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Estimation of Leaf Area Index Over Heterogeneous
Regions Using the Vegetation Type
Information and PROSAIL Model

Yangyang Zhang , Xu Han, and Jian Yang

Abstract—The leaf area index (LAI) is a parameter that can
indicate the vegetation canopy structure and accurately reflect
the growth state of vegetation. Most studies estimate the LAI of
single vegetation in homogeneous areas, but only few studies have
explored the LAI inversion of heterogeneous areas. Canopy hetero-
geneity in heterogeneous regions may increase the uncertainty and
difficulty of LAI quantitative inversion. Therefore, LAI retrieval in
heterogeneous areas needs to be studied to obtain LAI distribution
maps in a large spatial range. In this study, an LAI inversion model
considering vegetation types was proposed based on the look-up ta-
ble (LUT) method and the PROSAIL model for estimating the LAI
of heterogeneous surfaces. First, the LUTs of different vegetation
types were generated by using PROSAIL with a priori information
of multispecies. Second, the corresponding LUT for LAI estima-
tion was selected according to the determined vegetation types.
Finally, a parametric sensitivity analysis was conducted based
on the PROSAIL model to recognize the key parameters of the
algorithm’s efficiency. Results show that the approach considering
vegetation types (R2 = 0.63, RMSE = 0.75 / R2 = 0.64, RMSE =
0.50) is superior to the traditional approach that does not consider
vegetation types (R2 = 0.50, RMSE = 1.32 / R2 = 0.17, RMSE
= 1.81). Therefore, the former approach can greatly improve the
accuracy of multispecies LAI estimation, especially for areas with
high canopy heterogeneity. The proposed approach for multispecies
vegetation LAI retrieval can provide new insights for studying the
ecological status of complex land surface regions and exhibit an
excellent potential for the extended application of the PROSAIL
model in heterogeneous areas.

Index Terms—Heterogeneous areas, leaf area index (LAI), look-
up table (LUT), prosail, vegetation types.

I. INTRODUCTION

L EAF area index (LAI), as an essential structural parameter
of the ecosystem, can accurately reflect the physiological

state of vegetation [1]. LAI is a key indicator that considerably
affects the energy and material exchange processes in the canopy
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atmosphere, such as vegetation photosynthesis, respiration, and
transpiration, and is an indispensable parameter in most hydro-
logical, ecological, biogeochemical, and climate models [1],
[2], [3]. Hence, accurate LAI retrieval is an inevitable step
in monitoring vegetation growth, precision agriculture, yield
prediction, and biomass estimation [4]. For LAI estimation, em-
pirical models are constructed using remote sensing reflectance
or its corresponding mathematical form as the natural quan-
tity and LAI as the dependent variable [5]. These models are
relatively simple and fast and usually obtain good regressions.
However, statistical models lack physical mechanism and gen-
erality, which make them only suitable for specific areas [4]. By
contrast, the radiative transfer model (RTM), which is a model
of canopy, leaf, and soil properties, describes the relationship
between solar radiation and vegetation [6]. Thus, vegetation
physicochemical parameters and canopy spectral reflectance are
linked by RTM [7]. PROSAIL, a widely used canopy physical
model [8], is a coupling of the PROSPECT [9] and SAIL models
[10]. The PROSPECT model is a leaf optical model developed
by Jacquemoud and Baret [9]. Several versions of this model
have also been developed through multiple updates [11], [12],
[13]. The PROSPECT model assumes a functional relationship
between leaf reflectance and transmittance and biophysical and
biochemical parameters, and uses this functional relationship
to simulate leaf reflectance and transmittance in the range of
400–2500 nm [14]. SAIL is one of the earliest canopy RTMs
[10], [15], and is an extension of the one-dimensional model
developed by Suits [16]. This model simulates the duality reflec-
tion factor of vegetation canopy composed of mixed media by
solving four upward/downward scattering and absorbing radia-
tion fluxes. The SAIL model requires input of leaf transmittance
and reflectance to simulate canopy reflectance. Given that these
two parameters can be simulated by the PROSPECT model,
both PROSPECT and SAIL are coupled to obtain the PROSAIL
model. In this model, the leaf reflectance and transmittance
output from the PROSPECT model are used as input of the
SAIL model to simulate the canopy reflection in the range of
400—2500 nm. The PROSAIL model has several versions with
many improvements, and has been validated by many studies
[17], [18]. In the forward mode, the reflectance of a vegetation
canopy can be obtained by inputting different parameters based
on the PROSAIL model. Meanwhile, in the inverse mode, the
biochemical parameters of vegetation are retrieved based on
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spectral data and by using PROSAIL. Thus, previous studies
have widely used PROSAIL to retrieve the LAI of various vege-
tation types, such as wheat [19], [20], [21], [22], maize [23], [24],
and sugar beet [25], [26]. While these studies mainly focused on
the LAI retrieval of single vegetation type in homogeneous areas,
the LAI estimation of multispecies vegetation in heterogeneous
areas attracted limited attention [27] mainly because the under-
lying physical assumption of the PROSAIL model is that the
scattering surface is uniform. Thus, PROSAIL was suggested
to be applied in homogeneous vegetation canopies [28], [29],
[30]. The PROSAIL model is designed to limit the number of
possible variable parameters. Although not very realistic, doing
so allows for short computation times and easier inversions. By
contrast, 3-D RTMs provide a detailed description of canopy
layers and components through a number of variables that
can be fixed using a priori knowledge or retained as variable
parameters [31]. Hence, compared with complex 3-D RTMs,
the PROSAIL model needs fewer input parameters, has easier
acquisition, and is computationally less intensive [32]. The
application of this model needs to be extended to heterogeneous
surface regions that contain multiple species of vegetation. Nat-
ural environments are often heterogeneous, and they typically
contain multiple species of vegetation. However, differences in
background reflectance, canopy closure, stand age, and other
aspects in heterogeneous regions will aggravate the degree of
canopy heterogeneity, thus increasing the uncertainty of LAI
quantitative inversion. In this case, surface heterogeneity needs
to be properly expressed, its influence on the LAI inversion
model should be weakened, and the accuracy of LAI estimation
of heterogeneous surfaces must be improved.

