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Abstract:



Nitrogen is an essential nutrient in many terrestrial ecosystems because it affects vegetation’s primary production. Due to the variety of nitrogen-containing substances and the differences in their composition across species, statistical approaches are now dominant in remote sensing retrieval of leaf nitrogen content. Many studies remove spectral regions characterized by strong water absorptions before retrieving nitrogen content, because water is believed to mask the absorption features of nitrogen. The objectives of this study are to discuss the necessity of this practice and to explore how water absorption affects leaf nitrogen estimation. Spectral measurements and chemical analyses for Maize, Sawtooth Oak, and Sweetgum leaves were carried out in 2014. The leaf optical properties model PROSPECT5 was used to eliminate the influences of water on the measured reflectance spectra. The inversion accuracy of PROPECT5 for chlorophyll, carotenoid, water, and dry matter of Maize was also discussed. Measured, simulated, and water-removed spectra were used to: (1) find the optimal nitrogen-related spectral index; and (2) regress with the area-based leaf nitrogen concentration (LNC) using the partial least square regression technique (PLSR). Two types of spectral indices were selected in this study: Normalized Difference Spectral Index (NDSI) and Ratio Spectral Index (RSI). Additionally, first-order derivative forms of measured, simulated, and water-removed spectra were devised to search for the optimal spectral indices. Finally, species-specific optimal indices and cross-species optimal indices, as well as their root mean square errors (RMSE) and coefficients of determination (R2), were obtained. The Ending Top Percentile (ETP), an indicator of the performance of cross-species optimal indices, was also calculated. PLSR was combined with leave-one-out cross validation (LOOCV) for each species. The predicted root mean square errors (RMSEP) and predicted R2 were finally calculated. The results showed that chlorophyll, carotenoid, and water contents could be estimated with R2 of 0.75, 0.59, and 0.69, respectively, which were acceptable for fresh leaves. The dry matter was retrieved with a relatively lower accuracy because of the fixed absorption coefficients adopted by PROSPECT5. The performances of species-specific optimal indices using water-free spectra were comparable to or worse than the corresponding indices derived with measured or simulated spectra. Compared with measured spectra, ETP did not change much after the effects of water were removed, and the R2 between cross-species optimal spectral indices and area-based LNC for Sawtooth Oak and Sweetgum decreased while it remained almost the same for Maize, suggesting that the water-removed cross-species optimal indices were inferior to the corresponding optimal indices found without water removal. ETP was larger than 30% for all spectra, demonstrating the non-existence of common optimal NDSI or RSI for the three species. After water removal, the accuracy of PLSR for Sawtooth Oak and Sweetgum decreased and increased negligibly for Maize. The results suggest that water absorption has limited effects on reducing the accuracy of leaf nitrogen estimation. On the contrary, the accuracy may decrease due to the loss of spectral information caused by the removal of water-sensitive spectral regions.
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1. Introduction


Nitrogen is believed to be an essential nutrient that limits net primary production (NPP) in most terrestrial ecosystems [1]. Interactions between nitrogen and carbon regulate the responses of terrestrial ecosystems to CO2 fertilization [2,3,4]. From a physiological perspective, nitrogen is related to various plant biochemical functions, such as photosynthesis, respiration, and transpiration [5], which makes nitrogen an important indicator of plant health and growth status. Hence, nitrogen plays an important role in terrestrial ecosystem carbon dynamics and is a necessary parameter in ecosystem process models.



Estimating canopy or leaf biochemical composition has been a hotspot in the remote sensing community in recent years, with the improvement of sensors’ spectral resolution as well as the development of inversion algorithms. There are empirical and physical inversion models for this purpose. Empirical models make use of spectral indices, stepwise multiple linear regression (SMLR), partial least square regression (PLSR), random forest [6], etc. The drawback of empirical models is their limited generality and transferability. An empirical model built for one specific site often shows poor performance for other sites. Physical models can avoid such drawback. The commonly used leaf-scale physical models include PROSPECT [7], LIBERTY (Leaf Incorporating Biochemistry Exhibiting Reflectance and Transmittance Yields) [8], 2-flux Kubelka-Munk (K-M) model [9,10], 4-flux K-M model [11], Radiative Transfer Equation [12], and ray tracing. The scaling issue must be considered if leaf-scale models are used to predict biochemistry at the canopy scale. These models have clear physical meanings and can be applied to different species. However, they require complex parameters. Physical models have been successfully used to estimate biochemical constituents such as chlorophyll, water, and dry matter. However, nitrogen content is quite different from these biochemical components. Nitrogen is an element which exists in various forms within leaves such as proteins, free amino acids, alkaloids, phosphatides, and nucleic acids. In addition, nitrogen partitioning strategies are different across species [5]. Most leaf nitrogen is allocated into organelles such as chloroplasts, cell walls, cell nucleus, and mitochondria, and only a small proportion exists in free components. Nitrogen that is allocated into chloroplasts accounts for 50%–75% [5], while the allocation to cell walls is 10%–30% [13]. The percentage of nitrogen allocated into cell walls is related to the toughness of a leaf: the tougher the leaf is, the more nitrogen is in the cell walls. Therefore, it is difficult to estimate leaf nitrogen content (LNC) with a physically-based model. Since nitrogen mainly exists in proteins [14], many studies focused on the absorption features of proteins. Wang et al. [15] tried to determine nitrogen content with the PROSPECT model in an indirect way, but their method turned out to be empirical. Hence, empirical models are dominant in LNC estimation.



