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Abstract: The total nitrogen concentration (NC, g/100 g) of wetland plants is an important parameter
to estimate the wetland health status and to calculate the nitrogen storage of wetland plants. Remote
sensing has been widely used to estimate biophysical, physiological, and biochemical parameters of
plants. However, current studies place little emphasis on NC estimations by only taking nitrogen’s
vertical distribution into consideration, resulting in limited accuracy and decreased practical value of
the results. The main goal of this study is to develop a model, considering a non-uniform vertical
nitrogen distribution to estimate the total NC of the reed canopy, which is one of the wetland’s
dominant species, using hyperspectral data. Sixty quadrats were selected and measured based on
an experimental design that considered vertical layer divisions within the reed canopy. Using the
measured NCs of different leaf layers and corresponding spectra from the quadrats, the results
indicated that the vertical distribution law of the NC was distinct, presenting an initial increase and
subsequent decrease from the top layer to the bottom layer. The spectral indices MCARI/MTVI2,
TCARI/OSAVI, MMTCI, DCNI, and PPR/NDVI had high R2 values when related to NC (R2 > 0.5)
and low R2 when related to LAI (R2 < 0.2) and could minimize the influence of LAI and increase the
sensitivity to changes in NC of the reed canopy. The relative variation rates (Rv, %) of these spectral
indices, calculated from each quadrat, also indicated that the top three layers of the reed canopy were
an effective depth to estimate NCs using hyperspectral data. A model was developed to estimate
the total NC of the whole reed canopy based on PPR/DNVI with R2 = 0.88 and RMSE = 0.37%.
The model, which considered the vertical distribution patterns of the NC and the effective canopy
layers, has demonstrated great potential to estimate the total NC of the whole reed canopy.
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1. Introduction

Nitrogen is one of the elements triggering the eutrophication of wetlands, which ultimately
leads to wetland degradation. Nitrogen is also a necessary element for wetland plant growth and
development [1]. Wetland plants can remove nitrogen from the wetland environment by absorbing
nitrogen for their growth and development, which is the theoretical basis of wetland restoration by
means of cultivated plants [2–4]. Estimation and dynamic monitoring of nitrogen concentrations
and nitrogen storage (biomass × nitrogen concentration) of wetland plants are critical for wetland
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evaluation and management, providing important information for adjusting and optimizing wetland
management strategies and for improving and evaluating wetland quality and health.

Nitrogen measurements based on destructive point sampling and laboratory methods, despite
being effective and accurate, are laborious and time-consuming and thus fail in quickly capturing
nitrogen concentrations both temporally and spatially at regional scales [5]. Remote sensing
data, including hyperspectral optical/thermal and synthetic aperture radar (SAR) and satellite
data, enables timely and nondestructive plant status assessment and is widely used, becoming
increasingly important for large-area estimations of biophysical, physiological, and biochemical
plant parameters, such as leaf area index (LAI), above-ground biomass, leaf and canopy chlorophyll
content, nitrogen concentration (NC, g/100 g) and canopy water content [5–11]. Many studies have
focused on agricultural crops—including wheat, rice, corn, and cotton—and the types of forest
vegetation [12–15]. However, little attention has been paid to estimating NC of wetland plants with
the remote sensing technique.

Various methods have been developed to estimate and map plant canopy nitrogen status,
including NC and nitrogen content, using hyperspectral reflectance information [16–18]. However,
the methods rarely take the non-uniformity of nitrogen distribution into consideration. According
to the light distribution patterns within a canopy, optimization theory suggests that plants should
tend to allocate more nitrogen to the upper levels of the plant canopy than its lower level in an effort
to maximize total canopy photosynthesis because the upper canopy leaves are exposed to better
light conditions than the lower shaded leaves [19,20]. This theory implies that the distribution of
leaf nitrogen in plants of a canopy is non-uniform, and this theory is further supported by a series
of studies, indicating that the vertical distribution of NC in a plant canopy is non-uniform [21–24].
Spectral reflectance of green vegetation within a range from 400 nm to 760 nm is primarily controlled
by plant pigments. Given the pigments absorb most of the incident radiation in the 400–760 nm range,
the canopy’s spectral reflectance of green vegetation in this range is mainly affected by the upper leaf
layers [25]. However, it is still unclear which leaf layers in the canopy should be involved in building
a remote sensing-based model for estimating NC. Consequently, the determination of canopy NC based
on canopy spectral reflectance, without considering the non-uniform vertical nitrogen distribution,
would lead to low accuracy in estimating canopy NC [18,23].

