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Abstract Previous machine learning (ML) weather prediction models primarily focus on global mesoscale
forecasting. This study develops three-dimensional Fourier neural operator (FNO) models for simulating the dry
convective boundary layer (CBL) at 800-m grid spacing, which is a resolution in the gray zone. The filtered
large-eddy simulation data of the CBL are used for training the FNO models. The FNO models outperform
traditional gray-zone simulations in predicting a variety of flow statistics and instantaneous structures, including
the scale of updrafts and downdrafts, the vertical profiles of statistics, and the energy spectra. The FNO models,
trained using data for a few surface heat fluxes O, = 0.14 — 0.26 K m s~!, demonstrate certain generalization
capability for other O, within and out of this range (QS =01 -03Kms™! ) The FNO model is a promising
ML method for fast and accurate weather prediction in the gray zone.

Plain Language Summary Data-driven machine learning (ML) weather prediction models have
been developed rapidly and have shown state-of-the-art performance over the past few years. However, global
weather forecasting models cannot well resolve the characteristics of convection and dominant turbulence in the
gray zone. This paper develops three-dimensional Fourier neural operator (FNO) models in the idealized
convective boundary layer gray zone, which can effectively reconstruct turbulent eddies and convection. The
three-dimensional FNO model is a potential approach for developing regional ML weather prediction models.

1. Introduction

With increasing computational resources, kilometer-scale resolutions have become possible in numerical weather
prediction (NWP) (Chow et al., 2019; Honnert et al., 2020; Lean et al., 2024). The kilometer mesh moves at-
mospheric modeling into the gray zone (or terra incognita) (Honnert et al., 2011; Wang et al., 2025; Wyng-
aard, 2004), where the effective resolution (filter length scale) is comparable to the scale of the dominant turbulent
eddies in the atmospheric boundary layer. Numerical simulations require parameterization of turbulence and
convection, but this is quite challenging in the gray zone. Parameterization methods limit the accuracy of high-
resolution NWP. The newly developed purely data-driven machine learning (ML) methods would be a better
choice, as they can avoid the challenges of parameterization.

In recent years, many machine learning weather prediction (MLWP) models have been developed and have
shown an outstanding performance in both accuracy and efficiency (de Burgh-Day & Leeuwenburg, 2023;
Schultz et al., 2021). MLWP models consist of two categories. One category is purely data-driven ML models,
including FourCastNet (Pathak et al., 2022), PanguWeather (Bi et al., 2023), GraphCast (Lam et al., 2023), and
FuXi (Chen et al., 2023). The other category is hybrid models with ML-based physics parameterizations, such as
Neural GCM (Kochkov et al., 2024). These MLWP models, trained using ERAS reanalysis data, can achieve
global weather forecasting but only reach 0.25° resolution. Their coarse resolution cannot resolve the charac-
teristics of convection or dominant turbulence in the planetary boundary layer (Ben Bouallegue et al., 2024;
Bonavita, 2024). The error of the global ML models increases with increasing wavenumber and with increasing
forecast time, possibly due to difficulties in representing fundamental dynamical processes, such as the
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geostrophic effect and vertical motions (Bonavita, 2024). Studies on ML weather models focusing on higher
horizontal resolution are still limited and largely unexplored.

Fourier neural operator (FNO) is a data-driven method for solving partial differential equations proposed by Li
et al. (2020). Based on two-dimensional (2D) FNO or Spherical FNO (Bonev et al., 2023), FourCastNet and ACE
(AI2 Climate Emulator) have demonstrated a strong performance in global weather forecasting and climate
simulation (Bonev et al., 2025; Pathak et al., 2022; Watt-Meyer et al., 2023, 2025). Bi et al. (2023) pointed out that
3D models can capture the relationship between atmospheric states at different heights and thus yield significant
accuracy gains compared to 2D models. The 3D FNO models have been developed and shown to perform well in
predicting 3D turbulence (Li et al., 2022; Luo et al., 2024; Wang et al., 2024) and urban microclimate (Peng
et al., 2024). Thus, we aim to explore the potential to apply 3D FNO for predictions in the gray zone, as a test for
future development of a regional ML weather model. In the current study, we trained 3D FNO models using
filtered large-eddy simulation data, achieving accurate and efficient predictions in the dry convective boundary
layer (CBL) gray zone.

