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Land surface models (LSMs) play a crucial role in the characterization of land-atmosphere interactions by
providing boundary conditions to a regional climate model (RCM). This is particularly true over the Iberian
Peninsula (IP), a region where a water-limited regime governs most of the territory. This work aims to optimize
the Noah LSM with multiparameterization options (Noah-MP) configuration for characterizing heat fluxes in the
IP when the Weather Research and Forecasting (WRF) model v3.9.1 is used as RCM. To do that, a set of 70
experiments with a 1-year length has been completed using 35 combinations of Noah-MP parameterizations,
both for a year with dry conditions in the IP (2005 year) and for a year with wet conditions (2010 year). Land
surface heat fluxes and soil moisture simulated with Noah-MP coupled to WRF (WRF/Noah-MP) have been
evaluated using as reference the available FLUXNET station data and CERRA-Land reanalysis data. In general, the
results indicate that WRF/Noah-MP accurately simulates soil moisture and surface heat fluxes over the IP,
especially for wetter climate conditions. The clustering method has presented an optimal configuration from 10
groups (Clusters from A to J), which showed that the WRF/Noah-MP parameterizations with the greatest in-
fluence on the simulation of surface heat fluxes over the IP are canopy stomatal resistance (CRS), surface ex-
change coefficient for heat (SFC), soil moisture factor controlling stomatal resistance (BTR), runoff and
groundwater (RUN), and surface resistance to evaporation/sublimation (RSF). In addition, dynamic vegetation
(DVEG) seems to influence simulations. Although several clusters/configurations showed reasonable results,
experiment s271 in Cluster I with Jarvis CRS, Chen97 SFC, CLM-Type BTR, BATS RUN, and Adjusted Sellers to
decrease RSURF for wet soil for RSF seem to be more adequate to simulate surface heat fluxes in the IP.

Land surface models (LSMs), an essential component in regional
climate models (RCMs), provide lower boundary conditions for repre-
senting the most relevant physical processes acting on the land surface.

1. Introduction

The land surface is a crucial component of the climate system. It

integrates significant parts of the biosphere, lithosphere, cryosphere,
hydrosphere, and continuously interacts with the atmosphere through
the exchange of energy, mass, and momentum (Wallace and Hobbs,
2006). These interactions affect convection, the boundary layer, cloud
formation, precipitation, floods, heat waves, wind, and other physical
processes (Ardilouze et al., 2022; Cammalleri et al., 2017; Miralles et al.,
2019; Miralles et al., 2014; Seneviratne et al., 2006). Therefore, the land
surface plays a significant role in weather and climate dynamics across
different spatial and temporal scales.

These processes include dynamic vegetation, stomatal resistance, runoff
and groundwater flow, soil permeability, and albedo, among others. In
this context, different LSMs have been adapted to RCMs. For the
Weather Research and Forecasting (WRF, Skamarock et al., 2008)
model, during the last decades, LSMs such as the Community Land
Model (CLM, Lawrence et al., 2019), the Noah (Chen and Dudhia, 2001),
and its latest developed version, the Noah LSM with multi-
parameterization options (Noah-MP, Niu et al., 2011) has been widely
considered (Hu et al., 2023; Li et al., 2022; Ma, 2023; You et al., 2020;
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Zhang et al., 2016). The latter has been developed to be used under
different environmental conditions worldwide, and for this reason it is
more adaptable, allowing different parameterizations settings. Noah-MP
uses mathematical equations to approximate key land processes by
applying simplifications, such as setting equation parameters, using
parameter tables, applying boundary conditions, implementing specific
parameterizations, or defining initial conditions (Bonan et al., 2002;
Chen and Dudhia, 2001; Liang et al., 1996; Niu et al., 2011). Conse-
quently, the development of LSMs has also introduced uncertainties that
need to be analyzed to improve the simulation of physical variables and
their interactions in different contexts.

Noah-MP was incorporated as LSM in the WRF model from version
3.4 onwards. In these WRF versions, Noah-MP provides multiple options
available for 12 key physical processes, allowing a more detailed rep-
resentation of the physical processes involved in land-atmosphere in-
teractions. Therefore, this LSM includes several parameterizations, each
one with multiple options, resulting in many different combinations
difficult to evaluate simultaneously (Li et al., 2022). Reducing these
uncertainties in different contexts is both a significant challenge and a
necessity. Consequently, numerous studies have been conducted across
different regions worldwide, focusing on analyzing the effect of Noah-
MP parameterizations in specific climate aspects (Li et al., 2022, glob-
ally; Zhang et al., 2021, Zhang et al., 2016 in China and Tibet, respec-
tively), dynamic vegetation influence (Li et al., 2022, globally; Yang
etal., 2021, in China), energy and water exchange (Chang et al., 2020, in
China; Li et al., 2022, globally; Ma, 2023, on the Tibetan Plateau), soil
moisture representation (Cammalleri et al., 2017; Li et al., 2022, glob-
ally), snow-climate interactions (You et al., 2020, across global sta-
tions), and coupling strength (Zhang et al., 2021, 2022, in China, among
others). In these processes, land-atmosphere energy fluxes play a critical
role and are directly influenced by soil water content (Knist et al., 2017;
Li et al., 2020; Miralles et al., 2019; Miralles et al., 2014; Seneviratne
et al., 2010; Seneviratne et al., 2006). Therefore, studying surface heat
fluxes and soil moisture and their relations could provide essential in-
sights into weather and climate dynamics, climate feedback loops,
enhance extreme weather prediction, and allow us to anticipate future
climate conditions.

Regional climate simulations using WRF have been conducted over
the Iberian Peninsula (IP) in recent years (Argiieso et al., 2012a, 2012b;
Argiieso et al., 2011; Garcia-Valdecasas Ojeda et al., 2021; Garcia-Val-
decasas Ojeda et al., 2020a; Garcia-Valdecasas Ojeda et al., 2020b;
Gomez-Navarro et al., 2010; Solano-Farias et al., 2024, among others).
However, few studies have focused on gaining insights into the perfor-
mance of LSM coupled to WRF. An example is the study by Jerez et al.
(2010) where the ability of three LSMs (i.e., Noah, Pleim and Xu and
Simple Five Layers) coupled to an RCM (i.e., MM5) in the character-
ization of IP temperature was analyzed. This study concluded that the
use of an LSM generating more realistic surface fluxes is crucial, espe-
cially in a region such as the IP where there is a strong land-atmosphere
coupling. Therefore, a deeper analysis of how LSMs, particularly Noah-
MP, reproduce physical processes over an area with high complexity in
terms of orography, climate, and land-cover types is necessary. In this
context, this study aims to analyze the impact of using different pa-
rameterizations of Noah-MP coupled to WRF on the characterization of
land-surface fluxes, i.e., sensible heat (SH) and latent heat (LH). This
paper is structured as follows: Section 2 describes the data and methods
applied, Section 3 details and discusses the results achieved, and Section
4 summarizes and concludes on the results of this study.

2. Data and methods
2.1. Configuration of the sensitivity experiments
WRF with the Advanced Research WRF dynamic core (WRF-ARW)

version 3.9.1 has been used in this study to conduct WRF/Noah-MP
sensitivity experiments. The selected WRF configuration is based on a
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two one-way nested-domain (Fig. 1a) approach. The coarser domain
(d01) covers the European Coordinated Regional Climate Downscaling
Experiment region (EURO-CORDEX, Jacob et al., 2014) with a spatial
resolution of 0.44° (~50 km) on a 123 x 126 rotated latitude-longitude
grid; and the nested domain (d02), is centered over the IP with 220 x
220 grid points at a horizontal resolution of 0.088° (~10 km, Fig. 1b).
Vertically, the model extends up to 10 hPa, divided into 41 pressure
levels. The physics schemes were: the Betts-Miller-Janjic (BMJ, Betts,
1986; Janjic, 1994) for cumulus; the WRF Single-Moment Three-Class
(WSM3, Hong et al., 2004) for microphysics; the Asymmetric Convective
Model version 2 (ACM2, Pleim, 2007) for the planetary boundary layer
(PBL); and the Community Atmosphere Model 3.0 (CAM3, Collins et al.,
2004) for radiation (both longwave and shortwave). This WRF config-
uration has previously demonstrated skillful performance in reproduc-
ing the main spatial patterns of primary climate variables such as
precipitation and temperature in the IP (Garcia-Valdecasas Ojeda et al.,
2017). It has also shown good skill in simulating drought-related vari-
ables like soil moisture, evaporation (Garcia-Valdecasas Ojeda et al.,
2021; Garcia-Valdecasas Ojeda et al., 2020a), and streamflow (Yeste
et al., 2020). As land-cover map (Fig. 1c) and textures (Fig. 1d), the
modified IGBP MODIS 20-category vegetation classification (Friedl
etal., 2010) and the hybrid STATSGO/FAO 16-classes categories (Miller
and White, 1998), respectively, have been used.