The NC and nitrogen storage of different wetland plants are distinct due to their different nitrogen
uptake capacities [26]. Reed, Phragmites australis, is a dominant wetland species, accounting for
approximately 40% of a wetland’s ecological community [27,28]. It is the most frequently used plant
species worldwide in constructing wetlands for wastewater treatment and wetland restoration because
of its high biomass production and ability to uptake nitrogen, and it is also an important nitrogen
sink in eutrophic lakesides, littoral zones, and along rivers and marsh wetland [3,29,30]. Therefore,
the objectives of this study include (1) roughly identifying vertical distribution patterns in the NC
of a reed canopy; (2) determining the effective leaf layers for estimating NC of reed canopy using
hyperspectral remote sensing data; and (3) establishing a remotely sensed model for estimating the
total NC of the whole reed canopy accounting for the vertical distribution patterns of NC and the
effective canopy layer.

2. Materials and Methods

2.1. Field Experiments

Experiments were carried out in three different fields. Experiment I was conducted on 22–24
June 2014, at the lakeside of the Hongze Lake wetland (33.23131◦N, 118.30698◦E) in Jiangsu province.
Experiment II was conducted on 11–14 July 2014, at the bank wetland of the Yangzi River (32.12353◦N,
118.7369◦E) in Jiangsu province. Experiment III was conducted on 21–25 July 2014, at the Poyang lake
wetland (29.45151◦N, 116.06231◦E) in Jiangxi province. A total of 60 representative quadrats, each with
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a size of 1 m × 1 m, were selected and measured, including 15 quadrats from Experiment I, 22 from
Experiment II, and 23 from Experiment III.

The measured reed beds of the three experiment fields have the same sediment conditions, that is,
marshy soil without the water column. An early study indicated that there was a large temporal
variation in the reed bed spectra, and the optimal time for data acquisition differed for old reed beds
and new ones [31]. New reed beds are characterized by no dead stems and new, live stems reproduced,
whereas the old reed beds have erect, dead stems and new, live stems emerging amongst the dead
stems. The three experimental fields all contained new reed beds. The reed beds were all in the peak
growing stage without flowering during the experimental periods. The average reed height of the
quadrats ranges from 1.8 m to 2.5 m; the density ranges from 62 to 74 pcs/m2; and each plant has
approximately 11–15 leaves.

2.2. Experimental Design and Spectral Reflectance Measurement

Since the average reed height at peak growing stage is 1.8–2.5 m, we divided the reed canopy
height into five equal layers by height from top (L1) to bottom (L5) for each quadrat (Figure 1). To study
the contribution of the leaves to canopy reflectance in each layer, the scheme was used where leaves
were removed layer by layer, as shown in Figure 1. By removing the leaves from L5 to L2 in order, we
measured the canopy reflectance and corresponding LAI from AL5 to AL2, respectively.
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In consideration of the reed height, we measured canopy reflectance using a 2 m long telescopic
ladder. The LAI of each target layer was measured using an LAI-2000 Plant Canopy Analyzer (LI-COR
Inc., Lincoln, NE, USA) with three replicates, and the three LAI values were averaged to represent
the LAI of the target layer. Canopy reflectance measurements were taken at a height of 1 m above the
canopy using an ASD FieldSpec Pro spectrometer (Analytical Spectral Devices, Boulder, CO, USA)
under clear, blue-sky conditions between 10:00 and 14:00 (Beijing Local Time). The spectrometer has
a spectral range of 350–2500 nm and a field of view of 25◦, and the spectral resolution (full width
at half maximum, FWHM) was 3 nm for the 350–1050 nm region and 10 nm for the 1050–2500 nm
region. The measured irradiance was converted to reflectance by recording the irradiance spectra from
a 0.4 m × 0.4 m BaSO4 calibration panel. To reduce the possible effects of sky and field conditions,
20 repeated spectral measurements at each target layer of every quadrat were taken and averaged
to represent the canopy reflectance of the target layer. Therefore, in every quadrat, five pairs of
measurements from AL1 and AL5, including reflectance spectra and corresponding LAIs, could
be obtained.
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Two to three representative leaves of every layer in every quadrat were randomly selected as
sample leaves, and the reflectance measurements (350–2500 nm) of these sample leaves were taken
in the field using the ASD FieldSpec Pro spectrometer together with a leaf clip. ASD’s Leaf Clip
assembly is designed specifically for use with the Plant Probe to simplify the process of collecting
spectra on live vegetation. The unique design includes a gentle trigger lock/release gripping system
for holding the target sample in place without removing the leaf from its habitat and inflicting damage.
Five reflectance spectra were taken per leaf using an ASD leaf clip covering a halogen bulb-illuminated
area with a radius totaling 10 mm. A mean reflectance spectrum was calculated for each sample leaf.
Reflectance spectra of sample leaves in every layer were averaged as the leaf reflectance spectrum of
the target layer.

