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Abstract

This study develops and evaluates a neural-network-based surrogate model for the Holtslag—Boville (HB)
planetary boundary-layer turbulence parameterization implemented in BAM-1D, the one-dimensional
version of the Brazilian Global Atmospheric Model. Rather than inferring turbulence directly from
observations, the proposed approach emulates the nonlinear input—output relationships produced by the
original HB scheme. A Multi-Layer Perceptron neural network (MLP-NN) was trained using approximately
174,000 atmospheric profiles (4.88 million vertical-level samples) from two years of BAM-1D simulations.
The dataset represents the complete 28-level atmospheric column sampled every 6 min, while an
independent 48-day dataset spanning different seasons was reserved for evaluation. Four independent MLP-
NN models were trained to emulate the principal turbulence-related quantities generated by the HB scheme.
Although counter-gradient terms showed lower coefficients of determination because of their smaller
magnitudes and higher variability, their absolute errors and biases remained low. Online BAM-1D
experiments demonstrated that replacing the HB parameterization preserved the temporal evolution of
temperature, wind, and precipitation without numerical instabilities. Although the original HB scheme
remains faster in the one-dimensional configuration, neural-network inference is well suited for future
vectorized and parallel implementations. These results demonstrate that MLP-based surrogate modeling
reproduces a physically consistent turbulence closure with high fidelity and numerical stability, providing

a promising pathway toward hybrid physics—machine-learning parameterizations.

Suggested keywords: planetary boundary layer; turbulence parameterization; surrogate modeling; neural

network; BAM-1D; Holtslag—Boville scheme.
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1. Introduction

Numerical Weather Prediction (NWP) models simulate atmospheric dynamics by solving the Navier—
Stokes equations while representing unresolved subgrid-scale processes through physical parameterizations
(Kalnay, 2003). Among these processes, turbulence is particularly important because it cannot be explicitly
resolved at typical model grid resolutions and therefore must be parameterized (Kalnay 2003; Stensrud
2007). Turbulence is a persistent and fundamental feature of the Planetary Boundary Layer (PBL), the
lowest part of the atmosphere, whose depth and structure respond rapidly to surface heating, radiative

cooling, wind shear, buoyancy, and atmospheric stability (Stull 1988; Garratt 1994).

Turbulent mixing within the PBL is a primary mechanism controlling the exchange of momentum, heat,
moisture, and atmospheric constituents between the Earth's surface and the free atmosphere. These
exchanges regulate near-surface temperature, humidity, wind, cloud formation, and pollutant dispersion,
making an accurate representation of turbulence essential for numerical weather prediction and climate
models (Stull 1988; Garratt 1994; Arya 2001). Turbulent mixing is driven by surface heat fluxes associated
with daytime heating and nocturnal cooling. At night, rapid surface cooling suppresses turbulent kinetic
energy, producing a stable boundary layer, whereas daytime surface heating enhances buoyancy-driven
turbulence, promoting vigorous vertical mixing and the development of a convective boundary layer (Stull

1988).

The stability of the PBL is commonly diagnosed using the gradient Richardson number, which quantifies
the balance between buoyancy and wind shear. Another widely used stability metric is the Monin—Obukhov
length, which characterizes the relative importance of mechanical and buoyancy production of turbulence
(Monin and Obukhov 1954; Stull 1988). In Reynolds-averaged atmospheric models, turbulent motions are
represented by decomposing the flow into mean and fluctuating components. The resulting turbulent fluxes
cannot be resolved explicitly and therefore require closure assumptions, forming the basis of most

turbulence parameterizations (Reynolds 1895; Mellor and Yamada, 1982; Holtslag and Boville 1993).

A variety of turbulence parameterization approaches have been developed using different closure methods

(Stull 1988; Campos Velho 2010). These approaches range from first-order schemes (e.g., Degrazia et al.
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2000; Holtslag and Boville 1993), which relate turbulent fluxes directly to gradients of mean fluid
quantities, to more complex higher-order closures (e.g., Mellor and Yamada 1982), where higher-order
turbulent fluxes are parameterized. Among the first-order closure schemes implemented in BAM (The
Brazilian Global Atmospheric Model), the Holtslag and Boville (HB) parameterization is used to represent
turbulent transport within the PBL. BAM is a three-dimensional atmospheric model developed at the
Brazilian National Institute for Space Research (INPE) for numerical weather prediction and climate

applications (Figueroa et al. 2016).