Using the PROSAIL model for LAI inversion typically fol-
lows three strategies, namely, iterative optimization [33], [34],
look-up table (LUT) [24], [35], [36], and hybrid inversion [30],
[37], [38], [39]. The iterative optimization method is compu-
tationally intensive, has poor convergence, and the accuracy
of its LAI estimation depends on the preliminary values of
model parameters. LUT estimates LAI through a multisolution
database, hence, largely avoiding the effects of measured and
model errors [40], thus improving the accuracy and robustness
of the LAI estimation [41]. Therefore, LUT is a universal
and simple method for LAI estimation. Although the hybrid
inversion method is efficient, its procedures are not sufficiently
clear and transparent [22]. Several studies have also shown that
LUT exhibits a better LAI estimation performance than other
strategies based on PROSAIL [3], [4], [20], [42]. Due to its
stability and general robustness, LUT is widely used for LAI
estimation [20], [22], [42].

Remote sensing can monitor a wide range, and the high het-
erogeneity of vegetation in the region will increase the difficulty
of LAI inversion. The traditional LUT method does not consider
the heterogeneity of vegetation types [25]. All vegetation types
generate a unique LUT based on the PROSAIL model according
to a uniform input parameter distribution and range, which are
used for the LAI inversion of heterogeneous vegetation types.
Aiming at the uncertainty of LAI inversion in heterogeneous
areas, an LAI inversion model considering vegetation types
was constructed based on the LUT method and the PROSAIL

model. Unlike the traditional method, the proposed method
considers the heterogeneity of vegetation types. Different prior
distributions of parameters related to heterogeneous vegetation
were obtained and used as constraints to generate different
LUTs for specific vegetation and the overall LUT. The addition
of prior knowledge can address the problem in physical model
inversion, and considering vegetation types can reduce the
complexity of heterogeneous areas, thereby facilitating the
LAI inversion of large spatial scale and complex areas. The
main purposes of this study are 1) to evaluate the applicability
of the LAI inversion model considering vegetation types in
heterogeneous areas; and 2) to discuss the effect of different
input parameters of the PROSAIL model on LAI estimation
based on a sensitivity analysis in heterogeneous regions.

II. STUDY AREA AND DATA

A. Study Area

Measured data were collected in two study areas with different
vegetation cover and species. The first study area was located
around the village of Neusling in Germany, which contains
representative samples of a wide range of important crops. The
climate of the region is humid all year round, with temperature
and rainfall averaging 7.4 °C and 750–850 mm, respectively.
Various crop types are distributed in the study area, including
winter wheat, winter barely, potato, corn, and rapeseed, and each
crop type has different canopy structure characteristics, thus
ensuring the heterogeneity of the study area. Fig. 1(a) presents
results of an airborne flight over the study area on April 28, 2012.

The second study area was located in the downstream area
of the Heihe River Basin in China, which is one of the three
major inland rivers in China that originates from the Qilian
Mountains and is situated in the middle of the Hexi Corridor
with an altitude range of 875–5519 m. The basin is in the
northwest arid zone and has a typical continental arid climate,
sparse and concentrated precipitation, abundant sunshine, and
temperature that varies widely from day to night. The annual
rainfall in the downstream area of the Heihe River Basin is only
47 mm, and the average annual temperature is about 8 °C to
10 °C. Environmental changes, such as grassland degradation,
soil erosion, and species loss, have a significant impact on the
ecosystem of the Hexi Corridor, and the Heihe River Basin is
critical to maintaining the ecological balance of this Corridor.

