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A B S T R A C T   

The PROSPECT model, one of the most popular leaf radiative transfer models, has long been used for retrieving 
leaf biochemical traits from leaf directional-hemispherical reflectance factor (DHRF) spectra, while remains 
underexplored for applications to the leaf bidirectional reflectance factor (BRF) spectra to retrieve leaf 
biochemical traits. Existence of leaf surface reflectance and anisotropic property could be the main issues that 
constrain the applicability of the PROSPECT inversion to assess leaf biochemical traits from leaf BRF spectra. This 
study presents an inversion method by integrating the PROSPECT model with spectral derivatives and similarity 
metrics (SDM), called PROSDM, to remove the difference between leaf BRF and DHRF spectra and retrieve leaf 
biochemical traits from leaf BRF spectra. Leaf BRF spectra and the corresponding contents of chlorophyll (Cab), 
carotenoid (Cxc), water (Cw), and dry matter (Cm) were obtained from ten datasets across a wide variety of plant 
species with varied growth stages, nutrition status, and planting regions. The datasets showed that the significant 
difference existed between leaf BRF and DHRF spectra, which varied with spectral wavelengths and plant species, 
and affected the accuracies of retrieving Cab, Cxc, Cw, and Cm. To eliminate the difference between leaf BRF and 
DHRF spectra independent on wavelengths, spectral derivatives were applied. When the difference between BRF 
and DHRF spectra varied with wavelengths, spectral derivatives only removed part of the difference, and 
implementation of the Manhattan distance compensated the limitation of the spectral derivatives to further 
reduce the difference. As a result, the PROSDM outperformed the PROSPECT and PROCOSINE inversions as well 
as PROCWT to retrieve Cab, Cxc, Cw, and Cm from leaf BRF spectra with the root mean square errors (RMSEs) of 
7.64 μg/cm2, 2.77 μg/cm2, 0.0041 g/cm2, and 0.0024 g/cm2

, respectively. Significant improvements in the 
retrievals of Cab, Cxc, Cw, and Cm were obtained with the RMSEs reduced by 20.33%, 29.34%, 25.45%, and 
44.19% compared to the PROSPECT inversion, respectively. It was further found that the model inversions were 
affected by the spectral saturation, PROSPECT versions, spectral subdomains, and the range of model parameters. 
The retrieval results by different inversion methods may be improved with the suitable spectral subdomains and 
range of model parameters. Importantly, the proposed PROSDM showed the great potential to alleviate these 
negative effects on the retrievals of Cab, Cxc, Cw, and Cm. The performance assessment of PROSDM demonstrates a 
promising potential for its applications in remote sensing aiming at retrievals of leaf biochemical traits from leaf 
BRF spectra.   
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1. Introduction 

Leaf biochemical traits provide valuable information on under-
standing plant photosynthetic function, dynamic growth, nutrient 
cycling, and primary production (Féret et al., 2011; Féret et al., 2017). 
Leaf chlorophyll content (Cab), carotenoid content (Cxc), water content 
(Cw), and dry matter content (Cm) are considered as four main important 
leaf biochemical traits, which are connected to plant healthy and growth 
status, such as photosynthesis, nitrogen, stresses, and senescence (Féret 
et al., 2008; Poorter et al., 2009; Yi et al., 2014; Fang et al., 2017; 
Gitelson and Solovchenko, 2018; Qiu et al., 2018). Approaches that 
enable high-throughput measurements of these leaf biochemical traits 
are critical to characterize plant physiological status and critical func-
tional processes. 

As a relative low cost, high efficient, and nondestructive tool, 
reflectance-based remote sensing has become a promising technique to 
retrieve Cab, Cxc, Cw, and Cm from leaf optical properties (Dash and 
Curran, 2004; Zarco-Tejada et al., 2005; Gitelson et al., 2006; Martin 
et al., 2007; Asner et al., 2009; Jacquemoud et al., 2009; Ustin et al., 
2009; Féret et al., 2011; Gitelson and Solovchenko, 2017). Two ap-
proaches are often used for estimating Cab, Cxc, Cw, and Cm from leaf 
reflectance. The first approach is based on the empirical method that 
links biochemical traits with spectral reflectance or vegetation indices 
using multivariate statistical models (Gitelson et al., 2006; le Maire 
et al., 2008; Asner et al., 2011; Féret et al., 2011; Feilhauer et al., 2015; 
Yendrek et al., 2017; Gitelson, 2020; Wan et al., 2020). This approach is 
relatively simple with a good accuracy, but the generalization is usually 
poor. The reason is that empirical methods are easily affected by sample 
datasets that are used to develop calibration models. The methods often 
require an update of the calibration model when applied to new plant 
species or the same species under different growth stages, environ-
mental conditions, and geographies. The second approach is a radiative 
transfer model (RTM)-based method, which provides a mechanistic 
linkage between the leaf biochemical and the optical properties (Féret 
et al., 2008; Jacquemoud et al., 2009; Wan et al., 2021). RTMs char-
acterize physical processes of light interaction with leaves (Gerber et al., 
2011; Wang et al., 2015; Qiu et al., 2018), and provide a relatively 
generic and robust way for retrieving leaf biochemical properties 
compared with empirical methods. 

The PROSPECT model is one of the most popular RTMs originally 
proposed in early 1990s (Jacquemoud and Baret, 1990), and it has long 
been used to retrieve Cab, Cxc, Cw, and Cm from leaf directional- 
hemispherical reflectance factor (DHRF) and transmittance factor 
(DHTF) spectra (Féret et al., 2008; Féret et al., 2017; Jiang et al., 2020). 
DHRF and DHTF spectra required in the PROSPECT inversion are usu-
ally measured by a spectroradiometer coupled with an integrating 
sphere so that their implementations in field are difficult. Alternatively, 
leaf bidirectional reflectance factor (BRF) spectra can be directly ob-
tained from the hyperspectral imaging system (Jay et al., 2016; Asaari 
et al., 2018) or a handheld spectroradiometer equipped with a leaf clip 
(Mahlein et al., 2013; Li et al., 2019; Sun et al., 2019a), which are more 
efficient and easier to be operated than those with integrating spheres. 
In recent years, researchers attempted to estimate leaf biochemical traits 
by using the PROSPECT inversion from leaf BRF spectra (Zhang and 
Wang, 2015; Sonobe et al., 2018; Huang et al., 2019; Lassalle et al., 
2019). However, leaves are not perfect Lambertian surfaces, and scatter 
a portion of light in the specular direction depending on the roughness of 
leaf surface without interacting with leaf internal components, which is 
not neglectable espeically in leaf BRF spectra. Futhermore, leaf anisot-
ropy causes the reflectance variation with respect to viewing and illu-
mination angles. Existence of such leaf surface reflectance and 
anisotropic property could be the main issues that constrain the appli-
cability of the PROSPECT inversion originally designed for leaf DHRF 
spectra to assess Cab, Cxc, Cw, and Cm from leaf BRF spectra (Bousquet 
et al., 2005; Comar et al., 2012; Comar et al., 2014; Jay et al., 2016). 

Recently, some new RTMs and inversion methods were developed to 

retrieve leaf biochemical traits from leaf BRF spectra. Jay et al. (2016) 
developed a new physically-based model, called ClOse-range Spectral 
ImagiNg of lEaves (COSINE), to describe leaf specular reflection and 
local leaf orientation. By combining the PROSPECT with COSINE model, 
it allows to simultaneously retrieve biochemical traits as well as leaf 
orientation from close-range hyperspectral images. However, the accu-
racy was still not satisfactory due to improper modeling of the 
wavelength-dependent surface reflectance parameter in the shortwave 
infrared (SWIR) region without considering the effect of water absorp-
tion on leaf refractive index, and the intertwinement of PROCOSINE 
parameters (e.g., incident angle, leaf structure, and Cm) could affect the 
Cm retrieval. In addition, the confounding effects between the incident 
angle and structure parameter could be a reason for the unsatisfactory 
estimation results in the visible and near infrared (VNIR) region. 
Further, Li et al. (2018) proposed a new inversion method by integrating 
the PROSPECT with continuous wavelet transform (CWT), called 
PROCWT, to enhance the absorption features of chemical constituents 
and suppress the surface reflectance effect in rice and wheat based on 
the assumption that leaf surface reflectance of rice and wheat is inde-
pendent on wavelengths. Although their results showed that the PRO-
COSINE inversion and PROCWT outperformed the PROSPECT inversion 
in the retrievals of leaf biochemical traits from leaf BRF spectra, they 
mainly focused on the assumption of the wavelength-independent dif-
ference between leaf BRF and DHRF spectra. The wavelength-dependent 
case has remained unexplored, which would greatly affect the retrievals 
of leaf biochemical traits from leaf BRF spectra (Maccioni et al., 2001; 
Jay et al., 2016; Li et al., 2019). Previous studies (Potůčková et al., 2016; 
Li et al., 2019) have confirmed that the difference between leaf BRF and 
DHRF spectra varied with the wavelength in the VNIR and SWIR regions, 
and the variations in the SWIR region were particularly significant. In 
addition, the difference between leaf BRF and DHRF spectra may vary 
with a wide variety of plant species since leaf surface characteristics 
exhibit a large variation in the epidermis layers and mesophyll struc-
tures over different leaf types (Bousquet et al., 2005; Comar et al., 2012; 
Comar et al., 2014), while the PROCOSINE inversion and PROCWT were 
only validated with several plant species. Therefore, a more efficient 
method that can characterize the wavelength-independent and -depen-
dent differences between leaf BRF and DHRF spectra for various plant 
species should be explored, which is expected to extend the PROSPECT 
inversion applicable to leaf BRF spectra. 

