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Abstract. Turbulence parameterization in numerical weather prediction (NWP) models remains a challenge, particularly as

resolution continues to increase. Existing turbulence evaluation methods often rely on high-resolution benchmark simulations

which commonly depend on idealized assumptions and boundary conditions. An alternative evaluation method is presented

here, based on Doppler lidar (DL) retrievals of wind and turbulent properties in the lower atmospheric boundary layer provid-

ing a more realistic representation of atmospheric turbulence. Modern DL retrieval methods enable the derivation of spatio-5

temporal and physically consistent profiles for wind and turbulence variables, including the turbulent kinetic energy (TKE),

eddy dissipation rate (EDR) and turbulent length scale, which are key parameters commonly used in turbulence parameteri-

zation. These can be directly compared to their model equivalents, yielding insights into model deficiencies. The evaluation

method is demonstrated here by applying it to the TKE scheme "Turbdiff" used in the ICOsahedral Nonhydrostatic (ICON)

model, run with 2.1km horizontal mesh size in the regional NWP configuration at the German Weather Service. Diagnostics for10

an equitable comparison of observed and simulated TKE are applied, accounting for model contributions on scales equivalent

to those of the DL retrieval.

Results show that the model successfully represents the broad patterns of the boundary layer temporal evolution over a

five-day summer period with convective days and stable nights. Discrepancies are mainly found at night for near-surface layers

below the low level jets that form under stable conditions. Here, excessive mixing leads to an overestimate of wind speed,15

TKE and EDR. Errors in winds are smaller than in TKE and EDR, as expected given the higher uncertainty of parameterized

turbulence. The turbulent length scale formulation, stability functions and prescribed minimum diffusivity are identified as

potential candidates contributing to this model bias. The TKE diagnostics applied to the model to approximate the scales

sampled by the DL retrieval also allow insights into the relative contribution from subgrid-scale and grid-scale processes and

indicate that the model is able to flexibly re-partition these contributions according to the dominant scales of the flow.20

Lastly, the relevance of the demonstrated model performance is illustrated for two applications: the estimation of mixing

layer height from EDR for dispersion modeling, and turbulence intensity derived from TKE for applications in the wind energy

sector.
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1 Introduction

Advances in computing power have enabled the reliable application of atmospheric numerical models at increasingly finer25

horizontal resolutions. Numerical weather prediction (NWP) centers are now approaching sub-kilometer horizontal scales for

routine regional simulations (Boutle et al., 2016; Joe et al., 2018; Glazer et al., 2025), thus entering the "turbulent gray zone"

where larger turbulent eddies are partially resolved, while smaller-scale turbulence still requires parameterization. Numerous

studies on this topic have demonstrated that traditional parameterizations developed for coarser horizontal resolutions, where

turbulence is entirely subgrid-scale, become less applicable at these scales (Wyngaard, 2004; Honnert et al., 2020; Doubrawa30

and Muñoz-Esparza, 2020). The proper treatment of turbulence in the gray zone is therefore an urgent and open research topic

(Dudhia, 2022).

To guide the further development of turbulence parameterizations, appropriate methods for model evaluation are required.

Having suitable reference data is a fundamental necessity for assessing model quality. High-resolution large-eddy simulations

(LES) of canonical idealized boundary layer cases (e.g., Shin and Hong, 2013) or "real", less idealized cases (e.g., Doubrawa35

and Muñoz-Esparza, 2020) are frequently used as a bench mark. Alternative validation methods include validation against

SYNOP observations in the operational setting, and evaluation with ground-based flux measurements or remote sensors (Goger

and Dipankar, 2024). The latter have also been used, often in conjunction with LES, to directly validate the turbulent kinetic

energy budget (Nilsson et al., 2016a, b; Rohanizadegan et al., 2025). Doppler lidar (DL) observations in particular have proven

valuable in providing estimates of vertical and horizontal winds in the atmospheric boundary layer (ABL), their distribution40

moments and related turbulent properties of the ABL. The latter are mostly derived from vertically pointing DL systems

(Harvey et al., 2013; Manninen et al., 2018; Lothon et al., 2009; Dewani et al., 2023).

The DL retrieval method developed by Smalikho and Banakh (2017) can be used to derive several different turbulence

variables simultaneously from a single scan strategy. In addition to the horizontal wind this includes turbulent kinetic energy

(TKE), eddy dissipation rate (EDR), a turbulent length scale (LV ) and momentum fluxes for the lowest 600 m of the ABL.45

These are all properties that are either predicted or parameterized in many commonly used turbulence parameterizations in both

global and mesoscale models (He et al., 2019; Zonato et al., 2022). Unlike conventional DL measurement and retrieval ap-

proaches that rely on alternating scan modes, the method by Smalikho and Banakh (2017) ensures spatio-temporal consistency

by eliminating the need for sequential switching between different measurement configurations. This is particularly beneficial

for model evaluation, as it enables a physically consistent assessment of the relationships between wind and turbulence char-50

acteristics without additional uncertainties introduced by differing observational sampling properties. Especially for TKE and

EDR the retrieval method is well validated against in-situ tower data (Wildmann et al., 2020).

A further advantage of these observations obtained from conically scanning DL over vertically pointing DL is that they

measure the three-dimensional turbulence rather than just the vertical component, enabling a representation of anisotropic tur-

bulent structures (Banakh and Smalikho, 2019). Accounting for this anisotropy is crucial for improving the validation of NWP55

turbulence parameterizations, particularly in the gray-zone regime where horizontal motions become increasingly important.
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Thus, scanning DLs enable a more comprehensive and physically meaningful evaluation of turbulence parameterizations in

high-resolution NWP models.

Since DL measurements based on conical scans only resolve a limited range of spatial and temporal scales, it is essential to

ensure consistency by extracting the corresponding scales from the model in the evaluation. This approach of approximating60

the scales of the observational reference is in contrast to the method typically applied to LES reference data, which is filtered

to match model’s effective resolution (e.g. Honnert et al., 2011).

In this article, we demonstrate the value of the DL retrieval by Smalikho and Banakh (2017) for turbulence evaluation by

applying it to the ICOsahedral Nonhydrostatic (ICON) model (Zängl et al., 2015) used for NWP at the German Weather Service

(DWD). In Section 2 we describe the DL measurement and retrieval method and the model setup, followed by the method to65

derive the full DL-equivalent TKE from the model simulations. The evaluation of turbulent parameters is shown in Section 3.

A more in-depth validation of the parameterized turbulent length scale can be found in Section 4. A case study with focus on

model deficits w.r.t. excessive mixing is discussed in Section 5. The relevance of our results for subsequent NWP applications

is explored with two examples in Section 6, and we conclude our discussion in Section 7.

2 Data and methods70

2.1 Doppler lidar wind and turbulence measurements

At the Meteorological Observatory Lindenberg – Richard-Aßmann-Observatory (MOL-RAO) a Halo Photonics StreamLine

(now HALO Photonics by Lumibird) Doppler lidar for simultaneous wind and turbulence profile measurements in the lowest

600 m of the ABL is installed. The instrument is sited on the Falkenberg measurement field a few kilometers away from Linden-

berg in east Germany, approximately equidistant between Berlin and the Polish border. The site consists of an open grassland75

area also hosting a 99 m mast, which is equipped with a USA-1 omnidirectional sonic anemometer (Metek GmbH) at the 50.3m

and 90.3m levels, and various additional instruments. The surrounding area is dominated by patchwork of agricultural land and

forest over generally flat terrain. The DL, manufactured in 2019 with a 180ns pulse length and a variable focus, is positioned

relatively close to the mast, with an average distance of approximately 80 meters. The applied DL measurement strategy and

retrieval method follows the approach proposed in Smalikho and Banakh (2017). Using a continuous conical scan mode (i.e.80

the measurement geometry underlying VAD techniques) with an elevation angle of 35.3◦ and an azimuthal resolution of ∆θ

= 1◦-2◦, instantaneous radial velocities (Vr) are measured along the line-of-sight of each beam direction with a spatial reso-

lution of 48 m. The elevation angle is particularly chosen so that the contributions of the variances (σ2
u, σ2

v , σ2
w ) of the three

orthogonal wind components (u,v,w) to the radial velocity variance (σ2
Vr

) are equally weighted. This allows σ2
Vr

measured at

different azimuth angles to be directly related to the turbulent kinetic energy (TKE= 0.5(σ2
u +σ2

v +σ2
w), Kropfli, 1986). The85

high azimuthal resolution enables the structure function method to be used to estimate the EDR. Smalikho and Banakh (2017)

use the latter to calculate a correction term for TKE that compensates for its systematic underestimation in DL measurements,

caused by the pulse averaging effect attenuating the contribution of small-scale fluctuations to σ2
Vr

. One scan circle takes about

72 seconds such that 25 full scans are completed within a 30 minute averaging time. This ensures statistical robustness of
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the σ2
Vr

values for each azimuth angle. Note that due to the conical scan patterns the retrieved wind and turbulence variables90

for each measurement height represent temporal-spatial averages over differently sized circular areas with diameters ranging

between about 280 m at 100 m height and 1700 m at 600 m above ground. The DL measurements therefore include not only

wind fluctuations that fall into the strict definition of isotropic, shear- or buoyancy induced turbulence as frequently assumed

in classical turbulence parametrization schemes, but also contain the kinetic energy of non-turbulent circulations.