Despite their usefulness and long operational history, standard (physics-based or fitting-curve) turbulence
parameterizations have limitations, especially in regimes involving strong stability, rapid transitions, or
nonlocal mixing (Stull 1988; Holtslag and Boville 1993; Mellor and Yamada 1982). These challenges have
motivated the development of hybrid or data-driven methods that exploit high-resolution simulations (e.g.,

LES, DNS) and advances in machine learning (ML).

In recent years, machine learning (ML) has emerged as a promising approach for representing unresolved
atmospheric processes in numerical weather prediction and climate models. Early studies demonstrated the
potential of data-driven methods for atmospheric modeling and physical parameterizations (Dueben and
Bauer 2018; Scher 2018; Rasp et al. 2018), while subsequent investigations showed that neural-network
emulators can be successfully integrated into prognostic atmospheric models without compromising

numerical stability (Brenowitz and Bretherton 2018; Schultz et al. 2021).

More recently, the rapid development of data-driven weather prediction systems, including GraphCast
(Lam et al. 2023), NeuralGCM (Kochkov et al. 2024), and the Anemoi framework (Dramsch et al. 2024),
has demonstrated that machine learning can accurately reproduce large-scale atmospheric dynamics and
provide skillful medium-range weather forecasts. These developments highlight the increasing maturity of
artificial intelligence techniques for Earth-system modeling and support the transition from purely research-
oriented applications toward operational machine-learning forecasting systems that complement traditional

physics-based numerical models.

In parallel, ML techniques have also been applied to emulate specific physical parameterizations, including
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planetary boundary-layer turbulence, turbulent fluxes, vertical diffusivities, and planetary boundary-layer
height (Yuval et al. 2021; Canché-Cab et al. 2024; Pereira Neto et al. 2026; Stapleton et al. 2025). Together,
these studies demonstrate the potential of ML to reproduce complex turbulence processes and support the

development of hybrid atmospheric models.

Motivated by these advances, the objective of this study is to develop, implement, and evaluate a machine-
learning-based surrogate model for the HB planetary boundary layer turbulence parameterization in BAM-
1D. A Multi-Layer Perceptron neural network (MLP-NN) is trained to emulate the nonlinear input—output
relationships of the original HB scheme implemented in BAM-1D, the one-dimensional column version of
the Brazilian Global Atmospheric Model (BAM) (Figueroa et al. 2016). Rather than predicting turbulence
directly from observations, the proposed model learns the nonlinear relationships between atmospheric state

variables and the turbulence quantities produced by the original parameterization.

The proposed methodology is evaluated through comparisons of turbulent diffusivities, counter-gradient
terms, vertical profiles, temporal evolution of prognostic variables, and computational performance,
allowing assessment of both the accuracy and numerical stability of the neural-network emulator during

online integration into BAM-1D.

The remainder of this paper is organized as follows. Section 2 describes the materials and methods,
including the BAM-1D model, the GoAmazon 2014/15 dataset, the neural-network architecture, and the
proposed machine-learning methodology. Section 3 presents the results of the offline and online evaluations
of the neural-network emulator. Section 4 discusses the main findings, their implications, and the
limitations of the proposed approach and Finally, summarizes the main conclusions and outlines directions

for future research.

2. Material and Methods

2.1. Dataset and Study Area
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The atmospheric dataset used in this study was obtained from the GoAmazon 2014/15 experiment,
conducted at Fazenda Exata near Manacapuru, Amazonas, Brazil (03°12'36" S, 60°36'00” W; 60 m above
sea level), approximately 66 km west of Manaus (Martin et al. 2016), as shown in Figure 1. The site is in
central Amazonia, one of the most active convective regions in the tropics, where strong land—atmosphere

interactions and intense boundary-layer processes play a central role in atmospheric variability.

