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Abstract. Initializing idealized Large-Eddy Simulations (LES) for wind energy applications presents a persistent control prob-

lem, typically characterized by slow convergence due to inertial oscillations and the difficulty of matching target height wind

targets. To address this, we present Dynamic Geostrophic Nudging (DGN), a method that couples physical fidelity with com-

putational efficiency. Unlike standard velocity nudging, DGN acts on the forcing terms: it dynamically adjusts the geostrophic

wind components based on the flow tendency and the error between the mean velocity and the target value. This mechanism5

allows the controller to efficiently steer the mean wind toward the target while actively damping inertial oscillations in the

boundary layer. We employ a one-dimensional model to perform a parameter sweep and investigate the sensitivity of the con-

trol parameters before applying the method to a full three-dimensional LES. The results demonstrate that DGN reduces the

spin-up time from the standard 12–24 hours to approximately two hours while maintaining the target wind vector with high

accuracy. Furthermore, by arresting the unphysical transient growth of the boundary layer, the method allows for the use of10

vertically optimized domains, representing a significant advancement in the operational efficiency of precursor generation for

wind farm simulations.

1 Introduction

Large Eddy Simulation (LES) has established itself as the de facto standard for high-fidelity modeling of the Atmospheric15

Boundary Layer (ABL), particularly for applications sensitive to turbulence-structure interactions, such as wind farm opti-

mization, pollutant dispersion, and urban canopy flows (Stoll et al., 2020; Meneveau and Katz, 2000; Porté-Agel et al., 2020).

While real-world applications increasingly utilize mesoscale-to-microscale coupling (Muñoz-Esparza et al., 2017; Bui et al.,

2024), idealized LES remains the primary tool for fundamental process studies and the generation of inflow turbulence. In

these idealized frameworks, the meteorological background is typically parameterized via a horizontal pressure gradient force20

(PGF), represented by a constant geostrophic wind vector, G= (Ug,Vg) (Moeng, 1984; Wyngaard, 2010).

Despite the simplifying assumptions of idealized Large-Eddy Simulation (LES), initializing these simulations to a specific,

statistically stationary state presents a persistent control problem that couples physical fidelity with computational cost (Porté-
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Figure 1. Schematic of the ABL force balance and the resulting control challenge. The geostrophic forcing (G, orange) drives the flow, but

due to Coriolis and frictional forces, the realized wind vector rotates and decelerates (grey spiral) as it approaches the surface. This creates a

discrepancy in both magnitude and direction between the forcing and the target wind at the target height.

Agel et al., 2020). In a horizontally homogeneous ABL, the equilibrium wind profile is governed by a three-way balance

between the large-scale Pressure Gradient Force (PGF), the Coriolis force, and the vertical divergence of turbulent momentum25

flux (Stull, 2012). This balance generally manifests as a vertical turning of the wind vector (wind veer) and a reduction in mag-

nitude toward the surface—classically described as the Ekman spiral (see Fig. 1) (Garratt, 1994). Consequently, the resulting

wind velocity at a specific target height is strictly coupled to surface roughness and thermal stability, rendering it rotated and

decelerated relative to the geostrophic forcing G (Wyngaard, 2010).

Because an arbitrary initial wind profile rarely satisfies this force balance, the system undergoes a prolonged transient30

adjustment dominated by inertial oscillations (Stull, 2012). These oscillations manifest as a rotation of the momentum vector

with a period of T = 2π/f (where f is the Coriolis parameter). This physical constraint imposes a heavy toll regardless of the

initialization strategy: whether employing a separate periodic precursor simulation or spinning up the primary domain directly.

The flow typically requires 12 to 24 hours of physical time to dampen these oscillations and reach the stationary state (Mirocha

2

https://doi.org/10.5194/wes-2026-66
Preprint. Discussion started: 23 April 2026
c© Author(s) 2026. CC BY 4.0 License.



et al., 2014; Bui et al., 2024). Consequently, researchers are forced to discard the majority of the computed solution as spin-up,35

representing a substantial waste of computational resources.

The long spin-up period creates a further complication related to boundary layer growth. In convective simulations, the

turbulent boundary layer deepens continuously due to entrainment at the capping inversion (de Roode et al., 2004). Over a

multi-hour initialization, the boundary layer depth can increase so much that it begins to interact with the model top or the

upper Rayleigh damping layer, which can contaminate the simulation’s statistics. To avoid this, researchers are often forced40

into expensive compromises, such as using excessively tall vertical domains simply to accommodate this transient growth, or

implementing secondary controls, like nudging the potential temperature profile, to artificially limit the boundary layer height

(Grylls et al., 2020; Schnierstein et al., 2024). Such artificial temperature controls can create a non-physical state where the

boundary layer depth is mismatched with the developed Turbulent Kinetic Energy (TKE). By instead shortening the required

spin-up time, DGN allows the system to reach momentum equilibrium before excessive, unphysical boundary layer growth can45

occur, preserving thermodynamic consistency.