When performing conical scans with such a comparably high azimuthal resolution, the number of laser pulses per radial95

wind measurement is limited to Na = 2000 due to the relation Na =∆θfp/ωS (Banakh and Smalikho, 2013). Here ωS = 5°

s−1 and fp = 10 kHz denote the angular rotation rate and pulse repetition frequency of the DL system used. This affects the

signal-to-noise ratio (SNR) serving as a measure of the quality of the radial velocity measurements. As a result, the time series

of Vr measurements are characterized by an increased level of noise, especially under unfavorable atmospheric conditions (e.g.

low aerosol load). An appropriate noise-filtering to deal with this problem has been developed by Päschke and Detring (2023)100

and was applied in the lidar data analysis for the present study.

Finally, Smalikho and Banakh (2017) propose a DL based integral length scale LV to retrieve measurements for the size of

the most energetic eddies in the atmospheric turbulent flow sampled by the instrument, by combining the DL based TKE and

EDR using Kolmogorov’s relation, i.e.

LV = c4
TKE3/2

EDR
(1)105

with c4 = 0.3796. Equation (1) originates from Richardson’s view of the energy cascade in turbulent flows and from the

assumption of an energy balance between energy production by the large eddies at the beginning of the cascade and energy

dissipation by the smallest eddies at the end of the cascade (Richardson, 1922) - a region commonly referred to as the inertial

range. It is valid for well-developed turbulence close to a statistically homogeneous, stationary and isotropic state (Mora and

Obligado, 2020).110

2.2 Model forcing and configuration

We illustrate our evaluation method for the operational regional configuration of ICON over Germany with 2.1 km mesh

size and 65 vertical levels (hereafter D2) with forcing derived from the operational 6.5 km ICON European nest. Given the

triangular grid used by ICON, the horizontal mesh size is defined as the square root of the triangular grid cell area. The vertical

coordinate is stretched with 18 model levels (and layer thickness ranging from 20 to 40 m) in the lowest 600 m of the ABL.115

The configuration is comparable to the operational setup, except a more recent model binary ("icon-2026.04") is used, which

is available from the ICON Open Source git repository (https://gitlab.dkrz.de/icon/icon-model/). Simulations are initialized

at 00UTC from the operational analysis and integrated over 36h. The D2 configuration uses a subgrid-scale cloud scheme,

a shallow convection parameterization, and a parameterization for subgrid-scale orographic drag. An overview of the ICON

model can be found in Zängl et al. (2015). Given the focus of this paper, the treatment of turbulence will be described in more120

detail below.
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Turbulence is parameterized in ICON with the "Turbdiff" scheme (Raschendorfer, 2001; Raschendorfer et al., 2003; Doms

et al., 2021; Baldauf et al., 2011) together with the "Turbtran" surface transfer scheme (Baldauf et al., 2011). The scheme is

based on a 2nd order closure on level 2.5 of anisotropy according to Mellor and Yamada (1982), and thus applies the standard

closure assumptions by Rotta (1951) and Kolmogorov (1962) for quasi-isotropic turbulence, so as to substitute additional125

pressure-correlation terms or dissipation terms in the 2nd order equations, where the latter mainly have the form of a pure

equilibrium between source- and sink-terms, except the equation for TKE, which is treated prognostically. Rather than using

TKE itself, Turbdiff works with the characteristic velocity scale q :=
√
2 TKE. The TKE equation, reproduced here in updated

form from Goecke and Machulskaya (2021, their equation 9), takes the form:

∂(q2/2)

∂t
=−

∑
ij

u′
iu

′
j

∂ui

∂xj︸ ︷︷ ︸
3D resolved shear

+βw′θ′v︸ ︷︷ ︸
buoyancy

+
∂

∂z
[αT lBq

∂(q2/2)

∂z
]︸ ︷︷ ︸

turbulent transport

− q3

αM lB︸ ︷︷ ︸
eddy dissipation rate

+u1
∂u1

∂t

∣∣∣∣
SSO

+u2
∂u2

∂t

∣∣∣∣
SSO︸ ︷︷ ︸

subgrid-scale orography

+ SH︸︷︷︸
horizontal shear

(2)130

where u1, u2, w are the three wind components, mean quantities and their perturbations are denoted by bars and primes, lB

is the turbulent length scale, β = g/Θ0 the buoyancy parameter and αM = 16.6 and αT = 0.2. Note that the first term on the

right-hand-side includes the full three-dimensional shear of the resolved winds, while in Goecke and Machulskaya (2021) only

the vertical shear was included.

Turbdiff attempts to account for the fact that not all unresolved circulations strictly satisfy the assumption that turbulence be135

isotropic and fall within the inertial range, which is implicit in conventional turbulence closures. These types of circulations

- neither fully resolved, nor part of the parameterized turbulence spectrum - will be denoted as "non-turbulent circulations",

or NTC hereafter. In ICON, subgrid-scale processes such as convection and subgrid-scale orographic drag are represented by

their own parameterizations. The energy transfer into the inertial range due to non-linear interactions of these NTC processes

is accounted for in Turbdiff by scale-transfer terms. The term labeled "subgrid-scale orography" in Eq. 2 represents the transfer140

of TKE into the inertial range from gravity waves, while the term labeled "horizontal shear" represents an additional source

of TKE from unresolved, organized horizontal shear associated with e.g. upper level fronts or jet stream exit regions. (The

scale-transfer term from convection is not currently included.) The derivation of these terms is described in sections 1 and

2 of Goecke and Machulskaya (2021). Thus horizontal shear is accounted for through two different pathways, by including

horizontal shear of the resolved winds and through the additional subgrid source term, making Turbdiff more suitable for use145

at finer mesh sizes. Goger et al. (2018) demonstrate the benefit of including the additional subgrid horizontal shear source term

in the turbulence scheme for a mesh size of 1.1 km over complex terrain. While their turbulence implementation differs in

other details from the operational scheme described above, the conclusions regarding the importance of including additional

horizontal shear applies nevertheless.

Turbdiff uses the Blackadar (1962) vertical length scale150

lB =
κ(z− z0)

(1+ κ(z−z0)
lm

)
(3)

with lm = κ min{Dg,L
max
p }, z0 the roughness length and Dg the horizontal mesh size. κ denotes the von-Karman constant

and Lmax
p = 500 m. Lp =min{Dg,L

max
p } is the turbulent peak wave length which delineates the transition from NTCs to the
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true, isotropic inertial range across which the above described scale-transfer takes place. The value of 500 m for Lmax
p denotes

the assumed upper limit to which fully isotropic turbulence can be maintained. Together with the representation of horizontal155

shear, this resolution-dependence of lB constitutes another scale-adaptive feature of Turbdiff that make it more suitable for the

application into the turbulent gray-zone.

The turbulent flux parameterization is based on K-theory where turbulent exchange coefficients for momentum and heat, i.e.

Km and Kh, play a key role in coupling the SGS turbulence to the resolved-scale flow. These exchange coefficients are defined

as Km = q lB fm and Kh = q lB fh. The stability functions fm and fh are those described in Buzzi et al. (2011). A minimum160

value for the exchange coefficients of Km,min = 0.75 and Kh,min = 0.4 is applied to maintain some degree of mixing under

stable conditions.

Given the inclusion of the additional horizontal shear terms in the TKE equation above, the exchange coefficients are suitable

to be used for the representation of both vertical and horizontal diffusion processes. However, in the first-order prognostic

equations of ICON, only the vertical turbulent fluxes are included to date. Therefore, these efforts to include 3D shear in the165

formulation of the exchange coefficients are not yet being exploited to their full potential.

2.3 Calculation of the grid-scale TKE contribution

For a meaningful comparison of simulated TKE with the observations, all TKE contributions from the model representative of

the temporal and spatial scales corresponding to those of the retrieval should be considered. Following the description of the

Turbdiff scheme above, the parameterized (hereafter subgrid-scale, or SGS) TKE represents the turbulence in the inertial range,170

including any scale-transfer contributions from NTC. These NTCs (i.e. convection, SSO drag) impact the resolved model state

via their own parameterizations, but the TKE associated with them is not accounted for directly. By calculating a grid-scale

(GS) contribution to the TKE, we capture the impact of resolved wind fluctuations, and also attempt to capture the contribution

from the NTCs via their imprint of the on the resolved flow.