Central Amazonia has a humid tropical climate, with annual precipitation exceeding 2,300 mm and a
marked seasonal rainfall cycle associated with the South American monsoon system (Marengo et al. 2001;
Fisch et al. 2004). These seasonal variations encompass highly convective wet-season conditions and
comparatively more stable dry-season regimes (Zhuang et al. 2017), providing a broad range of atmospheric

states for evaluating turbulence parameterizations.
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Fig 1. Map of the location of the Exata farm (Municipality of Manacapuru-AM).

The GoAmazon campaign was conducted within the Atmospheric Radiation Measurement (ARM) program
and provided thermodynamic profiles, surface meteorological observations, surface energy fluxes, cloud
measurements, and information on boundary-layer evolution (Mather and Voyles, 2013; Martin et al.,

2017). In this study, the observations were not used directly as neural-network targets. Instead, they
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supplied the initial conditions and large-scale forcing required by BAM-1D. The resulting BAM-1D
simulations, performed with the original HB turbulence scheme, were subsequently used to construct the

machine-learning dataset.

2.2. BAM-1D Atmospheric Model

The numerical experiments were conducted using BAM-1D, a one-dimensional column version of the
Brazilian Global Atmospheric Model (BAM), which simulates the vertical evolution of the atmosphere at
a fixed horizontal location while retaining the physical parameterizations and numerical integration
framework of the full three-dimensional model (Figueroa et al. 2016). This configuration provides a
controlled framework for evaluating individual physical parameterizations by isolating local atmospheric

responses.

For the present experiments, BAM-1D was initialized and forced using observational data collected during
the GoAmazon 2014/15 campaign. The initial atmospheric state consisted of vertical profiles of
temperature, specific humidity, and zonal and meridional wind components, while the large-scale forcing
included tendencies of temperature, moisture, vertical velocity, and horizontal wind. The principal physical

parameterizations adopted in the simulations are summarized in Table 1.

Table 1. Physical parameterizations used in the BAM-1D simulations.

Physical Process Reference
Surface process Mellor Yamada (1982)
Planetary boundary layer Holtslag Boville (1993)
Deep convection Grell and Dévényi (2002)
Shallow convection Tiedtke (1989)
Long and shortwave radiation RRTMG; Tacomo et al. (2008)

Surface turbulent fluxes are represented with the Mellor—Yamada formulation, together with Monin—
Obukhov similarity relationships for near-surface exchange. The PBL is represented by the HB scheme, a

first-order K-theory closure that uses stability-dependent eddy diffusivities for momentum and heat,



207
208
209
210
211
212
213
214
215
216
217
218
219

220

221
222

223
224
225
226

227

includes nonlocal counter-gradient transport under convective conditions, diagnoses PBL height using a
bulk Richardson-number criterion, and applies background free-tropospheric diffusion. The HB scheme
constitutes the reference parameterization emulated and evaluated throughout this study. Deep convection
follows the Grell and Dévényi (2002) ensemble formulation, shallow convection follows the Tiedtke (1989)

mass-flux scheme, and radiative transfer is represented by RRTMG (Iacono et al. 2008).

2.3. Generation of the Machine-Learning Dataset

BAM-1D simulations covering 2014-2015 were first performed using the original HB turbulence
parameterization. At each model time step and vertical level, atmospheric predictors available within BAM-
1D and the turbulence-related quantities produced by the HB scheme were stored. The machine-learning
task therefore consisted of reproducing the nonlinear input—output relationships of the HB scheme rather

than inferring turbulence directly from observations. The complete workflow is in Figure 2.

Evaluation and analysis of results
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Fig 2. Schematic workflow of the proposed methodology, from GoAmazon-based BAM-1D simulations to

MLP-NN training and fully prognostic online evaluation.