As initial and lateral boundary conditions (LBCs), which were
updated at 6-hourly intervals, the fifth-generation reanalysis data from
the European Centre for Medium-Range Weather Forecasts were used
(ERAS5, Hersbach et al., 2020). ERA5 has a horizontal resolution of 0.25°
and provides data across 37 vertical levels from 1000 hPa to 1 hPa.

To analyze the effect of WRF/Noah-MP on the representation of heat
fluxes and soil moisture, a set of 35 configurations (Fig. 2) were selected
by combining different options of 11 Noah-MP parameterizations
(Table 1). These have been set according to previous studies (Chang
et al., 2020; Gomez et al., 2021; Li et al., 2022; Ma, 2023; Torres-Rojas
et al., 2022; Zhang et al., 2020, 2022), while the remaining ones
available in WRF v3.9.1 were set as the default values. These combi-
nations have been used to carry out a total of 70 1-year simulations
under different climate conditions (dry year and wet year) in order to
analyze the effect of Noah-MP configuration under different water
availability conditions. For this end, 2005 has been selected as dry year
in the IP (Fig. 3), characterized by a deep drought and the occurrence of
important heat wave events. On the other hand, 2010 has been selected
as a very wet year in the IP (Fig. 3), with a large amount of precipitation
across the IP.

Due to soil processes require a long spin-up period to reach their
equilibrium and avoid inaccuracies in the initial soil moisture conditions
(Jerez et al., 2020; Khodayar et al., 2015), spin up runs were completed
to be used for all experiments with the same climatic conditions. Thus,
for climate experiments, in dry and wet conditions independently, a 30-
year spin-up run was completed using WRF/Noah-MP with default
Noah-MP parameterizations, according to the methodology proposed by
Hu et al., 2023. These sufficiently long simulations have been used for
soil initial conditions, for each 1-year simulation separately (i.e., from
1975 to 2004 for the dry 1-year simulation and for 1980 to 2009 for the
wet 1-year simulation).

3. Reference data

To compare the WRF/Noah-MP experiments, data from FLUXNET
stations located in the IP (Fig. 1b), with available data for the years 2005
and 2010, have been also considered in this study. These data, provided
by the European Fluxes Database Cluster (EFDC, https://www.europe-fl
uxdata.eu), include observations from eddy covariance flux tower sta-
tions, which were preprocessed, quality-checked, and corrected for
instrumental errors. Among the stations located in the IP, those with
data available for both years of study (2005 and 2010) were selected for
comparison with WRF/Noah-MP experiments. The first station, Las
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Fig. 1. (a) Domain configuration for WRF simulations: the parent domain (d01) corresponding to the EURO-CORDEX region at 0.44° (approximately 50 km) spatial
resolution and the child domain (d02) centered on the Iberian Peninsula (IP) at 0.08° spatial resolution (approximately 10 km), (b) altitude in the study region in
relation to the location of the three FLUXNET stations used to validate the experiments, (c), land cover types across the IP according to the modified IGBP MODIS 20-
category vegetation classification (ENF: evergreen needleleaf forest; DBF: deciduous broadleaf forest; MF: mixed forest; OS: open shrubland; WS: woody savanna; S:
savanna; G: grassland; PW: permanent wetland; C: cropland; UBU: urban and built-up; C/NVM: cropland/natural vegetation mosaic; BSV: barely/sparsely vegetated;
W: water) and (d) dominant soil textures appearing in the IP from the hybrid STATSGO/FAO 16-classes categories (Sa: sand; SLo: sandy loam; Lo: loam, SaCLo:sandy

clay loam, CLo: clay loam, and C:clay).

Majadas de Tiétar (LMa), is situated in the central-western part of the IP
(39.94°N, 5.77°W), at an altitude of 265 m. This station records a mean
annual temperature of approximately 18.5 °C and an average annual
precipitation of 572 mm, falling mainly from November to March, with
dry summers (Perez-Priego et al., 2017). It represents a tree-grass
savannah ecosystem, predominantly composed of an herbaceous layer
and scattered evergreen broadleaf oak trees. The nearest grid point in
the WRF/Noah-MP model is classified as savannah. The second station,
Llano de los Juanes (LJu), is located in the southeastern IP (36.93°N,
2.75°W), at an altitude of 1600 m. This site has a mean annual tem-
perature of around 16 °C and an average annual precipitation of
approximately 400 mm, mostly falling during autumn and winter, with
very dry summers. It is situated within a shrubland ecosystem (Serrano-
Ortiz et al., 2007), coinciding with the same land use of its nearest grid
point in WRF/Noah-MP grid. The third station, El Saler 2 (ES2), is
located on the eastern coast of the IP (39.27°N, 0.32°W), with a mean

annual temperature of about 18 °C and an average annual precipitation
of 550 mm. This station is situated within a rice paddy, which is flooded
most of the year, even during the summer months (Gonzalez-Zamora
et al., 2019). The nearest grid point, classified as cropland, could be not
adequate for comparison. This discrepancy could lead to significant
differences in the simulation of heat fluxes due to differing soil moisture
conditions. Nevertheless, including this station is valuable, as it allows
the identification of potential limitations in WRF/Noah-MP and CERRA-
Land in capturing local variability. Therefore, data from this station
should be interpreted carefully. From these FLUXNET stations, we used
the SH and LH outputs from flux measurements obtained from an eddy
covariance tower and the soil water content (SWC) in percentage from
complementary sensors, all of them with data collected at 30-min in-
tervals for both years, 2005 and 2010.

Additionally, SH, LH, and the volumetric soil moisture (m®/m?),
from the Copernicus European Regional ReAnalysis for Land (CERRA-
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Fig. 2. Experiments carried out with the different Noah-MP configurations. The 35 parameter combinations are represented in rows and each of the schemes in
columns. The last column also shows the cluster to which the experiment belongs. For the different options, the asterisks indicate default options.

Land, Schimanke et al., 2021) have been also used as reference datasets.
CERRA-Land provides near-surface atmospheric and soil fields every 3 h
at a horizontal resolution of 5.5 km from 1984 to the present. Previous
studies have demonstrated that CERRA-Land reanalysis improves upon
the global ERAS5 for temperature, with this result being particularly clear
for areas with complex terrain as the IP (Ridal et al., 2024). For com-
parison with the WRF/Noah-MP experiments, these data have been
regridded to the WRF mesh using bilinear interpolation. Since SWC is
expressed in percentage, and volumetric soil moisture in m*/m5, stan-
dardized bias in both variables were calculated by subtracting the
experiment mean and dividing by the standard deviation, thus making
the analysis comparable in terms of soil moisture (SMOIS). To ensure
comparability between WRF/Noah-MP and CERRA-Land SMOIS data,
the maximum common soil depth available in both datasets (2 m) was
selected. Thus, SMOIS was integrated across the entire 2 m column for
both datasets by summing the contributions from each soil layer: four
layers in WRF/Noah-MP (0-0.10 m, 0.10-0.40 m, 0.40-1 m, and 1-2 m),
and ten layers in CERRA-Land (0-0.01 m, 0.01-0.04 m, 0.04-0.10 m,
0.10-0.20 m, 0.20-0.40 m, 0.40-0.60 m, 0.60-0.80 m, 0.80-1 m, 1-1.5
m, and 1.5-2 m).

