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Abstract. A reanalysis can be considered the most complete representation of the atmospheric state given all available ob-

servations as well as the model background. Via data assimilation, a reanalysis allows assessing the non-local influence of

observations on the time evolution of the modeled state, while aiming to maintain the physical consistency of the model state.

Here, we present the pioneering, 3-month convective-scale campaign reanalysis of the ‘Swabian MOSES 2023’ campaign,

consisting of a control (CTRL) dataset without and a campaign (CMPG) dataset with additional field campaign observations5

from the mobile atmospheric measurement platform KITcube during June, July and August 2023. Both are computed at hourly

resolution on a 2.2 km grid centered over Germany with the quasi-operational data assimilation framework by Deutscher Wet-

terdienst which is based on a Local Ensemble Transform Kalman Filter. CMPG incorporates additional ground-based remote-

sensing and in situ observations from the southwest German mountain ranges of the Black Forest and Swabian Jura, a region

with moderately complex terrain. The unprecedentedly dense network of 12 Doppler wind lidars, one X-band precipitation10

radar, two additional radiosounding sites, Global Navigation Satellite Systems receivers, and meteorological masts increases

the number of observations in the approximately 105 km2 campaign area by 45 % compared to the operational measurement

network. As expected, the assimilation reduces the difference between observations and model fields. Specifically, the standard

deviation of the observation-to-model difference across all additional observations is reduced by 10% to 35% after assimi-

lation. Updates of the model background are predominantly introduced in the lower troposphere and in the campaign region15

itself, but differences between CMPG and CTRL extend all over Germany, eastern France, and northern Italy. Mean absolute

differences in the campaign region reach up to the order of 1.5 m s−1 in wind speed, 0.4 K in temperature, and 0.7 g kg−1 in

humidity. This pioneering campaign reanalysis can be employed to quantify the influence of individual observations and dif-

ferent observation types and to diagnose potential model deficiencies in complex terrain. It further serves as a high-resolution

reference for detailed case studies targeting high-impact weather and provides a basis for re-forecast experiments to quantify20

observation impact on forecasts.
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1 Introduction

Forecasting mesoscale events, such as convective storms, remains one of the largest challenges of numerical weather prediction

(NWP), even for state-of-the-art, convection-permitting, ensemble systems (Hohenegger and Schär, 2007; Baldauf et al., 2011;

Clark et al., 2016). In addition to improving the forecasting system itself, by for example improving its parametrization schemes25

(Keane et al., 2014; Kober and Craig, 2016; Goger et al., 2016; Sakradzija et al., 2016; Hirt et al., 2019; Grundner et al., 2022),

increasing the grid resolution (e.g., Goger and Dipankar, 2024) and the number of ensemble members (e.g., Richardson, 2000;

Raynaud and Bouttier, 2017; Leutbecher, 2019), an accurate representation of the atmospheric state at forecast initialization

is crucial for a skillful forecast (Navon, 2009; Yano et al., 2018; Carrassi et al., 2018; Gustafsson et al., 2018). The intrinsic

predictability for convective events is low, with a forecast horizon of less than a day (Hohenegger and Schär, 2007; Durran and30

Weyn, 2016). Therefore, as the model resolution increases and becomes able to resolve such processes, ensemble data assim-

ilation (Houtekamer and Zhang, 2016) at high spatial and temporal resolution becomes important. For example, a localized

version of the ensemble transform Kalman filter (LETKF; Hunt et al., 2007) presents a suitable method for convective-scale

data assimilation in convection permitting models. The LETKF has been used operationally for the high-resolution regional

system of Deutscher Wetterdienst since 2017 (Bishop et al., 2001; Schraff et al., 2017) and its introduction has led to significant35

improvements of the forecast skill.