A fundamental challenge in wind energy applications is ensuring that the simulated background flow matches a specific

speed and direction at a target height. Because the relationship between the geostrophic forcing G (the large-scale pressure

gradient) and the resulting target height wind is nonlinear and highly dependent on thermal stability, the required forcing is

a priori unknown (Stull, 2012). To address this, researchers have historically employed three primary strategies, each with50

distinct limitations. First, data assimilation techniques (e.g., 4D-Var or Ensemble Kalman Filters) can force the simulation to

track observational data; however, these methods are complex to implement (Wrba et al., 2025). Second, Newtonian relaxation

is often used to pull the mean flow toward a target profile by adding a source term to the momentum equations (Boyer and

Keeler, 2022). While effective at imposing the mean wind, this technique introduces artificial forces that violate the momentum

conservation laws and can spuriously dampen the resolved turbulence. Third, researchers may rely on a constant, predetermined55

forcing G, applied either directly to the primary domain or spun up within a separate, periodic precursor simulation (Mirocha

et al., 2014; Bui et al., 2024). This maintains physical consistency but shifts the burden to the initialization phase in which

finding the correct G may requires an expensive trial-and-error process.

To resolve these issues without compromising physical consistency, this paper introduces Dynamic Geostrophic Nudging

(DGN), a closed-loop control strategy that acts on the forcing parameters rather than directly modifying the velocity field. By60

dynamically adjusting the geostrophic wind components based on a feedback law derived from the governing equations, DGN

allows turbulence to develop naturally while continuously steering the system toward equilibrium. This approach is designed

to effectively dampen inertial oscillations in the boundary layer, thereby minimizing the need for prolonged spin-up periods

or excessively deep domains, and ensuring that the final mean flow aligns closely with user-defined targets without the need

for manual iterative tuning. The paper is organized as follows: Section 2 details the derivation of the control law, Section 365

provides validation via a reduced-order model, Section 4 demonstrates efficacy in full 3D WRF-LES simulations, and Section

5 summarizes the implications for operational workflows.
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2 Methodology: Dynamic Geostrophic Nudging (DGN)

2.1 Theoretical Formulation

The proposed method controls the horizontally averaged wind by dynamically adjusting the geostrophic wind vector, G=70

(Ug,Vg). The core concept is to treat G not as a static input, but as a control variable that is continuously updated to steer the

simulated wind towards a desired target state.

Let the horizontally averaged horizontal wind vector at the target height zr be v = (u,v). The governing momentum equa-

tions, averaged horizontally, can be written in vector form as:

dv

dt
= fk× (G−v)+Fturb (1)75

where f is the Coriolis parameter, k is the vertical unit vector, and Fturb represents the divergence of the vertical turbulent

momentum flux.

Our objective is to drive the simulated wind vector v to a user-defined reference vector vr = (ur,vr). To do this, we define

a desired, controlled tendency using a relaxation approach:
(
dv

dt

)

target
=−v−vr

τ
(2)80

where τ is a relaxation timescale. To achieve this target tendency, we introduce a corrective adjustment, ∆G. The modified

governing equation becomes:
(
dv

dt

)

target
= fk× ((G+∆G)−v)+Fturb (3)

By equating our desired tendency (Eq. 2) with the physically-forced tendency (Eq. 3) and recognizing the terms from Eq. 1,

we simplify:85

−v−vr

τ
=

(
dv

dt

)

prior
+ fk× (∆G), (4)

where the subscription ‘prior’ indicate the tendencies before applying the nudging. Solving for the geostrophic wind correction:

∆G=
1

f
k×

[(
dv

dt

)

prior
+

v−vr

τ

]
(5)

In component form, the required adjustments are:90

∆Ug =− 1

f

[(
dv

dt

)

prior
+

v− vr
τ

]
(6)

∆Vg =
1

f

[(
du

dt

)

prior
+

u−ur

τ

]
(7)
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It is crucial to distinguish this approach from standard Newtonian relaxation (direct nudging) of the velocity field. Unlike

direct nudging, which typically applies a corrective force proportional only to the instantaneous velocity error, the proposed

geostrophic adjustment (Eqs. 6–7) explicitly incorporates the system current tendency, which has the effect of damping the95

inertial oscillation. Furthermore, the derivation highlights the inherent rotational coupling imposed by the Coriolis force: the

correction for the zonal geostrophic wind component ∆Ug is driven primarily by the error in the meridional wind component

