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Abstract: Topography significantly affects remotely sensed reflectance data and subsequently impacts 

the retrieval of the leaf area index (LAI) from surface reflectance data over rugged terrains. However, 

most LAI inversion algorithms ignore the influence of terrain. This paper quantitatively analyzes the 

topographic effects on LAI values retrieved from remote sensing data at various spatial scales (30, 90, 

270, 540, 1080, and 5400 m) over rugged terrains. The PRO4SAILT (PROSPECT + 4SAILT) model and 

the Proy algorithm were used to simulate multiscale surface reflectance for different LAI values over 

rugged terrains. Based on Gaussian process regression (GPR), an LAI inversion algorithm that ignores 

terrain effects was first developed. The simulated multiscale reflectance data were subsequently input 

into the inversion algorithm to retrieve LAI values. Finally, the retrieved LAI values were compared 

with the corresponding reference LAI values. The results demonstrate that the finer the spatial resolu-

tion is, the more significant the topographic effects on the retrieved LAI values are. When the reference 

LAI is five, as the spatial resolution increases from 5400 m to 30 m, the mean percentage error (MPE) 

of the retrieved LAI increases from 10.46% to 13.72%, and the root mean square error (RMSE) increases 

from 0.5376 to 1.005. Regardless of the spatial resolution, the error in the retrieved LAI values increases 

with an increasing terrain slope. When the reference LAI is five and the spatial resolution is 30 m, the 

MPE at a slope of 15°–30° is close to 5%, and the RMSE is close to 0.3. The MPE at a slope of 30°–45° is 

close to 20%, and the RMSE is close to one. In addition, the accuracy of the retrieved LAI values is 

closely related to the sky view factor (SVF). In general, the larger the SVF is, the smaller the error in 

the retrieved LAI values. In addition, the conversion relationships between the retrieved LAI values 

using the algorithm that ignores terrain effects and the true LAI values are provided in this study. 
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1. Introduction 

The leaf area index (LAI) is an important structural parameter that plays a crucial role 

in vegetation growth monitoring [1] and global climate change [2]. It is defined as the total 

one-sided surface area of all green leaves in the canopy [3]. Many methods, including em-

pirical methods and physical model-based methods, have been developed to retrieve LAI 

values from remote sensing data. 

In recent years, machine learning methods such as the artificial neural network (ANN) 

and Gaussian process regression (GPR) methods have been increasingly applied to retrieve 

LAI values from remote sensing data [4–11]. Xiao et al. [5] applied generalized regression 

neural networks (GRNNs) to retrieve LAI values from time series of Moderate Resolution 

Imaging Spectroradiometer (MODIS) and Advanced Very-High-Resolution Radiometer 

(AVHRR) surface reflectance data. Gewali et al. [10] successfully estimated canopy structural 
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and biochemical parameters from hyperspectral data using the GPR model. ESTEVEZ et al. 

[11] developed an algorithm for retrieving LAI values from Sentinel-2 Top of Atmosphere 

(TOA) radiation data using the GPR method and achieved good accuracy. Adeluyi et al. 

[12] estimated the phenological dynamics of irrigated rice LAI values using a combination 

of the PROSAIL model and the GPR model, and the results were significantly better than 

the S2ToolBox Level 2 LAI results obtained via a combination of the PROSAIL model and 

an ANN. 

Over the past two decades, many regional and global LAI products with low to medium 

spatial resolutions, such as the MODIS [13], CYCLOPES [4], GEOV1 [6], and Global Land Sur-

face Satellite (GLASS) [5] LAI products, have been generated from satellite remote sensing 

data. These LAI products have played a crucial role in studies of climate change [14–16], car-

bon cycling [17,18], vegetation phenology [19,20], and land use change [21]. However, most 

of the current methods used to generate low- and medium-spatial-resolution LAI products 

assume a horizontal surface and ignore the influence of topographic effects. Therefore, the 

quality requirements of the Global Climate Observing System (GCOS) for LAI correspond-

ing to the maximum values of relative accuracy (20%) and uncertainty (0.5) are difficult to 

satisfy over rugged surfaces [22]. This hinders further applications of these LAI products, 

such as land surface modeling, precision agriculture [23–25], forest mapping [26], and urban 

research [27,28], which require high-quality LAI data. 

The topography changes the incoming and outgoing radiation of targeted pixels in 

three ways: (1) the topography alters sun-target-sensor geometries, thereby changing the 

direct radiation received by each pixel; (2) the incoming (from the sky) and outgoing dif-

fuse irradiance from a pixel differ from those over horizontal surfaces due to the obstruc-

tion of the surrounding topography; and (3) the radiation reflected/emitted from adjacent 

pixels to a target pixel is another source of diffuse radiation, referred to as terrain radiation 

[29]. Moreover, the geotropic growth of vegetation on slopes can lead to the characteriza-

tion of the vegetation scattering medium not as a direct coordinate rotation but rather in 

relation to the path length of the light path [30]. 

Several studies have demonstrated that ignoring topography induces errors in LAI es-

timation. Gonsamo et al. [31] reported that LAI values inverted by considering and ignoring 

the influence of topographic factors significantly differed over rugged terrains. Jin et al. [22] 

reported that the spatial and temporal integrity and accuracy of the MODIS and GLASS LAI 

products are significantly lower in high-elevation and high-terrain relief areas than in hori-

zontal terrain areas. Mousivand et al. [29] reported that ignoring terrain effects could result 

in an LAI inversion error of more than 0.5. Based on simulation data from the DART model, 

Yu et al. [32] compared the accuracy of LAI inversion on horizontal surfaces and sloped 

surfaces and reported that the mean absolute error (MAE) of LAI inversion on horizontal sur-

faces was 0.15 while the error of the LAI inversion on sloped surfaces increased significantly 

with an increasing slope, and the inversion error reached 51% on average when the slope 

reached 60°. The above studies have directly or indirectly shown that topography plays an 

important role in the processing of low- and medium-spatial-resolution data [33–36]. 

