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Abstract This study investigates the sensitivity of numerical simulations of atmospheric processes over
complex terrain to land surface model (LSM) parameters, focusing on thermally driven circulations in an
idealized valley. The sensitivity analysis is performed using the Weather Research and Forecasting model
coupled with the Noah-MP LSM, for forest and grassland land cover classes. An ensemble of 400 simulations
for mixed forest and grassland is emulated with a suite of machine-learning regressors, and variance-based
global sensitivity indices are computed from the surrogates. Sensitivity is evaluated for near-surface wind,
potential temperature, turbulent kinetic energy (TKE), and surface heat fluxes at representative valley locations.
Results clearly discriminate influential and non-influential parameters, providing guidance in identifying those
that most affect model results and therefore should be treated with the most care. Over forests, stomatal
minimum resistance (RS) is the most influential parameter overall, followed by canopy height (HVT), with
importances intensifying during the night. Near-infrared leaf reflectivity (RHOL_NIR), leaf area index, and
optimal transpiration temperature (TOPT') also result as important parameters. Over grasslands, by contrast,
both leaf and stem (SA/) area indices dominate, followed by RHOL_NIR. The roughness length (ZOMVT) is the
most important parameter affecting turbulent kinetic energy during daytime, while RS and HVT are largely non-
influential. The results highlight that the proposed approach, integrating variance-based global sensitivity
analysis with machine learning, represents a reliable framework to perform sensitivity analyses for complex
numerical models, providing valuable insights into the dynamic interactions between land surface parameters
and atmospheric conditions over complex terrain.

Plain Language Summary The presence of mountains and valleys creates local winds that
significantly impact the weather and climate in these regions. Numerical weather prediction models use
empirical parameters to describe the exchange of energy and water between the land and the atmosphere.
However, these parameters are often uncertain and can vary greatly in real landscapes, particularly in complex
terrain. In this study, we analyze the results of simulations with a numerical weather prediction model with
machine learning techniques to identify the most important land surface parameters controlling the development
of valley winds and energy exchanges. Through an ensemble of simulations, we highlight that parameters such
as stomatal resistance, canopy height, and leaf reflectivity in the near-infrared spectrum of sunlight are
particularly important in forests, while leaf and stem density play the biggest role in grasslands. Identifying the
most influential parameters can guide future measurement and data collection efforts to improve the
representation of atmospheric processes in meteorological models over mountain regions. This approach also
demonstrates how machine learning can make complex sensitivity studies significantly faster and more
efficient.

1. Introduction

In numerical weather prediction (NWP) models, energy and mass exchange at the ground interface are evaluated
by means of land surface models (LSMs), which, depending on their complexity, consist of a number of different
interacting parameterizations to account for the relevant physical processes and to provide the atmospheric model
with bottom boundary conditions. It is well known that LSMs represent one of the major sources of uncertainty in
NWP simulations (e.g., Massey et al., 2014; Schmidli et al., 2011; Tomasi et al., 2017), due not only to the
approximations introduced by the physical parameterizations but also to the use of a set of parameters whose
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values are often estimated empirically. A delicate issue regarding the use of specific parameter values stems from
the representativeness of the land data. In fact, land surface properties/parameters used in LSMs are usually
defined on the basis of predefined look-up tables, which take into account representative or typical characteristics
for each land cover class. However, in the real world, the actual characteristics of a specific land cover may
significantly deviate from its typical features, depending, for example, on climatic or geographic conditions. This
issue tends to be even more critical over complex terrain, where land cover characteristics usually present larger
temporal and spatial heterogeneity. This affects the estimation of land surface parameter values and consequently
the quality of NWP simulations. The development of high-resolution and customized maps of such parameters
can be extremely complex and sometimes not feasible, due to the lack of relevant information. Therefore, it is
important to evaluate the sensitivity of the parameterizations to the uncertainty in the values of relevant empirical
parameters, in order to concentrate the effort on the parameters that most affect model results.

One of the most popular LSMs is Noah-MP (He et al., 2023c; Niu et al., 2011; Yang et al., 2011), which is
available in the widely used Weather Research and Forecasting (WRF) meteorological model. It is an augmented
version of the Noah LSM (Ek et al., 2003) that allows the usage of different physical schemes and multi-
parameterization options, reaching a total number of more than 4,500 possible combinations. It is an open-
source model with different contributions from the scientific community. Noah-MP uses more than 200 pa-
rameters related to land cover and soil properties, and it can employ different predefined sets of vegetation classes
with specific choices of parameter values representative of different types of vegetation cover. The choice of these
parameters is fixed to semi-empirical values, defined in the dedicated look-up file MPTABLE.TBL. Although
they are used to define bulk land cover classes, no range of uncertainty is explicitly specified. This contrasts with a
more realistic scenario in which the parameter values are not constant over the same vegetation category. Hence,
this approach leads to potential uncertainties in the model results.

The importance of each parameter to NWP model outputs can be assessed through sensitivity analyses. Analyzing
the impact of small input perturbations on model outputs has historically been the first type of approach for
carrying out a “local sensitivity analysis” (Iooss & Lemaitre, 2014), that is, referring to local variations of the
input parameters. The main limitation of these methods is the assumption of a linear relationship between the
parameter and the output variable. Since many land and atmospheric processes are unavoidably non-linear,
the situation is usually more complex. Moreover, in a typical NWP model, a parameter not only directly affects
the outputs, but also the interaction between the other parameters and the outputs. This can be defined as the
“interaction problem.” To overcome this problem, more refined and global-oriented methods (i.e., “global
sensitivity analysis”) were introduced, including the variance-based approach that decomposes the variance of
model outputs into multiple terms accounting for all the parameter interactions (Saltelli et al., 2010). The most
famous and well-established variance-based method is the Sobol method (Saltelli & Sobol’, 1995), which leads to
multiple sensitivity indices evaluating an arbitrary number of interactions in the variance decomposition. The
Sobol method has been widely applied to different types of environmental models (Gan et al., 2014; Gong
etal., 2015; Pyoetal.,2021; Rosolem et al., 2012; van Griensven et al., 2006; Wang & Solomatine, 2019). Rosero
et al. (2010) used this method to assess the performance of the Noah LSM by comparing three different versions,
differing in the inclusion of a groundwater module and a dynamic phenology module. The authors showed that the
interaction between the model parameters is significant, increasing with the complexity of the model version, but
also that the variance of the model response is mainly controlled by a few important parameters, among which is
the leaf area index (LAI). This study showed that the dynamic vegetation module caused the highest increase in
the interactions between the model parameters. In recent years, different extensive studies have evaluated the
performance of Noah-MP using global sensitivity analysis (GSA). Cuntz et al. (2016) highlighted that many hard-
coded model parameters, that is, parameters whose value is fixed inside the code and cannot be changed by the
user, are very influential considering the sensitivity of the simulated surface runoff. Li et al. (2018), evaluating the
behavior of Noah-MP over the central Tibetan Plateau, found that energy and water vapor fluxes were dominated
by soil parameters. Moreover, the canopy height was the most sensitive vegetation parameter, while the Clapp-
Hornberger b parameter was the most sensitive soil parameter. With a similar approach, Arsenault et al. (2018)
identified five soil parameters and six vegetation parameters acting as primary controls on soil moisture, sensible
and latent heat fluxes, and net ecosystem exchange. Some of the most relevant parameters were the Clapp-
Hornberger b parameter, field water capacity, soil porosity, canopy height, roughness length, and soil water
availability.
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The above-mentioned studies, which used sensitivity analysis to evaluate the impact of model parameters on
Noah-MP results, were performed with the model executed in offline mode, that is, forcing the LSM with ob-
servations without a coupled meteorological model, in order to evaluate only the LSM behavior. Therefore, the
influence on atmospheric processes was not assessed. On the other hand, the aim of the present study is to identify,
through a sensitivity analysis, which LSM vegetation parameters need to be handled with the most care when
simulating atmospheric processes over complex terrain, with a particular focus on the development of thermally
driven circulations and the related thermodynamic fields in an idealized valley. In such a context, it is expected
that variations in relevant LSM parameters lead to different changes in the model output depending on the position
in the valley and the time of the day. In fact, a significant aspect distinguishing complex terrain from simple
geometry areas concerns the development of local thermally driven circulations resulting from the differential
heating and cooling of the lower atmospheric layers during fair weather days. In particular, mountain valleys are
characterized by the development of slope winds, which respond rapidly to the heating/cooling of the valley
slopes, blowing upslope after sunrise and downslope after sunset, and of valley winds, which develop due to
pressure differences between different valley sections or between the valley and the plain, blowing down-valley
during the night and up-valley during the day (Zardi & Whiteman, 2013). The alternation of these circulations
typically marks the diurnal wind cycle in mountain valleys, strongly affecting the weather and climate of these
regions.

The sensitivity of these circulations to the geometric characteristics of mountain valleys has been widely studied
through Reynolds-averaged Navier-Stokes (RANS) simulations and large-eddy simulations (LES), mainly using
idealized valley geometries (e.g., Rampanelli et al., 2004; Serafin & Zardi, 2010, 2011). For example, Wagner
et al. (2015a, 2015b) performed different LES with the WRF model, highlighting variations in wind intensity
depending on the valley floor slope, the valley volume, depth, width, and length. An idealized valley geometry
was also used by Schmidli et al. (2011) to compare the up-valley wind system simulated by nine different non-
hydrostatic mesoscale models with the same initial and boundary conditions, finding that the main differences
between the models were related to the representation of the surface energy budget and the different turbulence
schemes.

