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Remote sensing inversion of vegetation parameters
with IPROSAIL-Net

Yunli Han, Yingying Dong, Yining Zhu, Member, IEEE, and Wenjiang Huang

Abstract—Vegetation parameters are important for the global
carboncycle. Therefore, the quantitative acquisition of vegetation
parameters is crucial. The inverse process of the PROSAIL model
has provided a classic method for vegetation parameter
estimation. The current PROSAIL inverse process simulation,
based on look-up tables and other methods, has challenges such as
low accuracy and poor spatial universality. To address these
issues, this study proposed a PROSAIL inverse process simulation
method based on deep learning. The PROSAIL model was
decomposed according to the physical process of the model. Then,
the corresponding network module was designed based on the
inverse process of each module and combined into the IPROSAIL-
Net. This network uses the reflectance of the vegetation canopies
asthe input and presents the leafstructure parameter, chlorophyll
a+b content Cab, equivalent water thickness, dry matter content
Cm, and leaf area index (LAI) as the output. This article
conducted experiments using two different sets of data. PROSAIL
simulation data were used to invert the five values. The inversion
accuracy was above 0.99 when the number of training samples
reached more than 30,000. EnMAP data were used to invert the
Cab and LAI values. When the number of training samples
reached more than 120, the cereals accuracy was above 0.97 and
the maize and rapeseed accuracies were above 0.99. The
IPROSAIL-Net design was further split into six networks for
separate trainings to verify its rationality. Therefore, the
IPROSAIL-Net neural network is reasonable and feasible for
remote sensing inversion of vegetation parameters.

Index Terms—Convolutional neural network, EnMAP,
Hyperspectral remote sensing, IPROSAIL-Net, PROSAIL model,
Vegetation parameters

I. INTRODUCTION

EGETATION parameters are important indicators of
vegetation’s growth status. Quantitative acquisition of

vegetation parameters is vital for precise agricultural
research and is of great significance in supporting research on
the carbon cycle [10, 19, 36]. Space-based remote sensing
technology is an effective tool for extracting vegetation
parameters [35]. At present, the main methods for remote
sensing inversion of vegetation parameters include statistical
methods and physically based model inversion methods [34].
Such statistical methods [11, 17, 23, 24] establish quantitative
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relationships between reflectance and vegetation parameters.
Generally, the accuracy of these methods is higher than that of
physically based model inversion methods, but they have
geographic limitations and cannot explain causal relationships.
Kennedy et al. [17] used parametric linear regression based on
the vegetation index (VI), a nonparametric machine learning
Gaussian regression equation (GPR), and inversion of the
PROSAIL model using a look-up table approach (LUT) to
invert the leaf and canopy biochemical and biophysical
properties of Arctic vegetation. The experiment showed that the
GPR, VI, and LUT methods had the highest, second highest,
and lowest accuracies, respectively. Physically based model
inversion methods [13, 21, 25] are based on the radiation
transmission mechanism and have strong universal
applicability. However, owing to the complexity of the model
and the numerous model parameters, their accuracy and
stability are limited. Current leaf and canopy parameter
inversion methods based on physically based model inversion
methods include LUT methods, optimisation methods, and
neural network methods. The LUT method [1, 2, 16] has low
parameter inversion accuracy due to the existence of “same-
spectrumforeign objects.” Abdelbaki etal. [1] introduceda new
method to regularise the LUT method, which alleviated the
problems of model uncertainty and measurement sensitivity,
thereby improving inversion accuracy. Jifi et al. [16] used a
combination of artificial neural networks and LUTS to retrieve
the crop leafareaindex (LAIl), leaf chlorophyll content,and leaf
water content. Among these methods, the LAl and leaf
chlorophyll content parameters exhibited the best inversion
results, whereas the water content parameter inversion results
were unsatisfactory. The optimisation method [7, 20, 27] relies
on the cost function and its initial value setting, which could
lead to relatively large differences between the calculation time
and convergence speed. Shangin et al. [27] used the
hyperparameter search algorithm tree-structure Parzen
estimator to perform PROSAIL model inversion. The results
were more accurate; however, prior knowledge of some of the
PROSAIL model parameters was necessary. Sihem et al. [7]
used the Bayesian method to conduct an inversion as a
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minimum cost function to solve the inversion problem. In
comparison, the chlorophyll a+b content Cap inversion results
were superior.

Currently, deep learning applications [18, 26, 37, 39] are
common. The development of methods for combining deep
learning with a mechanism model has become a popular topic
of research. A neural network can determine the internal
connection between the input and output through learning and
training based on the provided sample data. Therefore, a neural
network can be used for nonlinear parameter inversion. Xu et
al. [38] inverted rice canopy chlorophyll content and LAl based
on radiative transfer and a Bayesian network model. The
inversionaccuracy was high, and maladaptationwas effectively
alleviated. Bahrami et al. [3] used four machine learning
algorithms, namely support vector regression, random forest,
gradient boosting (GB), and extreme gradient boosting (XGB)
to estimate biophysical parameters. Experiments have shown
that, of these algorithms, the GB and XGB algorithms show the
best potential for crop parameter inversion.