Various vegetation types, including shrub, meadow, cultivated
vegetation, and sparse desert vegetation, are distributed in the
Heihe River Basin, and its downstream area shows the highest
level of ecological deterioration [43]. Therefore, the downstream
area was selected as the second study area for LAI estimation to
provide a reference for the ecological evaluation of the down-
stream area [see Fig. 2(b)].

Different types of vegetation lead to differences in appearance
and canopy structure, which in turn aggravates the degree of
regional heterogeneity and affects the inversion accuracy of
LAI on heterogeneous surfaces. Moreover, the canopy structure
characteristics of cultivated crops and natural vegetation are
different, and the selection of the two study areas ensures a
surface difference, hence highlighting the usability of this study.
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Fig. 1. (a) Study area in the village of Neusling in Germany. The LAI
measurement points and remote sensing data were taken from an airborne image
acquired on April 28, 2012 [the coverage of the SWIR data (colored infrared)
is layered on top of the VIS and NIR extent (true color)]. (b) Study area in
the downstream area of the Heihe River Basin in China. The LAI measurement
points and remote sensing data were taken from a Chinese High-Resolution
Satellite 1 (GF-1) image with false color composite taken on July 29, 2014 (R
= near infrared, G = red, B = green).

B. Field Measurement Data

The Li-COR LAI-2200 plant canopy analyzer, which is the
most widely utilized nondestructive LAI measurement instru-
ment in agriculture, was used collect LAI in the two study areas.
Based on hemispherical photography, the device determines
LAI using this inversion of the gap fraction and estimates the
probability of a ray of light to pass through a canopy having no
contact with the plant material, thus quantifying the fraction of
visible (VIS) sky. To ensure the accuracy of LAI measurements,

Fig. 2. Land cover map of the two study areas based on field observations
and locations of all LAI measured points, expressed as collected LAI values.
(a) Neusling study area. (b) Heihe River Basin study area.

each sample was repeatedly measured two times, and their mean
values were taken as the final value. During the field measure-
ments, all available standards of measurement conditions were
followed, such as using a 180° view cap to prevent falsified
measurements by the operator, avoiding direct sunlight, and
maintaining the uniform azimuthal orientation of the device
throughout the repetitions.

The LAI sampling points in the Neusling study area were
acquired on April 28, 2012, and their distribution locations
are shown in Fig. 1(a). The sample points were selected to be
representative and to show the potential heterogeneity of the
field. A minimum distance of 20 m was maintained between
each sampling point to prevent recording redundant and repeti-
tive information. Field measurements of typical crop LAI were
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conducted in parallel with an airborne flight on the study area.
A total of 61 field measurement samples were collected from
different vegetation types, including winter wheat, winter barley,
and rapeseed, after elimination the anomalous measured values.
Winter wheat had 33 sample plots, the winter barley had 17
sample plots, and rapeseed had 11 sample plots. The Li-COR
LAI-2200 plant canopy analyzer was used to observe the crop
canopy LAI. The sampling strategy was to randomly distribute
eight replicate canopies and two reference measurements per
field measurement site.

Field measurements of vegetation LAI on the downstream
surface of the Heihe River Basin were conducted from July 22
to August 1, 2014. Based on the distribution characteristics of the
vegetation in the study area, the vegetation region with a uniform
area distribution of greater than 100 m × 100 m was used as the
measurement site. A total of 34 field measurement samples were
collected from different vegetation types, including shrub, culti-
vated vegetation, and meadow, after eliminating the anomalous
measured values. The Li-COR LAI-2200 plant canopy analyzer
was also used to observe the vegetation canopy LAI. The mean
measured LAI for each sample site was obtained from the inci-
dent radiation from one above-canopy and four below-canopy
measurements, and the measurement was repeated twice for
each sample site [44]. Considering the specific categories of
vegetation, the LAI measurements were classified into the three
main categories of meadow, shrub, and cultivated vegetation.
The meadow category consisted of five sample plots, including
bitter bean, Asteraceae, weed, and reed, the shrub category
had 12 sample plots, including different types of tamarisk, and
cultivated vegetation had 15 sample plots. The remaining LAI
field measurements also included two desert sparse vegetation
sample sites.

By measuring the parameters of different vegetation types,
this study analyzed the possibility of using the PROSAIL model
to estimate LAI in multispecies vegetation with canopy hetero-
geneity. All field LAI measurements for the two study sites were
downloaded from EnMAP [45] and the National Tibetan Plateau
Data Center (http://data.tpdc.ac.cn), respectively.