3.1. Sensitivity analysis of WRF/Noah-MP

3.1.1. Experiments grouping

Since we are interested in identifying the Noah-MP parameteriza-
tions and their specific options playing a more significant role in
improving the spatial and temporal performance of surface energy
fluxes, a K-means clustering procedure has been applied to the total
number of experiments.

The main overall aim of clustering techniques is to separate a dataset
into groups so that comparable data appears in the same group but still
exhibiting unique behavior with respect to elements present in other
groups. To achieve this, the K-means clustering generates K groups using
an optimization function such that the internal variability inside groups
is minimized while the separation between them is maximized
(Pampuch et al., 2023). It assigns elements to a cluster based on the
smallest Euclidean distance to the centroid, which is the average of the
cluster vector. This process is repeated iteratively until the centroids

become stable. In our case, experiments with similar spatiotemporal
patterns in surface energy fluxes were grouped. The model outputs were
structured in a 35-row matrix (one per experiment), with 9,038,860
columns combining data from two years (2005 and 2010), two variables
(LH and SH), and the 6191 grid points for 365 days per year.

Due to the high-dimensional nature of the data (i.e., two variables for
two years in all grid points in the IP), the dimensionality was initially
reduced using principal component analysis (PCA, Preisendorfer, 1988).
This step also helps to filter out noise and redundant variability within
the simulations, allowing the clustering algorithm to focus on the most
relevant patterns (Wilks, 2006). Principal components (PCs) explaining
over 90 % of the variance were selected to feed the K-means algorithm,
implemented using scikit-learn. Initial centroids were derived from an
empirical probability distribution based on dataset inertia (sum of
squared distances to the nearest centroid) and updated iteratively until
clusters stabilized. We used 100 random initializations (n_init param-
eter) and a maximum iteration of 400 (max_iter). The optimal number of
clusters was determined by maximizing the silhouette coefficient
(Rousseeuw, 1987), a widely-used metric that evaluates how
well-defined each cluster is.

3.1.2. Performance of heat fluxes

SMOIS has a significant role in controlling heat fluxes from the soil
(Achugbu et al., 2020; Klein et al., 2017; Knist et al., 2017; Seneviratne
et al., 2010). Therefore, assessing the model’s ability to reproduce this
variable is crucial. Spring mean biases (considered as March-April-May,
MAM) of SMOIS for both the dry (i.e., 2005) and wet (i.e., 2010) years,
and root mean square error (RMSE), have been computed for every grid
point to evaluate how well each experiment captures soil moisture.
Spring has been selected because this season typically receives sub-
stantial solar energy and precipitation in the IP. Moreover, to further
explore if the simulated energy fluxes time series reproduce the tem-
poral variability from CERRA-Land, the Pearson correlation coefficients
between the simulated and reanalysis data, previously removing the
annual cycle, were computed (Kavvas and Delleur, 1975). Annual cycles
of monthly SMOIS, SH, and LH from FLUXNET stations were also
compared with those from WRF/Noah-MP experiments at the nearest
grid point for each station. This validation was done because, although
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Table 1
WRF/Noah-MP parameterization options considered in this study. For each parameterization a brief description is given of each option.

Parameterizations and description

Options

Dynamic Vegetation (DVEG): it determines how leaf area index (LAI) and greenness
vegetation fraction (GVF) are calculated.

Canopy Stomatal Resistance (CRS): it adjusts stomatal resistance per LAI unit (i.e.,
canopy resistance) and is related to the photosynthesis rate.

Surface exchange coefficient for heat (SFC): it modulates energy, water, and
momentum exchanges processes. Therefore, it affects canopy evaporation, soil
evaporation, transpiration, and snow surface energy balance as well as the interchange
of latent and sensible heat fluxes.

Soil moisture factor controlling stomatal resistance (BTR): it determines the effect of
soil moisture on stomatal resistance through the soil moisture factor (§) which
modulates the stomatal resistance, and therefore, transpiration.

Runoff and groundwater (RUN): it modulates the water movement (surface and
subsurface) through the soil. Critical for the hydrological cycle.

Supercooled liquid water (FRZ): it controls how the model simulates the water behavior
when it is in a supercooled liquid state.

Frozen soil permeability (INF): it regulates how water infiltrates (if more quickly or
slowly) through the soil (i.e., soil hydraulic properties).

Radiative transfer (RAD): it adjusts how canopy radiation transfer is treated. Based on
two-stream models and the difference between options is related to the way in which
they treat the gaps that occurred tree crowns.

Snow surface albedo (ALB): it modulates the surface snow albedo.

Lower boundary condition for soil temperature (TBOT): It determines the treatment of
temperature at the soil column’s lower boundary.

OFF (1, OFF-GVF): seasonally-varying LAI specified through a look-up table, and GVF
corresponds to the shadow fraction (SHDFAC) (Niu et al., 2011; Yang et al., 2011).

ON (2, ON-Dickison): LAI and GVF are predicted using the Dickinson et al. (1998) model.
OFF (3, OFF-Calc): seasonally-varying LAI specified through a look-up table and GVF is
calculated.

OFF (4, OFF-MVF) [default option]: seasonally-varying LAI specified through a look-up
table. GVF is the maximum vegetation fraction (MVF) of the dominant vegetation type in
each cell.

ON (5, ON-MVF): LAl is predicted through the Dickinson et al. (1998) model, and GVF is
the MVF of the dominant vegetation for each grid cell.

Ball-Berry (1, Ball-Berry) [default option]: empirical model linking photosynthesis and
transpiration by relating stomatal conductance to CO, exchange rate through stomata.
Useful for analyzing gas and carbon exchanges and the vegetation response to climate
change (Ball et al., 1987).

Jarvis (2, Jarvis): semi-empirical formulation based on environmental factors (soil
moisture, atmospheric temperature, radiation availability, and vapor pressure deficit) (
Jarvis, 1976).

Monin-Obukhov (1, M-O) [default option]: it uses the Monin-Obukhov length as a
measure of atmospheric stability. Useful for simulations with more details in surface
roughness or atmospheric stability (Brutsaert, 1982).

Original Noah (2, Chen97): empirical formulation applied to represent the mean
planetary layer roughness and global simulations where a general representation of the
land-atmosphere processes is enough, reducing thus the computational cost (Chen et al.,
1997).

Noah type (1, Noah) [default option]: the soil moisture factor () controlling stomatal
resistance is calculated as a function of soil moisture calculated using a simplified Noah
LSM model. Useful when we are interested in representing average conditions without
complex details (Chen and Dudhia, 2001).

CLM type (2, CLM): it is based on the community land model (CAM) and uses
photosynthetic processes. More complex than Noah Type with p using matric potential.
(Oleson et al., 2010).

SSiB type (3, SSiB): based on the simple biosphere model. It relates stomatal resistance
with a ff based on matric potential Useful in semi-arid and desertification conditions (Xue
et al., 1991).

Topography-based hydrological model (TOPMODEL) with groundwater (1, GW): Full
topography-based groundwater and water table dynamics. Despite being
computationally demanding with detailed data requirements, it is more realistic (Niu
et al., 2007).

TOPMODEL with equilibrium water table (2, EQWT): simplified water table model.
Useful for global scale in where subsurface runoff is a result of an exponential function of
water table depth and a single coefficient, making the model more feasible to apply
coupled to GCMs (Niu et al., 2005).

Original surface and subsurface runoff (3, SR) [default option]: infiltration-excess-based
surface runoff scheme with a gravitational free-drainage subsurface runoff scheme (
Schaake et al., 1996).

Biosphere-atmosphere transfer scheme (BATS) runoff scheme (4, BATS): surface runoff
defined as a 4th power function of the top 2 m wetness and subsurface runoff as a
gravitational free drainage (Yang and Dickinson, 1996).

No iteration (1, Nolt) [default option]: There is no iterative correction to consider
variations in the state of supercooled liquid water, (Niu and Yang, 2006).

Koren’s iteration (2, Koren): The model iterates over the thermodynamic calculations an
extra term that accounts for the increased interface between soil particles and liquid
water (Koren et al., 1999).

Linear effects, more permeable (1, Linear) [default option]: it is modeled as a linear
function of soil moisture (Niu and Yang, 2006).