(v−vr), and vice versa. This cross-dependence ensures that the applied forcing respects the force balance in the boundary layer,

rather than treating the horizontal velocity components as independent scalar quantities. It should be noted that the presence

of the 1/f factor restricts this formulation to domains with a non-zero Coriolis parameter. Near the equator, the controller100

would become mathematically unstable. However, because the fundamental phenomena addressed by DGN—Coriolis-induced

Ekman veer and prolonged inertial oscillations—are inherently extratropical features, the method is perfectly suited for mid-

to high-latitude simulations, which encompass the vast majority of wind energy applications.

2.2 Practical Implementation for Turbulent Flows

In a turbulent simulation such as an LES, the instantaneous horizontally averaged wind v(zr) is not a smooth variable but is105

contaminated with high-frequency fluctuations. A direct application of Eqs. (6)-(7) would cause the controller to react to this

turbulent noise which, when amplified by the 1/f term, leads to large, unphysical oscillations in G.

To ensure robustness, the controller must act on a filtered signal representing the mean state. This is achieved through two

mechanisms:

Signal Smoothing.110

We apply an Exponential Moving Average (EMA) filter to the wind at the reference height at every model timestep, ∆t. The

smoothed wind, vsmooth, is updated as:

vn
smooth = α ·vn +(1−α) ·vn−1

smooth (8)

where the smoothing factor α=∆t/Tsmooth, and Tsmooth is a user-defined timescale.

Periodic Updates and Tendency Calculation.115

The controller updates G periodically at an interval Tfilter. The “current tendency” term, inaccessible in a complex model, is

approximated using the change in the smoothed wind over this interval:
(
dv

dt

)

current
≈ vnow

smooth −vpast
smooth

Tfilter
(9)

The error term, (v−vr)/τ , is also calculated using the most recent smoothed value, vnow
smooth. This ensures the controller’s

decision is based entirely on a filtered, stable signal.120
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3 Idealized 1D Model Experiments

The implementation of DGN relies on three governing parameters: the relaxation timescale (τ ), the exponential smoothing

window (Tsmooth), and the forcing update interval (Tfilter). Calibrating these parameters is essential to ensure the controller

effectively steers the mean wind and damps inertial oscillations without inducing instability. However, performing a systematic

parameter sweep is computationally prohibitive in full three-dimensional LES. Therefore, to demonstrate the DGN method125

and examine its sensitivity to control parameters, we first employ a simple one-dimensional (1D) column model. This allows

for rapid, systematic sensitivity experiments to identify robust operating parameters at a negligible computational cost prior to

implementation in the 3D solver.

3.1 Model Description

The 1D model simulates the temporal evolution of the horizontally averaged wind profile, v(z, t) = (u,v), governed by the130

Reynolds-averaged Navier-Stokes equations under the assumption of horizontal homogeneity. The deterministic evolution is

given by:

∂u

∂t
= f(v−Vg)+

∂

∂z

(
Km

∂u

∂z

)
(10)

∂v

∂t
=−f(u−Ug)+

∂

∂z

(
Km

∂v

∂z

)
(11)

where f is the Coriolis parameter and G= (Ug,Vg) is the geostrophic wind vector, which serves as the time-dependent control135

variable. A constant eddy viscosity Km was chosen specifically to reproduce the classical Ekman spiral as the analytical

equilibrium solution. Expressing the wind and forcing as complex variables (v = u+ iv and G= Ug + iVg), the analytical

solution is:

v(z) =G
[
1− e−(1+i)z/δ

]
(12)

or in component form:140

u(z) = Ug − e−z/δ
[
Ug cos

(z
δ

)
+Vg sin

(z
δ

)]
(13)

v(z) = Vg − e−z/δ
[
Vg cos

(z
δ

)
−Ug sin

(z
δ

)]
, (14)

where δ =
√
2Km/f is the Ekman layer depth. In this study, we select Km = 1.0 m2 s−1 (with f = 10−4 s−1), which yields

δ ≈ 141 m and an effective boundary layer height of h≈ πδ ≈ 444 m.