Various strategies have been proposed to characterize the difference 
between two reflectance spectra. One promising approach is based on 
spectral derivatives, which can reduce background noise, extract spec-
tral features, and resolve overlapping spectra (Demetriades-Shah et al., 
1990). Spectral derivatives are insensitive to the variation of natural 
illumination, and less sensitive to the spectral variation of sunlight at the 
spectral sampling interval of hyperspectral reflectance (Tsai and Philpot, 
1998). This indicates that spectral derivatives have the advantage on 
enhancing the local spectral feature and eliminating the small spectral 
variation, which may be potentially used to remove the difference be-
tween leaf BRF and DHRF spectra. As another attractive method, spec-
tral similarity metrics (SSMs) have been commonly used to characterize 
the variations between two spectra within the entire spectral region 
(Kruse et al., 1993; Carvalho Júnior et al., 2011; Lhermitte et al., 2011; 
Ren et al., 2014; Fang et al., 2017). Among all SSMs, the Euclidean 
distance (ED) has shown high potential to quantify the spectral distance 
difference, and the PROSPECT inversion with the ED can achieve the 
good match between the measured and simulated DHRF spectra (Féret 
et al., 2008; Féret et al., 2017; Jiang et al., 2020). However, the ED only 
measures the absolute magnitude of the distance between two spectra, 
which may be limited for the distance measure between leaf BRF and 
DHRF spectra because their differences are not comparable at different 
wavelengths. Compared with the ED, the Manhattan distance (MD) is 
able to capture spectral variations by computing accumulated differ-
ences at different wavelengths between two spectra with the entire in-
formation of the spectral bands in the full spectral domain considered 
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(Khan et al., 2019). Reported studies have confirmed that the MD can 
outperform the ED in the retrieval of Cab from the PROSAIL model 
(Rivera et al., 2013), the estimation of Cw (Fang et al., 2017), and the 
hyperspectral image classification (Khan et al., 2019). Therefore, this 
study hypothesizes that combination of spectral derivatives and simi-
larity metrics can effectively eliminate the difference between leaf BRF 
and DHRF spectra, and it is flexible with the varied magnitude between 
different plant species and able to handle the wavelength-dependent 
case. 

The overall goal of this study is to develop a novel inversion method 
by integrating the PROSPECT model with spectral derivatives and sim-
ilarity metrics (SDM), called PROSDM, to retrieve leaf biochemical traits 
from leaf BRF spectra. As leaf surface characteristics are considered of 
significance for the variation between leaf BRF and DHRF spectra, plant 
species in different leaf surface structures were selected to evaluate the 
model performance, including a wide variety of plant species with 
varied growth stages, nutrition status, and planting regions. The specific 
objectives are: (1) to investigate how the difference between leaf BRF 
and DHRF spectra varies with the wavelength and influences the re-
trievals of Cab, Cxc, Cw, and Cm by the PROSPECT inversion, (2) to 
explore the PROSDM to eliminate the difference between BRF and DHRF 
spectra, and retrieve Cab, Cxc, Cw, and Cm from leaf BRF spectra with the 
comparisons with the PROSPECT and PROCOSINE inversions as well as 
PROCWT, and (3) to assess the effects of the PROSPECT versions, 
spectral subdomains, spectral noises, and the range of model parameters 
on the performance of the PROSDM. 

2. Materials and methods 

2.1. Datasets used in this study 

In order to obtain a wide range of leaf biochemical properties and 
reflectance, ten datasets, including one measured and nine publicly 
available, were collected to cover various plant species with varied 
growth stages, nutrition status, and planting regions as shown in 

Table 1. The dataset measured from this study (Dataset #1) was 
developed from 2279 plant leaves that were randomly sampled from 
oilseed rape (Brassica napus L.), rice (Oryza sativa L.), and citrus (Citrus 
aurantium L.). The experiments for oilseed rape cultivation and sampling 
were conducted in Hangzhou, Zhejiang Province, China to plant the 
cultivars of Zhe Da 630 and 622 in the plastic pots placed on the building 
balcony. Zhe Da 630 was treated with varied nitrogen applications (0, 
75, 150, 225, and 300 kg/ha), and leaf samples were collected from 
different leaf positions at the seeding, elongation, and flowering stages 
from December 20, 2017 to April 15, 2018. Zhe Da 622 was treated with 
three nitrogen levels (0, 150, and 300 kg/ha), and sampling was only 
conducted at the seeding stage from December 14, 2018 to Jan 20, 2019. 
297 core germplasm materials of oilseed rape (Wu et al., 2019) planted 
with the live broadcast technology in a growth chamber were also used. 
These rape materials were planted in nutrient soil with three replicates 
for each cultivar. The largest functional leaves were sampled at the 
three- or four-leaf stage. Rice was grown in the field at the Grain- 
production Functional Area of Anhua, Zhuji City, Zhejiang Province in 
China with five levels of nitrogen (0, 120, 240, 360, and 480 kg/ha), 
three levels of phosphate (30, 60, and 90 kg/ha) and potash (120, 240, 
and 360 kg/ha), which were applied for 100 plots. Leaf samples of rice 
were collected from different leaf positions at the booting, heading, and 
filling stages from August to September of 2019. Citrus leaves were 
randomly collected from 10 citrus trees at the autumn flushes stage of 
2019 at a commercial citrus orchard, Pingtan City, Fujian Province, 
China. 

Nine publicly available datasets from the EcoSIS Spectral Library 
(online https://ecosis.org/) with widely variable leaf spectral and 
biochemical properties were used in this study. Dataset #2 was collected 
by Chlus et al. (2020) throughout the vertical profile of broadleaf can-
opies in Wisconsin and Michigan, USA, and leaf reflectance and Cm were 
available. Dataset #3 included leaf reflectance and Cm measured from 
tropical trees in Tapajos National Forest, Brazil (Wu et al., 2017). 
Dataset #4 involved numerous plant species in eastern USA, such as 
tree, shrub, grass, forb, and agriculture species, and leaf reflectance, Cab, 

Table 1 
Description of available datasets. Dataset #1 was measured in this study, and Dataset #2–#10 were available online https://ecosis.org. The spectral region of BRF 
(bidirectional reflectance factor) and DHRF (directional-hemispherical reflectance factor) spectra is 400–2500 nm.   

Dataset #1 Dataset #2 
(Chlus 
et al., 
2020) 

Dataset 
#3 
(Wu et al., 
2017) 

Dataset #4 
(Wang 
et al., 
2020) 

Dataset #5 
(Serbin 
et al., 2014) 

Dataset #6 
(Ely et al., 2019) 

Dataset #7 
(Serbin 
et al., 
2018) 

Dataset #8 
(Kattenborn 
et al., 2019) 

Dataset #9 
(Ge et al., 
2019) 

Dataset #10 
(Burnett et al., 
2020) 

Plant species 

Crops 
(oilseed 
rape, rice, 
citrus) 

Broadleaf 
deciduous 
trees 

Tropical 
trees 

Tree, 
shrub, 
grass, forb, 
crops 

Northern 
temperate 
and boreal 
trees 

Crops (sunflower, 
cottonwood, 
cucumber, 
pumpkin, tomato, 
kidney bean, 
soybean, sweet 
basil) 

Arctic 
plants 

Grassland 
species 

Crops 
(maize with 
282 
genetically 
diverse lines) 

Crops 
(Carolina 
poplar, 
cayenne 
pepper, 
sunflower, 
radish, 
pumpkin, 
sorghum) 

Number of 
samples 

2279 954 166 176 957 184 69 630 1210 493 

Spectrometer 
ASD 
FieldSpec 
4 

ASD 
FieldSpec 
3 

ASD 
FieldSpec 
3 

ASD 
FieldSpec 3 

ASD 
FieldSpec 3 HR1024i 

ASD 
FieldSpec 
3 

ASD 
FieldSpec 3 

ASD 
FieldSpec 4 PSR-3500 

Reflectance BRF, DHRF BRF BRF BRF BRF, DHRF BRF BRF BRF BRF BRF 

Cab 

Min 2.38   7.89   26.20 8.14   
Max 100.27 – – 108.60 – – 62.60 70.43 – – 
Mean 32.74   39.30   39.91 33.01   

Cxc 

Min 1.72   2.04    4.87   
Max 12.66 – – 21.26 – – – 13.02 – – 
Mean 5.20   8.33    9.23   

Cw 

Min 0.0004     0.0118  0.0045 0.0054 0.0048 
Max 0.0422 – – – – 0.0306 – 0.0580 0.0361 0.0402 
Mean 0.02     0.0197  0.0157 0.0178 0.0186 

Cm 

Min 0.0011 0.0008 0.0028  0.0017 0.0016 0.0041 0.0006 0.0011 0.0015 
Max 0.0169 0.0128 0.0237 – 0.0344 0.0070 0.0185 0.0118 0.0108 0.0092 
Mean 0.0045 0.0049 0.0089  0.0099 0.0038 0.0068 0.0046 0.0057 0.0045  
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and Cxc were measured (Wang et al., 2020). A variety of northern 
temperate and boreal tree species in USA were collected in Dataset #5, 
which consisted of leaf reflectance and Cm (Serbin et al., 2014). Dataset 
#6 included eight crops with leaf reflectance, Cw, and Cm measured at 
Brookhaven National Laboratory, USA (Ely et al., 2019). Dataset #7 
contained leaf reflectance, Cab, and Cm from nine Arctic plant species in 
Alaska, USA (Serbin et al., 2018). Dataset #8 comprised more than 40 
grassland species in the Karlsruhe Institute of Technology, and mea-
surements of leaf reflectance with Cab, Cxc, Cw, and Cm were conducted 
(Kattenborn et al., 2019). Dataset #9 was provided by University of 
Nebraska-Lincoln and included leaf reflectance, Cw, and Cm of leaves 
from a wide range of maize cultivars (Ge et al., 2019). Dataset #10 
included six crops at Brookhaven National Laboratory with leaf reflec-
tance, Cw, and Cm (Burnett et al., 2020). 

