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A B S T R A C T

Canopy nitrogen content (CNC) and canopy phosphorus content (CPC) of vegetation in wetlands are key phys
iological traits, which can be associated with the process of wetland ecosystems. Because of the spectral signals 
obscured by pigments and water content, it is challenging to accurately estimate CNC and CPC of vegetation 
species in wetlands using multispectral images. Therefore, we developed the constrained PROSAIL-PRO spectra 
matching (CPSM) approach to extend multispectral reflectance of unmanned aerial vehicle measurements to 400 
~ 2500 nm. We verified the matched accuracy and spectral reliability of CPSM's spectra from two aspects of 
reflectance and vegetation spectral characteristic based on field-measured spectral data. We proposed a novel 
hybrid retrieval strategy to achieve the high-precision estimation of CNC and CPC for seven karst wetland 
vegetation species. Finally, we evaluated the applicability of combining CPSM with our strategy to estimate CNC 
and CPC for two typical species in mangrove wetlands. Our results proved that CPSM-based spectra had good 
consistency with original reflectance of UAV images (R2 = 0.82 ~ 0.86), and they could maintain similar spectral 
characteristics to measured spectra. Besides, this study found that the optimal spectral features of CNC and CPC 
were distributed near the red edge position and water-absorption valley of vegetation spectra. We obtained high- 
precision estimation of CNC and CPC in karst wetland using CPSM and our hybrid retrieval strategy (R2 = 0.60 ~ 
0.98, MRE = 5.91 % ~ 26.25 %). The approach also showed a better transferring performance in estimating CNC 
and CPC of mangrove species (R2 

= 0.77 ~ 0.89, MRE = 9.65 % ~ 16.87 %). The CPSM approach is effective to 
achieve high-precision estimation of vegetation CNC and CPC.

1. Introduction

Wetlands are one of the most important and valuable ecosystems on 
Earth. Wetlands play important roles in purifying water quality, 
reducing floods, protecting coastlines and regulating climate [1]. Wet
lands provide the habitats for many endemic and unique species and 
maintain biodiversity on Earth [2]. Wetlands have the great potential to 
restore natural ecosystems through lakes, marshes, rivers, and vegeta
tion, thereby contributing to the achievement of various Sustainable 

Development Goals (SDGs) ([3]). Vegetation, as one of the three key 
components of wetland ecosystems, not only helps prevent soil erosion 
but also sustains the hydrological balance within wetlands, providing a 
sensitive indicator of changes in the ecosystem [4]. Nitrogen and 
phosphorus, as vital nutrients, are crucial for plant growth and a range 
of physiological regulatory functions [5]. Previous studies confirmed 
that the nitrogen and phosphorus levels in wetlands can limit the 
biomass production of vegetation [6]. Koerselman and Meuleman [7] 
reported that if the nitrogen/phosphorus radio of the aboveground 
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biomass of the vegetation community is < 14 or >16, the biomass 
production is almost always limited by nitrogen or phosphorus, 
respectively. Moreover, the nitrogen content in vegetation, which is 
closely linked to photosynthesis and net primary production and is 
regarded as one of the most essential nutrients affecting its growth and 
quality [8]. Phosphorus content is a component of several important 
compounds, e.g., nucleic acids, phosphoric acid, and adenosine 
triphosphate, which can improve the resistance and adaptation of 
vegetation. Therefore, accurate estimation of canopy nitrogen content 
(CNC) and canopy phosphorus content (CPC) of different vegetation 
species is vital for ecological conservation and preservation of biodi
versity in wetlands.

Currently, unmanned aerial vehicle (UAV) technology with the ultra- 
high resolution, high efficiency and versatility has been utilized to es
timate vegetation's physiological traits [9]. However, the sensitive 
spectral bands of nitrogen and phosphorus in vegetation are usually 
distributed in short-wave infrared bands within 1000 ~ 2500 nm 
[10–12]. Furthermore, most of UAV multispectral sensors (DJI Phantom 
4 Multispectral UAV, DJI MAVIC 3 Multispectral UAV, RedEdge-MX, 
etc.) are not cover the sensitive short-wave infrared region. While 
satellite-based multispectral sensors do operate within the SWIR range, 
the inherent spectral resolution of broadband configurations may 
diminish the diagnostic contribution of narrow sensitive bands to CNC 
and CPC. Consequently, accurately capturing spectral signatures critical 
to CNC and CPC estimation remains challenging under these constraints. 
Previous researchers have demonstrated that hyperspectral remote 
sensing with various continuous narrow bands can identify the absorp
tion characteristics of nitrogen and phosphorus in vegetation [13]. 
However, the high cost of UAV-based hyperspectral sensors currently 
limits their large-scale application. To address this issue, spectral 
super-resolution technology has emerged as a promising solution. 
Currently, the spectral super-resolution reconstruction of multispectral 
images has been accomplished based on existing hyperspectral images 
and deep learning (DL) algorithms, which possess powerful 
spatial-spectral extraction and nonlinear projection capabilities [14]. 
The intensity of energy required by optical remote sensor to form a 
reflectance image varies not only by time and place, but also by the 
internal structure and component of vegetation, which have different 
responses to different wavelengths. Therefore, compared with DL algo
rithms, radiative transfer models (RTMs, such as PROSPECT and SAIL, 
etc.) can forward simulate spectral reflectance across the entire vege
tation spectrum, furthering estimate the signals of spaceborne or 
airborne spectral sensors based on the physical laws of the interaction 
between electromagnetic radiation and vegetation structures [15]. 
However, the reflectance of vegetation in RTMs is strongly influenced by 
biophysical and biochemical parameters. For example, the chlorophyll 
content significantly affects the response of visible light reflectance 
[16]; the change of leaf water content causes the spectral absorption 
position to significantly shift [17]; the leaf area index (LAI) greatly af
fects the reflectance of the simulated spectrum. Therefore, if the 
reflectance of the vegetation canopy within the 400 ~ 2500 nm range 
can be inverted using RTMs, given the known energy intensity, vege
tation structure, and biochemical composition of a specific area on one 
day, it could offer a novel approach for extending the vegetation spec
trum through RTMs to estimate physiological traits.

Currently, researches on the retrieval of CNC and CPC primarily 
involve empirical models, machine learning (ML) or deep learning (DL) 
algorithms, and RTMs. Empirical models, which rely on statistical re
lationships between spectral reflectance and CNC or CPC, have been 
widely utilized due to their simplicity. However, challenges in retrieval 
of CNC and CPC arise from the variation in sensitive spectral bands, as 
well as the confounding and overlapping effects of biophysical and 
biochemical parameters on CNC and CPC. For example, the spectral 
reflectance response of vegetation nitrogen content was masked by 
strong water absorption, soil background, and canopy structure of 
vegetation species in near-infrared and short-wave near infrared bands 

[18]. Recurring water absorption features, caused by the overtones of 
the fundamental excitation frequency of O-H bonds in water, predomi
nantly influence the spectral reflectance of vegetation in the NIR range 
[19]. Additionally, variations in soil water content affect the back
ground, leading to changes in the brightness of spectral properties [20]. 
Therefore, derivative transform [21], logarithmic transform [22], 
continuous wavelet transforms [23] and spectral index approaches have 
been used to identify the reflection characteristics and reduce the in
fluence of other biophysical and biochemical parameters on spectral 
reflectance. Jin and Wang [24] showed that derivative transforms can 
extract valuable spectral information from the original spectrum. 
However, the first and second derivatives may also result in the loss of 
important spectral data or an increase in noise [25]. Fractional order 
derivatives (FOD) can help eliminate spectral peak overlap and baseline 
shifts, effectively reducing the impacts of various radiation and scat
tering [26]. This approach also enhances the robustness of empirical 
models and provides optimal retrieval features for machine learning 
(ML) or deep learning (DL) algorithms.

Although ML and DL algorithms have demonstrated strong perfor
mance in estimating nitrogen and phosphorus levels [27,28], their re
sults often lack interpretability. Previous studies have shown that 
radiative transfer models (RTMs), which are based on well-defined 
physical principles, outperform empirical models in terms of trans
ferability and stability [29]. However, challenges remain in retrieving 
CNC using radiative transfer models (RTMs) due to ill-posed inversion 
problems and the need to correct absorption coefficients [17]. To 
enhance retrieval accuracy for vegetation physiological traits, previous 
studies have integrated RTMs with machine learning (ML) or deep 
learning (DL) algorithms to develop hybrid models [30]. This approach 
leverages the ability of ML and DL algorithms to identify complex 
nonlinear relationships [31] between dependent and independent var
iables within large training datasets. The interpretability and predictive 
capability of these models were further improved by embedding the 
physical laws governing the relationship between vegetation canopy 
reflectance and biophysical and biochemical parameters from RTMs into 
ML or DL algorithms. However, in most studies, hybrid model con
struction primarily involves increasing the training dataset size by 
incorporating simulation data generated by RTMs [32]. It is often 
overlooked that the knowledge learned from hybrid models trained on 
simulated sample data may not align with the inherent characteristics of 
real-world scenarios, leading to limited generalization ability. Addi
tionally, when RTMs are used to simulate the spectral reflectance of 
multispectral sensors such as Landsat TM/OLI or Sentinel-2 MSI, their 
inherent advantage is diminished. This is because RTMs are capable of 
simulating vegetation reflectance across 2101 bands at 1 nm intervals 
from 400 to 2500 nm, whereas multispectral sensors capture reflectance 
in only a few broad bands. However, integrating RTM-simulated spectral 
data (400 ~ 2500 nm) with measured vegetation traits could introduce a 
novel retrieval strategy for vegetation physiological traits. At present, 
most studies have evaluated estimation models either within a single 
scene or across multiple species within a single scene, with limited 
research assessing models for multiple species across different wetland 
ecosystems.