This study combined the PROSAIL model with a neural
network to construct a deep neural network coupled with
remote-sensing radiation transmission mechanism for the
remote-sensing inversion of vegetation parameters. the
PROSAIL model is a nonlinear process, its inverse process
cannotbe resolved. The PROSAIL model was first decomposed
into modules, and the network module was designed according
to its physical processes. Stringing physically based modules
into a network could fundamentally solve the lack of physical
mechanismsin the inverse process of the PROSAIL model and
improve the mechanism of the network. The inverse process of
the PROSAIL model may simultaneously achieve the inversion
of five leaf parameters, includingthe leaf structure parameter N,
chlorophyll a+b content Cap, equivalentwater thickness Cw, dry
matter content Cm, and the LAL

Il. METHOD

2.1. Modularisation of the PROSAIL model

The PROSAIL model [5, 15] is a radiation transfer model
based on mathematics, physics, and ecology. The principle on
which this model is based makes it one of the most popular
radiative transfer tools, and it plays an important role in the
quantitative inversion of leaf and canopy parameters. The
PROSAIL model uses leaf reflectance and transmittance
obtained from the leaf optical characteristic model
(PROSPECT) as parameters and inputs them into the canopy
bidirectional reflectance model (SAIL) to obtain the vegetation
canopy reflectance. We first split the PROSAIL model into
PROSPECT and SAIL models and then further divided the two
models to obtain various small modules. These modules were
integrated to form a modular decomposition of the PROSAIL
model.

2.1.1. Modularisation of the PROSPECT model

The PROSPECT model [4, 6, 8, 9, 12, 14] is a radiative
transfer model based on Allen's generalised “plate model” The
model uses two types of parameters: leaf structure parameter N

and leaf biochemical parameters Can, Cw, Cm, brown pigment
content Corown, and carotenoid Car. Model inversion allows the
reconstruction of the leaf reflectance and transmittance features
in the 400-2500 nm range by adjusting six input parameters.

The PROSPECT model first solves the leaf transmission
coefficient based on the optical characteristics of the plant
leaves. It then uses the "plate model" to solve the leaf
reflectance and transmittance for one leaf structure. Stokes’
theory is used to solve the leaf reflectance and transmittance
when there is more than one leaf structure. Therefore, we
divided the PROSPECT model into the following three
modules.

Module 1: Solve the transmission coefficient of the plate & ,

which is a nonlinear function of all the input parameters. The
formula is:

6=(1-K)e ™ +k*[ "Ne™dx (1)
k(2)=2.K(2)C @

where A is the wavelength, K, (/1) is the spectral specific

absorption coefficient relative to leaf component 7, and C; is the
leaf component i content per unit of leaf area.

Module 2: Solve leaf reflectance o, and transmittance 7, ,
where N is equalto 1, and p, and 7, are nonlinear functions
of @ . The formula is:

t (90,)t,, (@,n)6% [ —t,,(90,n) ]
n* - ¢ [nz -t,,(90, n)}2
_ t,(90,m)t,, (a,n)6°n’
" 22 2 (4)
n*-@ [n —t,, (90, n)]

where ¢ is the maximum incidence angle defining the

p.=[1-t,, (an)]+

(3)

solid angle, N is the refractive index, and t,, (a,n) is the

transmissivity of the dielectric plane surface averaged overall
incidence directions and polarisations.
Module 3: Solve leafreflectance RN and transmittance TN ,

where Nisnotequalto I,and R and T arebothnonlinear

functions of p, and 7, . The formula is:

TaTa0 RN,l ”
R =Pt Peo R ©)
TOITM1 N
v W (6)

Based on the principle of the PROSPECT model and the
relationship between the three modules, connecting several
modules in series forms a modular decomposition of the
PROSPECT model (Fig.1).
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Fig. 1. Module decomposition of the PROSPECT model
2.1.2. Modularisation of the SAIL model

The SAIL model [29, 30, 31,32, 33] is an improved version
model of the Suits model. It simulates the bidirectional
reflectance factor of turbid medium plant canopies by solving
for scattering and absorption of four upward/downward
radiative fluxes. The model parameters were divided into four
categories: leaf parameters (LA, leaf inclination distribution
functions [LIDFa and LIDFb], and leaf angle distribution type
[TypeLidf]), soil parameters (soil reflectance [Psoil]), hot spot
parameters (hspot), and angle parameters (solar zenith angle
[tts], viewing zenith angle [tto], and relative azimuth angle
[psi]).

The SAIL model mainly describesthe relationship between
the luminous fluxes of different categories and directions
between the leaf layers, vegetation parameters, and the
transmittance and reflectivity of the vegetation canopy. These
are characterised as:

%Es e,
Ldx

di=—s'Es +aE” -oE"
Ldx

s v
dE =—sE,+oE —aE’
Ldx

dE,

Ldx

where L is the LAI, and x is the thickness of the layer which

was set to 0 for the top of the layer and -1 for the bottom of the

layer. Coefficientsk, s', a, o, W, v, v', and K are the

extinction and scattering coefficients that describe the
interactions between the four flux types.

