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Abstract: Land surface parameters are crucial in land surface process model simulations. Considering
the complex land surface characteristics of the Loess Plateau, a parametric sensitivity analysis was
conducted to determine the key parameters of its Noah Multi-Parameterization (Noah-MP) land
surface model. Sensitivity analysis can better elucidate the influence of different parameters on the
model simulation results and evaluate the rationality of each model parameter. The extended Fourier
amplitude sensitivity test (EFAST) method is a classical global sensitivity analysis method, whose
theory is derived from the analysis of variance and Fourier transform. In this study, the EFAST
method was used to perform sensitivity analyses on the land surface characteristic parameters in
different climatic regions of the Loess Plateau. The results showed that the Noah-MP model can
represent the land surface characteristics of the Loess Plateau well. With sensible and latent heat
fluxes as criteria, the main sensitivity parameters were the vegetation roughness length (Z0), the soil
quartz content (QUARTZ), the maximum volumetric soil moisture (MAXSMC), and the soil parameter
“b”. The coupling effect between parameters has a greater impact on the sensitivity analysis. The
probability densities of the three most sensitive parameters were evenly distributed in each interval,
whereas those of the other parameters were distributed within 0–0.2 of the standardized value.
Moreover, almost half of the land surface parameters accounted for 80% of the total sensitivity. Based
on the seasonal sensitivity distribution of the land surface parameters, Z0 dominated throughout all
four seasons, QUARTZ sensitivity was high in spring, and both MAXSMC and QUARTZ showed
high sensitivities in winter.

Keywords: land surface parameters; EFAST method; sensitivity analysis; first-order sensitivity;
global sensitivity

1. Introduction

The exchange of energy, water, and matter between the Earth and atmosphere is the
primary mechanism of surface–atmosphere interactions. The land surface process model
used to describe these interactions contains a series of parameters involving surface bi-
ological, physical, and soil, water, and heat exchange processes. However, owing to the
limitations of observation, experimental conditions, and scientific understanding, some
parameters in the current land surface process model cannot accurately describe the un-
derlying surface characteristics, greatly limiting its simulation performance. Land surface
conditions, such as vegetation cover and soil moisture, significantly impact the surface
energy and water budgets at large and even regional scales owing to their uneven spatial
distribution and seasonal changes [1–3]. The land–atmosphere exchange of matter and
energy is one of the primary physical processes that determines the state of climate and
atmospheric circulation [4,5]. Surface layer observation experiments are invaluable for the
extensive study of the interaction mechanisms between various underlying surfaces and
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the atmosphere. Understanding these interactions may elucidate the land surface process
mechanisms, optimize the land surface parameterization schemes, and ultimately improve
the level of weather and climate prediction.

Land surface processes are organic connections between the spherical layers of the
earth science system [6]. Land–atmosphere interactions directly affect local weather pro-
cesses and atmospheric circulation movements, forming the basic characteristics of regional
and global climates. Moreover, climate change has a reaction effect on land–atmosphere
interactions, affecting the surface ecology [7]. As an important component of numerical
weather modeling, land surface process models provide the underlying heat, energy, and
material bases for simulating various weather processes. The current land surface process
model involves numerous parameters; most of the preset values of these parameters come
from observation and empirical estimation. However, owing to the limitations of actual
observation conditions and scientific cognition, considerable deviations often arise, and the
actual needs cannot be met. The effect of the land surface model simulation depends not
only on the physical parameterization scheme of the model, quality of the initial field, and
the driving data but also on the representativeness and accuracy of the parameters. The
land surface process model contains a variety of physical, chemical, and biological process
parameterization schemes [8]. The physical process parameterization scheme is based on
some assumptions, including various land surface parameter settings [9]. Different land
surface parameters represent different underlying surface characteristics, some of which
are directly observable, whereas other supposed “functional parameters” are not [10,11].

Land surface process parameters play a crucial role in land surface process model sim-
ulations; their magnitude and the correctness and fairness of the parameterization scheme
directly affect the accuracy of the model simulation results. Because the characteristics
of land surface process parameters vary from place to place, the parametric scheme has
an empirical and local nature [12–14]. Therefore, meticulously analyzing and discussing
the parametric characteristics and parameterization methods of land surface processes in
specific research areas can significantly improve the simulation performance of land surface
process patterns. Classifying local climate zones based on land surface characteristics
evidences an understanding of the difference in the land surface temperature and the
relationship between both factors [15–18].