Four independent neural networks were trained, one for each target quantity: momentum diffusivity (kvm,

m? s'), heat diffusivity (kvh, m? s™'), the momentum counter-gradient transport term (cgs, cg/flux), and the

heat counter-gradient transport term (cgh, K m™).
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2.4. Neural-Network Architecture

The surrogate model is a feed-forward Multi-Layer Perceptron neural network (MLP-NN) with 15 input
neurons, one hidden layer containing 10 neurons, and one output neuron (Figure 3). Sigmoid activation
functions were used in both the hidden and output layers. Separate networks with the same general

architecture were trained for kvm, kvh, cgs, and cgh.

The network architecture was selected through a series of exploratory experiments in which the number of
hidden neurons, learning rate, momentum coefficient, activation function, and stopping criteria were
systematically varied. Architectures with fewer hidden neurons exhibited reduced predictive accuracy,
whereas larger networks produced only marginal improvements while increasing computational cost and
the risk of overfitting. Among the tested configurations, a single hidden layer with 10 neurons provided the
best compromise between accuracy, computational efficiency, and generalization performance on the

independent validation dataset.

Input Layer Hidden Layer Output Layer

psomc
pmid
kvf
taux

tauy
shflx
tsk
gsfc
pblh
previous_TS_targets

turbulence
(kvm, kvh, cgs, cgh)

Fig 3. Neural-network architecture was adopted in this study. MLP-NN architecture with a single hidden

layer composed of 10 neurons. Adapted from Haykin (2009).

2.5. Predictor and Target Variables

The atmospheric predictors were selected because they represent the principal thermodynamic, dynamic,

and surface controls on boundary-layer turbulence and are directly available within BAM-1D. Fourteen
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atmospheric predictors were combined with one recursive predictor: the corresponding target quantity
estimated at the previous model time step. This recursive input provides temporal memory and supports a

smoother evolution of the predicted turbulence quantities during online integration.

Table 2 — Variables used as inputs for neural-network training and their corresponding quantities in the HB

turbulence parameterization.

Name variable BAM Name variables BAM
Potential temperature th Surface u stress taux
Height above surface z Surface y stress tauy

Zonal wind Component u Surface temperature tsk
Meridional wind Component v Surface specific Humidity gsfc

Temperature (t - used for density) t Pressure psomc
Midpoint pressures pmid | Free atmospheric eddy diffusivity kvf
Surface heat flux shflx Boundary-Layer height pblh

For each network, the fifteenth input was the previous-time-step value of the corresponding target variable.
Thus, the complete input vector comprised 14 atmospheric predictors plus one recursive target predictor.
The use of a recursive predictor is central to the online configuration because it allows the emulator to

represent temporal persistence while remaining coupled to the evolving BAM-1D atmospheric state.

2.6. Neural-Network Development in GNU/Octave

GNU/Octave was used as the computational environment for neural-network implementation and model
development. Although the original MLP software package includes the Multi-Particle Collision Algorithm
(MPCA) as an optimization procedure for neural-network hyperparameters (Luz et al. 2008; Anochi and
Campos Velho 2014; Anochi et al. 2015; Torres et al. 2015), only the standalone MLP module was
employed in this study. The network architecture and training hyperparameters were determined through

exploratory experiments in GNU/Octave by testing different learning rates, momentum coefficients,

10
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numbers of hidden neurons, activation functions, and stopping criteria. The detailed results of these tuning

experiments are omitted because they are beyond the scope of this work.

2.7. Dataset Preparation and Training Strategy

All BAM-1D simulations performed between January 2014 and December 2015 were combined to
construct the machine-learning dataset. The model employs the complete atmospheric column composed
of 28 vertical levels with a temporal resolution of 6 min. After merging the simulations, the resulting
database contained 4,878,776 vertical-level samples, corresponding to approximately 174,242 atmospheric
profiles. To ensure temporal independence between model development and evaluation, the last two days
of each month were excluded from the development dataset and reserved exclusively for independent
testing. Consequently, 4,569,656 samples were used for model development, whereas 309,120 samples (48

independent days) were retained for testing.

Because turbulent mixing is physically restricted to the PBL, only samples satisfying z < PBLH were
retained for network training. This filtering step removed atmospheric levels above the diagnosed PBL,
reducing the training dataset while preserving only the physically relevant samples used to emulate the

Holtslag—Boville parameterization.