Non-linear effects, less permeable (2, Non-Linear): soil permeability is parametrized with
a more complex relationship using the liquid water volume (Koren et al., 1999).
Modified two-stream scheme (1, ModTS): simplified version of radiative transfer model
in which the interaction is bidirectional (Niu and Yang, 2004).

Two-stream scheme applied to grid-cell (2, GridTS): standard two stream to the grid
without vegetation (Niu and Yang, 2004).

Two-stream scheme applied to vegetated fraction (3, VegTS) [default option]: it
separates the grid into vegetation and no-vegetation fractions and apply it two-stream
only to vegetation areas (Niu and Yang, 2004).

BATS (1, BATS): it calculates snow surface albedo for both direct and diffuse radiation
over the visible and near-infrared bands, taking into consideration fresh snow albedo,
fluctuations in snow age, solar zenith angle, grain size growth, and contaminants (Yang
et al., 1997).

Canadian Land Surface Scheme (2, CLASS) [default option]: snow surface albedo is
computed using the fresh snow albedo and snow age (Verseghy, 1991).

Zero heat flux (1, ZeroHF): it assumes that there is no heat transfer over the soil column’s
bottom border, setting a constant temperature value at depth without heat transfer
across the soil. It is simple and computationally efficient (Niu et al., 2011).

(continued on next page)
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Parameterizations and description

Options

Surface resistant to evaporation (RSF): It controls the ground resistance to evaporation/
sublimation, and directly influences the amount of water vapor that can escape into the
atmosphere (i.e., soil evaporation).

TBOT at 8 m from input file (2, TBOT8m) [default option]: it allows a fixed soil
temperature at 8 m depth, which is provided as an input (Ek et al., 2003).

Sakaguchi and Zeng method (1, SZ19) [default option]: surface resistance based on plant
litter cover, water vapor transfer, and under-canopy atmospheric stability. Accurate for
wet soil with dense vegetation (Sakaguchi and Zeng, 2009).

Sellers’s method (2, Sellers): Empirical method to adjust the RSF based on the percentage
of snow-covered ground and the topsoil layer’s soil moisture content (Sellers et al.,
1992).

Adjusted Sellers’s to decrease RSF for wet soil (3, AS-Wet): as Sellers’s but with empirical
adjust for wet soils. Thus, uncertainties in wet soil are corrected (Sellers et al., 1992).

CERRA-Land provides a reliable reference for model evaluation (Ridal
et al., 2024), it is a reanalysis product and not observations, and it is
therefore recommended for assessing overall model behavior.

On the other hand, as another way to compare the WRF/Noah-MP
outputs from different parameterization combinations, the impact of
each experiment on the representation of the land-atmosphere coupling
in the IP has been also analyzed. A useful way to visualize this coupling
is by examining the correlation between SH and LH (Garcia-Valdecasas
Ojeda et al., 2020b; Knist et al., 2017; Seneviratne et al., 2010). This
metric not only provides insight into how variables are coupled but also
explains how radiative and soil moisture conditions influence land-
atmosphere interactions. For example, the soil energy balance can be
evaluated through the SH-LH coupling, as both variables compete for the
available energy, which is regulated by soil moisture. In this context, SH-
LH correlations help identify regions that are either energy-limited or
water-limited. In energy-limited regions, soil moisture is sufficiently
abundant to regulate surface temperature and, consequently, the near-
surface atmospheric temperature. This results in simultaneous varia-
tions of SH and LH, showing a weak coupling between them. On the
other hand, in water-limited regions, the lack of soil moisture in a region
with enough energy constrains evapotranspiration (i.e., LH), which re-
duces near-surface atmospheric humidity and its gradient. As a result,
near-surface temperature is primarily controlled by changes in soil
temperature and, consequently, by SH flux. In this scenario, SH and LH
are negatively correlated, leading to a strong land-atmosphere coupling.
To evaluate how the experiments represent the spatial pattern of land-
atmosphere feedback processes, the SH-LH coupling metric is assessed

through Pearson correlation coefficients of the different experiments
and CERRA-Land for both the dry (i.e., 2005) and the wet (i.e., 2010)
years.

3.1.3. Final determination of optimal experiments

Finally, the analysis proposed by Li et al. (2022) was conducted to
differentiate the performance and determine the optimal configuration
for characterizing surface heat fluxes in the IP. The non-parametric
Kling-Gupta Efficiency (KGE) metric (Pool et al., 2018) was calculated
as a skill score metric from daily values. The KGE captures the vari-
ability, bias, and dynamics of the temporal series for each grid point,
following Eq. 1.

KGE = 1—/(p— 1% + (0= 1) + (15 — 1)° )

where B is the mean bias parameter, computed as the ratio of the

simulated and reference mean heat fluxes (Fexy(t) and Fpe(t), respec-
tively) (Eq. 2). a is the variability parameter, computed using Eq. 5,
which uses the Flow Duration Curve (FDC) from Eq. 4 for both experi-
mental (FDCeyp) and reference (FDCper) data. In Eq. 3, Fyorreq represents
the temporally sorted flux series, and in Eq. 4 n is the number of ele-
ments in the time series. Finally, rs in Eq. 1 is the temporal Spearman
correlation coefficient between the experimental and reference data.
KGE ranges from -« to 1, with a perfect fit being represented by a value
of 1.

Annual accumulated precipitation anomalies (1993-2022)
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Clusters and experiments that compose them as along with the options of the parameterizations that they have in common. Asterisks denote that the cluster uses the
default option of the parameterization.

Clusters Experiments Common Differences within the cluster
configuration
CRS — Ball-Berry* - DVEG: sOA and s30A calculate LAI while s6A and s21A obtain LAI through a look-up table.
SEC — M.O* - BTR: sOA and s6A use Noah vs. s21A z'and s30A use CLM.
A S0A, S6A, s21A, and s30A FRZ — Nolt* - RUN: s0A anq s30A use SB option while s6A anc‘l s21A use GW.. .
RAD — VegTS* - INF: all experl.ments use Linear except the expe'rlment s30A which uses NonLinear.
RSF — S719* - ALB: all experiments use CLASS except s6A which uses BATS.
- TBOT: sOA and s30A use TBOT8m while s6A and s21A use ZeroHF.
DVEG = On
(S:Il:g : l\lj[e?gifierry - DVEG: LAI is calculated in all experiments. However, s11B uses the dominant vegetation to obtain GVF
BTR — Noah* and other experiments calculate it.
B s1B, s5B, s7B, s8B, s9B, and s11B INF — Linear* - RUN: all experiments use GW except s8B which uses BATS.
- FRZ: all experiments use Nolt except s9B which uses Koren.
ALB = BATS - RAD: all experiments use ModTS except s5B which uses GridTS.
TBOT = ZeroHF
RSF = §Z19*
DVEG = Off
CRS = Ball-Berry*
SFC = M-O*
BTR = Noah*
RUN = GW
C s2C and s22C FRZ = Nolt* - DVEG: while s2C calculates GVF, s22C GVF corresponds to the shadow fraction.
INF = Linear*
RAD = ModTS
ALB = BATS
TBOT = ZeroHF
RSF = §719*
DVEG = On - DVEG: s3D, 510D, s17D, s18D, and s25D calculate GVF, but s13D uses the maximum vegetation fraction.
CRS = Ball-Berry* - BTR: s3D and s13D use CLM while s10D, s13D, s17D, s18D, and s25D use SSiB.
D s3D, s10D, s13D, s17D, s18D, SFC = M-O* - RUN: all experiments use GW except s25D which uses SR.
and s25D FRZ = Nolt* - INF: all experiments use Linear except s11D which uses NonLinear.
RAD = ModTS - ALB: experiments s3D, s10D, s17D use BATS and s18D and s25D CLASS.
RSF = SZ19* - TBOT: all experiments use ZeroHF except s17D which uses TBOT8m.
DVEG = On
CRS = Ball-Berry*
SFC = Chen97
E s4E, s16E, and s32E i;r;::bé%?]h - ALB: s4E uses BATS while s16E and s32E use CLASS.
FRZ — Nolt* - RAD: s4E uses ModTS, s16E GridTS and s32E VegTS.
. . - TBOT: s4E and s32E use ZeroHF, while s16E uses TBOT8m.
INF = Linear*
RSF = SZ19*
DVEG = On-MVF
g}g : B]j[zfgi?erry’ - BTR: s12F uses Noah while s14F and s15F use CLM.
F S12F, s14F, and s15F RAD — ModTS - RUN: GW (s12F and s14F) or BAT-S (s15F).
ALB — BATS - FRZ: s12F and sl.4F ufe Nolt*, while s15F uses Kore.n.
TBOT  ZeroHF - INF: s12F uses Linear* and s14F and s15F use NonLinear.
RSF = AS-Wet
DVEG = ON- - BTR: all experiments use SSiB except s29G which uses CLM.
Dickinson - RUN: experiments s19G, s20G, and s29G use GW, while s23G and s24G use SR.
G s19G, s20G, s23G, s24G, and CRS = Ball-Berry* - FRZ: all experiments have the Nolt option except s29G which uses Koren.
s29G SFC = M-O* - INF: all experiments use Linear except s29G which uses NonLinear.
RAD = VegTS* - TBOT: experiments s19G and s24G use ZeroHF while s20G, s23G and s29G use TBOT8m.
ALB = CLASS* - RSF: All experiments use SZ19 except s29G which uses AS-Wet.
DVEG = On-
Dickinson
CRS = Jarvis
SFC = Chen97
BTR = Noah*
RUN = EQWT
H s26H FRZ = Nolt*
INF = Linear*
RAD = VegTS*
ALB = CLASS*
TBOT = ZeroHF
RSF = SZ19*
DVEG — Off - DVEG: all experiments have OFF DVEG options, but while s27I and s28I calculate GVF, s311 GVF is the
CRS — Jarvis maximum vegetation fraction,
SFC — Cheng7 - BTR: 5271 and s311I use Noah while s28I uses CLM.
1 $271, s28I, and s311 . - RUN: GW (s31I) or BATS (s27I and s28I).
RAD = VegTS* . . .
ALB — CLASS* - INF: s271 and s28I use NonLinear while s311I use‘s Linear.
FRZ — Koren - TBOT: s27I and s28I use the TBOT TBOT8m while s31I uses ZeroHF.