2.3. Spectral Indices

Many studies have demonstrated that spectral reflectance of green plants in the spectral region
of 400 to 800 nm is primarily governed by plant pigments (e.g., chlorophyll) that are absorbing
most of the incident radiation, and some spectral vegetation indices (VIs) were developed based on
spectral reflectance in the region to estimate the chlorophyll or nitrogen content of different plants [32].
However, previous research has shown that the spectral IVs tend to be sensitive to LAI [12,33].
To determine the effective leaf layers for NC estimation and estimate the total NC of the reed canopy
using hyperspectral measurements, a spectral index that can minimize the influence of LAI and
increase the sensitivity of changes in NC needs to be designed. Based on a literature review, 14 spectral
VIs used to assess the chlorophyll or nitrogen content of different plants were selected to test their
sensitivities to NCs and LAI of the reed canopy in this study (Table 1). The selected indices can
be categorized into two types: 11 spectral VIs and 3 combined indices including MCARI/MTVI2,
TCARI/OSAVI, and PPR/NDVI.

Table 1. Summary of spectral vegetation indices used in this study.

Index Formula Reference

Red edge model (CIred edge) (R750/R720) − 1 [34]

Modified triangular vegetation index 2 (MTVI2) 1.5(1.2(R800 − R550) − 2.5(R670 − R550))/
sqrt((2R800 + 1)2 − (6R800 − 5sqrt(R670)) − 0.5) [35]

Modified chlorophyll absorption ratio index (MCARI) (R700 − R670 − 0.2(R700 − R550))(R700/R670) [33]
Combined Index I (MCARI/MTVI2) MCARI/MTVI2 [36]
Transformed chlorophyll absorption in reflectance
index (TCARI) 3((R700 − R670) − 0.2(R700 − R550)(R700/R670)) [37]

Optimized soil-adjusted vegetation index (OSAVI) 1.16(R800 − R670)/(R800 + R670 + 0.16) [38]
Combined Index II (TCARI/OSAVI) TCARI/OSAVI [37]
MERIS terrestrial chlorophyll index (MTCI) (R750 − R710)/(R710 − R680) [39]
Structure insensitive pigment index (SIPI) (R800 − R445)/(R800 − R680) [40]
Plant pigment ratio (PPR) (R550 − R450)/(R550 + R450) [41]
Normalized difference vegetation index (NDVI) (R800 − R670)/(R800 + R670) [42]
Modified MERIS terrestrial chlorophyll index (MMTCI) [(R750 − R680 + 0.03) (R750 − R710)]/(R710 − R680) [39]
Double-peak canopy nitrogen index (DCNI) ((R720 − R700)/(R700 − R670))/(R720 − R670 + 0.03) [43]
Combined Index III (PPR/NDVI) PPR/NDVI [12]

2.4. Nitrogen Concentration Measurements

After measuring reflectance, the leaves were sealed in a bag and sent to the laboratory for nitrogen
concentration measurements via the Kjeldahl method, and the NCs from L1 to L5 in each reed quadrat
were obtained. The NCs of AL1, AL2, AL3, AL4, and AL5 were calculated using the following formula:

NALi =
i

∑
1
(NLi) /i (1)

where i is the layer number with value i = 1, 2, 3, 4, 5; NALi is the NC (g/100 g) of ALi; and NLi is the
NC (g/100 g) of Li.
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2.5. Modeling and Validation of Datasets

We measured a total of 60 representative quadrats from all three experimental fields, including
15 quadrats from Experiment I, 22 quadrats from Experiment II, and 23 quadrats from Experiment
III. According to the experimental design, each quadrat had five groups of data, including canopy
spectra and corresponding NCs and LAIs from AL1 to AL5. We divided the 60 quadrats randomly
into two parts: 40 calibration quadrats and 20 validation quadrats. The calibration quadrats contain
10 quadrats from Experiment I, 15 quadrats from Experiment II, and 15 quadrats from Experiment
III. The canopy spectral data and corresponding NC from AL1 to AL5 measured in the 40 calibration
quadrats are used to establish the model for estimating NC of reed, and the datasets of the validation
quadrats were used to validate corresponding models.