Preliminary training experiments using only the original filtered dataset resulted in unsatisfactory predictive
performance, indicating that the available training samples did not provide sufficient variability for the
MLP-NN to accurately learn the nonlinear relationships associated with the HB parameterization. To
improve network generalization and training stability, a data augmentation strategy was therefore applied
to the filtered dataset by generating five additional realizations using additive Gaussian noise with a relative
amplitude of 2% of the standard deviation of each predictor variable. A fixed random seed (42) was adopted
to ensure reproducibility. This procedure increased the diversity of the training samples while preserving

their physical characteristics, resulting in a final training dataset containing 3,428,076 samples.

The development dataset was subsequently divided into 70% for training and 30% for validation. Predictors

and target variables were normalized to the [0, 1]interval using min—max scaling. Network training was

11
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performed in GNU/Octave using the backpropagation algorithm with a learning rate of 0.3, a momentum
coefficient of 0.2, and a maximum of 5,000 epochs. Separate neural networks were trained for each target
variable (kypm, Ky, Cgs, and cgp,). The final architecture, consisting of 15 input neurons, one hidden layer
with 10 neurons, and one output neuron, was selected as a compromise between predictive accuracy,
numerical robustness, and computational efficiency. The independent test dataset was not used during
architecture selection, hyperparameter tuning, or validation. After training, the optimized weights and

biases were exported and integrated into the BAM-1D Fortran implementation.

2.8. Online Integration into BAM-1D

After training, the optimized weights and biases were exported from GNU Octave and implemented in a
dedicated Fortran routine within the BAM-1D turbulence module. During model integration, BAM-1D
supplies the current atmospheric predictors and the previous-time-step turbulence estimate to the relevant
network, which returns the turbulence quantity required by the prognostic equations. The four neural
networks therefore replace the corresponding HB calculations for kvm, kvh, cgs, and cgh while preserving

the remaining model structure and time-integration procedure.

The evaluation was conducted through fully prognostic online simulations rather than solely through
standalone offline predictions. This configuration allows the emulator outputs to interact continuously with
the atmospheric state and enables direct assessment of accumulated feedback, temporal consistency, and

numerical stability (Brenowitz and Bretherton 2018; Yuval et al. 2021).

The experiments were designed to assess three complementary aspects: (i) the fidelity with which the
emulator reproduces HB-generated turbulence quantities, (ii) the preservation of numerical stability
throughout model integration, and (iii) the influence of the surrogate parameterization on the temporal
evolution of temperature, wind components, and precipitation. This framework enables a consistent

evaluation of accuracy, computational performance, and online dynamical compatibility within BAM-1D.

3. Results

12
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3.1. Turbulence-Profile Emulation Performance

The turbulence variables generated by the HB scheme were initially evaluated through direct comparisons
of vertical profiles. The analysis focused on the four variables predicted by the surrogate model: momentum
diffusivity (kvm), heat diffusivity (kvh), momentum counter-gradient transport (cgs), and heat counter-
gradient transport (cgh). Representative periods of the diurnal cycle (10, 13, 17, and 21 UTC) were analyzed
to evaluate model performance under stable nocturnal, convective daytime, and transition boundary-layer

conditions.

Several independent testing days covering different atmospheric and seasonal conditions were analyzed
during the evaluation phase. Since all cases exhibited similar behavior, only the results for 28 February
2015 are presented here as a representative example of the emulator performance. The remaining cases
showed the same overall agreement between the neural-network emulator and the original Holtslag—Boville
(HB) parameterization, indicating that the proposed methodology is robust under different atmospheric

conditions.

Figure 4 compares the vertical profiles of momentum diffusivity (kvm) and heat diffusivity (kvk) generated
by the original HB scheme and by the neural-network emulator (MLP). Overall, the emulator accurately
reproduced both the magnitude and the vertical structure of the turbulent diffusivity fields throughout the

analyzed diurnal cycle.