However, there are still several challenges and limitations in the existing research on 

the topographic effects of LAI inversion over rugged terrains, and additional research is 

needed for further discussion. First, most of the current research has focused on a single 

spatial resolution rather than on different spatial resolutions; moreover, these approaches 

cannot meet the requirements of multiscale mountain LAI research and are not conducive 

to the construction of corresponding mountain LAI inversion algorithms. In addition, 

most of the studies have generally analyzed low-spatial-resolution LAI products, and few 

studies have analyzed topographic effects in high-spatial-resolution LAI inversion. More-

over, a comprehensive analysis of multiple topographical variables is needed instead of 

focusing on a single factor. 
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This study aimed to explore the topographic effects on LAI estimation at various spatial 

scales over rugged terrains. The LAI inversion error caused by ignoring topographic effects 

at different spatial scales was analyzed based on simulated multiscale surface reflectance 

over rugged terrains. First, the reflectance over rugged terrains at different spatial scales (30, 

90, 270, 540, 1080, and 5400 m) were simulated, input into an LAI inversion model ignoring 

terrain effects based on the GPR method, and then inverted to obtain the biased LAI. The 

root mean square error (RMSE) and mean error percentage (MEP) were used to quantify the 

error from the perspectives of single factor analysis of the slope and sky view factor (SVF) 

and comprehensive analysis. Finally, the conversion relationships between the LAI values 

retrieved using the algorithm ignoring terrain effects and the reference LAI values are 

provided in this paper. 

2. Materials and Methods 

To comprehensively explore topographic effects in LAI inversion, it is necessary to use 

surface reflectance data with different spatial resolutions, slopes, and aspects, as well as their 

corresponding reference LAI values. Simulated surface reflectance is used in this study be-

cause (1) LAI reference data are needed. In situ measured mountain LAI data are difficult 

to obtain, scarce, and still controversial in terms of the measurement method [37–39]. In 

contrast, reference LAI is easily obtained by using simulated data. (2) A comprehensive eval-

uation is needed. It is achieved by comparing the inverted LAI values without the consid-

eration of topographic effects with the reference LAI values under various conditions. 

A flowchart of this study is shown in Figure 1. First, multiscale surface reflectance data 

are simulated (the upper-left side in Figure 1). Based on the PRO4SAILT model [40] and the 

Proy algorithm [41], the surface reflectance at a resolution of 30 m is simulated, and the 

surface reflectance of lower spatial resolutions (90, 270, 540, 1080, and 5400 m) is further 

obtained using the upscaling method as proposed by Wen et al. (2018) [33]. Then, a Gaussian 

process regression method is developed for retrieving LAI values from the simulated reflec-

tance data (the upper-right side of Figure 1). A training dataset of the LAI values and the sim-

ulated reflectance over horizontal surfaces is constructed based on the PRO4SAILT model 

with a slope equal to 0°. The dataset is used to train a GPR model. The multiscale reflectance 

data simulated in the first step are subsequently used as the input of the trained GPR model 

to retrieve LAI values at various spatial scales. Finally, the differences between the retrieved 

and the reference LAI values are analyzed through single-factor analysis of the slope and SVF 

and comprehensive analysis (the bottom-left side in Figure 1). Meanwhile, the linear regres-

sion method was used to determine the relationships between the flat LAI and slope LAI val-

ues according to different slope ranges (the bottom-right side in Figure 1). 
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Figure 1. Flowchart of the exploration of topographic effects on LAI inversion over rugged terrains. 

2.1. Multiscale Reflectance Data Simulation over Rugged Terrains 

2.1.1. Study Area and Data 

In this study, multiscale reflectance data are simulated based on complex terrain con-

ditions in the southern part of the Tibetan Plateau (30°N–31°N, 94°E–95°E). The ASTER 

Global Digital Elevation Model (ASTGTM) [42] dataset is used to calculate the slope, aspect, 

and sky visibility factor (SVF) (shown in Figure 2). A frequency distribution histogram of 

the slope in this area is shown in Figure 3. As shown in the two figures, this area contains 

terrains under various conditions with slopes ranging from 0 to 80°. Therefore, the simu-

lated reflectance data based on such terrain conditions are more representative and can pro-

vide more extensive basic data for a subsequent LAI inversion error analysis. The spatial 

resolution of the ASTGTM is approximately 30 m. It was resampled to 90, 270, 540, 1080, 

and 5400 m, respectively. Figure 4 shows the terrain parameters with a resolution of 5400 m. 

It can be seen that the slope of most pixels is very small (below 6°), and the maximum slope 

does not exceed 12°. It should be noted that this study only uses the DEM of this area. The 

actual surface conditions (e.g., the land cover and vegetation growth) are not used. A de-

tailed experimental scheme is described in Section 2.1.2. 
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Figure 2. Terrain parameters in the southern part of the Tibetan Plateau (30°N–31°N, 94°E–95°E) with 

the resolution of 30 m. (a) Elevation in meters. (b) Slope in degrees. (c) Aspect in degrees. (d) SVF. 

 

Figure 3. Histogram of the frequency distribution of the slope in the southern part of the Tibetan 

Plateau (30°N–31°N, 94°E–95°E). 
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Figure 4. Terrain parameters in the southern part of the Tibetan Plateau (30°N–31°N, 94°E–95°E) with 

the resolution of 5400 m. 

2.1.2. Reflectance Data Simulation Based on Topography Models 

Topography modeling can be classified into solo-slope modeling and composite-slope 

modeling according to the size of the target pixels [33]. When the spatial resolutions of the 

DEM data and remote sensing data are roughly the same, each pixel contains only the unique 

slope and aspect features; this is called a solo slope. In contrast, when the spatial resolution of 

the remote sensing data is much lower than that of the DEM data, each pixel in the remote 

sensing data contains multiple slope and aspect features; this is called a composite slope. Be-

cause the spatial resolution of the ASTGTM dataset is approximately 30 m, this paper takes 30 

m as the finest spatial resolution (the solo slope) and takes five other spatial resolutions of 90, 

270, 540, 1080, and 5400 m as coarse spatial resolutions (the composite slope). 