A parametric sensitivity analysis can be used to determine the key parameters of
a pattern. Parameter sensitivity analysis and single station optimization can be used
to diagnose the degree of response of different parameters. Additionally, it can help to
quantitatively understand their contribution and physical processes in the model to the
model output as well as verify the impact of different parameters on a specific period
or watershed simulation [19–21]. The sensitivity analysis and optimization results of the
parameters show that the model output is often affected by a few main parameters, while
the interaction between parameters greatly influences the model output [22–24].

In 1992, a working group on numerical tests under the Atmospheric Science Commit-
tee of the World Meteorological Organization and a continental-scale international program
jointly held an intercomparison program for land surface parameterization [25]. They
conducted sensitivity tests on a series of key parameters and tested the simulation of water
heat flux on the land surface under the same atmospheric forcing using over 20 different
land surface process models. The verification showed that the simulation results of water
and heat flux differed for different land surface models, indicating great uncertainty in the
description of the surface turbulent exchange process. Other studies have also shown that
the parameterization of land surface processes in current atmospheric models is not ideal,
and the resulting surface flux uncertainties are considerable [26]. Generally, parameters
with clear physical meaning in the land surface model, such as surface albedo, vegetation
coverage, and leaf area index, do not depend on the model parameterization scheme. How-
ever, other “functional parameters” such as the stomatal resistance, aerodynamic roughness,
and soil heat capacity are difficult to quantify [10,11]. In addition, the underlying surface
parameter sets used by different land surface models have varying resolutions and are
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affected by different vegetation and soil classification methods. Even for the same soil or
vegetation type, parameters with the same physical meaning are different for different mod-
els [10,27]. The influence of the spatial heterogeneity of the model parameters on the land
surface process model simulation results has also attracted considerable attention [28,29].

Many scholars in China have conducted simulation experiments on different land
surface models at various stations and regions [30–33]. They demonstrated that each model
can effectively simulate the changing land surface characteristic trends of their correspond-
ing stations or regions. Because of the harsh natural environment and lack of surface layer
observation experiments, accurately determining the land surface process parameters and
soil thermal properties is difficult. The land surface process model can usually only use the
default parameters of the model, which introduces uncertainty to the simulation results of
the land surface process in this area. Thus, the weather and climate model performance
coupled with the land surface process model is reduced. To address this problem, many
scholars have conducted research on land surface parameterization [34–37]. Relevant stud-
ies have also been conducted on the land surface parameters of the complex underlying
surface in Northwest China [38–41]. However, the Northwest region, particularly the Loess
Plateau, has complex and diverse underlying surfaces. The suitability of the land surface
parameters used in the land surface model of this region and the sensitivity of the model
output results to these parameters are difficult to determine. This is owing to the lack of
observational data in this region, with research being relatively limited.

The characteristic land–air interactions in the Loess Plateau are attributed to the
peculiarity of its complex underlying surface. First, owing to the uneven distribution of
this underlying surface, the land–air interactions are multilayered. Second, the soil, water,
and heat exchange processes in arid areas have different characteristics from those of other
underlying surfaces; under dry conditions, the contribution of water vapor movement in the
soil to the water cycle is more important than that of the liquid water movement [42]. Third,
sparsely vegetated areas often appear in the degraded vegetation area of arid and semi-arid
regions. These are different from the ground gas exchange process between vegetation and
dense vegetation, where so-called “reverse gradient transport” often occurs [42]. Fourth,
arid and semiarid areas have high atmospheric transparency under sunny conditions,
with surfaces that absorb more solar radiation; however, due to the arid climate and
desertification, their soil is loose, and sandstorms can easily occur during the strong
convective weather in spring and summer.

Although the weather forecasting of complex underlying surface areas is difficult
for model forecasting, it is the focus of forecasters and model researchers. In addition,
the expression of the land–air interaction processes in this region is extremely important
in weather models. Because of its complexity, the study of the land surface processes in
this area is particularly important. In this study, a sensitivity analysis was conducted on
the land surface parameters in complex terrain areas. The aim was to identify the key
parameters that greatly influence the surface sensible and latent heat fluxes of many land
surface parameters and analyze their characteristics. Moreover, sensitivity analysis can
better elucidate the influence of different parameters on the model simulation results and
evaluate the rationality of each parameter of the model. In the optimization of the land
surface parameters, the dimension of the parameters was reduced, and the efficiency and
quality of the parameter optimization were improved. By focusing on and adjusting the
parameters that are more sensitive to the simulation results, the simulation effect of the
land surface process model in the Loess Plateau region is expected to improve.