During stable nocturnal periods, both approaches generated the expected weak-mixing profiles
characterized by low diffusivity values. Small localized differences were observed near the surface, where
turbulence is highly sensitive to local gradients and atmospheric stability. Nevertheless, the overall vertical

structure remained highly consistent between the two methods.

During daytime convective conditions, when turbulent mixing was strongest and the planetary boundary
layer was fully developed, the MLP-NN accurately reproduced the intensity and vertical extent of the HB-
generated diffusivity profiles. Likewise, during transition periods, both approaches captured the progressive

weakening of turbulence associated with the evening stabilization of the boundary layer.

13
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Fig 4. Comparison between the original HB turbulence parameterization and its neural-network emulator
(MLP) for the turbulent diffusivity coefficients on 28 February 2015. (a) Momentum diffusivity (kvm, m?
s™") and (b) heat diffusivity (kvh, m? s™). In both panels, the subplots are arranged in chronological order:
upper left (10 UTC), upper right (13 UTC), lower left (17 UTC), and lower right (21 UTC). The vertical

axis represents the model levels.

These results demonstrate that the neural-network emulator preserves the principal characteristics of the
HB turbulence parameterization across a wide range of atmospheric conditions, providing a physically

coherent representation of the vertical turbulent structure while maintaining consistency throughout the

15
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diurnal cycle. Figure 5 compares the vertical profiles of the counter-gradient transport terms for momentum
(cgs) and heat (cgh) generated by the original HB scheme and the neural-network emulator (MLP). Overall,
the emulator successfully reproduced the magnitude and vertical structure of both variables throughout the
analyzed diurnal cycle. Although small differences are observed at some levels, particularly near regions
of stronger gradients, the general behavior of the profiles remains consistent with that produced by the

original parameterization. These results indicate that the neural-network emulator can capture the main

characteristics of the counter-gradient transport terms under different boundary-layer conditions.
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Fig 5. Comparison between the original HB turbulence parameterization and its neural-network emulator
(MLP) for the counter-gradient transport terms on 28 February 2015. (a) Momentum counter-gradient term
(CGS, CG flux) and (b) heat counter-gradient term (CGH, K m™). In both panels, the subplots are arranged
in chronological order: upper left (10 UTC), upper right (13 UTC), lower left (17 UTC), and lower right

(21 UTC). The vertical axis represents the model levels.

3.2 Statistical Evaluation of Turbulence Variables
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While the profile comparisons presented in Section 3.1 provide a qualitative assessment of the neural-
network emulator, a quantitative evaluation is required to measure its ability to reproduce the turbulence-
related quantities generated by the HB scheme. This assessment was performed using the independent
testing dataset and standard statistical metrics, including the coefficient of determination (R?), root mean

square error (RMSE), mean absolute error (MAE), and bias.

Table 3 summarizes the statistical performance obtained for the four target variables predicted by the MLP-
NN: momentum diffusivity (kvm), heat diffusivity (kvh), momentum counter-gradient transport (cgs), and

heat counter-gradient transport (cgh).

Table 3. Consolidated statistical metrics for the turbulent coefficients estimated by the MLP-NN in

comparison with the HB scheme.

Variable R? RMSE MAE BIAS
kvm (m?s™) 099513  0.90991 0.55579 0.31107
kvh (m?s™) 0.99441 5.65054 2.92264 -0.94419
cgs (cg/flux) 0.73446 0.37352  0.066239  0.058306

cgh (k/m) 0.80786 0.001613  0.000543  0.000475

The results indicate agreement between the neural-network emulator and the original HB parameterization
for the turbulent diffusivity coefficients. Both kv and kvh exhibit high coefficients of determination and
low error values, demonstrating that the MLP-NN successfully reproduced the dominant nonlinear

relationships governing turbulent momentum and heat transport within the boundary layer.

The counter-gradient transport terms (cgs and cgh) presented comparatively lower coefficients of
determination. Nevertheless, the corresponding absolute errors and biases remained small. This behavior
reflects the substantially smaller magnitudes and greater relative variability of these quantities compared
with the diffusivity coefficients. Consequently, small absolute deviations may translate into larger relative

statistical differences without necessarily implying a deterioration of the physical representation.