Given the Doppler lidar’s elevation angle of 35.3◦, the diameter of the scan circle changes with height between about 280175

m at 100 m height and 1700 m at 600 m above ground. The TKE retrieval has a temporal resolution of 30 min, meaning the

observed TKE convolves both temporal and spatial wind variances. Further details on the TKE retrieval can be found in Section

2.1.

Given the horizontal mesh size of the ICON D2 configuration (approx. 2.1km), the scan cone falls entirely within a single

grid cell, and we can neglect contributions to the GS-TKE from resolved horizontal wind variability. The GS-TKE contribution180

from the D2 configuration is therefore purely based on the temporal wind variance at each individual grid point over a 30min

time window. This calculation is performed during the model run using winds at every 20s time step, applying the method

proposed by Welford (1962) for calculating incremental variances. In the following explanation, this 30min temporal variance

will be denoted by σ2
t , and the 30min average wind at each grid point by ut, where each of these variables can stand for any of

the three wind components.185

For model simulations with finer mesh size where several grid points fall within the scan diameter, the contribution from

horizontal wind variance can be accounted for by calculating an additional spatial variance term from model grid points falling
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within the spatial range of the (height-dependent) scan diameter. σ2
s then represents the spatial variance of the 30min average

winds ut across all M grid points falling within the scan diameter:

σ2
s =

1

M − 1

M∑
i=1

(ut,i −ut)
2 (4)190

Here,

ut =
1

M

M∑
i=1

ut,i (5)

denotes the spatial average of the 30min average wind ut across all grid points within the scan circle. Following rules for

variance decomposition, the total temporal-spatial variance can then be derived as the sum of these two contributions:

σ2
total = σ2

t +σ2
s (6)195

and the GS-TKE, representative of the joint temporal-spatial variability is

TKEGS = 0.5(σ2
total,u +σ2

total,v +σ2
total,w) (7)

The SGS-TKE representative of the 30min time window is also calculated during the model run as the arithmetic mean of

the instantaneous SGS-TKE values predicted at every model time step by the Turbdiff scheme within that time period. For finer

mesh sizes, the 30min mean SGS-TKE would also be averaged across all grid points falling within the scan diameter. Since the200

SGS-TKE is parameterized through various source and sink terms, variance decomposition does not apply. The sum of these

GS and SGS are then added to compare to the observations.

The relative importance of the GS and SGS TKE contributions will be explored in more detail in Sec. 4.

3 Evaluation of ICON operational limited area configuration

For the evaluation of selected turbulence variables of the ICON turbulence scheme we focus on a five-day period from 8-205

12 June 2023. Daily 36-hour simulations initialized at 00 UTC were stitched together to provide continuous data over the

time period, discarding the first 12 simulation hours of each simulation from 9-12 June 2023. By stitching forecasts together at

12UTC, the simulations are uninterrupted throughout the stable night time period, and the growth and decay phases of the ABL.

Model results from the closest grid point to the DL measurement site are evaluated. Profiles for wind speed, wind direction

and turbulence (TKE, EDR) retrieved from DL for this period are shown in Fig. 1[a]-[d]. The period chosen encompasses five210

days with a convective boundary layer evolution during daytime, while low level jets (LLJ) were observed during nighttime.

On several days, intense convective cells and precipitation developed, some of which produced cold pools. Wind speeds (Fig.

1 [a]) are strongest in the LLJs at night, which develop due to strong radiative cooling at the surface and a decoupling of the

upper stable boundary layer from the influence of surface friction. Daytime winds are generally weak, but increase slightly in

the afternoon as more momentum is mixed down from the free troposphere into the deepening ABL. Surface heating due to215

7



solar irradiance leads to convective instability during the day, and a gradually deepening, well-mixed ABL marked by higher

values of TKE and EDR (Fig. 1 [c] and [d]). A sharp gradient in these turbulent properties marks the top of the well-mixed

ABL during the morning growth phase. The evening transition period after sunset is accompanied by a rapid decrease of TKE

and EDR values throughout the lowest 600m of the ABL. At night, higher values of TKE and EDR can only be found in a

shallow, shear-driven turbulent layer below the LLJs. During the day, the observed wind and turbulence profiles considered220

together provide indications of cold pool events on June 8th and 10th. Depending on the case, the signature of the cold pools

in the wind field is dominated either by strong directional shifts as on June 8th or by pronounced increases in the wind speed

as on June 10th. With regard to the turbulence variables, cold pools are recognizable by increased TKE and a rapid collapse of

the mixed layer. A concurrent reduction of temperature, similar in nature to typical cold pool signatures found in weather mast

observations (Kirsch et al., 2021) is also observed (not shown). For the time period considered here, we lack the dense station225

network deployed two years prior during the Field Experiment on Submesoscale Spatio-Temporal Variability at Lindenberg

(Hohenegger et al., 2023, FESSTVaL) to unequivocally confirm the presence of cold pools from observations alone (Kirsch

et al., 2024), however radar-observed precipitation cells in the vicinity (not shown) and similarities to cases from the FESSTVaL

period analyzed elsewhere (Sakradzija et al., 2025) are highly indicative.

The observed ABL characteristics are qualitatively well represented by the operational ICON model (Fig. 1 [e]-[h]). Devi-230

ations are noticeable in situations where cold pool events are observed or predicted. Inspection of 2 m temperature maps (not

shown) confirm the occurrence of a weaker, more distant cold pool in the model on June 8th and a stronger cold pool initiated

in close proximity to the Lindenberg location on the 10th. Exact matches in terms of the timing, intensity and location of cold

pools should not be expected since the development of deep convective cells and associated downdrafts is not deterministic,

such that timing and location of events can vary. The night of June 9th stands out with a LLJ extending closer to the ground235

than observed. This results in a strong overestimation of the winds in the lowest model levels and is also associated with a

stronger turbulent mixing in ICON, which does not occur to this extent in the observations. A more detailed discussion of this

case can be found in Sec. 5.

For a more systematic and quantitative evaluation of the ICON model performance, time series and time-of-day profile

comparisons between ICON simulations and DL observations are shown in Fig. 2 and Fig. 3, respectively. Here, the time series240

plots not only provide comparisons of DL based wind and turbulence data at approximately 95 m height with corresponding

ICON simulations at approximately 77m (the closest model level height) but also include independent sonic measurements at

90m height to further strengthen confidence in the usefulness of DL based wind and turbulence measurements for evaluating

ICON during the considered time period. While the wind speed and TKE time series from the DL and sonic anemometer

measurements are in very good agreement, the agreement in the EDR is weaker. The sonic based EDR estimates systematically245

lie between the DL observations and the model results, indicating that the DL tends to underestimate EDR relative to the sonic

measurements, while the model mostly overestimates EDR, with values exceeding those observed by the sonic anemometer.

Despite this bias, the present study continues to use the EDR derived from the DL, since it adequately captures the temporal

evolution and relative variability of turbulence. In this sense, the EDR remains well-suited to constraining model behaviour.
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Figure 1. Comparison of time-height cross sections for [a],[e]: wind speed, [b],[f]: wind direction, [c],[g]: turbulent kinetic energy (TKE)

and [d],[h]: eddy dissipation rate (EDR) from (left) DL retrieval ([a]-[d]) and from (right) ICON simulations ([e]-[h]). Each DL-derived

dataset was subject to a specific quality flag (QC), resulting in differences in data availability.

The time-series comparisons between DL and ICON shown in Fig. 2 reveal quantitative differences mostly between ± 30%250

for wind speed, though in individual cases, such as a mis-matched cold pool event, the wind speed error can be around ±
100% (Fig. 2 [a]). Additionally, these time series comparisons clearly show the quantitative effects of the above described

erroneous LLJ simulations on June 9th, i.e. the strong overestimation of wind speeds close to the ground. For TKE (Fig. 2 [b]),

the differences between model and observation are larger and show a wider spread. In the daytime convective boundary layer,

there is a tendency of the model to underestimate TKE, while at night, the model overestimates the TKE. These differences255

must be attributed to model deficits, as the comparison with sonic measurements confirms the high quality of the DL retrieval

for wind and TKE. Note that the high quality of the DL-based TKE here provides evidence that the additional correction

method in the retrieval used to compensate for the underestimation of TKE due to pulse averaging is effective (see Sec. 2.1). In

contrast, with maximum values between -100% and +400% the range of relative errors for EDR is considerably larger than for

TKE (Fig. 2 [c]) which, however, is inflated due to the bias in the DL estimates and so that relative errors of +400% should be260
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Figure 2. A five-day (8-12 June 2023) time series comparison of DL-based wind speed ([a]) and turbulence variables ([b],[c]) at a height of

95.3 m with ICON simulations at the closest model height of 77.0 m. The histograms on the right show the relative errors between the two,

with vertical dashed lines indicating the ± 30 % range. Displayed USA-1 sonic (Metek GmbH) data at a height of 90m operated at a distance

of about 80 m from the DL system serve as an independent reference for an additional assessment of both DL and ICON data quality. Missing

sonic data is due to quality control filtering (e.g. wake effects at the mast). The differing availability of TKE and EDR reflects the use of

independent processing software/ retrieval methods (i.e. EddyPro for TKE/ Muñoz-Esparza et al. (2018) for EDR ) with method-specific

assumptions and quality flags. Note: The relative error for EDR is capped at 400 % in this representation to highlight the main distribution.