The number of leaf DHRF spectra in Dataset #1 and #5 is 316 and 86, 
respectively. Leaf BRF spectra in Dataset #6 were measured using an 
HR1024i spectroradiometer with an SVC leaf clip (Spectra Vista Cor-
poration, Poughkeepsie, NY, USA), and leaf BRF spectra in Dataset #10 
were measured using a PSR-3500 spectroradiometer (Spectral Evolu-
tion, Lawrence, MA, USA) with the SVC leaf chip. In the other datasets, 
leaf BRF spectra were measured by an ASD spectroradiometer (Analyt-
ical Spectral Devices, Inc., Boulder, CO, USA) equipped with the ASD 
leaf clip. The illumination and viewing zenith angles of the ASD leaf clip 
were 12◦ and 35◦, respectively. Leaf DHRF spectra of 316 oilseed rape 
leaves in Dataset #1 were measured using the ASD spectroradiometer 
with an ASD integrating sphere, and the illumination and viewing zenith 
angles are 13◦ and 0◦, respectively. Dataset #5 also included leaf DHRF 
spectra of 86 leaves from more than 18 species including bluegrass, 
balsam fir, eastern hemlock, eastern white pine, foxtail pine, northern 
red oak, red maple, and white oak using the same instrument as Dataset 
#1. These two datasets were then used to characterize the difference 
between leaf BRF and DHRF spectra. All leaf spectra were measured with 
the field of view of 25◦. After spectral measurements, the measurement 
protocols of Cab, Cxc, Cw, and Cm may be referred to multiple references 
(Jay et al., 2016; Féret et al., 2018; Li et al., 2018). 

2.2. PROSPECT modeling and inversion 

Originally the PROSPECT model was designed to simulate leaf DHRF 
and DHTF spectra at 400–2500 nm based on leaf structure parameter N 
and biochemical traits such as Cab, Cw, and Cm, and these parameters 
could be inversed based on the optimization of the simulation (Jac-
quemoud and Baret, 1990). Although the original PROSPECT model has 
provided the specific absorption coefficients (SACs) for leaf traits, they 
could not make the SACs available publicly. Several improved versions 
have been developed including the PROSPECT-4, − 5, -D, and -PRO. The 
PROSPECT-4 and -5 firstly provided the publicly-available SACs for each 
leaf traits (Féret et al., 2008). Compared with the PROSPECT-4, chlo-
rophylls and carotenoids were separated from the total chlorophylls in 
the PROSPECT-5, and leaf anthocyanin content (Canth) was further 
introduced in the PROSPECT-D (Féret et al., 2017). Recently, a new 
version of the PROSPECT model, named PROSPECT-PRO, which sepa-
rates the protein content (Prot) from carbon-based constituents (CBC) 
(Féret et al., 2021), and Cm can be obtained as below: 

Cm = Prot+CBC (1) 

With the input leaf DHRF spectra, the optimal inversion of variables 
combination was determined by minimizing the following cost function: 

JPROSPECT− DHRF =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
DHRFm

λ − DHRFs
λ

)2
√

(2)  

where n is the number of wavebands, and DHRFλ
m and DHRFλ

s are the 
measured and the simulated DHRF spectra at the wavelength of λ, 
respectively. 

2.3. Spectral similarity metrics (SSMs) 

In remote sensing, SSMs are commonly used to characterize the 
difference and similarity between two spectra for plant traits estimation, 
image classification, and target detection (Van der Meer, 2006; Carvalho 
Júnior et al., 2011; Rivera et al., 2013; Ren et al., 2014; Fang et al., 
2017). The ED and MD are the two most important SSMs for measuring 
the distance between two spectra as shown in Fig. 1, which can be 
expressed as (Rivera et al., 2013; Fang et al., 2017; Khan et al., 2019): 

EDR1,R2 =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1
(R1λ − R2λ)

2

√

(3)  

MDR1,R2 =
∑λ=n

λ=1
|R1λ − R2λ| (4)  

where R1λ and R2λ represent the two spectra at the wavelength of λ. 
From Fig. 1, the MD and ED can be linked by adding a bias as below: 

MDR1,R2 =
∑λ=n

λ=1
|R1λ − R2λ| =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1
(R1λ − R2λ)

2
+
∑λ=n

λ=1
bλ

√

(5)  

where 
∑

λ=1
λ=nbλ =

∑
k=1

k=n− 1∑
p=k+1

p=n(2|R1k − R2k| × |R1p − R2p|), 
associated with the difference between the ED and MD. 

2.4. Model inversion with leaf BRF spectra 

Four different inversion methods were used to retrieve Cab, Cxc, Cw, 
and Cm from leaf BRF spectra in all datasets (Dataset #1–#10), and a 
flow chart for different model inversions was shown in Fig. 2. These 
inversion methods were all developed based on the original PROSPECT 
model, while the cost functions were different, and the detailed de-
scriptions were presented below. 

2.4.1. Relationship between leaf BRF and DHRF spectra 
We first reviewed several equations of the bidirectional reflectance 

distribution function (BRDF) related to the leaf bidirectional reflectance 
properties as follows (Bousquet et al., 2005): 

BRDF(θS ,φS ;θV ,φV ;λ) =
R(θS ,φS ;θV ,φV ;λ)

I(θS ,φS ;λ)
(6)  

where R and I represent the radiance and the irradiance, respectively. θS, 
φS, θV, and φV represent the illumination zenith and azimuth angles, and 
the viewing zenith and azimuth angles, respectively. Then, the BRF can 
be defined by multiplying π and the BRDF as below: 

BRF(θS ,φS ;θV ,φV ;λ) = π ×BRDF(θS ,φS ;θV ,φV ;λ) (7) 

It is known that the DHRF is related to the integration of BRDF over 
the whole viewing hemisphere, and thus it can be expressed as: 

Fig. 1. An example of two reflectance spectra (R1 and R2; red lines) plotted as 
two vectors within the two- (a) and three-dimensional (b) coordinate systems 
(Bands 1, 2 and 3). The green and purple lines denote the Euclidean distance 
(ED) and Manhattan distance (MD), respectively. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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DHRF(θS ,φS ;λ) =

∫ π

0

∫ π
2

0
BRDF(θS ,φS ;θV ,φV ;λ)cosθV sinθV dθV dφV (8) 

Based on the reported studies (Jay et al., 2016; Li et al., 2018), the 
relationship between DHRF and BRF spectra can be simplified as: 

BRFλ = DHRFλ + fλ (9)  

where fλ is the difference between BRFλ and DHRFλ. 

2.4.2. PROSPECT inversion 
When the input of the original PROSPECT model is a leaf BRF 

spectrum, leaf biochemical traits can be retrieved by minimizing the 
following cost function: 

JPROSPECT =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
BRFm

λ − DHRFs
λ

)2
√

(10)  

where BRFλ
m and DHRFλ

s are the measured BRF spectra and the simu-
lated DHRF spectra at the wavelength of λ, respectively. 

2.4.3. PROCOSINE inversion 
When the leaf BRF spectrum was input into the PROCOSINE model 

(Jay et al., 2016), the model inversion can be performed by minimizing: 

JPROCOSINE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(

BRFm
λ −

cos(Thetai)
cos(Thetas)

(
DHRFs

λ + Bspec
)
)2

√

(11)  

where Thetai and Thetas are the light incident angle and illumination 

zenith angle, respectively, and Bspec represents the specular parameter. 

2.4.4. PROCWT 
Based on Eq. (10), Li et al. (2018) applied the CWT to transform leaf 

BRF and DHRF spectra into wavelet coefficients, and leaf biochemical 
traits can be retrieved by the PROCWT to minimize: 

JPROCWT =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
W
(
BRFm

λ

)

a − W
(
DHRFs

λ

)

a

)2
√

(12)  

where W(BRFλ
m)a and W(DHRFλ

s)a are the wavelet coefficients of leaf 
BRF and DHRF spectra at the scale a. The second derivative of the 
Gaussian function was chosen as the mother wavelet function, and the 
MATLAB functions of “cwt” and “mexh” were used for the CWT. The 
PROCWT with varied wavelet scales may produce different retrieval 
results, and the PROCWT-S4 was recommended for retrieving leaf 
biochemical traits from leaf BRF spectra (Li et al., 2018). 

2.4.5. PROSDM 
Based on Eq. (9), the cost function for the original PROSPECT 

inversion in Eq. (2) with leaf BRF spectra can be improved as below: 

JPROSDM =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
BRFm

λ − DHRFs
λ − f m

λ

)2
√

(13)  

where BRFλ
m − fλ

m = DHRFλ
m. 

When fλ is wavelength-independent, spectral derivatives can be used 
to eliminate fλ. Such a method is different from the PROCOSINE model 
with a new added parameter Bspec, which may increase the model 

Fig. 2. A flow chart for the retrievals of leaf chlorophyll con-
tent (Cab), carotenoid content (Cxc), water content (Cw), and 
dry matter content (Cm) from leaf bidirectional reflectance 
factor (BRF) spectra using the PROSPECT and PROCOSINE 
inversions, PROCWT, and PROSDM. The original PROSPECT 
inversion was designed for leaf directional-hemispherical 
reflectance factor (DHRF) spectra. Model inversions can be 
implemented with different spectral subdomains and PROS-
PECT versions, and the range of model parameters was deter-
mined based on the prior information on ground 
measurements.   
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complexity and result in an ill-posed inverse problem. With the use of 
spectral derivatives, Eq. (13) can be written as: 

JPROSDM =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
BRFm

λ d − DHRFs
λd − f m

λ d
)2

√

(14) 

Here, the derivative of fλ
m is equal to 0 (fλ

m
d = 0), and Eq. (14) can be 

simplified as: 

JPROSDM =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
BRFm

λ d − DHRFs
λd
)2

√

(15)  

where DHRFλ
s
d, BRFλ

m
d, and fλ

m
d are the derivatives of DHRFλ

s, BRFλ
m, 

and fλ
m, respectively. The d represents the first-order and the second- 

order derivatives, which can be expressed as Fλ and Sλ using the 
following equations: 

Fλ =
Rλ+w − Rλ

w
(16)  

Sλ =
Rλ+w − 2Rλ + Rλ− w

w2 (17)  

where R represents BRF, DHRF, or f, and w is the width of the derivative 
difference. Leaf BRF spectra were recorded with the sampling interval of 
1 nm, and thus w was equal to 1. 