2. Data and Methods
2.1. Observation Stations and Data Introduction

The Dingxi Experimental Station (35◦33′22′′ N, 104◦35′37′′ E) is located in the Agricul-
tural Science and Technology Park in the western suburbs of the city of Dingxi, approx-
imately 5 km from the edge of the urban area and 1860 m above sea level. It is located
in the uplift extension areas of the Loess Plateau, a typical multi-gully geomorphological
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area. It is a semiarid climatic area affected by monsoons. The annual average precipitation
is approximately 386.0 mm, but the evaporation is as high as 1400 mm. The land surface
characteristics of this area include crop and grassland mosaic vegetation coverage, and the
dominant soil type is sandy clay.

The Pingliang Experimental Station (35◦31′33′′ N, 106◦56′35′′ E) is located on the
grass peak plateau northeast of the city of Pingliang, with an altitude of 1480 m. It is
approximately 23 km away from the edge of the city, located on farmland where the land
surface is characterized by farmland vegetation cover and silty clay soil. The geographical
location and vegetation distribution of Dingxi and Pingliang are shown in Figure 1.
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Figure 1. Locations of the Dingxi and Pingliang experimental stations and the land use distribution
of the study area.

In this study, land surface data from 2017 in the Dingxi Land Surface Observatory were
observed hourly, and land surface data from 2018 in Pingliang were also observed. The data
elements studied, namely air pressure, wind speed, 2 m temperature, 2 m relative humidity,
downward shortwave radiation, downward longwave radiation, and precipitation, were
used to drive a Noah-MP land surface model. Detailed information on the observational
data used in this study is shown in Table 1.

Table 1. Information of the observational data.

Name Height
(m) Unit Time Interval

(min)

Pressure 2 Kpa 5
Wind speed 10 m/s 5
Temperature 2 ◦C 5

Relative humidity 2 % 5
Precipitation 2 mm 5

Downward shortwave radiation 2 W/m2 30
Downward longwave radiation 2 W/m2 30

Soil temperature −0.1, −0.2, −0.5, −1.0 ◦C 30
Soil moisture −0.1, −0.2, −0.5, −1.0 m3/m3 30

Sensible heat flux 2 W/m2 30
Latent heat flux 2 W/m2 30
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2.2. Noah-MP Model

The Noah-MP expands upon the Noah land surface model [43] and improves some of
its existing problems. It also has the advantage of multiple optional physical parameteri-
zation schemes [2,44]. For example, the Noah-MP can add a separate vegetation canopy,
introduce a three-layer snow model, and improve the snow and frozen soil scheme as well
as the two-flow approximation scheme for incoming canopy radiation. Moreover, it adds a
short-term dynamic vegetation model and updates the surface water seepage model [45].
The sensible heat flux H in the model is calculated using the following formula:

H = ρcpChu(θs − θair), (1)

where ρ is the air density at standard atmospheric pressure (g·cm−3), cp is the specific heat
capacity of the air (J·kg−1·K−1), u is the near surface wind speed, θs is the surface potential
temperature (K), θair is the potential temperature at a reference altitude (K), and Ch is the
surface heat exchange coefficient. Ch is determined by the soil water potential function and
roughness, where the value of the soil water potential function is related to the soil type.

The latent heat flux in the model is calculated by:

λEp =

∆
[

Rn−G0
ρcpCh

+ (θ0 − T0)
]
+ A(1 + RR)

∆ + RR + 1

 , (2)

where

RR =
4σT4

0 Rd

ps f ccpCh
(3)

A =
λ

cp
(qsat − qa) . (4)

In the formula, ∆ is the slope of the saturation specific humidity curve (kPa·K−1),
θ0 and T0 are the potential and air temperatures, respectively, ps f c is air pressure near
the surface, Rd is the psychrometer constant, and qsat and qa are the saturated and actual
specific humidities (kg·kg−1), respectively.

Most of the parameters and parameter settings in the Noah-MP model are included in
the parameter list, such as general, vegetation, and soil parameters. These play a role in
the calculation of various equations in the model, which then affect the modeling results.
The 20 parameters selected in this paper have been commonly used in such models [22,24].
A total of 12 parameters were included for soil and 8 parameters for vegetation. Table 2
shows the 20 land surface parameters selected in the Noah-MP. Default values and feasible
ranges for all parameters were taken from the model and the related literature [22]. Other
parameters adopted the default value settings of the model.

Table 2. Feasible ranges of the Noah multi-parameterization land surface model parameters that are
considered in the sensitivity analysis.

Parameter Default Min Max Unit Description

MAXSMC 0.406 0.35 0.55 m3 m−3 Maximum volumetric soil moisture
PSISAT 0.098 0.01 0.65 m m−1 Saturated soil matric potential
SATDK 7.22 × 10−6 0.1 × 10−6 0.1 × 10−5 m s−1 Saturated soil hydraulic conductivity
BEXP 10.73 4.0 12.0 - The “b” parameter

QUARTZ 0.52 0.1 0.82 - Quartz content
CZIL 0.1 0.05 8 - Zilintikevich parameter

FXEXP 2.0 0.2 4 - Bare soil evaporation exponent
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Table 2. Cont.