The general solution of this system of differential equations

=wE, +VE" +V'E" —KE,

(
(0)=paE,(0)+ puE (0)+ 2y ' (-1 7,H, (8)

Based on its formula and process, the SAIL model is divided
into the following six modules:

Module 1: Calculating extinction and scattering coefficients.
These values are calculated from the input parameters of the
SAIL model.

Module 2: Solving py,, 7, 7,,, and 7, . The reflectivity

and transmittance of this part of the interaction are calculated
directly from the extinction and scattering coefficients, which
are expressed as

Py =(€"—e ")/ (he" —he™)

Ty = e

r,=€e"

7 =(h =)/ (he" —he™) 9)
m=+a’-o’

hl:hi:(a+m)/a

2
where p,, represents the diffuse reflectance for diffuse

incidence of a layer, z, representsthe direct transmittance in
the direction of the sun, z, represents the direct transmittance

in the direction of observation, and z, represents the diffuse
transmittance for diffuse incidence.
Module 3: Solving p,, the py,, 7o , T4, and p° . When

solvingthe SAIL model, the denominator may be zero, namely,
the singularity problem. The data calculation method for this
problemisprovidedinthe 4SAILmodel [33]. These parameters
are calculated using the model.

Module 4: Solving 7, and p° . When a hotspot effect

occurs, a correction needs to be made to the SAIL and SAILH
models [31], according to which the above parameters can be
calculated.
Module 5: Solving rso and rao, where rs is affected by the hot
spot effect. Both values are also affected by singularity.
(Tsd + z-ss rspdd )Too + (Tss + Tsd )rdo

rSO = pSO + TSSOO + 1 rS
— 1Py

(10)

Tdd rs (Too +Tdu)
1-rpy
Module 6: Solving the vegetation canopy reflectance R,

which is a function of rs and rao:

rdo = pdo +

— EO
B Ean + Egy (11)
=r, (1— SKYL) +1,,SKYL
Eyy
SKYL = —Esun vE, (12)

where Eg,, and E are direct sunlight and diffuse skylight,

respectively, when x=0.

According to the mechanism of the SAIL model and the
relationship between the six modules, the modular
decomposition of the SAIL model is formed by connecting
several modules in series (Fig.2).
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Fig. 2. Module decomposition of the SAIL model
2.2. Vegetation parameters inversion with IPROSAIL-Net
2.2.1. Basic structure of the neural network

Convolutional neural networks are widely used to prevent
spatial information loss, as they have fewer parameters,
perform fast feature training, and prevent overfitting. The main
structure of convolutional neural networks includes an input
layer, convolutional layer, activation layer, pooling layer, and
fully connected layer.

The convolutional layer is the core layer of the convolutional
network, and the main functions of the convolutional layer are
to extract the spatial characteristics of the hyperspectral image
through the mechanism of local perception and “weight sharing”
in order to reduce the number of parameters.

The formula is:

S(i,j)=(|*K)(i,j):;znll(i+m,j+n)K(m,n) (13)

where | is the hyperspectral image and K is the convolution
kernel.

The pooling layer generally follows a convolutional layer
and its essence is sampling. Common pooling layer operations
include maximum, average, and random pooling. The
maximum pooling operation was selected in this study, The
purpose of the pooling layer is to reduce the number of network
parameters, impute the scale invariance and rotation invariance
of the spectral image, and prevent overfitting.

The fully connected layer mainly maps the spectral image
characteristics to the leaf parameters, playing the role of the
“classifier.” The formula is:

Z, =Y\ *W, +B, (14)
where h is the hth layer, w, is the weight of the hth layer,
B, isthe hth-layerbias term,and Y, , isthe outputof the hth

layer.

The activation layer primarily improves the nonlinear
expression ability of the network. In this study, a ReLU
activation function was selected.

2.2.2. IPROSAIL-Net convolutional neural network design and
inversion process

To improve the neural network mechanism and accuracy of
vegetation parameter inversion, the PROSAIL model was first
decomposed into modules according to the physical process.
Then, the network modules were designed for solving each
module, and were finally combined into an end-to-end
IPROSAIL-Net for parameter inversion (Fig.3). IPROSAIL-
Net transfers 1x244 spectrum data into a network that
replaces the inverse process of the SAIL model to obtain leaf
reflectance and transmittance. These values are then transferred
to a network that replaces the inverse processes of the
PROSPECT model. Leaf parameters N, Cab, Cw, and Cn were
thus obtained. Because LAl is a parameter of the SAIL model,
LAl was obtained by invertingthe network branch of the inverse
process in the SAIL model. The 1x 244 spectrum data is a
simulation of the ENMAP data with a spectral range of 420-
2460nm and 244 bands.
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Fig. 3. IPROSAIL-Net neural network structure

Based on the physical process of the PROSAIL model, we
first replaced the inverse process of the SAIL model module to
solve the network. The first module of the SAIL model’s
inverse process involves solving for the vegetation canopy
reflectance R. Instead, this module chose a convolutional layer,
where the size ofthe convolution kernelwas 1x 3 ,the padding
was (0,1), and the number of channels was 32. Because this

module was a nonlinear process, the ReLU activation function
was added to increase its nonlinear expression ability. This step
mainly extracted the main characteristics of the spectrumand
the local connection of the convolution, where the “parameter
sharing” feature greatly reduced the network parameters,
ensured the sparsity of the network, and prevented overfitting.
Through this process, 32x1x244 spectral features were
obtained.