When fλ varies with the wavelength, fλ
m

d cannot be eliminated by 
spectral derivatives. Eq. (14) can be expanded as: 

JPROSDM =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
BRFm

λ d − DHRFs
λd
)2

+
∑λ=n

λ=1
f̂ m

λ d
√

(18)  

where f̂m
λ d = fm

λ d2
− 2fm

λ d
(
BRFm

λ d − DHRFs
λd
)
. Compared with the 

original cost function in Eq. (15), the cost function in Eq. (18) added a 
bias (

∑λ=n
λ=1 f̂m

λ d). Based on Eq. (5), the MD can add a bias to the ED in Eq. 
(15) as below: 

∑λ=n

λ=1

⃒
⃒BRFm

λ d − DHRFs
λd
⃒
⃒ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
BRFm

λ d − DHRFs
λd
)2

+
∑λ=n

λ=1
bλ

√

(19) 

where 
∑

λ=1
λ=nbλ =

∑
k=1

k=n− 1∑
p=k+1

p=n(2|BRFk
m

d − DHRFk
s
d| × | 

BRFp
m

d − DHRFp
s
d|). Because the original difference between BRF and 

DHRF spectra is small, the difference between BRFλ
m

d and DHRFλ
s
d 

would become much smaller after using spectral derivatives. This in-
dicates that f̂m

λ d is close to bλ, and thus it can be assumed that 
∑λ=n

λ=1 f̂m
λ d =

∑λ=n
λ=1bλ. Eq. (18) can be rewritten as: 

JPROSDM =
∑λ=n

λ=1

⃒
⃒BRFm

λ d − DHRFs
λd
⃒
⃒ (20) 

To sum up, by unifying Eqs. (15) and (20), the cost function for the 
PROSDM is expressed as: 

JPROSDM =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑λ=n

λ=1

(
BRFm

λ d − DHRFs
λd
)2

√

∑λ=n

λ=1

⃒
⃒BRFm

λ d − DHRFs
λd
⃒
⃒

, d = 1,2 (21) 

The PROSDM included four different inversion methods based on 
two spectral derivatives (F, S) and two spectral similarity metrics (ED, 
MD), expressed as PROSDM-FED, -SED, -FMD, and –SMD, respectively. 

2.5. Performance evaluation of PROSDM 

Among all PROSPECT versions, the PROSPECT-PRO is the latest 
model (Féret et al., 2021), which can retrieve more leaf biochemical 
traits with high accuracies. Thus, this study mainly used the PROSPECT- 
PRO to retrieve Cab, Cxc, Cw, and Cm from leaf BRF spectra. Considering 
the difference between different PROSPECT versions, the PROSPECT- 
PRO and − 5 were compared to retrieve Cab and Cxc, and the 

PROSPECT-PRO and -D were compared to retrieve Cw and Cm. In addi-
tion, some studies have explored the use of spectral subdomains to 
retrieve leaf biochemical traits, which may obtain the better or com-
parable retrieval results (Féret et al., 2018; Féret et al., 2021; Spafford 
et al., 2021). As a result, this study compared the full spectral domain 
and spectral subdomains to retrieve leaf biochemical traits from leaf BRF 
spectra based on previous studies (Jay et al., 2016; Li et al., 2018). To 
determine the optimal inversion method, the following inversion pro-
cedures were evaluated:  

• Use of the full spectral domain (400–2500 nm) for the retrievals of 
Cab, Cxc, Cw, and Cm from leaf BRF spectra using the PROSPECT and 
PROCOSINE inversions, PROCWT, and PROSDM based on the 
PROSPECT-PRO.  

• Comparison of different PROSPECT versions (PROSPECT-5, -D, PRO) 
in the retrievals of Cab, Cxc, Cw, and Cm from leaf BRF spectra with the 
full spectral domain.  

• Use of the VNIR (450–800 nm) and SWIR (1000–2450 nm) spectral 
subdomains for the retrievals of Cab and Cxc, and Cw and Cm, 
respectively, with different inversion methods.  

• Use of the full spectral domain for the retrievals of Cab, Cxc, Cw, and 
Cm from leaf BRF spectra using the PROSDM combined with smooth 
spectra and prior information on model parameters. 

The retrieval accuracies of Cab, Cxc, Cw, and Cm were evaluated by the 
root mean square error (RMSE). All data analysis and model inversions 
were programmed and implemented using MATLAB 2019b (The Math-
works, Inc., Natick, MA, USA). The optimal model inversions were 
achieved based on the nonlinear constrained multivariable minimiza-
tion function of ‘fminsearchbnd’ from MATLAB 2019b, and the function 
parameters including the termination tolerance (TolX), the maximum 
number of function evaluations allowed (MaxFunEvals), and the 
maximum number of iterations allowed (MaxIter) were set as 10− 12, 
5000, and 20,000, respectively. To cover all samples in Table 1, the 
ranges of the input parameters for all inversion methods were deter-
mined as shown in Table 2, which were consistent with previous studies 
(Jay et al., 2016; Féret et al., 2017; Berger et al., 2020; Jiang et al., 
2020). 

3. Results 

3.1. Comparisons between BRF and DHRF spectra 

Fig. 3 shows the mean leaf BRF and DHRF spectra with the standard 
deviation over different plant species. An obvious difference in the near 
infrared (NIR) region was observed between leaf BRF and DHRF spectra 
in oilseed rape, bluegrass, foxtail pine, and white oak. Some plant spe-
cies presented a large difference between BRF and DHRF spectra in the 
visible (VIS) region, such as eastern hemlock and white oak. The 

Table 2 
The ranges of input variables for different inversion methods. Thetai and Bspec 
were only used in the PROCOSINE. Canth was used for the PROSPECT-D and 
-PRO. Cm was used for the PROSPECT-5 and -D. Prot and CBC were used for the 
PROSPECT-PRO.  

Variable Abbreviation Range 

Leaf structure parameter N (unitless) 1–2 
Leaf chlorophyll content Cab (μg/cm2) 0–120 
Leaf carotenoid content Cxc (μg/cm2) 0–30 
Leaf anthocyanin content Canth (μg/cm2) 0–40 
Leaf water content Cw (g/cm2) 0–0.06 
Leaf dry matter content Cm (g/cm2) 0–0.05 
Leaf protein content Prot (g/cm2) 0–0.003 
Carbon-based constituents CBC (g/cm2) 0–0.035 
Light incident angle Thetai (◦) 0–90 
Specular parameter Bspec (unitness) − 0.2–0.6  
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difference also occurred in the SWIR region, such as balsam fir, eastern 
hemlock, eastern white pine, foxtail pine, northern red oak, and white 
oak. Note that the pattern of difference between BRF and DHRF spectra 
varied with wavelengths and plant species. 

Fig. 4 displays the difference between BRF and DHRF spectra (f) and 
the contribution of f to the BRF spectra, which was calculated by 
dividing f by the BRF spectra. In the VIS region, f showed large variations 
in some plant species such as oilseed rape, eastern hemlock, foxtail pine, 
and white oak (Fig. 4a). Although f in the VIS region was small for some 
species, the contribution to the BRF spectra was large with the maximum 
of 60% at 450 nm and 650 nm (Fig. 4b). In the NIR region, f was large 
with the small variations along the wavelength, and f provided an 
averaged contribution of around 4% to the BRF spectra. The variation in 
f in the SWIR region was the largest especially at 1450 nm and 1950 nm, 
and the contribution to the BRF spectra reached the maximum of 20%– 
100%. Note that the sign of f varied with the wavelength, and f for some 
species was positive and negative before and after 1400 nm, respec-
tively, such as foxtail pine. 

3.2. Effect of BRF-DHRF differences on PROSPECT inversion 

The effects of the varied BRF-DHRF difference (f) on the retrievals of 
Cab, Cxc, Cw, and Cm were first investigated by using the PROSPECT-PRO 
inversion. When f was independent on wavelengths (Fig. 5a), leaf BRF 
spectra displayed a consistent variation at 400–2500 nm. With the 
increased f from − 0.03 to 0.03, the retrieved Cab, Cxc, and Cw from the 
PROSPECT-PRO gradually decreased (Fig. 5b). However, the retrieved 
Cm exhibited an increasing trend when f varied from − 0.02 to 0.03, and 
a similar tendency was observed with the retrieved N (Fig. 5c). 

From Fig. 4, f may be positive before 1400 nm and negative after 
1400 nm (like Fig. 6a), and thus it was discussed how such a case 
affected the retrievals of leaf traits (Fig. 6b–f). The retrieved N signifi-
cantly increased with the increased f at 400–1400 nm with a slight 
decreasing tendency at 1401–2500 nm. The retrieved Cab and Cxc 
gradually decreased when f increased from − 0.03–0.03 at 400–1400 
nm, and the SWIR variations in f also affect the retrievals of Cab and Cxc. 
The retrieved Cw and Cm were mainly influenced by the varied f at 
1401–2500 nm, which gradually decreased with the increased f from 
− 0.03 to 0.03. Notably, the retrieved Cab, Cxc, and Cw were 

Fig. 3. Average and range of leaf DHRF and BRF spectra over oilseed rape in Dataset #1 (a), and bluegrass (b), balsam fir (c), eastern hemlock (d), eastern white pine 
(e), foxtail pine (f), northern red oak (g), red maple (h), and white oak (i) in Dataset #5. The orange and green lines represent the mean leaf DHRF and BRF spectra, 
and the orange and green areas highlight the standard deviation. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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underestimated and overestimated when f at each wavelength was 
positive and negative, respectively. However, Cm exhibited an incon-
sistent tendency in the retrieval error (Fig. 6f). For an example, when f 
was negative at different wavelengths, Cm could be underestimated. The 
sign of f may be inconsistent at different wavelengths, such as foxtail 
pine (Fig. 4a), and the retrieval error tendency should be determined 
based on the results in Fig. 6b–f. 

