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Abstract: Leaf area index is an important structural parameter that characterizes vegetation
growth conditions. Quickly and accurately obtaining the leaf area index of grassland
vegetation can provide support for grassland ecosystem assessment and terrestrial carbon
cycle research. Based on PROSAIL model and UAV hyperspectral data, this study
established a LAI inversion model for natural grassland through feature band selection,
PROSAIL parameter sensitivity analysis, lookup table combined with cost function.
Through comparison with the measured data on the ground, the accuracy of LAI inversion
was R?=0.8289, RMSE=0.3921m? m?. Based on this, the possibility of improving the
inversion model is proposed by analyzing the uncertainty of the image reflectance. After
adding 5% Gaussian noise to ESI, the inversion accuracy is R?=0.8394 and RMSE=0.3900
m2/ m?, which proves the accuracy of uncertainty analysis.

1. Introduction

Leaf area index is defined as half of the total area of green vegetation leaves per unit surface areal!],
and is listed as one of the key parameters affecting global climate change by the Global Climate
Observing System (GCOS)®!. Hulunbuir Grassland has grazing and rest grazing periods every year,
which will cause huge interference to the grassland ecosystem. Dynamic monitoring of changes in
natural grassland is of great significance for studying the quality and quantity of grassland.

The current approaches to LAI inversion from hyperspectral images can be divided into statistical
models and physical models. Compared with statistical models, physical models have a physical basis
and are universal. PROSAIL is one of the most widely used physical models for LAI inversionf,
Early scholars' research on leaf area index inversion using PROSAIL and other physical models
mainly focused on forests and crops. For example, HelJinyoul® combined artificial neural networks
and PROSAIL models to invert forest LAI, proving that physical models have stronger universality
than empirical models. Hao XiaohuiPlused the PROSAIL model and genetic optimization algorithm
to invert the LAI of soybean populations, and the correlation between the inverted values and the
measured values was good. However, the applicability of UAV hyperspectral data combined with the
PROSAIL model for LAI inversion of natural grassland remains to be studied. At the same time, after
a series of processes such as radiometric calibration and atmospheric correction, UAV images have
certain uncertainties in their image reflectivity. Uncertainty is propagated through the inversion
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algorithm and has an inevitable impact on the final inversion result.

This paper uses the measured LAI and synchronized UAV hyperspectral remote sensing data of
the grassland in the Hulunbuir during the growing season as data sources. Within the spectral range
of the UAV hyperspectral sensor, a band-by-band combination method is used to extract the
characteristic values. What’s more, the maximum likelihood estimation method was used to conduct
sensitivity analysis on the PROSAIL model, select sensitive parameters, use simulated spectra to
establish a lookup table, and conduct LAI inversion of natural grassland based on the analysis of
possible uncertainties in reflectance data.

2. Materials and methods
2.1 Study area

The research area is located in the Chinese Academy of Sciences Natural Grassland Restoration
Experimental Area in the north of Hailar District, Hulunbuir City. (119°28’ ~ 120°34" E, 49°06' ~
49°28' N). The study area and sample point distribution are shown in Fig 1. Summer in Hailar District
is characterized by a large temperature difference between day and night and concentrated
precipitation.
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Figure 1: Distribution map of study area and sampling points
2.2 Data

2.2.1 LAl measurements

The field data used in this experiment were obtained through field measurements with the LAI-
2200 vegetation canopy analyzer. A total of 90 quadrats were selected during the measurement, and
a small quadrat of Im>Lm was selected as the ESU (minimum sampling unit) in each quadrat. The
measured sample points are divided into a training set and a verification set in a ratio of 5:4. The
former is used to establish the inversion model, and the latter is used to verify the accuracy of LAI
inversion.
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2.2.2 UAV hyperspectral data

The hyperspectral sensor used in this experiment is Nano-Hyperspec. The sensor includes 272
bands in the range of 400~1000nm. The radiation resolution is 12-bit. After resampling, the interval
is 2 nm. The spatial resolution of the acquired image is 0.083m.

2.3 Method

2.3.1 Hyperspectral feature selection

In order to screen out representative bands that can better invert the LAI of natural grassland, this
study uses the band-by-band combination method to select characteristic bands of hyperspectral data,
and uses the Pearson coefficient (R), which represents the fitting accuracy, to measure its correlation.
The selected spectral index (SI) calculation formula is shown in Equations 1~5[1,
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In Equations 1~5, Ri and Rj (i,j=1, 2, ..., 272) are the reflectivity of the i and jth bands.

