at the center of the Hunshandak Sandland, northern China, differentiated into six main land-cover categories. The map was developed by supervised classification on Landsat 8 imageries. 
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Figure 2. Illustration of the field measurement of spectral reflectance using the ASD. Numerous spectral indices at plot scale are extracted from the received signals of the ASD sensor representing the specific spectral reflectance patterns of the different species (reference from [29]). 
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Figure 3. Flowchart of the analysis procedure of identifying the best hyperspectral indices to estimate plant species richness. See the text (section: Development hyperspectral indices) for full names of abbreviations used in the figure. 
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Figure 4. Plots with the same species richness (three plant species, see text for details) showed the three different hyperspectral curves (mean values and standard deviations) across four community covers (3, 23, 55, and 75%). Vertical lines indicate the sensitive wavebands of each cover plot. 
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Figure 5. Linear regression of the field-measured values (y-axis) and predicted values (x-axis) for plant species richness based on validating dataset in the central Hunshandak Sandland, northern China (n = 75). Predicted values were calculated based on the best models that are listed in Table 3. 
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Table 1. The specific wavelength ranges of plant biological traits used in the present as potential indicator of plant diversity.
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	Wavelength Ranges (nm)
	Plant Bio-Traits
	References





	420–440
	Chlorophyll-a absorption
	[35]



	420–480
	Chlorophyll absorption
	[36]



	450–470
	Chlorophyll-b absorption
	[35]



	490–550
	Pigment reflected peak
	[36]



	510–570
	Green reflected peak
	[36]



	630–650
	Chlorophyll-b absorption
	[35]



	630–690
	Plant species discrimination
	[36]



	650–670
	Chlorophyll-a absorption
	[35]



	640–700
	Chlorophyll absorption
	[37]



	673–683
	Chlorophyll fluorescence
	[37]



	680–700
	Chlorophyll fluorescence
	[37]



	720–740
	Chlorophyll fluorescence
	[37]



	700–750
	Leaf health and shape
	[36]



	760–800
	Cell structure reflectance peak
	[36]



	760–900
	Discrimination between plant species
	[36]



	800–960
	Species biochemical traits
	[36]



	900–920
	Proteins
	[35]



	920–940
	Oil
	[35]



	960–980
	Starch content, water
	[35]



	980–1000
	Starch content
	[35]
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Table 2. Correlation coefficients between the hyperspectral indices and field-measured species richness displayed with their variation across community covers and complexities. Bold letters indicate significance at the 0.05 level.
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Hyperspectral Indices

	
R2 (n = 195)

	
Cover (n = 65)

	
Complexity (n = 65)




	
L

	
M

	
H

	
L

	
M

	
H






	
R583

	
0.284

	
−0.611

	
−0.509

	
−0.424

	
−0.552

	
−0.222

	
0.181




	
SDFD420-480

	
0.340

	
−0.623

	
−0.474

	
−0.351

	
−0.410

	
−0.162

	
0.203




	
SDFD450-470

	
0.310

	
0.660

	
0.281

	
0.387

	
0.381

	
0.379

	
−0.234




	
D604

	
0.298

	
−0.671

	
−0.338

	
−0.293

	
−0.407

	
−0.081

	
0.111




	
FD603

	
0.275

	
−0.401

	
−0.727

	
−0.395

	
−0.268

	
−0.073

	
−0.176




	
FD606

	
0.275

	
−0.335

	
−0.580

	
−0.582

	
−0.561

	
−0.333

	
−0.319




	
FD437

	
0.327

	
−0.293

	
−0.572

	
−0.427

	
−0.301

	
−0.341

	
−0.058




	
FD490

	
0.325

	
−0.279

	
−0.546

	
−0.399

	
−0.534

	
−0.210

	
−0.027




	
SD-D420-480

	
0.278

	
−0.585

	
−0.476

	
−0.412

	
−0.566

	
−0.620

	
0.177




	
SD-D450-470

	
0.267

	
−0.532

	
−0.413

	
−0.382

	
−0.581

	
−0.310

	
−0.090




	
FD460

	
0.283

	
−0.573

	
−0.451

	
−0.313

	
−0.379

	
−0.232

	
0.237




	
FD583

	
0.283

	
−0.606

	
−0.325

	
−0.462

	
−0.592

	
−0.264

	
0.402




	
D583

	
0.329

	
−0.629

	
0.005

	
−0.486

	
−0.486

	
−0.195

	
−0.135




	
MeanFD450-470

	
0.275

	
0.551

	
0.156

	
0.475

	
0.273

	
−0.005

	
0.277




	
SD450-470

	
0.295

	
−0.476

	
−0.505

	
−0.466

	
−0.680

	
−0.405

	
0.365




	
FD497

	
0.292

	
−0.396

	
−0.544

	
−0.317

	
−0.436

	
−0.087

	
0.040




	
FD403

	
0.354

	
−0.395

	
−0.528

	
−0.279

	
−0.455

	
−0.125

	
0.219




	
FD531

	
0.279

	
−0.455

	
−0.465

	
−0.428

	
−0.686

	
−0.391

	
0.400




	
ND528

	
0.264

	
−0.598

	
−0.464

	
−0.499

	
−0.513

	
−0.051

	
0.132




	
R528

	
0.263

	
−0.525

	
−0.553

	
−0.612

	
−0.484

	
−0.058

	
−0.170




	
FDD588

	
0.260

	
0.358

	
0.455

	
0.378

	
0.285

	
−0.003

	
0.216




	
ShannonFD760-900

	
0.258

	
0.409

	
0.358

	
0.313

	
0.474

	
0.333

	
−0.390




	
Index48

	
0.211

	
0.408

	
0.368

	
0.332

	
0.452

	
0.395

	
−0.361




	
Index69

	
0.218

	
0.477

	
0.394

	
0.254

	
0.495

	
0.326

	
−0.379




	
Index78

	
0.231

	
0.505

	
0.399

	
0.267

	
0.502

	
0.307

	
−0.413




	
Index121

	
0.238

	
−0.611

	
−0.509

	
−0.424

	
−0.552

	
−0.222

	
0.181
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Table 3. Selected hyperspectral indices, models, and parameters in estimating plant species richness based on the training dataset.
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	The Indices
	The Models
	R2
	p
	RMSE





	FD606
	Y = 5.691 − 1188.364x
	0.271
	<0.001
	1.839



	FD583
	Y = 5.609 − 1999.106x
	0.279
	<0.001
	1.828



	FD531
	Y = 8.861 − 3241.099x
	0.276
	<0.001
	1.833



	SD450-470
	Y = 7.043 − 857.869x
	0.291
	<0.001
	1.813



	ShannFD760-900
	Y = 2.256x − 3.402
	0.254
	<0.001
	1.860



	Index48
	Y = 1.776 + 6.17x
	0.207
	<0.001
	1.918



	Index69
	Y = 2.18 + 7.024x
	0.214
	<0.001
	1.909



	Index78
	Y = 3.827x − 4.641
	0.227
	<0.001
	1.893











© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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