When f was independent on wavelengths (Fig. 7a and d), spectral 
derivatives eliminated the difference along the whole wavelength. As an 
example, when implemented in the real measured spectra from the leaf 
sample in Dataset #1 that f varied with wavelengths, spectral de-
rivatives removed the difference to some extent especially when using 
the first-order derivative (Fig. 7b and c); while the second-order deriv-
ative only eliminated part of the difference in the VIS region (Fig. 7e), 
and failed to characterize the difference in the NIR and SWIR regions 
(Fig. 7f). The second-order derivatives also removed some key spectral 
features in the NIR and SWIR regions. Other leaf samples in Dataset #1 
and #5 with the similar tendency were not presented. Further com-
parisons were performed among the measured BRF and DHRF spectra 

from the leaf sample in Dataset #1 and the simulated DHRF spectra 
(Fig. 7 g–i). The simulated DHRF spectra from the PROSPECT inversion 
matched well with the measured BRF spectra, which ignored the dif-
ference between BRF and DHRF spectra. The simulated DHRF spectra 
from the PROSDM-FMD was close to the measured DHRF spectra espe-
cially in the SWIR region, suggesting that the use of MD in the PROSDM 
could characterize the wavelength-dependent f. 

3.3. Performances of PROSDM with leaf BRF spectra 

3.3.1. Retrievals of Cab and Cxc 
Table 3 presents the estimation accuracies of Cab and Cxc using 

different inversion methods based on the PROSPECT-PRO with the full 
spectral domain. The optimal retrieval of Cab (RMSE = 6.20 μg/cm2) in 
Dataset #1 was achieved by the PROSDM-SED, which also generated the 
best Cab assessment in Dataset #4 and #7 with the RMSEs of 16.67 μg/ 
cm2 and 9.19 μg/cm2, respectively. The best retrieval of Cab in Dataset 
#8 was obtained by the PROSDM-FMD (RMSE = 6.66 μg/cm2). As for all 
datasets, the PROSDM-SED outperformed other inversion methods in 

Fig. 4. The difference between mean BRF and DHRF spectra (a) as well as the contribution of the difference to the mean BRF spectra (b). Oilseed rape (red line) was 
obtained in Dataset #1, and other plant species were obtained in Dataset #5. (For interpretation of the references to colour in this figure legend, the reader is referred 
to the web version of this article.) 

Fig. 5. Leaf BRF spectra (BRF = DHRF + f) derived from the same leaf DHRF spectra with different f (a). Retrieved leaf biochemical traits (b) (Cab, green dotted line; 
Cxc, blue dotted line; Cw, red dotted line; Cm, dark red dotted line) and leaf structure parameter (N, orange line) from leaf BRF spectra calculated from the same leaf 
DHRF spectrum with f ranging from − 0.03 to 0.03 using the PROSPECT–PRO inversion. (For interpretation of the references to colour in this figure legend, the reader 
is referred to the web version of this article.) 
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the Cab retrieval (RMSE = 7.64 μg/cm2) with the RMSE reduced by 
20.33%. Consistent with the retrieval of Cab, Cxc was best retrieved by 
the PROSDM-SED for all datasets with the RMSE of 2.77 μg/cm2 as well 
as for individual datasets. Compared with the PROSPECT inversion, the 
RMSE of Cxc retrieval by the PROSDM-SED was reduced by 29.34%. 

3.3.2. Retrievals of Cw and Cm 
Table 4 shows the estimation accuracies of Cw and Cm using different 

inversion methods based on the PROSPECT-PRO with the full spectral 
domain. The PROSDM-FMD obtained the smallest RMSEs in the re-
trievals of Cw and Cm for all datasets with the RMSEs of 0.0041 g/cm2 

and 0.0024 g/cm2, respectively, which outperformed the PROSPECT 
inversion with the RMSEs reduced by 25.45% and 44.19%, respectively. 
For different datasets, the PROSDM-FMD achieved the better retrieval of 
Cw in Dataset #1, #6, #8, and #10 with the RMSEs of 0.0039 g/cm2, 
0.0020 g/cm2, 0.0053 g/cm2, and 0.0052 g/cm2, respectively, and the 
PROSPECT inversion achieved the same accuracy as the PROSDM-FMD 
in retrieving Cw for Dataset #10. The best assessment of Cw in Dataset #9 
was obtained by the PROCOSINE inversion (RMSE = 0.0026 g/cm2). As 
for Cm, PROSDM-FMD obtained the best estimation in Dataset #1, #3, 
#5, #6, #7, #8, and #10. While the PROCOSINE inversion produced the 
best estimation of Cm in Dataset #2 (RMSE = 0.0012 g/cm2), and the 
PROSDM-FED produced the smallest RMSE of 0.0015 g/cm2 for Dataset 
#9. 

3.3.3. Comparison among different inversion methods 
Fig. 8 shows the retrieval results of Cab, Cxc, Cw, and Cm in all datasets 

using different inversion methods based on the PROSPECT-PRO with the 
full spectral domain. The PROSPECT inversion performed the good 
estimation of Cab in Dataset #8 (Fig. 8a) with some underestimations 
and overestimations of Cxc (Fig. 8b). In addition, the PROSPECT inver-
sion overestimated Cab and Cxc for Dataset #1 and #4, and Cab for 
Dataset #7. Obviously, the PROCWT and the inversion of PROCOSINE 

produced severe overestimations of Cab and Cxc, and these over-
estimations and underestimations were significantly reduced by the 
PROSDM (Fig. 8m and n). Compared with the retrievals of pigments, 
substantial improvements in the retrievals of Cw and Cm were observed 
by the PROCOSINE inversion. However, it still got some overestimations 
or underestimations, such as Cw in Dataset #6 and #10, and Cm in 
Dataset #5. The PROCWT also produced the good retrieval of Cw, while 
it greatly overestimated and underestimated Cm (Fig. 8k and l). Simi-
larly, the PROSDM improved the retrievals of Cw and Cm especially for 
Cm in Dataset #5 (Fig. 8o and p), while a smaller relative error for the 
retrieval of Cw was obtained for all datasets. When Cab, Cxc, Cw, and Cm 
were large, the relationships between the measured and the estimated 
values from the PROSPECT inversion, PROCOSINE inversion, and 
PROCWT significantly deviated from the 1:1 line. A better relationship 
between the measured and retrieved biochemical traits was obtained by 
the PROSDM, suggesting the PROSDM increased the sensitivities of leaf 
reflectance to the high values of Cab, Cxc, Cw, and Cm. 

3.4. Model inversions with different PROSPECT versions and spectral 
domains 

3.4.1. Variations in different versions of PROSPECT model 
Fig. 9 shows the retrieval results of Cab, Cxc, Cw, and Cm in all datasets 

from leaf BRF spectra based on different PROSPECT versions with the 
full spectral domain. As for pigments, the model inversions based on the 
PROSPECT-PRO obtained the smaller error in the Cab retrieval except 
the PROCWT-S4 (Fig. 9a), while the model inversions based on the 
PROSPECT-5 achieved the better retrieval in Cxc (Fig. 9b). The model 
inversions based on the PROSPECT-PRO outperformed those based on 
the PROSPECT-D to retrieve Cw except the PROSPECT inversion 
(Fig. 9c). The model inversions based on the PROSPECT-PRO improved 
the retrieval of Cm compared with those based on the PROSPECT-D 
(Fig. 9d). In summary, the proposed PROSDM based on the 

Fig. 6. Leaf BRF spectra derived from the same leaf DHRF spectrum with f of 0.03 and − 0.03 at 400–1400 nm and 1401–2500 nm, respectively (a). Retrieved leaf 
structure parameter N (b), Cab (c), Cxc (d), Cw (e), and Cm (f) from leaf BRF spectra (BRF = DHRF + f) calculated from the same leaf DHRF spectrum with f ranging 
from − 0,03 to 0.03 at 400–1400 nm and 1401–2500 nm, respectively, using the PROSPECT–PRO inversion. 
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PROSPECT-PRO achieved the better retrievals of Cab, Cw, and Cm with a 
comparable retrieval of Cxc. 

3.4.2. Model inversions with VNIR and SWIR regions 
Fig. 10 shows the retrieval results of Cab, Cxc, Cw, and Cm in all 

datasets using different inversion methods based on the PROSPECT-PRO 
with spectral subdomains: VNIR region for Cab and Cxc, and SWIR region 
for Cw and Cm. Compared to the results with the full spectral domain in 
Fig. 8, the inversions of PROSPECT and PROCOSINE obtained the 
comparable retrievals of Cab, Cxc, Cw, and Cm, and some improvements in 
the retrievals of Cab, Cxc, Cw, and Cm were observed with the PROCWT. 
Compared with other inversion methods, the PROSDM still achieved the 
best retrievals of Cab, Cxc, Cw, and Cm, suggesting the applicability of the 
PROSDM to leaf BRF spectra with spectral subdomains for the retrievals 
of Cab, Cxc, Cw, and Cm. 

3.5. Model inversions with smooth spectra and prior information 

3.5.1. Effects of the spectral noise 
Considering the effects of the spectral noise on the PROSDM, the 

original and smooth BRF spectra were compared to retrieve Cab, Cxc, Cw, 
and Cm in all datasets based on the PROSPECT-PRO (Fig. 11). Results 
showed that there did not exist the significant difference in the retrievals 
of Cab, Cxc, Cw, and Cm between original and smooth BRF spectra, and the 
increased moving window size also did not improve the retrieval results. 
This indicated that the retrieval results by the PROSDM were not 
affected by the spectral noise. 