MSASI =

2.3.2 PROSAIL sensitivity analysis

To provide comprehensive simulations of vegetation spectral response., PROSAIL combines two
independent models, PROSPECT and SAIL. This study uses the PROSAIL model obtained by
coupling PROSPECT-5B, the latest version of PROSPECT, with the SAIL model. Not only does it
have many parameters, but due to spatial heterogeneity, its parameters cannot be directly applied to
different regions. Therefore, it is necessary to perform sensitivity analysis on the parameters to
complete the "localization™ adjustment of the parameters.

Therefore, this experiment introduced GLUE (Universal Maximum Likelihood Estimation) to
evaluate the sensitivity of the PROSAIL model. The specific steps are as follows:

(1) Generate random parameter set

Based on the LOPEZ 93 (Leaf Optical Properties Experiment 93) database data and some
references®l, the value range of the 13 parameters in the PROSAIL model is set, and the size of the
parameter set is set to 30000*%. The parameter value range is shown in Table 1.

(2) Define likelihood criterion

In this study, the Nash coefficient, which reflects the degree of fit between simulated values and
measured values, was selected as the likelihood criterion.

(3) Parameter sensitivity analysis

According to the assumed critical value, the parameter set is filtered, parameter combinations
greater than the critical value are retained, and their likelihood values are normalized. Plot a
scatterplot of the likelihood function values versus 12 parameters to find sensitive parameters.
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Table 1: Parameter setting

Parameter Abbr. in Unit Range Distribution
model type
Leaf structural N Unitless 1~3 Uniform
parameter
Leaf chlorophyll Cab ug/cm? 20~80 Uniform
content
Dry matter content Cm g/cm? | 0.002~0.02 Uniform
Equivalent water 9 N .
thickness Cw g/cm 0.002~0.04 Uniform
Brown pigments 2
content Corown ug/cm 0.02 /
carotenoid content Car ug/cm? 8~20 Uniform
Solar zenith angle tts ° -30~30 Uniform
Viewing zenith angle tto ° -30~30 Uniform
Relative azimuth Psi ° 0~180 Uniform
angle
Leaf area index LAI m?/m? 1~6.5 Gaussian
Average leaf angle ALA ° 30~80 Gaussian
Hot spot size hspot m/m 0.05~0.5 Uniform
parameter
Soil brightness Psoil Unitless 0.1~1 Uniform
parameter

2.3.3 The look-up table (LUT) inversion

Different inversion algorithms differ in computational speed, robustness and performance. The
most commonly used parameter inversion algorithms are numerical optimization algorithms, artificial
neural networks (ANN) trained on RTM data, and look-up tables (LUT).

Compared with numerical iterative optimization and artificial neural networks, LUT provides a
convenient method for LAI inversion. The advantages of the LUT method include the ability to avoid
convergence to local minima, ease of operation, and high computational efficiency. Based on the
above advantages, this study chose LUT combined with cost function as the inversion algorithm.

2.3.4 Uncertainty analysis

In LAI inversion, the most important input is surface reflectance. The uncertainty in image
reflectance determines the accuracy of LAI inversion to a certain extent™l. The optical signal
measured by the UAV sensor needs to be converted into reflectance data through radiometric
calibration and geometric correction, which introduces uncertainty in the reflectivity of UAV remote
sensing images to LAl inversion. This study focuses on the impact of uncertainty in image reflectance
on inversion.

Referring to Chen Weil*?lfor the comparison of UAV hyperspectral data and spectrometer
measured reflectance data, it is assumed that there is an uncertainty of 5% in the hyperspectral image.
Select one simulated spectrum from each level I to V from the PROSAIL simulated spectral library
for uncertainty analysis.

Monte Carlo simulation was used to add 5% Gaussian white noise to the two bands used to
construct the vegetation index, and the number of simulations was 50003, The noise-added
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simulated spectrum was brought into the inversion model for LAI inversion, and 5000 The standard
deviation of a group of LAI inversion values is used as the uncertainty of the group.