Observing the atmospheric boundary layer: current status and limitations

Mesoscale low-level convergence and moisture fields are key for the initiation and development of convective systems (e.g.,

Wilson and Schreiber, 1986; Weckwerth et al., 2014; Marquis et al., 2021). Therefore, an accurate representation of the state of

the atmospheric boundary layer (ABL) is crucial for forecasting the initiation and development of convective systems (Weyn40

and Durran, 2017; Parsons et al., 2019; Schumacher and Rasmussen, 2020). Moreover, the ABL is characterized by high

temporal variability and strong gradients, especially above complex terrain. Thus, observations are needed at sufficiently high

temporal and spatial resolution to represent this spatiotemporal variability. While more and more observations from satellites

are being assimilated (not only in global but also in regional models (Schomburg et al., 2015; Scheck et al., 2020)), the number

of observations in the ABL has not increased commensurately with the increasing model resolution, and the ABL remains45

one of the undersampled parts of the atmosphere (Baker et al., 2014; Geerts et al., 2018; Bell et al., 2020; Team et al., 2021).

Radiosoundings provide high-resolution in situ observations of the most important atmospheric variables, including wind, tem-

perature and humidity. However, they are typically only launched twice a day and at few locations. Similarly, vertical profiles

obtained from commercial aircraft during ascent and descent (i.e., around airports) are distributed inhomogeneously in space

and are available mostly during daytime (De Haan, 2011). Precipitation radars provide measurements with high spatial and50

temporal resolution, but only for rainy and not clear air conditions. Near-surface measurements from 2m- or 10m-masts can-

not profile the ABL, and satellite radiances typically provide information from higher up in the atmosphere. Therefore, current

operationally assimilated observation systems do not provide a satisfactory representation of the spatiotemporal atmospheric

state, especially within the ABL. Thus, although the triggering mechanisms are – to some extent – understood, forecasting
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convective storms remains a challenge. At the same time, convective storms are one of the dominant natural threats in Central55

Europe (Hoeppe, 2016; Taszarek et al., 2019) and their number and intensity is expected to increase in Central Europe, espe-

cially near mountain ranges (Raupach et al., 2021; Feldmann et al., 2025; Mohr et al., 2026), emphasizing the need to improve

forecast quality. Previous studies have shown that assimilating high-resolution, ground-based, remote-sensing observations

of the ABL can improve the model representation and can have a positive impact on short-range forecasts (Kawabata et al.,

2014; Caumont et al., 2016; Coniglio et al., 2019; Bachmann et al., 2020; Hristova-Veleva et al., 2021; Nomokonova et al.,60

2023; Zeng et al., 2024; Vural et al., 2024; Thomas et al., 2025). To date, no widespread and dense network of ABL profiling

instruments exists in Europe (Cimini et al., 2020).

Challenges for convective-scale data assimilation in complex terrain

Modeling mesoscale atmospheric processes in mountainous areas can be more challenging than over flat terrain, as physi-

cal parameterizations are typically developed for horizontally homogeneous and flat terrain (Serafin et al., 2018). Moreover,65

steep slopes, non-homogeneous surface roughness and high spatial variability of the terrain itself are still coarsely resolved in

kilometer-scale models. Wind profilers in mountainous environments cannot sample the spatial heterogeneity of the flow and

their observations may be non-representative due to local effects (Hacker et al., 2018). For example, a wind profile retrieved

from an instrument installed in a narrow mountain valley cannot represent the wind conditions at the mountain top or in the

neighboring valley, although these locations may be less than a few gridpoints apart and lie well within the observation’s lo-70

calization radius. Together, this exacerbates representativity errors, which impede incorporating information from observations

into the model via data assimilation (Janjić et al., 2018). A recent study by Bugnard et al. (2025) has shown that even a 1 km

resolution analysis overestimates nighttime ground temperature in a 1.5 km wide Swiss valley because of missed tempera-

ture inversions and cannot represent the hourly variability of Doppler lidar retrieved wind profiles, although monthly medians

match the observations well. Therefore, improving the model analysis in the mountain boundary layer requires kilometer to75