C. Remote Sensing Data

To evaluate the performance of the LUT approach for mul-
tispecies vegetation LAI estimation, airborne, and satellite data
were selected for each of the two study areas. The airborne
data for the first study area (Neusling) was obtained by us-
ing the Airborne Imaging Spectrometer Airborne Visible and
Near Infrared Spectrometer (AVIS-3) on April 28, 2012. Based
on the first- and second-generation AVIS, the third generation
AVIS-3 has been under development since 2006 with a higher
spectral resolution and the ability to measure spectra in the
short-wavelength infrared (SWIR) spectral range. The spectral
region of the VNIR detector ranges between 400 and 1000 nm,
and the newly added SWIR spectrometer has a sensitivity of
900–1750 nm. A series of preprocessing operations were per-
formed on the AVIS-3 airborne data, including sensor calibration
to remove systemic noise and deficiencies from the data, geo-
metric correction to equalize aircraft motions during recording,

and ortho-rectification and radiometric calibration to convert
the nondimensional grey values to radiance and reflectance.
The maximal signal-to-noise ratio was 65 dB (1743:1). After
all correction steps, the spectral range of AVIS-3 data was
477–1704 nm in 197 spectral bands, of which the spectral
resolution in the 477–994 nm region was 5.8 nm, while that
in the 994–1704 nm region was 6.6 nm. The spatial resolution
of the AVIS-3 data was 4 m.

During preprocessing, the six overlapping original flight plans
covering the study area were not sufficient to guarantee a com-
plete coverage of the SWIR sensor, thus resulting in image
gaps in the SWIR spectral range, as shown in Fig. 1. However,
estimation the LAI of multivegetation is the focus of this study,
and the selected measured points are outside the strip gaps.
Therefore, the gaps of the SWIR sensor do not affect the final
evaluation of the results. The AVIS-3 airborne data covering the
study area were also downloaded from EnMAP [45].

The satellite data for the second study area (Heihe River
Basin) were obtained from Chinese High-Resolution Satellite
1 (GF-1) images taken on July 29, 2014. The GF-1 data con-
tained four multispectral bands, namely, blue (450–520 nm),
green (520–590 nm), red (630–690 nm), and near-infrared
(770–890 nm) and the spatial resolution of the GF-1 data was
16 m. The ENVI 5.3 software required for the quantitative
inversion of remote sensing data was used to preprocess GF-1
data. The main processes involved included radiometric cor-
rection, atmospheric correction, and geometric correction [46].
Radiometric correction removed the influence of the sensor itself
and converted the digital number values into apparent radiance,
which is an important step in producing high-quality remote
sensing data. Atmospheric correction was performed to obtain
the reflectance by eliminating the radiometric errors caused
by atmospheric influences. Geometric correction removed or
corrected the geometric errors in the remote sensing image. The
AVIS-3 and GF-1 data were preprocessed to convert image gray
values into reflectance for quantitative inversion.

D. Land Cover Map

The Neusling study area had diverse crop types, including
winter wheat, winter barley, maize, and rapeseed. As the key
input data for the proposed LAI inversion model, land cover
map data were used to determine the specific vegetation type for
each pixel in the airborne image. The land cover mapping of the
entire Neusling test site was carried out in May 2012, and the
land cover map of the study area is shown in Fig. 2(a). The land
cover map was resampled to 4 m using the nearest-neighbor
method to maintain consistency with the spatial resolution of
airborne data. The land cover map covering the study area was
also downloaded from EnMAP [45].

The Heihe River Basin study area had diverse vegetation
types, including sparse desert vegetation, shrub, cultivated veg-
etation, meadow, and extensive Gobi [43]. The 1:100000 veg-
etation map of the Heihe River Basin was obtained from the
National Tibetan Plateau Data Center [47] and was resampled
to 16 m for consistency with the spatial resolution of the GF-1
satellite data shown in Fig. 2(b).

http://data.tpdc.ac.cn
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Fig. 3. Framework of the LAI inversion model considering vegetation types.

III. METHODS

A. Framework

The framework of the LAI inversion model considering veg-
etation types is shown in Fig. 3.

The LAI inversion model considering vegetation types re-
ferred to the acquisition of a priori distributions of different
vegetation parameters to generate LUTs for specific vegetation
types. Afterward, the corresponding LUTs were invoked for
the LAI estimation of different vegetation types based on the
land cover map and remote sensing data. This algorithm has
three key parts as highlighted by the red dotted lines in Fig. 3.
The first part is setting the input parameters of PROSAIL ac-
cording to multispecies vegetation in heterogeneous areas and
generating multispecies vegetation LUTs. The second part is
determining the band reflectance values and vegetation type of
each pixel using the remote sensing data and land cover map
and performing LAI estimation on each pixel. The third part is
estimating the multispecies LAI in heterogeneous regions while
considering vegetation types. According to the vegetation type
of each pixel, the corresponding LUT was selected adaptively,
and then the LAI of each pixel was estimated based on their
band reflectance values. Additionally, sensitivity analysis was
performed to evaluate the key input parameters of the PROSAIL
model. The performance of the proposed model for estimating
multispecies vegetation LAI in heterogeneous regions was then
validated, and an LAI inversion map for the study area was
generated.