3. Results

3.1. Vertical Distribution Pattern of Nitrogen Concentrations within the Reed Canopy

Figure 2A shows that the NC distribution of the leaf layers from the first layer (L1) to the fifth
layer (L5) based on the leaf layer data from the 60 quadrats. The results demonstrate that the NCs of the
leaf layers generally exhibited great vertical differences within reed canopies. From L1 to L5, the NC
of the leaves initially increased and then decreased, with a quadratic curve (R2 = 0.96) (Figure 2A).
The corresponding mean proportions from L1 to L5 were 0.13, 0.23, 0.31, 0.22, and 0.11, respectively
(Figure 2B).
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Figure 2. Nitrogen concentrations (A) and corresponding proportions (B) in leaves from the first layer
(L1) to the fifth layer (L5).

3.2. Estimation of Nitrogen Concentrations Using Spectral Indices

Figure 3 shows the mean reflectance spectra of the reed canopies from AL1 to AL5 of the
60 quadrats, which were recorded during successive leaf removals from L5 to L1. In Figure 3, small
reflectance differences in the visible and short wave infrared regions could be observed between AL5,
AL4, and AL3, and between AL2 and AL1, but only reflectance differences between AL3 and AL2 were
statistically significant. The results suggest that the third layer (L3) is the key layer for reed canopy
reflectance spectra and that AL3 has a great contribution to the reflectance in the visible and short
wave infrared regions of the reed canopy, while AL2 also showed a significant contribution to the
reflectance in the near infrared region.
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Figure 3. Average reflectance spectra of reed canopies measured from the 60 quadrats during leaf
removal from the lower (L5) to the upper (L1) layers. The treatment and description of AL1, AL2, AL3,
AL4, and AL5 are illustrated in Figure 1.

Given the possible substrate influence on the spectra of AL1 and AL2, we analyzed only the
canopy spectra measured from AL3 to AL5 of the quadrats, the corresponding NC and the LAI to test
the relationship between LAI, NC, and spectral VIs (Table 2). The result shown in Table 2 indicate
that the VIs were significantly related to LAI and NC (p < 0.01). The combined VIs MCARI/MTVI2,
TCARI/OSAVI, and PPR/NDVI and the individual VIs MMTCI and DCNI were highly correlated
with NC (R2 > 0.5) and had low R2 values when related to LAI (R2 < 0.2). Therefore, the five VIs
could minimize the influence of LAI and increase the sensitivity to changes in NC. Of the indices,
the PPR/NDVI produced the highest correlation with NC (R2 = 0.62) and the low correlation with LAI
(R2 = 0.19) and was selected to estimate the total NC of the canopy reed.

Table 2. Relationships of VIs with LAI and NC (n = 180).

Spectral Index LAI NC

R2 RMSE (%) R2 RMSE (%)

CIred edge 0.26 1.1 0.56 0.34
MTVI2 0.78 0.63 0.14 1.28
MCARI 0.58 0.80 0.51 0.51

MCARI/MTVI2 0.18 1.60 0.57 0.42
TCARI 0.21 1.11 0.57 0.38
OSAVI 0.62 0.91 0.48 1.25

TCARI/OSAVI 0.16 1.90 0.58 0.41
MTCI 0.57 1.50 0.52 0.32
SIPI 0.40 1.78 0.46 0.60
PPR 0.42 1.26 0.56 0.35

NDVI 0.70 0.34 0.55 0.51
MMTCI 0.19 1.50 0.50 0.44
DCNI 0.16 1.60 0.59 0.51

PPR/NDVI 0.19 1.68 0.62 0.41

3.3. Variations in the Spectral Index for Different Layers of the Reed Canopies

In Table 2, the five VIs that have low sensitivity to the variation in LAI (R2 < 0.2) and high
sensitivity to NC (R2 > 0.5) were further tested using a relative variation rate (RV, %). Rv, which was
defined as the percentage difference of VIs between of ALi and ALi-1 divided by VI of ALi (i = 2,
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3, 4, 5), was used to determine the change in magnitude of the VIs while removing layer leaves in
order (Table 3). The results indicate that MMTCI and DCNI increase upon leaf removal from L5 to L1,
whereas MCARI/MTVI2, TCARI/OSAVI, and PPR/NDVI decreased. Furthermore, for each VI, Rv

was the highest when removing the leaves of the lower three layers, and of them, PPR/NDVI had the
largest Rv value.