3.5.2. Effects of the range of model parameters 
The effects of the range of model parameters on the retrievals of Cab, 

Cxc, Cw, and Cm from leaf BRF spectral were analyzed using different 
inversion methods with the full spectral domain (Table 5). Relative to 
the set range in Table 2, the range of model parameters in Dataset #1 

Fig. 7. Differences between leaf BRF (green line) and DHRF (orange line) spectra using the first- (a–c) and second-order (d–f) derivatives by considering two cases of 
wavelength-independent f (a, d) and wavelength-dependent f (b, c, e, f). As for wavelength-independent f, leaf DHRF spectra (DHRF = BRF – f) were calculated from 
the same leaf BRF spectrum with different f (a, d). As for wavelength-dependent f, leaf BRF and DHRF spectra at 400–800 nm (b, e) and 800–2500 nm (c, f) were 
obtained from the leaf sample in Dataset #1, and other leaf samples with the similar tendency were not presented. Comparisons among the simulated DHRF spectra 
from the PROSPECT inversion and PROSDM-FMD and the measured BRF and DHRF spectra from the leaf sample in Dataset #1 (g–i). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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and #8 were refined based on measurements of Cab, Cxc, Cw, and Cm in 
Table 1. Compared with the results in Tables 3 and 4, all inversion 
methods obtained the better retrievals in Cab and Cxc in Dataset #1 and 
#8, and the PROSDM outperformed other inversion methods for most 
cases except that the PROCWT-S4 obtained the better retrieval of Cab in 
Dataset 8 (RMSE = 6.55 μg/cm2). The inversions of PROSPECT and 
PROCOSINE achieved the comparable retrievals of Cw and Cm in Dataset 
#1 and #8 with the improved retrievals obtained by the PROCWT-S4, 
and the best results were achieved by the PROSDM. 

4. Discussion 

4.1. BRF-DHRF differences affect the PROSPECT inversion 

In the case of leaf BRF measurements, the specular reflectance cannot 
be ignored due to that leaf reflectance exhibits some anisotropy asso-
ciated with illumination and viewing angles as well as leaf surface 
structures (Jay et al., 2016; Li et al., 2019), which led to the significant 
difference between leaf BRF and DHRF spectra. Our data confirmed that 
the difference between BRF and DHRF spectra (f) was large, and the 
maximum contribution of f to the BRF spectra could reach 20%–60% in 
the VIS region and 20%–100% in the SWIR region (Fig. 4). Similar 
findings were found in the reported studies (Walter-Shea et al., 1989; 
Jay et al., 2016; Potůčková et al., 2016; Li et al., 2019). Our result also 
showed that f was dependent on wavelengths at the full spectral domain 
especially in the SWIR region, although the variation in f in the VNIR 
region was small. The variation in f for broad leaves (such as oilseed 

rape, northern red oak, red maple, and white oak) were smaller than that 
for needle leaves (such as balsam fir, eastern hemlock, and foxtail pine) 
(Fig. 4). The reason is that needle leaves are too narrow so they need to 
be laid flat to fill the measuring region within the leaf clip, which causes 
multidirectional reflectance under different angles and spatial archi-
tectures (Potůčková et al., 2016; Rajewicz et al., 2019). The special 
structures of needle leaves also resulted in that the difference between 
BRF and DHRF spectra may be positive or negative at different wave-
lengths especially before and after 1400 nm (Fig. 3a), and similar results 
were observed in the previous study (Potůčková et al., 2016). This is 
likely associated with the difference of the contribution of structure 
parameter N to leaf reflectance before and after 1400 nm (Jay et al., 
2016). 

The variation in f would affect the retrievals of Cab, Cxc, Cw, and Cm 
from leaf BRF spectra using the PROSPECT-PRO inversion (Figs. 5 and 
6). As for the wavelength-independent f, the increased f caused the 
underestimations of Cab, Cxc, and Cw. This finding is consistent with the 
results from the PROCWT (Li et al., 2018), since the higher reflectance 
indicates the lower content of biochemical traits. However, Cm did not 
follow this tendency, which exhibited the similar change to N, sug-
gesting that the confounding effects between N and Cm were responsible 
for the retrieval of Cm (Jay et al., 2016). The wavelength-dependent case 
for f produced the complex influence on the retrievals of N and 
biochemical traits. Generally, the increased f produced the lower con-
tents of biochemical traits retrieved from the PROSPECT-PRO. The un-
derestimations and overestimations of leaf biochemical traits would be 
obtained when f was positive and negative at each wavelength, 

Table 3 
RMSEs of estimating Cab (μg/cm2) and Cxc (μg/cm2) from leaf BRF spectra using different inversion methods based on the PROSPECT-PRO with the full spectral 
domain. The values in bold indicate the best retrieval for different leaf biochemical traits.  

Trait Method Dataset 

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 All 

Cab 

PROSPECT 7.62 – – 18.55 – – 14.39 9.43 – – 9.59 
PROCOSINE 12.06 – – 30.18 – – 16.64 10.76 – – 13.60 
PROCWT-S4 17.00 – – 32.31 – – 17.64 12.91 – – 17.53 
PROSDM-FED 17.19 – – 32.68 – – 18.15 9.49 – – 17.27 
PROSDM-SED 6.20 – – 16.67 – – 9.19 9.10 – – 7.64 
PROSDM-FMD 15.61 – – 28.52 – – 17.71 6.66 – – 15.41 
PROSDM-SMD 15.77 – – 23.57 – – 13.52 7.80 – – 15.06 

Cxc 

PROSPECT 3.73 – – 6.40 – – – 3.65 – – 3.92 
PROCOSINE 7.80 – – 11.34 – – – 4.65 – – 7.51 
PROCWT-S4 7.53 – – 8.20 – – – 4.08 – – 7.02 
PROSDM-FED 7.58 – – 8.47 – – – 3.25 – – 6.98 
PROSDM-SED 2.81 – – 3.61 – – – 2.42 – – 2.77 
PROSDM-FMD 7.21 – – 8.09 – – – 2.58 – – 6.60 
PROSDM-SMD 6.81 – – 7.01 – – – 2.49 – – 6.19  

Table 4 
RMSEs of estimating Cw (g/cm2) and Cm (g/cm2) from leaf BRF spectra using different inversion methods based on the PROSPECT-PRO with the full spectral domain. 
The values in bold indicate the best retrieval for different leaf biochemical traits.  

Trait Method Dataset 

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 All 

Cw 

PROSPECT 0.0055 – – – – 0.0037 – 0.0068 0.0052 0.0052 0.0055 
PROCOSINE 0.0052 – – – – 0.0061 – 0.0057 0.0026 0.0071 0.0049 
PROCWT-S4 0.0053 – – – – 0.0083 – 0.0071 0.0037 0.0064 0.0054 
PROSDM-FED 0.0042 – – – – 0.0027 – 0.0058 0.0038 0.0065 0.0045 
PROSDM-SED 0.0304 – – – – 0.0385 – 0.0428 0.0281 0.0332 0.0324 
PROSDM-FMD 0.0039 – – – – 0.0020 – 0.0053 0.0035 0.0052 0.0041 
PROSDM-SMD 0.0211 – – – – 0.0163 – 0.0172 0.0180 0.0197 0.0195 

Cm 

PROSPECT 0.0034 0.0021 0.0050 – 0.0076 0.0024 0.0048 0.0033 0.0039 0.0044 0.0043 
PROCOSINE 0.0033 0.0012 0.0043 – 0.0063 0.0018 0.0036 0.0026 0.0026 0.0044 0.0036 
PROCWT-S4 0.0043 0.0018 0.0074 – 0.0064 0.0081 0.0043 0.0132 0.0016 0.0032 0.0057 
PROSDM-FED 0.0036 0.0010 0.0052 – 0.0050 0.0025 0.0036 0.0052 0.0015 0.0019 0.0034 
PROSDM-SED 0.0332 0.0305 0.0289 – 0.0270 0.0339 0.0310 0.0335 0.0323 0.0315 0.0317 
PROSDM-FMD 0.0025 0.0014 0.0034 – 0.0039 0.0011 0.0028 0.0021 0.0023 0.0015 0.0024 
PROSDM-SMD 0.0038 0.0031 0.0073 – 0.0101 0.0033 0.0049 0.0095 0.0036 0.0030 0.0057  
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respectively (Fig. 5b). As a result, the PROSPECT inversion produced the 
underestimations of Cw in Dataset #1 (Fig. 8c), due to the positive f in 
the 1401–2500 nm (Fig. 4a), which mainly controlled the retrieval error 
in Cw without the significant influence from f at 400–1400 nm (Fig. 6e). 
However, when the sign of f was inconsistent at different wavelengths, 
the tendency of retrieval errors was determined by the sign of the ma-
jority of f and the confounding effects of N, pigments, Cw, and Cm on f. 
For an example, both positive and negative f in Dataset #1 were 
observed in the VNIR region, while Cab and Cxc were severely over-
estimated (Fig. 8a and b). Such results were caused by the majority of 
negative f in the VIS region, which were critical for the retrievals of Cab 
and Cxc (Sun et al., 2019b; Spafford et al., 2021). Although Dataset #5 
also showed positive and negative f at different wavelengths, the ma-
jority of f at 400–1400 nm and 1401–2500 nm was still negative. Thus, 
obvious underestimations were presented with Cm (Fig. 8d), which 
matched well with the simulated results by the PROSPECT-PRO in 

Fig. 6f. 