In this study, we combined a novel constrained spectra matching 
approach with a new hybrid retrieval strategy to achieve high-precision 
retrieval of CNC and CPC of vegetation species. Meanwhile, we evalu
ated the transfer ability and applicability of our method in different 
wetlands. The main contributions of this paper are as follows: 

(1) We introduced an innovative constrained PROSAIL-PRO spectra 
matching (CPSM) method, which incorporates field-measured 
physiological traits to constrain the PROSAIL-PRO model 
(PROSPECT-PRO + 4SAIL), enabling the extension of UAV mul
tispectral reflectance from the 450–840 nm range to 400 ~ 2500 
nm;
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(2) We verified the consistency of CPSM-based spectral data and the 
field-based spectra in reflectance and vegetation spectral 
characteristics;

(3) We proposed a new hybrid retrieval strategy for estimating CNC 
and CPC by combining the benefits of ultra-high spatial resolu
tion UAV imagery with the high spectral resolution data from the 
CPSM approach;

(4) This study further evaluated the transfer ability and robustness of 
combining CPSM with the hybrid strategy to estimate CNC and 
CPC of mangrove species.

2. Materials

2.1. Study area

2.1.1. Karst wetland
Huixian Karst Wetland of International Importance (HKWI) 

(Fig. 1A, B) (25◦05 ′20 "N ~ 25◦06′ 55″ N, 110◦10 ′50 "E ~ 110◦14′ 21″ 
E) is the largest and most representative karst wetland in subtropical 
peak forest plain regions globally. The region belongs to a subtropical 
monsoon humid climate with an average annual temperature and 
precipitation of 19.2 ◦C and 1863.2 nm [33], respectively. It is 
composed of lakes, marshes, permanent rivers, karst underground 
rivers, ponds, artificial canals, farmland, and typical karst 
vegetation species, representing a complex ecosystem of 
wetland-farmland-forests, harboring representative vegetation species 
of karst wetlands, such as Cladium chinense Nees, Phragmites australis 
(Cav.) Trin. ex Steud, Typha domingensis Pers. and Carex baccans Nees. 
The maximum difference in water level between the wet season and 
dry season is 1.814 m [34].

2.1.2. Mangrove wetland
In order to verify the applicability of our method in other wetland 

types, two mangrove wetlands were selected as the study area, including 
Jinhaiwan Mangrove Natural Reserve (JMNR) (21◦24′35″ ~ 21◦25′30″ 
N, 109◦9′30″~ 109◦13′40″E) and Dangjiang Mangrove Natural Reserve 
(DMNR) (21◦33′50″ ~ 21◦35′10″ N, 109◦5′50″~ 109◦7′10″ E), both 
located in Beihai, China (Fig. 1C, D). There are obvious differences in the 
growing environment between karst wetland's vegetation and man
groves. We confirmed that there were significant differences in vegeta
tion traits between the two wetlands types using ANOVA analysis 
(Table S1 in Supplementary Materials 1). The mangrove species are 
dominated by the Avicennia marina (AM) in JMNR and the Aegiceras 
corniculatum (AC) in DMNR, with a minor presence of Kandelia candel, 
Rhizophora stylosa, Sonneratia caseolaris, Bruguiera gymnorrhiza. A me
dicinal species of Acanthus ilicifolius also grow in DMNR.

2.2. Data source

2.2.1. UAV image acquisition and processing
The multispectral images were collected using a DJI Phantom 4 

Multispectral UAV over the study area on November 27–28, 2021 
(Fig. S1a in Supplemental Materials 1) with the clear, cloudless condi
tions from 11:00 to 15:00 a.m. (UTC+8:00). The spectral bands include 
blue (450 nm ± 16 nm), green (560 nm ± 16 nm), red (650 nm ± 16 
nm), red edge (730 nm ± 16 nm) and near infrared (840 nm ± 26 nm). 
We set the heading and side overlap rates to be 80 % and 70 %, 
respectively. The UAV flight height was 105 m with the speed of 5.7 m/s.

Besides, we used the same sensor to collect multispectral images of 
mangroves in DMNR (April 10 ~ 25, 2023) and JMNR (August 21 ~ 25, 
2023). These two sets of multispectral images were used to verify the 
applicability of combining CPSM and our strategy proposed in this study 
in other regions. The acquisition progress of UAV multispectral images 
was the same as that of karst wetland. Finally, the Pix4D software was 
used to conduct geometric correction, image mosaicking, and radiation 
calibration of the original UAV images, and the digital orthophoto images 

with a spatial resolution of 0.05m were generated in the study areas.

2.2.2. Field measurements
We collected 240 samples of seven typical vegetation species with 

high, moderate, and low inundation frequencies [34] in karst wetland 
from November 27 to December 3, 2021. The geographic locations were 
recorded using Hi-Target V90 RTK. The vegetation species of our study 
in karst wetland included Eichhornia crassipes (Mart.) Solms (ES), Cla
dium chinense Nees (CCN), Carex baccans Nees (CBN), Cynodon dactylon 
(L.) Pers. (CDP), Miscanthus (SR), Bamboo (BB), Triadica sebifera (Lin
naeus) Small (TS). Firstly, we used an SPAD-502 Plus chlorophyll meter 
(Minolta Camera Co. Ltd., Japan) and an LAI-2200C (Li-Cor, Inc., 
Lincoln, NE, USA) to measure the leaf chlorophyll content (LCC) [34], 
leaf area index, and average leaf inclination angle (ALA) of each species 
(Fig. S1 in Supplemental Materials 1) [21]. Secondly, we randomly 
picked 20 leaves from the upper crown layer of the vegetation in the four 
directions. The samples were stored in a dark and cool insulated 
container, and brought back to the laboratory for measurement of total 
nitrogen (TN) and total phosphorus (TP) contents. Samples of Aegiceras 
corniculatum (76) and Avicennia marina (112) were collected and 
measured for physiological traits using the same method. The works 
were synchronized with UAV images acquisition.

2.2.3. Laboratory measurement of physiological traits of vegetation species
We recorded the fresh weight (Wf) of each sampled leaf using an 

electronic scale with accuracy of 0.01 g and measured the area (LA 
(cm2)) of each leaf using Li-Cor 3000C (Li-Cor, Inc., Lincoln, NE, USA) 
immediately after the field collection. We took 0.05g of leaves to mea
sure carotenoid content (Car) and chlorophyll content (Cab) using 
spectrophotometry. Then, leaf samples were kept at 75 ◦C for 48 h to dry 
until they reached constant weight, and the dry weight (Wd) of each 
sample was recorded using the same electronic scale. The formulas of 
equivalent water thickness (Cw), dry matter content (Cm), Car and Cab 
are shown in the Supplementary Materials 2. Finally, we ground the 
dried leaves into powder (<0.150 mm) and used Clever Chem 380 (De 
Chem-Tech Company, Germany) to measure the TN and TP contents in 
the leaves based on the indophenol-blue method [35] and molybdenum 
antimony spectrophotometry [36], respectively. The statistical infor
mation of the measured data in karst wetland is summarized in Table S2
in Supplemental Materials 1.

3. Methodology

In this study, we firstly used a constrained RTM spectra matching 
approach to extend the spectral ranges of UAV multispectral sensor for 
covering the CPC and CNC sensitive spectral region (Section 3.1). Sec
ondly, we verified the consistency between CPSM-based spectral data 
and the field-based spectra in reflectance and vegetation spectral char
acteristics, and further used the FOD-based spectra and its spectral in
dexes to discriminate the spectral features sensitive to CNC and CPC for 
constructing the retrieval dataset (Section 3.2); Besides, we proposed a 
new hybrid retrieval strategy to estimate the CNC and CPC of seven 
vegetation species in karst wetland (Section 3.3). Finally, we combined 
CPSM with the hybrid retrieval strategy to estimate CNC and CPC of 
mangrove species for verifying the robustness of our methods when it 
transferred to other wetland types. The workflow is illustrated in Fig. 2.

3.1. Constrained PROSAIL-PRO spectra matching approach

In this paper, a novel constrained PROSAIL-PRO spectra matching 
(CPSM) approach (Fig. S2 in Supplementary Materials 1) was developed 
by combining physiological trait parameters and PROSAIL-PRO to 
extend UAV's original multispectral reflectance to 400 ~ 2500 nm. The 
reflectance of each pixel of vegetation species in P4M multispectral 
images was used to invert to obtain the optimal solution range in the 
look-up table (LUT), including the simulated 400 ~ 2500 nm spectral 
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data, and the biophysical and biochemical parameters. Then, the LUT of 
the optimal solution range was used to obtain the matched spectrum 
with the field-based LAI, Cw, and Cab as the constrained conditions 
(Equation (1)). The LUT was obtained by PROSAIL-PRO forward simu
lation. The specific process of CPSM is shown in steps (1) ~ (4) below. 

S= f
(
LUT;BBlue;BGreen;BRed;BRededge;BNir;Cab;Cw; LAI

)
(1) 

where S is the results of spectra matching; LUT is the look-up table of 
each vegetation species using PROSAIL-PRO forward simulation; BBlue, 
BGreen, BRed, BRededge, and BNir are the original blue, green, red, red edge 

Fig. 1. Overview of the study area and the photos of typical vegetation species. (A) is the Huixian Karst Wetland of International Importance (HKWI) and its study 
areas and the background is true-color image from Jinlin-1 satellite; (B) is the true-color UAV image of study area of karst wetland; (C) and (D) are the Jinhaiwan 
Mangrove Natural Reserve (JMNR) and the Dangjiang Mangrove Natural Reserve (DMNR) areas, respectively, and the background is false-color image (R: NIR; G: 
Red; B: Green) from UAV multispectral sensor.
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and near infrared bands of P4M UAV multispectral images, respectively; 
and Cab, Cw, and LAI are the field-based chlorophyll content, equivalent 
water thickness, and leaf area index, respectively. 