In general, the radiance observed by sensors at the bottom of the atmosphere (BOA) 

for a solo slope includes not only direct solar radiation and diffuse sky radiation from the 

target pixel but also the radiance contributed by adjacent slopes; that is, terrain radiation. 

In this study, a canopy radiative transfer model, PRO4SAILT, is used to simulate direct 

solar radiation and diffuse sky radiation. And, the Proy algorithm [41] is used to calculate 

the terrain radiation. 

The PRO4SAILT model couples the 4SAILT canopy model [40], the PROSPECT-D leaf 

model [43], and the Walthall soil model [44]. The 4SAILT model, developed by Shi et al. [40], 

considers topographic effects on direct solar radiation, the surrounding topography ob-

struction of hemispherical radiation, and gravitropic influences on the leaf angle distribu-

tion (LAD). It is an extension of the 4SAIL model [45]. Three topographic variables (i.e., the 

slope, aspect, and SVF) are added to the 4SAIL model to consider topographic and gravi-

tropic effects. Like the 4SAIL model, it can simulate canopy radiance in the optical to thermal 

infrared range. The 4SAILT model is an accurate and efficient model and can be used for 

forward modeling and parameter inversion from remote sensing data. The PROSPECT-D 

model is one of the most widely used radiative transfer (RT) models for simulating the op-

tical characteristics of leaves. It simulates the directional hemisphere reflectance and 
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transmittance in the spectral range from 400 nm to 2500 nm. The Walthall model is an em-

pirical soil model that takes into account anisotropic surfaces and requires a soil spectrum 

to drive the model. 

The parameters of the PRO4SAILT model are given in Table 1. This model has many 

parameters, but only a portion of them are sensitive to surface reflectance at certain wave-

lengths. Therefore, a sensitivity analysis of the model is conducted. In this paper, the Exten-

sion of the Fourier Amplitude Sensitivity Testing (EFAST) method [46] is used to find the 

sensitive parameters. It is a variance-based method and has been widely used in the parameter 

sensitivity analysis of remote sensing physical models [47–49]. Figure 5a,b show the first-order 

sensitivity index (SI) and total-order SI, respectively, of each parameter. We set 0.2 as the ref-

erence line for the first-order SI and the total-order SI. If a parameter’s SI value is greater than 

0.2, the parameter is considered sensitive. By comprehensively analyzing the first-order and 

total-order SI, six parameters, namely the leaf area index (LAI), leaf chlorophyll content (Cab), 

leaf water content (Cw), leaf dry matter content (Cm), average leaf inclination angle (ALA), and 

soil model parameter (s1), are determined to be sensitive parameters of the PRO4SAILT 

model. It is roughly consistent with the sensitive parameters used in other articles for the 

inversion of LAI values using the PROSAIL model [4,11,12]. 

 

Figure 5. Sensitivity analysis of the PRO4SAILT model. (a) First-order SI. (b) Total-order SI. 

Table 1. Parameter characteristics of the of the PRO4SAILT model and parameter setting for the 

experimental scheme. 

Model Parameter 
Sym-

bol 

Model Parame-

ter Range 
Units 

Parameter Setting for Reflectance 

Simulation over Rugged Terrains 

Parameter Setting for Simula-

tion of the Training Dataset 

Leaf Model 

PROSPECT-

D 

Leaf chlorophyll content Cab 0–100 μg/cm2 50 5–75 Uniform 

Carotenoids Car 0–30 μg/cm2 10 10 - 

Anthocyanin CAnth 0–20 μg/cm2 0 0 - 

Brown pigment content Cbrown 0–1 μg/cm2 0 0 - 

Leaf water content Cw 0.0001–0.05 cm 0.010 0.002–0.05 Uniform 

Leaf dry matter content Cm 0.0001–0.05 g/cm2 0.0080 0.001–0.03 Uniform 

Leaf structure index N 1–3.5 None 1.6 1.6 - 

Canopy 

Model 

4SAILT 

Sun zenith angle sza 0–90 ° 30 30 - 

Sun azimuth angle saa 0–360 ° 130 130 - 

View zenith angle vza 0–90 ° 10 10 - 

View azimuth angle vaa 0–360 ° 40 40 - 

Average leaf inclination angle ALA 0–90 ° 45 30–80 Uniform 

Leaf area index LAI 0–8 None 0.5, 1, 1.5, 2, 2.5, 3, 3.5,4, 4.5, 5 0.1–6 Uniform 

Hot spot parameter hspot 0.001–0.1 None 0 0 - 
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Slope slope 0–90 ° From DEM 0 - 

Aspect aspect 0–360 ° From DEM 0 - 

Sky view factor SVF 0–1 None From DEM 1 - 

Soil Model 

Walthall 

Soil parameter 1 s1 0.05–0.4 None 0.4 0.05–0.4 Uniform 

Soil parameter 2 s2 −0.1–0.1 None 0 0 - 

Soil parameter 3 s3 −0.05–0.05 None 0 0 - 

Soil parameter 4 s4 −0.04–0.04 None 0 0 - 

To simulate the reflectance data over rugged terrains, the parameter settings of the 

PRO4SAILT model are given in Table 1. The terrain parameters, such as the slope, aspect, 

and SVF, are all extracted from the ASTGTM dataset. Moreover, to analyze the influence of 

terrain on different LAI values, different LAI values ranging from 0.5 to 5 with an interval 

of 0.5 are considered. The values of the other parameters of the PRO4SAILT model were 

fixed to certain values, e.g., Cab is 50 and N is 1.6. These parameters are set with reference to 

the values of the PROSAILT model parameters in the literature [11,50]. The reflectance val-

ues at the center wavelengths of Sentinel-2 in 9 bands (B3, B4, B5, B6, B7, B8, B8A, B11, and 

B12; 560, 665, 705, 740, 783, 842, 865, 1610 and 2190 nm) under these LAI values are simu-

lated in this study. 