Rare extreme outliers beyond this range were excluded from the plot to avoid scaling issues.

regarded as an upper bound. While correcting for this bias would reduce the discrepancy, the error is still expected to exceed

that of TKE.

A quantitative intercomparison of vertical profiles up to 600 m heights between ICON and DL observations is given in Fig.

3. Median profiles and interquartile ranges (IQR) of the measured and simulated quantities at different times of day are shown,

composited over the five days, to evaluate the model’s ability to reproduce typical observed profiles and variability. For wind,265

the best profile agreement can be found during the day and at the transition from day to evening (ET) (Fig. 3 [a2],[a3]). At

night between 21:00 and 02:00 UTC a systematic model underestimation of the LLJ wind speed maximum in connection with
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Figure 3. Comparison of a median statistics of time-of-day profiles for wind and turbulence variables for four characteristic phases (morning

transition (MT), day, evening transition (ET) and night) between ICON simulations and DL observations based on the same five-day time

period as shown in Fig. 1. Shaded regions denote corresponding interquartile ranges (IQR). As the measurement profiles were not always

complete due to unfavourable measurement conditions in some cases, the analysis was limited to instances where observation and simulation

data were available at the same time.

a slight overestimation of the winds in the lowest parts of the profiles becomes evident (Fig. 3 [a4]). As a consequence, the

shear just below the LLJ maximum is weaker in the model when compared to the DL observations. The underestimate of the

LLJ maximum disappears during the morning transition (MT) period, between 03:00 and 09:00 UTC (Fig. 3 [a1]). At the same270

time, the LLJ features in the model profile are becoming less pronounced, pointing to an earlier LLJ decay. Similar to the wind

profiles, in the TKE profiles better agreement can be observed during the day and during the ET (Fig. 3 [b2], [b3]). By contrast,

a systematic overestimation of TKE is observed at night, which changes to a systematic underestimation at the transition from

night to day (Fig. 3 [b4], [b1]). The nighttime overestimate of TKE is, at first glance, inconsistent with the weaker wind shear

below the LLJ maximum in the model. A possible explanation may be differences in the stable stratification between model275

and observations. If the weaker LLJ in the model is concurrent with weaker stable stratification this may allow for stronger

turbulent mixing despite lower wind shear. As discussed above, the apparent model overestimate of the EDR (Fig. 3 [c2]) can
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be partly attributed to retrieval errors of the DL based EDR. In the evening hours, the relatively good agreement in the EDR

profile especially at higher altitudes then likely indicates a model underestimate (Fig. 3 [c3]). During the MT and daytime the

model tends to overestimate the EDR (Fig. 3 [c1], [c2]). The TKE overestimate in combination with EDR underestimate does280

not constitute a contradiction, as TKE and EDR characterize different aspects of turbulence. While TKE represents the total

(i.e. sum of GS and SGS) turbulent kinetic energy, EDR reflects the rate at which this energy is dissipated at small scales. An

underestimation of TKE combined with an overestimation of EDR therefore suggests that turbulence is too weakly generated

but too rapidly dissipated in the model, implying that it does not persist long enough within the system. EDR is systematically

overestimated at night, with large discrepancies even in the profile structure (Fig. 3 [c4]). Particularly the stronger observed285

vertical decrease of EDR at night not reproduced by the model is striking, while the slopes of the TKE profiles are more

comparable for the same time periods.

To summarize, the ICON model not only qualitatively, but also quantitatively reproduces the turbulent properties of the lower

ABL well, although the results suggest that the balance between turbulence production and dissipation could be improved

across different stability regimes. Additionally, the structures associated with the observed nocturnal LLJs are present, but290

the timing and quantitative measures, such as the LLJ maximum wind speeds and slopes of TKE and EDR profiles leave

room for improvement. This is consistent with previous studies that have shown deficiencies in the representation of LLJs

in the COSMO model (Consortium for Small Scale modeling, Baldauf et al. (2011)), the predecessor of ICON, indicating a

continuity of challenges across model generations (Finn et al., 2020). The relationship between LLJ winds, TKE and EDR will

be explored in more detail in the following section and in the case studies discussed in Sec. 5.295

4 Resolved and unresolved scales

The evaluation in the previous section focussed on wind, total TKE and EDR. This section analyses the contributions from the

individual SGS and GS components (as discussed in Sec. 2.3) to the total TKE across the diurnal cycle. With a mesh size of

2.1 km, the ICON D2 configuration is on the threshold of the turbulent ‘gray zone’, where large, organized turbulent structures,

such as convective cells, cold pools or shear-induced instabilities associated with LLJs, are starting to be resolved to some300

extent at the grid scale.

A physically consistent model must exhibit scale-aware behaviour here: as soon as the grid begins to dynamically capture

the most energetic components of the turbulence, the proportion of the parameterized SGS-TKE should be compensated ac-

cordingly. The aim is to evaluate whether this transition occurs successfully in diurnal variations and during transient events.

This will be complemented by a comparison of the DL derived length scale LV with the simulated counterpart, offering deeper305

insights into the size of the dominant eddies responsible for energy and momentum transport. Since Turbdiff relies on assump-

tions about the characteristic size of the most (SGS) energetic eddies, this enables a more complete understanding of the GS

and SGS turbulent structures, and can be important for assessing and, if necessary, improving the Turbdiff parameterization

scheme, especially under conditions with stable stratification and strong shear.
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Figure 4. Time-height cross sections of [a] GS- and [b] SGS-TKE contributions, [d] fraction of GS-TKE relative to total TKE and [e] wind

speed. Panels [c1] through [c4] show profiles of median (dashed) GS, (dotted) SGS and (solid) total TKE composited for the four phases of

the day, as in Figure 3.

4.1 Scale partitioning of turbulent kinetic energy310

The time-height plots in Figs. 4 [a], [b] show the breakdown of the total TKE as shown in Fig. 1 [d] into its respective SGS

and GS components. Both components exhibit a pronounced diurnal cycle, reflecting the daily transition of the ABL and the

dynamic partitioning of energy between the two components.

To evaluate the model’s ability to explicitly resolve turbulent structures in more detail, the ratio of GS-TKE to total TKE

was analyzed across the diurnal cycle in Fig. 4 [d]. When viewed in conjunction with the time-height plot for the simulated315

wind in Fig. 1 [e] it is apparent that the GS-TKE contribution is strongest during the passage of the simulated cold pool on

June 10th or in association with the development of the nocturnal LLJs. The briefly occurring, high GS-TKE values extending

from the surface to 500m altitude during the cold pool onset reflect the fluctuating resolved winds, and are directly followed

by a collapse of the turbulent ABL, which leads to lower SGS-TKE values during the afternoon.

Finally, Figs. 4 [c1]-[c4] present a statistical comparison of median SGS-, GS-, and total TKE profiles against DL-derived320

measurements. This approach is employed across the four periods (MT, daytime, ET, and nighttime) previously discussed, to
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provide a more robust assessment of scale-adaptivity. The contrast between e.g. the daytime period, where total TKE is clearly

dominated by the SGS contribution, and the evening transition period, where GS and SGS contributions are more similar in

magnitude (particularly between 200 and 350m altitude) shows that the model is able to flexibly partition the total TKE while

maintaining overall good agreement with the observed TKE profile. The increased contribution from the GS-TKE during the325

evening transition composite profile is primarily driven by the development of the LLJs. The LLJ’s strong wind shear creates

organized structures that the model resolves directly, causing the GS-TKE component to strengthen above the increasingly

stable near-surface layers. This confirms that the model successfully adapts its energy partitioning to different physical drivers.

Regarding the risk of double-counting which would manifest as a significant overestimation of total TKE compared to DL

measurements, the model shows good agreement or slight underestimates during the morning and evening transitions and330

during daytime. An overestimate occurs only at night, and here the SGS component alone already exceeds the observed total

TKE. This suggests that the bias is more likely rooted in the Turbdiff parameterization scheme itself rather than being a result

of double-counting.

Here, we have considered the TKE partitioning across the temporal evolution of the ABL where scale separation depends

on the size of the dominant circulations relative to the (fixed) model mesh size. A corresponding analysis could be applied also335

to simulations across multiple grid resolutions to evaluate the scale partitioning as the mesh size changes relative to the size of

the dominant circulations.