To approximate the inherent variability of the mean flow in a 3D LES, a stochastic perturbation term, ∆vnoise, is added to145

the velocity field after each time step (see Appendix A for details). Boundary conditions consist of a no-slip condition at the

surface (u= v = 0 at z = 0) and a zero-gradient condition at the model top. To prevent unphysical reflection of disturbances, a

Rayleigh damping layer (sponge layer) is applied above a specified height Hnudge to relax the velocity toward the geostrophic

wind.
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Furthermore, this analytical framework allows us to derive the exact geostrophic forcing required to achieve a specific target.150

For a target mean wind vector vr at a reference height zr, the required geostrophic wind Gr is determined by inverting Eq. (12):

Gr =
vr

1− e−(1+i)zr/δ
. (15)

In more comprehensive models such as LES, an exact analytical solution is not possible. However, if we assume the system

preserves the shape of the vertical hodograph, the required forcing can be estimated from a converged state. If a simulation155

driven by an initial guess G0 converges to a target height velocity ṽ, the adjusted forcing Gr required to match the target vr

can be estimated via a complex scaling (see Appendix A for details):

Gr =
(vr

ṽ

)
G0 (16)

3.2 Sensitivity Experiments

The efficacy of the DGN controller is governed by three primary tuning parameters: the relaxation timescale (τ ), the controller160

update interval (Tfilter), and the EMA filter timescale (Tsmooth). Preliminary tests indicated that the controller’s performance

is most sensitive to τ and Tfilter, while being less sensitive to the precise value of the EMA filter, provided it is sufficient to

smooth high-frequency noise. Therefore, we fixed Tsmooth at a physically reasonable value of 10 minutes, a common timescale

for meteorological averaging, to focus the main analysis on the more critical parameters.

To identify the optimal configuration of τ and Tfilter, we then performed an ensemble-based parameter sweep. A matrix of165

simulations was conducted with Tfilter varying from 10 to 90 minutes and τ varying from 40 to 120 minutes. This 9× 9 matrix

was repeated 20 times with different random seeds for the stochastic noise, yielding a total of 1,620 simulations. The fixed

physical and numerical parameters for this ensemble are detailed in Table 1.

Performance was evaluated over the final 18 hours of each 24-hour simulation using two metrics. First, Target Wind Error

(εv) is defined as the Root Mean Square Error (RMSE) of the target height wind speed relative to the target vector vr. Second,170

Forcing Convergence Error (εG) is defined as the RMSE of the controlled geostrophic wind relative to the analytical solution

Gr (Eq. 15), which is (12.67,−6.49) m/s in this case. Using the analytical solution as a reference provides a rigorous measure

of physical fidelity; a successful controller must not only hit the target wind speed but also converge to the correct large-scale

forcing required to sustain it.

We defined a combined cost function J to balance these competing objectives:175

J = 0.5 · εv
max(εv)

+ 0.5 · εG
max(εG)

(17)

where the errors are normalized by the maximum values observed in the ensemble to ensure equal weighting.

The results reveal a distinct trade-off between tracking speed and physical convergence (Fig. 2). Aggressive control (low τ ,

low Tfilter) yields low tracking error εv (Fig. 2a) but results in a noisy forcing term that fails to settle on the analytical solution,

leading to high εG (Fig. 2b). Conversely, passive control (high τ ) ensures a stable G but allows the wind to drift from the180
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Table 1. Physical and numerical parameters for the 1D model experiments.

Parameter Symbol Value

Coriolis Parameter f 1× 10−4 s−1

Eddy Viscosity Km 1.0 m2 s−1

Reference Height (Target) zr 100 m

Target Wind Vector vr (10,0) m/s

Initial Geostrophic Wind G0 (10,0) m/s

Stochastic Intensity σv 0.01 m s−3/2

ABL Height zi 800 m

Rayleigh Damping Height Hnudge 800 m

Rayleigh Damping Timescale Tnudge 3600 s

EMA Filter Timescale Tsmooth 600 s

Model Timestep ∆t 10 s

Data Output Interval - 60 s
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Figure 2. Ensemble-averaged controller performance. (a) Wind Tracking Error (εv): RMSE of the target height wind against the target. (b)

Forcing Convergence Error (εG): RMSE of the geostrophic wind against the analytical Ekman solution. (c) Combined cost metric J . The

minimum (marked by ‘X’) indicates the optimal parameter set balancing accuracy and physical fidelity.

target. Guided by the minimum of the cost function (Fig. 2c), we selected τ = 60 min and Tfilter = 30 min (marked by ‘X’) as

the robust configuration for subsequent experiments.
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3.3 Comparison of Control Strategies
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Figure 3. Comparison of the final (t=24h) state for the NoNudge, Nudge, and Analytical Ekman cases. (a) Wind speed profiles. (b) Wind

direction profiles. (c) Hodographs of the wind profiles. Circles mark the wind at the 100 meter reference height, and ‘X’ markers indicate the

final geostrophic wind. The Nudge simulation successfully converges to the theoretical analytical solution, while the NoNudge simulation

exhibits a large steady-state error.