RSF: 5271 and s281 use AS-Wet while s311 uses Sellers.

(continued on next page)
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Common
configuration

Clusters Experiments

Differences within the cluster

- DVEG: all experiments have ON DVEG options, but while s33J calculate GVF, s34J uses the maximum

DVEG = On

CRS = Ball-Berry*
SFC = M-O*

RUN = EQWT
FRZ = Nolt*

J $33J and s34J

vegetation fraction.
- BTR: s33J uses CLM and s34J SSiB.
- INF: s33J uses NonLinear INF and s34J Linear.
- RAD: s33J uses ModTS and s34J VegTS.
- ALB: Experiment s33J uses BATS and s34J CLASS.

- RSF: s33J uses AS-Wet and s34J SZ19.

p= @

Forted = sort(F(t) ) 3

FDC = Fsorted (4)

1& ) .
a=1-5 ; [FDCexp (i) — FDCret(1) | 5)

In this context, the non-parametric KGE was calculated for daily SH
and daily LH data for 2005 and 2010 separately, and these values have
been used to rank experiment performance for both variables and years.
Then, the highest rank was used to select the best cluster for each grid
point, variable, and year. Additionally, to determine the variability of
the best cluster, the amplitude of the ranges was calculated for each grid
point.

4. Results and discussion
4.1. Experiments grouping

A K-means clustering was applied to group experiments with similar
behavior. Previously, PCA was applied to reduce redundancy, trans-
forming the 35 x 9,038,860 matrix into a 35 x 17 matrix, as 17 PCs
captured over 90 % of the variance. To select the optimal number of
clusters, the silhouette coefficient was used, which reached a maximum
in 10. Table 2 summarizes how experiments are distributed among
groups and the different parameterization options. Detailed information
on the experiments and their inclusion in the clusters also is provided in
Fig. 2.

Cluster A is composed of 4 experiments (sOA, s6A, s21A, and s30A),
which have in common 5 parameterization options (all default options
for CRS, SFC, FRZ, RAD, and RSF). Cluster B (s1B, s5B, s7B, s8B, s9B, and
s11B) includes seven parameterization options in common (CRS, SFC,
BTR, INF, TBOT, and RSF). Experiments composing Cluster C (s2C and
s22C) have all the options in common except the DVEG. Experiments
from Cluster D (s3D, s10D, s13D, s17D, s18D, and s25D) have in com-
mon CRS, SFC, FRZ, RAD, and RSF. However, for this cluster the BTR is
different from Noah, and all show dynamic vegetation. Cluster E (s4E,
s16E, and s32E) is characterized by those combinations with the SFC
parameterization set to the original Noah (Chen97), with this one of the
few clusters presenting this parameterization option. Cluster F (s12F,
s14F, and s15F) is composed of experiments with seven parameteriza-
tions in common, as they have the same DVEG, CRS, SFC, BTR, RAD,
ALB, TBOT, and RSF. In Cluster G there are five experiments (s19G,
s20G, s23G, s24G, and s29G) sharing five common parameterizations
(DVEG, CRS, SFC, RAD, and ALB), and all of them show a BTR different
from Noah. Cluster I (s271, s28I, and s31I) is composed of all experi-
ments where Jarvis CRS option is used, suggesting that CRS has a sig-
nificant impact on the configuration. Finally, Clusters H (s26H) and J
(s33J and s34J) have in common the RUN option TOPMODEL with

equilibrium water table (EQWT).

Furthermore, comparing pairs of experiments, additional conclu-
sions can be drawn. If two experiments share all parameterizations
except one but are in different clusters, it suggests that WRF/Noah-MP is
sensitive to that parameterization. Conversely, if they belong to the
same cluster, it indicates a smaller effect. In this regard, the comparison
of s1A vs. s4E shows that WRF/Noah-MP is sensitive to SFC options, with
s1A and s4E (s32E) using M-O and Chen97, respectively. Similarly, the
comparison of s1A and s2C indicates that dynamic vegetation (On-
Dickinson vs. OFF-Calc) affects the WRF/Noah-MP performance, but the
comparison between s2C and s22C indicates that the way to calculate
GVF seems not to be so important, at least when LAI is calculated with a
look-up table and GVF is derived from the shadow fraction. Moreover,
for RSF, comparisons like s11B/s12F or s13D/s14F show that WRF/
Noah-MP is sensitive to the way this parameterization is modeled, at
least when SZ19 and AS-WET are compared. The comparisons between
s1A/s3D, s271/s28I, or s1A/s10D, however, suggest sensitivity to BTR,
particularly when comparing Noah with CLM (s1A/s3D, s271/s28I) or
SSiB (s1A/s10D).

Interestingly, s1B, s5B, and s6A have all parameterization options in
common except RAD. This discrepancy could be because s1A and s5B,
and s6A use ModTS, GridTS, VegTsS, respectively, and while ModTS and
GridTS are two simplified schemes that are similar, VegTS is more
complex, as it considers the separation between vegetation and soil
fractions (Niu and Yang, 2004). Similarly, the comparison between s1A
vs. s8B (s19G vs. s24G) seems to indicate that the GW and BATS RUN
(GW and SR) options have, in general, similar behavior. However, as
mentioned above, combinations with EQWT seem to have a large effect
in separating the experiments in groups. In contrast, the comparisons
s1A vs. s7B, s1A vs. s9B, and s19G vs. s20G suggest that ALB, FRZ, and
TBOT have not clear effects.

4.2. Soil moisture and its effect on land-surface fluxes

Fig. 4 shows the bias in terms of SMOIS for all the experiments
compared to CERRA-Land for the spring season in 2010. Similarly, Fig. 5
shows the bias in terms of SH (Fig. 5a) and LH (Fig. 5b) in W/ m?, for the
same season. In both figures, positive biases represent overestimations
in relation to CERRA-Land, and negative biases represent un-
derestimations. The mean bias for SMOIS, SH, and LH for the different
experiments in 2005 (dry year), along with RMSE spatial patterns, are
provided in the supplementary material (Figs. S1 to S5).