2. Experiment Design and Methods
2.1. Experiment Design

Following the setup of Sullivan and Patton (2011), a daytime dry convective atmospheric boundary layer driven
by constant surface buoyancy fluxes Q, ranging from 0.10 to 0.30 Km s~!, and weak geostrophic winds
U,,V,) = (1,0) ms~! is studied in a simulation domain (LX,L},,LZ) = (25.6,25.6,2.56) km. The Coriolis
parameterf = 1 X 10™*s™!
has a three-layer structure:

, initial inversion height z; = 1024 m, and the initial virtual potential temperature 6,

300 K :0 <z <974m,
0y(z) = {300K + (z — 974 m) x 0.08 Km™! :974m < z < 1074 m, (1)
308K + (z— 1074 m) X 0.003 Km™ :z > 1074 m.

2.2. Cloud Model 1

Cloud Model 1 (CM1, release 21.1) is a state-of-the-art atmospheric model, which is designed to solve three-
dimensional, non-hydrostatic, compressible equations of the moist atmosphere (Bryan & Fritsch, 2002). We
used the CM1 to produce the benchmark simulation of the dry CBL with periodic boundary conditions in the
horizontal (x,y) directions and a no-slip top boundary condition in the vertical z direction. A damping zone is
used at z > 2 km. The Monin—Obukhov similarity theory (MOST) for the surface layer is applied based on a drag
rule with the surface roughness z, = 0.1 m. The TKE turbulence closure scheme is used to model the subgrid-
scale turbulence.

For large-eddy simulations (LES), the horizontal grid spacing A, = A, is 50 m, and the vertical grid spacing A is
20 m. There are a total of 5122 x 128 grid points. Although the grid setup does not fully satisfy the requirement of
z;/ A > 60 in CBL (Sullivan & Patton, 2011), where NI AA A, the current LES still provides well resolved
results (Zhou et al., 2014) and is sufficient for our study. The simulations are started from small random tem-
perature perturbations at z < 100m. To ensure that similar perturbations are applied in the gray-zone simula-
tions, the range of non-dimensional wavenumber of the initial perturbation is limited to k,,k, < 16.

The gray-zone simulations are performed with grid meshes of 32> X 64, corresponding to 800 m horizontal
spacings and 40 m vertical spacing. The simulation methods are the same as those used in LES simulations.

2.3. Database

We performed 35 LES simulations using CM1 for surface heat fluxes Q, = 0.14, 0.16, 0.18, 0.20, 0.22, 0.24,
0.26 Km s~!, each of which contains five different initial temperature perturbations. The LES was run for
6 hr, with instantaneous flow field data saved every 5 min. Therefore, we have a total of N, = 73 time slices. In
the dry CBL, the potential temperature € and velocity components #; are the most important physical quantities.
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The LES data with 5122 x 128 grids (50 m X 50 m X 20 m)are filtered and downsampled to the coarse grid
with 322 x 32 grids (800 m X 800 m X 80 m)as the benchmark and the training data of the FNO models. We
utilized a 2D sharp spectral filter in the x — y planes at filter width A, = 16A, (Tong et al., 1998; Zhou
etal., 2014) and a top-hat filter in the z direction at filter width A, = 4A_. The coarse grid flow field is referred to
as filtered LES (fLES).

To increase the data amount, we downsampled two fLES data sets from a single LES by applying a grid shift of
A¢/2 = 400 m in the x and y directions for the second data set. Thus, we have N, X N, = 70 X 73 sets of data.
Each set of data has a size of [Nx X Ny X N, X Nv], where N, Ny, N, = 32 represent the number of grid points in
three spatial dimensions, and N, = 5 is the number of physical variables f, including 6 — 6y, u; — U;, and Q,,
where 6, is the initial potential temperature profile, and U = (U,, V,,0)is the geostrophic wind. Q; is designed to

represent different heat fluxes, given by

0;(x,y,2) = A= X exp <_B
o,

0, 72— 40), @)

0,; 2560

where j = 1,...,N. represents the different cases, Q,; = 0.14,0.16,0.18,0.20,0.22,0.24,0.26 Km s,
0, = Z;v;l Q,j/N. = 0.2Km s~! is the average value of all the heat fluxes, A = 1.0 is a parameter that
controls the amplitude, and B = 1.0 is a parameter that controls the decay rate. The boundary condition mainly
affects the turbulence at the bottom of the boundary layer, and its influence diminishes with height. Therefore, we
believe that Q; should decay with height. Q; as an input can enhance the generalization ability of the FNO models
for different surface heat fluxes, which will be discussed in Section 3.2 and in Text S2 in Supporting Informa-
tion S1. It is important to note that although the model does generate an output for Q;(x,y,z)at each prediction
step, the internal prediction is discarded and replaced by the values described in Equation 2. The correction is
crucial for achieving accurate long-term prediction.