Empirical models used in remote sensing of LNC generally fall into two categories: simple regression models and multiple regression models. Simple regression models usually correlate measured nitrogen content with variables such as chlorophyll, two-band, or three-band spectral indices [16,17,18,19,20,21,22,23]. However, the decoupling of leaf chlorophyll content and LNC might exist in ecosystems where N limitations are not strong [24]. In canopy nitrogen estimation applications, the accuracy is always affected by the canopy structure and background reflectance [25]. Ignoring these factors, the established relationships may turn out to be wrong [26,27,28]. Another empirical approach is multiple regression models among which SMLR and PLSR are the most commonly used [20,21,29,30,31,32,33,34]. Influences of canopy structure and background are always neglected when nitrogen content is estimated with multiple regression models at the canopy scale. Other inspirations from machine learning, such as ensemble learning [35], Bayesian model averaging [36], wavelet transformation, neural network [37], random forest [6], etc., have also been used to predict nitrogen content.



One problem that is unclear in previous studies is whether water absorption will reduce the accuracy of leaf nitrogen estimation. The absorption features of nitrogen, which mainly result from the vibration of chemical bonds, are shadowed by water or are affected by the signal/noise ratio (SNR) [38]. Therefore, many studies at the canopy scale removed spectral regions with strong water absorptions after atmospheric correction, e.g., [17,29,30,32,39,40]. However, this practice may lead to the loss of useful spectral information. Should these regions be excluded? How does water absorption affect the accuracy of nitrogen estimation in these regions? A study on these questions is needed. One simple solution is to remove the influences of water on the measured reflectance spectra. Once water-removed spectra have been simulated, they can be compared with measured spectra to check whether water absorption will reduce the accuracy of nitrogen estimation by taking both of them into the same nitrogen estimation procedure. Gao and Goetz [41] extracted reflectance spectra of dry leaves from those of fresh leaves using a nonlinear least squares spectral matching technique. An improved version of this algorithm was proposed by Schlerf et al. [42]. Ramoelo et al. [43] increased the accuracy of nitrogen and phosphorus estimation using this water-removal method. It assumes that the fresh leaf spectrum is a nonlinear combination of a leaf water spectrum and a dry-matter spectrum. However, this approach is essentially an empirical spectral transformation technique rather than a water-removal technique. Based on the plate model by Allen et al. [44], Jacquemoud and Baret [7] proposed a leaf optical properties model: PROSPECT, which now not only can be used to simulate leaf reflectance and transmittance with provided biochemical and structural parameters, but also can be run in a reversed way to estimate the absorption of biophysical contents in leaves. PROSPECT makes it possible to eliminate the influences of water on the measured spectra.



This study simulated the water-removed reflectance spectra by running PROSPECT first in the backward mode then in the forward mode. The main objective is to explore how water absorption affects the accuracy of LNC estimation.




2. Materials and Methods


2.1. Study Sites


Field campaigns were conducted in 2014 at two sites. The first site is located in the agro-meteorological station (32.20°N, 118.70°E, 22.0 m) of Nanjing University of Information Science and Technology (NUIST), Nanjing, Jiangsu Province, China. The soil texture was loam clay (26.1% clay) with a pH of 6.1 ± 0.2. Soil organic matter and total nitrogen were 19.4 g·kg−1 and 11.5 g·kg−1, respectively. A split plot design with three replications of five different levels of water treatments was used for the experiment. The plots were with the same size of 2.5 × 2.5 m2 and separated by concrete crisscross footpaths in order to avoid lateral seepage of water. The plots were randomly arranged. Maize (Zea mays L., cultivar is Jiangyu 403) was planted on July 12th with a row spacing of 0.625 m. Water treatments included severe water stress (35%–45% field capacity-FC), serious water stress (50%–60% FC), moderate water stress (65%–75% FC), sufficient water supply (80%–90% FC), and mild waterlogging (95%–105% FC). Every plot was equipped with a sensor to detect the average water content of the soil every 60 minutes. Water could be automatically supplied through a PVC pipe according to the calculated irrigation amount. These sensors were calibrated every ten days using the soil humidity measured by weighing the oven-dried soil samples. Water treatment started five days after stem elongation. An automatic movable iron cover was used during raining days to prevent the interference of precipitation. Leaves were sampled at different growing stages (Table 1).