3. Results

3.1 Feature selection

In order to screen out the band combination with the strongest correlation between Nano-
Hyperspec hyperspectral data and LAI, Hulunbuir grassland LAl was used as the research object, and
the band-by-band combination method was used for band selection. The band-by-band combination
method uses any two bands of spectral data to construct NDSI, RSI, RDSI, ESI, and MSASI, and
perform linear fitting with grassland LAI respectively. The results are shown in Fig 2.
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Figure 2: Correlation between each spectral index and LAI

As can be seen from Fig 2, NDSI (764, 555), OSASI (731, 744), RDSI (733, 746), ESI (728, 741),
MSASI (862, 811) and LAI have the highest fitting accuracy, among the 5 Among the indices, NDSI
has the strongest correlation with LAI, with the Pearson coefficient R being 0.5573. The R of the
remaining four indices are 0.5206, 0.5206, 0.5131, and 0.5192 respectively. It can be considered that

-0.5600
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the fitting accuracy of the characteristic band combination extracted by this method meets
Experimental requirements (4],

3.2 Sensitivity analysis and parameter adjustment of PROSAIL model

Among the 90 ground measured points sampled, LAl is distributed between 1.427 m?/m?and 6.107
m2/m2. Since GLUE needs to perform single-point analysis on PROSAIL, samples were taken from
the LAI actual measurement points for single-point research. According to Yan Meigi's* study on
the correlation between LAI and FVC (Fractional Vegetation Cover), the equivalent relationship
between grassland LAI and coverage (Equation 6) was established, and LAI was converted into
coverage. LAI can be classified according to its coverage classification (Table 2).

y =0.1194x +0.1123 (6)

In Equation 6, y is vegetation coverage and X is LALI.
Table 2: Levels of vegetation sparsity

level FVC LAI
I 0<FVC<0.4 0< LAl <2.410
I 0.4<FVC<0.5 2.410< LAI <3.247
1 0.5<FVC<0.6 3.247<LAl <4.085
v 0.6<FVC<0.8 4,085< LAI <5.760
\V FVvC>0.8 LAI>5.760

According to Table 3, the LAI ground measurement points are divided into 5 levels, and a total of
5 sample points are randomly selected from the training set with reference to levels I-V for single-
point research. Because the single-point sensitivity analysis of level Il, 111, IV, and V sample points
is consistent with level I, only level I is listed here.

Taking 0.975 as the critical value, the parameter-likelihood value scatter distribution is obtained,
and the relationship between parameter selection and likelihood value is analyzed. The parameters
were divided into two categories based on the results.

The first category is sensitive parameters shown in Fig 3, whose parameter-likelihood value scatter
plot has an obvious changing trend. Such parameters include leaf structure index N, chlorophyll Cap,
leaf area index LAI, and average leaf inclination angle ALA. When considering the correlation
between parameters, they are still relatively sensitive parameters. Based on their posterior
distributions, the distribution type is changed to Gaussian distribution during inversion.

Tikelihood value
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Figure 3: Sensitive parameters

The second category is insensitive parameters, such parameters include dry matter content Cm, hot
spot parameter hspot, equivalent water thickness Cw, soil moisture index psoil, carotene Car, solar
zenith angle tts, observation zenith angle tto and relative azimuth angle psi. This is similar to the
analysis result of Wang Lijuan. Subsequently, they are set to the mean of the current value range.

3.3 Inversion results based on UAV spectral
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Figure 4: LAI inversion results

According to the study by Yun Jing®and others on the impact of lookup table size on LAl
inversion accuracy, 30,000 parameter combinations of specific distributions were input into
PROSALIL to obtain simulated spectra to construct a lookup table.

After the PROSAIL is driven by the above parameters to generate a lookup table, the UAV
hyperspectral image is brought into the inversion model to perform LAl inversion and obtain the LAI
inversion value. In order to verify the reliability of the inversion model, 40 sample point coordinates
outside the modeling sample were brought into the inversion image, and the pixel values were
extracted to obtain the LAI inversion value. The measured LA is used as the reference true value and
the LAI inversion value is used for regression analysis, and the correlation between the inversion
value and the true value is obtained. The results are shown in Fig 4. It can be seen from Fig 4 that the
LAl inversion R is 0.8289 and the RMSE is 0.3981m?/m?. It shows that the inversion model is feasible
for the inversion of LAI of natural grassland.