(1) Generating the LUT of each vegetation species. We combined 
PROSPECT-PRO (the latest version) with 4 SAIL to create the LUT 
of each species, which contained 14,000 simulated spectra from 
400 nm to 2500 nm and corresponding biophysical and 
biochemical parameters. Seven parameter ranges of the 
PROSPECT-PRO and 4 SAIL models for each species were set 
according to the measured data (Table S2 in Supplementary 
Materials 1), and the settings and calculations (Equations (2) and 
(3)) of other parameters were referred to the studies of Yeoh and 
Wee [37], Candiani et al. [38], Raya-Sereno et al. [39]. The 
PROSAIL-PRO model parameters of all vegetation species are 
shown in Table S3 of Supplementary Materials 1. The CNC and 
CPC could be obtained by multiplying the protein and phos
phorus contents by LAI, respectively (Equation (4)).

protein=
TN(g=kg)=1000

LA=Wd
× 4:43 (2) 

Cab= 8:24× e0:0324×LCC (3) 

CNC= protein× LAI;CPC = TP× LAI (4) 

where protein, TN(g/kg), Cab, and TP are the leaf protein content, total 
nitrogen content, chlorophyll content, and total phosphorus content, 
respectively; LAI is the leaf area index; and Wd and LA are the leaf dry 
weight and leaf area, respectively. LCC is the leaf chlorophyll content 
measured using SPAD-502 Plus. 

(2) Simulating UAV multispectral data. The spectral data were 
selected from the LUT of each species according to the bandwidth 
range of five P4M multispectral bands. The average values of the 
spectral data were calculated as the simulated spectral reflec
tance data (LUT_P4M) of P4M UAV sensor (Equation (5)) on the 
basis of its center wavelengths of five multispectral bands (Blue: 
450 nm; Green: 560 nm; Red: 650 nm; Red edge: 730 nm; NIR: 
840 nm).

Fig. 2. The technical flow of this study.
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Bc=

∑c+b

a=c− b
Ba

2b
; si =(B450 ⋯ Bc ); LUT P4M=

⎛

⎝
s1
⋮
sn

⎞

⎠ (5) 

where, Bc is the simulated reflectance of P4M, Ba is the simulated 
reflectance at wavelength a, c is the central wavelength (c = 450, 560, 
650, 730, 840), b is half of the bandwidth at c band, and si is the ith 
simulated spectrum of P4M (i = 1, 2, …, n). 

(3) Matching simulated and original spectral reflectance of UAV 
sensor. The RMSEP4M between LUT_P4M's spectral reflectance 
and the original P4M spectral reflectance was calculated ac
cording to Equation (6). LUT_P4M and the LUT were sorted based 
on RMSE in ascending order to retain their consistent indexes. 
The optimal solution dataset of canopy reflectance, LUT20 % 
(Equation (8)), was extracted from LUT according to the RMSE's 
indexes of the first 20 % of LUT_P4M spectral data (Equation (7)).

RMSEP4M =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Asi

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

Asi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(su − si)2

n

√
√
√
√
√

⎫
⎪⎪⎪⎬

⎪⎪⎪⎭

;Asi < Asi+1 (6) 

LUT P4M20%=f (t;LUT P4M)=

⎛

⎝
s(1;1) … s(1;h)

⋮ ⋱ ⋮
s(t;1) ⋯ s(t;h)

⎞

⎠;t={t∈Z|0<t<(n×20%)}

(7) 

where RMSEP4M is the root mean square error between the simulated 
P4M spectra reflectance and P4M reflectance; LUTs20 % is the top 20 % of 
LUT data; Asi is the root mean square error between the ith simulated 
P4M spectrum and the reflectance spectrum of P4M; su is the P4M 
reflectance spectrum of the uth sample; t is the index of the simulated 
P4M spectrum sorted according to RMSE.; h is the number of bands of 
P4M (h = 1,2, …, 5); T and S are the simulated vegetation physiological 
traits and simulated spectra for spectral matching, respectively. v = 1, 2, 
3 are the LAI, Cw, and Cab used as constraints for spectral matching, 
respectively. 

(4) Obtaining the matched spectra based on vegetation param
eter constraints. We calculated the relative error (RE) between 
the measured LAI, Cw, Cab and the simulated LAI, Cw, Cab within 
LUT20 %, respectively. Since the complexity of the canopy struc
ture greatly affects the relationship between canopy reflectance 
and vegetation physiological traits [40], the RE between the 
measured LAI and the simulated LAI was limited to less than 10 
%. Then, the cumulative relative error (CRE) was obtained by 
adding the RE of LAI, the RE of Cw, and the RE of Cab. Finally, the 
canopy reflectance spectral curve with the smallest CRE (Equa
tion (9)) was selected in LUT20 % as the result of matched spec
trum of every UAV imagery pixel (Equation (10)).

CREx=

⎛

⎝
E1
⋮
Et

⎞

⎠;Et=RELAIt+RECwt+RECabt=
∑v

m=1

|Tm − Ym|
Ym

;x=1;2;⋯;u;RELAIt

<10%
(9) 

P=

⎛

⎝
P1
⋮
Pu

⎞

⎠=min(CREx); S= f (LUT20%;P)=

⎛

⎝
S(1;400) … S(1;j)

⋮ ⋱ ⋮
S(u;400) ⋯ S(u;j)

⎞

⎠ (10) 

where CREx is the set of cumulative relative errors of the xth sample 
point; Et is the cumulative relative error of the reflectance of the tth 
simulated spectrum; RELAIt ;RECwt ;RECabt are the relative errors between 
the tth simulated LAI and the uth measured LAI, between the tth simu
lated Cw and the uth measured Cw, and between the tth simulated Cab 
and the uth measured Cab, respectively; Tm and Ym are the simulated and 
measured vegetation physiological traits (LAI, Cw, Cab), respectively; P 
is the index of the final matched spectrum data; S is the result of matched 
spectrum; and Suj is the canopy spectral reflectance of the uth sample at j 
band.

3.2. Spectral characteristic extraction and retrieval scheme construction

In this study, we extracted the position and width of the red edge, the 
position of the blue edge and the yellow edge, the chlorophyll absorp
tion valley, and the water absorption valley from the CPSM's spectra and 
the measured field-based spectral data, respectively, and to verify their 
consistency. Meanwhile, the correlation coefficient was used to extract 
the sensitive spectral subdomain from the CPSM's spectra. Furthermore, 
we used the fractional order derivative (FOD) derived by Grumwald- 
Letnikov and spectral indexes (SIs) to mine the spectral features sensi
tive to CNC and CPC. The extraction method of spectral characteristics 
and the specific formula of FOD are shown in Supplementary Materials 
2.

We constructed four estimation schemes (Table S5 in Supplementary 
Materials 1) with spectral variables, including the original UAV spectral 
bands, 14 spectral indexes (Table S4 in Supplementary Materials 1), and 
FOD-based spectra. The difference spectral index (DSI), the ratio spec
tral index (RSI), the normalized difference spectral index (NDSI), and 
the nonlinear spectral Index (NLI) were calculated using the FOD-based 
spectra with the greatest correlation with CNC and CPC. The Pearson's 
correlation coefficient and the Recursive Feature Elimination (RFE) al
gorithm were used to perform feature optimization and multi
collinearity elimination for each feature type.

3.3. Construction of retrieval models using novel hybrid retrieval strategy

Because the PROSAIL-PRO model considers a large number of bio
physical and biochemical properties of vegetation in the leaf and canopy 
structure, combining the PROSAIL-PRO model with ML/DL algorithms 
provides great potential in the field of estimating vegetation physio
logical traits. Therefore, this study combined the PROSAIL-PRO model 
with partial least squares regression (PLSR) and adaptive ensemble 
learning regression (AELR) algorithms to develop a novel hybrid 
retrieval strategy (Fig. S3 in Supplementary Materials 1) to estimate 
CNC and CPC. The ensemble strategy of AELR and its main process are 
shown in Section 4 of Supplementary Materials 2.

The AELR model was constructed using five base models. The weight 
coefficients (Table S1 in Supplementary Materials 2) of each base model 
were automatically assigned based on CRE, derived from their training 
results. These base models included XGBoost (XGB), GradientBoost 
(GB), Random Forest (RF), Decision Tree (DT), and CatBoost (CB). 
Through comparison with traditional hybrid retrieval strategies [30], it 

LUT20%= f (t;LUT)= (T; S)=

⎛

⎝
T(1;1) ⋯ T(1;v) S(1;400) ⋯ S(1;j)

⋮ ⋱ ⋮ ⋮ ⋱ ⋮
T(t;1) ⋯ T(t;v) S(t;400) ⋯ S(t;j)

⎞

⎠; j= 400; 401;⋯; 2500 (8) 
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can be seen that our hybrid retrieval strategy can take the canopy 
spectral reflectance of 400 ~ 2500 nm generated by CPSM and its 
derived spectral features as independent variables, and the measured 
CNC (and CPC) as dependent variable to construct estimation models. 
However, the independent variable of the traditional hybrid retrieval 
strategy is only the simulated spectral data of inherent bands of the 
multispectral sensor, and the dependent variable is the simulated bio
physical or biochemical parameters. The specific process of the new 
hybrid retrieval strategy is as follows: (1) CPSM is used to obtain 400 ~ 
2500 nm matched spectra data; (2) the original spectral dataset was 
created by combining the measured CNC and CPC data with their 
one-to-one corresponding matched spectra data; (3) the original spectral 
dataset was used to construct four estimation schemes; (4) the correla
tion coefficient and the RFE algorithm were used to perform feature 
selection from each estimation schemes to obtain its final dataset for 
estimating CNC and CPC. 70 % of the data in the final dataset were used 
for retrieval model training and 30 % were used for accuracy validation. 
The concrete paradigms of the traditional hybrid retrieval strategy and 
our hybrid retrieval strategy are shown in Equations (11) and (12), 
respectively. 

where xsimulation and ysimulation are the simulated spectral reflectance and 
biophysical (or biochemical) parameters obtained from PROSAIL-PRO, 
respectively; PLSR and AELR are the partial least squares regression 
and adaptive ensemble learning regression algorithms; Rrs is the 
reflectance of the original multispectral images; ymeasured is the measured 
CNC or CPC; Sn×m represents results of spectra matching; n and m are the 
number of field samples and spectral bands, respectively.