Parameter Default Min Max Unit Description

CSOIL 2.0 × 106 1.26 × 106 3.5 × 106 J m−3 K−1 Soil heat capacity
REFDK 2.0 × 10−6 0.5 × 10−7 3.0 × 10−6 Used with REFKDT to compute runoff parameter KDT

REFKDT 3.0 0.1 10 Surface runoff parameter
SMLOW 0.5 0.01 1.0 Used to compute soil moisture wilting value
SMHIGH 3.0 2 8 Used to compute soil moisture reference value
NROOT 3 2 4 - Root layers
RSMIN 40 40 400 s m−1 Minimal stomatal resistance

RGL 100 30 150 Radiation stress parameter used in Fx terms of canopy
resistance

HS 36.25 36.25 55 Coefficient of vapor pressure deficit term Fx in canopy
resistance

Z0 0.14 0.01 1.0 m Roughness length
SBETA −2.0 −4 −1 - Used to compute canopy effect on ground heat flux

RSMAX 5000 2000 10,000 s m−1 Maximum stomatal resistance
TOPT 298.0 293 303 K Optimum air temperature for transpiration

2.3. Sensitivity Analysis

The Fourier amplitude sensitivity test (FAST) is a classical global sensitivity analysis
method whose theory is derived from the analysis of variance and Fourier transform [46].
FAST determines the first-order sensitivity of a parameter by calculating the contribution of
the model output variance caused by the specified parameter to the overall model variance.
The extended FAST (EFAST) method builds upon FAST to address the problems of the
overall sensitivity analysis [47]. Its operational framework is shown in Figure 2.

The specific calculation steps of the EFAST method are as follows. Assuming that the
pattern is y = f(X) and the input parameters are X = X(x1, x2, · · · , xn), X then exists in
the certain n-dimensional space Kn. To make it traverse the value range, X is treated as a
random variable, thereby satisfying the probability distribution P(X) = P(x1, x2, · · · , xn).
The r-order distance y(r) of Y is then satisfied.〈

y(r)
〉
=
∫

Kn

f r(x1, x2, · · · , xn)P(x1, x2, · · · , xn)dx (5)

Theoretically, using a multidimensional Fourier transform, turning X into a one-
dimensional form and mapping Kn in a one-dimensional space for further calculation is
possible. The specific method involves selecting the conversion function Gi.

xi(s) = Gi(sinωis), ∀i = 1, 2, · · · , n, (6)

where the scalar s is −∞ < s < +∞, and {ωi} is the integer frequency corresponding to xi.
Selecting a suitable value allows the range of values to be traversed. By substituting (6)
into (5), we obtain

y(r) = lim
T→∞

1
2T

∫ T

−T
f r(x1(s), x2(s), · · · , xn(s))ds. (7)

Taking 2 and 1 of r in Equation (7), the second and first moments of y can be calculated,
respectively, resulting in y(2) and y(1), which are then substituted into the equation

var(Y) = y(2)−
(

y(1)
)2

. (8)
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The variance var(Y) can then be obtained. Furthermore, the Fourier series expansion
of f(s) can be expressed as

y = f (s) = ∑+∞
j=−∞

{
Ajcosjs + Bjsinjs

}
, (9)

where
Aωi =

1
2π

∫ π
−π f (s)cosωisds

Bωi =
1

2π

∫ π
−π f (s)sinωisds.

(10)

The variance change caused by the i-th parameter is the sum of the squared amplitudes
of an integer multiple of ωi; that is,

varxi[E(Y|xi)] = ∑p∈Z0(A2
pωi

+ B2
pωi

), (11)

where E(Y|X) is the expectation of Y when x takes a fixed value, and varx is the variance
when x traverses the range of values of x. The total variance of the model and the first-order
variance caused by parameter i are calculated using Equations (9) and (10). The first-order
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sensitivity value of parameter i in the pattern is calculated after ignoring the coupling with
other parameters according to Equation (11).

Si =
varxi[E(Y|xi)]

var(Y)
(12)

After considering the coupling of parameters for the global sensitivity index parameter
i, the coupling part between parameters is also considered.

STi = 1− varxi[E(Y|x−i)]

var(Y)
, (13)

where E(Y|x−i) is the complementary set of E(Y|xi). The global sensitivity STi can then
be calculated.