Since PPR/NDVI had the highest R2 with NC and the highest Rv (Tables 2 and 3), we used
PPR/NDVI to analyze the effective leaf layers for NC estimation at the canopy and leaf levels.
The PPR/NDVI from AL1 to AL5 at the leaf level was calculated using the corresponding leaf
reflectance, e.g., PPR/NDVI at leaf level of AL1 was calculated by averaging the leaf reflectance
of the representative leaves of L1, and PPR/NDVI, at leaf level of ALi (i = 2, 3, 4, and 5), was
calculated by averaging the leaf reflectance of all representative leaves from L1 to Li. In this way, we
obtained PPR/NDVI values from AL1 to AL5 of each quadrat at the leaf level. At the canopy level,
the PPR/NDVI from AL1 to AL5 for each quadrat was calculated using the canopy reflectance from
AL1 to AL5. Figure 4 shows the PPR/NDVI variations from AL1 to AL5 at both the canopy and leaf
levels. The results indicate that the variation of the PPR/NDVI was small when removing the leaves of
L5 and L4, while the variation of the PPR/NDVI was the greatest when the leaves of L3 were removed.
The variations in PPR/NDVI were consistent at the canopy and leaf levels. This suggested that the top
three layers (AL3) may be an effective canopy for NC estimation using remote sensing data.

Table 3. Relative variation rates (Rv, %) of the various vegetation indices in response to the removal of
leaves from the lower (L5) to upper (L1) layers.

Index
Rv (%)

(AL5-AL4)/AL5 (AL4-AL3)/AL4 (AL3-AL2)/AL3 (AL2-AL1)/AL2

MCARI/MTVI2 3.5 ± 0.51 4.1 ± 0.65 28.8 ± 6.11 4.46 ± 1.12
TCARI/OSAVI 3.2 ± 0.42 3.9 ± 0.78 26.7 ± 4.24 4.23 ± 0.98

MMTCI −4.12 ± 0.87 −4.01 ± 0.88 −32.32 ± 4.13 −4.13 ± 0.97
DCNI −4.34 ± 0.92 −4.26 ± 0.56 −34.56 ± 6.01 −4.07 ± 1.28

PPR/NDVI 4.76 ± 0.65 5 ± 0.71 36.84 ± 5.50 5.56 ± 1.21

Notes: The relative variation rate (Rv, %) was defined as the percentage difference of VIs between of ALi and
ALi-1 divided by VI of ALi (i = 2, 3, 4, 5). A positive value of Rv indicates that the VI increased after leaf removal,
whereas a negative value indicates a decrease.
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Figure 4. PPR/NDVI variation at the canopy and leaf levels when removing leaves from the lower (L5)
to the upper (L1) layers. Treatments and description of AL1, AL2, AL3, AL4, and AL5 are illustrated in
Figure 1.

3.4. Total NC Estimation of Reed Canopies

Based on the results presented in Table 3, we selected PPR/NDVI to estimate the total NC of reed
canopy because it has the highest R2 when related to NC. Figures 5A and 6A show the relationships
between the PPR/NDVI of AL5 and the NC of AL5 and between the PPR/NDVI of AL5 and the NC of
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AL3, respectively, based on the corresponding datasets of the calibration quadrats. The results indicate
that there were better correlations between the PPR/NDVI of AL5 and the NC of AL3 (R2 = 0.78)
than between the PPR/NDVI of AL5 and the NC (R2 = 0.59, Figure 5A). Figures 5B and 6B show the
validation results of the corresponding models based on the corresponding datasets of the validation
quadrats. The result showed that the regression model (Y = −4.3874X + 5.1952) from Figure 5A used
to estimate the NC of AL3 had a higher precision and robustness with R2 = 0.80 and RMSE = 0.60%.
It could be concluded that the AL3 containing L1–L3 had greater potential than AL5 for predicting the
total NC of the reed canopy using PPR/NDVI.
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Figure 5. Relationship between the PPR/NDVI of AL5 and the NC of AL5 (A); and the validation of
the NC of AL5 estimation model (B).