The second module of the inverse process of the SAIL model
involves solving rsoand rao. Thismodule selects a convolutional
layer where the size of the convolution kernel was 1x 3,
paddingwas (0,1), and the number of channels was 128. The

ReLU activation function was added. Through this process,
128 x1x 244 spectral features were obtained.

The third module ofthe inverse process of the SAIL model
involves solving 7, and p° . As this module has many

formulas and strong nonlinearity, four convolutional layers

l f e"’f *

LAI

@ Conv+RELU
@ Conv+RELU
@ Pooling
ﬁ FC+RELU
@ FC+Sigmoid

were used, and a ReLU activation function was added to each
layertoincrease itsnonlinear expression ability. The size of the
convolution kernel of each layer was 1x 3, the padding was
(0,1), and the numbers of channels were 256, 512, 521, and

256. In this step, more spectral feature types were extracted by
increasing the number of convolution kernels, and more
spectral information was retained. Through this process,
256 x1x 244 spectral features were obtained.

The fourth module of the inverse process of the SAIL model
involves solVing Py , Puo s Tea s+ Tao » @Nd p¢ . This module

used the convolutional and pooling layers. Because this was a
nonlinear process, the ReLU activation function was added
after the convolutional layer. The convolutional layer selected
a convolution kemel size of 1x 3 , the padding was (0,1), and

the number of channels was 256. This process resulted in
256 x1x 244 spectral features. The maximum pooling layer
was then passed through with a poolingsize of 1x 2, and the
256 x1x122 spectral features were obtained. The purpose of
adding a pooling layer was to extract the most important
features and reduce the dimensionality of the spectrum to
prevent overfitting.

The fifth module of the inverse process of the SAIL model
involved solving py , 7, and 7, . This module chose the
convolutional and pooling layers and added the RelLU
activation function after the convolutional layer. To fully
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express each spectrum, choosing an excessively large
convolution kernel was not appropriate. Therefore, a
convolution kernel size of 1x 3 was used, and the padding was
(0,1). For the splicing operation, the number of convolution

kernel channels was set to 256. The maximum pooling layer

selected the pooling size using 1x2 . The results show the
256 x1x122 spectral features.

Based on the decomposition principle of the SAIL model
modules, the spectral features werefirst obtained fromthe third,
fourth, and fifth modules, and then spliced to obtain the
256 x1x 488 spectral features. The maximum pooling layer

was then passed through with a pooling size of 1x2 . The
results showed the 256 x1x 244 spectral features.

The sixth module of the inverse process of the SAIL model
included the inverse process for solving the extinction and
scattering coefficients. Owingto the complexity of this process,
four convolutional layers were selected and the RelLU
activation function was added to each layer. The size of the
convolution kernel of each layer was 1x 3, the padding was
(0,1), and the numbers of channels were 128, 64, 16, and 2.

This process achieved 2x1x244 spectral features
representing the reflectance and transmittance of the leaves.

The seventh module of the SAIL model involved an inverse
process forsolving the LAI. This processwas derived from the
reverse process network of the SAIL model. This process was
parallel to the sixth module of the inverse process based on the
decomposition principle of the SAIL model modules. Its input
included the 256 x1x 244 spectral features. This module
selected four convolutional layers and three fully connected
layers. AReLU activation function was added to each layerto
increase the nonlinear expression capability, except for the last
layer, in which the Sigmoid activation function was added. The
size of the convolution kernel of each layer was 1x 3, the

stride was (1,3), and the numbers of channels were 128, 64,

and 32. The numbers of neurons were 128, 16, and 1,
respectively. The LAl valueswere then obtained from these
values.

Subsequently, the inverse process of the PROSPECT model
was performed. Its inputs included the leaf reflectance and
transmittance obtained from the inverse process of the SAIL

model. The calculation of the PROSPECT model was nonlinear.

The inverse process of the PROSPECT model was replaced by
four fully connected layers. The numbers of neurons were 128,
64, 16, and 4. The ReLU activation function was added to
replace the nonlinear process after each layer. This process
mapped the image characteristics of the reflectance and
transmittance of the leaf-to-leaf parameters. Four leaf
parameters were obtained: N, Cab, Cw, and Cp.

2.2.3. Training and verification of the convolutional neural
network

Network training minimises the loss function through
forward and backward propagations (Fig. 4). As IPROSAIL-
Net isa regression problemnetwork, the mean square errorloss

function was selectedto estimatethe error,as shownin Eq. (15).
The Adam algorithm was used as the optimisation method,
which continuously updates the parameters through positive
and negative processes for the loss function to reach the global

minimum.
2

. 13 .
MSE(y.y )=~ (¥ - ¥/) (15)
i=1
where y.is the i-th label value of the leaf parameter, y, isthe

predicted value of the network, and n is the number of leaf
parameters to be solved, which is equal to five.