The Proy algorithm [41] is used to calculate terrain radiation in this study. Many stud-

ies have shown that this algorithm has high accuracy [29,32,51–53]. For each pixel in the 

image, the Proy algorithm calculates the contributions from all surrounding pixels (the ef-

fective radius is usually 0.5 to 1.5 km) and the visibility (0 or 1) between any two pixels. The 

search radius adopted in this study is 1 km, and this process requires iterative processing 

until a convergence threshold is reached. Therefore, for high-spatial-resolution DEM (e.g., 

the 30 m DEM used in this study), it is computationally expensive to calculate topographic 

radiation by using the accurate Proy algorithm [29] because there are hundreds of pixels 

within the 1 km search radius. Shi et al. [54] used the Proy algorithm to simulate different 

surface parameters, including surface reflectance and surface radiation, at a series of spatial 

resolutions (30, 90, 270, 540, 1080, and 5400 m). The results show that two iterations in the 

simulation of surface reflectance are sufficient. Performing more iterations is not meaningful 

since doing so requires more time and does not substantially improve accuracy. Therefore, 

a maximum of two iterations are performed in this study when using the Proy algorithm. 

Once the radiance at a fine spatial resolution scale (i.e., the solo slope) is calculated, the 

corresponding radiance values at coarse spatial resolution scales (i.e., the composite slope) 

can then be calculated using upscaling procedures [33]. The accuracy of the solo-slope 

model determines the accuracy of the composite-slope model. As a result, based on the 

PRO4SAILT model and the Proy algorithm, the surface reflectance at a resolution of 30 m is 

simulated. Then, the surface reflectance at resolutions of 90, 270, 540, 1080, and 5400 m under 

the corresponding LAI values are further obtained. 

2.2. LAI Inversion Based on Gaussian Process Regression 

2.2.1. Gaussian Process Regression 

In this study, the Gaussian process regression (GPR) method is used to retrieve LAI 

values from simulated multiscale reflectance data. GPR is a kernel-based machine learning 

method [55]. It has good applicability for addressing complex problems such as high dimen-

sionality, small sample size, and nonlinearities, as well as uncertainty prediction capabili-

ties. Moreover, highly importantly, the GPR model can conveniently accommodate different 

data sources (such as multimodal data, multisensor data, and multitime data) and can be 

designed to handle different noise sources [9]. The principle of this method is as follows: 

From the perspective of function space, a Gaussian process (GP) is defined to describe 

the distribution of functions, and Bayesian inference is performed directly in the function 

space. A GP refers to a set in which any finite random variable obeys a Gaussian distribution, 

and its properties are completely determined by the mean function m(x) and the covari-

ance function k(x,x’): 
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{
m(x) = E[f(x)]                        

k(x,x’) = E[(f(x)  −  m(x))(f(x’)  − m(x’))]
 (1) 

where x,x’∈Rd  represents any random variables; thus, the GP can be defined as 

f(x)~GP(m(x), k(x,x’)). For symbolic simplicity, the data can usually be preprocessed to 

make their mean function 0. 

The noise is taken into account in the target value y, i.e., 

y = f(x) + ε (2) 

where x represents the input vector; f(x) represents the function value; y represents the 

observation value contaminated by noise; and ε  represents the independent Gaussian 

white noise, which conforms to a Gaussian distribution with a mean value of 0 and a vari-

ance of σ2 and can be expressed as ε~N(0,σ2). Since the noise ε is white noise independent 

of f(x), when f(x) obeys a Gaussian distribution, y also obeys a Gaussian distribution; 

that is, the prior distribution of the observed value y is as expressed in (3): 

y~N(0,K(X,X) + σn
2 In) (3) 

Moreover, the observed value y and the predicted value f(x) conform to the follow-

ing joint prior distribution: 

[
y

f*
] ~N(0, [

K(X,X) + σn
2 In K(X,x*)

K(x*,X) k(x*,x*)
] ) (4) 

where K(X,X) = Kn = (kij) represents an n×n symmetric positive definite covariance ma-

trix, in which kij = k(xi,xj)  is used to measure the correlation between xi  and xj ; 

K(X,x*) = K(x*,X)T represents the n×1 covariance matrix between test point x* and input 

X of the training set; k(x*,x*) represents the covariance of the test point x* with itself; and 

In represents the n-dimensional identity matrix.  

The posterior distribution of the predicted value f* can be calculated as 

f*|X,y, x*~N(f*̅,cov(f*)) (5) 

where 

f* ̅= K(x*,X)[K(X,X) + σn
2 In]

-1
y (6) 

cov(f*) = k(x*,x*)  −  K(x*,X) × [K(X,X) + σn
2 In]

−1
K(X,x*) (7) 

Then, û* = f*̅  and σ̂f*
2  = cov(f*)  are the mean and variance, respectively, of the pre-

dicted value f* corresponding to the test point x*. 

Different covariance functions, also known as kernel functions, can be selected during 

training and have a significant impact on the performance of GPR. The commonly used ker-

nel function is the square exponential kernel, which is adopted in this study, namely 

k(x,x’) = σf
2exp( −

1

2
(x − x’)

T
M

-1
(x − x’)) (8) 

where M = diag(l2): l represents the variance scale and σf
2 represents the signal variance. 