3.4. Evaluation metric

The parameter constraint accuracy of CPSM, the consistency be
tween the CPSM's spectral reflectance and UAV spectral reflectance, the 
consistency of spectral morphology and characteristics between the 
CPSM's spectra and measured leaves spectra were quantitatively eval
uated using the coefficient of determination (R2), mean relative error 
(MRE), root mean square error (RMSE), relative error (RE), and cumu
lative relative error (CRE). Furthermore, we use R2, MRE and RMSE to 
evaluate the performance of CNC and CPC estimation in multiple wet
lands, including evaluating the accuracy differences before and after 
spectra matching, between our retrieval strategy and traditional strat
egy, and between different algorithms. In addition, RE and CRE were 
used to assist in spectra matching and determine the weight of base 
models in the AELR algorithm. The evaluation metrics used in this study 
are shown in Supplementary Materials 2.

4. Results

4.1. Consistency verification and spectral sensitivity analysis of 
physiological traits

4.1.1. Consistency verification of spectral reflectance
We verified the precision of CPSM-based spectral matching results 

through spectral reflectance's consistency and constraint accuracies of 
physiological traits (LAI, Cab, and Cw). The CPSM-based spectral 
reflectance of karst wetland vegetation and mangroves matched well 
with the UAV multispectral spectral reflectance (Fig. 3e) and had a good 
consistency (Fig. 3a) with the R2 reaching 0.82 and 0.86, RMSE reaching 
0.1091 and 0.0729, respectively. The RE and CRE (between field-based 
vegetation parameters and simulated vegetation parameters) of the 
spectral matching results for most of sample pixels were below 5 % and 
10 %, respectively (Fig. 3f, g, h). Only 8 % of the pixel spectral matching 
results had CRE above 10 %. All of these results confirm that the CPSM- 
based spectral matching results can provide reliable spectral data for 
estimating CNC and CPC.

4.1.2. Consistency verification of vegetation spectral characteristics
We computed the first-order derivative of the measured spectral data 

from 350 to 2500 nm using the ASD FieldSpec 4 Hi-Res Spectroradi
ometer (Analytic Spectra Devices, Inc.) and then validated the consis
tency of ten key vegetation spectral characteristics (the positions of the 
red edge, blue edge, and yellow edge, as well as red edge width, chlo
rophyll absorption valley, and water absorption valley) between the 
CPSM spectra and the measured spectra (Fig. 3i, j, k). Our analysis 
revealed that most of the vegetation spectral features in the CPSM 
spectrum of each species closely matched those of the measured leaf 
spectra (Fig. 3i), and the CPSM spectra showed strong agreement with 
the measured spectra (R2 = 0.99, MRE = 4.58 %) (Fig. 3j). Furthermore, 
the T-test result indicated there was not significant difference between 
the measured and CPSM spectral characteristics of nine vegetation 
species (P-values>0.05) (Fig. 3k). These results collectively confirm that 
the CPSM spectra align well with the measured spectra in terms of both 
spectral shape and vegetation spectral features.

4.1.3. Spectral sensitivity analysis of vegetation physiological traits
We used the improved Sobol's sensitivity index [41] to explore the 

spectral characteristics of physiological traits of the species in karst 
wetlands and mangrove wetlands (Fig. 4 and Table S6 in Supplemental 
Materials 1). We found that LAI was most sensitive to the canopy 
reflectance of all species at 400 ~ 2500 nm, with average contribution of 
22.81 % ~ 69.44 % (Table S6 in Supplemental Materials 1), and it 
significantly affected the canopy reflectance at 400 ~ 684 nm (Fig. 4h). 

PROSAIL →
Outputxsimulation; ysimualtion →

Input

Train
PLSR

/

AELR ⇄
Output

Input

prediction ←
Validation ymeasured

Rrs
(11) 

PROSAIL →
Outputxsimulation; ysimualtion ⇄

Output

CPSM

Sn×m
Rrs;LAI;Cw;Cab

→
Combine

Split
S70%(n×m);Rrs; ymeasured70%n×1 →

Train

S30%(n×m);Rrs; ymeasured30%n×1 ←
Validation

PLSR

/

AELR (12) 
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Cab, Car and Ant are sensitive to canopy reflectance only at visible light 
(400 ~ 760 nm) (Fig. 4b, c, d), but their sensitivity to canopy reflectance 
was very weak (<1 %) after 768 nm, 552 nm and 614 nm. Furthermore, 
Protein was least sensitive to the canopy reflectance of each species, and 
only response to the reflectance of 1433 ~ 2500 nm (Fig. 4f), with an 
average contribution of 0.003 % ~ 0.20 %. This might be the reason why 
the retrieval accuracy of CNC using only UAV multispectral images is 
always relatively low, i.e., the response spectral range between canopy 
reflectance and Protein content did not fall into the band range of UAV 
multispectral images (434 ~ 866 nm). In addition, the vegetation 
reflectance was dominated by Cw after approximately 1300 nm, with 
sensitivity of 0.42 % ~ 6.41 %. Although the response trends of bio
physical and biochemical parameters to the canopy reflectance of 
different species were almost same, the response degree were signifi
cantly different, which might result in differences in the sensitivity 
spectrum of CNC and CPC for each vegetation species. Therefore, we 
selected the three physiological traits (Cab, Cw, and LAI) with the 
greatest influence in the visible, near-infrared, and short-wave infrared 
ranges as the constraints condition for spectral matching.

4.2. Sensitive spectra and optimal retrieval features of CNC and CPC

4.2.1. Sensitive spectral subdomains of CNC and CPC
We plotted the correlation between spectral features and dependent 

variables of each species (Fig. 5). The highest correlation between the 
original bands of UAV images and CNC, CPC reached − 0.56 and 0.52, 
respectively. We found that there were significant differences in sensi
tive bands of UAV images among different species, and even some cor
relations were extremely low, such as CCN's and AC's CNC, BB's and AM's 
CPC. Compared with the original bands of UAV images, we confirmed 
that the sensitive spectral subdomains of CNC and CPC among most of 
the species were covered by the CPSM-based spectra matching data, and 
their correlation was significantly improved by 0.11 ~ 0.41 and 0.14 ~ 
0.64, respectively. It is worth noting that most of the canopy spectral 
bands were negatively correlated with CNC and CPC of each species, and 
their sensitive spectral subdomains are mainly in the range of 1380 ~ 
2400 nm, and were rarely concentrated in the visible bands (540 ~ 730 
nm). This result was consistent with the response ranges of protein 
content, CNC, and CPC to canopy spectral reflectance (Figs. 4 and 5). 

Fig. 3. Accuracy validation of spectra matching results. (a) Is the consistency of spectral reflectance between spectral reflectance of CPSM and the UAV spectral 
reflectance. (b) ~ (d) are the accuracies of constrained parameters during spectra matching. (e) are the matching results of the spectral reflectance of UAV images 
with the CPSM's reflectance. (f) ~ (h) are the relative errors between measured vegetation parameters and simulated parameters; (i) ~ (k) are the verification of 
spectral characteristic similarity between the CPSM spectra and the measured leaf spectra; R, B, and Y represent the position of red edge, blue edge and yellow edge, 
respectively; RE is the red edge width; C1 and C2 are the chlorophyll absorbing valley 1 and 2, respectively; W1, W2, W3, and W4 are the water-absorbing valley 1, 2, 
3, and 4, respectively.
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Besides, the correlation between the matched spectra obtained by CPSM 
and CNC of ES and TS, as well as the correlation between the matched 
spectra and CPC of BB and TS, reached over 0.8 and 0.7, respectively. 
The above results have confirmed that the CPSM has great potential to 
obtain the spectral features of estimating vegetation physiological trait 
parameters in both karst wetland and mangroves.

Through combination of the correlation heat map (Fig. 5) and the 
spectral characteristics (Fig. 3i) of the whole species, we found that a 
few spectral subdomains were sensitive to CNC and CPC near the posi
tion of red edge (701 ~ 725 nm) and most of sensitive subdomains were 
distributed near the water absorption valley (1170 nm, 1450 nm, and 
1940 nm). Meanwhile, this study also found that the sensitivity of 
spectral reflectance to CNC and CPC would change with the spectral 
characteristics of species: compared with other species, water absorp
tion valley 2 of ES shifted towards longer wavelengths by 26 ~34 nm, 

resulting in a shift of the sensitive spectral subdomains of CNC and CPC 
towards shorter wavelengths. The appearance of sensitive spectral in
formation in visible light bands and near the water absorption valley 
was due to the presence of proteins in photosynthetic pigments and the 
dry matter content, respectively. Above results indicated that the anal
ysis of the spectral characteristics for species was the basis for under
standing the spectral sensitivity of CNC and CPC.

We summarized the sensitive spectral subdomain (Table 1) of each 
species extracted from CPSM data and their corresponding spectral 
bands of UAV images based on the correlation thresholds. We found that 
only a few of the bands (less than three) in the sensitive spectral sub
domains covered the bandwidth of UAV multispectral images, which 
indicated that it is possible to estimate CNC and CPC of some vegetation 
species using only UAV multispectral images (Table 2). For example, the 
sensitive spectral subdomains of CPC of SR distributed in 401 ~ 490 nm, 

Fig. 4. Global sensitivity of biophysical and biochemical parameters of vegetation species to canopy spectral reflectance at 400 ~ 2500 nm. N: leaf structure pa
rameters; Cab: leaf chlorophyll content; Car: carotenoids; Ant: anthocyanin; Cw: equivalent water thickness; CBC: carbon-based constituents; LAI: leaf area index; 
ALA: Average leaf angle.
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and 658 ~ 687 nm, which fell into the blue and red bands of the UAV 
multispectral images, respectively. However, UAV multispectral images 
cannot estimate the CNC and CPC of all species. For example, the sen
sitive spectral subdomains of CPC for BB were not covered by UAV 
multispectral images.