3.3. BAM-1D Simulations
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The performance of the neural-network turbulence emulator was further evaluated through fully prognostic
BAM-1D simulations. In addition to reproducing the turbulence-related quantities generated by the original
HB scheme, the impact of the surrogate parameterization on the evolution of key atmospheric variables
was examined. The analysis focused on temperature, wind components, and precipitation, which provided
an integrated assessment of the atmospheric response to turbulent transport and the overall consistency of

the emulator within the model framework.

3.3.1 Temperature Profiles

The comparison of absolute temperature profiles indicates that the MLP-NN emulator successfully
reproduced the thermodynamic evolution generated by the original HB scheme. Figure 6 presents the
simulated temperature fields for representative atmospheric conditions during the evaluation period.
Overall, the neural-network parameterization preserved the diurnal temperature cycle, including nocturnal
cooling, daytime warming, and the development of the convective boundary layer. The agreement between
the HB scheme and the MLP-NN was particularly strong during the February and October cases, with both

approaches producing similar temperature distributions throughout the atmospheric column.

The June case exhibited larger localized differences, especially near the surface and within intermediate
levels. Nevertheless, the overall temporal evolution and vertical thermal structure remained consistent
between the two configurations throughout the simulation period. These results indicate that the MLP-NN
emulator preserves the principal characteristics of the atmospheric temperature evolution simulated by

BAM-1D under distinct atmospheric conditions.
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441 Fig 6. Comparison of the diurnal cycle of absolute temperature (TEMP) simulated by BAM-1D using the
442 original HB scheme and its neural-network emulator (MLP-NN). The panels represent different vertical
443  levels of the model, with the corresponding heights indicated in the title of each subplot.

444

445  3.3.2. Wind Components

446

447 The zonal (u) and meridional (v) wind components were also compared to evaluate the impact of the neural-

448 network turbulence parameterization on the simulated atmospheric circulation. Figure 7 shows the temporal
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evolution of the wind field generated by BAM-1D using the HB scheme and the MLP-NN emulator. In

general, both approaches reproduced similar temporal patterns and vertical structures throughout the

analyzed periods.

The agreement was

parameterizations produced comparable wind distributions. Larger differences were observed near the
surface, particularly during periods of enhanced turbulence and stronger wind shear. Despite these

differences, the overall temporal evolution of the wind components remained consistent across all analyzed

strongest at intermediate and upper boundary-layer levels, where both

cases.
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Fig 7. Comparison of the diurnal cycle of zonal wind component (UVEL) simulated by BAM-1D using the
original HB scheme and its neural-network emulator (MLP-NN). The panels represent different vertical

levels of the model, with the corresponding heights indicated in the title of each subplot.

The February case exhibited the greatest variability, whereas the June case presented the closest agreement
between the two parameterizations. The October case displayed intermediate behavior. Overall, the results
indicate that the neural-network emulator preserves the principal characteristics of the atmospheric flow

simulated by the original turbulence parameterization.
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469  Fig 8. Comparison of the diurnal cycle of absolute temperature (VVEL) simulated by BAM-1D using the
470 original HB scheme and its neural-network emulator (MLP-NN). The panels represent different vertical
471 levels of the model, with the corresponding heights indicated in the title of each subplot.

472

473 3.4. Impact on Precipitation

474
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Precipitation was analyzed as an integrated atmospheric response variable influenced by modifications in
turbulent transport processes. Figure 9 compares the precipitation time series generated by BAM-1D using
the original HB parameterization and the MLP-NN emulator. For analyzed cases, the neural-network
surrogate reproduced the principal precipitation events identified in the reference simulations. The timing
of precipitation occurrence and the general magnitude of rainfall peaks were preserved throughout the

evaluation period.

The February case exhibited greater variability and intermittency, reflecting the more active convective
conditions characteristic of the wet season. The June case showed stronger agreement between the two

parameterizations, whereas the October case was characterized by weak and intermittent precipitation.