Table 1. The statistics of the sampling data in 2014.







	
Species

	
Date 1

	
Site

	
No. Samples

	
Area-Based LNC (g/m2) *




	
Min

	
Max

	
Mean






	
Maize (Zea mays L.)

	
8/11, 8/22, 9/6, 9/21

	
NUIST

	
112

	
0.56

	
1.37

	
0.96




	
Sawtooth Oak (Quercus acutissima)

	
6/24, 7/21, 9/16, 10/14

	
Xiashu

	
79

	
1.57

	
3.25

	
2.36




	
Sweetgum (Liquidambar formosana)

	
6/24, 7/21, 9/16, 10/14

	
Xiashu

	
40

	
0.92

	
2.78

	
1.49








1 the date format is mm/dd. * LNC stands for leaf nitrogen concentration.








The second experiment was carried out in a temperate forest dominated by Sawtooth Oak (Quercus acutissima) and Sweetgum (Liquidambar formosana). It was located at the Ecological Station of Nanjing Forestry University (32.13° N, 119.20° E, 163.0 m) in Xiashu, Zhenjiang, Jiangsu Province, China. The average annual precipitation of Xiashu is 1105 mm and the average annual temperature is 15.1 °C. An eddy covariance tower was used to access the top of the canopy and collect leaf samples. The information on the sampling data is shown in Table 1.




2.2. Spectral Measurements and Chemical Analysis


For the maize site, one plant in each plot was selected and marked as the sampling target. Three leaves were taken from each chosen plant at the upper, middle, and lower layers of the canopy. At the second site, four plants of Sawtooth Oak and two plants of Sweetgum around the eddy covariance tower were chosen as sampling trees. Leaves were collected by clipping small branches from the canopy using a lopper, with each sample consisting of leaves collected from three different heights in the canopy. Sampled leaves were sealed in a Ziplock bag labeled with the plot/tree number and were then placed in an icebox.



Immediately after detachment, leaf samples were transported to a laboratory where the directional-hemispherical reflectance of each leaf’s adaxial surface was measured over the 350–2500 nm range using a FieldSpec® FR spectroradiometer (ASD Inc., Boulder, CO, USA) connected with a BaSO4 integrating sphere (LI-COR Inc., Lincoln, NE, USA). The spectroradiometer has a field of view of 15° and its optic cable was mounted against the top port of the integrating sphere. The integrating sphere has four ports in total. Spectral measurements need manipulation by presenting different surfaces at the other three ports. With multiple configurations of a white plug, a black plug, and a halogen lamp (the light source), the reflectance and transmittance could be measured. Three scans were made each time and the average of these scans produced the final spectra with 1 nm resolution and 2151 channels. The reflectance curves were smoothed using the Savitzky-Golay (SG) method (Savitzky and Golay, 1964) with the third-order polynominal function and 25 nm bandwidth prior to data processing. Since the spectral range available in PROSPECT is 400–2500 nm and the signal to noise ratio (SNR) of measured spectra between 2300 nm and 2500 nm was very low, the wavelengths beyond the range of 400–2300 nm were removed. All data were handled within the MATLAB (The MathWorks, Inc., Natick, MA, USA) software.



After spectral measurements, disks with known diameters (2.54 cm and 1.27 cm) were taken from the leaf samples with sharpened metal punches. Meanwhile, the fresh weights were measured. Then the disk samples were oven-dried at 70 °C for 48 h, and weighed to obtain the dry weights. Mass-based LNC (or total nitrogen, denoted as %N) was determined by an automatic Kjeldahl instrument (Hanon Instruments Co., Ltd., Jinan, Shandong, China). Mass-based LNC was converted to area-based LNC ([image: there is no content]) by


[image: there is no content]



(1)




where [image: there is no content] is the dry weight and [image: there is no content] is the area of a sample. A total number of 231 samples were measured from the experiment (Table 1). The temporal variations of area-based LNC for three species are shown in Figure 1. Synchronous measurements of leaf chlorophyll and carotenoid contents were also conducted, but for Maize only. Pigments were extracted using organic solvents (acetone) by grinding leaf disks in a mortar with a pestle. The extracted solution was then centrifuged followed by photometric determination of pigments with a UV-Vis spectrophotometer. Chlorophyll and carotenoid content were calculated from the recorded absorbance values at certain wavelengths [45]. For Sawtooth Oak and Sweetgum, the leaves were kept in an ice box and then taken from the station to the laboratory to be punched and weighed, which took more than 10 h. Therefore, the accuracy of measured water content for these two species were compromised.