4.2 Evaluation of the turbulent length scale

As described in Section 2.1, a turbulent length scale LV representing the most energetic eddies occurring within the DL scan

volume can be derived from observations using Eq. 1. While the Turbdiff parameterization also utilizes a length scale lB , this340

is not directly comparable to the retrieved length scale LV since it describes the eddy size only of the SGS range of turbulence.

For a consistent comparison with DL-derived LV , a model-derived L∗
V is reconstructed by substituting the estimation of the

model’s total TKE (i.e. the sum of GS and SGS contributions) and the model EDR i.e. the term "eddy dissipation rate" in Eq.

2) into Eq. (1).

Note that the EDR term in Turbdiff follows the same concept of relating TKE and EDR via a length scale as in Eq.1, but345

using lB in the model relation. While both the DL and the model relations are conceptually similar, with c4 = 0.3796 and

cϵ := 23/2/αM = 0.170 differences in the employed coefficients exist. While this parameter should be a universal constant,

it is in fact treated as a tuneable parameter in Turbdiff (Doms et al., 2021). Due to the scale independence of the EDR, a

distinction between SGS and GS is not necessary here. Then, after some algebraic manipulation a functional relationship can

be derived, reading350

L∗
V =

c4
cϵ
lB(1+ g)3/2 =

c4
cϵ
lB

(
1+

3

2
g+

3

8
g2 + ...

)
(8)

with g defined as the ratio of GS-TKE to SGS-TKE (i.e. g = GS-TKE / SGS-TKE). Note that Eq. (8) directly relates L∗
V

with lB . In the following we use L∗
V as a suitable counterpart for a comparison with LV and therewith indirectly enable an

evaluation of lB also.
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Figure 5. [a]: Time-height cross sections for Doppler Lidar derived integral length scales LV with masked area where the data fail quality

control (QC), i.e. where the application of Eq. (1) is no longer justified, [b]: same as in [a] but without QC, [c]: time-height cross sections for

ICON derived L∗
V calculated based on Eq. (8), [d]: Blackadar’s integral length scale lB , which is assumed to be constant in Turbdiff, with

white areas in the panel indicating where the model conditions do not satisfy g < 1 in Eq. (8).

A comparison between DL-derived LV and L∗
V from Eq. (8) reflecting model data is shown in Fig. 5. Since LV retrieved355

with Eq. (1) becomes ill-defined for very small EDR values which mainly occurs above nocturnal LLJ maxima (see Figs. 1 [d],

[f]), in Fig. 5 [a] all data are excluded where EDR < 10−4 m2 s−3, while Fig. 5 [b] displays all unflagged data. The time-height

cross sections in Fig. 5 [a] reveal a clear stability-dependent evolution of LV over the course of a day. During the morning

transition LV values gradually increase from small scale (∼ 10 m) to medium-sized eddies (200-300 m). As the day progresses,

LV continues to increase and reaches maximum values of up to 1000-1500 m in the late afternoon. As the turbulence ceases360

towards the evening, the size of the most energetic eddies decreases again ranging between 10 to 200 m. The large LV values

in the late afternoon reflect typical examples of NTCs discussed in Sec. 2.2.

Considering the time-height cross sections with unflagged observational data (Fig. 5 [b]), it can be seen in conjunction with

the wind and turbulence profiles shown in Fig. 1, that in vertical regions above nocturnal LLJ maxima, where horizontal flows

dominate and turbulence is weak and anisotropic, the application of Eq. (1) yields unrealistically large values for LV . The365

same applies to the cold pool event on the afternoon of June 8th (see Sec. 3), whose passage involves non-stationary, rapidly

evolving wind fields. This suggests that the formula is not applicable in these instances because the underlying assumptions,

e.g. isotropy, quasi stationary turbulence, existence of a well-developed inertial range (see Sec. 2.1), are not fulfilled under

these atmospheric conditions. This does not invalidate the relation itself, but rather delineates the limits of its applicability if
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used as a diagnostic for LV from lidar measured TKE and EDR which do not stem from an inertial subrange. Note that this370

finding does not rule out the use of Eq. (1) to parameterize the dissipation rate of SGS-TKE in large-eddy simulations, provided

that the spatial resolution is high and the cut-off wave number is indeed within the inertial range.

Figure 5 [c] displays the model-based L∗
V , which by construction should behave similarly to LV . It becomes obvious,

however, that the patterns in the time-height cross sections for L∗
V strongly differ from the LV observations. The comparison

shows that the model does not reproduce the continuous growth of turbulent structures typically observed in a convective375

ABL. Significant larger-scale structures emerge only transiently, coinciding with the peak-like GS-TKE features identified

in Fig. 4 [d]. Beyond these episodes, the modeled length scales show little temporal evolution throughout the day. A closer

examination of Eq. (8) and Fig. 5 [d] illustrates that the insufficient growth of the turbulent structures directly reflects the

definition of lB . If the SGS-TKE dominates the total TKE yielding g < 1, it can be shown mathematically that L∗
V ∼ c4c

−1
ε lB ,

implying that the way lB is parameterized dictates the behaviour of L∗
V through a direct proportionality relationship. This is380

graphically illustrated in the similarity between Fig. 5 panels [c] and [d], showing L∗
V and lB respectively. Within the context

of Turbdiff, lB is specifically constructed to exclude NTCs. One conclusion drawn from the observed differences between LV

and L∗
V might be that the TKE associated with these organized, non-isotropic circulations is not sufficiently accounted for via

their parameterized imprint on the resolved flow, and our total TKE estimate is a systematic underestimate due to the missing

contribution from NTCs. This might explain the missing eddies in Fig. 5 [c] for L∗
V > 500m during daytime. Yet we saw in Fig.385

3 that the magnitude of the total TKE is generally in quite good agreement with the observations, particularly during the day

and evening transition where larger organized circulations might be expected. Given the rather minor TKE underestimate seen

for the daytime TKE, it is not likely that this argument sufficiently explains the differences in LV and L∗
V . A second possible

interpretation is that the definition of lB based only on fixed (grid) parameters does not sufficiently reflect the effects of stability

on the peak wave length Lp = lB/κ marking the upper limit of the inertial range, and a stability-dependent formulation would390

better accommodate the temporal evolution of L∗
V .

5 Excessive mixing in stable boundary layers: A case study on its effects on low-level jet evolution

Building upon the preliminary finding in Sec. 3 that the strong overestimation of modeled near-surface wind speeds during the

night of June 9th to 10th is closely related to excessive vertical mixing, this section provides a more detailed analysis of the

LLJ evolution by comparing the temporal evolution of the modeled and observed profiles of wind speed and EDR in greater395

detail.

A comparative analysis reveals significant discrepancies between the wind profiles in Figs. 6 [a], [b] and the EDR profiles

in Figs. 6 [c], [d]. DL wind speed observations show a characteristic intensification of the jet core accompanied by a distinct

upward migration of the wind speed maximum. While the model does show an increase in wind speed, it produces a vertical

broadening of the high-wind zone toward the surface, rather than a well-defined jet nose. This suggests that the model fails to400

concentrate momentum aloft, leading to the previously noted overestimation of near-surface wind speeds. The observed EDR

profiles show that the air inside the jet core becomes less turbulent over time as the atmosphere stabilizes. In the model, how-
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ever, the turbulence (EDR) remains high throughout the night. These persistently high EDR values imply significant vertical

momentum fluxes. Instead of concentrating momentum in the jet nose, these fluxes apparently transport kinetic energy from

higher altitudes towards the ground at the expense of further intensifying the LLJ maximum, which then leads to increased405

wind amplification below 200 m, in contrast to observations.

A slightly different perspective on the same case study is presented in Fig. 6 [e] as a scatterplot relating vertical wind

shear (S2) and the eddy dissipation rate (EDR) from model and observations. This relationship yields an insight into the

model’s turbulence production efficiency. In a physically consistent stable boundary layer, high shear can exist under strongly

stratified conditions without immediately triggering high dissipation (laminar regimes). In the scatterplot, we can see that the410

observations support such a regime of high shear (i.e. S2 > 10−4) with low dissipation (stable stratification), alongside a high-

shear, high-dissipation (unstable stratification) regime. In the model, a much tighter relationship between these two quantities

is evident, where high vertical wind shear is overwhelmingly associated with high dissipation.

This case study illustrates more clearly how the model’s weak dampening of turbulence under stable conditions leads to

overmixing and negatively impacts the LLJ development. To resolve the observed near-surface wind biases and the lack of415

atmospheric decoupling, future adjustments to the ABL scheme are required. In addition to the already discussed turbulent

length scale from the previous chapter, the stability function fB included in the calculation of the turbulent exchange coefficient

is another candidate for improvement which could yield a more realistic dampening response under stable stratification. Buzzi

et al. (2011) also find that "the use of a too high minimum diffusion coefficient (which is introduced in the model in order

to avoid too low mixing) leads to losing important structures of the planetary boundary layer, such as the low level jet or a420

near-surface temperature inversion". This potential error source also applies, given that Turbdiff still uses a minimum value

prescribed for Km (see Sec. 2.2).