First, simulated data were preprocessed. A number of
samples were randomly selected for training, verification, and
testing. Three sample groups were obtained once with
proportions of 60%, 20%, and 20%. Including the input value,
spectral reflectance, and its corresponding label value, N, Cab,
Cw, Cm, and LAl were used to facilitate convergence. Five
vegetation parameter values were normalised.

After initialising the weights, the spectral reflectance of the
training and verification samples were transferred to the
network in batches. The leaf parameters were calculated using
IPROSAIL-Net, as shown in Egs. (16). The loss function was
then used to find the sum tag value error, thus completing the
forward propagation.

y=0o(xW +b) (16)
wherey is the output vegetation parameter, which is a five-
dimensional vector; x isthe number of input spectral reflectance;
W andb are the weightsand biasterms of the convolutionaland
fully connected layers, respectively; o (x) is the activation

function.

The next step included backward propagation using the
Adam algorithm for the gradient descent. Default parameters
were selected using the PyTorch framework. The network
hyperparameters were set to the data batch size
batchsize =100, iteration number epoch =2000, and initial
learning rate Ir=0.001 . Because the learning rate was
prohibitively high, which may cause the model to miss the
optimal solution, the learning rate decay speed was set to 500
times per iteration (Ir=Ir x 0.8 ). As this was a batch of input
data, the mean cost function of the mean-squared error (MSE)
was used, as shown in Eqg. (18). The Adam algorithm was
appliedto calculate the gradient of each function and update its
weight. The updated weight formulae are given by Egs. (17)
and (19) as follows:

batchsize

J(y,y')zm Z MSE(y,y) (17)
w1, 99 W,b)

W =W Ir—aW (18)
1 AW, Db)

b=b—Ir =02 (19)

Forward and backward propagations were performed using
this method. The network parameters were updated through
forward and backward propagation. Each iteration was updated
to complete an epoch. Through continuous iterations, the cost
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function was continuously reduced. Finally, convergence was
achieved.
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The network was verified by taking the simulated values of
the vegetation parameters N, Cap, Cw, Cm, and LAl in the trained
network from the input of the test set. R? and root mean square
error (RMSE) of the real values were calculated using these two
valuesand the image to characterise the results of the inversion.

I1l. EXPERIMENTS RESULTS AND ANALYSIS

3.1. Quantitative inversion of the vegetation parameters based
on PROSAIL simulation data

3.1.1. Data simulation

This study assessed simulated data to verify the effects of the
network. The PROSAIL modelwas used to fix the seven model
parameters. The remaining eight parameters utilised values
within a certain range, as listed in TABLE |. The method
involvedselecting 0 ~ 1 random number rand, using Eq. (20)
to obtain the random values of these eight parameters and then
randomly combiningtheirvalues. Atotal of 500,000 loopswere
usedto obtain 500,000 values in the range of400-2500 nm. The
spectral data were stripped and the spectral response function
in Eq. (21) was used to divide the spectrum into 244 bands.

X = X + rand (Xop = Xoin ) (20)
Deng
Z f (XI )RPHIi
R== (21)
; (%)

where R represents the reflectance of the simulated data and
b... and b, represent the start and end wavelengths of the
spectrum, respectively. Inour study, bstart= 400 nm, bena = 2500

nm, and f(x ) were the values of the spectral response

function in the i-th band, and R,,; was the reflectance.

TABLE |
PROSAIL MODEL PARAMETERS
Model Parameter Range Unit
N 1.0~2.5 -
Co 5~90 ug-cm
C. 0.001~0.05 cm
PROSPECT C, 0.001~0.03 g-cm?
C. 10 ug-cm™
Coromn 0 -
LAI 0~10 -
LIDFa 30~80 deg
LIDFb 0 -
TypeLidf 2 -
SAIL hspot 0.01~1 -
Pssil 0~1 -
tts 30 deg
tto 10 deg
psi 10 deg

3.1.2. Quantitativeinversion of vegetation parameters based on
IPROSAIL-Net with PROSAIL simulation data

A numerical experiment of the IPROSAIL-Net inversion of
vegetation parameters was performed using PROSAIL
simulation data as the experimental data. To test the
dependence of IPROSAIL-Net on the data, the number of
training samples was set to 300,000, 60,000, 30,000, 6,000,
3,000, and 1,500. The training samples and corresponding
number of verification samples were then sent to the model
training network. The test samples were transferred to the
trained network, and vegetation parameters were obtained by
inversion. R?and the RMSE were calculated. the thermal scatter
diagramis shown in Fig. 5, and the accuracy diagram is shown
in Fig. 6.