Since slope and valley circulations develop as a consequence of temperature contrasts in the atmospheric
boundary layer between different areas in complex terrain, it is clear that they are strongly affected by surface-
atmosphere exchanges and local surface characteristics. Therefore, accurately representing these processes in
NWP models is crucial for their correct prediction. However, a comprehensive evaluation of the sensitivity of
NWP simulations to surface parameters over complex terrain is missing in the literature. As highlighted above,
the literature studies applying sensitivity analysis to evaluate the impact of model parameters on Noah-MP results
used the LSM in an offline mode, not coupled with a NWP model. The low computational cost of these offline
simulations allowed these studies to test model outputs over long time periods, in order to obtain robust statistics.
Since the aim of the present study is to assess the influence of surface parameters on the simulation of thermally
driven circulations in a mountain valley, it is fundamental to evaluate the interaction between the LSM and the
coupled NWP model. For this reason, the analyses presented in this work are based on simulations in which the
Noah-MP LSM is online coupled with the meteorological WRF model. Due to the high computational cost of
the WRF simulations, this paper proposes a different approach based on surrogate models (Fernandez-Godino
etal., 2017; Forrester et al., 2008; Kim & Boukouvala, 2020; Vinuesa & Brunton, 2022), specifically an ensemble
of machine learning (ML) algorithms that are trained over samples of the original “high-fidelity” WRF model
outputs, and emulate the input-output relations through regression tasks. These algorithms are implemented into
an automated software, the ML-AMPSIT tool, written specifically to perform ML-based sensitivity studies and
presented in Di Santo et al. (2025). ML extraction of feature importance is widely used in different Earth science
fields (Alqahtani et al., 2022; Daviran et al., 2023; Elia et al., 2023; Gigovi¢ et al., 2019; Lei et al., 2023; Rahmati
etal., 2016; Sridhara et al., 2023; Trabelsi & Bel Hadj Ali, 2022; Wu et al., 2023; Yu et al., 2024), and ML-based
emulators are also increasingly applied in climate model calibration and parameter estimation (Cinquegrana
et al., 2023; Couvreux et al., 2021; Dagon et al., 2020; Watson-Parris et al., 2021), aiding in process-based model
development and in the optimization of physical parameters in NWP models. Nonetheless, to the authors'
knowledge, the present study is the first to apply ML algorithms to extract parameter importance from an LSM
coupled with an NWP model and to quantify the associated NWP model sensitivity to land surface parameters.

The choice of adopting an idealized experimental design is based on the aim of isolating the influence of Noah-
MP vegetation parameters on the development of thermally driven circulations. As stated above, this is a solid
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strategy widely used in the literature for valley flow studies. Idealized valleys provide a controlled environment in
which slope and valley winds can develop without the influence of confounding factors such as heterogeneous
terrain, non-uniform land cover, and complex lateral boundary conditions. This framework ensures that any
variability in the simulated circulation can be attributed exclusively to the perturbed surface parameters. In a real-
world scenario, land cover patterns may be spatially heterogeneous. However, introducing such heterogeneity in
the present idealized setup would hinder the interpretation of parameter-induced signals. Instead, this study aims
to obtain parameter rankings to provide useful guidance on identifying the vegetation parameters most likely to
introduce the largest uncertainty in real-case simulations under well-developed, thermally driven conditions. The
quantification of these parameters should therefore be prioritized in future observational efforts and parameter
tuning.

Despite the extensive literature on Noah-MP parameter sensitivity in offline mode, Sobol-type variance-based
GSA remains computationally infeasible for online-coupled NWP-LSM configurations. In such systems, each
model evaluation is expensive, and two-way land-atmosphere coupling amplifies nonlinearity and higher-order
interaction effects. In Sobol-Saltelli sampling (Saltelli et al., 2010), the number of required model evaluations
scales linearly with parameter dimension but remains large in absolute terms. For a configuration with p ~ 20
uncertain parameters and a base sample size N ~ 103, that is, the number of samples used to construct the
sampling matrices, a direct high-fidelity computation including second-order effects (Saltelli et al., 2008) would
require Noyy = N(2p + 2) = 4 X 10* online WRF/Noah-MP runs, which is well beyond practical computa-
tional limits. The proposed workflow makes Sobol-type variance decomposition operationally achievable for this
class of problems by combining Sobol sampling with ML surrogate emulation. Once trained on 0(102) high-
fidelity WRF/Noah-MP realizations, the surrogate enables 0(104) Sobol evaluations at negligible marginal
cost, yielding, for the presented case-study, an effective reduction of 10* in the number of high-fidelity simu-
lations relative to a direct Sobol implementation. To the best of the authors' knowledge, this is the first study that
(a) makes Sobol-type variance-based GSA computationally tractable for online-coupled NWP-LSM systems at
this level of acceleration, and (b) proposes a multi-emulator ML-based strategy that stabilizes sensitivity infer-
ence in strongly nonlinear, interaction-dominated regimes characteristic of land-atmosphere feedbacks in NWP
applications. Therefore, leveraging this methodology, this study is also the first to assess, with such a systematic
approach, the influence of surface parameters on the development of thermally driven circulations and the
associated thermodynamic fields in a mountain valley environment.

The paper is organized as follows: Section 2 presents the model setup, detailing the specifics of the idealized
valley geometry, the computational domain, the initial and boundary conditions, and the physics options used in
the Noah-MP LSM. It also describes the methodology for the sensitivity analysis, including the ML algorithms
used, the parameters tested, and the statistical methods used to evaluate parameter importance. Section 3 reports
the analysis of the simulations, discussing the variability of the simulation ensemble and the results of the
sensitivity analysis, highlighting the most influential parameters affecting the valley circulation and surface
fluxes. Finally, Section 4 concludes the paper with a summary of the main findings.

2. Methods
2.1. Model Setup

The sensitivity analysis was performed by means of simulations over an idealized valley geometry with no
background wind. This configuration corresponds to the standard setup adopted in previous idealized studies of
valley thermodynamics (e.g., Rampanelli et al., 2004; Schmidli et al., 2011; Schmidli & Rotunno, 2010; Serafin &
Zardi, 2010, 2011; Wagner et al., 2015a, 2015b) aiming at analyzing the development of clean, thermally driven
slope and valley circulations. These conditions are not intended to represent a specific real-life scenario, but rather
to isolate the physical mechanisms linking land-surface parameter uncertainty to valley wind evolution.

The idealized valley-plain topography used in the present work is based on Schmidli and Rotunno (2010) and
Schmidli et al. (2011). Following the criteria established by Rampanelli et al. (2004), the valley floor and the plain
share the same elevation, avoiding contributions of up-valley anabatic winds. The valley-plain length is chosen
long enough to avoid boundary effects and interferences on the along-valley flow, and the valley slopes are not
overly steep so that numerical inaccuracies do not arise from the terrain-following grid system. The valley
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Figure 1. (a) Model topography, where dashed lines represent the position of the cross-valley and along-valley sections
presented in Section 3.1, respectively in Figures 3—8. Their extension is limited by the red rectangle, which also represents
the zoomed-in area shown in (b), where the four points chosen to study the different regions inside and at the exit of the valley
are represented by red dots.

geometry, with the axis oriented in the North-South direction, is defined by the following analytical expression
(Figure 1):

z = h(x.y) = hyh()hy (), )

where /,(x) and h,(y) are defined as follows:

0, for |x| < X,
1 1 [x] — X,
7 ECOS b S , for X| <|x] < X,
h(x) = {1, for X, <|x] £ X; 2)
1 1 |x| —X3
P , for X5 <|x| < X
5 5 c0s (n s, or X3 < |x| 4
0, for |x] > X4
L for [y| < L,
11 vl =Ly
hy(y) = §+§cos T for L, <|y| < L,+S, 3)
y
0, for |y| > L, +S,

where i, = 1.5 km is the valley depth, L, = 200 km is half the valley length, S, = S, = 9 km is the width of the
slopes, X; = 0.5km, X, = 9.5km, X3 = 10.5km, X, = 19.5km, and X3 — X, = 1 km is the plateau width in
the cross-valley direction. The analytical formulation of the valley geometry and the associated geometric pa-
rameters (X, X,, X3, X4, Ly, S, Sy, and h,,) follow the configuration introduced by Schmidli et al. (2011).

The computational domain extends 300 km in both the South-North and West-East directions, while the domain
top is placed at 12.2 km height. The height of the model top was selected based on previous idealized simulations
of valley winds (e.g., Reif et al., 2024; Schmidli et al., 2011) to prevent the artificial reflection of gravity waves
and to allow the thermally driven circulation to develop without interference from upper-boundary effects. The
choice of the horizontal domain extension was performed after a series of preliminary simulations, aiming at
evaluating an optimal extension that prevents the influence of boundary effects on the simulation of the valley
circulation, while still keeping a reasonable computational effort. The horizontal grid spacing is 1 km, repre-
sentative of operational forecasts with local area meteorological models, and a total of 65 vertical eta levels are
used, with 13 levels below 1 km height. The vertical spacing is defined using a normalized sigmoid function:
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The parameters a = 0.01, b = 0.5, and ¢ = 2 are selected empirically to obtain a dense distribution of vertical
levels near the surface and a smooth transition to coarser spacing aloft. This configuration ensures adequate
resolution in the boundary layer, where the slope/valley wind system develops, without introducing abrupt
changes in the vertical grid spacing.

The center of the domain is set at 47°N 11°E; the simulations start at 06:00 UTC (LST-1), 19 March and run for
30 hr, with the first 6 hr used as spin-up period to allow the development of the thermally driven circulation.
Therefore, a full diurnal cycle has been analyzed to evaluate the different phases of the valley circulation, with a
radiation cycle representative of the equinox in an Alpine valley.