Parameter θ = {M,σf
2,σn

2} represents the hyperparameter, which can generally be obtained 

by the maximum likelihood method. First, the negative logarithmic likelihood function 

L(θ) = - log p(y|X,θ) of the conditional probability of the training samples is established, 

and the partial derivative of the hyperparameter θ  is calculated. Then, the Newton 

method, the conjugate gradient method, and other optimization methods are used to min-

imize the partial derivative and obtain the optimal solution for the hyperparameter. Here, 

the negative logarithmic function L(θ) and the partial derivative form of hyperparameter 

θ are as follows:  
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L(θ) = 
1

2
yTC-1y + 

1

2
log|C| + 

n

2
log2π (9) 

∂L(θ)

∂θi
 = 

1

2
tr((ααT-C-1)

∂C

∂θi
) (10) 

where C = Kn + σn
2 In  and α = (K+σn

2 In)
-1

y = C-1y. After obtaining the optimal parameters, 

the predicted value f* and its variance σ̂f*
2  corresponding to the prediction point x∗ can 

be obtained by (6) and (7). 

Until now, Gaussian process regression methods have formed their own packages 

based on different programming languages, such as GPML (http://www.gaussianpro-

cess.org/gpml/code/matlab/doc/, accessed on 11 April 2024) based on the Matlab language 

and GPy based on Python (https://sheffieldml.github.io/GPy/, accessed on 11 April 2024). 

This study uses GPyTorch (https://gpytorch.ai/, accessed on 11 April 2024), which is a 

Gaussian process regression library implemented based on the PyTorch framework that 

can fully utilize GPUs to speed up the computational efficiency. Unlike most GP packages, 

GPyTorch does not provide users with a complete GP model. It provides the necessary 

tools for building a GP model, leaving users with great flexibility and facilitating person-

alized model customization. 

2.2.2. GPR Training and LAI Inversion 

For GPR training, a training dataset relating the LAI and surface reflectance simulated 

by the PRO4SAILT model with a slope equal to 0° is constructed. The six sensitive parame-

ters, namely LAI, Cab, Cw, Cm, ALA, and s1, are set as uniformly distributed, while the insen-

sitive parameters are set to fixed values. The specific parameter settings are given in Table 

1. The Latin hypercube sampling (LHS) method is used to sample these six parameters, 

which are input into the PRO4SAILT model together with other fixed parameters. The sur-

face reflectance of nine bands (B3, B4, B5, B6, B7, B8, B8A, B11, and B12) corresponding to 

the Sentinel-2 sensor are simulated. In this study, a training dataset with a sample size of 

5000 is constructed, where 75% of the dataset is used to train the GPR model and the other 

25% is used to test the GPR model. The input of the GPR model is the simulated surface 

reflectance values of the 9 bands corresponding to the Sentinel-2 sensor, and the output of 

the GPR model is the LAI. Figure 6 shows the GPR training accuracy of the LAI inversion 

model. The results show that the model has a good training performance, with most scat-

ter points occurring near the 1:1 line, an R2 value of 0.9611, and an RMSE equal to 0.3558. 

However, when the LAI values are relatively large, the predicted results are slightly un-

derestimated. 
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Figure 6. GPR training accuracy of the LAI inversion model. 

2.2.3. Multiscale Analysis of Topographic Effects 

LAI inversion ignoring terrain effects leads to errors in complex terrain regions. This 

paper analyses the errors from the perspectives of single-factor analysis and comprehen-

sive analysis. The RMSE and MPE are used to quantitatively analyze the error, and the 

formulas for calculating the RMSE and MPE are as follows: 

RMSE =√
1

N
∑ (LAIbiased-LAIreference)2

N

1
 (11) 

MPE =
100%

N
∑ |

LAIbiased-LAIreference

LAIreference
|

N

1
 (12) 

where LAIbiased refers to the LAI values retrieved from the simulated reflectance by the 

PRO4SAILT model and the Proy algorithm and LAIreference refers to the given LAI values 

while simulating the reflectance by the PRO4SAILT model. 

Shi et al. found that the slope and SVF well represents the degree of topographic 

influences and that terrain radiation cannot be ignored for small-SVF areas when using 

high-spatial-resolution data [54]. So, in the single-factor analysis, the effects of the slope 

and SVF on LAI inversion over rugged terrains are considered. Line plots are drawn for 

the errors (the RMSE and MPE) in the LAI inversion results when the LAIreference values are 

1, 2, 3, 4, and 5 at 6 different resolutions (30, 90, 270, 540, 1080, and 5400 m). The variation 

rules of the two topographic factors, the slope and SVF, for LAI inversion over rugged 

terrains under different spatial resolutions can be clearly observed. In a comprehensive 

analysis, heatmaps of the error values (the RMSE and MPE) at different spatial resolutions 

under different vegetation densities are drawn. Heatmaps can provide a quantitative anal-

ysis of the errors caused by ignoring terrain effects in mountain LAI inversion, which is 

highly important for the development of mountain LAI inversion algorithms. 

2.2.4. Conversion Relationships between the Flat LAI and Slope LAI Values 

Ignoring topographic effects has a significant impact on LAI inversion over rugged 

terrains, and the influence will be even greater in high-resolution images. However, most 
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of the current LAI inversion algorithms do not consider the influence of terrain, which is 

often due to the complexity of radiative transfer models in mountainous areas and diffi-

culties in correcting the reflectance according to the terrain. Researchers generally do not 

develop specialized inversion methods for mountainous areas. If there is a conversion re-

lationship, the inverted LAI ignoring topographic effects can be directly converted into 

the corresponding LAI with the consideration of topography. It can not only reduce the 

complexity of the inversion but also improve the inversion accuracy in the corresponding 

area. In this study, biased LAI inversions based on simulated surface reflectance data pro-

vide an important dataset for constructing the conversion relationship. 

This section is devoted to determining the relationships between the flat LAI and 

slope LAI values. As the LAI inversion error is closely related to the slope values, the 

larger the slope is, the greater the inversion error. Therefore, we use the linear regression 

method to find different relationships according to different slope ranges. Taking the slope 

range of 0°–5° as an example, 2000 pixels in this slope range from the inversion results of 

10 LAI values (0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, and 5) are randomly selected to form a dataset, 

80% of which is used to determine the relationship and 20% of which is used to verify the 

accuracy of the relationship. 