2.4. Fourier Neural Operator

Different from many neural networks, which are capable of approximating mappings between finite-dimensional
Euclidean spaces, the Fourier neural operator learns the mappings of the high-dimensional data in Fourier spaces
by training on a finite set of input-output pairs (Li et al., 2020). The FNO exhibits strong adaptability and
generalization ability under different flow configurations.

The data-driven FNO model learns the approximating nonlinear mappings between input a and output u. The
architecture of FNO is briefly described as follows (Li et al., 2020, 2022bib_li_et_al_2022; Luo et al., 2024):

1. The input a is projected to a higher dimensional representation v, by a shallow fully connected neural network
P, denoted as vy = P(a).
2. The high-dimensional vy is updated through N/ iterations by

Vi1 = o(Wv, + Kv)), 3)

where W is a linear transformation, K is the Fourier integral operator, and o is a nonlinear activation function.
3. The output u is obtained by the projection of vy , denoted as u = O(vy f), where Q is a fully connected layer.

The training process of the FNO model requires learning the P, W, K, and Q. We provide a more detailed
introduction of the FNO model in Text S1 in Supporting Information S1.

The inputs of the FNO model are generally the known states of the previous time slices, and the outputs are the
flow fields of the next time slices. We effectively utilized 70 X 73 sets of data during the training of the FNO
model. 80% of the data are used for training and 20% for validation. To avoid reliance on traditional numerical
simulations, we trained two FNO models: FNO-I101 and FNO-I501. The FNO-I101 model uses the flow field of
the previous time slice f, as input, while the FNO-I501 model uses the flow fields of the previous five time slices
f,_4.f,_3.f,_,.f,_.f,. For both the FNO-I101 and FNO-I501 models, the flow fields of the next time slice f,, ; are
taken as output. The initial five time slices of the FNO-I50O1 model can be generated by the FNO-I101 model.
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Figure 1. Horizontal contours of vertical velocity w (m/s) in the CBL from: (a) the large-eddy simulations (LES) with 50 m
horizontal resolution using CM1, (b) the LES result filtered onto a 800 m grid, (c) the three-dimensional FNO models with
800 m horizontal resolution, and (d) the gray-zone CM1 simulations with 800 m horizontal resolution. Contours are from the
horizontal plane at z = 120 m and at r = 4 h. Red is the updrafts, and blue is the downdrafts.

The stability and generalization capability of the FNO-ISO1 model are better than those of the FNO-1101 model
(Figure S5 in Supporting Information S1), because the FNO-ISO1 model utilizes the differences between the
previous time slices.

A series of parameters (see Text S1 in Supporting Information S1) need to be optimized during the training of the
FNO models. The truncated Fourier modes ;. of the Fourier integral operator K are chosen to be approxi-
mately 2/3 of the modes based on the minimum grid numbers (i.e., k, max & N,/3) at the LES scales, in order to
effectively reconstruct small-scale structures and reduce effects of high-frequency noise (Li et al., 2022; Luo
et al., 2024). In the gray zone, the scales of the dominant eddies are comparable to z;. Therefore, k,,,, = 6
(corresponding to approximately 200 m grids) is sufficient. If k., is larger, high-frequency fluctuations may
appear in the vertical direction. In the horizontal directions, the horizontal spacings are close to the scales of the
dominant eddies. Thus, &, 3 = kymax = 16 (corresponding to 800 m grids) allows for better reconstruction of
the cell structures. Additionally, four Fourier layers are used (N = 4), the channel width d,, is 96, the batch size
is 4, and the initial learning rate is 10> which decays by half after every eight epochs. The FNO models are
trained for 30 epochs. The adaptive moment optimization (Adam) algorithm and GELU function are chosen as the
optimizer and activation function, respectively (Kingma & Ba, 2014; Li et al., 2020). The loss function is

“f_fpre“Z

Loss=——=,w
Ifll,

1 n
here [JAll, = —= DAL 4)
i=1

\/_

where f and f,. represent the filtered flow field and the predicted flow field, respectively.

3. Results
3.1. Comparison Between FNO Models and Traditional Simulations

The a posteriori tests of the FNO models and the gray-zone CM1 simulations with 800 m horizontal spacing are
performed for Q; = 0.24 K m s~'. Although the case of Q; = 0.24 K m s™! is included in the training data set,
the test uses a different initial condition. We assess the performance of FNO models in predicting the flow
statistics and spatial structures. The FNO-I101 model predicts the flow field at 0 — 0.5h, and the FNO-I501
model predicts the flow field at 0.5 — 6h, using the flow fields predicted by FNO-I101 as the initial five
time slices.