Figure 1. Temporal variations of the area-based LNC for three species. The bottom and top of the box are the first and third quartiles. The band inside the box is the median. The ends of the whiskers represent upper and lower extremes.
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2.3. Water Removal Technique


The PROSPECT model was used in this study to remove water’s influences on the measured spectra. This model was originally developed to simulate leaf reflectance and transmittance with inputs of biochemical and structural parameters in the forward mode [7]. Jacquemoud et al. [46] successfully used PROSPECT to estimate leaf biochemical constituents in the reverse mode. Since the establishment of PROSPECT, it has undergone several important improvements. They correspond to introductions of new leaf biochemical constituents such as dry matter [47,48] and brown pigments. Feret et al. [49] reassessed the angle of incidence of incoming radiation, the refractive index, and specific absorption coefficients in this model, and improved its performance. The improved versions are PROSPECT4 and PROSPECT5. The difference between these two versions is the separation of total chlorophylls and total carotenoids, which improves the chlorophyll retrieval in PROSPECT5. PROSPECT5 was used in this study. When run in the forward mode, PROSPECT5 needs six input parameters in total. They are chlorophylls, carotenoids, brown pigments, structural parameter N, equivalent water thickness (EWT), and dry matter (DMA). PROSPECT can be noted using the following simplified equation


[image: there is no content]



(2)




where [image: there is no content] and [image: there is no content] are the reflectance and transmittance at wavelength [image: there is no content], [image: there is no content] is the structural parameter, and [image: there is no content] is the refractive index, which has been calibrated in PROSPECT and takes constant values according to the wavelength. [image: there is no content] is the linear combination of the contents of the biochemical constituents [image: there is no content] and their corresponding absorption coefficients.


[image: there is no content]



(3)







The specific absorption coefficients of the six biochemical components at one specific wavelength are set to fixed values. The outputs in the forward mode are the reflectance and transmittance spectra ranging from 400 to 2500 nm with 1 nm spectral resolution. When run in the inverse mode, the inputs are the reflectance and transmittance spectra while the outputs are the six parameters mentioned above. The mechanism of the inversion is to find the combination of these parameters minimizing the difference between the modeled and input spectra, which can be expressed as follows:


[image: there is no content]



(4)




where [image: there is no content] and [image: there is no content] are the measured reflectance and transmittance at wavelength [image: there is no content]. The source code of PROSPECT5 can be found here.



The influence of water on the spectra was removed through the following steps: (1) Run PROSPECT5 in the inverse mode. In this step, the measured reflectance and transmittance spectra were entered into PROSPECT5 as input parameters while the outputs were the six parameters mentioned above; and (2) Run PROSPECT5 in the forward mode to simulate the water-removed reflectance and transmittance by setting EWT as zero and the other biochemical constituents the same as the outputs obtained in the first step. Finally the water-removed reflectance and transmittance were simulated. In this study, only reflectance spectra were used. To test the validity of our water-removing method, we compared the measured and predicted chlorophyll, carotenoid, water, and dry matter of maize. The results of the other two species were not shown because of inaccurate measurements of water content and the absence of pigment data.




2.4. Correlation Analysis


In order to analyze the influences of water absorptions on the accuracy of leaf nitrogen estimation, we carried out our research based on optimal spectral indices and partial least square regression (PLSR).



Several definitions should be given before introducing the optimal spectral index searching algorithm. The spectral index space is defined by taking different combinations of wavelengths in the range from 400–2300 nm into the formula of the corresponding spectral index. The R2 space is a set of R2 derived by correlating every member in the spectral index space with measured area-based LNC. For each species, a species-specific R2 space can be calculated. The spectral index with a maximum value in the species-specific R2 space is the species-specific optimal spectral index. Two typical forms of spectral indices were adopted in this study: RSI and NDSI. Their relationship is shown in the equation below:


[image: there is no content]



(5)




where [image: there is no content] and [image: there is no content] are the reflectances at wavelength [image: there is no content] and [image: there is no content], respectively. Additionally, we used first-order derivative spectra to calculate these two spectral indices, denoted as NDSI1st/RSI1st. The first-order derivative reflectance spectra were calculated according to Tsai and Philpot [50].



Cross-species spectral indices were determined in the following steps:

	
Calculate the species-specific R2 space according to the spectral index space and area-based LNC;



	
Extract regions of interest (ROI) from the entire spectral index space. Members in the spectral index space who satisfy [image: there is no content] were extracted. [image: there is no content] is the maximum value in the R2 space, and TP is the specified top percentile which represents the value range near [image: there is no content]. The equation means spectral indices, whose R2 with area-based LNC lies in the value range near [image: there is no content], will be extracted. The values of the extracted members in the spectral index space were assigned 1 while others were assigned 0 in a mask file.



	
Add up the values in the mask files of the three species. The spectra area with the summation of values from mask files equal to 3 are thought to be able to estimate LNC for all species.