The parameter sensitivity analysis test was conducted using the sensitivity and uncer-
tainty analysis software Simlab [48]. The selected parameters were randomly sampled with
the Monte Carlo method; that is, the minimum and maximum values of the parameters
were given such that the samples conformed to a normal distribution form. Because the
number of samples was more than 65 times the number of parameters, the number of sam-
ples per parameter was 1460. The sampling results of each parameter were substituted into
the model for simulation calculation, obtaining 1460 model results. Then, the sensible and
latent heat flux values calculated by the model were substituted into the Simlab software.
The sensitivity of each parameter to the sensible and latent heat fluxes was calculated using
the EFAST method, obtaining the first-order and global sensitivities of each parameter.

3. Results
3.1. Model Validation

The observation data of the Dingxi and Pingliang stations were used to drive the
Noah-MP model. The parameterization scheme and parameter settings in the model used
the default values that come with it. The applicability of the Noah-MP model for the
Loess Plateau was analyzed. Figure 1 shows the observed and simulated values of the
sensible and latent heat fluxes in 2017. Comparing the observed and simulated values, the
annual trend of the simulated sensible heat flux (Figure 3a) was consistent with the actual
observations, that is, low in the winter and high in the summer. Numerically, the simulated
values were higher than the observed values, especially in summer. This may be related
to the higher temperature simulated by the model (figure omitted), especially in summer,
which had the largest error. The root mean square error (RMSE) of the sensible heat flux
simulation was 77.90 W·m−2. The comparison between the simulated latent heat flux and
the observed conditions (Figure 3b) was the same as that of the sensible heat flux; however,
the actual latent heat flux of some days in April and May was significantly higher than
the simulated values, likely caused by the observation value. The RMSE of the latent heat
flux simulation was 43.29 W·m−2. Figure 4a–d show the simulated soil temperature and
observation values in 2017, demonstrating a good correspondence between the simulated
annual change in soil temperature and the actual observation. However, from a numerical
perspective, the soil temperature simulated by the model exhibited a deep cold deviation.
From top to bottom, the RMSEs of the soil temperature simulation were 6.01, 5.37, 4.91,
and 4.30 ◦C. Although the correspondence between the simulated and observed values for
soil moisture (Figure 4e–h) was not as good as that of the soil temperature, the simulated
model was consistent with its annual variation characteristics, simulating dry topsoil and
wet deep soil. The RMSEs of soil moisture simulation from top to bottom were 0.097, 0.076,
0.072, and 0.044 m3·m−3.
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Figure 4. Comparison of observed and simulated (a–d) soil temperature and (e–h) soil moisture
values in Dingxi in 2017.

The simulation results of the model for Pingliang were basically the same as the trend
of the Dingxi simulation (figure omitted), but its RMSE was slightly different. The RMSEs
of the sensible and latent heat flux simulations were 57.88 and 61.49 W·m−2, respectively.
From top to bottom, the RMSEs of soil temperature simulation were 3.90, 2.65, 2.64, and
2.27 ◦C, and those of the soil moisture simulation were 0.131, 0.071, 0.101, and 0.132 m3·m−3.

In short, the sensible and latent heat flux, soil temperature, and soil moisture simulated
result errors of the Noah-MP model in the Loess Plateau were within a reasonable range
compared with those in other places [49,50]. Therefore, the model is suitable for modeling
studies on land surface characteristics in the region.

3.2. Sensitivity of the Land Surface Parameters in the Semiarid Region of the Loess Plateau

The sensitivities of the land surface parameters were determined by considering the
sensible and latent heat fluxes as criteria. The first-order and global sensitivity analyses of
land surface parameters in the semiarid area of the Loess Plateau were analyzed.

3.2.1. First-Order Sensitivity

Based on the first-order sensitivity analysis of the land surface parameters in Dingxi,
the semiarid region of the Loess Plateau, the most sensitive parameters affecting heat flux
were the vegetation roughness length (Z0), the soil quartz content (QUARTZ), the maximum
volumetric soil moisture (MAXSMC), and the soil parameter “b” (BEXP) (Figure 5a). Among
them, Z0 had the highest first-order sensitivity, which was over two times higher than that
of the other parameters. The sensible heat flux had a high sensitivity to the vegetation
parameters. The most sensitive parameters that affected the latent heat flux were also
Z0, BEXP, MAXSMC, and QUARTZ (Figure 5b). Although Z0 had the highest first-order
sensitivity, its sensitivity was slightly greater than that of the other three parameters; that
is, the latent heat flux had a similar sensitivity to the vegetation and soil parameters.
Regardless of whether sensible or latent heat flux was used as the sensitivity criterion,
among the 20 parameters, except for the main four, the sensitivities of the other 16 were
low or even negligible.