Two main spatial patterns in SMOIS bias were observed when
comparing WRF/Noah experiments to CERRA-Land data. Experiments
from Clusters H (s26H) and J (s33J and s34J) exhibited an over-
estimation in the north-northwest of the IP, high altitude regions, and
part of the southern region, and strong negative biases in large semi-arid
areas (central, southern, and eastern IP). Both clusters use the EQWT
RUN parameterization, a simplified hydrological model suitable for
global-scale simulations (Niu et al., 2011). This result may suggest that
this RUN parameterization option could not be appropriate to simulate
runoff over IP, at least at high spatial resolution. In addition, the largest
biases in this case occur in semi-arid areas, showing that EQWT option
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Fig. 4. Mean bias of the different experiments (from sO to s34) in soil moisture content (SMOIS) for spring (MAM, March-April-May) 2010 (i.e., the wet year)
compared to CERRA-Land. The background color of each map indicates the cluster to which the experiment belongs.

for RUN behaves inadequately, especially over water limited regions.
However, the results differ in terms of SH (Fig. 5a), with Cluster J
showing a stronger positive bias than Cluster H, but both show similar
behavior for LH (Fig. 5b). These clusters, among other parameteriza-
tions, differ in SFC (i.e., Cluster J utilizes M-O, whereas Cluster H uses
Chen97), parameterization that modulates surface processes and that
shows a significant influence for SH modulation, with a lower over-
estimation of SH found when using Chen97 (in s26H). During the dry
year, experiments from Clusters J and H also show a different behavior
to the others in terms of SMOIS bias and RMSE (Figs. S1 and S2a
respectively, in supplementary), which is extended from the south-
eastern to a large part of the north and northwestern IP. This leads to a
generalized overestimation of SH for Cluster J and underestimation for
Cluster H in the southern IP (Fig. S3a in supplementary material).
However, LH is overall underestimated (Fig. S3b in supplementary
material) for both clusters.

The remaining experiments mainly show widespread SMOIS over-
estimations compared to CERRA-Land for 2010 (Fig. 4), which are more
pronounced depending on the cluster. The most pronounced over-
estimations appear in sOA, s30A, s25D, s23G, S24G, which are more
marked in the southern half of the IP. For 2005, However, experiments
from Clusters A, B, C or I show similar patterns with overall over-
estimation while other experiments show also underestimations mainly
over the south (Fig. S1).

In the comparison between clusters, Clusters B (s1B, s5B, s7B, s8B,
s9B, s11B) and C (s2C and s22C) exhibit similar behaviors, with a
generalized overestimation of SMOIS during spring 2010 (Fig. 4),

slightly stronger in Cluster C. This pattern is also observed in 2005
(Fig. S1), but with more pronounced positive biases. In terms of heat
fluxes, LH and SH are overestimated in Cluster B (Fig. 5a, b), while
Cluster C exhibits a strong SH overestimation (Fig. 5a) and slight LH
underestimation (Fig. 5b). The key difference between these clusters is
LAI calculation; Cluster B uses the ON option, while Cluster C uses OFF.

The experiments from Clusters D and G also exhibit similar behavior.
On the one hand, experiments s23G, s24G, and s25D exhibit pronounced
positive biases in term of SMOIS in a large part of the IP (Fig. 4), all using
the SR RUN option (Fig. 2). In contrast, remaining experiments from
these clusters (s3D, s10D, s17D, s18D, s19G, s20G, and s29G) show a
very good agreement with CERRA-Land and they use either the GW or
the BATS RUN options. In terms of the surface heat partitioning (Fig. 5),
all experiments in Clusters D and G also show a similar pattern, with
under- and overestimations in terms of SH (Fig. 5a) and a generalized
overestimation in terms of LH (Fig. 5b), the latter being stronger for
s23G, 524G and s25D. For 2005 (Figs. S1 and S3 in the supplementary
material), however, experiments from both clusters behave similarly,
showing all similar agreement with CERRA-Land for both SMOIS and
heat fluxes, which could be suggesting that WRF/Noah-MP is more
sensitive to RUN options in the wet year. In a similar way, experiments
in Cluster F (s12F, s14F and s15F) show slight overestimations in SMOIS
in spring 2010, less marked for s14F and s15F (Fig. 4). For 2005 s12F
shows marked overestimations in the north while s14F and s15F indicate
high underestimations in the southern half and over the northeast. These
differences are mainly due to the BTR options, as s12F uses Noah, while
s14F and S15F use CLM. However, in terms of heat fluxes, all
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Fig. 5. The same as Fig. 4 but for (a) the sensible heat flux (SH) and (b) the latent heat flux (LH).

experiments show similar behavior (Fig. 5), with generalized SH and LH
overestimations. In spring 2005, SMOIS biases are more pronounced
(Fig. S1), but biases are less evident for heat fluxes (Fig. S3).

Clusters I (s271, s28I and s31I) and E (s4E, s16E and s32E) show
SMOIS overestimations, but also some underestimations in both years,
with Cluster E showing better performance, at least in terms of SMOIS
(Fig. 4 and Fig. S1) Cluster E tends to overestimate LH (Fig. 5b), while
Cluster I shows weaker bias (Fig. 5b). In terms of SH (Fig. 5a), however,
both show a slight underestimation, which is a distinguishing feature of
these clusters. These clusters share the Chen97 SFC, suggesting its role in
SH underestimation, also corroborated during the dry year (Fig. S3).

Fig. 6a presents the temporal correlation (r) for simulated SH and
CERRA-Land in the dry year (2005). A consistent pattern is observed
across most simulations, with higher correlation values in the north-
western (r > 0.6), where large areas with savannah and wet savanna
grid-points in WRF are located (Fig. 1). In contrast, the poorer correla-
tion appears in the northeast, in areas mainly covered by mixed forest

and open shrubland. However, although land use appears to have some
influence, other factors could be also affecting the performance of heat
flux simulations, so any association with land use should be interpreted
with caution. Additionally, differences are also evident between exper-
iments. Clusters H and J exhibit the lowest correlation values, followed
by Clusters E and I. This fact could be attributed to the SFC parame-
terization, as Chen97 is used in Clusters H, E, and I. In fact, comparing
Clusters H with J, the presence of Chen97 in H aligns with the worst
correlation in terms of SH (Fig. 6, s26H). For the remaining experiments,
differences are less clear, although some experiments such as s15F or
s13D seem to show a better agreement with CERRA-Land in terms of SH.

In terms of LH (Fig. 6b), correlations are lower overall, with r values
below 0.50 in a large part of the IP. LH is relatively well represented in
the northwestern and western regions, predominantly covered by wet
savanna and savanna, as occurred for SH. However, performance de-
creases in areas where woody savanna type are widespread, with some
experiments displaying particularly low correlation values in these
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Fig. 6. Temporal correlation between (a) SH and (b) LH of each experiment and CERRA-Land during 2005 (i.e., the dry year). The background color of each map

indicates the cluster to which the experiment belongs.

areas. The results also show that Clusters H and J consistently present a
very poor performance, with r values below 0.2 in the whole IP. In
contrast, Cluster I exhibit the best overall agreement with r values above
0.4. The second-best performing cluster is Cluster E, which shares with
Cluster I the Chen97 SFC option. Additionally, Cluster F seems to be also
good when we focus on the western half of the IP. For 2010, similar
conclusions can be drawn regarding the temporal correlations of SH and
LH (Fig. S6 in the supplementary material), which generally show
higher correlation coefficients, indicating a better agreement with
CERRA-Land.