4.2.2. Optimal spectral features of CNC and CPC for each species
We used the fractional order derivative (FOD) method and spectral 

indexes to mine the derivative features with the higher correlation with 
CNC and CPC from the CPSM-based spectral data and extracted their 
optimal spectral index features for each species (Fig. 6 and Table S9 in 
Supplemental Materials 1). It was obviously visible from Fig. 6j, k, l that 
the absolute correlation coefficients (|r|) between CNC/CPC and FOD 
spectral features and spectral indexes (SIs) were both significantly 
higher than the original CPSM-based spectrum, and the correlation co
efficient increased by 0.04 ~ 0.28 and 0.06 ~ 0.37, respectively. The 
increased correlations indicate that the FOD method could extract sen
sitive spectral features from the CPSM-based spectral data, and thus 
improve estimation accuracy of CNC and CPC. The absolute correlation 
coefficients of SIs were 0.15 higher than FOD spectral features. In 
addition, we found that only some the optimal FOD features fell into the 
sensitive subdomains of CNC and CPC (Fig. 6a ~ i), and that the 

sensitive spectral subdomains become more discrete with the increase of 
the order of FOD spectrum, and their correlation would gradually 
improve. Although the spectral bands with the highest correlation with 
CNC and CPC were quite different, the FOD spectral bands with the 
highest sensitivity were almost all obtained in the derivative trans
formation of order 1.0 to 2.0 (Tables S10, S11 and S12 in Supplemental 
Materials 1).

The FOD features, which were finally inputted into the estimated 
model of CNC and CPC for each species, were located near the position 
of the red edge and water absorption valley (Table S7 in Supplemental 
Materials 1 and Fig. 6a ~ i), demonstrating that the sensitive spectra of 
CNC and CPC obscured by the water content and pigments could be 
extracted by FOD method, which confirmed the feasibility of CPSM in 
identifying the sensitive bands of CNC and CPC in different species. 
Although the spectral indexes calculated using the discrete FOD-based 
sensitive spectral bands were highly sensitive in estimating CNC and 
CPC of each species, we found that the low-correlation spectral bands 
through calculating spectral indexes could also provide spectral features 
sensitive to CNC and CPC (Table S9 in Supplemental Materials 1). 
Therefore, the spectral bands with low correlation should not be dis
carded when calculating the spectral indexes.

Fig. 5. Pearson's correlation (r) between spectral features and dependent variables (CNC and CPC). (a) and (c) are the correlation between the original bands of P4M 
UAV multispectral images and CNC, CPC, respectively. (b) and (d) are the correlation between 401 ~ 2400 nm spectrum data obtained from CPSM and CNC, CPC, 
respectively.
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Table 1 
Summary of UAV optimal features and sensitive spectral subdomain (SSS) of CNC and CPC. |r| is the absolute correlation coefficient.

Traits Vegetation 
species

CPSM-based SSS 
(nm)

Original UAV bands ⊆ SSS and its derived features The number of optimal derived 
features ⊆ SSS

Original bands 
(nm)

Optimal derived features

CNC ES 574 ~ 655 
688 ~ 723 
1154 ~ 1883 
2068 ~ 2299 (|r|
> 0.78)

Red edge (714 ~ 
723)

RDSI(5,1,4,1), RDSI(5,2,5,4), RDSI(5,4,3,1), RDSI(5,4,2,1), RDSI(4,3,2,1), 
NLI(5,1,1,3) NLI(5,3,4,2)

6

CCN 401 ~ 506 
585~ 694 
1147 ~ 1265 
1283 ~ 1441 
1463 ~ 1670 
1792 ~ 1873 (|r|
> 0.3)

Blue (434 ~ 466) 
Red (634 ~ 666)

DSI(3,2), FRSI-2(3,2,5,4), INDSI(5,1,4,3), INDSI(5,2,4,3), INDSI(5,3,4,1), 
INDSI(5,4,4,3), NLI(2,4,5,3)

7

CBN 1144 ~ 1381 
1633 ~ 1662 (|r|
> 0.6)

None FRSI-2(5,2,5,1), FRSI-2(5,3,5,1), 
TRSI-1(3,2,1), NLI(2,4,4,5), NLI(3,1,1,4), NLI(3,1,5,5), NLI(3,5,1,2), NLI(3,5,5,5), 
NLI(5,3,5,2), NLI(5,5,1,1),

0

CDP 401 ~ 460 
666 ~ 684 
1416 ~ 1492 
1870 ~ 2400 (|r|
> 0.4)

Blue (434 ~ 460) FRSI-2(5,1,2,1), FRSI-2(2,1,5,2), INDSI(4,3,2,1), RDSI(2,1,5,3) 4

SR 401 ~ 453 
660 ~ 687 
1307 ~ 1399 
1501 ~ 1872 
1892 ~ 1998 (|r|
> 0.42)

Blue (434 ~ 453) 
Red (660 ~ 666)

FRSI-2(3,2,3,1), INDSI(2,1,2,1), RDSI(2,1,2,1), NLI(1,2,2,1), 
NLI(2,1,4,2), NLI(3,1,1,2), NLI(4,3,4,2), NLI(4,3,5,2), NLI(5,1,1,2),

9

BB 492 ~ 518 
549 ~ 603 
1465 ~ 1570 
1776 ~ 1877 
2042 ~ 2400 (|r|
> 0.65)

Green (549 ~ 
576)

RDSI(4,1,5,1), NLI(1,5,5,3), 
NLI(2,5,5,2), NLI(3,1,4,3), 
NLI(3,5,4,3), NLI(4,2,3,3), 
NLI(5,5,4,1),

2

TS 401 ~ 511 
565 ~ 713 
1378 ~ 2400 (|r|
> 0.8)

Blue (434 ~ 466) 
Green (565 ~ 
576) 
Red (634 ~ 666)

Blue, TRSI-1(4,2,3), TRSI-1(4,3,2), TRSI-1(4,3,4), FRSI-1(5,2,5,1), 
FRSI-1(5,2,5,4), FRSI-1(3,2,3,1), INDSI(5,2,4,3), 
INDSI(5,4,2,1), RDSI(4,1,5,1), RDSI(2,1,5,4), NLI(1,4,2,4), NLI(2,1,2,3),

12

AM 401 ~ 449 
1883~ 2092 
2300 ~ 2400 (|r|
> 0.55)

Blue (434 ~ 449) RDSI(5,4,3,1), RDSI(5,4,3,2), RDSI(5,4,2,1), NLI(5,3,3,3) 2

AC 401 ~ 429 
1429 ~ 1469 
1876 ~ 2197 
2226 ~ 2400 (|r|
> 0.55)

None NLI(1,3,2,3), NLI(2,3,1,3), NLI(2,3,2,3), 0

CPC ES 574 ~ 664 
685~ 733 
1146 ~ 1883 
2063 ~ 2339 (|r|
> 0.54)

Green (574 ~ 
576) 
Red (634 ~ 666) 
Red edge (714 ~ 
733)

Green, DSI(2,1), RDSI(5,2,3,2), RDSI(5,2,2,1), RDSI(4,3,5,1), RDSI(3,2,2,1), 
RDSI(2,1,2,1) 

NLI(2,1,1,4)

7

CCN 401 ~ 512 
553 ~ 710 
1174 ~ 2400 (|r|
> 0.50)

Blue (434 ~ 466) 
Green (553 ~ 
576) 
Red (634 ~ 666)

Green, RDSI(4,2,3,1), RDSI(3,1,3,2), NLI(1,2,1,2) 4

CBN 401 ~ 451 
1898 ~1970 
2244 ~ 2373 (|r|
> 0.3)

Blue (434 ~ 451) TRSI-2(3,2,4), FRSI-2(3,1,4,2), 
FRSI-1(4,3,4,1), RDSI(3,2,3,2), 
NLI(2,2,4,5), NLI(5,5,4,1)

2

CDP 401 ~ 543 
665 ~ 684 
1883 ~ 2173 
2245 ~ 2400 (|r|
> 0.5)

Blue (434 ~ 466) 
Red (634 ~ 666)

FRSI-2(5,1,2,1), FRSI-2(5,4,2,1), NLI(4,3,3,5), NLI(4,3,5,3) 4

SR 401 ~ 490 
658 ~ 687 
1321 ~ 1384 
1541 ~ 1853 
1892 ~ 1899 
1921 ~ 1995 (|r|
> 0.5)

Blue (434 ~ 466) 
Red (658 ~ 666)

TRSI-2(5,4,1), TRSI-1(5,4,1), 
FRSI-1(5,3,4,1), NLI(2,4,5,4), 
NLI(3,1,5,2), NLI(5,2,3,3), NLI(5,4,5,3), NLI(5,5,1,1),

7

BB 1476 ~ 1573 
1780 ~ 1872 

None TRSI-2(2,1,5), FRSI-2(5,4,3,2), 
FRSI-2(4,2,5,4), INDSI(5,2,5,2), INDSI(5,4,4,2), RDSI(4,2,5,2), NLI(5,5,4,1)

0

(continued on next page)
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4.3. Evaluating performance of CNC and CPC based on new hybrid 
retrieval strategy

4.3.1. Our hybrid retrieval strategy VS traditional hybrid retrieval strategy
We evaluated the retrieval performance of our hybrid retrieval 

strategy in estimating CNC of all vegetation species by comparing its 
estimated results with the traditional hybrid retrieval strategy (Fig. 7). 
We found that the estimated accuracy of CNC based on scheme 4 
(traditional hybrid retrieval strategy) was significantly lower than that 
based on scheme 2 (P4M + FOD) and scheme 3 (P4M + FOD + Indexes). 