Based on the regression model to estimate the NC of AL3 (Figure 6A) and the vertical mean
distribution proportion of NC within the reed canopy (Figure 2B), the model for estimating the total
NC of the reed canopy was established as follows:

Yt = (−4.3874X + 5.1952)/(β1 + β2 + β3) (2)

where Yt is the total NC of the reed canopy; X is PPR/NDVI of canopy level; β1, β2, and β3 are the
mean NC proportions of L1, L2, and L3, respectively; and β1 = 0.13, β2 = 0.23, and β3 = 0.31 according
to Figure 2B.
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Figure 6. Relationship between the PPR/NDVI of AL5 and the NC of AL3 (A); and the validation of
the NC of AL3 estimation model (B).
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Using the PPR/NDVI values derived from the reflectance spectra of the 60 quadrats and
Equation (2), the total NCs of the 60 reed quadrats were predicted and compared to the measured total
NCs. The results show that the model performed well in estimating the total NCs of the reed canopy
with R2 = 0.88 and RMSE = 0.37% (Figure 7).Remote Sens. 2016, 8, 789 9 of 13 
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Figure 7. Validation of the total NC estimation model.

4. Discussion

In this paper, we divided the reed canopy into five layers to obtain the vertical distribution
patterns of the NC within the reed canopy based on remote sensing data. Our results indicate that
NCs in the leaves of the reed canopy first increase and then decrease from L1 to L5, with the highest
NC appearing in L3. Such a pattern was consistent with the previous studies of Wang et al. [44]
and Li et al. [45], which suggested that the NC of wheat and maize canopies first increased and
then decreased, with the highest values found in the middle layer. Optimization theory suggested
that plants should tend to allocate nitrogen according to the light distribution pattern within the
canopy, which means the upper leaves with better light conditions should accumulate more nitrogen
than the lower shaded leaves, aiding in the effort to maximize total canopy photosynthesis [19,20].
This theory provides an explanation for the phenomenon of non-uniform leaf nitrogen distribution
in a canopy. Light distribution in turn depends on the canopy structure and is one of the main
characteristics affecting leaf nitrogen contributions within a canopy [46]. Some factors that influence
the canopy structure, such as plant species, population density, plant nitrogen status, and growth
stages, can greatly impact the vertical distribution patterns of a canopy [21,24,47–49]. Given these
hypotheses and factors, there are complicated mechanistic models to quantitatively describe the
vertical profiles of nitrogen distribution within plant canopies which employ the Beer-Lambert law
with an exponential function. However, these models tend to contain numerous parameters, such
as cumulative LAI from the top of the canopy, the total LAI of the canopy, the coefficient of light
extinction, the depth from the top of the canopy, the intercepted photosynthetically active radiation
(IPAR), and the nitrogen content per unit leaf area at the top [47,49–52]. These models can only provide
explanations for some phenomena and are difficult to be implemented in practical applications due
to the unavailability of numerous parameters in the models. Compared with the above-mentioned
mechanistic models, the vertical distribution pattern of the NC described in this study is simpler and
available for practical applications.

The canopy reflectance of green plants is affected by many factors, such as canopy architecture,
LAI, leaf chlorophyll concentrations and background factors [32,53]. Previous research has shown that
the spectral reflectance in the region of 400–800 nm is low and primarily governed by the abundance
of chlorophyll and other pigments that absorb most of the incident radiation [25]. Since the majority of
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leaf nitrogen is contained in chlorophyll molecules, there is a close link between leaf chlorophyll and
leaf nitrogen content [54]. Some VIs for estimating chlorophyll and nitrogen contents were established
based on reflectance in the 400–800 nm range, but these VIs tend to also be sensitive to variations in
LAI, such as NDVI, MTVI, and MTCI, etc., which would confound changes caused by variation in
chlorophyll and nitrogen contents. To improve the estimation of chlorophyll and nitrogen contents and
reduce the influence of LAI, some researchers have proposed combinations of VIs based on leaf and
canopy radiative transfer models (PROSAOL-SAIL or SAILH). For example, Daughtry [33] simulated
crop canopy reflectance using SAIL and varying amounts of LAI and chlorophyll and found that
the combined VIs were valuable for estimating chlorophyll content by reducing the influence of LAI;
Eitel et al. [36] suggested that the remote sensing indices, which combine chlorophyll and structural
indices, apparently had superior ability to estimate SPAD values and leaf nitrogen; Jin et al. [12]
confirmed that the combined VIs, such as TCARI/OSAVI, MCARI/MTVI, PPR/NDVI, and SIPI/RVI,
were more sensitive to chlorophyll content and less sensitive to variations in LAI than the simple ratio
VIs based on PROSAOL-SAIL model simulation data. These results indicate that combinations of
VIs can be used to further improve the estimation accuracy of chlorophyll and nitrogen content by
reducing the effects of LAI and background factors on spectral indices. In this study, the 14 VIs used to
assess the chlorophyll and nitrogen content of different plants were selected to test their sensitivity to
the NC and LAI of reed canopy. The results showed that these indices were significantly related to LAI
and NC (p < 0.01), but the combined spectral indices MCARI/MTVI2, TCARI/OSAVI, and PPR/NDVI
had high R2 when related to NC (R2 > 0.5) and low R2 when related to LAI (R2 < 0.2), which showed
good agreement with the aforementioned studies.