3.2.2. Global Sensitivity

Figure 6 shows the global sensitivity analyses of the land surface parameters. Com-
paring the global sensitivity of the parameters and the first-order sensitivity, the ranking
of the parameters was identical when the sensible heat flux was used as the criterion.
However, that of the latent heat flux slightly differed, while the global sensitivity values
were numerically greater than the first-order sensitivity values. Although the sensitivity of
the runoff parameter (REFDK) was low in the first-order analysis, it had a greater role in the
global sensitivity analysis. The 16 parameters with negligible sensitivity in the first-order
sensitivity analysis had higher sensitivities in the global sensitivity analysis. This indicates
that the coupling effect between parameters greatly impacted the sensitivity analysis. In
the land surface model, the role of each parameter is not independent, and they affect each
other. Therefore, global sensitivity analyses are important in determining the sensitivities
of land surface parameters.
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3.2.3. Annual Variation Characteristics of the Main Sensitivity Parameters

The annual variation characteristics of the main sensitivity parameters, MAXSMC,
QUARTZ, BEXP, and Z0, that affect the sensible and latent heat fluxes were analyzed
(Figure 7). As shown in Figure 7a, the sensitivities of the three most sensitive parameters
that largely influenced the sensible heat flux varied greatly from late autumn to spring, but
the differences between the three were not obvious. However, the sensitivity changes in
the three parameters from late spring to autumn were smaller, and the differences between
them were large. The sensitivity of MAXSMC was negligible, whereas Z0 maintained a high
sensitivity. As shown in Figure 7b, the sensitivities of the three most sensitive parameters
that largely influenced the latent heat flux varied greatly throughout the year, with discreet
seasonal characteristics. However, the dominant positions of the three parameters in
various periods differed. The sensitivity of BEXP from late autumn to spring was the
highest, and that of Z0 was highest from late spring to autumn, whereas the sensitivity of
MAXSMC was in the middle.

3.3. Sensitivity of the Land Surface Parameters in the Semi-Humid Region of the Loess Plateau
3.3.1. First-Order Sensitivity

The EFAST method was used to analyze the 2018 land surface parameters in Pingliang,
located in a semi-humid area of the Loess Plateau. Sensible (Figure 8a) and latent (Figure 8b)
heat fluxes were used as criteria to analyze the first-order sensitivities of 20 land surface
parameters (Table 1). As shown in Figure 8a, the sensitivity parameters with the greatest
influence on sensible heat flux were Z0, followed by QUARTZ, MAXSMC, and BEXP. The
sensitivities of the other 16 parameters were low. The sensitivity of Z0 was more than twice
that of the other major parameters. When the latent heat flux was used as the sensitivity
criterion, BEXP had the highest sensitivity, followed by Z0, MAXSMC, and QUARTZ,
while the other parameters had low sensitivities. Regardless of the use of sensible or latent
heat flux as the sensitivity criterion, the main sensitivity parameters were Z0, QUARTZ,
MAXSMC, and BEXP. However, Z0 had the highest sensitivity for the sensible heat flux
and BEXP had the highest sensitivity for the latent heat flux.
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3.3.2. Global Sensitivity

The global sensitivity analysis of the land surface parameters (Figure 9) revealed
that the rankings of the parameters were consistent with that of the first-order sensitivity
analysis with sensible heat flux as the criterion. In contrast, the sensitivity ranking of
the parameters slightly differed compared with the latent heat flux. For example, the
sensitivity of REFDK was higher than that of QUARTZ in the global sensitivity analysis,
but the sensitivity degree of both parameters was higher than the first-order sensitivity.
The sensitivities of REFDK and that of other parameters increased significantly in the
global sensitivity analysis. Compared with the sensitivities of the parameters in Dingxi, the
sensitivity rankings of the land surface parameters of Pingliang differed. This is mainly
explained by the sensitivity of REFDK in the analysis at the Pingliang test station being
higher than that of the Dingxi test station. This shows that the sensitivities of the land
surface parameters slightly differed in different climatic regions.
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3.3.3. Annual Variation Characteristics of the Main Sensitivity Parameters

Analysis of the annual variation characteristics of the most sensitive land surface
parameters (Figure 10) shows that Z0 was the primary parameter that affected the heat flux
throughout the year. In contrast, the sensitivities of QUARTZ and MAXSMC were relatively
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small from July to September. Based on the sensitivities of the influencing parameters of the
latent heat flux (Figure 10b), the land surface parameters varied in different periods, and
their sensitivity ranking also changed. From July to November, Z0 dominated, whereas in
the other months, BEXP dominated. When the sensitivity of Z0 was high, the sensitivity
of BEXP was low. Conversely, when the sensitivity of BEXP was high, the corresponding
sensitivity of Z0 was low. In summary, seasonal differences exist in the sensitivity of the
land surface parameters.
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3.4. Statistical Sensitivity Characteristics of the Land Surface Parameters in the Loess Plateau
3.4.1. Sensitivity Probability Density Distribution of the Parameters