Table 1 (continued )

Traits Vegetation 
species 

CPSM-based SSS 
(nm) 

Original UAV bands ⊆ SSS and its derived features The number of optimal derived 
features ⊆ SSS

Original bands 
(nm) 

Optimal derived features

2046 ~ 2400 (|r|
> 0.70)

TS 612 ~ 662 
686 ~ 697 
774 ~ 918 (|r| >
0.7)

Red (634 ~ 662) 
NIR (814 ~ 866)

TRSI-1(5,2,4), INDSI(5,2,4,1), NLI(1,5,4,1), NLI(4,5,3,4) NLI(4,5,4,2), NLI(4,5,4,5), 
NLI(5,5,4,1), NLI(5,5,4,2), NLI(5,5,4,4),

9

AM 401 ~ 439 
1413 ~ 1496 
1871 ~ 2400 (|r|
> 0.55)

Blue (434 ~ 439) NLI(1,3,2,1), NLI(2,3,1,1), NLI(2,3,2,1) 3

AC 401 ~ 431 
1405 ~ 1522 
1665 ~ 1669 
1675 ~ 1812 
1855 ~ 2400 (|r|
> 0.55)

None NLI(1,2,2,3), NLI(2,2,2,3), NLI(2,2,3,3), NLI(3,2,2,3), NLI(3,2,3,3), 0

Table 2 
Summary of the estimated results of CNC and CPC for seven vegetation species under different schemes.

Vegetation species Algorithms Metrics CNC CPC

Non-CPSM CPSM Non-CPSM CPSM

Scheme 1 Scheme 2 Scheme 3 Scheme 1 Scheme 2 Scheme 3

ES PLSR R2 0.02 0.88 0.90 0.09 0.09 0.86
RMSE 0.000640 0.000211 0.000179 1.21 1.21 0.47
MRE 44.29 % 19.53 % 15.06 % 29.12 % 29.12 % 17.62 %

AELR R2 0.12 0.91 0.94 0.70 0.87 0.91
RMSE 0.000534 0.000170 0.000151 0.90 0.57 0.38
MRE 40.10 % 15.88 % 13.07 % 19.64 % 12.92 % 12.63 %

CCN PLSR R2 0.51 0.67 0.70 0.01 0.34 0.69
RMSE 0.000305 0.000262 0.000237 0.56 0.48 0.33
MRE 26.56 % 24.91 % 18.17 % 39.81 % 34.10 % 27.65 %

AELR R2 0.50 0.80 0.76 0.02 0.86 0.91
RMSE 0.000314 0.000218 0.000212 0.63 0.25 0.21
MRE 26.39 % 17.32 % 15.96 % 34.11 % 17.78 % 17.27 %

CBN PLSR R2 0.71 0.73 0.73 0.04 0.04 0.46
RMSE 0.000242 0.000201 0.000204 1.83 1.83 1.26
MRE 19.17 % 14.00 % 14.12 % 41.57 % 41.57 % 28.85 %

AELR R2 0.77 0.77 0.83 0.02 0.63 0.72
RMSE 0.000205 0.000196 0.000184 1.74 1.02 0.90
MRE 14.45 % 13.54 % 11.24 % 31.44 % 26.25 % 15.83 %

CDP PLSR R2 0.21 0.45 0.49 0.24 0.50 0.70
RMSE 0.000440 0.000370 0.000347 2.09 1.65 1.49
MRE 22.53 % 22.83 % 17.52 % 37.91 % 31.02 % 26.66 %

AELR R2 0.54 0.60 0.71 0.64 0.74 0.77
RMSE 0.000331 0.000328 0.000281 1.46 1.22 1.18
MRE 21.18 % 18.35 % 17.53 % 23.92 % 20.22 % 19.14 %

SR PLSR R2 0.57 0.70 0.88 0.61 0.48 0.76
RMSE 0.000210 0.000199 0.000105 0.66 0.63 0.57
MRE 18.42 % 17.58 % 14.70 % 20.47 % 18.75 % 17.26 %

AELR R2 0.85 0.88 0.93 0.71 0.79 0.89
RMSE 0.000146 0.000093 0.000080 0.48 0.39 0.32
MRE 14.42 % 12.91 % 9.84 % 15.45 % 12.73 % 10.21 %

BB PLSR R2 0.10 0.80 0.88 0.07 0.20 0.77
RMSE 0.000535 0.000254 0.000226 1.49 1.48 0.72
MRE 52.89 % 21.62 % 18.47 % 50.20 % 35.00 % 18.17 %

AELR R2 0.20 0.93 0.96 0.33 0.83 0.98
RMSE 0.000512 0.000204 0.000137 1.17 0.61 0.36
MRE 43.87 % 13.67 % 11.02 % 30.93 % 13.61 % 5.91 %

TS PLSR R2 0.32 0.80 0.88 0.21 0.63 0.89
RMSE 0.000235 0.000164 0.000107 0.97 0.97 0.58
MRE 44.08 % 30.21 % 16.57 % 51.23 % 42.33 % 40.14 %

AELR R2 0.54 0.93 0.94 0.29 0.75 0.97
RMSE 0.000191 0.000079 0.000078 0.93 0.58 0.25
MRE 24.11 % 8.74 % 7.61 % 33.62 % 21.51 % 9.58 %
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Compared with scheme 4, the RMSE and MRE of scheme 2 and scheme 3 
decreased by 0.000200 ~ 0.000248 g/cm2 and 8.64 % ~ 20.24 %, 
respectively, demonstrating that our new hybrid retrieval strategy 
(scheme 2 and scheme 3) was significantly superior to the traditional 
hybrid retrieval strategy (scheme 4). In addition, we found that the 
estimated accuracy of CNC using only UAV multispectral images 
(scheme 1) was higher than that of the traditional hybrid retrieval 
strategy (scheme 4). This might be because the spectral data simulated 
by PROSAIL-PRO model had significant differences in the original P4M 
spectral data, resulting in the low generalization ability of retrieval 
model constructed by scheme 4. The above results indicate that our 
hybrid retrieval strategy has great advantages for estimating CNC of 
vegetation in karst wetland. These results also confirm that the new 
hybrid retrieval strategy proposed in this study is obviously superior to 
the traditional hybrid retrieval strategy.

4.3.2. Retrieving CNC and CPC of vegetation species using different 
schemes

It can be seen from Fig. 7 that the estimation model of CNC con
structed by all samples did not achieve satisfactory results. Therefore, 
we estimated the CNC and CPC of seven vegetation species in karst 
wetland and presented the estimation results and accuracy metrics 
(Table 2) under three schemes. We found that the estimated accuracy of 
CNC at the species scale was better than that of all vegetation, and the 
MRE decreased by 8.24 % ~ 18.68 %. Meanwhile, the hybrid model 
successfully achieved CPC estimation for the first time, and the R2 and 

MRE were distributed at 0.46 ~ 0.98 and 5.91 % ~ 40.14 %, respec
tively. In scheme 1 (only P4M multispectral data), the R2 and MRE of 
estimating CNC were concentrated at 0.02 ~ 0.85 and 14.42 % ~ 
52.89 %, respectively, where the estimation accuracy of SR was the 
highest (R2 = 0.85, RMSE = 0.000146 g/cm2, MRE = 14.42 %). 
Although the CNC of CBN and SR and the CPC of ES and SR both obtain 
satisfactory estimated accuracy in scheme 1 (R2 = 0.70 ~ 0.85, MRE =
14.42 % ~ 19.64 %), the estimated accuracies of CNC and CPC for other 
species were still low (R2 = 0.01 ~ 0.64, MRE = 21.18 % ~ 52.89 %), 
indicating that the estimation of CPC of all vegetation species in karst 
wetland cannot be realized by using only UAV multispectral images.

The estimated accuracies of CNC and CPC for the seven species in 
Scheme 2 (P4M + FOD) were almost all higher than those in scheme 1 
(P4M), with the MRE decreasing by 0.84 % ~ 31.27 % (Table 3). It is 
noteworthy that CNC and CPC obtained the highest estimation accuracy 
(R2 = 0.46 ~ 0.98, MRE = 5.91 % ~ 40.14 %) in scheme 3 (P4M + FOD 
+ Indexes), with MRE 0.29 % ~ 16.83 % lower than that in Scheme 2 
(P4M + FOD), which further confirmed the feasibility of combining 
CPSM with the new hybrid retrieval strategy to retrieve CNC and CPC of 
different species and indicated that the spectral indexes could provide 
effective spectral information that was different from FOD spectral 
features for further improving estimated accuracies of CNC and CPC. 
The above results confirm that combining CPSM with new hybrid 
retrieval strategy could achieve the high-precision retrieval of CNC and 
CPC for vegetation species and indirectly prove that accurate analysis of 
the spectral characteristics of species is the prerequisite for identifying 

Fig. 6. Response relationship between CNC, CPC and spectral features. (a)–(i) are sensitive spectral subdomains and optimal FOD features of vegetation species; (j) is 
the highest correlation between CNC, CPC and FOD spectrum, respectively, where the order = 0 represents the original spectrum. (k) and (l) are the highest cor
relation between spectral indexes and CNC, CPC, respectively.
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sensitive spectral features to achieve CNC and CPC estimation.
We found that the PLSR algorithm obtained the same accuracy when 

estimating the CNC and CPC of some vegetation species under Scheme 1 
(P4M) and scheme 2 (P4M + FOD), such as when estimating the CPC for 

Fig. 7. Comparison of retrieval results between new and traditional retrieval strategies. (a) and (b) were retrieval results using AELR, PLSR algorithms, respectively. 
(c) and (d) were MRE of retrieval results using AELR and PLSR algorithms, respectively; scheme 1 only included UAV multispectral image features. Scheme 2 and 
scheme 3 were used for new hybrid retrieval strategy; Scheme 4 was used by traditional hybrid retrieval strategy.

Table 3 
Estimated results of CNC and CPC by combining the PLSR, ML, and AELR algorithms with new hybrid retrieval strategy.