3.1.1. Flow Visualization

Figure 1 presents the horizontal contours of vertical velocity at z = 120 m ~ 0.1 z; and at t = 4 h. We observe
the classic organized cell structures in the benchmark LES simulation. In the lower CBL, the warm air near the
surface rises, presenting narrow spoke-like updrafts, while the downdrafts appear in broader block-like patterns,
as shown in Figure 1a. The small updrafts merge into large-scale plumes with increasing height (Hunt et al., 1988;
Lenschow & Stephens, 1980). Filtering at the gray zone scale averages out the small-scale updrafts, making the
scale of the updrafts comparable to that of the downdrafts. Both updrafts and downdrafts are uniformly distributed
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Figure 2. Vertical profiles of (a) potential temperature, (b) turbulent kinetic energy, (c) potential temperature flux, and
(d) skewness of the vertical velocity.

in the domain, as illustrated in Figure 1b. Additionally, we observed that the filtered plume structures do not
significantly change with height.

As shown in Figure 1d, the gray-zone CM1 simulations predict narrow updrafts and broad downdrafts (Zhou
et al., 2014). The scale of the strong updrafts is close to that of the filtered updrafts, while the scale of the
downdrafts is much larger than the fLES results. The cell structures resemble enlarged LES results, showing
significant differences from fLES. In contrast, the FNO is a purely data-driven ML model that successfully learns
the flow characteristics from the filtered flow field. As a result, the structures predicted by the FNO models
(Figure 1c) are essentially the same as those of fLES at all heights (Figure S6 in Supporting Information S1).

3.1.2. Flow Statistics

Driven by a surface heat flux, the boundary layer height z; increases, and the potential temperature increases with
time. Figure 2a presents the vertical profiles of potential temperature (), where (- ) denotes the horizontal
average value, computed without density weighting. Due to stronger turbulence fluctuations near the surface and
a much weaker inversion near z; (Sullivan & Patton, 2011), the average temperature of gray-zone CM1 simu-
lations reaches higher values near the surface and near z;. However, the FNO models accurately predict (6), owing
to their ability to effectively reconstruct the instantaneous flow structures.

The fluctuation of a variable y is y’ = w — (). The turbulent kinetic energy TKE = (u}u’)/2 is one of the
most important statistics characterizing turbulence intensity. In the gray zone, the scales of the dominant tur-
bulence structures are comparable to the horizontal grid spacings, leading to partially resolved turbulence. The
ratio of resolved TKE to total TKE is around 0.5 at 800 m filter scale. Figure 2b shows the vertical profiles of
resolved TKE. The profiles of resolved TKE predicted by FNO models are in good agreement with the fLES
results. The gray-zone CM1 simulations overestimate the prediction of resolved TKE, which is more comparable
to the total resolved values in the LES than the filtered LES, because it underestimates the SGS component.

The vertical profiles of normalized potential temperature flux (6’ w’)/Q, are presented in Figure 2c. The resolved
potential temperature flux in the LES or the gray-zone CM1 simulations is positive in the bottom half of the CBL,
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and is negative near z;, which is consistent with previous simulations (Zhou et al., 2014). The resolved tem-
perature flux of the gray-zone CM1 simulations is much larger than the fLES results, especially near the surface,
indicating that gray-zone CM1 simulations produce more energetic resolved convection compared to the true
solution. This is because the gray zone CMI1 simulations over-attribute the total heat flux to the resolved
component and underestimate the SGS heat flux (Sullivan & Patton, 2011; Zhou et al., 2014). In contrast, the FNO
models have a closer agreement with the fLES results, due to their effective prediction of temperature fields and
turbulence fluctuations.

The skewness of the vertical velocity (w'3)/(w'?)¥? is an indicator of the updrafts and downdrafts distribution

(Moeng & Rotunno, 1990; Weil, 1990). Figure 2d illustrates the profiles of (w'3)/(w'?)¥2. In the high-resolution
LES (Sullivan & Patton, 2011; Zhou et al., 2014), the vertical velocity skewness is mainly positive and increases
with height at z/z; < 0.9, which is associated with the narrow strong updrafts and broad zones of compensating
downdrafts (Hunt et al., 1988), as shown in Figure 1a. However, filtering at the gray zone scales causes the scales
of updrafts and downdrafts to become comparable (Figure 1b). Thus, (w’3)/(w'?)¥? of fLES is very small and
even negative near the surface. Due to the fact that the FNO models learn the flow characteristics from the filtered
flow field, the FNO models perfectly predict the profiles of (w'3)/(w'?)¥2. In contrast, gray-zone CM1 simu-
lations exhibit significant deviations from fLES in predicting vertical velocity skewness, with predicted values
even being substantially much higher than the LES results.