The initial state of the atmosphere has been set as stable stratified with the following potential temperature profile:
0(z) = 0, + Tz + AO(1 — ), ®)

where 6, = 280 K is the reference potential temperature at the surface, I' = 3.2 K km™! is the lapse rate, and the
term AH(I - e‘ﬁz) modulates the near-surface profile, with A@ = 5 K and # = 0.002 m~'. The values of 6,, T,
A0, and f were chosen to represent a stably stratified pre-sunrise atmosphere. This initial condition facilitates the
development of realistic slope and valley winds under clear-sky conditions.

The initial relative humidity is constant and equal to 30% along the entire vertical profile and the atmosphere is
initially at rest. The soil moisture is initialized at 20%.

The Advanced Research WRF (ARW) 4.5.1 dynamical core is used, which implements a third-order Runge-Kutta
scheme for time integration with a time-split method to manage the acoustic modes (Wicker & Skamarock, 2002)
and an Arakawa-C grid staggering for spatial discretization. In this work, Sth-order-accurate horizontal advection
and 3rd-order-accurate vertical advection are used. The integration time step is 60 s. The West-East boundary
conditions are set as periodic, while the South-North boundary conditions are symmetric, thus with the effect of
simulating a valley that is twice as long and open on both sides (Wagner et al., 2015a). Moreover, a 2-km Rayleigh
damping layer with a non-dimensional coefficient of 0.1 is set at the upper boundary. The Coriolis force is
neglected.

For the physics options, the Rapid Radiative Transfer Model (RRTMG) is used for shortwave and longwave
radiation (Iacono et al., 2008). After the preliminary evaluation of several planetary boundary layer parameter-
izations, the quasi-normal scale elimination (QNSE) scheme (Sukoriansky et al., 2005) resulted in producing the
least amount of spurious convective rolls, which are typical of simulations with mesoscale meteorological models
at the kilometer scale (Ching et al., 2014), hence, it is selected for this work, coupled with the corresponding
surface layer scheme. The microphysics parameterization is not activated to simulate a full diurnal cycle that is
not affected by clouds, to allow the full development of the valley wind circulation and simplify the interpretation
of the results. Similarly, the cumulus parameterization is switched off. The effects of the topography on shading
and radiation are both taken into account.

Previous sensitivity studies based on offline Noah-MP simulations have shown that increasing model complexity
can obscure the attribution of output variability to individual parameters by enhancing parameter interactions
(e.g., Cuntz et al., 2016; Rosero et al., 2010). In light of this, the Noah-MP configuration adopted in this study
retains the key physical mechanisms governing surface energy exchange and canopy-atmosphere coupling while
avoiding additional sources of variability that are not central to the research question. Accordingly, the dynamic
vegetation option is not activated and a fixed vegetation fraction of 0.6 is prescribed, The value for the fixed
vegetation fraction was prescribed as a reasonable intermediate value compatible with the mixed-forest and
grassland Modis IGBP classes considered here. Since the focus of this work is on the sensitivity to vegetation
parameters rather than land-cover fractions, prescribing a fixed value avoids introducing an additional source of
variability that is not central to the study objectives. The LAI is read from the Noah-MP look-up table
(MPTABLE) monthly climatology and is varied within the sensitivity analysis.
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The modified two-stream canopy radiative transfer scheme (Niu & Yang, 2004) is employed to ensure a phys-
ically consistent representation of canopy radiative processes. Stomatal resistance is computed using the Jarvis
scheme (Jarvis et al., 1976), in line with the prescribed-LAI benchmark adopted by Arsenault et al. (2018), and
coupled with a Noah-type soil moisture stress factor (Schaake et al., 1996), in order to maintain a direct and
interpretable link between vegetation parameters and surface fluxes. Runoff and groundwater processes are
represented using the TOPMODEL approach with groundwater option (Niu et al., 2007). The surface resistance to
evaporation and sublimation follows Sakaguchi and Zeng (2009), while heat and momentum exchange co-
efficients are computed using the default Monin-Obukhov-based surface layer scheme. Soil texture is prescribed
from the MPTABLE, thereby deactivating pedotransfer functions. Crop, irrigation, and harvesting options are not
activated. More details about Noah-MP model physics are presented in He et al. (2023a).

The sensitivity analysis presented in this work is based on 400 simulations perturbing the values of several pa-
rameters defined in the MPTABLE, as presented in Section 2.3. This number of simulations was determined
through preliminary convergence tests, which showed that both parameter importance and surrogate metrics had
stabilized at this sample size. In particular, the two classes “mixed-forest” and “grassland” of the MODIS IGBP
classification are chosen as the reference land cover to define the unperturbed (control) values of all the tested
parameters. The analysis is performed over six WRF variables: west-east (cross-valley) and south-north (along-
valley) wind components, potential temperature, turbulent kinetic energy (TKE), sensible and latent heat fluxes,
evaluated at four selected points, as shown in Figure 1b, representing the valley floor and slope, the mountain crest
and the plain close to the valley exit.

These four locations were selected to sample the key phases and components of the thermally driven valley
circulation. This includes upslope and downslope flows along the valley sidewall, features associated with the
along-valley wind system, both inside the valley and over the adjacent plain, and the development of convective
thermals over the ridge.

2.2. ML-AMPSIT as a Sensitivity Analysis Tool

ML-AMPSIT (Machine Learning-based Automated Multi-method Parameter Sensitivity and Importance analysis
Tool) is a fully automated sensitivity analysis tool (Di Santo et al., 2025) that uses a set of ML-based regression
algorithms to assess parameter importance for a given model. The algorithms currently included are LASSO,
Support Vector Machine (SVM), Classification and Regression Trees (CART), Random Forest (RF), Extreme
Gradient Boosting (XGB), Gaussian Process Regression (GPR), and Bayesian Ridge Regression (BRR). In the
ML-AMPSIT tool, the parameters to test, their range of variability, and the number of simulations to perform with
the high-fidelity model (in this case WRF/Noah-MP) must first be specified. A Sobol low-discrepancy sequence
of the same length as the number of simulations is then produced for each parameter. These sequences efficiently
explore the multidimensional parameter space and are consistent with variance-based GSA (more information on
the Sobol sequence can be found in Saltelli et al., 2010). The resulting WRF/Noah-MP ensemble is then used to
train machine learning (ML) surrogate models. The sensitivity analysis is performed at different points in the
computational domain, as specified by the user, using the different ML methods mentioned above. ML-AMPSIT
calculates a series of performance metrics, namely the coefficient of determination (R2 ) together with the p-value
testing the probability of unrelated variables to produce the same R?, the mean squared error (MSE), and the mean
absolute error (MAE), to evaluate the quality of the results. Moreover, the tool allows for the investigation of
the convergence of the obtained feature importance and metrics. In this study and in the literature of surrogate
models, performance metrics (R*>, MSE and MAE) are computed to quantify how well the ML surrogates
reproduce the corresponding high-fidelity model simulation outputs. The “true” values for the calculation of these
metrics are therefore the WRF simulations with the same parameter settings, rather than a reference (control)
simulation. Metrics are calculated from standardized, non-dimensional data to ensure comparability across
variables and sites.

A core feature of ML-AMPSIT is the integration of multiple regression algorithms within a unified pipeline for
surrogate model training, performance evaluation, and parameter importance estimation. This approach reduces
reliance on any single regressor and enables an ensemble-based assessment of the consistency of sensitivity
rankings across methods. A comprehensive description of ML-AMPSIT is provided in Di Santo et al. (2025), and
the open-source code is available in Di Santo (2024).
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Among all the algorithms available in ML-AMPSIT, a preliminary analysis of their individual performance for
the present case study led to the choice of using a method-wise average based on SVM, LASSO, RF, XGB, BRR,
and GPR. CART is, therefore, not used due to its poor performance in this case study. LASSO, RF, XGB, and
BRR are used with their default settings, while slight modifications of the algorithm setup are introduced to SVM
and GPR to improve their accuracy and efficiency as follows.

Considering SVM, in the present work the kernel function, which determines the shape of the decision boundary,
is set to polynomial, instead of linear, that is, k(x,x’) = (y(x,x’) + r)?, where y is a scale factor, r is the offset
parameter and d is the polynomial degree. The polynomial kernel allows for non-linear relationships between
features to be modeled by SVM. This choice is motivated by preliminary analyses suggesting that non-linear
models are desirable over linear models, which perform poorly in the present case study.

As to GPR, compared to the default Radial Basis Function (RBF) kernel implemented in ML-AMPSIT, the
present work applies the more flexible rational quadratic kernel, which is a mixture of multiple RBF kernels with
different length scales, and is expressed as:
iy (f o =P
k(x,x") = (1 + ol ) 6)
where ||x — x’|| is the Euclidean distance computed between two data points (x,x’), a is the scale-mixture
parameter that controls the weight of large and small scale variations across the RBF kernels mixture, and [/ is
the length-scale parameter determining the smoothness of the function. The new kernel choice significantly
improved the efficiency and speed of hyperparameter tuning compared to the default option. Differently from the
non-Bayesian methods, GPR quantifies the uncertainty around the estimated regression coefficients, offering a
probabilistic interpretation of the model parameters.