B. PROSAIL Model

The PROSAIL model is a commonly used RTM for the
inversion vegetation parameters using physical methods [18].
This method, which is a combination of the PROSPECT [9] and
SAIL models [10], was used to generate spectral reflectance for
different canopies by setting different input parameters. Table I
summarizes the key input parameter distributions of PROSAIL
with reference to a priori distributions of the measured data
and the related literature [22], [29], [48], [49], [50], [51]. The
solar and observation zenith angles were set to 42° and 10°,
respectively, based on the flight. According to Table I, the LUTs
of multispecies vegetation were generated by the PROSAIL

TABLE I
RANGES AND DISTRIBUTIONS OF PROSAIL INPUT PARAMETERS FOR

DIFFERENT VEGETATION TYPES IN THE STUDY AREAS

TABLE II
RANGES AND DISTRIBUTIONS OF PROSAIL INPUT PARAMETERS FOR ALL

VEGETATION TYPES IN THE STUDY AREAS

model, and then the LAIs of multispecies on the heterogeneous
surface were retrieved. Table II shows the uniform model input
parameters for all vegetation in the study areas without distin-
guishing between vegetation types. In the traditional method,
all vegetation parameters without considering vegetation types
were used to generate LUT to compare its performance with the
LAI inversion model considering vegetation types. Afterward,
whether the improvement in the LAI inversion accuracy of
the heterogeneous surface was due to the advantages of the
physical model itself or the consideration of vegetation types
was determined.

C. LUT Method

LUT is a large dataset containing canopy spectra corre-
sponding to vegetation parameters. Therefore, the quality of
this dataset determines the performance of the LUT. LUT was
established by running the PROSAIL model in forward mode to
simulate the canopy spectra of different remote sensing images,
where the AVIS-3 data contained 146 bands after excluding the
effects of water vapor absorption. LUTs were generated sepa-
rately based on the prior knowledge of each vegetation type (see
Table I). To obtain appropriate inversion results and maintain the
balance between computational cost and estimation accuracy,
the size of different LUTs was set as 100 000 reflectance.

The Laplace distribution (LP) was used as the cost function
of LUTs, which is defined as follows:

LP =
m∑

i=1

|RRS,i −RSimulated,i| (1)
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Fig. 4. Comparison of an AVIS-3 reflectance spectrum with the LUT best fit
and the LUT median.

where RRS indicates the reflectance of the remote sensing
image, RSimulated indicates the reflectance simulated by the
PROSAIL model, and m indicates the count of spectral bands
of the remote sensing image.

To obtain reasonable inverse results, a solution was obtained
by the median method of 350 the sorted smallest LP [52]. Fig. 4
compares a randomly chosen reflectance spectrum from the
AVIS-3 data with the absolute best fit found by the LUT inversion
solution and with the averaged solution (median, n = 350). The
figure shows how the averaging of multiple solutions affects the
fitted reflectance. While the LUT reflectance of the absolute best
fit is clearly noisy, the median averaged reflectance adapts to the
measured reflectance of AVIS-3.

D. Sensitivity Analysis

For the approach considering vegetation types, the input
parameters of PROSAIL need to be set separately according
to different vegetation types to generate LUTs. However, the
PROSAIL model has multiple input parameters. Therefore, the
effect of different input parameters on canopy reflectance must
be determined and the key parameters for the differential settings
for the proposed approach should be selected. Therefore, a
global sensitivity analysis of PROSAIL model was conducted
to determine the influence of the input parameters on canopy
reflectance. Sensitivity analysis was accomplished by using
MATLAB R2015b (MathWorks, Inc.) (GSAT), and the results
are shown in Fig. 5 [53], [54].