Vegetation species Algorithms CNC CPC

Scheme 2 Scheme 3 Scheme 2 Scheme 3

R2 MRE R2 MRE R2 MRE R2 MRE

ES PLSR 0.88 19.53 % 0.90 15.06 % 0.09 29.12 % 0.86 17.62 %
ML 0.89 20.89 % 0.96 11.68 % 0.78 12.96 % 0.88 16.05 %
AELR 0.91 15.88 % 0.94 13.07 % 0.87 12.92 % 0.91 12.63 %

CCN PLSR 0.67 24.91 % 0.70 18.17 % 0.34 34.10 % 0.69 27.65 %
ML 0.72 17.55 % 0.61 19.24 % 0.78 17.90 % 0.85 20.65 %
AELR 0.80 17.32 % 0.76 15.96 % 0.86 17.78 % 0.91 17.27 %

CBN PLSR 0.73 14.00 % 0.73 14.12 % 0.04 41.57 % 0.46 28.85 %
ML 0.73 13.70 % 0.80 14.04 % 0.48 28.52 % 0.62 22.15 %
AELR 0.77 13.54 % 0.83 11.24 % 0.63 26.25 % 0.72 15.83 %

CDP PLSR 0.45 22.83 % 0.49 17.52 % 0.50 31.02 % 0.70 26.66 %
ML 0.47 21.71 % 0.77 16.38 % 0.70 19.65 % 0.75 17.44 %
AELR 0.60 18.35 % 0.71 17.53 % 0.74 20.22 % 0.77 19.14 %

SR PLSR 0.70 17.58 % 0.88 14.70 % 0.48 18.75 % 0.76 17.26 %
ML 0.90 12.99 % 0.94 12.41 % 0.76 13.27 % 0.85 11.81 %
AELR 0.88 12.91 % 0.93 9.84 % 0.79 12.73 % 0.89 10.21 %

BB PLSR 0.80 21.62 % 0.88 18.47 % 0.20 35.00 % 0.77 18.17 %
ML 0.88 15.00 % 0.87 12.68 % 0.68 17.12 % 0.91 12.46 %
AELR 0.93 13.67 % 0.96 11.02 % 0.83 13.61 % 0.98 5.91 %

TS PLSR 0.80 30.21 % 0.88 16.57 % 0.63 42.33 % 0.89 40.14 %
ML 0.93 11.18 % 0.95 10.99 % 0.57 30.49 % 0.95 12.80 %
AELR 0.88 19.53 % 0.90 15.06 % 0.09 29.12 % 0.86 17.62 %
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ES and CBN (Table 2). In order to clarify the reason why the PLSR al
gorithm produced the same result after adding FOD spectral features, we 
separated scheme 2 and compared its performance in retrieving CPC of 
ES and CBN using only P4M or FOD spectral features (Fig. 8). It is worth 
noting that the estimated accuracies of CPC using only FOD spectral 
features were higher than when using only P4M features (Fig. 8a, d) and 
P4M + FOD features (Table 2), and its RMSE and MRE decreased by 
0.56 g/kg and 0.39 g/kg, 14.10 % and 10.32 %, respectively. On the one 
hand, it might be that the correlation between the original spectral 
features of P4M and CPC was too low (− 0.47 < r < 0.53), especially in 
CBN (− 0.29 < r < 0.27), which affected the performance of FOD fea
tures in the PLSR algorithm. On the other hand, the difference in cor
relation (between spectral features and CPC) between the training 
dataset and the validation dataset was too large, resulting in the high 
heterogeneity of spectral information (Fig. 8b, e). For example, some 
features were positively correlated with CPC in the training dataset but 
were negatively correlated with CPC in the validation dataset. The 
above results also illustrate that it is more important to pay attention to 
the effect of feature differentiation on the estimated accuracies when 
constructing the model.

4.3.3. Evaluating robustness and generalization of CNC and CPC models
A leave-one-out cross-validation (LOOCV) approach was employed 

to assess the robustness and generalization capacity of estimation 
models developed with limited sample sizes (Fig. 9). Two models 

exhibited notable predictive accuracy across small-sample datasets (R2 

= 0.60 ~ 0.95, MRE = 8 % ~ 24 %), indicating that even constrained 
environmental sampling can yield reliable CNC and CPC estimation 
frameworks. Besides, for each species, 75 % of the estimated CNC and 
CPC exhibited relative errors below 30 %, with only a minimal pro
portion exceeding 40 %, underscoring the methodological consistency of 
the small-sample models. These results validate the reliability and 
generalizability of the proposed models under data-limited conditions.

4.3.4. Retrieval performance of different algorithms
We summarized the estimated results of PLSR, ML, and AELR algo

rithms in scheme 2 and scheme 3 (Table 3). Detailed information about 
the accuracy evaluation of all ML algorithms’ estimation results is 
shown in Fig. S4 and Table S8 of Supplementary Materials 1. We found 
that the AELR algorithm proposed in this study almost obtained the 
highest accuracies for estimating CNC (R2 = 0.60 ~ 0.96, RMSE =
0.000078 ~ 0.000328 g/cm2, MRE = 7.61 % ~ 18.35 %) and CPC (R2 =

0.72 ~ 0.98, RMSE = 0.21 ~ 1.18 g/kg, MRE = 10.21 % ~ 19.94 %), 
and its MRE was 1.60 % ~ 30.56 % lower than PLSR and ML algorithms, 
indicating that AELR algorithm has a great advantages in estimating 
CNC and CPC of vegetation species. In general, in scheme 2 and scheme 
3, the estimation accuracies of CNC and CPC for the seven species based 
on ML algorithm were almost higher than those of using the PLSR al
gorithm, and the MRE decreased by 0.08 % ~ 27.34 %. However, ML 
algorithm was more prone to overfitting (Fig. S4h, p and the models 

Fig. 8. Comparison of CPC estimation results and the Pearson's correlation (between CPC and spectral variables) for ES and CBN under P4M and FOD scheme. (a) and 
(d) were the estimation results of CPC for ES and CBN under the P4M and FOD schemes, respectively. (b), (c), (e) and (f) are the Pearson's correlation between CPC 
and the spectral variables in the original, training and validation datasets under the P4M and FOD schemes.
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corresponding to the bold font in Table S8 of Supplementary Materials 
1).

In this study, we further evaluated the retrieval performance of ML 
algorithms in estimating CNC and CPC of the seven species based on 
scheme 3. The optimal ML algorithms for estimating CNC of ES, CCN, 
CBN, CDP, SR, BB, and TS were Decision Tree, CatBoost, GradientBoost, 

XGBoost, Decision Tree, GradientBoost, and Random Forest, respec
tively. Their MRE of CNC reduced by 0.25 % ~ 19.22 %. The Gra
dientBoost algorithm obtained the highest accuracies (R2 = 0.85 ~ 0.95, 
RMSE = 0.33 ~ 0.58 g/kg, MRE = 11.83 % ~ 12.80 %) for estimating 
CPC of SR, BB, and TS. The MRE of CPC estimation for CBN and CDP 
using the XGB algorithm was 5.21 % ~ 8.63 % lower than that of the 

Fig. 9. The robustness and generalization of the CNC and CPC estimated models. (a) (c), (e), (g) are the overall estimated accuracies of CNC and CPC using PLSR 
model and based models of AELR, respectively; (b), (d), (f), (h) are the relative errors of every sample of CNC and CPC, respectively.
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others ML algorithms. The MRE of CPC estimation of SR, BB, TS using 
the GradientBoost algorithm was at most 12.60 % lower than that of the 
others ML algorithms. In summary, the AELR algorithm outperformed 
the ML and PLSR algorithms in estimating CNC and CPC of the seven 
vegetation species in karst wetland.

4.4. Transfer performance of CPSM and hybrid retrieval strategy for 
estimating CNC and CPC of mangroves

We utilized CPSM and our hybrid strategy to estimate CNC and CPC 
of mangrove species to evaluate their performance for different wetland 
schemes (Fig. 10). The CNC and CPC of Aegiceras corniculatum (AC) and 
Avicennia marina (AM) have obtained high precision results (R2 = 0.77 ~ 
0.89, MRE = 9.65 % ~ 16.87 %), regardless of whether we used PLSR or 
AELR algorithms. These results proved that combining CPSM with 
hybrid retrieval strategy is feasible for CNC and CPC estimation of 
mangroves. We found that the AELR algorithm performed better than 
PLSR algorithm for estimating CNC and CPC, which was consistent with 
the conclusion in section 4.3.4, with a decreasing in MRE ranging from 
0.23 % to 4.43 %. The estimated CNC and CPC values of AC and AM 
were almost distributed in the error ellipse of the 95 % confidence in
terval, and they concentrated in the ranges of 0.000825 ~ 0.00502 g/ 
cm2 and 1.27 ~ 7.77 g/kg, respectively, which were consistent with the 
measured values (0.000642 ~ 0.00473 g/cm2 and 0.91 ~ 9.04 g/kg).

5. Discussion

5.1. Effectiveness of spectral sensitivity enhancement using FOD

The spectral response of nitrogen and phosphorus presents greater 
challenges compared to chlorophyll or water content due to their subtle 
absorption features, which may be obscured by overlapping spectral 
signatures from co-occurring biochemical constituents [42]. This study 
addresses this limitation by employing FOD analysis to isolate diag
nostically sensitive spectral regions for CNC and CPC in the visible light 
region dominated by pigments and the short-wave near infrared region 
dominated by water (Fig. 6 and Table S7 in Supplemental Materials 1), 
especially peak and valley, indicating that FOD method can eliminate 
the spectral overlapping caused by the existence of similar molecules or 
ions between chlorophyll and nitrogen. Meanwhile, our study proved 
that FOD-processed CPSM spectra and their derived vegetation indices 
exhibited significantly stronger correlations with CNC and CPC than the 
original spectral data (Fig. S5 in Supplemental Materials 1). These 
findings remained consistent across species-level analyses (Fig. 6i, k, l), 
aligning with recent evidence that FOD techniques amplify spectral 
sensitivity to vegetation biochemical traits [43]. Notably, FOD's capac
ity to normalize structural variability, such as interspecific differences in 
canopy architecture and bark-mediated photon scattering [44], proved 
critical for robust nutrient estimation. By emphasizing absorption 
feature morphology over absolute reflectance, FOD minimized con
founding effects from physical canopy properties. This methodological 
approach accounted for 79 % of observed CPC variability in validation 
trials (Fig. 8a). Furthermore, species-scale CNC and CPC prediction ac
curacies (Fig. 7 and Table 2) quantitatively confirmed FOD's efficacy in 
compensating for biophysical interference, thereby advancing the pre
cision of hyperspectral nutrient retrieval.