Substrate is one of influential factors on the canopy reflectance of green plants. In this study,
the three experimental fields had the same marshy soil without water. Given the possible substrate
influence on spectra of AL1 and AL2, we analyzed only the canopy spectra collected from AL3 to AL5
of the quadrats and used the corresponding NCs and LAIs to test the relationship between LAI, NC,
and spectral VIs (Table 2). Finally, we selected the combined the spectral indices to determine the
effective layer for NC estimation and built the total nitrogen concentration of the reed canopy. To some
extent, combined spectral indices have been proven to reduce the influence of LAI and background soil
on chlorophyll or nitrogen concentration estimations, so the influences of substrate on the combined
spectral index in different experiments has not been considered.

The spatial distribution and temporal variation of the total nitrogen or nitrogen storage of a reed
are important to evaluate the health status of a wetland and the nitrogen cycle research on wetlands.
Two parameters, above-ground biomass (AGB, g/m2) and NC (Nm, g/100 g), are necessary to obtain
the total nitrogen and nitrogen storage values of wetland plants. Some studies were conducted on
the relationships between the AGB of plants and spectral features. The results have shown that the
AGB can be accurately obtained from some spectral features [55]. However, the research on estimating
canopy NCs via remote sensing rarely takes the non-uniformity of N distribution within the canopy
into consideration. When building the NC model of the reed canopy based on remote sensing data,
it is unclear which leaf layers are effective and representative. In practical experiments, we prefer to
use the average NC of the top two leaf layers or all leaves within the canopy to study their correlation
with spectral indices and then develop models. This leads to a low accuracy for the total estimated
NC of the canopy (R2 = 0.55, RMSE = 0.81% in this study). In this study, we identified the vertical
nitrogen distribution law and determined the effective leaf layers to use in remote sensing model
NC construction. The model to estimate NC was built by taking the vertical nitrogen distribution
law and the effective leaf layers into consideration. The model estimated the total NC of reed whole
canopy well (R2 = 0.88, RMSE = 0.37%) (Figure 7). With the development of new sensors, especially
hyperspectral sensors, the methodology and model proposed in this study could be applied in satellite
remote sensing to estimate the spatial and temporal NC distribution of wetland plants and eventually
to obtain above-ground nitrogen storage information for wetland plants.
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5. Conclusions

Using a layered experimental design and measured datasets of the reed canopy at the peak
growing stage of the reed, the vertical nitrogen distribution pattern in the reed canopy was analyzed,
and the effective leaf layers for estimating NC using hyperspectral measurement were evaluated.
The model to estimate the total NC was established by taking the vertical nitrogen distribution pattern
and the effective leaf layers into consideration. The conclusions could be summarized as follows:
(1) the leaf nitrogen distribution in the reed canopy was non-uniform, and the NC first increased and
later decreased from L1 to L5 with the corresponding mean layered proportions of 0.13, 0.23, 0.31,
0.22, and 0.11; (2) compared with the 11 individual spectra and three combined VIs, the combined
spectral index PPR/NDVI had the highest correlation with the NC (R2 = 0.65) and could reduce the
effect of the LAI (R2 = 0.19); (3) AL3 was an effective cumulative leaf layer for estimating the total
NC using hyperspectral data; and 4) the model for estimating the total NC of reed canopy was built
based on PPR/NDVI, taking the vertical nitrogen distribution pattern and the effective leaf layers
into consideration. The model shows great potential to estimate the total NC of a reed canopy with
R2 = 0.88 and RMSE = 0.37%.
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