3.4 The impact of image reflectivity uncertainty on LAI inversion

3.4.1 Simulated spectrum

In order to evaluate the impact of the uncertainty of different eigenvalues on the inversion, each
eigenvalue of the five simulated spectra was inverted after adding noise. The standard deviation of
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the inversion value is used as the uncertainty of the corresponding characteristic value of the
simulated spectrum. The number of Monte Carlo simulations is set to 5000. The simulation results
are as follows.
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Figure 5: Uncertainty analysis

It can be seen from Fig 5 that after adding 5% Gaussian white noise to the five selected sample
points, except for the NDSI group and OSASI group of sample point 2 and sample point 3, the
performance trends are similar. And all five sample points fluctuate the most after adding noise in the
two bands of EVI, and the uncertainty reaches the maximum value at this time. The wavelength bands
used to construct the vegetation index are 728nm and 741nm, both of which belong to the red band.
At this band, the vegetation spectral curve has an obvious phenomenon, namely the "red edge"
phenomenon. The red edge is the point where the spectrum of green vegetation changes the fastest
between 680nm and 740nm, and the 728nm band of the ESI after feature selection in this article is in
this interval. In other words, under this parameter setting, the red edge position of the vegetation
spectrum curve simulated by the PROSAIL model may be near the 728nm band, which will have the
greatest impact on the inversion when the ESI changes.

3.4.2 Uncertainty Analysis of UAV Data

After uncertainty analysis of the simulated data, 5% Gaussian white noise was added to the UAV
hyperspectral data in the same way and then entered into the inversion model. The results are shown
in Table 3.

Table 3: Noise-added inversion results

Noise adding method Noisy band R? RMSE
No noise added / 0.8289 0.3981
NDSI Plus Noise R764—R555 0.8231 0.4022
OSASI Plus Noise R731—R744 0.8272 0.3968
RDSI Plus Noise R733—R746 0.8318 0.3941
ESI Plus Noise R728—R741 0.8394 0.3900
MSASI Plus Noise R862—R811 0.8275 0.3996

As shown in Table 3, it can be seen that the inversion results after adding noise to each eigenvalue
are quite different from the original inversion results. That is, when uncertainty exists in different
bands, the impact on the inversion is different.

Among them, when it is assumed that there is uncertainty in the two bands of NDSI or MSASI,
the LAI accuracy of the inversion decreases. The R? of the former decreases by 0.7% and the RSME
increases by 1.0%. The R? of the latter decreases by 0.2% and the RMSE increases. 0.4%. If it is
assumed that there is uncertainty in the two bands of OSASI, the LAI inversion result R? decreases
by 0.2%, and the RMSE also decreases by 0.3%. When it is assumed that uncertainty exists in RDSI
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and ESI, the LAI inversion accuracy can be improved. The former's R? increases by 0.3% and the
RMSE decreases by 1%. The latter's R? increases by 1.3% while the RMSE decreases by 2.0%.
Comparing the inversion results of the five eigenvalues, if it is considered that there is an uncertainty
of 5% in the 728nm and 741nm bands of the hyperspectral image, the accuracy of LAI inversion
which can be improved and a new method can be provided for natural grassland LAI inversion.

4. Conclusions

Understanding the growth status of natural grassland mainly depends on the physical and chemical
parameters of grassland vegetation. As one of the key indicators for dynamic monitoring of vegetation
growth, leaf area index is also closely related to the evaluation of ecosystems and plays a decisive
role in the quality assessment of natural grassland.

Currently, LAI inversion with high spatial resolution mainly relies on ground measured data for
modeling. This study divided the ground measured data into a training set to participate in modeling
and a validation set to verify the inversion accuracy. Based on feature extraction, sensitivity analysis
and lookup table fast inversion, a preliminary study was conducted on the impact of image reflectivity
uncertainty on LAI inversion, and the following main conclusions were obtained:

(1) The band-by-band combination method can effectively extract UAV hyperspectral information.
In addition to removing band redundancy, the bands with strong correlation with LAI inversion are
retained. Among the five eigenvalues, NDVI has the strongest correlation with LAI, and the
correlation coefficients of the other four eigenvalues are also higher than 0.5.

(2) GLUE was used as a global sensitivity analysis method to conduct sensitivity analysis on the
PROSAIL model and determine the sensitive parameters and their distribution. 30,000 simulated
spectra were simulated using the PROSAIL model, and fast inversion was performed through the
lookup table. The R? was 0.8289 and the RMSE was 0.3981m?/m?, which proved the feasibility of
the inversion model.

(3) The uncertainty brought by several possible situations of uncertainty in image reflectivity to
LAl inversion was analyzed, quantified through Monte Carlo simulation, and the uncertainty under
different situations was calculated. Among them, ESI brings a certain impact to the inversion. The
greatest uncertainty comes. Based on the uncertainty analysis, Gaussian white noise is added to the
image reflectance. Among them, after adding 5% Gaussian white noise to the two bands that make
up the ESI, the accuracy of LAI inversion has been further improved, proving the reliability of
uncertainty analysis.
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