The experimental results showed that the inversion
accuracies of the five vegetation parameter values retrieved
using IPROSAIL-Net were all greater than 0.94. When the
training sample size was greater than 30,000, the inversion
accuracies of all five vegetation parameter values were above
0.99. Large training samples were correlated with a larger R?
for the five vegetation parameter valuesand a smaller RMSE.
The predicted values were closer to the true values. We propose
that IPROSAIL-Net is suitable for the high-precision inversion
of vegetation parameters.
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Fig. 6. Accuracy map of the vegetation parameters inversion based on IPROSAIL-Net with simulation data

3.1.3. Quantitativeinversion of vegetation parameters based on
IPROSAIL-Net with PROSAIL simulation data

The classic deep convolutional neural network architecture of
VGG (Visual Geometry Group) features simplicity and ease of
implementation, which makes VGG networks widely used in
computer vision tasks such as image classification, object
detection, and semantic segmentation [28]. Therefore, the
VGG-16 network was selected for vegetation parameter

inversion in this comparative analysis. The convolution kernel
size of the VGG-16 network was set to 1x 3, the stride was

(1,1), andthe paddingwas (0.1) . The maximumpooling layer
size was 1x2 , the stride was (1,2) , and the numbers of

neurons in the fully connected layerwere 128, 64, and 4. The
sample selection and training methods for the VGG-16 and
IPROSAIL-Net were identical. The vegetation parameter
inversion results and comparisons are presented in TABLE |l
and Fig. 7.

TABLE I
COMPARISON OF VEGETATION PARAMETER INVERSION RESULTS BASED ON THE IPROSAIL-NET AND VGG-16 NETWORKS
WITH SIMULATED DATA

Cab
Model Number of

N

Cm Cw LAI

trainings R? RMSE R?

RMSE

R? RMSE R? RMSE R? RMSE
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Fig. 7. Vegetation parameters accuracy comparison with PROSAIL simulation data

The results of the numerical experimental analysis showed
that the inversion accuracy of IPROSAIL-Net was higher than
that of the VGG-16 network and that the RMSE of IPROSAIL-
Net was lower than that of the VGG-16 network. When the
number of training samples was greater than 30,000, the
accuracy of the inverted vegetation parameters of the VGG-16
network remained above 0.97, and the accuracy of IPROSAIL-
Net was above 0.99. When the number of training samples was
300,000, the R? values of Cab, N, Cm, Cw, and LAI obtained by
the inversion of the VGG-16 network were 0.97, and the RMSE
values were 4.18, 0.07, 0.001, 0.002, and 0.90, respectively.
The R? values of Cab, N, Cm, Cw, and LAl obtained by the
IPROSAIL-Net inversion were all above 0.99, and the RMSE
values were 1.44,0.07, 0.005, 0.0008, and 0.17, respectively.
In summary, the IPROSAIL-Net inversion of the vegetation
parameters achieved satisfactory results.

IPROSAIL-Net is suitable for high-precision inversion of
vegetation parameters. This is because the network was
combined with the PROSAIL radiation transmission model to
improve the mechanism of the neural network. The PROSAIL
model is divided into modules. The principles of network
construction and modules were used to replace the various
modules of the inverse process and were finally combined into
IPROSAIL-Net. The VGG-16 network determines the
theoretical basis; therefore, its inversion accuracy is lower than
that of IPROSAIL-Net. Consequently, IPROSAIL-Net is
suitable for high-precision inversion of vegetation parameters.

3.2. Quantitative inversion of Cab and LAI with EnMAP data

3.2.1. Quantitative inversion of Cab and LAl based on
IPROSAIL-Net with EnMAP data

To test the inversion of the vegetation parameters with the
IPROSAIL-Net using different data sets, hyperspectral data of
the EnMAP satellite located in the foothills of the German Alps
(48.0514 N, 11. 0760 E) were selected. This set of data was
acquired on July 22, 2006, and included the hyperspectral
reflectance and Cap and LAI concentrations of cereals, maize,
and rapeseed in the area. The hyperspectral reflectance was
processed by the atmosphere and contained 244 bands. The
distribution maps of the main crops, Cab images, and LAl
images are shown in Fig. 8.

Numerical experiments were performed using the Cas and
LAI vegetation concentrations in IPROSAIL-Net with EnMAP
data. To test the dependence of IPROSAIL-Net on the data, the
number of training samples was set to 6,000, 3,000, 1,500, 600,
300,120,and 60. The Caband LAI concentrations were obtained
by inversion. The R? and RMSE were calculated using true
values. the accuracy results are shown in Fig. 9.

The experimental results showed that the accuracy of Capand
LAl inversions based onthe EnMAP datawas greater than 0.91.
The RMSE of Ca and LAl were below 4.25 and 0.68,
respectively. A large number of trainings correlated with a
larger R? and smaller RMSE. The Cab and LAI concentrations
could, therefore, be inverted with high accuracy using EnMAP
data, indicating that IPROSAIL-Net can invert vegetation
parameters with high accuracy and support small data training
samples.
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3.2.2. Experimental results and comparison with EnMAP data

In the comparative analysis, the VGG-16 network was
selected for Cap and LAl inversions. The settings and sample
selection were identical to those used in the IPROSAIL-Net
training method. The inversion results and comparisons are
presented in TABLE Il and Fig. 10.