The tree-based algorithms used in this work (RF, XGB) inherently provide a quantification of parameter
importance from the variance reduction by fixing parameters between input evaluations. The more a feature
reduces the variance on average across all the trees in the forest, the more important it is considered to be. On the
other hand, the non-linear SVM (as implemented here), BRR and GPR do not directly provide a direct measure of
importance. The speed of these surrogate model is exploited for a fast implementation of the Sobol method to
evaluate parameter importance, where the Sobol indices are obtained directly from the ML-inferred relation
between the original model inputs and outputs. Lastly, LASSO assigns importance based on the magnitude of its
regression coefficients, which are obtained through an L1-regularization. The importance of a feature is deter-
mined by the absolute value of its estimated coefficient. To ensure that feature importance scores are comparable
across all the models, each method is applied with standardized, non-dimensional data and the results are
normalized.

The input-output data used to train the algorithms are collected from the simulation ensemble generated by the
quasi-random Sobol sequence sampling strategy. For each method, the ensemble of simulations generated by
varying the input parameters is divided into training and test sets in a 70-30 ratio. During the training phase, the
ensemble members from the training set are used by the algorithms through a cross-validation procedure to fit
their hyperparameters to the provided data set.

Hyperparameter tuning is conducted separately for each regression method, as the relevant hyperparameter space
and the bias-variance trade-off vary across algorithms. Specifically, for each method, ML-AMPSIT optionally
performs Bayesian optimization (via BayesSearchCV) with n;,, = 10 iterations, combined with k-fold cross-
validation (k = 5) on the training set. The optimizer explores method-specific hyperparameter ranges
(e.g., tree depth and number of estimators for tree-based models, regularization strength and numerical tolerances
for LASSO and BRR, kernel and margin parameters for SVM, noise level and restart settings for GPR) and selects
the configuration that maximizes the cross-validated performance. The final model is subsequently refitted on the
full training set using the selected hyperparameters before being used for predictions on the test set. As the
analysis is repeated for multiple targets (variable-site pairs and time steps), hyperparameter tuning is performed
independently for each target.

From a computational perspective, the workflow considered here consists of two distinct components: (a) the
generation of the 400-member high-fidelity WRF/Noah-MP ensemble used to build the data set, and (b) the
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subsequent surrogate-based analysis. Let Tywgrr denote the wall-clock time required for one high-fidelity WRF/
Noah-MP realization over the simulated period. Because a single WRF/Noah-MP realization simultaneously
provides the full set of model outputs, whereas ML-AMPSIT treats each variable-region-level-time combination
as a separate scalar target, all surrogate run times reported below are aggregated over the complete analysis set
considered in this study, namely 6 atmospheric variables, 4 valley regions, 10 vertical levels, and 24 output times.
Accordingly, Ty,,qe1 denotes the total runtime required by one surrogate method over the full set of analyzed
targets, rather than the cost of a single scalar prediction.

For all surrogate methods, the available 400 WRF/Noah-MP realizations are split into 70% for training and 30%
for testing on unseen cases.

For methods in which Sobol indices are explicitly computed after training (SVM, BRR, and GPR in our
implementation), Ty,0q¢ includes emulator training, prediction on the unseen 30% subset, and the generation and
evaluation of a Sobol-Saltelli sampling design, that is, a structured set of parameter combinations used for
variance-based sensitivity decomposition (Saltelli, 2002; Sobol, 1967). According to the Saltelli strategy (Saltelli
et al., 2010), the number of model evaluations required to estimate first- and second-order indices is
Nevat = Nsopoi(2p + 2), where p is the number of uncertain parameters and Ny, is the base sample size. For a
representative configuration with p ~ 20 and Ngy,, = 103, this yields Ny, ~ 4 x 10*. In a direct high-
fidelity Sobol analysis, this would correspond to approximately 4 x 10* WRF/Noah-MP simulations. In the
present workflow, by contrast, 400 high-fidelity simulations are used to train the surrogates, and the subsequent
Sobol evaluations are performed with the emulators at negligible cost. Hence, the high-fidelity computational
burden is reduced from approximately 4 x 10* WRF simulations to 400.

As an illustrative example, if one WRF/Noah-MP simulation requires Twgr ~ 6 h, then a direct high-fidelity
Sobol analysis would take ~2.4 X 10° h (~27 years) if executed sequentially. By contrast, the surrogate-
based workflow requires 400 high-fidelity simulations for data set generation (i.e., ~2.4 x 10° h, or
~100 days sequentially), while the subsequent surrogate-based analysis is completed within 6-18 hr, depending
on the emulator. These results show that surrogate-based sensitivity analysis can make variance-based GSA
computationally tractable for NWP applications.

To the best of the authors' knowledge, no previous study has reported a comparable reduction in computational
cost that makes variance-based Sobol analysis practical for NWP simulations.

For methods that do not rely on variance-based GSA (RF, XGB, and LASSO), T\,04e1 r€presents the time required
to train the emulators, predict the unseen 30% subset, and extract feature-importance measures from the fitted
models. Although these feature-importance measures are intrinsically model-based and are not obtained through
an explicit variance-based decomposition, the results presented in this study show that their rankings are in close
agreement with those obtained from the Sobol analysis. From a computational perspective, these methods also use
the same 400-member high-fidelity ensemble and therefore avoid the additional cost of the high-fidelity simu-
lations required for a direct Sobol analysis, as discussed above.

2.3. Noah-MP Land Surface Parameters

The Noah-MP parameters whose importance is evaluated in the present study include only those related to
vegetation, defined in the look-up table (MPTABLE) and categorized on the basis of the vegetation type. Hence,
the chosen parameters are strictly related to the canopy properties and have a clear role in the computation of
radiation, heat and momentum fluxes. In the following two sub-sections, a concise presentation of the role played
in Noah-MP by the parameters analyzed in this work on surface fluxes is provided, with the aim of aiding the
interpretation of the results. For a complete overview, the reader is referred to the Noah-MP user's guide (He
et al., 2023b).

2.3.1. Relevant Parameters for Radiative Fluxes

Leaves play an important role in the final canopy radiation budget. Their cellular structure tends to almost
completely scatter solar radiation, resulting in relatively equal amounts of reflected and transmitted radiation
(Oke, 1987). The overall canopy albedo is usually significantly lower than the individual leaf albedo, depending
on the angle of solar incidence and the stand architecture, which influence processes such as the penetration of
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radiation inside the canopy and radiation trapping, which is very strong in forests. These effects are mostly
controlled by the scattering parameters, canopy height, and LAI. Stems also play a role in the radiation budget,
but, especially for forests, the main radiation exchange comes from the canopy itself, whereas trunks are less
important.

In the modified two-stream canopy radiation scheme of Noah-MP, the leaves are treated as clouds aggregated into
tree crowns with gaps, uniformly distributed in the grid cell, and positioned over the underlying surface. Both
inter-crown and intra-crown gaps are considered, and the parameters affecting these gaps are the crown radius,
canopy height, and the leaf/stem area index.

In the calculation of radiative fluxes, the vegetation absorption is regulated by the canopy leaf/stem orientation
index, reflection, and transmission parameters XL, p, and z, respectively. The key variables entering the calcu-
lations of these fluxes are the scattered fraction of leaf intercepted radiation w; = p + 7, and the single scat-
tering albedo A:

(/),+(/12»cos9’ 3 _ d),-cosf}/ 1o 1/)1-(1+cos6’/)+2<(/)2<c059/
b1 +2- ¢, cost &1 +2- ¢, x cost 2 ¢, - cost’

() +2-¢, - cost)

A=05-(p+71)- ™

where both ¢, and ¢, are polynomials of the variable leaf/stem orientation index XL. @ is the solar zenith angle
and @ is the adjusted solar zenith angle that takes into account the geometric configuration of the canopy as:

0" = tan™! [(%CI:IVB) - tan (9)] 8)

where HVT and HVB are the canopy top and bottom heights, and RC is the crown radius.

The values of p and 7 are specified for the near-infrared (NIR) and the visible (VIS) bands for both leafs and stems,
taking into account the different response of vegetation to these two wavelength ranges, that is, Noah-MP uses the
following 8 parameters, RHOL_NIR, RHOS_NIR, RHOL_VIS, RHOS_VIS, TAUL_NIR, TAUS_NIR, TAUL_VIS,
and TAUS_VIS, as defined in Table 1.

2.3.2. Relevant Parameters for Latent Heat, Sensible Heat and Momentum Fluxes

Noah-MP uses LAl p, and 7 to derive the fraction of vegetation under sunlight, which affects the stomatal
resistance according to the Jarvis scheme (Jarvis et al., 1976), and ultimately the transpiration contribution to
latent heat. It is expected that, in the present case study, this transpiration contribution is the most significant for
the total latent heat flux above the canopy, considering the absence of a wet fraction of the canopy. The stomatal
resistance is composed of three different contributions referring respectively to the incoming solar radiation
(Fys.s0lar) » affected by the maximum and minimum stomatal resistances RSMAX and RS and the radiation stress
factor RGL, the air temperature (F; ), affected by the optimal temperature parameter TOPT, and the vapor
pressure deficit (F,y,,q) , affected by the vapor pressure deficit stress factor HS, which modulates the influence of
the pressure deficit. The three contributions are calculated as:

2-Spar RS
RGL RSMAX
Fys so1ar = max 0.0001, 25, ©)
RGL

where §,,,, is the photosynthetically active radiation, which has a different value for sunlit and shaded leaves;
Fy tomp = max(0.0001,1 = 0.0016 - (TOPT — T,)*) (10)

where T, is the canopy temperature;
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Table 1