3. Results 

3.1. Analysis of the Simulation Data 

Figure 7 shows the simulated multiscale reflectance corresponding to the Sentinel-2 

B8 (NIR, 842 nm) band when the LAI is 3.5. The different rows in the figure represent the 

different spatial resolutions (30, 90, 270, 540, 1080, and 5400 m). The subplots with the title 

“L0” represent the reflectance simulated without considering the contributions of adjacent 

slopes. The subplots labeled “L1” and “L2” represent the simulated reflectance when the 

Proy algorithm is applied for one iteration and two iterations, respectively. With an in-

crease in the number of iterations, the simulation results become more accurate. Therefore, 

the subplots with the title “L2” have the highest accuracy and are used as the benchmark 

for further evaluation. The last two columns in Figure 7 show the differences between L2 

and L0 and between L2 and L1. 

The surface reflectance at 842 nm simulated by the PRO4SAILT model with a slope 

equal to 0° is 0.4631 when the LAI is 3.5. A comparison of the different rows in Figure 7 

reveals that topography has an impact on the reflectance regardless of the spatial resolu-

tion. However, with decreasing spatial resolution, the image details are gradually lost, 

and the reflectance gradually approaches 0.4631. Therefore, the influence of terrain on re-

flectance simulation decreases with decreasing spatial resolution; conversely, terrain ef-

fects cannot be ignored in high-spatial-resolution data. A comparison of the different col-

umns in the same row reveals that the result for L0 is quite different from that for L2. 

Ignoring the influence of adjacent pixels has a great impact on the reflectance data simu-

lation results. With an increase in the number of iterations, the simulation results become 

more accurate. Increasing the number of iterations in the Proy algorithm can improve the 

accuracy of the results; however, this process takes a long time, and the accuracy and cal-

culation efficiency need to be chosen according to the actual situation. 
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Figure 7. Multiscale surface reflectance simulation data (LAI = 3.5, 842 nm). 

3.2. LAI Values Retrieved Using the Algorithm Ignoring Terrain Effects 

The multiscale LAI inversion results based on the two-iteration surface reflectance 

using the algorithm ignoring terrain effects are shown in Figure 8. Each row includes data 

at a specific resolution (30, 90, 270, 540, 1080, or 5400 m), and each column represents data 

at a specific LAIreference value (1, 2, 3, 4, or 5). The “average” above each subgraph represents 

the mean of the LAI inversion results for all pixels in the study area. No matter what the 

spatial resolution is and no matter what the LAIreference value is, the inversion results ob-

tained using the algorithm ignoring terrain effects will have an impact on the retrieved 

LAI values over rugged terrains. However, overall, the higher the spatial resolution is, the 

greater the deviation between the LAI inversion results and LAIreference values. This phe-

nomenon can not only be seen from the distribution of heat maps, but it is also reflected 

by the average value of the LAI inversion results. Taking the LAIreference value of two as an 

example, when the spatial resolution is 30 m or 90 m, the LAI inversion results are greater 

than the LAIreference value in some pixels, and most of these pixels are concentrated over 

rugged terrains. However, when the spatial resolution gradually decreases from 30 m to 

5400 m, that is, from the first row to the last row in Figure 8, the LAI inversion results 

become closer to the LAIreference value. At a resolution of 5400 m, the LAI inversion results 

are almost the same as the LAIreference value. It can also be intuitively seen from the average 

value that when the spatial resolution gradually decreases from 30 m to 5400 m, the 
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average value of the LAI inversion results ranges from 2.21 to 1.99, which is getting closer 

to the LAIreference value. Taking the LAIreference value of five as an example, the findings are 

similar to those for the LAIreference value of two. Similarly, as the spatial resolution de-

creases, the results approach the reference value of five. However, the LAI inversion re-

sults are generally lower than the LAIreference values, which is consistent with the GPR train-

ing results shown in Figure 6; that is, when the LAI is high, the prediction results are 

slightly underestimated. Figure 8 demonstrates that terrain has an impact on the retrieved 

LAI values when the algorithm ignores terrain effects, and this influence is more pro-

nounced for high-spatial-resolution data. 

 

Figure 8. Retrieved multiscale LAI values obtained using the algorithm ignoring terrain effects 

(LAIreference = 1, 2, 3, 4, and 5). 

3.3. Multiscale Analysis of Topographic Effects on the Retrieved LAI Values 

3.3.1. Single Factor Analysis 

(1) Impact analysis of the slope 

Figures 9 and 10 show the changes in the RMSE and MPE, respectively, of the mul-

tiscale LAI values retrieved using the algorithm ignoring terrain effects. Different rows rep-

resent different spatial resolutions (30, 90, 270, 540, 1080, and 5400 m), and different columns 

represent different LAIreference values (1, 2, 3, 4, and 5). Figure 9 demonstrates that the RMSE 

of the retrieved LAI values over rugged terrains generally increases with an increasing slope 
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regardless of the spatial resolution. At resolutions of 1080 m and 5400 m, the RMSE decreases 

with an increasing slope, which may be due to the small number of pixels with large slopes 

in coarse-scale images, and the RMSE is not representative. However, the overall trend is 

that the RMSE increases with an increasing slope, and this trend is observed at different 

spatial resolutions. Taking the LAI value of five at the resolution of 30 m as an example, 

when the slope is less than 15°, the RMSE is generally small, about 0.1. When the slope is 

between 15° and 30°, the RMSE generally does not exceed 0.5. However, when the slope 

is greater than 45°, the RMSE of the retrieved LAI values is relatively large. 

 

Figure 9. Changes in the RMSE of the retrieved LAI values obtained using the algorithm ignoring 

terrain effects with slope. 