Across all cases, both approaches produced similar precipitation evolution without the occurrence of
unrealistic oscillations or discontinuities during model integration. These results demonstrate that the
neural-network emulator preserves the main temporal characteristics of the precipitation fields generated

by BAM-1D under different atmospheric regimes.
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Fig 9. Time series of precipitation simulated by BAM-1D using the original HB turbulence

parameterization and its MLP-NN emulator on 28 February 2015.

3.5. Computational Performance and Scalability
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The computational cost of the neural-network emulator was compared with that of the original HB
turbulence parameterization. The average execution time of the HB routine was approximately 107° s per
call, whereas the MLP-NN inference required approximately 10 s per call in the BAM-1D configuration.
Although the neural-network implementation was slower than the original turbulence routine in the present
one-dimensional framework, both approaches remained computationally inexpensive relative to the total

model integration cost.

The computational structure of the MLP-NN consists primarily of matrix multiplications and activation-
function evaluations associated with a forward propagation step. In contrast, the HB scheme involves
physically based calculations dependent on atmospheric stability and turbulence-regime conditions. The
execution-time comparison therefore indicates that both approaches are suitable for operational integration

within BAM-1D, while exhibiting distinct computational characteristics.

4. Discussion and Conclusions

The results demonstrate that the proposed Multi-Layer Perceptron neural network (MLP-NN) emulates the
behavior of the HB scheme within the BAM-1D framework. The emulator reproduced the turbulence-
related quantities generated by the original scheme, particularly the momentum and heat diffusivities (kvm
and kvh), which exhibited the highest levels of agreement in both the profile analyses and statistical
evaluation. Although the counter-gradient transport terms (cgs and cgh) showed lower coefficients of
determination, their absolute errors and biases remained small, indicating that the neural network preserved

the overall behavior of the original parameterization.

The analyses performed with the neural-network emulator integrated into BAM-1D further demonstrated
that replacing the HB scheme did not introduce numerical instabilities, unrealistic oscillations, or physically
inconsistent behavior. The simulated evolution of temperature, wind components, and precipitation
remained in close agreement with the reference simulations, indicating that the surrogate model is

dynamically compatible with the host atmospheric model under fully prognostic conditions.
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These findings are consistent with recent studies investigating machine-learning emulation of physical
parameterizations in Earth-system models (Brenowitz and Bretherton 2018; Yuval et al. 2021). More
broadly, the present work contributes to the growing development of hybrid physics—machine-learning
frameworks. Unlike fully data-driven forecasting systems such as GraphCast, NeuralGCM, and ECMWF’s
Anemoi, the proposed approach preserves the physical structure of the numerical model while replacing
only a specific subgrid-scale process. This strategy provides a controlled pathway for integrating machine-
learning techniques into operational atmospheric models while maintaining physical interpretability and

model consistency.

The computational analysis showed that the original HB scheme remains faster than the neural-network
emulator in the current one-dimensional BAM-1D configuration. However, the MLP-NN consists primarily
of deterministic matrix operations that are naturally compatible with vectorization, parallel execution, and
hardware acceleration. Consequently, the relative computational cost observed here may not reflect the
performance achievable in future large-scale implementations using modern high-performance computing

architectures.

Some limitations should also be acknowledged. The emulator was trained using simulations generated from
atmospheric conditions sampled during the GoAmazon 2014/15 experiment in central Amazonia.
Therefore, its applicability outside the range of conditions represented in the training dataset remains to be
evaluated. In addition, the neural network was designed to reproduce the behavior of the HB scheme rather
than to improve its physical formulation, implying that structural limitations of the original

parameterization are inherently inherited by the emulator.

Overall, the results demonstrate that neural-network-based surrogate modeling can reproduce an
operational turbulence parameterization with high fidelity while preserving numerical stability and physical
consistency during model integration. The proposed framework provides a practical pathway toward the
development of hybrid physics—machine-learning parameterizations and contributes to ongoing efforts to
incorporate artificial intelligence techniques into next-generation atmospheric models. Future work should

extend the methodology to additional climatic regimes, evaluate its performance within the three-
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dimensional BAM configuration, and investigate the emulation of other physical parameterizations,

including convection, radiation, and cloud microphysics.
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