Parameters Analyzed in This Work

Parameters Definition Physical processes Mixed-forest ref. Grassland ref.
LAI leaf area index, one-sided Rad / Extinction / Stomata 2.20 0.36
SAI stem area index, one-sided Rad / Stomata 0.40 0.20
RHOL_NIR near-infrared leaf reflectance Rad / Stomata 0.45 0.4
RHOL_VIS visible leaf reflectance Rad / Stomata 0.10 0.09
RHOS_NIR near-infrared stem reflectance Rad / Stomata 0.39 0.41
RHOS_VIS visible stem reflectance Rad / Stomata 0.16 0.21
TAUL_NIR near-infrared leaf transmittance Rad / Stomata 0.25 0.19
TAUL_VIS visible leaf transmittance Rad / Stomata 0.05 0.05
TAUS_NIR near-infrared stem transmittance Rad / Stomata - 0.13
TAUS_VIS visible stem transmittance Rad / Stomata - 0.07
XL leaf/stem orientation index Rad / Stomata 0.25 0.15
RC tree crown radius Rad 1.40 0.15
HVT height of canopy top Rad / Extinction / Turb / Leaf BL 16.0 1.46
ZOMVT momentum roughness length vegetated surface Extinction / Turb / Leaf BL 0.80 0.13
DLEAF characteristic leaf dimension Leaf BL 0.040 0.040
CWPVT empirical canopy wind parameter Extinction / Leaf BL 0.29 1.49
RS Jarvis minimum stomatal resistance Stomata 125 232
RSMAX Jarvis maximum stomatal resistance Stomata 5,000 5,000
RGL Jarvis radiation stress parameter Stomata 30 200
TOPT Jarvis optimum transpiration air temperature Stomata 298 298
HS Jarvis vapor pressure deficit parameter Stomata 51.93 146.15
Note. The main physical processes and reference values for each parameter are given.
1
= max(O.()l, 1+ HS - max(0, Wean_air_sat = Wean_air) ) ()
where Weu gir sar a0d Wy, ;- are the saturated mixing ratio and the canopy air mixing ratio.
The final stomata resistance is:
RS
Retomata = Frgsotar * Frstemp * Frspa " Pir (12)

where f,, is a soil moisture factor computed as a function of the soil wetness in each root layer, decreasing the
stomatal resistance for increasingly wet soils.

Another important parameter for both latent and sensible heat fluxes is the leaf boundary layer resistance Ry,
which is controlled by the leaf characteristic dimension DLEAF, the canopy wind extinction parameter CWPVT,
the leaf and stem area indexes LAI and SA/, the canopy height HVT, and the roughness length ZOMVT:

a DLEAF
Ry =50- 4 13
bl = U. (13)

where a is the canopy wind extinction coefficient containing the Monin-Obukhov stability function (Monin &
Obukhov, 1954) for heat y,, (C MO) evaluated below the canopy:
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0.5
a=[CWPVT - (LAI + SAI) - HVT -y, (Cuo)| (14)
and U, is the wind speed evaluated at the height of the canopy top HVT:
1 HVT —d+ZOMVT
TR 1 e (15)

Zref
ln( ZOMVT)

where k is the von Karmén constant, d = 0.65- HVT is the zero-plane displacement height, and U, is the ve-
locity at the reference height z,,, = d + z,, where z,, is the height of the first WRF level above the zero-plane
displacement height.

The momentum roughness length is also used to define the exchange coefficients for momentum:

2
T — (16)

2 9
Zet —d
[ln (zozrwvr) - ‘/’m]

and heat:

K
Ch - 1 Zep —d 1 Zef —d ’
M zosvr ) — V| | '™\ zomvr ) — ¥

that are used to compute the surface fluxes.

an

Ry is used to calculate the associated heat conductances for sensible and latent heat fluxes Csy cong ear

and CLH,cnnd,tr:

2-EVAI

CSH,cnnd,leaf = Tbl (18)

EVA Isun EVA Ishd

Rhl + Rxmmuta,sun Rh[ + Rstomatu,xhd

(19)

CLH cond,ir =

where EVAI is equal to LAl + SAI in the setup used in this work, while subscripts sun and shaded indicate
respectively the fraction of vegetation exposed to direct solar radiation and in shade.

Larger LAl and SAI values imply that the leaf boundary resistance Ry, decreases, resulting in higher heat
conductance coefficients. On the other hand, larger values of the characteristic leaf dimension DLEAF increase
Ry, and thus decrease the heat conductance coefficients, because larger leaves produce thicker laminar layers
(Oke, 1987). Since CWPVT controls the wind extinction within the canopy, a larger value of CWPVT implies
lower wind speed in the canopy, reducing the heat exchange.

The sensible and latent heat fluxes are also modulated by the turbulent transfer coefficient Cy, ., entering the
computation of the below-canopy aerodynamic resistances, which is directly controlled by the canopy height HVT
and the roughness length ZOMVT through the friction velocity u,:

Chiurt = Ktt,(HVT = d) (20)

where the friction velocity is defined as:

Uref K

]n<zm‘7d> B 5 (21)
zomvT) — ¥m

u, =
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Figure 2. (a) Cross-valley section of the west-east wind component u (color shading), the wind component parallel to the section (arrows) and potential temperature
(solid lines); (b) cross-valley section of the south-north wind component v (color shading), wind component parallel to the section (arrows) and potential temperature
(solid lines); (c) along-valley section of the south-north wind component v (color shading), wind component parallel to the section (arrows) and potential temperature (solid
lines). All variables refer to 12:00 UTC of the first simulated day. The red dotted lines indicate the position of the points considered in the following analyses (see
Figure 1b). For visualization purposes, the vertical wind component w in the cross-valley sections has been magnified by a factor of 10 and wind vectors are plotted every
two grid points. See Figure 1 for the position of the sections.

and y,, is the Monin-Obukhov stability correction for momentum evaluated below the canopy.

Equation 20 implies that both increased roughness and increased canopy height increase the sensible heat ex-
change between the canopy and the atmosphere.

2.3.3. Investigated Parameters

Table 1 shows the parameters investigated in this work, summarizing the above arguments and pointing out the
main physical processes they control. Since the effect of stem transmittance is not relevant for forests for both
near-infrared and visible bands, the respective parameters of the MPTABLE TAUS_NIR and TAUS_VIS are only
included in the sensitivity analysis for the grassland land cover class. Moreover, also the parameter controlling the
bottom height of the canopy (HVB) is not taken into account, in order to avoid unphysical simulations resulting
from the contemporary variation of the height of the canopy top (HVT).

Table 1 also shows the reference value of each parameter based on the MODIS land cover classes “mixed-forest”
and “grassland.” In this work, the percentage of variation adopted for the sensitivity analysis for the pseudo-
random ensemble is set as 20% for all the parameters. The optimal temperature parameter TOPT was converted to
degrees Celsius before applying the variation, to avoid unrealistic temperature settings. Since the results obtained
by a regression algorithm over a specific simulation ensemble cannot be assumed to be valid for any type of
ensemble, the specific variations chosen for the parameters in this study are expected to generate results that are
strictly valid only for this range of variations. Nonetheless, the parameter space explored in this work is
reasonably representative of the variability of mixed-forest- and grassland-like land cover classes. This ensures
that the results are physically consistent and as realistic as possible.

3. Results
3.1. Valley Circulation

This section presents the results of the reference simulation, that is, with all the parameters set to the reference
value, with the aim of describing its main features, considering in particular the development of the thermally
driven circulations in the idealized valley. Results are presented at four time points representative of the diurnal
cycle of both slope and valley winds, that is, 12:00, 18:00, 00:00, and 06:00 UTC and considering the cross-valley
and along-valley sections shown in Figure 1b. The results shown here refer to the mixed-forest vegetation
reference simulation. However, the grassland reference run shows a similar behavior and thus the description
provided here applies to both vegetation classes.

At 12:00 UTC, up-slope winds are well-developed along both sidewalls, converging at the ridge crests and are
topped by return branches, causing subsidence in the valley center (Figure 2a). In the along-valley direction, the
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Figure 3. As Figure 2, but referring to 18:00 UTC.

up-valley wind is present up to the ridge top, with intensities around 4 m s~! (Figure 2b). The along-valley section
(Figure 2c) highlights higher potential temperature in the valley compared to the plain, which drives the up-valley
wind. By 18:00 UTC, down-slope winds are already well-developed, especially along the western valley sidewall,
due to earlier orographic shading in the afternoon (Figure 3a). Since the valley is north-south oriented, the main
asymmetries in the circulation result from the differential insolation of the sidewalls, which strongly affects the
development of slope winds, given their rapid response to surface heating and cooling. It is observed that a
circulation converging toward the valley persists close to the external slopes in the late afternoon (Figure 4a). This
feature is the remnant of the broader plain-to-mountain, thermally driven circulation induced by daytime heating.
Although local downslope winds in the valley respond quickly to shading and radiative cooling, this larger-scale
inflow component can decay more slowly. This leads to the temporary coexistence of downslope flow close to the
surface and converging circulations near the valley slopes facing the plain, as also highlighted in the idealized
numerical simulations presented in de Wekker et al. (1998) and Schmidli and Rotunno (2010). This behavior is
consistent with the “Alpine pumping” mechanism, well-documented in the literature (e.g., Weissmann
et al., 2005), whereby daytime heating over a mountain chain generates a mesoscale pressure deficit that induces
compensating inflow from the surrounding flat area. This inflow can persist beyond the onset of the local evening
slope-wind transition. At 18:00 UTC, the up-valley wind is still present, but it starts to weaken. It extends up to
2,000 m AGL, following the vertical extension of the well-mixed boundary layer (Figure 3b). In the lowest layers,
a surface inversion is developing.