Figure 2 gives a more intuitive description of the steps above. The spectral indices extracted based on the method mentioned above are cross-species but not optimal cross-species. Since the cross-species spectral indices result from overlapping of the three species’ spectral index spaces, we define the proportion of cross-species spectral indices to the total spectral index space as an overlapping index. In this study, the overlapping index sequences were derived by increasing the top percentile from 10% to 90% at a 2% step. The ending top percentile (ETP) is the top percentile corresponding to the smallest positive value in the overlapping index sequence. The cross-species spectral index determined under ETP is called the optimal spectral index. Hence ETP is an important indicator of the performance of the optimal cross-species spectral index. The smaller the value is, the better the result is.


Figure 2. Main steps to finding the cross-species spectral index under a certain top percentile, taking Normalized Difference Spectral Index (NDSI) as an example.
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Apart from searching for the optimal spectral indices, we also compared the performance of measured and water-removed spectra based on PLSR. PLSR is a type of eigenvector analysis that reduces the full spectrum to a smaller set of independent factors, with corresponding field data used directly during the spectral decomposition process [51]. Leave-one-out cross validation (LOOCV) was performed in regressions to select the optimal number of components for the PLSR models. To avoid overfitting, the number of components was limited to 10. Predicted root mean squared error (RMSEP) and predicted R2 were calculated. PLSR was applied to measured and water-removed spectra, but not their derivative forms. The full range of spectra (1901 wavelengths) was used in PLSR.





3. Results and Discussion


3.1. Inversion Accuracy of PROSPECT5 for the Maize Dataset


The inversion of PROSPECT5 based on the measured reflectance and transmittance of the maize dataset showed that chlorophyll, carotenoid, and water could be retrieved with R2 of 0.75, 0.59, and 0.69, respectively (Figure 3). The accuracy of inverted chlorophyll, carotenoid, and water contents were acceptable, but dry matter was poorly estimated. This is due to the fixed absorption coefficients used in PROSPECT. The inversion accuracy of leaf constituents is greatly affected by their absorption coefficients (see Equation (3)). The absorption coefficients of chlorophyll, carotenoid, brown pigment, and water are more reliable than dry matter due to their identical and stable chemical compositions across species. However, dry matter encompasses different biochemical components, such as cellulose, lignin, protein, starch, and sugar whose proportions vary across species [48]. This means that the composition of dry matter varies across species as well, and thus theoretically we cannot treat the absorption coefficients of dry matter as fixed values and should recalibrate them for each species. However, this cannot be realized in our research because of the limited sample numbers. Instead, we can regard retrieved dry matter content as the equivalent dry matter content with fixed chemical compositions.


Figure 3. Measured versus modeled biochemical constituents for Maize (Zea mays L.) using PROSPECT5 inversion. (a) chlorophyll; (b) carotenoid; (c) water and (d) dry matter.
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3.2. Responses of Measured, Simulated, and Water-Removed Spectra to Area-Based LNC


The shapes of simulated spectra agreed well with the measured ones for all three species (Figure 4). Both simulated and water-removed spectra had more smooth features, especially at wavelengths larger than 1900 nm where the SNR of measured spectra is relatively low. It is obvious that water mainly affects the spectral range greater than 790 nm. After removing the influence of water with PROSPECT5, the reflectance increased at wavelengths larger than 790 nm, especially in the spectral regions characterized by strong water absorption such as 1400–1500 nm and 1800–2000 nm. Although the reflectance increased after eliminating the influence of water, we observed limited improvements in the relationship between reflectance and area-based LNC. For maize, almost all the wavelengths with high nitrogen correlations lie in the visible region where chlorophyll absorption dominates. This is because chlorophyll is an important nitrogen-containing agent and can serve as an indicator of the photosynthetic rate. Fifty to seventy-five percent of total nitrogen is allocated into chloroplasts to participate in photosynthesis [5]. Water absorption plays the leading role at 1400 nm. The measured reflectance at this wavelength showed a significant relationship with area-based LNC, while the relationship became insignificant after the water removal procedure. Previous studies show that water absorption features will mask the effects of nitrogen at this wavelength. According to this conclusion, there should be an improved relationship between reflectance at this wavelength and area-based LNC after removing the influence of water from the measured spectra. However, our results did not conform to this expectation because we found that water absorption did not mask the effects of nitrogen, and instead interfered with the absorption features of nitrogen in some cases. For Sawtooth Oak, the spectral response to area-based LNC at 1400 nm was quite strong before water removal while the magnitude dropped significantly after water removal. When measured spectra were used without water removal, Sweetgum showed a different response pattern from Maize and Sawtooth Oak in chlorophyll-sensitive regions, but the reflectance correlated well with nitrogen content starting at the red edge and larger wavelengths. Weaker responses of reflectance to nitrogen content were witnessed in the spectral range of 1000–1900 nm, except at the wavelengths greater than 1900 nm.