To analyze the sensitivity characteristics of the land surface parameters in the semiarid
and semi-humid areas of the Loess Plateau, the parameter sensitivity results of the Dingxi
and Pingliang experimental stations were averaged. Figure 11 shows the interval probabil-
ity density distribution after normalizing the sensitivities of the land surface parameters
with sensible heat flux as the criterion. The sensitivity probability density distributions
of the other parameters were similar; that is, they were mainly distributed within 0–0.2
of the normalized value. When the probability density distributions of the first-order
and global sensitivities were compared, the two exhibited similar distribution patterns.
However, the global sensitivity probability density was slightly lower than that of the
first-order sensitivity in each interval. Figure 12 shows the probability density distribution
of the intervals after standardizing the sensitivities of the land surface parameters with
latent heat flux as the criterion. As shown in Figure 12, the sensitivity probability density
distribution patterns of MAXSMC, BEXP, Z0, and the other 17 parameters were consis-
tent. The sensitivities of the first three parameters were almost evenly distributed in each
interval. Conversely, the sensitivity probability density of the other 17 parameters was
mainly distributed within 0–0.2 of the standardized value. The first-order sensitivity was
consistent with the global sensitivity probability density distribution pattern. Comparing
Figures 11 and 12, different criteria altered the probability density distribution morphology
of the sensitivity of each parameter. In particular, MAXSMC, BEXP, and Z0 had the largest
morphological differences.
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3.4.2. Cumulative Variance Contribution Rate of the Parameters

Figure 13 shows the cumulative variance distribution map of the normalized sensitivi-
ties of the land surface parameters of the Loess Plateau. When sensible heat flux was used
as a criterion for sensitivity analysis, the first 11 of the 20 land surface parameters accounted
for 80% of the explanatory variance. Conversely, the first 10 parameters accounted for
80% of the explanatory variance when the latent heat flux was used as the criterion. This
shows that when the sensitivity analysis of 20 land surface parameters was conducted, the
sensitivity degree of almost half of the parameters accounted for 80% of the sensitivity
of all parameters. That is, the sensitivities of the first 10 parameters were high, and the
sensitivities of the last 10 were small or negligible. When the sensible heat flux was used
as the criterion for sensitivity analysis, the distribution of the variance contribution of the
parameters of the Dingxi and Pingliang stations was consistent. However, when the latent
heat flux was used, the sensitivity variance contribution varied between the two stations,
especially from the second to eighth parameters. This indicates that compared with the
sensible heat flux, the sensitivities of these seven parameters differed.
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3.4.3. Seasonal Sensitivity Distribution Characteristics of the Parameters

The seasonal sensitivity distribution of the land surface parameters of the Loess
Plateau is shown in Figure 14. It shows that the sensitivities of the different land surface
parameters varied depending on the season, and that the seasonal sensitivity distribution
was inconsistent with different criteria. When the sensible heat flux was used, Z0 had
a high sensitivity in summer and autumn and a relatively low sensitivity in spring and
winter. MAXSMC had a high sensitivity in winter and a low sensitivity in spring, summer,
and autumn. BEXP had low sensitivity throughout the year, with the lowest in summer.
QUARTZ had high sensitivity in spring and winter and low sensitivity in summer and
autumn. When the latent heat flux was used, the seasonal sensitivity distribution of Z0 was
consistent with that of the sensible heat flux. However, MAXSMC had high sensitivity in
spring and low sensitivity in other seasons. BEXP had the highest sensitivity in spring and
winter and the lowest sensitivity in summer and autumn. QUARTZ had high sensitivity in
summer and autumn and lower sensitivity in spring and winter, opposite to the seasonal
distribution of the sensible heat flux. While the seasonal distribution characteristics of the
first-order (Figure 14a) and global (Figure 14b) sensitivities of the land surface parameters
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of the Loess Plateau were the same, the global sensitivity was significantly higher than the
first-order sensitivity.
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4. Discussion