sub-kilometer scale model resolution. Additionally, observational systems able to resolve the high spatiotemporal variability

of humidity, temperature, and wind in the lower troposphere above complex terrain are needed. Increasing the number of

operationally deployed instruments is an expensive and long-term process. To enable short-term improvements and data as-

similation experiments, observational field campaigns, albeit limited in time and area covered, can provide a wealth of data at

high temporal resolution. Field campaign observations can serve to (i) test and monitor the applicability of assimilating novel80

observation types, (ii) characterize their influence on the analysis and, (iii) assess their impact on the forecast. Moreover, using

campaign observations of the lower-troposphere to create and improve convective-scale analyses offers a large potential for (iv)

understanding mesoscale processes, (v) studying model deficiencies and, (vi) assessing the predictability of mesoscale weather

events. Unlike model verification, which is limited to a comparison at the observation locations, data assimilation opens the

possibility of assessing the non-local influence of additional observations spatially and temporally distant from the observation85

location.
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Data assimilation methods commonly used in atmospheric prediction

Data assimilation aims at identifying the most likely atmospheric state considering both the information provided by the model

and the information provided by the observations. Methods commonly used for data assimilation in atmospheric science range

from comparatively simple relaxation approaches to fully flow-dependent statistical estimation methods (Carrassi et al., 2018).90

Nudging (Stauffer and Seaman, 1990) continuously relaxes the model state towards observations and is computationally inex-

pensive, but it cannot consistently spread observational information in space and between variables. Variational methods such

as three-dimensional variational assimilation (3D-Var; Lorenc, 1986; Courtier et al., 1998) and four-dimensional variational

assimilation (4D-Var; Le Dimet and Talagrand, 1986; Bonavita and Lean, 2021) provide a best estimate of the modeled state of

the atmosphere by minimizing a cost function that balances observations and prior model information given their respective er-95

ror covariances. 4D-Var additionally accounts for the temporal evolution of the atmospheric state within a defined assimilation

window. These methods are well established, but their often climatological background-error statistics are not flow depen-

dent. Moreover, 4D-Var is computationally demanding, especially at convection-permitting resolution, and therefore – to date

– not commonly applied for kilometer-scale operational NWP systems. Nowadays, hybrid variational-ensemble methods are

the operational frontier and are developed or already in use at many operational weather services such as ECMWF (ECMWF,100

2021), Meteo France (Chambon et al., 2023; Brousseau et al., 2025), the Canadian Weather Service (Buehner et al., 2025),

Deutscher Wetterdienst (Müller et al., 2025) and UK Met Office (Clayton et al., 2013). Hybrid data assimilation methods

merge variational and ensemble approaches in order to mitigate their reciprocal limitations and to strengthen their advantages.

They rely on the nonlinear optimization nature of the variational methods and use the flow-dependent ensemble to solve the

optimization problem in several ways, leading to various formulations of the hybridization. Ensemble Kalman filter methods105

estimate background-error covariances from an ensemble of short-range forecasts and therefore adapt the background error

covariances naturally to the current flow situation (Evensen, 1994; Houtekamer and Mitchell, 1998). The LETKF presents

a computationally efficient, local implementation of the ensemble Kalman Filter. Its flow-dependent and spatially localized

covariance structure makes it particularly suitable for high-resolution applications in complex terrain, where the temporal and

spatial variability of the atmospheric state is typically larger than over flat terrain. It is operationally applied in regional data110

assimilation systems for example by Deutscher Wetterdienst (Schraff et al., 2016), MeteoSwiss (Lapillonne et al., 2026) and

the Italian Meteorological Service (Bonavita et al., 2008).