At 00:00 UTC, shallow down-slope winds converge toward the valley floor, contributing to the growth of the cold
pool (Figure 4a). A weak down-valley wind starts to develop in the lowest atmospheric layers, topped by a re-
sidual up-valley wind above 1,000 m AGL (Figure 4b). The along-valley section (Figure 4c) highlights that the
down-valley wind is mostly developed near the valley exit, driven by lower temperatures in the valley. At 06:00
UTC, the down-valley wind has strengthened, extending to higher levels and toward the inner valley sections
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Figure 4. As Figure 2, but referring to 00:00 UTC.
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Figure 5. As Figure 2, but referring to 06:00 UTC.

(Figures 5b and 5c). Down-slope winds weaken close to the valley floor, where cold air has accumulated
overnight, further stabilizing the lowest valley levels (Figure 5a).

3.2. Ensemble Variability

The variability of the simulation ensemble is evaluated by analyzing the time series of the along-valley (south-
north, v) and cross-valley (west-east, #) wind components, of the TKE and the potential temperature at the lowest
model level, as well as of the surface latent and sensible heat fluxes (Figures 6—11) at four points of the domain
representative respectively of the valley floor, the western valley slope, the western ridge and the plain close to the
valley exit (see Figure 1b). Moreover, for the same four points, the ensemble results are also shown for the vertical
profiles of the horizontal wind components, TKE and potential temperature in the lowest 500 m AGL at the same
four representative time steps analyzed in Section 3.1 (Figures 12—14). Both the time series and the vertical
profiles are spatially averaged over 5 cells along the south-north (y) direction, from 2 cells south to 2 cells north of
the selected point, to obtain more robust results.

Focusing on the ensemble time series (Figures 6-11), it can be seen that the ensemble spread changes not only
with time and location, but also with the variable of interest. These results refer to the simulation ensemble
generated for the vegetation class “mixed-forest,” which exhibits notable variability across different variables.
The “grassland” ensemble (not shown) shows a very similar overall behavior but with considerably less spread,
particularly in TKE and sensible heat flux during daily peaks (12:00 UTC), as well as in potential temperature
throughout the day, especially on the ridge. However, given the strong similarities, the general discussion focuses
on the mixed-forest ensemble, which better highlights the influence of input parameter variability.
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Figure 6. Ensemble time series (gray lines) for the along-valley wind component v at the four points shown in Figure 1b, representative of (a) the valley floor, (b) the
slope, (c) the ridge and (d) the plain. The continuous and dotted red lines indicate, respectively, the ensemble mean and the standard deviation of the ensemble. The red
shaded band denotes *+1¢ around the mean. The box indicates the mean, minimum and maximum standard deviation of the ensemble time series.
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Figure 7. As Figure 6, but for the cross-valley wind component.

The variability of the along-valley wind component (Figure 6) is comparable across the regions, with a general
increase of the spread in the afternoon over the valley, the plain and the slope, and during the night over the ridge.
The spread over the plain is also larger in the early morning, when this location is affected by the northerly wind
exiting from the valley (see Figures 4 and 5). The ensemble spread of the cross-valley wind (Figure 7) shows
similar patterns, with the exception of a significantly lower spread over the valley during nighttime and the plain
during daytime.

The variability of the potential temperature (Figure 8) is in general stronger; it tends to be larger during daytime on
the valley floor, whereas an increase in the ensemble spread is also visible in the early morning in the plain,
coherent with the increase of the variability of the south-north wind component (Figure 6). On the other hand, the
ensemble spread is roughly constant and large throughout the day over the slope and the ridge. The ensemble
spread of the TKE (Figure 9) and the latent and sensible heat fluxes (Figures 10 and 11) show strong differences
between nighttime, when the variability is very low, and daytime, when differences between the ensemble
simulations are considerably larger. This behavior reveals the significant impact of the surface parameters on
daytime turbulence development and surface-atmosphere turbulent exchange, whereas the impact is lower during
nighttime, when the stable stratification dampens turbulence. The TKE shows a peak, with an increase of the
spread, also at 19:00 UTC over the slope, corresponding to the peak of the downslope wind, which causes a
mechanical generation of turbulence.

Considering the vertical profiles of the along-valley wind component, Figure 12 shows that the ensemble spread is
larger in the evening and at night on the valley floor, where the variability tends to increase at higher levels at
18:00 UTC. On the other hand, the variability of the along-valley wind component is significantly lower over the
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Figure 8. As Figure 6, but for the potential temperature.
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Figure 9. As Figure 6, but for the turbulent kinetic energy.

(a)

other regions. Therefore, the variability of v seems to primarily reflect differences in the timing of the evening
transition of the along-valley wind and in the strength of the nocturnal down-valley wind, which result to be
parameter-sensitive. The cross-valley wind component (Figure 13) shows strong variability at 18:00 UTC, that is,
in the first phase of the downslope wind, at all levels over the slope, at higher levels over the ridge, and in the
lowest layers over the valley floor. This likely highlights the impact of the parameters on the timing of the
development of the downslope wind. The enhanced spread at 12:00 and 18:00 UTC in the slope and ridge u
profiles suggests parameter-dependent variations in the elevated cross-valley component associated with the
slope return flow. On the other hand, over the plain, the variability of the cross-valley wind component is
particularly low.

The ensemble spread of the potential temperature is consistently large without a significant height dependence for
all the locations and times considered, with the exception of a lower variability over the ridge at 12:00 UTC
(Figure 14). Finally, the TKE profiles (Figure 15) show a significantly high spread at 12:00 UTC over all the
points and over the entire vertical column, and a generally small spread otherwise, except over the slope, where it
retains a large spread also at 18:00 UTC, again probably due to the impact of the parameter changes on the
development of the downslope wind. In particular, this suggests that the perturbed parameters modulate the
intensity and vertical extent of boundary-layer turbulence during the daytime convective phase, thereby feeding
back on the subsequent transition of the slope cross-valley circulation.

The sensitivity in the timing of the onset and decay of slope and valley circulations observed in this ensemble is
intrinsically linked to the online land—atmosphere coupling. Parameter-induced changes in surface fluxes
modulate boundary-layer stability and development, thereby affecting the intensity of slope and valley winds and
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Figure 10. As Figure 6, but for the latent heat flux.
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Figure 11. As Figure 6, but for the sensible heat flux.

the timing of their transitions. Such feedback mechanisms cannot be captured in offline Noah-MP sensitivity
experiments, where atmospheric circulation is prescribed rather than dynamically simulated. To the best of the
authors' knowledge, existing Noah-MP parameter-sensitivity studies have been conducted exclusively in offline
configurations. The present results therefore provide the first systematic assessment of how land—atmosphere
interactions influence the characteristics of thermally driven circulations in a mountain valley.

3.3. Sensitivity Analysis

This section presents the results of the sensitivity analysis, focusing in particular on the outcomes of the
assessment of the parameter importance for both mixed forest and grassland land cover classifications. The
analysis is divided between nighttime (18:00-05:00) and daytime (06:00-17:00), in order to evaluate possible
differences depending on the phase of the thermally driven circulations. Moreover, as above, the analysis focuses
on the four locations representative of the valley floor, the slope, the ridge and the plain (Figure 1b). To obtain
robust results, also in this case, the analyses are performed by averaging model results along the south-north
direction y over 5 cells. In this section, results from the analyses referring to the lowest vertical level are pre-
sented. The analysis referring to higher levels was also performed, but since the main patterns do not show a
significant variation with height, the figures related to the other vertical levels analyzed are provided in the
supplemental material.

The performance metrics of the surrogate models used in this work are also presented to highlight their ability to
satisfactorily reproduce the input-output relationships of the original model.

3.3.1. Performance Metrics

The performance metrics are reported in Figure 16 for all the points and variables considered. The results refer to
the average of all the surrogate models used. In particular, the metrics (Rz, MSE, and MAE) are estimates of how
well the methods performed during the test phase, that is, when predicting new, unseen data. In order to ensure
comparability, metrics are calculated from standardized, non-dimensional data. (Figure 17).

Cells with red borders indicate cases in which average metrics are not computed due to missing predictions in
several algorithms. To avoid misinterpretation, these cases are automatically set as blank. This applies to the TKE
over the plain and valley at night in both the mixed forest and the grassland ensemble, where the time series values
are mostly zero (not shown), with no variability within the ensemble. Under these conditions, even minimal
deviations between the predicted and observed values result in unreliable metrics (e.g., division by near-zero

variance in the calculation of R?, inflated relative errors in MAE/MSE).

For the majority of the variables and points, the results highlight that R? is greater than 0.85, MSE is lower than
0.3, and MAE is around 0.3-0.4. The algorithms generally display lower performance during nighttime, espe-
cially for variables showing low absolute values and variability, such as the TKE or the cross-valley wind
component over the valley floor. In particular, lower R? values can occur for variables and periods characterized
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Figure 12. Ensemble vertical profiles (gray lines) in the lowest 500 m AGL for the along-valley wind component at the four points shown in Figure 1b representative of
the valley floor (a-(e)-(i)-(m), the slope (b)-(f)-(j)-(n), the ridge (c)-(g)-(k)-(0) and the plain (d)-(h)-(1)-(p) and four different times representative of the daily cycle of
valley and slope winds: 12:00, 18:00, 00:00, and 06:00 UTC. The continuous and dotted red lines indicate respectively the ensemble mean and the standard deviation
of the ensemble. The red shaded band denotes +1¢ around the mean. The box indicates the mean, minimum and maximum standard deviation of the ensemble time

series.

by very small variance (e.g., nighttime u or TKE), where minor surrogate deviations or numerical noise can lead

to a substantial reduction in R? despite the limited physical relevance of those fluctuations.