6 Case studies on the use of simulated turbulence variables in subsequent applications

NWP models are not solely used for forecasting weather in the narrow sense. Many of the predicted variables are essential

inputs for subsequent applications such as hydrological modeling, renewable energy forecasting and air quality modeling.425

However, the quality of the simulations for successful follow-on applications can only be meaningfully assessed in the context

of how the model results are intended to be used. In this section we want to address two particular applications that rely on

wind and turbulence information. We focus on the mixing layer height (MLH) and the turbulence intensity (TI) which are

diagnosed from EDR, TKE and wind model output. DWD currently post-processes daytime output from the operational ICON

runs to diagnose the MLH. The diagnostic calculates the gradient Richardson number (Ri) and applies a critical value of 0.38430

to determine the MLH. During the night (defined as the period without any insolation) a fixed MLH value is assumed, thus

circumventing the issue of how to define the MLH under stable conditions. This (orography-dependent) default night-time

value for the D2 configuration is 276 m for the grid point nearest the DL location. Turbulence intensity, on the other hand,

is not routinely diagnosed from NWP, but may become more important in the future due to its relevance to the wind energy

sector.435
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Figure 6. [a]-[d]: A comparison of the temporal evolution of 30-minute averaged DL- and ICON-based profiles for wind speed and eddy

dissipation rate (EDR) during the transition period from afternoon to evening to the early nocturnal period on june 9th. [e]: Relationship

between vertical wind shear (S2) and (EDR) to assess turbulence production efficiency.

6.1 Mixing layer height diagnostics

The EDR time-height cross sections based on DL measurements in Fig.1 [c] show noticeably strong vertical gradients at certain

altitudes. These gradients indicate a transition from strong turbulent mixing encountered in the ABL to the weakly turbulent

free atmosphere above. As shown in Banakh et al. (2021) and O’Connor et al. (2010) this makes DL based EDR-profiles useful

for the MLH determination. An independent evaluation (see Appendix A) based on the five-day period analyzed in this work440

confirms these findings by comparing the DL-derived MLH with radiosonde soundings (RS hereafter). In this section, ICON-

based EDR profiles are used for MLH determination, in analogy with the approach used for DL data, to evaluate its potential

as a supplement to traditional Ri-based approaches.

Figs. 7 [a] and [b] show time-height cross sections for the simulated virtual potential temperature (θv) and EDR, respectively.

The additional line drawn in Fig. 7 [a] is a result of applying the threshold approach on profiles of the bulk Richardson number445

(RiB) defined on each model level as

RiB =
gz(θv − θs)

θs(u2 + v2)
(9)

where θv , u and v are the virtual potential temperature and winds on the current model level, and θs is the surface virtual poten-

tial temperature (after Sørensen et al., 1996). A critical Richardson number of 0.2 is used, and the MLH is linearly interpolated

between model level heights bracketing the critical Richardson number. This diagnostic (offline diagnostic hereafter), while450

conceptually similar to the operational postprocessing, is in fact different code. We adopt here the bulk Richardson number

and critical value used in the MLH diagnostics applied to the radiosonde profiles (Beyrich and Leps, 2012) for consistency.

In analogy with the original post-processing, during night the MLH is set to 276 m. Unlike in Fig. 1 [f], the time-height EDR
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Figure 7. [a]: Time-height cross section of simulated virtual potential temperature. The black dashed contour marks the MLH determined

using the (offline) MLH diagnostic based on the Ri threshold approach with Ricrit = 0.2. [b]: Simulated time-height cross section of EDR,

with a white contour marking the MLH based on the threshold approach using EDRcrit = 10−4m2s−3 (see Appendix A). [c1]: Direct MLH

comparison from the different threshold approaches against observations based on both radiosonde soundings and Doppler Lidar derived

EDR profiles. [c2]: Same as in [c1] but zoomed into a vertical range of 0–600 m to better resolve nighttime variations.

cross section in Fig. 7 [b], extends up to 4000 m, showing the MLH evolution over the full day. The white contour in Fig. 7 [b]

marks the diagnosed MLH using the EDR-threshold approach described in Appendix A.455

Panels [c1]-[c2] in Fig. 7 then show the respective model diagnostics together with the MLH retrieved from RS and DL

measurements. It is evident that the threshold method does not always work reliably during daytime conditions, where EDR

occasionally drops below the threshold at unrealistically high altitudes. During the night, the EDR-based MLH derived from

ICON tends to overestimate the observed MLH. Two aspects contribute to this overestimate. As discussed in Sec. 3 and shown

in Figures 2 and 3, the EDR simulated by ICON is systematically biased high relative to the DL-retrieved EDR. For the purpose460

of the MLH diagnostic, this could be compensated for by adjusting the EDR threshold used to identify the MLH. Alternatively,

the choice of the parameter αM directly affecting the EDR could be revisited. However, this would not address the situation-
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dependent overmixing (and therefore overestimated EDR) showcased in Sec. 5. Here, the overestimated MLH merely reflects

the model’s poor representation of the stable boundary layer.

It is a well-known drawback of the Richardson number based diagnostic that the method does not work reliably for stably465

stratified boundary layers. We see here that the assumed value of 276 m at night in the operational diagnostic would be a

reasonable choice, but of course this contains no true information about the state of the mixing layer, and leads to an unrealistic

jump in MLH at sunrise. There are alternative diagnostic solutions that combine the Ri number based diagnostic with additional

criteria for stable conditions (e.g., Liu and Liang, 2010). An update to the ICON post-processing diagnostic is currently under

development, and one alternative option considered is the Richardson-number-based diagnostic described in Vogelezang and470

Holtslag (1996), which differentiates between stable, neutral and unstable conditions and considers a contribution from friction

velocity in the shear-production term of the gradient Richardson number calculation (their equation 3). The MLH diagnosed

thus is included in panel [c1]-[c2] of Fig. 7 as MLH_Ri_VH, and shows generally good agreement with the observed EDR-

based MLH. It should be emphasized that the Richardson number method itself is also subject to uncertainty outside the stable

ABL. On the first day for example, the RS-MLH diagnostic is unable to reliably detect the top of the daytime convective ABL.475

On the 10th, the discrepancy between model MLH and RS-MLH in the afternoon can be attributed to the rapid collapse of the

ABL in the wake of the simulated cold pool, which was not in fact observed.

The comparisons between EDR- and Ri-based MLHs over the last two days also point to a timing mismatch in the represen-

tation of boundary layer evolution. There is a clear time shift indicating that the mixing layer grows and decays earlier based on

EDR than on Ri profiles. Such a behaviour has also been shown in Banakh et al. (2021) and can be explained by the different480

physical principles and sensitivities of the two methods. EDR responds almost instantaneously to the onset of turbulence, which

typically increases rapidly after sunrise due to surface heating. Ri adjusts more slowly in response to surface-driven turbulence,

causing a delayed detection of MLH growth. Taking these different sensitivities into account, could be a further step towards

an improved MLH determination based on NWP data.

Despite the MLH overestimate discussed above, we propose the EDR-based approach as a valuable alternative to comple-485

ment Ri-based formulations under stable conditions, particularly if optimized for systematic model biases in EDR.

6.2 Turbulence intensity diagnostics for wind energy applications

While mean wind speed is a primary driver in wind energy, turbulence intensity (TI) also plays a crucial role by affecting both

mechanical loads on wind turbines and their power production. The total TI in wind farms results from ambient atmospheric

turbulence and turbine-induced wakes. Although the latter often receives more attention, ambient TI is equally important. It490

frequently serves as input for power prediction, wake modeling and load calculations, influences wake recovery and is essential

for site assessment. Ambient TI is typically obtained from site measurements, empirical models and standard assumptions.

This section presents preliminary results that are intended to shed light on the reliability with which the model represents this

variable, and on its potential as an additional source of information for ambient TI.
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In this study, TI is estimated from the TKE using the formulation495

TI = 100

√
2 TKE

Vh
in [%] , (10)

where Vh is the horizontal wind speed. This approach follows Tai et al. (2023) as the turbulence parameterization scheme

Turbdiff provides only the SGS-TKE in its entirety as part of the total TKE, but no parameterized SGS standard deviations

for individual wind components. These would be necessary to calculate TI according to the standard wind energy definition:

TI = σu/U , where σu represents the standard deviation of the longitudinal wind component and U is the streamwise mean500

wind speed (International Electrotechnical Commission, 2019). As highlighted in Archer (2025), deriving TI from TKE can

lead to an overestimation of TI. Due to this limitation, the TI values derived from TKE can only be considered a proxy for

IEC-standard TI and the accompanying turbulence conditions. The aim of this section is therefore not to evaluate absolute TI

values in accordance with established standards, but to assess whether the quantity derived from the model provides useful

information for the application-oriented characterization of ambient turbulence. It is also important to emphasize that, due to505

data availability, the TI in this analysis is derived from 30-minute averages. Wind energy industry standards typically require

10-minute averaging periods for TI assessments. Nevertheless, this approach provides a consistent framework for comparing

model simulations with turbulence estimates derived from DL, since the DL retrieval method also yields TKE rather than the

variances of the individual components.