4.2. Advantages of PROSDM for retrieving leaf biochemical traits with 
leaf BRF spectra 

As indicated in the hyperspectral derivative analysis by Tsai and 
Philpot (1998), the use of spectral derivatives can capture the important 
spectral features of leaf biochemical traits. Our results showed that the 
first- and second-order derivatives highlighted the absorption features of 
Cab, Cxc, Cw, and Cm, such as at 530 nm, 720 nm, 1390 nm, and 1870 nm, 
and alleviated the influence of other biochemical traits (Fig. 7). 
Furthermore, to cope with the difference between BRF and DHRF 
spectra, the spectral derivatives can remove the wavelength- 
independent f as described in Eqs. (13)–(15), without adding new pa-
rameters into the PROSPECT model. Different from the PROCOSINE and 
PROCWT that only removed the wavelength-independent f, the 

Fig. 8. Measured and estimated Cab (a, e, i, m), Cxc (b, f, j, n), Cw (c, g, k, o), and Cm (d, h, l, p) in all datasets (Dataset #1–#10) from leaf BRF spectra using the 
PROSPECT inversion (a–d), PROCOSINE inversion (e–h), PROCWT-S4 (i–l), and PROSDM (m–p) based on the PROSPECT-PRO with the full spectral domain. For the 
PROSDM, the PROSDM-SED was used to retrieve Cab and Cxc, and the PROSDM-FMD was used to retrieve Cw and Cm. 
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PROSDM applied the MD to remove the wavelength-dependent f. The 
specific relationship between the ED and MD for two spectra presented 
in Fig. 1 and Eq. (5) indicates that MD can be obtained by adding a bias 
(
∑

λ=1
λ=nbλ) to the ED. It could be explained that the MD considers an 

accumulative difference between two spectra over the entire region, 
while the ED focuses on the shortest distance between two spectra (Khan 
et al., 2019), and thus the difference between the ED and MD can be 
expressed as a bias. As both f̂m

λ d and bλ are small and related to f, we can 

hypothesize that f̂m
λ d is equal to bλ. Thus, a new cost function in Eq. (20) 

was obtained for the model inversions by removing the bias (
∑λ=n

λ=1 f̂m
λ d) 

with the use of MD. The good match between the simulated DHRF and 
the measured DHRF spectra in the SWIR region presented in Fig. 7g-i 
further verified the assumption. As a result, the PROSDM-FMD exhibited 
the advantage on the retrievals of Cw and Cm than other inversion 
methods. 

4.2.1. Advantages of PROSDM-SED for retrieving Cab and Cxc 
The PROCOSINE and PROCWT made efforts in the characterization 

of the relationship between BRF and DHRF spectra, while they were 
limited for various plant species, leading to the decreased retrieval ac-
curacies of Cab and Cxc. The PROSPECT inversion obtained the better 
results than the PROCOSINE inversion and PROCWT. It could be 
explained that the Thetai and Bspec introduced in the PROCOSINE 
showed the high sensitivities in the VIS region, which marked the ab-
sorption features of Cab and Cxc (Jay et al., 2016), and this finding was 

supported by the results in Fig. 10. As for the PROCWT, although the use 
of CWT enhanced the spectral features of Cab, Cxc, Cw, and Cm, the 
spectral features of other biochemical traits were also enhanced, which 
would affect the model inversions due to the existing interactions be-
tween pigments, water, and structural properties (Ollinger, 2011; Berger 
et al., 2020). The PROSDM-SED achieved beset performance in 
retrieving Cab and Cxc with the RMSEs reduced by 20.33% and 29.34% 
compared with the PROSPECT inversion (Table 3), because the second- 
order derivative better eliminated the most differences between BRF and 
DHRF in the VIS region (Fig. 7). However, the use of the second-order 
derivative in the PROSDM-SMD did not produce the good retrievals of 
Cab and Cxc, since the second-order derivative has eliminated the dif-
ference in the VIS region and the implementation of MD produced an 
additional difference, resulting in a negative effect on retrieving Cab and 
Cxc. The best retrieval of Cab for grassland species in Dataset #8 was 
obtained by the PROSDM-FMD and -SMD. This could be attributed to the 
measurement method of leaf BRF spectra by placing the leaves seam-
lessly side by side (Kattenborn et al., 2019), which caused multidirec-
tional reflectance under different angles and spatial architectures. As a 
result, the only use of spectral derivatives in the PROSDM-SED could not 
eliminate the difference between BRF and DHRF spectra, and the inte-
gration of spectral derivatives and MD achieved the better retrieval of 
Cab. 

4.2.2. Advantages of PROSDM-FMD for retrieving Cw and Cm 
Different from the retrievals of Cab and Cxc, the PROSDM-SED and 

Fig. 9. Comparisons of different PROSPECT versions (green = PROSPECT-PRO, blue = PROSPECT-5, and orange = PROSPECT-D) for retrieving Cab (a), Cxc (b), Cw 
(c), and Cm (d) in all datasets (Dataset #1–#10) from leaf BRF spectra using the PROSPECT inversion, PROCOSINE inversion, PROCWT-S4, and PROSDM with the full 
spectral domain. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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-SMD obtained the poor retrievals of Cw and Cm with considerably low 
accuracies (Table 4). This is likely due to that Cw and Cm had a broad 
absorption region, while the second-order derivative weakened some 
small spectral features of Cw and Cm, although some local spectral fea-
tures were enhanced (Fig. 7). The first-order derivative removed part of 
the difference between BRF and DHRF spectra in the NIR and SWIR 
regions such as at 1400 nm and 1900 nm; while the implementation of 
MD compensated the limitation of the first-order derivative to further 
reduce the difference. As a result, the PROSDM-FMD achieved the best 
retrievals of Cw and Cm for all datasets. Additionally, PROSDM-FED 
improved the estimation accuracies of Cw and Cm for all datasets with 
the RMSEs reduced by 8.16% and 5.56%, respectively, and it achieved 
the optimal retrieval of Cm in Dataset #9. This result is supported by that 
the maize leaves in Dataset #9 has the relatively small difference be-
tween BRF and DHRF spectra associated with the absorption regions of 

Cm. Thus, f can be assumed to be independent on wavelengths, which 
can be eliminated by only using the first-order derivative. The high 
retrieval accuracy of Cm in Dataset #9 achieved by the PROCWT-S4 
further confirmed this finding. The inversion of PROCOSINE produced 
the superior retrieval of Cw in maize for Dataset 9. The reason is that 
maize leaves have undulations on the surface, causing the variations in 
the illumination zenith angle when light was reflected by the leaf, which 
can be characterized by the PROCOSINE model (Jay et al., 2016). 
However, the PROCOSINE inversion did not obtain the good retrieval of 
Cm in Dataset #9 due to that the strong absorption of Cw masked the 
absorption features of Cm (Féret et al., 2008). The interaction between 
Cw, Cm, and the specular parameter produced the inconsistent retrieval 
accuracies of Cw and Cm in Dataset #6 and #8 (Jay et al., 2016). In 
conclusion, although the PROSDM-FMD did not obtain the completely 
consistent retrieval results especially for Cm that is covary with water 

Fig. 10. Measured and estimated Cab (a, e, i, m), Cxc (b, f, j, n), Cw (c, g, k, o), and Cm (d, h, l, p) in all datasets (Dataset #1–#10) from leaf BRF spectra using the 
PROSPECT inversion (a–d), PROCOSINE inversion (e–h), PROCWT-S4 (i–l), and PROSDM (m–p) based on the PROSPECT-PRO with spectral subdomains: VNIR 
region for Cab and Cxc, and SWIR region for Cw and Cm. For the PROSDM, the PROSDM-SED was used to retrieve Cab and Cxc, and the PROSDM-FMD was used to 
retrieve Cw and Cm. 
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absorption (Qiu et al., 2018), it still achieved the best overall accuracies 
of retrieving Cw and Cm for all datasets. Specially, the retrieval error of 
Cm (RMSE = 0.0024 g/cm2) in all datasets was smaller than that of Cw 
(RMSE = 0.0041 g/cm2), which could be explained by that the average 
value of Cm (0.0065 g/cm2) was much smaller than the average value of 
Cw (0.0186 g/cm2). 

4.3. Retrieval uncertainty 

Leaf reflectance spectra exhibited the saturation tendency with 
increased Cab, Cxc, Cw, and Cm (le Maire et al., 2004; Jacquemoud et al., 
2009; Ollinger, 2011). When Cab, Cxc, Cw, and Cm were large, the 
retrieved accuracies from different inversion methods significantly 
decreased (Fig. 8). Similar results were found in the reported studies 
(Féret et al., 2008; Jay et al., 2016; Féret et al., 2017; Li et al., 2018; 
Jiang et al., 2020). Measurements of pigment contents based on refer-
ence methods at lab may also produce the saturation issue due to the low 
sensitives of instruments to high contents of pigments. Compared with 
other inversion methods, the PROSDM had the high potential to retrieve 
the high values of Cab, Cxc, Cw, and Cm from leaf BRF spectra. The noise 
level in spectral measurements may affect the retrievals of leaf 
biochemical traits from leaf BRF spectral, and this problem is critical 
near 400 nm and in the NIR plateau where the sensitivity of the sensor is 
lower (Jay et al., 2016). In addition, the use of spectral derivatives in the 
PROSDM may increase the noise level with the influence on the model 
inversion. Our results showed that the PROSDM with the original and 
smooth spectra did not exhibit the significant difference in the retrievals 
of Cab, Cxc, Cw, and Cm (Fig. 11). To implement the further study, it 
should highlight the necessity of implementing spectral measurements 
with least interference from the environment with minimized noise 
level. 

Differences between different PROSPECT versions showed the 
inconsistent retrieval results (Fig. 9). The retrieval accuracies of Cab in 
PROSPECT-PRO were higher than those in PROSPECT-5, while the 
retrieval of Cxc produced an opposite trend. This finding was in agree-
ment with the results from the PROCWT (Li et al., 2018), due to the 
variations in the SACs for pigments in PROSPECT-5 and -PRO (Féret 
et al., 2008). As for the retrievals of Cw and Cm, the PROSPECT-PRO 
achieved the superior/comparable performance to the PROSPECT-D, 
which was in accordance with the results from Féret et al. (2021). 
This indicates the importance of the new PROSPECT-PRO, which is 
potential for the retrievals of leaf biochemical traits. However, the 
increased model parameters in the PROSPECT-PRO may produce more 
ill-posed inverse problems especially in the SWIR region, and thus new 
inversion methods should be developed to reduce the interaction be-
tween model parameters. It must be also acknowledged that the use of 
the PROSDM based on the PROSPECT-PRO would contribute to the es-
timations of Cab, Cxc, Cw, and Cm as well as CBC and Prot from leaf BRF 
spectra for future study. 