The previous results evaluate the simulated SMOIS and surface heat
fluxes for all the experiments in relation to CERRA-Land. However, as far
as possible, they should be corroborated by comparison with observa-
tions. For this reason, SH, LH, and SMOIS annual cycles have been
compared with those from stations at three specific FLUXNET locations
in both the dry (2005, Fig. 7a) and the wet (2010, Fig. 7b) years. Both
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years show an inverse relationship between SH and LH during central
months: LH reaches its maximum value during the spring season (MAM),
while it drops to minimum values during the summer (June-July-
August, JJA). In contrast, SH reaches its peak in summer. This is a
consequence of the differences in soil water availability between spring
and summer, combined with the higher soil energy availability during
spring and summer (Knist et al., 2017; Seneviratne et al., 2010). This
behavior is consistently observed at all three station locations, which are
situated in a transitional region where soil moisture availability strongly
regulates the land-atmosphere coupling. In these areas, variations in soil
water content control the partitioning of energy into latent and sensible
heat, explaining the observed inverse relationship between SH and LH
(Garcia-Valdecasas Ojeda et al., 2020b). Overall, the results show that
WRF/Noah-MP experiments capture the SMOIS and surface heat fluxes
annual cycles, better during the wet year, although with a generalized
overestimation. As an exception, the ES2 station presents marked
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Fig. 7. Annual cycle of monthly mean SH (W m~2), LH (W m~2), and SMOIS standardized bias (dimensionless) at the three FLUXNET stations used in this evaluation
for (a) 2005 and (b) 2010. Results for all experiments (dashed colored lines), for the cluster means (solid colored lines), CERRA-Land (black dashed line) and stations

(solid black line) are shown for each point and variable.

differences between observations, CERRA-Land and WRF/Noah exper-
iments, in terms of heat fluxes and SMOIS. Additionally, for this loca-
tion, CERRA-Land and WRF/Noah-MP do not show the same
partitioning of the heat fluxes as observations from April onwards. This
is attributed to the specific local conditions of this station, which are not
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adequately represented by WRF/Noah-MP and CERRA-Land. The station
is located in an area that remains flooded for extended periods
(Gonzalez-Zamora et al., 2019), which explains the higher LH and lower
SH values observed in the station data, especially during the central
months of the year (Fig. 7). Concerning the differences between
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experiments, in general, the results evidence that Cluster J presents
problems to correctly simulate the annual cycle of SMOIS and subse-
quently the LH. This is consistent with the findings in Figs. 4, 5, and 6,
and could be attributed to issues with the functioning of the RUN EQWT
option. Although no cluster shows a clearly better result, Clusters E and
I, followed by Cluster G tend to present more similar values to CERRA-
Land and observations, at least in terms of intra-annual variability.

4.3. Land-atmosphere coupling analysis

Fig. 8 shows SH-LH Pearson correlations coefficients for the years
2005 and 2010, as a measure of land-atmosphere coupling. Positive SH-
LH correlations indicate atmospheric control without land-atmospheric
coupling (i.e., the absence of latent flux exchange is due to the lack of
radiation), while correlations close to —1 mean that the soil impacts on
the atmosphere, and thus, there is a strong land-atmosphere coupling.
These SH-LH correlations are shown for all WRF/Noah-MP experiments
and CERRA-Land, used as a reference. Additionally, the pattern corre-
lation (r) and spatial root mean squared error (RMSE) are displayed in
the bottom right corner of each figure in the panel.

In CERRA-Land, the transitional zone (i.e., region with strong land-
atmosphere coupling and therefore arid conditions) is well defined be-
tween the northern and mountain regions, where strong SH-LH positive
correlations, typical of wet areas, are shown. In general, WRF/Noah-MP
experiments present more difficulties capturing SH-LH correlations in
the dry year, likely due to the SMOIS overestimations. Concerning dif-
ferences between experiments for the dry year (Fig. 8a), the results show
that Cluster C exhibits difficulties in characterizing the coupling strength
over the IP, showing positive correlation in most of the region. For this
cluster the pattern correlation is around 0 and the spatial RMSE with
respect to CERRA-Land reaches values close to 0.8. The latter also occurs
for Cluster A, at least in sOA and s6A, and for Cluster B (r close to 0.5 and
spatial RMSE around 0.6). Clusters H and J also show inadequate
behavior, presenting an absence of correlations throughout the region.
Cluster D can detect some coupling but underestimates it, with a spatial
RMSE of up to 0.30 and pattern correlation below 0.8. Cluster I has an
intermediate behavior, and Clusters G, F, and E perform the best overall.
For 2010 (Fig. 8b), all experiments seem to show better agreement with
CERRA-Land with higher pattern correlation and lower spatial RMSE.
This behavior is especially shown in Clusters A, B, C, and G.

Comparing pairs of experiments, we can also draw some conclusions
in terms of SH-LH coupling. For example, s1B vs s4E shows Chen97
outperforms M-O in representing land-atmospheric coupling, especially

2005

(a) 2010

Fig. 9. Clusters with the best KGE rank for each grid point in 2005 and 2010 for
(a) SH and (b) LH.
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in the dry year (Fig. 8a). The comparison of s1B vs. s2C/s22C suggests
dynamic vegetation improve coupling. Additionally, s1B vs. s3D or s271
vs. s28I highlight that CLM BTR better represents the coupling than
Noah BTR. However, in terms of RUN, only experiments with EQWT
(s26H, s33J and s34J) present significant differences with the remaining
options.

4.4. Determination of the optimal experimental set

Fig. 9 shows the spatial distribution of the best-performing clusters
for both years (2005 and 2010) and for both variables, SH and LH,
separately. Additionally, Table 3 presents the percentage of area where
each cluster is considered the best option, along with its relative
amplitude. For both years and variables, the results show that Cluster I
outperforms other clusters in terms of KGE, showing a higher percentage
of area, especially for the LH variable (37.30 % and 35.40 % of area for
2010 and 2005, respectively). For SH, Cluster I also shows the best re-
sults (20.44 % and 30.60 % for 2005 and 2010, respectively), but is
followed closely by other clusters. This is the case of Cluster F, especially
for the dry year (2005) showing a 20.12 % and 24.01 % of area for SH
and LH, respectively, although the area percentage of this Cluster is
lower for SH in 2010. In this case (SH in wet year), Cluster G could be a
better option than Cluster F with 17.28 % of the associated area.

Therefore, since different parameterizations combinations cannot be
selected for each grid point, it is appropriate to select the cluster with the
best performance for the entire IP. In general, Clusters I, F, E and G seem
to be the clusters presenting the best results in terms of KGE. However,
Cluster I outperforms the others across much of the eastern half of the IP,
for both SH and LH under wet conditions (year 2010). In the dry year
(2005), Cluster I maintains its dominance in the eastern region for LH,
but its performance for SH is disrupted by the influence of other clusters,
such as Cluster F and G. In contrast, in the western half of the IP, the
Cluster I performance ranking is less clear, especially for SH, with other
clusters such as F and G gaining percentage of area associated. Note that
Cluster I presents difficulties representing SH during the dry year
(Fig. S3a in the supplementary material). This could be explained by the
difficulties that Jarvis CRS face when drought conditions are prolonged
(Qi et al., 2023). Concerning the amplitude between experiments
(Table 3), Cluster I also presents overall lower percentages, ranging from
18.16 % for SH in 2010 to 29.35 % for LH in 2005. Specifically, ex-
periments s271 and s28I could be the most representative experiments
within Cluster I, presenting higher coupling pattern correlations and
lowest RMSE values with respect to CERRA-Land than s31I (Fig. 8).
Experiments s271 and s281 share the Jarvis CRS with OFF DVEG, Chen97
SFC and BATS RUN, differing in BTR (s271 uses CLM vs. s28I that uses
Noah).