It is important to stress again that these metrics are not being used here as a physical measure of the model's ability
to predict observations, but rather as an indicator of the surrogate's ability to reproduce the WRF ensemble. The
overall good results suggest that the algorithms are correctly trained and not affected by overfitting. Even when
each algorithm is evaluated separately (not shown), the metrics retain their robustness.
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Figure 13. As Figure 12, but for the cross-valley wind component.

3.3.2. Parameter Importance Analysis

Similar to the performance metrics shown in the previous section, the analysis of the parameter importance
presented here refers to the average values of all the methods, in order to obtain an ensemble result that is robust to
individual method variations. Nevertheless, a prior evaluation of the parameter importance (not shown) high-
lighted very high consistency across methods.

It is important to emphasize the relative nature of the parameter importance analysis; each regression is run at a
specific time and location with no information about other times and locations. Therefore, comparisons between
different columns of the heatmaps presented in Figures 18-21 do not reflect absolute importance but should be
understood in terms of the relative impact of the parameters. On the other hand, the importance of a particular
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Figure 14. As Figure 12, but for the potential temperature.

parameter can be compared with the importance of the other parameters in the same column of the heatmap (same
variable-location pair), to evaluate which parameters mostly affect the variable under investigation in that
particular location.

To facilitate the heatmap visibility, a filter has been applied such that any parameter importance less than 0.05 has
been set to white in the colormap, highlighting the most influential parameters. Moreover, values with a red font
indicate the importance estimates associated with R> < 0.6, emphasizing values for which the model is less
reliable. Variables falling below this threshold are u over the plain for grassland during daytime, « over the valley
floor for both grassland and mixed forest during nighttime, and TKE over both the plain and the valley floor for
grassland during nighttime. These variables present very low values with nearly absent variability within the
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Figure 15. As Figure 12, but for the turbulent kinetic energy.

ensemble (not shown for grassland; see Figures 7 and 9 for mixed forest), suggesting that the underlying patterns
are more easily covered by statistical noise, which limits the interpretability of the models. This behavior is
consistent with the fact that these variable-region pairs in the above-mentioned time windows are only weakly
involved in the valley circulation dynamics, leading to weakly correlated patterns in the time series.

When the parameters are ranked by their importance across regions and variables, a clear hierarchy emerges. For
the mixed forest ensemble, the highest importance values are displayed by RS for most of the variables and
locations, with consistently high importance both during daytime and nighttime. The importance is particularly
high for heat fluxes and potential temperature. Given the parameterization of Ry, reported in Equation 12, it
was expected that RS would have been the most important parameter within the stomata-related group, as it
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Figure 16. Performance metrics for mixed forest land cover averaged over all the algorithms used in the present study for each variable and point analyzed at the first
vertical level. The heatmaps show MAE, MSE, R?, and p-value for daytime (left, 06:00—17:00) and nighttime (right, 18:00-05:00). The red boxes highlight values that
were not computed due to missing predictions.

directly controls transpiration rates. Ultimately, RS strongly influences latent heat flux by modulating transpi-
ration, which in turn indirectly affects temperature. In contrast, RS shows weak or negligible importance for the
same variable-location pairs in the grassland ensemble, as indicated by the corresponding heatmaps (Figures 20
and 21). This suggests that stomatal control contributes less to the variance of the latent heat flux over grassland
than over mixed forest under the present setup and within the tested perturbation ranges.

HVT consistently ranks as one of the most influential parameters for the mixed forest ensemble, showing strong
effects on all variables and regions. This result aligns with expectations, as HVT is a crucial parameter for canopy
forests, affecting radiation trapping and heat retention, which are more pronounced for taller canopies. Addi-
tionally, HVT strongly affects leaf boundary resistance, making it a key factor in both sensible and latent heat flux
conductances (Equations 18 and 19). However, an important distinction between sensible and latent heat con-
ductances is the presence of Ry, 10 the latent heat conductance, which explains the greater importance of RS
for the latent heat flux. Unlike the mixed forest case, HVT is found to be not influential for the grassland ensemble,
where the absence of tall, structured canopies reduces its role in governing heat and radiation exchange processes.
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Figure 17. As Figure 16, but for grassland land cover.

Considering the other parameters related to stomatal resistance (Equations 9—12), RGL and RSMAX display
negligible importance for both mixed forest and grassland. HS, which represents the weight that vapor saturation
has over stomatal resistance, also exhibits negligible importance for both mixed forest and grassland ensembles.
TOPT shows very strong importance for mixed forest, especially for heat fluxes. On the other hand, it is observed
to be negligible for grassland.

For the mixed forest ensemble, when considering radiation-related processes, the only influential parameter turns
out to be the near-infrared reflectivity RHOL_NIR, which shows a significant influence both during daytime and
nighttime, especially on potential temperature. This parameter is also important for the grassland ensemble,
further highlighting its role in modulating energy exchanges through radiative effects. The presence of the near-
infrared reflectivity as one of the most influential parameters highlights the important role of radiation inside the
canopy in modulating the surface energy budget and thus the heating-cooling of the near-surface atmospheric
layers.

On the other hand, leaf transmissivities, both in the near-infrared and in the visible (TAUL_NIR and TAUL_VIS)
are observed to be always non-influential parameters for both mixed forest and grassland, as well as stem
transmissivities TAUS_NIR and TAUS_VIS for grassland.
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Figure 18. Parameter importance during daytime (06:00-17:00 UTC) for mixed forest land cover computed for the first model level as an average of all the algorithms
used in the present study. Values with a red font indicate importance estimates associated with R?> < 0.6.

For the mixed forest ensemble, LA/ overall displays significant importance for most variables, particularly TKE
during daytime and latent and sensible heat fluxes at night. It is important to note that this result applies to a 20%
perturbation of LA/, whereas across the Noah-MP Modis-based vegetation classes, this parameter varies by more
than 100%, potentially leading to a significantly greater impact on simulation outputs. On the other hand, SA7 is
consistently observed as a non-influential parameter in the mixed forest case. Given that the range of variation of
SAI is significantly lower than that of LAJ, it was expected that, despite playing a similar role in the Noah-MP
code, it would have had a much smaller influence. In contrast, for the grassland ensemble, LAl emerges as the
most important parameter overall, with SA/ ranking as the second most influential. This difference can be
attributed to the fact that SA/ values in grassland are more comparable to LA/, unlike in forests, where the disparity
between the two parameters is much larger. ZOM VT appears as an important parameter for TKE, especially during
daytime. It also displays significant importance for the wind components.

Finally, some parameters exhibit transient importance throughout the day in some of the ML methods used. This
does not appear in this analysis due to the time windows adopted and the averages across different methods.
However, here we decided to focus on the parameters that demonstrated persistently higher importance, as these
represent the main results that are both consistent across methods and stable over time.

The results obtained in this work share some similarities with findings from other literature studies in which the
sensitivity to Noah-MP parameters was tested with offline simulations. In accordance with our results, Cuntz
et al. (2016) also showed that HVT displayed consistently high importance for the latent heat flux in mixed forest
due to its impact on canopy interception and sub-canopy radiation, while almost no sensitivity was found for
grassland. Their results also confirm LA/ as a dominant driver for transpiration across both vegetation types.
RHOL_NIR was found to be relevant mainly for transpiration in grassland, but not in forests, mirroring our results
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Figure 19. As in Figure 18, but during nighttime (18:00-05:00 UTC).

that show RHOL_NIR as significant in some locations and for some variables. Arsenault et al. (2018) also
identified LAl and SAI as substantially affecting the surface energy balance across multiple sites due to their role
in determining the total available energy at the surface. They also highlighted the significant importance of the
roughness length ZOMVT in both grassland and forested sites considering the surface energy fluxes, and in
particular that ZOMVT and HVT both displayed a relevant influence over a mixed deciduous forest site.
Furthermore, they observed the relevant sensitivity of the sensible heat flux to RHOL_NIR and of the latent heat
flux to TOPT.

4. Conclusions

This study presented a detailed investigation of the importance of LSM parameters in coupled land-atmosphere
simulations over complex terrain, with a focus on thermally driven circulations in an idealized valley. Recog-
nizing that LSMs are a significant source of uncertainties in NWP modeling, the study investigated how the
uncertainty in the representation of LSM parameters can affect atmospheric processes in the planetary boundary
layer, highlighting the challenges posed by spatial and temporal heterogeneity of surface conditions in moun-
tainous areas. We integrated a variance-based approach within a data-driven modeling framework, using the
Sobol method enhanced by machine learning algorithms to determine parameter significance. This approach
allowed a fast evaluation of parameter effects on model outputs, taking into account non-linear relationships and
interactions.

To the best of the authors' knowledge, this is the first study to combine ML-based surrogate modeling and
variance-based GSA to rank Noah-MP vegetation parameters within a fully coupled WRF configuration targeting
thermally driven valley circulations. In contrast to previous sensitivity studies based on offline Noah-MP ex-
periments, the present framework explicitly represents land-atmosphere feedbacks governing the development of
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Figure 20. Parameter importance during daytime (06:00—17:00 UTC) for grassland land cover computed for the first model level as an average of all the algorithms used
in the present study. Values with a red font indicate importance estimates associated with B> < 0.6.

along- and cross-valley circulations. The coupled configuration highlights that parameter uncertainty propagates
beyond surface fluxes, also influencing the intensity of slope and valley circulations and the timing of their
transitions. These effects cannot be represented in offline Noah-MP sensitivity experiments.