As shown in Fig. 5, different input parameters have various
influences on the canopy spectra. By its definition, the LAI
can approximately reflect the canopy structure and leaf area of
vegetation [1], [55], [56]. LAI is closely related to photosyn-
thesis and respiration of vegetation, and a change in LAI value
will change of vegetation photosynthesis rate, thus affecting the
spectral characteristics of vegetation. Hence, it can be observed
that LAI affects the whole spectral range. In the VIS band range,
the spectrum of vegetation was mainly affected by photosyn-
thesis. The various pigment components contained in the leaf,
especially the dominant chlorophyll (Cab), jointly determine the

Fig. 5. Text lists the parameters used in the global sensitivity analysis of the
PROSAIL model for canopy reflectance, including N (structure index), chloro-
phyll (Cab), carotenoid (Car), equivalent water thickness (EWT), dry matter
per area (LMA), leaf area index (LAI), average leaf inclination angle (ALIA),
hot-spot parameter (Hspot), soil brightness factor (psoil), and Interactions (joint
global sensitivity for different combinations of parameters).

spectral reflection characteristics of vegetation. Hence, Cab and
LAI were the main parameters affecting the canopy reflectance,
while the other parameters had a relatively minor effect. For the
near infrared (NIR) band range, the effect of leaf on solar radia-
tion changed, and the scattering effect exceeded the absorption
effect and became the main behavior. Compared with the leaf
pigment content, the cell organization structure of the leaf was
the decisive factor affecting its reflection spectral characteristics.
The cellulose, lignin, hemicellulose, carbohydrate, starch, and
protein contained in leaf are collectively referred to as dry matter
per area (LMA). As shown in Fig. 5, the LMA parameter had the
greatest effect, followed by LAI. The contribution of equivalent
water thickness (EWT) and LAI to canopy reflectance was the
greatest in the SWIR band range because EWT determined
the spectral reflection characteristics of vegetation. The effect
of different input parameters on the canopy reflectance var-
ied widely over the whole wavelength range [57], [58]. The
range and distribution of the input parameters were important
for canopy reflectance. Meanwhile, the multispecies vegetation
varied in leaf optical characteristics, canopy parameters, and
soil background. In this case, the ranges and distributions of
some input parameters should be set differently depending on
vegetation types.

According to the sensitivity analysis, Cab, Car, EWT, and
LAI contributed the most to canopy reflectance in the PRO-
SAIL model, hence suggesting that a more accurate range and
distribution of these parameters would improve the accuracy
of vegetation parameters estimation, which is consistent with
the use of a prior information as an effective way to improve the
estimation accuracy of canopy variables [28], [59]. In this study,
due to the limitations of field measurement, only the different
distributions of Cab, Car, and LAI parameters were considered.

IV. RESULTS

A. LAI Estimation for the Neusling Area

The LUTs for multispecies vegetation in the Neusling area
were obtained using the PROSAIL model, as shown in Fig. 6.
The different colored points, lines, and fitting equations in Fig. 6
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Fig. 6. Scatter plots of field measurement and retrieved LAI for the Neusling
area. (a) LAI estimation of all vegetation types using LUT without consider-
ing vegetation types. (b) LAI estimation using the approach considering the
vegetation types.

represent the LAI estimations for different sampling points.
Specifically, magenta represents the fitting result between the
measured and estimated values for rapeseed sampling points,
blue represents the fitting results for winter barley, red represents
the fitting results for winter wheat, and black represents the
fitting results for all sampling points.

The correlation between the LAI estimates and measurements
was better for the approach considering vegetation types than
for the traditional LUT without considering vegetation type, as
shown in Fig. 6. The R2 value increased from 0.50 to 0.63, and the
RMSE decreased from 1.32 to 0.75 when using the proposed ap-
proach for estimating LAI. R2 and RMSE had different degrees
of improvement and reduction. Given that RMSE is computed as
the mean of the square root of the error between the predicted and
true values, a smaller RMSE value indicates that the predicted
value of the model is closer to the true value. The approach
considering vegetation types can efficiently reduce the bias and
dispersion of LAI estimation for multispecies in heterogeneous
areas. In addition, the LAI values calculated using the approach
considering vegetation types were more aggregated in the 1:1
line than those calculated by the LUT method without con-
sidering vegetation types. These results demonstrated that the
proposed approach is feasible for LAI inversion by considering
vegetation types in the heterogeneous regions and can efficiently
improve the accuracy of multispecies vegetation LAI estimation.

Fig. 7. LAI map of the Neusling area obtained using the approach considering
vegetation types (the gaps represent those areas that are not covered by SWIR
due to airborne flight striping and where the LAI estimation was not completed
due to the lack of SWIR spectral information).

For different crop types, the performance of the approach
considering vegetation types varied depending on the crop type.
For rapeseed, the R2 value did not change, but the RMSE
dropped from 1.25 to 0.87 when using the approach considering
vegetation types. For winter barley, the R2 increased from 0.30
to 0.40, and the RMSE decreased from 1.37 to 0.92 after using
the approach considering vegetation types. The R2 and RMSE of
winter wheat changed from 0.16 to 0.17 and from 1.31 to 0.60,
respectively. Therefore, the approach considering vegetation
types improved the accuracy of LAI estimation for rapeseed,
winter barley, and winter wheat. In particular, the significant
reduction of RMSE indicated that this approach can reduce the
deviation between the LAI estimates and the measured values.