Similarly, Figure 10 shows that the MPE of the LAI values retrieved using the algo-

rithm ignoring terrain effects increases with an increasing slope at various spatial resolu-

tions. For example, when the LAIreference is five and the spatial resolution is 30 m, the MPE 

is close to 0; that is, the error is small when the slope is less than 15° and the surface is 

approximately horizontal. However, when the slope is greater than 15°, the MPE 
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gradually increases. In pixels with slopes of 30°–45°, the MPE is close to 20%. In addition, 

in pixels with slopes of 45°–60°, the MPE is close to 30%. When the slope is ≥60°, the MPE 

gets greater. Combining Figures 9 and 10, it is found that the slope plays a great role in 

LAI inversion over rugged terrains. That is, when inverting the LAI in areas with high 

slopes, ignoring terrain effects can have a significant impact on the inversion results. 

 

Figure 10. Changes in the MPE of the retrieved LAI values obtained using the algorithm ignoring 

terrain effects with slope. 
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(2) Impact analysis of the SVF 

Figure 11 shows the changes in the RMSE of the LAI values retrieved using the algo-

rithm ignoring terrain effects with the SVF. Overall, the larger the SVF is, the smaller the 

RMSE of the retrieved LAI values. At coarse-scale resolutions, such as 540 and 5400 m, the 

RMSE increases with an increasing SVF, the reason for which is the number of pixels cor-

responding to the SVF is low and the RMSE results are not representative. 

 

Figure 11. Changes in the RMSE of the LAI values retrieved using the algorithm ignoring terrain 

effects with the SVF. 
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Figure 12 shows the change in the MPE of the LAI values retrieved using the algo-

rithm ignoring terrain effects with the SVF, which is consistent with the trend of the RMSE 

variation with the SVF in Figure 11. Regardless of the spatial resolution, overall, the larger 

the SVF is, the smaller the MPE of the retrieved LAI values. For example, in the subgraph 

with a LAIreference value of five and a spatial resolution of 30 m, when the SVF is lower than 

0.7, the MPE of the retrieved LAI values is greater than 25%. When the SVF is greater than 

0.7, the MPE is relatively low, especially when the SVF is between 0.85 and 1, for which 

the MPE is less than 10%. 

 

Figure 12. Changes in the MPE of the LAI values retrieved using the algorithm ignoring terrain 

effects with the SVF. 
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3.3.2. Comprehensive Analysis of Topographic Effects 

Figure 13 summarizes the RMSE (a) and MPE (b) of the multiscale LAI values re-

trieved using the algorithm ignoring terrain effects. The horizontal axis represents differ-

ent LAIreference values, and the vertical axis represents different spatial resolutions. Figure 

13a shows that the RMSE values of the retrieved LAI values differ under different LAI 

values. Under the same LAI values, the RMSE of the retrieved LAI values decreases with 

decreasing spatial resolution. For example, when the LAIreference value is one, the RMSE of 

the retrieved LAI values at the scale of 30 m can reach 0.8723. However, with decreasing 

spatial resolution, the RMSE is 0.6602 at 270 m, 0.4212 at 1080 m, and only 0.2421 at 5400 

m. Similarly, when the LAIreference value is five, the RMSE of the retrieved LAI values grad-

ually increases from 0.5376 to 0.608, 0.6907, 0.7746, 0.8914, and 1.005 as the spatial scale 

gradually decreases from 5400 to 1080, 540, 270, 90, and 30 m, respectively. 

Figure 13b summarizes the MPE of the multiscale LAI values retrieved using the al-

gorithm ignoring terrain effects. The MPE values of the retrieved LAI values differ under 

different LAI values. Under the same LAI values, the MPE of the retrieved LAI values 

decreases with decreasing spatial resolution. For example, when the LAIreference value is 

one, the MPE of the retrieved LAI values can reach 49.74% at a scale of 30 m. However, 

with decreasing spatial resolution, the MPE of the retrieved LAI values reached 39.93% at 

270 m and 29.59% at 1080 m. At a 5400 m resolution, the RMSE is only 22.19%. When the 

LAIreference is five, the MPE of the retrieved LAI increases from 10.46% to 13.72% as the 

spatial scale increases from 5400 m to 30 m. 

 

Figure 13. The (a) RMSE and (b) MPE of the LAI values retrieved using the algorithm ignoring 

terrain effects. 
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3.4. Conversion Relationships between the LAI Values Retrieved Using the Algorithm Ignoring 

Terrain Effects and the Reference LAI Values 

Table 2 lists the conversion relationships between the LAI values retrieved using the 

algorithm ignoring terrain effects and the reference LAI values at a resolution of 30 m 

according to different slope ranges. The relationships are obtained using the linear regres-

sion method based on 80% of the samples in the dataset in Section 2.2.2. Figure 14 verifies 

the accuracy (the RMSE and R2) of these relationships using the remaining 20% of the 

samples in the dataset in Section 2.2.2, where the horizontal axis represents the true value 

in this 20% of the sample and the vertical axis represents the converted LAI obtained 

through the conversion relationship in Table 2. When the slope is between 0° and 5°, the 

conversion relationship is y = 0.9712x − 0.1437, with high accuracy, as shown in Figure 

14a. This is because when the slope is small, the surface is close to being horizontal, and 

the difference between the retrieved LAI values and the reference LAI values is not signif-

icant. However, as the slope increases, the R2 value of the conversion relationship de-

creases and the RMSE increases. When the slope is between 25° and 30°, the R2 value of 

the relationship is only 0.8239, and the RMSE is 0.6025, indicating a relatively low accu-

racy. When the slope is larger than 30°, the accuracy is even lower, which is not shown in 

the table. This is because when the slope is greater than 30°, the simple linear relationship 

is not sufficient to represent the relationship between the retrieved and reference LAI val-

ues. However, considering that the slope of most areas in practice does not exceed 30°, the 

conversion relationships proposed in this study can still provide support for LAI inver-

sion over rugged terrains. 

Table 2. Conversion relationships between the LAI values retrieved via the algorithm ignoring ter-

rain effects and the reference LAI values at a resolution of 30 m. 