The experimental analysis showed that the vegetation
parameter inversion accuracy based on IPROSAIL-Net was
equaltoorhigherthanthatbased onthe VGG-16 network. The

RMSE obtained using IPROSAIL-Net was lower than the
RMSE obtainedwith the VGG-16 network inversion. When the
number oftrainingiterationswas 3000, the R? values of cereals,
maize,and rapeseed obtained using IPROSAIL-Net were 0.99,
the RMSE values of Cabwere 1.12,0.38,and 0.76, respectively,
and the RMSE values of LAl were 0.09, 0.05, and 0.10,
respectively. The corresponding R2 obtained using the VGG-
16 network were 0.99,the RMSE values of Cap were 1.62,0.86,
and 1.31, and the RMSE values of LAI were 0.20, 0.13, and
0.30, respectively. In summary, the IPROSAIL-Net inversion
of Cap and LAl using EnMAP data achievedsatisfactory results.

TABLE 1lI
COMPARISON OF CHLOROPHYLL A+B CONTENT (CaB) AND LEAF AREA INDEX (LAI) INVERSION RESULTS WITH THE IPROSAIL-NET

AND VGG-16 NETWORKS USING ENMAP DATA

Ca LAI

Category Number of trainings Category

R’ RMSE R’ RMSE
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3000 IPROSAIL-Net 0.99 1.12 0.99 0.09
VGG-16 0.99 1.62 0.99 0.20
1600 IPROSAIL-Net 0.98 1.64 0.99 0.29
VGG-16 0.96 2.96 0.96 0.51
600 [PROSAIL-Net 0.98 1.71 0.99 0.23
Cereals VGG-16 0.96 3.03 0.98 0.31
300 IPROSAIL-Net 0.97 2.57 0.98 0.27
VGG-16 0.91 4.55 0.97 0.36
120 IPROSAIL-Net 0.98 2.09 0.98 0.29
VGG-16 0.88 5.26 0.89 0.78
60 TPROSAIL-Net 0.92 4.25 0.91 0.68
VGG-16 0.52 10.62 0.62 1.44
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Fig. 10. Vegetation parameters accuracy comparison with EnMAP data

use N, Cab, Cw, and Cm and LAI as the output; Para-Net and
LAI-Net are used for training and verification, respectively.
The PROSAIL model combinesthe SAIL and PROSPECT
models. In this study, ParaNet was divided into two networks,
ISAIL-Net and IPROSPECT-Net, fortrainingand verification,
respectively. ISAIL-Net uses spectral reflectance as the input,
and leaf reflectivity and transmittance as the outputs.

3.3. Submodule training with the IPROSAIL-Net

The IPROSAIL-Net design was divided into modules to
verify its rationality. Numerical experimental verification was
performed with PROSAIL simulation sample data.
IPROSAIL-Net is composed of two branch networks, which
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IPROSPECT-Net is a network with leaf reflectivity and
transmittance as inputs and leaf parameters Cap, N, Crm, and Cw
as outputs.

In this section, the third and fourth modules of the inverse
process of the SAIL model are verified as separate subnetwork
modules to prove the rationality of their design, followed by
verification of the entire subnetworkfied. Because the third
network module of the SAIL model inverse process in
IPROSAIL-Net has 128 channels, this module should be the
input of two channels, namely rs and rqo. Therefore, to
preserve as much data as possible in multiple channels,
designing additional dimensionality reduction adaptation
modules to match the positive process is necessary. In this
study, a convolution layer with a convolution kernel size of
1x 3 and 64 channels was added at the beginning of the
subnetwork module, and a convolution layer with a
convolution kernel size of 1x 3 and 64 channels was added at
theend. Layersand 1 fully connected layer. Takingthe training
sample at 30,000 as an example, the loss function value of the
processed subnetwork module on the training and validation
sets was lower and gradually decreased, showing a

convergence trend. The R? values of the five parameters
obtained by inversion were all above 0.98, and the RMSE
values were below 0.11. This demonstrates the rationality of
this part of the design.

Similarly, when verifying the fourth module of the inverse
process of the SAIL model, additional dimensionality-
reducing adaptation modules must be designed to match the
positive process. The processing method was identical to that
used to verify the third module in the inverse process of the
SAIL model. Considering a training sample of 30,000 as an
example, the loss function value of the processed subnetwork
module on the training and validation sets was lower and
gradually decreased, showing a convergence trend. The R2
values of the five parameters obtained by inversion were all
above 0.98, and the RMSE values were below 0.11. This
demonstrates the rationality of this part of the design.

Next, we verified Para-Net, which uses spectral data as
inputs and Cab, N, Cm, and Cw as outputs. The data processing
and training methods were the same as those used for
IPROSAIL-Net. The training samples were set to 300,000,
60,000, 30,000, 6,000, 3.000, and 1.500. The results are listed
in TABLE V.

TABLE 1V

INVERSION OF THE LEAF PARAMETERS BASED ON THE PARA-NET NETWORK

Model

Number of tests

R RMSE R? RMSE R RMSE R RMSE
Netaoo000 100000 0.99 0.74 0.99 0.01 0.99 0.0003 0.99 0.0004
Netgoo00 20000 0.99 1.17 0.99 0.02 0.99 0.0004 0.99 0.0006
Neto00 10000 0.99 1.37 0.99 0.02 0.99 0.0005 0.99 0.0007
Neteooo 2000 0.99 1.73 0.98 0.06 0.99 0.0007 0.99 0.001
Netsgo 1000 0.99 2.84 0.98 0.06 0.99 0.0009 0.98 0.002
Netiseo 500 0.97 5.03 0.98 0.071 0.98 0.001 0.97 0.002

In the numerical experimental analysis, Para-Net inverted
Cab, N, Cm, and Cwwith high accuracy for different numbers of
samples and the accuracy remained above 0.97. The
experimental results demonstrate that the ParaNet network
module design is reasonable.