Based on the sensitivity analyses of the land surface parameters of the Loess Plateau,
the four parameters with the highest sensitivities were Z0, MAXSMC, QUARTZ, and BEXP.
The influence mechanisms of these four parameters on the sensible and latent heat fluxes
were analyzed. Theoretical analyses and numerical experiments have shown that the
inhomogeneity of the surface parameters has an important impact on the calculation of the
surface turbulent circulation [51]. The vegetation roughness can affect the aerodynamic
impedance calculations, and the sensible heat flux can be estimated using the damping
formula of the overall transmission. Thus, Z0 influences sensible and latent heat fluxes
through aerodynamic impedance. The setting of the soil parameters affects the transmis-
sion of water and energy inside the soil and the exchange of water and energy between
the soil and atmosphere, which then affects the sensible and latent heat fluxes. In partic-
ular, changes in the soil-saturated water content alter the surface water cycle, affecting
the energy exchange between the atmosphere and land. A problem that has not been
completely resolved is the influence of the land surface process parameter setting on the
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parameterization scheme. The individual influences of each parameter and their coupled
influences on the land surface process are also yet to be addressed [23,24,52].

The main vegetation in the Dingxi and Pingliang experimental stations has obvious
seasonal differences compared with the growth season. For example, there is basically
no vegetation cover on the land after the harvest of autumn crops, making Z0 almost
0. In contrast, the vegetation grows vigorously in summer, with the vegetation height
and the corresponding Z0 reaching maximum values. Therefore, Z0 and MAXSMC, as
well as other parameters with seasonal characteristics, should vary in different seasons.
However, seasonal changes were not distinguished in the model settings. This may lead to
large seasonal differences in the model simulation results, especially in summer (Figure 5).
Sensible and latent heat fluxes have large seasonal variation characteristics due to seasonal
changes in precipitation [53]; therefore, the corresponding simulation error also has a large
seasonal error. Future work must research the influence of different seasonal dynamic
parameter settings on the model simulation results.

Sensible heat flux is the turbulent heat exchange between the atmosphere and the
underlying surface caused by temperature changes; it is positively related to the surface
temperature differences and wind speed [54,55]. The latent heat flux is the heat transport
caused by the phase change of water in the atmosphere, which is positively related to
precipitation and soil water content [56,57]. Based on Equation (1), the sensible heat flux
has a close relationship with the wind speed. As the size of the land surface parameter Z0
directly affects the size of the ground wind speed, Z0 has a greater impact on the sensible
heat flux. The calculation of the latent heat flux (Equation (2)) reveals that it has a close
relationship with humidity. The other three highly sensitive parameters analyzed in this
paper are related to soil structure, which in turn affects the soil’s water content; hence,
they have a greater influence on the latent heat flux. In conclusion, the sensitivity order of
the land surface parameters differs depending on the sensible heat and latent heat fluxes
(Figures 5, 6, 8 and 9).

5. Conclusions

In this study, the EFAST method was used to analyze the land surface parameters of
different climatic regions in the Loess Plateau. The results were as follows:

(1) With sensible and latent heat fluxes as the sensitivity criteria, the main land surface
parameters were Z0, QUARTZ, MAXSMC, and BEXP. Comparing the global and first-
order sensitivity analyses of the parameters obtained a similar order, but the global
sensitivity values were numerically greater than the first-order sensitivity values.
Moreover, the coupling effect between the parameters had a significant influence on
their sensitivity analysis. Seasonal differences were observed in the sensitivities of
land surface parameters, which were largely related to their attribute characteristics.

(2) The first-order sensitivity had the same pattern as the global sensitivity probability
density distribution. However, the global sensitivity probability density in each
interval was slightly lower than the first-order sensitivity probability density. The
sensitivities of the first three main parameters were almost evenly distributed in
each interval, while the sensitivity probability densities of the other parameters were
distributed within 0–0.2 of the standardized value. Almost half of the 20 land surface
parameters accounted for 80% of the total sensitivity. The sensitivities of the first half
were high, while the sensitivities of the latter parameters were negligible.

(3) The sensitivities of different land surface parameters varied in different seasons, and
their seasonal sensitivity distributions were inconsistent with varying criteria. Their
sensitivities also fluctuated in different seasons due to the attribute characteristics of
the parameters. Although Z0 occupied an absolutely dominant position in all four
seasons, the position occupied by the spring QUARTZ could not be ignored, whereas
the winter MAXSMC and QUARTZ had higher sensitivities.

The results of the land surface parameter sensitivity analyses were greatly influenced
by the selected criterion; when the criterion differed, the obtained results also differed.
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Therefore, criterion selection is a key step in parameter sensitivity analysis. The sensitivities
of land surface parameters also vary across different climatic regions. This study did not
delve into the interplay of the land surface parameters or the intricate impact of coupled
parameters on land surface processes. Therefore, future work should focus on the influence
of coupling the land surface parameters of land surface processes in the Loess Plateau. The
sensitivity parameters obtained in this paper will be optimized to improve the simulation
performance of the Noah-MP model in the Loess Plateau.
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