Campaign-based reanalyses

A number of reanalyses based on observational campaigns have been performed in the past, e.g. for the Fronts and Atlantic

Storm-Track Experiment (FASTEX; Desroziers et al., 2003), for the Mesoscale Alpine Programme (MAP; Keil and Cardi-115

nali, 2004), several for short periods of the Mesoscale Predictability Experiment (MPEX; Weisman et al., 2015), and for the

first special observation period of the Hydrological cycle in the Mediterranean Experiment (HyMeX; Fourrié et al., 2019).

Desroziers et al. (2003) assimilated additional ship and buoy observations as well as dropsonde profiles released from FAS-

TEX aircraft and additional radiosoundings launched from land-based upper-air stations, by the four FASTEX ships or by

4
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Swabian MOSES 2023

Δx = 2 km

MAP 1999

Δx = 40 km

Figure 1. Overview of selected data assimilation studies based on atmospheric field campaigns sorted by duration and spatial extent (please

note the logarithmic scale). The size of the colored circles scales with the number of assimilated atmospheric profile observations, e.g. as

obtained from soundings and wind profilers. The symbols represent the type of assimilated campaign observations, and the colors indicate

the applied data assimilation method (blue: 4D-Var; orange: 3D-Var; green: EnKF; red: hybrid; purple: nudging). Name and year of the

respective campaign are given as labels. ∆x refers to the grid spacing of the reanalysis.

Automated Shipboard Aerological Programme (ASAP) ships. They found a vertically homogeneous 30% reduction in root120

mean square analysis departures and a 10% reduction in root mean square background departures between the campaign and

the control assimilation experiment. The positive impact was still present in 12 h-, 24 h-, and 36 h-forecasts evaluated down-

stream of the main field campaign area. Keil and Cardinali (2004) created a comprehensive reanalysis of the MAP Special

Observing Period lasting 70 days from September to November 1999. They assimilated 55,000 additional atmospheric pro-

files, mostly from 16 wind profilers, and soundings from extra radiosonde and dropsonde launches across the Alpine domain125

and neighboring parts of France, Italy, and Germany, creating one of the largest campaign reanalyses at approximately 40km

grid spacing using 4D-Var. The assimilation of additional MAP observations resulted in a weakening of the cyclonic flow

over central Europe and of the mid-tropospheric westerly wind over the Alpine region and led to moister conditions in the

southern Alpine region, southern France and over the Adriatic Sea. However, a comparison with independent GPS measure-

ments revealed that the reanalysis was slightly too dry. The MPEX experiment (Weisman et al., 2015) was designed to test the130

hypothesis that enhanced observations over the Rocky Mountains region can improve the forecast of convective initiation and

the evolution of thunderstorms downstream over the high plains. Different studies (Hitchcock et al., 2016; Romine et al., 2016;

Coniglio et al., 2016) assimilated different subsets of the additional campaign soundings in order to improve the prediction of

convective events. They consistently found that assimilating additional sounding profiles is beneficial, however, only when the

observations sample key features of the pre-convective environment and are placed appropriately relative to initiation, support-135
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ing the idea of targeted observations. The second HyMeX reanalysis created by Fourrié et al. (2019) revealed improvements

in the 48 h forecast range for temperature, relative humidity and wind. However, they compare the second HyMeX reanalysis,

computed with an improved model version and background error matrix tailored to the campaign period to real-time forecasts

from years earlier. Therefore, improvements in their study are not solely attributable to data assimilation effects.

A new reanalysis dataset based on the Swabian MOSES 2023 campaign140

In this study, we present two reanalyses: a 3-months campaign reanalysis dataset utilizing observations from the Swabian