The LAI map of the Neusling area obtained using the approach
considering vegetation types is shown in Fig. 7. The LAI value
ranged from 0.2 to 5.7, which highlights the effect of landscape
vegetation type on the LAI values. The overall LAI distribution
map and the vegetation map [see Fig. 2(a)] showed similar
vegetation distribution characteristics and were consistent with
the LAI values of the ground measured points. The spectral
information of the Neusling area was acquired on April 28 when
rapeseed, winter barley, and winter wheat were in their growing
season while the other crops were not planted yet. The growth
of crops was consistent with the LAI map, and the regions with
high LAI values were mainly in rapeseed, winter barley, and
winter wheat. In addition, the LAI values in other regions were
relatively low, thereby proving the effectiveness of the LAI map
obtained by the proposed approach.

B. LAI Estimation for the Heihe Area

The LUTs for the multispecies vegetation in the Heihe area
were obtained using the PROSAIL model. The calculated LAIs
are shown in Fig. 8, where different colors represent different
vegetation types. Specifically, orange represents the fitting result
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Fig. 8. Scatter plots of the field measured and retrieved LAI for the Heihe
area. (a) LAI calculated by using LUT without considering the vegetation types.
(b) LAI retrieved by using the approach considering vegetation types.

between the measured and estimated values for meadow, red
represents the fitting results for shrub, Magenta represents the
fitting results for cultivated vegetation, and Black represents the
fitting results for all sampling points.

As shown in Fig. 8(a), a weak correlation was observed
between the LAI estimations and measurements, and a nega-
tive slope value was obtained for the LUT without consider-
ing vegetation types. Therefore, the estimated and measured
LAIs exhibited significant differences that do not represent the
distribution of LAI in the Heihe area. Meanwhile, a moder-
ate correlation was reported between the LAIs measured and
estimated by the approach considering vegetation types. The
accuracy of LAI estimation by the proposed approach (R2 =
0.64, RMSE = 0.50) was also superior over that of LUT without
considering the vegetation types (R2 = 0.17, RMSE = 1.81)
according to their R2 values. The LAI values calculated by the
approach considering vegetation types were more aggregated in
the 1:1 line than those calculated by LUT without considering
vegetation types. Therefore, the LAI calculated by the approach
considering vegetation types could be applied in the analysis
of LAI distribution in the Heihe area. This approach can also
extend the application of the PROSAIL model for multispecies
LAI estimation in heterogeneous regions.

The LAI estimation performance of the approach considering
vegetation types was affected by different vegetation types (see
Fig. 8). For meadow, the R2 value increased from 0.67 to 0.73,

Fig. 9. LAI map of the Heihe area using the approach considering vegetation
types.

but the RMSE dropped from 1.80 to 0.84 by using the approach
considering vegetation types. For shrub, the R2 increased from
0.25 to 0.39, but the RMSE decreased from 1.46 to 0.39 after
using the same approach. This approach also improved the preci-
sion of cultivated vegetation (R2 from 0.07 to 0.63, RMSE from
2.07 to 0.44) and the accuracy of LAI estimation for meadow,
shrub, and cultivated vegetation in the Heihe area. The LAI map
of the Heihe area obtained by using the proposed approach is
shown in Fig. 9.

Overall, the LAI values in the Heihe study area were low,
ranging from 0 to 3.24. The northern and western regions had the
lowest LAI values, and the central region had relatively high LAI
values. These results may be ascribed to the higher vegetation
cover in the central area of Heihe than in its northern and western
regions [see Fig. 2(b)]. The northern and western regions are
deserts with sparse vegetation and low vegetation cover, whereas
the eastern and central regions are mainly covered with shrub
interspersed with different vegetation types, such as meadow,
cultivated vegetation, and broadleaf forest. The LAI values in
the central region were high due to the presence of cultivated
vegetation, those in the northern and western desert regions
were low, and those in the other regions were moderate due
to the presence of meadows and shrubs. Therefore, the LAI
distribution and vegetation maps [see Fig. 2(b)] show similar
vegetation distribution characteristics, which are consistent with
the measured LAI values.

V. DISCUSSION

Giver that remote sensing data have a wide observation range
and are affected by many factors. Therefore, the influence
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of regional heterogeneity on vegetation parameters inversion
warrants further study. Darvishzadeh et al. [27] used the LUT
method based on the PROSAIL model to retrieve the LAI and
leaf Cab of heterogeneous mediterranean grassland. Pasqualotto
et al. [60] developed universal canopy water content indices
based on the PROSAIL model, which can be used to estimate
canopy water content in areas with heterogeneous crop types
using remote sensing data. Yao et al. [61] compared and analyzed
the LAI inversion performance of different models based
on the heterogeneous characteristics of in-row crop structure,
and the results showed that the in-line planting model
outperformed the other models in the LAI inversion of
crops during the early stages of their growth. These studies
highlight the potential of the PROSAIL model for estimating
the biophysical parameters of heterogeneous areas, which was
consistent with the findings of this work.