Having established an optimal parameter set for the DGN controller, we now conduct a final comparison to demonstrate its

performance against the standard simulation approach and the theoretical solution. We compare three distinct cases:185

– NoNudge: A baseline simulation where the geostrophic wind, G, is held constant at the target velocity, (10,0) m/s.

– Nudge: The dynamically controlled simulation, where the DGN method is applied using the optimal set of parameters

identified in the sensitivity study.

– Analytical: The theoretical steady-state solution given by Eq. (12), where the required geostrophic wind, Gr, is

calculated a priori from the inverse Ekman formula (Eq. 15). This serves as the ground truth for the final equilibrium190

state.

Figure 3 presents the final state of the boundary layer after 24 hours of simulation, comparing the results of the two numerical

experiments to the analytical solution. The NoNudge simulation clearly demonstrates the fundamental problem with a naive

forcing strategy. Due to the Ekman spiral effect, its final wind profile (orange dashed line) fails to achieve the target wind speed
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or direction at the 100-m reference height. The corresponding target height wind marker (orange circle) on the hodograph is195

far from the desired state of (10,0) m/s.

In contrast, the final profile from the Nudge simulation (solid green line) is in excellent agreement with the theoretical

Analytical Ekman solution (dotted blue line) across the entire boundary layer depth. As shown in all three panels, the controller

has successfully forced the simulation to converge to the physically correct steady state. On the hodograph in panel (c), the

target height wind marker for the Nudge case (green circle) lies precisely on the target, perfectly matching the analytical200

solution’s marker (black circle).

Most critically, panel (c) visualizes the action of the controller. The dotted green line shows the evolution of the geostrophic

wind, G(t), as determined by the DGN method. It starts at the naive guess of (10,0) m/s and autonomously spirals towards the

final, correct geostrophic wind required to balance the flow. This final value (green ‘X’) is in remarkable agreement with the

theoretical geostrophic wind (blue ‘X’) calculated from the inverse Ekman formula. This result shows that the DGN method205

not only achieves the correct final state but also automatically discovers the necessary theoretical forcing without any manual

tuning.

The analysis of the final profiles in Fig. 3 demonstrates that the DGN method successfully converges the simulation to the

theoretically correct equilibrium state. However, the most significant advantage of the method is not just its final accuracy, but

the efficiency with which it reaches that state. To illustrate this, Figure 4 directly compares the transient behavior and spin-up210

time of the NoNudge and Nudge cases over the full 24-hour period.

The NoNudge case (orange line) clearly illustrates the problem of a prolonged spin-up. Starting from a state of force

imbalance, the flow develops a large-amplitude inertial oscillation. As seen in panels (a) and (b), the target height wind speed

undershoots to nearly 6 m/s, and the direction over-rotates to about 240◦ after approximately 8 hours. The system then slowly

oscillates back, but has still not settled on a stable equilibrium even after 24 hours.215

In contrast, the Nudge case (green line) demonstrates the primary benefit of the DGN method. By continuously adjusting

the geostrophic wind, the controller actively damps the inertial oscillation. Panels (a) and (b) show that it rapidly steers the

target height wind to the target state, converging smoothly to the 10 m/s speed and 270◦ direction in approximately 2 hours

and maintaining it with high precision for the remainder of the simulation.

Panel (c) reveals the mechanism behind this rapid convergence. The NoNudge case is forced with a constant, incorrect220

geostrophic wind. The Nudge case, however, dynamically adjusts the forcing. Starting from the naive guess of (10,0) m/s,

the controller smoothly drives the geostrophic wind components towards their final, correct equilibrium values. After approxi-

mately 5 hours, the controller’s applied forcing (dashed and dotted green lines) has autonomously converged to the theoretical

analytical values (blue lines). This automated adjustment is what suppresses the physical force imbalances that cause the

long-period oscillations, effectively eliminating the computationally expensive spin-up period.225
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Figure 4. Time series comparison for the 1D model simulations. (a) Wind speed at the 100-m reference height. (b) Wind direction at the

target height. (c) Evolution of the applied geostrophic wind components. The ‘Analytical‘ lines in panel (c) show the theoretical geostrophic

wind components required to achieve the target state.

4 Validation in a 3D LES Environment

Having demonstrated the concept and explored the parameter sensitivity of the DGN method in an idealized 1D model, we

now validate its performance in a full 3D Large-Eddy Simulation. The objective is to confirm that the method is effective in a

realistic, stochastic turbulent environment and to illustrate its practical benefits for generating on-target inflow conditions.