Figure 4. Comparisons on reflectance and their R2 value with area-based LNC across three species. (a) Maize (Zea mays L.); (b) Sawtooth Oak (Quercus acutissima); (c) Sweetgum (Liquidambar formosana). The legend of the spectra type is given in (a). Only R2 values at the 0.01 significance level were presented.
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The reflectance at the wavelength of 2100 nm is related to protein absorption, indicated by many studies on dry leaves [52,53,54]. However, such relationships turned out to vary across species and spectra types in this research (Figure 4). The worst correlations were found for Maize (R2 was smaller than 0.1 for all spectra types). For Sawtooth Oak, R2 at 2100 nm was nearly 0.3 for measured and simulated spectra, which was significant across the whole spectra. However, after water removal, R2 decreased to 0.1. For Sweetgum, this wavelength showed no significant relationship with nitrogen content for the measured spectra but correlated well with the simulated and water-removed spectra. Low SNR at this wavelength might be responsible for the observed variations. But other reasons may also be able to explain the variations: (1) the spectral transformation techniques are different. Kokaly [52] used Log(1/R) and derivative spectra in their study, which might highlight the absorption features; and (2) the spectra used by Kokaly [52] were scanned from dry leaves. Proteins will denature after drying, influencing the spectral response to nitrogen content. In this study, water free spectra were derived by setting the water content as zero and other biochemical and structural parameters were unchanged during PROSPECT5 simulation, which avoided the effect of protein denaturation.




3.3. Water Absorption Did Not Degrade the Performance of the Optimal Nitrogen-Related Spectral Index


Between the measured and simulated spectra, R2 between species-specific optimal spectral indices and area-based LNC showed limited differences (Table 2). For maize, this value stabilized around 0.81. For Sawtooth Oak, the differences in R2 were less than 0.05 and for Sweetgum, they were larger with a maximum value of 0.13 for RSI. Despite the differences in selected wavelength combinations, the results demonstrate that the simulated spectra achieve fairly comparable accuracy against measured spectra, thus our water-removing method would be affected by PROSPECT5 in a limited manner.



Table 2. Statistics of the species-specific optimal spectral indices.







	
Spectra

	
Species

	
SI *

	
λ1 (nm)

	
λ2 (nm)

	
R2

	
RMSE (g/m2)






	
Measured

	
Maize (Zea mays L.)

	
NDSI

	
715

	
1750

	
0.81

	
0.09




	
RSI

	
560

	
1386

	
0.82

	
0.09




	
NDSI1st

	
694

	
749

	
0.80

	
0.09




	
RSI1st

	
1392

	
739

	
0.82

	
0.09




	
Sawtooth Oak (Quercus acutissima)

	
NDSI

	
750

	
815

	
0.44

	
0.29




	
RSI

	
750

	
815

	
0.45

	
0.29




	
NDSI1st

	
561

	
1378

	
0.46

	
0.29




	
RSI1st

	
1378

	
561

	
0.48

	
0.28




	
Sweetgum (Liquidambar formosana)

	
NDSI

	
476

	
2235

	
0.56

	
0.27




	
RSI

	
1446

	
476

	
0.58

	
0.27




	
NDSI1st

	
673

	
860

	
0.60

	
0.26




	
RSI1st

	
2221

	
807

	
0.60

	
0.26




	
Simulated

	
Maize (Zea mays L.)

	
NDSI

	
715

	
716

	
0.82

	
0.09




	
RSI

	
697

	
1381

	
0.83

	
0.08




	
NDSI1st

	
652

	
941

	
0.82

	
0.08




	
RSI1st

	
1535

	
736

	
0.83

	
0.08




	
Sawtooth Oak (Quercus acutissima)

	
NDSI

	
1533

	
1854

	
0.41

	
0.30




	
RSI

	
1124

	
2046

	
0.41

	
0.30




	
NDSI1st

	
767

	
1937

	
0.50

	
0.27




	
RSI1st

	
771

	
1933

	
0.53

	
0.27




	
Sweetgum (Liquidambar formosana)

	
NDSI

	
2181

	
2242

	
0.44

	
0.31




	
RSI

	
2076

	
400

	
0.45

	
0.30




	
NDSI1st

	
1922

	
2197

	
0.63

	
0.25




	
RSI1st

	
1938

	
1771

	
0.58

	
0.27




	
Water-removed

	
Maize (Zea mays L.)