The analysis revealed that canopy height (HVT), LAI optimal temperature (TOPT), stomatal resistance (RS), and
near-infrared leaf reflectivity (RHOL_NIR) are critical parameters for atmospheric processes in the mountain
valley with mixed forests, with RS being the most influential overall. Momentum roughness length (ZOMVT) is
shown to be strongly influential for wind and TKE. For atmospheric processes in the mountain valley with
grassland, LAl and SAI are the dominant parameters, with RHOL_NIR ranking third overall. ZOMVT has a much
stronger influence during daytime compared to nighttime.

The results obtained in this work highlighted which LSM parameters have the greatest impact on model results,
identifying those whose quantification should be treated with the most care for correctly representing surface-
atmosphere exchange processes in mesoscale meteorological models. The comparative analysis between
mixed forest and grassland ensembles revealed that results can be different depending on surface characteristics,
suggesting that the analysis should be enlarged to other land cover types to obtain more general results. Moreover,
it should be remembered that parameter importance is not absolute but rather context-dependent, potentially being
influenced by several factors, and in particular by the physical processes that mostly affect surface-atmosphere
exchange in different conditions. It is also important to highlight that these results are also constrained by how
processes are parameterized within Noah-MP and thus findings might be different when using different LSMs.

Moreover, the sensitivity rankings reported here are expected to be most directly applicable to thermally driven
valley circulations under clear-sky conditions and weak synoptic forcing, consistent with the idealized design

DI SANTO ET AL.

27 of 31

d 6 “970T “9668691T

sdny woxy papeoy

9SULOI'T suowto)) dANeaI) a[qeorjdde oy Aq pauIdA0S oIk SI[ONIE V() (AN JO I[N 10J AIRIQIT SUI[U(Q) AJ[IA\ UO (SUONIPUOD-PUB-SULID) W0 KI[IM ATRIQIUI[UO//:sd)N) SUONIPUO)) Pue SWD T, 91 39S *[9707/50/€0] U0 A1e1qi suruQ) AS[IA “BLISNYAURIYI0)) AQ 0FSSHOATSTOT/6T0T 0 1/10p/wod Ad]im Areiqrjoutjuo sqnd



A7 |

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres

10.1029/2025JD045540

Night Mean Values (region-first columns)

CWPVT - 00 [29) (09) () [000) (200) (80 (0:00) (050) (500 (83) (0:00) (000) (60 (500) [000) (500) (50) (000) (000) (00 () (000) (050
DLEAF - (600 (£5) (600) (€57 (600) (560) (600 (600 (6:0) (6:00) (00) (0:0) (0:00) (0:00) (600) (650) (500) (600) (500) (560) (60 () (@00) (6]
HS - [000) (T9) [000) (200 (o200) (8200 (00 (009) (0:0) (0:00) [0:0) [0:00) (600) (600) (600) (600) (00) (600 (00 (0:0) (000) (000) (000) (009 030
HVT -[000) [0:0) (000) (260) (000) (600) (600) (60 (60 (0] (00) (6:00) (0:0) [0:00) [0:00) (000) (600) (600) (600) (600) 600) () (68) (03]
L e e e e e e e N B = R ER S R ER B ) e IS
RC - £09) (%) (600 (700) (0:00) (0:00) (0:00) (6:00) (000) (00) (00 (200 (60 (60 (500 (60 (6:00) (000) (600) (000) (600) (500 (600) (600 028
RGL -5 (00 (550) () (60) (000) (500) (&) (00) (500) (500) (5) (600) (500) () (50) (000) (500) () (000) (500) (507 (658) (0
RHOL_NIR -G8 (57 [633] (%) (e08) (8] (&) (6:) [6:10) 5:08) (6:08) (6:08) [0:07) (009) (609) (608) (608) (o00) (608) 67 [E4) () @00 600
RHOL_VIS -(5:09) (709 [0:00) (2:60) (000) (o00) (600) (500) 600) 00 (60 (0:00) (600) (0:00) [0:00) [0:00) (000) (600) (600) (600) (6:00) (i) (8) (0] -
& RHOS_NIR - 0] (77 (5] () (609 (00) (0:00) (6:00) (000) (600) (B00) (600) (600) (00) (6:00) (600 (600 (608 (600 (000) [008) (000) (600) (609)
£ RHOS_VIS -560 (00 @00) (29 (000) 050) 0:60) (609) (69) (00 (000 (000) 000) 090) (5:0) (600 (600 000) 050) 000) 69) (£9) (000 (600
5 RS -(E09) (0% (600 (50) (60) (6:00) (6:00) (600) (600) (600) (00) (200 (6 (60 (600 (60 (6:0) (600) (600) (609) (600) (500 (600) (500 §i
RSMAX -[500) 009 (09 (050 (009) (600) (605) (00 (67 (60 (600 (500 (6:08) [0:08) (0:08) (009 (000) (600) (607) (600) (500) (€00 600 60

S ) o ) ) T D ) e e e ) s e

a

TAUL_NIR -[0:00) [0:00) ([0:09) (0:00) (6:00) (0:00) (0:09) [0:69) (0:69] (0:00] (0:69) [0:00] (2:00] (2:00] (900 (B-00] (200 (2:06) (2-00] (800 (800 (£.00) (2-00] (0-09)

- 0.10

TAUL_VIS - 689 [0 (650 (757 (500) (500) (500) (6 (60 (600 (600) (000) (600) [6:00) (000) (000) (600) (600) (500) (500) (60) () (600 (600)
TAUS_NIR - 500 [0 (600 (00) (600) (600) (500 (600 (60 (600 (600 (6:0) (600) (600) (0:00) (0:00) (000) (600) (600) (500) (600 (0 (600 (600
TAUS_VIS - 59 (500 (500 (-00) (000 (600 [0:0) (0:00) (600) (600) (600) (500) (60 (60 (6:0) (600 (600 [00) (0:09) (009) [609) (050 (600) (600
TOPT - @29) (%) (050) (257 (5) (609 (000) (00 (0:9) (600) (009) 80 (009] (260) (600) (0:0) (000] (000) 6209 (0:00) (000) (£00) 89) (000

XL -0 [0 (000 (200 (500 (00) (|00 (60 (60 (60 (60 (600) (600) (000) (000) (000) (000 (600) (600) (00) (600) () (600) (600)

ZOMVT -[0.97) [0:07] (0:59) (@59

valley-V

valley-U

valley-T

valley-TKE

- 0.05

-HFX - |3

(050 (650) [000) (600) (600) (600) (600) (600) (6°00) (6200 (60 (6.0 (000 (000) (600) (7o) (000 [B59)

g -0.00
>

valley-LH -
slope-V
slope-U
slope-T
slope-TKE
slope-LH
slope-HFX
ridge-V -
ridge-U -
ridge-T
ridge-TKE
ridge-LH -
ridge-HFX
plain-V
plain-U
plain-T
plain-TKE -
plain-LH
plain-HF

valley

Region - Variable

Figure 21. As in Figure 20, but during nighttime (18:00-05:00 UTC).

adopted in this study. While this controlled configuration allowed a clear identification of parameter effects, it
also constrains the range of interacting processes represented. Under conditions characterized by cloud cover or
stronger background winds, additional physical mechanisms and nonlinear feedbacks may become important,
potentially altering the relative importance of individual parameters.

This complexity highlights the need for tailored investigations and reinforces the value of using GSA as a
diagnostic tool for each specific case study. The proposed sensitivity analysis framework based on fast surrogate
models provides an effective tool for this task, allowing for the application of GSA to the output of complex and
computationally demanding meteorological models. Similarly, the same approach could also be used for the
optimization of parameter values, potentially leading to significant benefits to the overall quality of meteoro-
logical simulations, considering in particular atmospheric boundary layer processes.

Beyond its physical findings, this study provides a methodological contribution aimed at making variance-based
GSA computationally feasible for highly nonlinear models. Here the approach is demonstrated for an online-
coupled NWP-LSM system in an idealized complex terrain configuration. By combining ML-based surrogate
emulation with Sobol variance decomposition, the framework enables the large number of model evaluations
required by Sobol analysis without incurring the prohibitive computational cost of executing the full high-fidelity
model for each realization. The use of a multi-algorithm surrogate ensemble further increases the robustness of the
inferred sensitivity rankings by reducing reliance on any single regression model and by identifying importance
patterns that are consistent across methods and regimes. To the best of the authors' knowledge, this represents the
first application in which Sobol-type variance decomposition is rendered computationally practical for a sensi-
tivity analysis with a NWP model, avoiding approximately 4 x 10* high-fidelity simulations compared to a direct
high-fidelity Sobol implementation.
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The objective of this work was not to optimize parameters, but to quantify the relative influence of uncertain
vegetation parameters on simulated atmospheric processes. As the present experiment is idealized and does not
rely on an observational benchmark, it is not possible to evaluate the accuracy improvement associated with
parameter tuning. Instead, the sensitivity values reported in the heatmaps quantify each parameter's contribution
to the output variance within the tested uncertainty ranges. This provides guidance on which parameters to
prioritize for future measurements and calibration efforts in real-world applications.

The ML-AMPSIT framework, originally introduced in Di Santo et al. (2025), and applied here for the first time in
a complex terrain configuration, thus provides a transferable diagnostic workflow that can be readily extendable
to other land-cover types, meteorological regimes, and progressively more realistic setups. By enabling
computationally feasible sensitivity assessments with complex models, ML-AMPSIT offers a flexible tool for
systematically investigating how parameter uncertainty affects simulation results across different configurations.
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