Figure 8 shows a comparison between the TI value from the ICON simulations and the DL observations, where the TI value510

is calculated by substituting the respective wind speeds and TKE for both the model and the observation, as shown in Fig. 2,

into Eq. 10. Note that TI values above 100 % can occur during strongly non-stationary wind conditions, such as the cold-pool

event on june 8th, but they reflect mesoscale variability rather than true turbulence. According to Eq. (10) the peak is driven

by two coinciding factors: the very low horizontal wind speed (vh ≈ 1 m/s) and a simultaneous peak in TKE, which is likely

caused by the high shear and instability at the gust front. Such events are highly relevant for wind energy applications as the515

simultaneous peak in wind and TI indicates extreme mechanical loads on the turbine structure. Furthermore, the non-stationary

nature of cold pool passages poses a challenge for wind power forecasting and turbine control systems. The diurnal evolution

of TI is reproduced quite well by the model, however, with a smaller amplitude than observed within the convective ABL (Fig.

8 [a]). Overall the relative model error for TI ranges between ± 100 %, but for the majority of the data it is less than ± 30 %

(Fig. 8 [b]). This model error is comparable with that for the ICON wind speed simulations (Fig. 2[a]) but is smaller than the520

TKE relative error (Fig. 2[b]). The latter implies that TI, as a normalized turbulence variable, is more robust with respect to

systematic errors in wind speed and TKE.

Nonetheless, with ±30% the TI bias of the ICON model is relatively large in comparison to the greater precision of more

advanced models (e.g., LES) and when compared to accuracy requirements typically associated with detailed wind energy

applications. In order to balance accuracy with the amount of effort required, it would be beneficial to determine which practical525

applications are less sensitive to this TI bias and could therefore benefit from the model’s reduced overhead. For instance,

in the context of preliminary wind farm site assessment, where the objective is to characterize ambient TI conditions at a

broader scale, the model results can still provide valuable insights despite these high levels of uncertainty. A more detailed
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Figure 8. [a]: Comparison of diagnosed model TI between ICON simulations at 77 m height with DL-derived TI at 95 m height at the

Falkenberg observation site. [b]: Histogram of relative errors for total TI between ICON and Doppler lidar. Vertical dashed lines indicate a

relative error of ±30%.

determination of such acceptance error criteria is, however, beyond the scope of the current work. Here, we deliberately restrict

the analysis to a rigorous intercomparison of modeled and observed TI. This provides a brief but transparent and application-530

independent baseline, which can be used by the wind energy community to judge the suitability of the data for their respective

purposes. Future efforts within both the modeling and experimental communities should investigate whether the identified

TI model error can be transferred to other locations and whether it is small enough to describe relative TI differences across

the entire model domain sufficiently well. ICON wind data are already provided for wind energy applications. Providing the

wind energy sector with ICON-based TI products in addition to the existing data would make sense if good agreement can be535

demonstrated between the TI simulated by ICON and the TI observed from DL measurements across the entire model domain.

Finally, to illustrate the practical implications of the identified discrepancies in wind speed and TI variables from a slightly

different perspective, we conducted an additional diagnostic experiment in which both modeled and observed wind speeds

and TI were used as input data for a simplified model to estimate wind power production (WPP). It is important to empha-

size that this analysis is not intended as a validation of the model results for power prediction applications. Rather, it serves540

as a sensitivity-type assessment to better understand the relative impact of errors in wind speed and TI on a representative

downstream application. In particular, WPP was estimated for a virtual ’single turbine park’ based on a parametric model of

the power curve of wind turbines (Saint-Drenan et al., 2020), for two cases: i) using wind speed only; and ii) using wind

speed and TI from DL and ICON as input variables. The results are shown in Fig. 9 and are valid for a fictitious wind turbine

with a nominal output of 5 MW and a rotor diameter and hub height of 130 m. The results clearly show that for modeled545

and observed input data, including TI in the wind power estimation leads to a systematic increase in the predicted output for

WPP, particularly under convective conditions and at lower wind speeds (Figs. 9 [a], [c]). However, since turbine power output

depends approximately on the third power of wind speed, the results additionally show that not only large wind speed errors

in the simulated nocturnal LLJs but even moderate wind speed biases in the convective boundary layer (Fig. 2) dominate the

resulting power errors, masking any potential improvements from those TI information. (Figs. 9 [a], [b]). This finding suggests550
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Figure 9. Comparison of Wind Power Production (WPP) based on a parametric model using wind speed and TI data as input variable; [a]:

Estimated WPP from DL observations and ICON output with and without using TI in the calculations [b]: Relative error of WPP estimates

based on ICON data compared to WPP estimates based on DL data once with TI and once without TI as input data. [c]: Relative error of

WPP estimates by neglecting TI once based on DL data and once based on ICON data as input data.

that, for this type of application, improving TI estimates alone is unlikely to yield substantial benefits unless accompanied by

corresponding improvements in wind speed predictions.

7 Conclusions

This study presents the first application of internally consistent Doppler lidar (DL) retrievals of wind and turbulence profiles

— using the method of Smalikho and Banakh (2017) — to evaluate the ICON numerical weather prediction model run with555

2.1km horizontal mesh size, the resolution used at the German Weather Service for regional forecast system over central

Europe. Focusing on turbulence kinetic energy (TKE), eddy dissipation rate (EDR) and the turbulent length scale (LV ), which

correspond to key equivalent variables in the Turbdiff turbulence scheme, we demonstrate that these DL measurements are

well suited for model evaluation and can serve as a complementary evaluation tool alongside LES benchmark simulations.

Unlike reference LES simulations, which are often based on simplified and idealized assumptions, DL profile observations560
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reflect more realistic atmospheric conditions and are therefore particularly useful for evaluating turbulence parameterizations

under real-world conditions. As the DL measurements were obtained at the Lindenberg Meteorological Observatory in eastern

Germany within the lowest 600 m of the atmospheric boundary layer (ABL) over a five-day summer period, the results obtained

in this study are specific to this location and the atmospheric conditions encountered, which were characterized by a convective

boundary layer during the day and stable near-surface conditions that favor the development of low level jets (LLJs) at night.565

The DL scan geometry dictates the spatio-temporal scales of the wind and turbulent properties observed, and both grid-scale

(GS) and subgrid-scale (SGS) contributions to the equivalent model properties are accounted for to allow a fair comparison. We

show that ICON captures the large scale structures in the lower ABL wind and turbulence profiles and their diurnal evolution

reasonably well. Nevertheless, more detailed analyses of time series at individual heights and composite profiles at different

times of day reveal substantial smaller scale discrepancies. The largest ones are found in the representation of cold pools and570

LLJs, affecting both the wind field and the associated turbulence characteristics. While exact agreement on the timing, intensity

and location of cold pools cannot be expected, the model errors associated with LLJs are more systematic. Overall, wind errors

are smaller than those in the turbulence-related quantities, which is expected given the additional challenges associated with

turbulence parameterization. Among the turbulence variables the model-observation discrepancies are larger for EDR than

for TKE. The minimum diffusivity prescribed in Turbdiff may offer one possible explanation for this. Although diffusivity575

and dissipation are not directly equivalent, stronger mixing can promote turbulence regimes with increased dissipation rates,

thereby contributing to the larger EDR bias. Sandu et al. (2013) describe how artificially enhanced turbulent diffusivity in the

NWP model of the European Centre for Medium-Range Weather Forecasts compensates for biases in other processes (such

as orographic drag and land-atmosphere coupling). This improves forecast scores while leading to a poorer representation

of winds in stably stratified boundary layers. The similarities in the observed model behavior suggest that some of these580

conclusions may also apply to ICON.

Model performance also varies with time of day. Agreement is better during daytime and the evening transition period, cor-

responding mainly to unstable atmospheric conditions and the transition from weakly unstable to weakly stable ABL regimes.

Larger discrepancies occur at night and during morning transitions, i.e. when atmospheric conditions are mainly stable. While

daytime conditions are characterized by a slightly underestimated TKE and overestimated EDR, nighttime conditions show an585

overestimation in both quantities. This indicates that the balance between turbulence production and dissipation is represented

differently under convective and stable ABL conditions, i.e. turbulence is dissipated too rapidly under convective conditions,

while excessive turbulent mixing persist under stable conditions.