In addition, we verify the performance of the FNO models in predicting other statistical quantities, including the
mean, root mean square (RMS, wgys = V/{(w'?)), and skewness values of temperature and velocity components.
All results are significantly better than those from gray-zone CM1 simulations, except for the mean values of
vertical velocity (w). Since (w) is slightly greater than 0, and much smaller than the mean values of horizontal
velocities and the RMS values, a small error in the vertical velocity can cause (w) to fluctuate around 0.

3.1.3. Turbulence Spectra

The two-dimensional energy spectra of vertical velocity fluctuations w’, horizontal velocity fluctuations u’, and
potential temperature fluctuations 8’ are shown in Figure 3. The non-dimensional horizontal wavenumber is

ky = 4 /k)zC + kg‘ Spectral peaks represent the length scales of the dominant eddies. For the vertical velocity,

energy accumulates at gray zone scales, and the energy spectra E,, decrease rapidly as the wavenumber decreases
at k;, < 10 (corresponding to approximately 2km horizontal grids). The spectral peaks of horizontal velocity
fluctuations also appear in the gray zone near the surface and in the mid-CBL, but the corresponding scales are
smaller than those of E,, (Sullivan & Patton, 2011). Additionally, the decay of E, at low wavenumbers is not as
pronounced as that of E,,..

We observed that the gray-zone CM1 simulations fail to accurately predict the energy spectra. For the energy
spectra of two velocity fluctuations, the CM1 simulations overestimate the energy spectra at large scales and
underestimate the energy spectra at small scales. Additionally, the predicted energy spectra of potential tem-
perature fluctuations are larger than those of fLES at all scales.

The FNO models provide excellent predictions for all three energy spectra at all heights and times. It is important
to note that the cutoff wavenumber in the horizontal direction ky yax» Ky max for the FNO models is 16. We tested
smaller cutoff wavenumbers and found that the horizontal cutoff wavenumber significantly affects the predictions
of E,,. If the wavenumber is set to 14, 12, or 10, the prediction of the FNO models at low wavenumbers is not as
good as in the current results (Figure S7 in Supporting Information S1). Due to the fact that the TKE is primarily
distributed in the gray zone, the horizontal cutoff wavenumber is crucial for capturing the flow characteristics.

3.1.4. Computational Efficiency

We compare the computational efficiency for different methods. Each epoch takes approximately 160 s to train on
an NVIDIA RTX A6000 GPU. The entire training process for the FNO models spans around 1.4 h. The prediction
of the FNO models only takes about 3 s on a GPU. The gray-zone CM1 simulations take about 90 s on the CPU of
Intel Xeon Platinum 8592+ with 2 cores. The full LES takes approximately 16 h on the CPU with 32 cores. The
computational efficiency of the FNO models is higher than that of the CM1 simulations.
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Figure 3. Two-dimensional energy spectra of (a) vertical velocity fluctuations w’, (b) horizontal velocity fluctuations u’, and (c) potential temperature fluctuations 8’ at
t = 2,5hand at z = 120 m (top), 600 m (middle), and 1240 m (bottom). Two dotted lines represent wavenumbers corresponding to the 800 m and 4 km horizontal

grids, respectively.

3.2. Generalization Ability

In this section, we test the generalization ability of the FNO models for surface heat fluxes Q, differing from the
training data set. The training of the FNO models employed data for Q, = 0.14,0.16,0.18,0.20,0.22,
0.24,0.26 Kms~!. We choose o, = 0.10, 0.12, 0.15, 0.2, 0.25, 0.28, 0.3 Kms™! in the tests. Here,
0O, = 0.20 Kms~! is included in the training data set, but a different initial condition is used. The values
Q, = 0.15,0.25 Kms~! represent interpolated values, while Q, = 0.10,0.12,0.28,0.30 Km s~! indicate
extrapolated values. The absolute error and relative error of a statistical variable are defined as

S N e S S e
A= Yeno = V) s ER=E o 2, 1~

N3 Ny o y?

where y and ypy represent the horizontal statistical variables of the fLES and predicted by the FNO models,
respectively.