	
NDSI

	
715

	
716

	
0.82

	
0.09




	
RSI

	
702

	
724

	
0.82

	
0.09




	
NDSI1st

	
578

	
583

	
0.82

	
0.09




	
RSI1st

	
603

	
579

	
0.82

	
0.09




	
Sawtooth Oak (Quercus acutissima)

	
NDSI

	
563

	
693

	
0.28

	
0.33




	
RSI

	
693

	
560

	
0.28

	
0.33




	
NDSI1st

	
431

	
1294

	
0.35

	
0.31




	
RSI1st

	
431

	
1294

	
0.34

	
0.32




	
Sweetgum (Liquidambar formosana)

	
NDSI

	
782

	
1277

	
0.33

	
0.34




	
RSI

	
400

	
1896

	
0.33

	
0.34




	
NDSI1st

	
430

	
1286

	
0.46

	
0.30




	
RSI1st

	
1032

	
865

	
0.35

	
0.33








* SI stands for spectral index.








R2 between species-specific optimal spectral indices and area-based LNC dropped or remained nearly the same after the influence of water was removed from measured spectra (Table 2). There was a 0.11–0.17 and a 0.14–0.25 decline in R2 for Sawtooth Oak and Sweetgum, respectively. In terms of the cross-species optimal spectral indices, ETP did not change much and was still larger than 30% after water absorption features were eliminated. Although ETP did not change much after water removal, the cross-species optimal spectral indices showed weaker relationships with area-based LNC for Sawtooth Oak and Sweetgum. However, for Maize, both R2 and RMSE changed negligibly (see Table 3). This indicates water absorption has limited effects on reducing the accuracy of LNC estimation across species using spectral indices.



Table 3. Statistics of the cross-species optimal spectral indices.







	
Spectra

	
SI *

	
λ1 (nm)

	
λ2 (nm)

	
ETP (%)

	
Maize (Zea mays L.)

	
Sawtooth oak (Quercus acutissima)

	
Sweetgum (Liquidambar formosana)




	
R2

	
RMSE (g/m2)

	
R2

	
RMSE (g/m2)

	
R2

	
RMSE (g/m2)






	
measured

	
NDSI

	
615

	
705

	
34

	
0.54

	
0.17

	
0.31

	
0.19

	
0.39

	
0.17




	
RSI

	
705

	
616

	
34

	
0.55

	
0.17

	
0.31

	
0.19

	
0.38

	
0.17




	
NDSI1st

	
699

	
1356

	
42

	
0.48

	
0.18

	
0.33

	
0.19

	
0.36

	
0.18




	
RSI1st

	
708

	
1390

	
38

	
0.52

	
0.17

	
0.42

	
0.18

	
0.38

	
0.17




	
simulated

	
NDSI

	
488

	
731

	
46

	
0.50

	
0.18

	
0.22

	
0.20

	
0.24

	
0.19




	
RSI

	
505

	
2095

	
42

	
0.49

	
0.18

	
0.24

	
0.20

	
0.26

	
0.19




	
NDSI1st

	
699

	
1931

	
42

	
0.49

	
0.18

	
0.36

	
0.19

	
0.36

	
0.18




	
RSI1st

	
703

	
1929

	
40

	
0.55

	
0.17

	
0.39

	
0.18

	
0.35

	
0.18




	
water-removed

	
NDSI

	
420

	
734

	
34

	
0.55

	
0.17

	
0.20

	
0.21

	
0.22

	
0.20




	
RSI

	
447

	
734

	
32

	
0.56

	
0.17

	
0.20

	
0.21

	
0.23

	
0.19




	
NDSI1st

	
565

	
1357

	
44

	
0.46

	
0.18

	
0.20

	
0.21

	
0.28

	
0.19




	
RSI1st

	
1292

	
704

	
30

	
0.60

	
0.16

	
0.27

	
0.20

	
0.25

	
0.19








* SI stands for spectral index.








As shown in Figure 5, the spectral regions with the two highest frequencies were 700–800 nm, 800–900 nm, and 1300–1400 nm for measured spectra, but were 400–500 nm, 500–600 nm, 700–800 nm, and 1200–1300 nm for water-removed spectra. Wavelengths near the red edge (750 nm) were most frequently recorded in species-specific optimal spectra indices for all three spectra types. Many selected wavelengths are located in the optical range where chlorophyll absorption dominates. Several wavelengths (1386 nm, 1378 nm, 1392 nm) are located near the inflection point in the water absorption valley at 1400 nm. After the influence of water was removed, the absorption feature of nitrogen at this wavelength was weakened. That is why water-removed species-specific spectral indices do not select wavelengths near 1400 nm. There is a wider distribution of wavelengths in species-specific optimal indices found with simulated spectra than with measured spectra. Several selected wavelengths are located in the range from 1900–2200 nm, where SNR was relatively low for measured spectra. The spectral regions that were not used for either measured nor water-removed spectra were 900–1000 nm, 1100–1200 nm, 1500–1700 nm, and 1900–2200 nm.