5. Conclusions and discussion

Based on a wide set of WRF/Noah-MP experiments, which combined
several options of Noah-MP parameterizations (DVEG, CRS, SFC, BTR,
RUN, FRZ, INF, RAD, ALB, TBOT, and RSF), a sensitivity analysis has
been performed over the IP. The evaluation has been carried out using 1-
year length simulations for two years with different climate conditions:
2005 characterized by dry conditions and 2010 as a wet year. Simulated
surface heat fluxes and soil moisture in a 10-km spatial resolution WRF/
Noah-MP have been compared with CERRA-Land reanalysis data and
FLUXNET observations. The main findings can be summarized as
follows:

1. Overall, WRF/Noah-MP is able to characterize surface heat fluxes
over the IP. However, under dry conditions it shows more problems
for characterizing them than for wet conditions. This result is evi-
denced by a better agreement with FLUXNET observations in terms
of the annual cycle of monthly values in 2010, but also by higher
correlations and lower bias compared to CERRA-Land.
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Table 3
Percentage of area with the best results for each cluster as well as the average amplitude for the SH and LH variables separately.

relevance in water-limited regions. Conversely, the BATS scheme,
GW scheme, and SR schemes seem to be suitable options in the
characterization of heat fluxes in the IP, with GW and BATS out-
performing SR. This latter is especially shown in terms of SMOIS bias.
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Cluster Area (%) Amplitude (%)
2005 2010 2005 2010
SH LH SH LH SH LH SH LH
A 13.41 2.60 14.28 3.05 41.44 72.55 42.96 66.85
B 8.87 3.10 8.53 3.52 30.30 33.49 31.54 38.14
C 5.32 3.54 5.06 6.31 13.57 16.68 11.12 12.34
D 3.64 5.32 2.54 2.84 55.23 46.15 60.21 61.76
E 10.78 18.28 6.26 21.72 30.75 16.19 34.48 14.84
F 20.12 24.01 13.76 19.45 20.09 43.76 23.32 33.31
G 14.70 7.56 17.28 5.67 31.28 42.90 38.72 47.98
H 0.85 0.02 1.03 0.02 0 0 0 0
I 20.44 35.40 30.60 37.30 22.34 29.35 18.16 24.70
J 1.87 0.17 0.64 0.12 7.40 20.29 4.07 55.92
2. The cluster analysis suggests that RUN, SFC, BTR, RSF, and CRS These results partly agree with those of Chang et al. (2020), who
parameterizations have the greatest influence on surface heat fluxes found GW effectively represented baseflow runoff, while EQWT
and soil moisture over the IP. In addition, dynamic vegetation seems showed unrealistic precipitation response, and with Gan et al. (2019)
to influence simulations, at least as far as the calculation of LAI is who found BATS as optimal for SH and SR for LH.
concerned. In contrast, ALB, TBOT, FRZ, and INF do not show 4. For SFC parameterization, experiments with Chen97 option result in
apparent differences between experiments, as also was shown by lower SH compared to those with M-O, finally resulting in un-
Zhang et al. (2016). These results agree with other studies (Chang derestimations in this variable compared to CERRA-Land. This
et al., 2020; Gan et al., 2019; Gomez et al., 2021; Hosseini et al., behavior is more notable in the dry year. However, for the other
2022; Hu et al., 2023; Li et al., 2022; Zhang et al., 2020; Zhang et al., variables, it produces comparable results to M-O. Zheng et al. (2019)
2016), who performed sensitivity analyses of Noah-MP worldwide. pointed out that M-O leads to higher canopy evaporation than
In this work, despite the large number of possible combinations, Chen97, which could be the explanation for the lower SH found
these key parameterizations appear to be central to the differentia- when we used Chen97. While Chen97 considers the difference be-
tion between groups. The results also show different behavior tween the roughness length for heat and momentum, M-O considers
depending on the options used in RAD and BTR, indicating that the the zero-displacement height. Yang et al. (2011) found that M-O was
complexity of the parameterizations is a key factor in grouping ex- able to correct land skin temperature cold biases in arid western
periments. However, regional factors may influence these effects. For regions in the U.S. produced by Chen97. This correction was mainly
instance, You et al. (2020) highlighted the role of TBOT parame- attributed to the surface exchange coefficient, with M-O leading to
terization in snow climates, and Li et al. (2022) emphasized the smaller values than Chen97. Moreover, the M-O SFC option together
importance of ALB parameterization in simulating snow depth with Jarvis and OFF DVEG parameterization seem to result in better
through heat fluxes. Therefore, the effects of WRF/Noah-MP pa- correlations in terms of LH, but worse in terms of SH for the IP. WRE/
rameterizations are complex due to interactions in soil processes. Noah-MP experiments present more difficulties capturing land-
Soil moisture significantly influences local weather and plant phys- atmosphere coupling in the dry year, likely due to the SMOIS over-
iology through interconnected mechanisms (Bonan, 2008), affecting estimations. Cluster I shows the best agreement overall with CERRA-
surface heat fluxes. In years with low soil moisture, evapotranspi- Land for this variable. These results are in agreement with Zhang
ration decreases, leading to a rise in sensible heat flux and, conse- et al. (2016), who assessed Noah-MP uncertainties in the Noah-MP in
quently, higher temperatures. Additionally, dry soils can limit Tibet, founding that Jarvis (CRS option used in Cluster I) was better
stomatal opening, disrupting the carbon balance in ecosystems and for simulating LH, while Ball-Berry (CRS option in Clusters F, G and
affecting CRS parameterization. Furthermore, reduced soil moisture E) was better for SH.
may enhance soil water retention by promoting infiltration and 5. The best performance of the WRF/Noah-MP parameterization com-
decreasing runoff (affecting RUN parameterization). This, in turn, binations vary along the IP. This result is consistent with other
could influence evapotranspiration rates (BTR parameterization) and studies that demonstrated the model’s sensitivity to parameteriza-
impact vegetation growth (DVEG) (Cai et al., 2024). Chang et al. tion scheme selections depends on the specific region analyzed, as
(2020) and Neukam et al. (2016) have demonstrated as BTR and CRS simulation performances also vary with large-scale characteristics
parameterization are linked due to the dependence of canopy resis- such as climatic conditions, land cover, soil textures, and
tance on plant transpiration and stomatal resistance. geographical features (Hong et al.,, 2014; Zhang et al., 2022).
. The RUN parameterization appears to play a relevant role in the Therefore, the choice of better configuration may be related to
ability of WRF/Noah-MP to characterize both surface heat fluxes and topography, land-cover and soil textures of the region, and as
soil moisture in the IP. The EQWT, a simplified hydrological model pointed out by other studies (Li et al., 2022; Li et al., 2020; Zhang
developed for global-scale simulations (Niu et al., 2011) and used in et al., 2016) Note that the influence of soil texture is directly related
Clusters H and J, produces notable biases compared to CERRA-Land to BTR, as this affects soil moisture according to the texture type and
and FLUXNET stations across all the analyses and under different directly controls plant transpiration (Niu et al., 2011). This effect is
climatic conditions. This is suggesting that EQWT is unsuitable for clearly seen in the bias of soil moisture, since experiments in Cluster
simulating runoff over the IP, at least at this spatial resolution. In F are more or less biased depending on the type of BTR used, with
addition, the largest biases in this case occur in semi-arid areas, so CLM outperforming Noah. Therefore, further research into this topic
this result could be corroborating the results found by Zheng et al. is needed in order to elucidate such effects.
(2019), who evidenced that RUN parameterization acquires great 6. For the whole IP climate simulations, Cluster I could be selected as

the optimal one to characterize the surface energy fluxes, although
there are other combinations that could be also good options (such as
Clusters F, E, and G), with the exception of Clusters J and H. Within
Cluster I, the experiment that provides the best representation of



D. Donaire-Montano et al.

surface heat fluxes is s27I, which is configured with the following
Noah-MP options: the CLM-type BTR, OFF-Calc for DVEG, BATS for
RUN, Jarvis for CRS, Chen97 for SFC, NonLinear for INF, VegTS for
RAD, CLASS for ALB, TBOT8m for TBOT, and AS-Wet for RSF. Some
of these options for the optimal combination are in agreement with
the results found from other studies. Chang et al. (2020), in their
sensitivity study over a subtropical forest on China found that
Chen97 option for SFC improves the M-O option and Jarvis improves
the Ball-Berry option for CRS (which conduct to the use the OFF
option for DVEG). This scheme seems to simulate more effectively
land surface ventilation (Niu et al., 2011).

The results from this work show that the response of WRF/Noah-MP
to simulate surface heat fluxes in the IP depends on the selected Noah
parameterizations, one of the most evident being land surface states and
processes, and also of the climatic conditions. The optimization of land
surface models is challenging due to the model complexity, uncertainty
along with the high computational cost involved. Although further
research is necessary to analyze not only the underling physical pro-
cesses and their complex interconnections, but also the impact from
cover land use, soil textures and topography of the region, the optimal
configuration selected in this work could be helpful in accurately
characterizing land-atmosphere coupling and further climate simula-
tions for the IP as a whole.
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