The relative contributions from GS and SGS to the total TKE give some insights into the model’s ability to flexibly repartition

TKE according to the prevailing scales of the turbulent circulations. As expected for the grid-size resolution of the ICON590

D2 configuration with 2.1km, SGS-TKE generally dominates over GS-TKE. There is a pronounced diurnal cycle, reflecting

the dynamic partitioning of turbulent energy between resolved and unresolved scales over the course of the day. Enhanced

GS contributions are primarily associated with cold-pool events and LLJs. The model thus demonstrates a degree of scale-

awareness yielding an overall reasonable total TKE without indications for obvious problems, such as double-counting. Future

work is planned to investigate the model’s scale adaptivity further by evaluating turbulent properties across multiple sub-595
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kilometer scale grid resolutions. The coincidence of larger model errors in wind and turbulence variables and enhanced GS-

TKE contributions during cold pool and LLJ events could be an indication that the representation of turbulence becomes more

challenging in gray-zone situations, where energy is increasingly partitioned toward partially resolved turbulence structures.

The turbulent length scale LV was further used as indicator of how effectively the model resolves turbulent scales. The DL

retrieval of this parameter shows a clear diurnal cycle which is much weaker when the DL-equivalent integral length scale L∗
V600

is derived from model data. While some of this discrepancy may be attributed to an imperfect accounting of the model TKE

contained in unresolved, organized circulations which are not considered part of the subgrid-range covered by the turbulence

parameterization, the generally good agreement of the total TKE means that this argument is unlikely to explain the differences

in their entirety. We can demonstrate that the behavior of L∗
V is directly related to the definition of the integral turbulent length

scale lB representing the upper limit of the SGS turbulence spectrum parameterized by Turbdiff. lB solely depends on mesh605

size and distance to the surface, which are flow-invariant. A possible step towards a better model performance in this context

might be achieved by adopting a stability-dependent length scale formulation.

Over the five-day period, the second night stands out with excessive ABL mixing contributing to momentum fluxes which

distort the correct evolution of LLJs compared to measured DL wind profiles. While the observations show that low-turbulence

states can be maintained under strong shear conditions, in the model shear-induced turbulence is not adequately suppressed.610

This behavior is consistent with the weak sensitivity to stability observed in the turbulent length-scale analysis but may also

point to deficiencies in the formulation of the stability function within Turbdiff. Two alternative turbulence parameterizations

available for ICON that might be of particular interest are the TKE scheme with scalar variance closure (TKE-SV) developed by

Machulskaya and Mironov (2013, 2020), and the two-energies turbulence (2TE) scheme by Bašták Ďurán et al. (2018, 2022).

Both of these include more sophisticated treatment of the stability functions and/or turbulent length scale formulations.615

Beyond the model evaluation itself, the final analyses addresses the potential value of the ICON wind and turbulence sim-

ulations for practical forecasting applications. One application investigated in this study is the retrieval of the mixing layer

height (MLH) from EDR profiles for example for dispersion modeling. Following common practice for DL observations, a

threshold-based retrieval approach was used and transferred to the simulated EDR profiles. ICON currently uses a MLH diag-

nostic derived from Richardson number profiles. In the absence of reliable MLH estimates from this method, a constant value620

is assumed for the nocturnal MLH. We demonstrate that a MLH diagnostic based on the EDR threshold method could provide

a more physically realistic alternative particularly for the stable boundary layer and rapidly changing growth and decay phases

of the convective ABL, provided that the systematic EDR bias in ICON is considered.

Another application analyzed was the model’s performance in providing ambient ’turbulence intensity’ (TI; a parameter

combining wind and TKE information) for wind energy applications. While ambient TI should not be interpreted as the total625

turbulence intensity experienced by wind turbines, it nevertheless represents an important environmental boundary condition

influencing the generation and evolution of turbine wakes. In ICON, the modeled ambient TI is more robust than TKE alone

with model errors largely ranging around ± 30 %. Although TI could theoretically provide additional benefit for wind power

estimates, particularly during convective ABL conditions, we find that the combined errors in the simulated wind field and

TI are currently too large to reliably exploit this potential. Even the errors identified in LLJs during stable conditions at night630
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led to significant uncertainty in the WPP estimates, regardless of the TI effect. The results highlight the importance of further

improving the ICON simulation of wind and turbulence variables to provide better support for future wind energy applications.

Until then, further research in collaboration with wind energy experts is needed to assess whether the simulated TI can provide

useful information in areas other than wind power forecasting, such as estimating the load on wind turbines, despite the

identified model error in the prediction of ambient TI.635

By approaching the evaluation of Turbdiff from different perspectives we have thus demonstrated the utility and versatility

of the Doppler lidar observations to evaluate various aspects of the model winds and turbulent properties, yielding useful

insights for future model development and forecast applications. We point out that efforts to refine model parameterizations

could benefit from advanced observations such as DL measurements to support a consistent improvement of the overall flow

representation. This perspective suggests that DL observations, in addition to their role in evaluation, may offer a helpful640

avenue for the development and tuning of model parameterizations. One drawback of the evaluation method discussed in this

work is that it is limited to the lowest 600 m of the ABL where a concurrent retrieval of winds and turbulent properties from the

DL are possible. Given that the greatest remaining model biases in ICON occur at night under stable conditions, this detracts

only slightly from the utility of the method. Our study here is limited to a single location, but the network of DLs in Germany

and across Europe (ACTRIS; Laj et al. (2024)) is steadily growing, offering the potential for a wider application. The record645

of DL observations at Lindenberg now spans several years, covering a large variety of different ABL cases for further study.

Code and data availability. The source code for ICON is available at https://www.icon-model.org/ via gitlab repository under a permissive

open source licence (BSD-3C). For this study, release tag icon-2026.04 was used, and is archived as a static copy together with the Doppler

lider retrieval, the model grids, external parameters and forcing data to recreate the simulations on Zenodo (https://doi.org/10.5281/zenodo.20161993,

Ahlgrimm and Päschke, 2025).650

Appendix A: Evaluation of DL-derived MLH estimated from EDR profiles

Figure A1 shows a comparison of different MLH estimates derived from DL profiles for EDR, and from vertical profiles of wind

and temperature obtained from radiosonde soundings (hereafter RS). The MLH derived from DL-based EDR profiles (hereafter

DL_MLH_EDR) is obtained by seeking for that height at which the EDR falls below a threshold of EDRcrit = 10−4m2s−3.

This is in analogy with the approach described in O’Connor et al. (2010) and Banakh et al. (2021). The various MLHs derived655

from RS are the result of applying different definitions described in Beyrich and Leps (2012) which ultimately result in different

MLH results. The criteria used here to determine the MLH include for instance the determination of temperature inversions,

the identification of zones with significant wind shear and the analysis of Richardson number (Ri) profiles. The corresponding

derived MLHs are referred to as RS_MLH_DTDH, RS_MLH_DSDH and RS_MLH_Ri in the following. However, these

represent only a subset among the variety of existing approaches suggested in Beyrich and Leps (2012). The comparisons660

shown in Fig. A1 [a] indicate that at night and during the morning transitions DL_MLH_EDR is always in good agreement
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with at least one of the RS based MLHs from the various methods. Differences in the derived MLHs are mostly < 200 m.

This provides evidence for reliable MLH observations from DL-derived EDR profiles even under stable conditions with strong

wind shear. Under these conditions, shear-induced TKE and associated increased dissipation rates can also occur outside the

actual mixing layer, which theoretically could have complicated a correct determination of the MLH. During the evening665

transition the spread among the RS based MLHs from the various methods can be quite large. In such cases best agreement

occurs between DL_MLH_EDR and RS_MLH_DTDH. Note that DL_MLH_EDR values above 600 m, i.e., for convective

boundary layers with a depth exceeding this value cannot be derived from the present data set. This is a consequence of the

scanning and retrieval method used for the DL measurements. For MLH obtained from DL-based EDR profiles throughout

the whole day, the scanning procedure would have to be adapted according to the approach described in Banakh et al. (2021).670

Overall, the comparisons show the consistency and reliability of DL-based MLH estimates relative to established radiosonde-

based approaches. Nevertheless, exact agreement is not anticipated because the applied retrieval methods are based on different

definitions and physical characteristics of the mixing layer height.

Figure A1. [a]: Comparison of the mixing layer height (MLH) obtained from Doppler lidar (DL) and radiosonde soundings (RS) for the 5-day

time period 8-12 June 2023 at the MOL-RAO site. DL177 MLH denotes the MLH obtained from DL based EDR profiles. RS_MLH_DTDH,

RS_MLH_DSDH and RS_MLH_Ri denote different RS based MLHs according to specific definitions (e.g. existence of temperature

inversion, zones with significant wind shear or the height at which the Richardson number exceeds a critical level) applied to RS based

temperature and wind profiles.
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