4.1 WRF-LES Configuration230

The 3D simulations were performed using the Weather Research and Forecasting model (WRF, version 4.3.1; Skamarock

et al., 2019), configured for idealized LES. The DGN method was implemented within the WRF-SADLES framework (V2.0b;

Bui et al., 2024; Bui, 2026a), which is designed for wind energy applications. The LES mode is enabled using the standard

1.5-order three-dimensional Turbulent Kinetic Energy (TKE) closure scheme (Lilly, 1967).
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The simulation was conducted on a doubly periodic domain with a horizontal extent of 2.4×1.2 km and a vertical extent of235

1.2 km, using an isotropic grid resolution of ∆x=∆y =∆z = 20 m. All simulations were run for 24 hours with a timestep

of 0.2 s, and output was saved every 10 minutes. The Coriolis parameter was set to f = 1.177× 10−4 s−1. Surface fluxes

were calculated using the Revised MM5 Monin-Obukhov surface layer scheme (Jiménez et al., 2012) with a surface roughness

length of 1 mm. To drive the development of a convective boundary layer, a constant kinematic surface sensible heat flux of

(w′θ′)s = 0.024 K m s−1 is prescribed, corresponding to weakly convective conditions (Kale et al., 2022; Bui et al., 2024). All240

other physics parameterizations (e.g., microphysics, radiation) were deactivated, and a Rayleigh damping layer was applied to

the top 300 m of the domain to prevent spurious wave reflections.

Consistent with the 1D model study, two primary simulations were conducted:

– NoNudge: A baseline simulation with a fixed geostrophic wind set equal to the target wind, G= (10,0) m/s.

– Nudge: A simulation where the DGN method is applied. The controller parameters were set to the values identified245

in the 1D sensitivity study: τ = 90 minutes, Tfilter = 20 minutes, and Tsmooth = 5 minutes, with the target level set to a

height of approximately 100 m (k = 5).

It is important to note that while these parameters were optimal for the simplified 1D model, they are not guaranteed to be the

absolute optimum for the more complex 3D LES environment. A full parameter optimization for 3D simulations is a substantial

undertaking and is considered beyond the scope of this study. Instead, a key objective of this work is to use these 1D-derived250

parameters as a rational starting point and thereby demonstrate the robustness and transferability of the DGN tuning process.

The goal is to illustrate the method’s effectiveness even when not perfectly optimized for the specific 3D turbulent state.

4.2 Simulation Results and Analysis

The primary result of the 3D validation is presented in Figure 5, which directly comparing the spin-up behavior of the two sim-

ulations. The results are remarkably consistent with the idealized 1D model findings. The NoNudge case (orange line) clearly255

demonstrates the characteristic inertial oscillation. This is most evident in the wind speed (panel a), which first undershoots to

approximately 8.5 m/s near hour 2.5 (1.5 m/s off the target), before recovering and overshooting to a peak of nearly 10.5 m/s

around hour 10. The wind direction (panel b) exhibits a similar oscillatory behavior, with a large initial excursion to the left,

reaching a minimum of approximately 255 degrees (15 degrees to the left of the target) between hours 8 and 10. Although the

amplitude of the oscillation damps significantly over the 24-hour period, the system is still slowly evolving and has not yet260

reached a complete steady-state equilibrium by the end of the simulation.

In contrast, the Nudge case (green line) demonstrates the controller’s effectiveness in this fully turbulent environment. The

DGN method successfully suppresses the large-scale inertial oscillation, keeping both the wind speed and direction centered

around the target values throughout the simulation. The variability in both wind speed and direction is larger than in the

idealized 1D case. This is likely attributable to the explicitly resolved, domain-scale turbulent structures in the 3D LES, which265

are only represented by a simple stochastic model in 1D.
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Figure 5. Time series comparison for the 3D WRF-LES simulations. (a) Horizontally-averaged wind speed at the reference height (100 m).

(b) Horizontally-averaged wind direction. (c) Evolution of the applied geostrophic wind components. The DGN method (Nudge) effectively

eliminates the long spin-up period at the target height.