Slope Range  
Conversion Relationships 

(x: Retrieved LAI; y: Reference LAI) 

0°–5° y = 0.9712x − 0.1437 

5°–10° y = 0.9800x − 0.1604 

10°–15° y = 0.9898x − 0.1799 

15°–20° y = 0.9970x − 0.2134 

20°–25° y = 0.9786x − 0.1768 

25°–30° y = 0.9236x − 0.0455 

 

Figure 14. Accuracy (RMSE and R2) of the conversion relationships for different slope ranges (X 

represents the true LAI and Y represents the LAI obtained through the conversion relationship). The 

dotted line is the 1:1 line. (a) 0°–5°, (b) 5°–10°, (c) 10°–15°, (d) 15°–20°, (e) 20°–25°, and (f) 25°–30°. 
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4. Discussions 

This paper analyzes the influence of topography on mountain LAI inversion by com-

paring the LAI values retrieved from multiscale surface reflectance simulated by the 

PRO4SAILT model and the Proy algorithm over rugged terrains with the corresponding 

reference LAI data. In this study, all the pixels in the study area are assumed to be identical, 

except for their topography, during the simulations. This assumption helps identify the in-

fluences of topography alone. In addition, because the terrain conditions of the selected 

study area are complex, with slopes spanning from 0° to 80°, the results can be used to ana-

lyze the errors in LAI inversion under various terrain conditions to make the results more 

comprehensive and objective. Compared with the actual remote sensing reflectance data 

and the measured LAI, the method proposed in this paper avoids the difficulty of obtain-

ing measured mountain LAI data and actual remote sensing reflectance data. The results 

demonstrate that the error in the retrieved LAI values increases with an increasing slope. 

This finding is consistent with that of previous studies [29,32]. 

However, LAI inversion using simulated reflectance data has several limitations. 

Firstly, due to the long computation time and large memory space required by the Proy 

algorithm when simulating the multiscale reflectance data over rugged terrains, we only 

simulated the reflectance when the PRO4SAILT model parameters were fixed values, e.g., 

Cab was chosen to be 50, N was chosen to be 1.6, and so on. Here, in order to analyze the 

effect of terrain on the inversion of different LAI values, the terrain parameters were taken 

from the DEM images, and 10 LAI values ranging from 0.5 to 5 at intervals of five were 

selected. In the future, we will try to simulate the reflectance with other values for these 

parameters. 
Secondly, since actual scenes are much more complicated, the reflectance of each 

pixel is related to the land cover. During the reflectance simulation process, it is assumed 

that all the pixels in the study area have the same type of land cover. However, the actual 

scenario is much more complex, and the heterogeneity among pixels is often large [56]. 

Additionally, the reflectance simulation does not consider the influence of the atmos-

phere. The atmosphere between two pixels affects terrain radiation, such as the attenua-

tion of radiation and atmospheric path radiation [57,58]. In summary, the influence of to-

pography is coupled with surface and atmospheric characterizations. Therefore, addi-

tional effort is needed when applying this study’s conclusions to practical scenarios. 

Thirdly, this study analyzes the effects of slope and the SVF on mountain LAI inver-

sion errors. In general, the larger the slope or the smaller the SVF is, the larger the errors. 

This approach is highly important for the development of LAI retrieval strategies over 

rugged terrains. However, this paper discussed only the impact of the slope and the SVF 

on the LAI retrieval error. Rugged terrain is often complex, and many indicators are avail-

able for describing terrain characteristics. Only these two factors are considered here, 

without considering the heterogeneity of rugged terrains, climate, vegetation type, moun-

tain shadow [59], etc. Therefore, these factors can be included in a mountain LAI error 

analysis in the future. 

In addition, this paper proposes relationships that can be used to directly convert the 

retrieved LAI ignoring topographic effects into corresponding LAI values with the con-

sideration of topography. The relationships are constructed based on different slope 

ranges because the LAI inversion error is closely related to the slope, as demonstrated in 

Figures 9 and 10. In this way, if the slope is less than 30°, the retrieved LAI values using 

the algorithm ignoring terrain effects can be directly converted into mountain LAI values 

based on the relationships given in this paper, which greatly reduces the complexity of 

the inversion of mountain LAI values. However, these relationships also have certain lim-

itations. The relationships are based on the linear regression method. When the slope is 

large, a simple linear relation may not be able to summarize all the relevant situations, 

resulting in a decrease in the inversion accuracy. Furthermore, these relationships have 

been validated only based on simulated data. Therefore, it is necessary to construct a 
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universal and simple LAI inversion strategy over rugged terrains. These topics need to be 

explored in depth in the future. 

5. Conclusions 

This study explored the topographic effects on LAI retrieval from surface reflectance 

data at various spatial scales (30, 90, 270, 540, 1080, and 5400 m) over rugged terrains. The 

PRO4SAILT model and the Proy algorithm were used to simulate surface reflectance at 

the 30 m scale for different LAI values (0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5, and 5.0). Re-

flectance data at spatial scales of 90 m, 270 m, 540 m, 1080 m, and 5400 m were obtained 

by an upscaling method. To improve the universality of the results, complex terrain con-

ditions were used in the simulation. Based on the simulation data, the topographic effects 

of multiscale LAI inversion were quantitatively analyzed. The results demonstrated that 

the higher the spatial resolution is, the greater the error in the retrieved LAI values. Re-

gardless of the spatial resolution, the error in the retrieved LAI values increases with an 

increasing slope. The larger the sky visibility factor is, the smaller the error in the retrieved 

LAI values. This study also constructed linear regression relationships to convert the re-

trieved LAI values using an algorithm that ignores terrain effects to mountain LAI values 

according to different slope ranges. 

These conclusions provide a reference for those interested in estimating LAI values 

over mountain areas from remote sensing data at various spatial scales. Future studies 

will focus on constructing LAI inversion algorithms for mountainous areas based on ra-

diation transfer models. 
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