Figure 4 shows the absolute errors and the profiles of the average potential temperature and the RMS values of the
vertical velocity for different surface heat fluxes Q,. The impact of Q, on the average potential temperature is the
most significant, making the prediction of (#) the most challenging. The FNO models provide good predictions of
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Figure 4. Statistics for different surface heat fluxes Q,: (a) absolute error E4 and (b) profiles at t = 4 h of average potential
temperature, (c) absolute error E4 and (d) profiles at # = 4 h of RMS values of the vertical velocity. The lines represent the
results of fLES, and the filled circles represent the results of the FNO models.

1.0

(0) for all Q;, with absolute errors less than 0.1 K. For extrapolated Q,, although the predictions by the FNO
models are better at 0 — 5 h, there are some deviations at ¢+ > 5 h, with the predicted average temperature being
too high for Q; = 0.10 Km s™! and too low near z; for Q, = 0.30 Kms~! (Figure S3 in Supporting Infor-
mation S1). The FNO models demonstrate a good generalization for predicting high-order statistics (Figures 4c
and 4d and Figure S8 in Supporting Information S1). The absolute errors of RMS values of the vertical velocity
W are less than 0.08 ms™!, and the relative errors are about 0.2 at t > 0.5h for all Q,. Additionally, we

note that the FNO models underestimate 4/(w’w’) near z; for large Q,.

The generalization ability of the FNO models benefits from the input of 3D heat flux Q; and the differences of
flow fields between the first five steps. If we only use the temperature and velocity fields as training data, the
generalization is poor due to the small differences in the velocity fields for different O, (Figure S2a in Supporting
Information S1). The input of 3D heat flux during training significantly enhances the generalization ability
because it provides a good constraint on the temperature field in Fourier space. Furthermore, as detailed in Text
S2 in Supporting Information S1, we found that the FNO models' performance is largely insensitive to the form of
the Q;. In training the 3D FNO models, we need to select appropriate input variables based on physical and
mathematical knowledge to enhance their generalization ability. Additionally, we need to design a reasonable 3D
representation of the 2D effects that act on the boundaries.

We tested the FNO model's generalization on wind configurations (Uy, V,) in Text S3 in Supporting Informa-
tion S1. The FNO models demonstrate better generalization capability for predicting 6, u, and w at

U,

by the Coriolis force, and the training only uses data of wind speed U, = 1.0 m s~!. Thus, the FNO models did

= 0.5 — 2.0ms~'. However, the mean values of v are not accurate. This is because the velocity v is generated

not learn the effects of the Coriolis force. To achieve more accurate predictions, we need to use data with different
wind configurations to learn the effects of the Coriolis force.
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4. Conclusions

In this study, we apply the three-dimensional Fourier neural operator method to predict the dry convective
boundary layer in the gray zone. The spatially filtered data from 35 LES simulations for surface heat fluxes
Q, = 0.14 — 0.26 K m s! are used to train the FNO models with a horizontal spacing of 800 m and a vertical
spacing of 80 m, which only allows partial resolving of the energetic eddies in the convective boundary layer.

In the a posteriori tests, the FNO models can accurately predict instantaneous spatial structures of convective
eddies and statistical characteristics of the boundary layer. The structures of vertical velocity near the surface
predicted by the FNO models are consistent with those of the filtered LES, overcoming the issue of overly large
cell structures predicted by traditional numerical simulations. The FNO models perform better than the gray-zone
CM1 simulations in predicting profiles of flow statistics, including mean values, RMS values, and skewness of
temperature and velocity. Furthermore, the temperature and velocity spectra predicted by the FNO models are
close to the results of filtered LES.

The generalization ability of the FNO models on different surface heat fluxes Q; is evaluated. The FNO models
exhibit certain generalization ability in predicting various statistical quantities for interpolated
Q, = 0.15,0.25 Kms~! and extrapolated Q, = 0.10,0.12,0.28,0.30 K m s~!. The input of the heat flux 0;
enhances the generalization ability of the FNO models. The choice and design of input variables are critical for the
performance of the FNO models.

The 3D FNO models perform well in the idealized CBL, effectively reconstructing the dominant turbulent eddies
and convection characteristics in the gray zone. As a purely data-driven machine learning model, its stability and
generalization ability still need further improvement. Our future work aims to improve the stability and gener-
alization ability and test the performance of the FNO model for more complex atmospheric flows.
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