5.2. Spectral response to nitrogen and phosphorous

The optimal sensitive spectral features of CNC and CPC identified in 
this study predominantly localize to the short-wave near infrared region 
and a small part in the visible light region (Fig. 6 and Table S7 in Sup
plemental Materials 1). This distribution aligns with nitrogen's 
biochemical role in chlorophyll and protein synthesis, wherein photo
synthetic pigments primarily govern visible-light reflectance through 
their absorption properties [45]. Furthermore, prior research has 

established that about 12 minor absorption features of protein and ni
trogen caused by the N-H bond stretches have been identified [46], such 
as 1020 nm, 1510 nm, 1690 nm, 1940 nm, 1980 nm, 2180 nm, etc. This 
is consistent with our findings of the optimal spectral features of CNC in 
short-wave near infrared region. In contrast, phosphorus detection re
mains largely confined to empirical reflectance-correlation analyses 
[44], with limited mechanistic exploration of spectral responses 
compared to nitrogen, cellulose, or water. Previous studies have proved 
that the initial effect of phosphorous stress on crop was an increase in the 
number of smaller cells per unit of leaf area compared with a 
non-stressed plant (Jacob and Lawlor, 1991), which amplifies the 
near-infrared reflectance due to altered internal leaf scattering [47]. 
This mechanism likely explains the prominence of CPC-sensitive fea
tures at 800~1300 nm in our results (Fig. 6). Besides, phosphorus stress 
elevates anthocyanin synthesis [48], which exhibits strong absorption in 
green wavelengths (550 nm) and reflectance in blue/red regions [49], 
consistent with the CPC feature distribution near green reflectance peaks 
and red absorption troughs (Fig. 6e and f). While the physiological basis 
of photosynthetic pigment-reflectance relationships is well-studied, 
advancing the spectral interpretation of phosphorus, potassium, sulfur, 
and barium dynamics remains critical for robust biophysical trait 
modeling.

5.3. Advantage and limitation of our CPSM

The constrained PROSAIL-PRO spectra matching (CPSM) approach 
and the hybrid retrieval strategy were combined to achieve the estimation 
of vegetation CNC and CPC using multispectral images, which greatly 
reduces the high cost of purchasing hyperspectral sensors for monitoring 
vegetation health and provides a new idea for accurately monitoring other 
vegetation physiological trait parameters. The greatest advantage of 
CPSM is that it extends the UAV multispectral reflectance to 400 ~ 2500 
nm, and its continuous narrow bands amplifies the sensitive features of 
vegetation trait parameters. Meanwhile, CPSM utilizes other traits for 
constraints to perform an inversion of the observed reflectance, which 
project the observed multispectral images into the look-up table space and 
ensures a consistent response relationship between spectral reflectance 
and target trait. However, there are still some limitations. On the one 
hand, this method requires vegetation physiological trait parameters as 
prerequisites to match simulated spectral curves at 400 ~ 2500 nm. These 
constrained parameters (LAI, Cab, Cw, etc.) have been successfully esti
mated through multispectral images [50,51]. Currently, LAI products can 
be obtained quickly through airborne LiDAR sensors [52]. Furthermore, 
Fang et al. [53] also summarized the mainstream LAI remote sensing 
products. On the other hand, for ultra-high-spatial-resolution images, the 
mapping of the spatial distribution of vegetation physiological traits will 
spend a lot of time on the spectra matching. Therefore, this method may 
be more suitable for retrieving vegetation physiological traits using 
moderate-to-high-resolution multispectral satellite images such as 
Landsat-8/9 OLI, Sentinel-2 A/B, SPOT-5/6, ZiYuan-3, and so on.

5.4. Advantage and limitation of hybrid retrieval model

The radiative transfer model was essentially limited by the ill-posed 
inversion problem [54], that is, different input parameters might 
generate similar spectra, resulting in the estimated accuracy of vegeta
tion physiological traits parameters not meeting the requirements. 
Therefore, most current studies have coupled the radiative transfer 
model with machine learning (ML) or deep learning (DL) algorithms to 
form a hybrid model for estimating vegetation physiological traits. This 
hybrid model strategy takes advantage of simulated data with physical 
mechanisms generated from radiative transfer model and the 
data-driven ML or DL algorithms. It not only expands the training 
sample but also makes the model learn additional physical laws of the 
radiative transfer model from the simulated data. The primary distinc
tion between our hybrid framework and conventional approaches lies in 
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Fig. 10. Estimation results of mangrove CNC and CPC in scheme 3 using PLSR and ALER algorithms.
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the integration of simulated spectral data with trait measurements 
during model training. This synthesis enables simulated spectra to break 
through the limitation of the virtual scene, thereby facilitating the 
identification of complex nonlinear relationships between spectral sig
natures and in situ vegetation biochemical properties. For the traditional 
hybrid retrieval strategy, the spectral response function of different 
remote sensing sensors could achieve the project of the simulated 
spectrum. However, the consistency between the remote sensing sensor 
and the simulated reflectance data could not be guaranteed. Further
more, due to the actual complex growth environment, there are great 
differences between the measured vegetation physiological traits and 
the data simulated by the radiative transfer models under an ideal 
environment, resulting in the low generalization ability of hybrid model. 
Therefore, Gaussian noise was introduced during the simulation phase 
to emulate the variability in reflectance inherent to satellite imaging 
conditions, while concurrently enhancing the hybrid model's general
izability for functional trait parameter estimation [55]. Moreover, 
hybrid model efficacy depends on targeted optimization of radiative 
transfer model parameters governing target-specific sensitive spectral 
bands, guided by domain-specific prior knowledge [56]. For example, 
the spectral ranges that affect CNC estimation were at the 670 ~ 890 nm 
and 900 ~ 2400 nm. It is necessary to consider optimizing the param
eters that have a great influence on the canopy reflectance in these 
spectral ranges, such as N, Cw, and LAI (Fig. S6 in Supplemental Mate
rials 1). Then, the parameters that have no or little effect on the canopy 
reflectance in the sensitive spectral ranges, such as Car, Ant, solar zenith 
angle (SZA), and observer zenith angle (OZA), can be fixed.

In addition, the radiative transfer models and traditional hybrid 
retrieval strategy cannot directly estimate the content of phosphorus, 
potassium, and carbon in vegetation. This is because radiative transfer 
models do not yet take into account these physiological traits. However, 
the new hybrid retrieval strategy proposed in this study can provide a 
possibility for the estimation of vegetation physiological traits such as 
phosphorus, potassium and carbon contents. This strategy uses 
measured vegetation physiological trait parameters, and multispectral 
image reflectance to match simulated spectra, eliminating the process of 
optimizing the parameters of radiation transfer model. These parame
ters used as constraint can be existing estimation products. This strategy 
also conquers the limitations of the traditional hybrid retrieval strategy, 
which can only use the simulated spectra of the inherent band of the 
sensor, i.e., this strategy can use the reflectance spectral curve of 400 ~ 
2500 nm with a spectral resolution of 1 nm. Moreover, this strategy not 
only solves the problem of low estimation accuracy caused by data 
inconsistency in the retrieval process, but also expands the spectral in
formation of vegetation for multispectral sensors, so that multispectral 
images can be widely used in the estimation of vegetation physiological 
traits.

6. Conclusion

In this study, we proposed a novel PROSAIL-PRO spectra matching 
(CPSM) approach and a new hybrid retrieval strategy to realize the high- 
precision estimation of the canopy nitrogen content (CNC) and canopy 
phosphorus content (CPC) for vegetation species in multiple wetlands in 
China. We confirmed that our CPSM could extend the spectral reflec
tance of UAV multispectral images to 400 ~ 2500 nm, maintain good 
spectral consistency with the original bands both in karst wetland and 
mangroves (Karst wetland: R2 = 0.82, RMSE = 0.1091; Mangroves: R2 =

0.86, RMSE = 0.0729), and also delineate similar spectral properties at 
the red, blue, and yellow edge position, chlorophyll absorbing valleys 
(about 435 nm and 670 nm), and water-absorbing valleys (about 970 nm 
and 1450 nm). This study firstly analyzed the spectral characteristics of 
seven typical vegetation species in karst wetland, and demonstrated that 
the optimal estimation features of CNC and CPC always be found near 
red edge position and water-absorbing valley in the vegetation spec
trum. Our findings can provide a spectral basis for photosynthesis, 

pigment formation, phototropism, and the morphogenesis of vegetation, 
and can provide scientific references for the protection, restoration, and 
sustainable development of the wetland ecological environment. Be
sides, our results proved that our hybrid retrieval strategy outperformed 
the traditional hybrid retrieval strategy, which achieved the high- 
precision estimation of CNC and CPC for seven species in karst 
wetland using AELR algorithm (R2 = 0.71 ~ 0.98, MRE = 5.91 % ~ 
19.14 %). Finally, combining CPSM with our hybrid retrieval strategy 
was successfully applied to estimate CNC and CPC of two mangrove 
species (R2 = 0.77 ~ 0.89, MRE = 9.65 % ~ 16.87 %), confirming the 
ability and applicability of transferring these methods to other wetlands, 
which further indicated that combining CPSM and our strategy can 
provide a new idea for precisely estimating vegetation physiological 
traits using multispectral sensors.

This study offers a reliable method and a scientific basis for building 
a robust estimation model of vegetation nutrient components through 
multispectral images in large-scale wetlands. In future studies, we will 
continue to verify the feasibility of combining CPSM and our strategy for 
other vegetation physiological traits in different wetland types.
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