A closer inspection of the Nudge time series reveals a distinct evolution in this variability. To quantify this, we divided the

24-hour period into three consecutive 8-hour windows. The standard deviation of the reference-height wind speed decreases

from 0.14 m/s in the initial window (0–8h) to a of 0.08 m/s in the middle window (8–16h), consistent with the controller

reaching a stable operating state after the initial adjustment. However, a significant increase in variability is observed in the270

final window (16–24h), where the standard deviation triples to 0.25 m/s. This late-stage increase suggests a change in the

physical state of the simulated boundary layer, which will be investigated in the subsequent analysis.
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The reason for this change is revealed by examining the flow evolution throughout the entire vertical domain, as shown in

the time-height diagrams in Figure 6. The Boundary Layer Height (BLH), identified using the maximum gradient of potential

temperature (Dai et al., 2014), is overlaid as a solid line. The BLH evolution is nearly identical in both simulations, growing275

steadily from an initial depth of around 500 m. The figure clearly shows that the late-stage increase in variability coincides

with the period when the BLH begins to interact with the upper Rayleigh damping layer (red dotted line) after approximately

18 hours. The figure reveal further insight of the DGN method: in the NoNudge case, the inertial oscillation is a prominent

feature within the boundary layer (panel a, b), whereas in the Nudge case, the oscillation is effectively damped within the

ABL, however, an oscillation of the mean wind is visible in the free atmosphere (panel c, d).280
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Figure 6. Time-height evolution of horizontally-averaged wind speed (a, c) and wind direction (b, d) for the NoNudge and Nudge simula-

tions. The Boundary Layer Height (solid line with black outline), the start of the Rayleigh damping layer (red dotted line), and the reference

height (green dashed line) are overlaid.
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A crucial test of the DGN method is whether it achieves control without artificially altering the physical turbulence structure.

Figure 7 compares the turbulence evolution and statistics between the Nudge and NoNudge simulations. The time-height

evolution of Turbulence Kinetic Energy (TKE) in panels (a) and (b) is visually similar. In both cases, turbulence initiates at

the surface and the turbulent layer deepens in concert with the growing boundary layer, providing qualitative evidence that the

DGN controller does not suppress the physical development of turbulence.285

This is confirmed quantitatively in panel (c), which shows the TKE profiles averaged over a mature period (10–15h). The

vertical structure of the turbulence is well-preserved, with both simulations showing the canonical shape for a CBL, including

a peak in the lower half of the boundary layer. While the ensemble-averaged TKE in the Nudge case is marginally larger than

in the baseline simulation, the difference is small, particularly near the reference height. Overall, this analysis demonstrates

that the DGN controller successfully manipulates the mean flow without compromising the fundamental physical realism of290

the simulated turbulence.

5 Conclusion

The initialization of idealized Large Eddy Simulations of the atmospheric boundary layer presents a persistent challenge.

The standard method of applying a constant geostrophic wind requires long, computationally expensive spin-up periods to

overcome inertial oscillations and a laborious trial-and-error process to achieve specific wind conditions at a target height. This295

paper introduced and validated a novel method, Dynamic Geostrophic Nudging (DGN), which treats the geostrophic wind as

a dynamic control variable to solve these long-standing issues.

The DGN method is based on a feedback control law derived directly from the horizontally-averaged momentum equations.

By incorporating both the instantaneous error from a target state and the tendency of the mean wind, the controller actively

damps inertial oscillations and continuously adjusts the large-scale forcing to steer the system toward the desired equilibrium.300

The method’s efficacy was first established in an idealized 1D model, which provided a proof of concept and was used to

conduct a systematic, ensemble-based parameter sweep. This analysis provided crucial insight into the controller’s behavior

and identified a robust set of tuning parameters. The 1D results demonstrated that the DGN method not only rapidly converges

to the correct final state but also autonomously discovers the theoretical geostrophic forcing required to maintain it.

The primary contribution of this work was the successful implementation and validation of the DGN method in a full 3D LES305

of a convective boundary layer. The results from the 3D simulations were in excellent agreement with the 1D model findings.

The DGN controller, using parameters derived from the simple 1D study, successfully eliminated the multi-hour inertial os-

cillation, achieving a quasi-equilibrium, on-target state. Furthermore, a detailed analysis of the turbulence structure confirmed

that the DGN method performs its function without artificially altering the physical development or statistical properties of the

simulated turbulence.310

The proposed DGN method offers significant advantages for the atmospheric modeling community. By rapidly achieving

a stable, on-target state, it drastically reduces the computational cost associated with long spin-up phases. It provides an

automated and robust way to achieve specific, reproducible inflow conditions without manual tuning. This rapid convergence
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Figure 7. Validation of the turbulence structure. (a) Time-height evolution of TKE for the NoNudge simulation. (b) Time-height evolution

of TKE for the Nudge simulation. (c) Time-averaged profiles of horizontally-averaged TKE for both cases, calculated over the period t=10-

15h. The excellent agreement confirms the physical fidelity of the controlled simulation.

also enables a more efficient simulation strategy, allowing for the use of shallower, computationally cheaper domains by

obviating the need to accommodate many hours of boundary layer growth. While this study focused on wind energy, the315

implications are broader, offering benefits to any field that relies on idealized ABL simulations, including air quality, pollutant

dispersion, and urban meteorology.