In heterogeneous regions, the parameters of each vegetation
type had different distribution ranges. The proposed approach
considered these differences in parameter distributions and pro-
vided a priori information on the vegetation parameters, which
defined a suitable inversion interval for multispecies LAI. There-
fore, the approach considering vegetation types can be applied
in the multispecies LAI estimation in heterogeneous regions.
As shown in Figs. 6 and 8, this approach was more effective
in improving the accuracy of multispecies LAI estimation in
the Heihe area than in the Neusling area. Compared with the
Heihe area, the Neusling area included different crop types with
higher canopy homogeneity. The diverse vegetation types of the
Heihe area included desert sparse vegetation, shrubs, meadows,
and cultivated vegetation, which exhibited a higher degree of
canopy heterogeneity. The PROSAIL model assumed that the
vegetation canopy was horizontally homogeneous and extended
infinitely, whereas the leaf distribution within the vegetation
could be described using a leaf inclination function. This phys-
ical assumption did not consider the possible heterogeneity of
the vegetation canopy in the horizontal direction, thus limiting
its application to heterogeneous scenarios. Therefore, the tra-
ditional LUT had low accuracy in the Heihe area (R2 = 0.17),
and the method considering vegetation type can better reduce
the influence of spatial heterogeneity on the LAI inversion and
improve the accuracy of the inversion. Therefore, the approach
considering vegetation types extended the application of the
PROSAIL model from homogeneous to heterogeneous regions
and can significantly improve the accuracy of multispecies LAI
estimation in different heterogeneous areas. However, the small
number of measurements and parameter types and the presence
of measurement errors may cause the priori information to
not fully reflect the parameter distributions of different veg-
etation types, thus affecting the performance of the proposed
approach.

Given that the approach considering vegetation types needed
to determine the range of biochemical parameters according to
the vegetation types, the LAI inversion values may be subjected
to errors due to the misclassification of vegetation species. Thus,
an accurate vegetation map would improve the classification
accuracy and reduce the error of LAI estimation by using the
proposed approach. Moreover, the impact of vegetation misclas-
sification on LAI estimation varied across different vegetation

types [62]. A quantitative assessment of the effect of vegetation
misclassification on the uncertainty of the LAI product a better
estimation of LAI on the heterogeneous surface. Meanwhile,
the effect of mixed pixels on the multispecies vegetation LAI
estimation needs to be considered. Mixed pixels usually indicate
the presence of several vegetation types in a single pixel [63].
Due to surface heterogeneity, a mixture of different features were
observed within the image pixel, which affected the accuracy
of the LAI product. Nevertheless, remote sensing data with a
high spatial resolution were used in the approach considering
vegetation types, which can resolve the mixed-pixel problem to
some extent. However, mixed pixels are still needed to improve
the performance of the approach in the future. The spectral res-
olution of remote sensing data is among the factors affecting the
accuracy of LAI inversion, but increasing the spectral resolution
alone did not absolutely improve the accuracy of LAI inversion.
Data with higher spectral resolution showed better LAI inversion
accuracy and stability if the band was well chosen and the
uncertainty in the model parameters was small [64]. Hence,
the effect of spectral resolution on LAI estimation should also
be considered in the future.

VI. CONCLUSION

To extend the application of the PROSAIL model from
homogeneous to heterogeneous vegetation types, an approach
considering vegetation types was proposed based on the LUT
method and PROSAIL model to estimate multispecies LAI in
heterogeneous areas. The experimental results demonstrated that
this approach greatly improved the accuracy of multispecies
LAI retrieval (R2 = 0.63, RMSE = 0.75 / R2 = 0.64, RMSE =
0.50) in both study areas with different vegetation distributions,
especially for the high canopy heterogeneity. Accurate LAI in-
version values can be used to monitor vegetation growth state and
accurately estimate crop yield. The proposed approach may ex-
tend the application of the PROSAIL model to a heterogeneous
surface with complex vegetation. This approach has also proven
its feasibility in satellite and airborne images. Future work will
focus on applying this approach to a wider range of sensor
data and heterogeneous surfaces to improve its applicability and
stability. At present, the LAI inversion of canopy coupled leaf
optimization model is also being developed by combining leaf
scale study with the proposed approach. However, this approach
requires further refinement. For instance, while mixed pixels
can be alleviated by high-resolution remote sensing images, this
problem cannot be avoided. The influence of bare soil in areas
with sparse vegetation also needs to be considered. Therefore,
in heterogeneous surface LAI inversion, the influence of mixed
pixels, bare soil, and other factors on the inversion model should
be prevented or reduced.
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