The model inversions were affected by the use of spectra sub-
domains. As indicated in Jay et al. (2016), N and f had the high sensi-
tivities across the full spectral domain, responsible for the retrievals of 
leaf biochemical traits. The results in Figs. 5 and 6 also illustrated the 
complex relationship between f and biochemical traits as well as N. Even 
if f only changed in the SWIR region, it would affect the retrievals of 
pigments in the VIS region associated with the variation in N. These 
results suggested that the use of spectral subdomains could not account 
the contributions of all model parameters. Thus, the PROSPECT and 
PROCOSINE inversions as well as PROSDM did not obtain the better 
retrievals of Cab, Cxc, Cw, and Cm with spectral subdomains than those 
with the full spectral domain. However, the full spectral domain may be 
difficult to obtain for the practical applications especially at canopy 

Fig. 11. Comparisons of original (in Fig. 8) and smooth BRF spectra in the retrievals of Cab (green), Cxc (blue), Cw (orange), and Cm (red) in all datasets using 
PROSDM-SED (a) and PROSDM-FMD (b) based on the PROSPECT-PRO with the full spectral domain. “Smooth_3” indicates the smooth spectra by a simple moving 
window average with the window size of 3, and similar meanings apply to “Smooth_5” and “Smooth_7”. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 

Table 5 
RMSE of estimating Cab, Cxc, Cw, and Cm in Dataset #1 and #8 using different inversion methods based on the PROSPECT-PRO with the full spectral domain and the 
prior information of Cab, Cxc, Cw, and Cm in Table 1. The values in bold indicate the best retrieval for different leaf biochemical traits.  

Method Dataset #1 Dataset #8 

Cab Cxc Cw Cm Cab Cxc Cw Cm 

PROSPECT 7.29 2.75 0.0055 0.0034 8.91 3.51 0.0064 0.0033 
PROCOSINE 11.50 4.27 0.0052 0.0033 9.62 2.78 0.0053 0.0026 
PROCWT-S4 14.73 5.89 0.0048 0.0040 6.55 1.84 0.0056 0.0051 
PROSDM-SED 6.15 2.24 – – 6.83 1.68 – – 
PROSDM-FMD – – 0.0037 0.0023 – – 0.0051 0.0021  

L. Wan et al.                                                                                                                                                                                                                                     



Remote Sensing of Environment 267 (2021) 112761

16

scales. Although remarkable progress has been made on the identifica-
tion of the optimal spectral subdomain for the retrievals of leaf 
biochemical traits, no standard spectral subdomains have been devel-
oped, because different datasets display the inconsistent spectral sub-
domains associated with the spectral diversity (Féret et al., 2018; Féret 
et al., 2021; Spafford et al., 2021). Our results showed whether using 
leaf BRF spectra from the full spectral domain or spectral subdomains, 
the PROSDM achieved the best retrievals of Cab, Cxc, Cw, and Cm. This 
highlights the applicability of the PROSDM to leaf BRF spectra for the 
retrievals of Cab, Cxc, Cw, and Cm. Some improvements in the retrievals of 
Cab, Cxc, Cw, and Cm from spectral subdomains were observed with the 
PROCWT (Fig. 10), associated with the enhanced absorption features of 
chemical constituents by the CWT (Li et al., 2018). Further studies are 
needed to understand the confounding effects between PROSPECT 
model parameters as well as their effects on f, which would improve the 
retrievals of leaf biochemical traits from leaf BRF spectra with spectral 
subdomains. 

The range of model parameters also affected the retrievals of Cab, Cxc, 
Cw, and Cm from leaf BRF spectra. To cover all plant species presented in 
Table 1, this study selected a wide range of leaf biochemical traits for 
model inversions (Table 2), which obviously exceeded the range of 
actual measurements in some datasets, causing the poor performance of 
the PROCOSINE inversion and PROCWT. Although the PROSDM with 
such a range produced the better retrievals of Cab, Cxc, Cw, and Cm, there 
still existed some limitations due to the ill-posed inverse problem. This 
reason is that various combinations of individual leaf biochemical traits 
can yield similar leaf spectra (Ollinger, 2011; Weiss et al., 2020). Pre-
vious studies have showed that the use of a priori information on the 
range of model parameters is an efficient way to solve the ill-posed in-
verse problem (Combal et al., 2003; Jacquemoud et al., 2009). Our re-
sults further confirmed that the use of the priori information to 
determine the range of model parameters improved the retrievals of leaf 
biochemical traits especially for Cab and Cxc (Table 5). When the 
retrieval results were improved with the suitable range of model pa-
rameters, the proposed PROSDM still obtained the best results. These 
findings suggest that selecting the parameter range of the model inver-
sion is a critical step in solving the ill-posed inverse problem and 
improving the retrieval accuracies of leaf biochemical traits. This re-
quires the knowledge of a priori information of leaf biochemical and 
structural traits from field measurements and reported studies. 

5. Conclusions and perspectives 

In this study, a novel inversion method, called PROSDM, was pro-
posed to retrieve leaf biochemical properties from leaf BRF spectra. It 
was found that spectral derivatives were able to eliminate the 
wavelength-independent difference between leaf BRF and DHRF 
spectra. When the difference between BRF and DHRF spectra varied 
with the wavelength, spectral derivatives only removed part of the dif-
ference, while implementation of MD compensated the limitation of the 
spectral derivative to further reduce the difference. As a result, the 
PROSDM accurately retrieved Cab, Cxc, Cw, and Cm from leaf BRF spectra 
across different plant species. Unlike that the standard PROSPECT 
inversion requires the measurements of leaf DHRF spectra from a 
spectroradiometer with an integrating sphere, the PROSDM extended 
the application of the PROSPECT inversion to leaf BRF spectra for the 
retrievals of leaf biochemical traits. Potential, it can be applied to 
various handheld spectroradiometer coupled with the leaf clip for the in 
situ retrievals of leaf biochemical traits. 

With the full spectral domain, the PROSDM-SED achieved the 
optimal retrievals of Cab and Cxc with the RMSEs of 7.64 μg/cm2 and 
2.77 μg/cm2, respectively, and the best estimations of Cw (RMSE =
0.0041 g/cm2) and Cm (RMSE = 0.0024 g/cm2) was produced by the 
PROSDM-FMD. The RMSEs of Cab, Cxc, Cw, and Cm retrieved from the 
PROSDM were reduced by 20.33%, 29.34%, 25.45%, and 44.19%, 
respectively, compared with the PROSPECT inversion. Results 

demonstrated that the retrieval accuracies of Cab, Cxc, Cw, and Cm from 
the PROSPECT and PROCOSINE inversions as well as PROCWT were 
greatly affected by the spectral saturation, PROSPECT versions, spectral 
subdomains, and the range of model parameters. The retrieval results by 
different inversion methods may be improved with the suitable spectral 
subdomains and ranges of model parameters. This requires the knowl-
edge of a priori information of leaf biochemical and structural traits 
from field measurements and reported studies. Compare with these 
inversion methods, the proposed PROSDM showed the great potential to 
alleviate these negative effects on the retrievals of Cab, Cxc, Cw, and Cm. 
For different PROSPECT versions, the PROSPECT-PRO should be rec-
ommended to retrieve leaf biochemical traits from leaf BRF spectra. 

Further research is needed to measure the spectral and directional 
variations of the leaf BRF spectra based on the leaf BRDF model 
(Bousquet et al., 2005), and coupling the BRDF model with the proposed 
PROSDM could improve the characterization of variations between leaf 
BRF and DHRF spectra. In addition, the PROSDM did not obtain the 
consistent retrieval results in different datasets due to the variations in 
the difference between BRF and DHRF spectra across plant species. More 
work is expected to focus on challenges of understanding variability in 
leaf optical properties under different viewing and illumination angles 
across plant species. The PROSDM framework is expected to be per-
formed on different scales to advance the applicability of mechanistic 
approaches in remote sensing, ecology, and environmental studies. 
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Albrechtová, J., 2016. Comparison of reflectance measurements acquired with a 
contact probe and an integration sphere: implications for the spectral properties of 
vegetation at a leaf level. Sensors 16, 1801. 

Qiu, F., Chen, J.M., Ju, W., Wang, J., Zhang, Q., Fang, M., 2018. Improving the 
PROSPECT model to consider anisotropic scattering of leaf internal materials and its 
use for retrieving leaf biomass in fresh Leaves. IEEE Trans. Geosci. Remote Sens. 56, 
3119–3136. 

Rajewicz, P.A., Atherton, J., Alonso, L., Porcar-Castell, A., 2019. Leaf-level spectral 
fluorescence measurements: comparing methodologies for broadleaves and needles. 
Remote Sens. 11, 532. 

Ren, H., Wang, Y.-L., Huang, M.-Y., Chang, Y.-L., Kao, H.-M., 2014. Ensemble empirical 
mode decomposition parameters optimization for spectral distance measurement in 
hyperspectral remote sensing data. Remote Sens. 6, 2069–2083. 

Rivera, J.P., Verrelst, J., Leonenko, G., Moreno, J., 2013. Multiple cost functions and 
regularization options for improved retrieval of leaf chlorophyll content and LAI 
through inversion of the PROSAIL model. Remote Sens. 5, 3280–3304. 

Serbin, S.P., Singh, A., McNeil, B.E., Kingdon, C.C., Townsend, P.A., 2014. Spectroscopic 
determination of leaf morphological and biochemical traits for northern temperate 
and boreal tree species. Ecol. Appl. 24, 1651–1669. 

Serbin, S., Rogers, A., Liebig, J., 2018. NGEE Arctic Leaf Spectral Reflectance, Barrow, 
Alaska 2013. 

Sonobe, R., Miura, Y., Sano, T., Horie, H., 2018. Estimating leaf carotenoid contents of 
shade-grown tea using hyperspectral indices and PROSPECT–D inversion. Int. J. 
Remote Sens. 39, 1306–1320. 

Spafford, L., Le Maire, G., MacDougall, A., de Boissieu, F., Féret, J.-B., 2021. Spectral 
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