A limitation of the current study, and a key avenue for future research, is the rigorous tuning of the controller parameters for

3D LES under different atmospheric stability conditions. While we have demonstrated that the parameters derived from the 1D

model are effective for the weakly convective 3D case, the residual variability in the hub-height wind is noticeably larger than320
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in the idealized model. This suggests that a different, truly optimal parameter set likely exists for the full 3D environment, and

that this set may be dependent on the specific stability condition. A comprehensive parameter optimization for various stability

regimes, while computationally intensive, is an important next step. Additionally, while this study focuses on reaching a single,

stationary target equilibrium, the DGN framework could potentially be extended to track time-varying targets, such as diurnal

cycles or shifting synoptic conditions. However, the controller’s effectiveness in such scenarios will likely depend on the rate325

of change of the target vectors, which requires further investigation. Nonetheless, the DGN method, even with a non-optimized

parameter set derived from a simplified proxy model, has been shown to be a robust and significant step towards more efficient,

accurate, and reproducible idealized Large Eddy Simulations.

Code availability. A demonstration of the DGN method in an idealized 1D column model is available on Zenodo (Bui, 2026b). The full 3D

implementation of DGN integrated within the WRF-SADLES framework (v2.0b), is also publicly archived on Zenodo (Bui, 2026a).330

Appendix A: Derivation of the Manual Geostrophic Wind Correction

This appendix details the derivation of the scaling law used to estimate the corrected geostrophic wind, Gr, for the static

benchmark cases. The method assumes that the relationship between the applied geostrophic wind and the resulting equilibrium

target height wind can be approximated as a linear, conformal mapping (i.e., a uniform scaling and rotation), which is consistent

with the Ekman response in a neutral or stable boundary layer.335

To derive the correction, we represent the 2D horizontal vectors as complex variables. Let the geostrophic wind be denoted

by G= Ug + iVg and the target height mean wind by v = u+ iv.

We assume the atmospheric boundary layer acts as a complex linear operator λ, such that

v = λG. (A1)

If, from a first guess G0, we obtain a converged target height wind ṽ, then the system operator λ is empirically determined as340

λ=
ṽ

G0
. (A2)

Our objective is to find the corrected geostrophic forcing Gr required to produce the user-defined target wind vr. Assuming

λ remains constant, we have

vr = λGr. (A3)

Substituting λ gives345

Gr =
vr

λ
=

vr

ṽ/G0
=G0

(vr

ṽ

)
. (A4)

The same transformation corresponds to a rotation–scaling matrix:

Ugr

Vgr


=


a −b

b a




Ug0

Vg0


 , (A5)
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with a= vrũ+vr ṽ
ũ2+ṽ2 , b= vrũ−vr ṽ

ũ2+ṽ2 .

Appendix B: Justification for the Stochastic Forcing Scaling350

This appendix provides the physical justification for scaling the stochastic perturbation, or "kick," by the square root of the

model timestep,
√
∆t. This scaling is essential for ensuring the numerical implementation of the stochastic process is physically

consistent and independent of the choice of ∆t.

The stochastic term is formulated to represent the continuous injection of TKE into the resolved flow by unresolved, random

turbulent processes. Let the average rate of this stochastic TKE injection per unit mass be a physical constant, ϵs, which has355

units of energy per unit time (m2/s3).

The expected amount of energy added to the system during a single model timestep of duration ∆t is therefore proportional

to the rate multiplied by the duration:

Energy added per step ∝ ϵs∆t (B1)

Kinetic energy is proportional to velocity squared. Therefore, the change in energy is proportional to the change in variance360

of the velocity, Var(∆vnoise). This leads to the core relationship:

Var(∆vnoise)∝ ϵs∆t (B2)

This shows that for the rate of energy injection to be constant, the variance of the kick added at each step must be directly

proportional to the timestep ∆t.

The magnitude of the random kick implemented in the code corresponds to its standard deviation, which is the square root365

of the variance. Therefore, the magnitude must scale with the square root of the timestep:

Magnitude of kick = StdDev(∆vnoise)∝
√

ϵs∆t∝
√
∆t (B3)

This is why the stochastic term is implemented as ∆vnoise =A(z)·σv ·
√
∆t·N (0,1), where the stochastic intensity parameter

σv is physically related to the TKE injection rate. This scaling ensures that the total stochastic energy added over a given period

(e.g., one hour) is a physical constant and does not depend on our numerical choice of ∆t. This is a standard result in the370

numerical integration of stochastic differential equations.
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