Figure 5. Histogram of the wavelength frequency in the species-specific optimal spectral indices.
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The smallest value of ETP in our study was 30%. This value is unacceptable because it means there is no spectral index whose R2 with nitrogen content lies in the top 30% of the R2 space for all species. This conclusion agrees with Shi, Wang, Liu and Wu [16], who proved that there is no common optimal three-band spectral index (TBSI) and normalized difference spectral index (NDSI) applicable for estimating the LNC of different crop species.




3.4. Water Absorption Did Not Reduce the Accuracy of PLSR


The performances of PLSR on maize nitrogen estimation showed little difference across the three spectra types, and the predicted R2 and the predicted root mean square error (RMSEP) were almost the same (Table 4). For the other two species, a similar pattern across the three spectra types was observed. Generally, the predictive power of PLSR using the measured spectra was the best followed by the simulated spectra, and the water-removed spectra produced the worst relationships. The difference in the predicted and simulated R2 between the measured and simulated spectra for Sawtooth Oak was tiny, while the difference for Sweetgum was greater. The results indicate that removing water-sensitive spectral regions will reduce the accuracy of PLSR.



Table 4. Statistics of the partial least square regression (PLSR) results.







	
Species

	
Spectra

	
RMSEP*(g/m2)

	
R2 Predicted

	
No. Components






	
Maize (Zea mays L.)

	
Measured

	
0.10

	
0.80

	
3




	
Simulated

	
0.09

	
0.83

	
7




	
Water-removed

	
0.09

	
0.82

	
7




	
Sawtooth Oak (Quercus acutissima)

	
Measured

	
0.28

	
0.56

	
3




	
Simulated

	
0.30

	
0.51

	
4




	
Water-removed

	
0.35

	
0.33

	
5




	
Sweetgum (Liquidambar formosana)

	
Measured

	
0.32

	
0.81

	
4




	
Simulated

	
0.32

	
0.58

	
6




	
Water-removed

	
0.36

	

	
1








* RMSEP is the predicted root mean square error.









3.5. Uncertainties


We can infer from the results of the optimal spectral indices and PLSR that water absorption has limited effects on reducing the accuracy of leaf nitrogen estimation. Therefore, it is unnecessary to remove water-sensitive spectral signatures before data processing as done by Martin and Aber [32], Serrano, Penuelas and Ustin [40], and Pellissier, Ollinger, Lepine, Palace and McDowell [29]. This preprocessing will not lead to the increase of estimation accuracy. On the contrary, it may reduce the accuracy due to the loss of spectral information.



Compared with dry leaf spectra, water free spectra simulated by PROSPECT5 preserves the biochemical and structural properties of nitrogen-containing components such as proteins, which may denature at high temperatures. However, the limitations of our water-removing technique should be addressed. We adopted the strategy of combining forward and inverse simulations, both of which contain errors. PROSPECT5 is just a simplified model of real leaf optical properties. Six parameters are included in this model: chlorophylls, carotenoids, brown pigments, structural parameter N, EWT, and dry matter. The inverse simulation may have misestimated the content of biochemical components, especially for the water content. Hosgood et al. [55] reported satisfactory results using the reflectance and transmittance spectra of the LOPEX93 data set to estimate chlorophyll, water, and dry matter, which could be retrieved with R2 of 0.67, 0.95, and 0.65, respectively. The corresponding values were lower in this study. The estimation of dry matter was the worst. Although the predicted dry matter content can be regarded as the equivalent dry matter content with fixed chemical compositions as explained in Section 3.1, the fixed absorption coefficients for dry matter in PROSPECT5 may affect the retrieval accuracy of other leaf constituents. The accuracy of the water content has marginal effects on the water-removed spectra at wavelengths with small absorptions such as the near-infrared (NIR) plateau, but it matters for spectral ranges characterized by strong water absorption since water has dominant contributions to the overall absorption. These spectral ranges are the main research objects in our study. Thus the results and conclusions depend largely on the accuracy of the inversion of biochemical constituents by PROSPECT5, and it is strongly recommended to recalibrate the absorption coefficients of dry matter in species-specific studies.





4. Conclusions


The PROSPECT5 model was used to remove the effect of water on measured leaf optical spectra. Through comparing the performances of the optimal spectral indices and partial least square regression (PLSR) before and after water removal, we observed a weaker predictive ability after water removal for the majority of spectral indices as well as for PLSR. The results indicate that water absorption has limited effects on reducing the accuracy of leaf nitrogen estimation. Removing water-sensitive spectral regions will not increase the predictive accuracy when estimating LNC with empirical methods. On the contrary, it may lead to the decrease of accuracy due to the loss of spectral information. However, we have to admit that this conclusion depends on the ability of PROSPECT5 to estimate the water free spectra with accurate absorption features of nitrogen-related molecule compounds.
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