To verify the rationality of the network design further,
ParaNet was divided into two networks, ISAIL-Net and
IPROSPECT-Net, for training and verification, respectively.
First, 50,000 data points were simulated using the PROSAIL
model, and the values of spectral reflectance, leaf reflectance,
leaftransmittance, and leafparameters Can, N, Cm, and Cw Were
saved. Second, the datawere divided into training, verification,
and test sets in proportions of 60%, 20%, and 20%,
respectively. The corresponding training and validation set
samples were then passed to ISAIL-Net and IPROSPECT-Net
totrainthe two networks. The correspondingtest samples were
then transmitted to a trained network. Finally, the
corresponding network inversion values were obtained andthe
R? and RMSE values were calculated.

In the process of training ISAIL-Net, the accuracy of the loss
function of the training and verification sets reached 107
before gradually decreasing and converging, as shown in Fig.
11. ISAIL-Net was stable. After training ISAIL-Net, the leaf

reflectance and transmittance were obtained by inversion. The
calculated leaf reflectance R was 0.9489 and the RMSE was
0.0380. The leaf transmittance R? was 0.9473 and RMSE was
0.0387. ISAIL-Net can clearly invert the leaf reflectance and
transmittance with high precision; therefore, the ISAIL-Net
design is reasonable. The experimental results further
demonstrate that the design of the ISAIL-Net module is
reasonable.

In the process of training IPROSPECT-Net, the accuracy of
the loss function of the training and verification sets reached
107 before gradually decreasing and converging, as shown in
Fig. 11. After training the IPROSPECT-Net network, Can, N,
Cm and Cw were obtained via inversion. The R? values were
above 0.99, and the RMSE values were 0.053 for 9.3x10™,
3x10° , and 2x10°, respectively. IPROSPECT-Net could
invertthe four valuesofthe leaf parameterswith high precision;
therefore, the design of IPROSPECT-Net is reasonable.

LAI-Net used spectraldataasthe inputand LAl asthe output.
The data processing and training methods were identical to
those used in IPROSAIL-Net. The trainingsamples were setto
300,000, 60,000, 30,000, 6,000, 3,000, and 1,500. The R?
values obtained by the inversionwere 0.99, 0.99, 0.98, 0.95,
0.95,and 0.92, respectively. The RMSE were 0.17,0.30, 0.38,
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0.68, 0.65, and 0.84, respectively. The experimental results
further demonstrated that the design of the LAI-Net module is
reasonable.

ISAIL-Net loss

0.012 7 —— train loss

—— Vertify loss

0.010 7

0.008 1

loss

0.006 1

0.004 1
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The experimental results show replacingthe inverse process
of the PROSAIL model with IPROSAIL-Net is reasonable so
that vegetation parameter inversion can be performed.

IPROSPECT-Net loss
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Fig. 11 Network loss function. (a) ISAIL-Net network loss function; (b) IPROSPECT-Net network loss function

IV. CONCLUSION

To improve the inversion accuracy of the physical model
and neural network mechanism, this study proposes a
PROSAIL model inverse process simulation method based on
deep learning. The PROSAIL model was first divided into the
SAIL and PROSPECT models. Subsequently, based on the
physical process and mathematical model, the two models
were modularised. Networkmodules suchas the convolutional
layer, maximum pooling layer, and fully connected layer were
selected to replace the inverse process of each module
according to the network principle and finally combined into
IPROSAIL-Net. The convolutional, maximum pooling, and
fully connected layers reveal the feature extraction of the
spectrum and reduce dimensionality. IPROSAIL-Net inverted
five values of the vegetation parameters simultaneously, and
the rich gradient information in the forward and backward
propagation processes stabilised the network combination.
Therefore, better vegetation parameter prediction was
achieved.

To prove that IPROSAIL-Net can invert vegetation
parameters with high precision in different datasets,
experiments were carried out using PROSAIL simulation data
and EnMAP data. The results showed that vegetation
parameters could be inverted with high precision in both
datasets. IPROSAIL-Net was then divided into six networks
for separate training. The value of the loss function of each
network proved that the design of the PROSAIL model was
reasonable and that IPROSAIL-Net based on the PROSAIL
model could invert vegetation parameters with high precision.

In conclusion, The proposed IPROSAIL-Net network has
high accuracy in inverting vegetation parameters using
simulated data and EnMAP data. Due to the complexity of the
network, itsslowtrainingspeed, and the limited data we utilize,
our goal in future research is to continue optimizing the
network for fastand efficient training. And we hope to achieve
higher precision vegetation parameter inversion based on

small sample datasets and parameter inversion based on
multispectral remote sensing data.
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