MOSES 2023 campaign (Handwerker et al., 2025) in addition to operationally available observations and a control reanalysis

dataset built with the same setup but without assimilating additional campaign observations. Specifically, the campaign reanal-

ysis includes the assimilation of in situ and remote sensing instrumentation from KITcube (Kalthoff et al., 2013), KIT’s mobile

atmospheric measurement platform deployed during the campaign, and additional observations by MeteoSwiss in addition to145

all operationally available observations. Figure 1 illustrates how the Swabian MOSES 2023 campaign reanalysis fits in the

ecosystem of previous reanalyses, its main differences and similarities. In Fig. 1, we only consider studies that use multiple

days of campaign observations and are dedicated to the campaign itself. In contrast, most data assimilation studies use data

from a single research flight, ship excursion or from a newly installed instrument at a research site. Such studies are not consid-

ered. Since there is no sharp boundary between the ‘individual’ data impact studies and the ‘complete’ campaign reanalyses,150

Fig. 1 must not be considered an exhaustive list of all data assimilation studies. The majority of the campaign reanalyses shown

in Fig. 1 rely on additional radiosounding observations (black circles in Fig. 1) and use a variational data assimilation system

(predominantly 4D-Var; blue and orange circles in Fig. 1). Most of them are computed for periods of less than one month and

assimilate data measured across a large area. The most comprehensive one is the MAP reanalysis Keil and Cardinali (2004).

However, although this reanalysis employed one of the most advanced 4D-Var systems at that time, the spatial resolution of155

40 km is far from resolving convective-scale features. Aiming for a higher resolution campaign reanalysis, 4D-Var is neither

suitable for the temporal resolution needed (1-hour assimilation time step or less) nor is it affordable to run at high spatial res-

olution. Moreover, the 4D-Var background error covariance matrix is typically not flow-dependent and can thus not adequately

represent the variability of the flow that is needed to quantify the uncertainty of the model state. To the best of our knowledge,

no campaign reanalysis at kilometer-scale resolution has been built for multiple months, with multiple additional observation160

types, employing an ensemble Kalman filter for data assimilation.

This article is structured as follows: Section 2 describes the data assimilation system and the quasi-operational setup used to

build the two reanalysis datasets. Section 3 briefly introduces the field campaign and describes the campaign observations used

for assimilation in addition to the operationally assimilated observations. Section 4 characterizes the campaign reanalysis in165

observation space and Section 5 compares the campaign and the control reanalysis datasets in model space. Section 6 summa-

rizes the main characteristics of the Swabian MOSES 2023 reanalysis and discusses its potential applications, its shortcomings,

and future research applications to exploit this dataset.
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2 Data assimilation system and experimental setup

Table 1. Data assimilation setup for the 3-month campaign and the control reanalyses closely following the operational setup at Deutscher

Wetterdienst.

Forecast model: ICON (Zängl et al., 2015)

ICON model version icon-2024.01-dwd-1.1

prognostic variables

air density, edge-normal velocity, vertical velocity, density potential

temperature, water vapor mixing ratio, hydrometeor mixing ratios (cloud

water, rain water, cloud ice, snow, graupel)

horizontal grid: icosahedral

- number of horizontal grid points 542040

- approximate grid spacing 2.2 km

vertical coordinates SLEVE (65 levels; Leuenberger et al. (2010))

lateral Boundary Conditions
from 3-hourly ICON-EU assimilation cycle with 1h-output (6.5 km

(deterministic); 13 km (ensemble))

parameterizations:

- convection: shallow convection only (Tiedtke (1989) and Bechtold et al. (2001))

- microphysics one-moment cloud microphysics (Lin et al. (1983))

- turbulence Raschendorfer (2001)

- radiation ecRad (Hogan and Bozzo, 2018)

Data assimilation: KENDA (Schraff et al., 2016)

assimilation method LETKF Hunt et al. (2007)

output variables
pressure, temperature, meridional wind, zonal wind, mixing ratios of water

vapor, snow, and ice, soil properties

cycling continuous from 01 June 2023 to 31 August 2023

assimilation window 1 hour

ensemble members 40 members + 1 deterministic member

lateral Boundary Conditions ICON-EU

additional settings

- radar data assimilation latent heat nudging (Stephan et al., 2008), EMVORADO (Zeng et al., 2016)

- localization adaptive; rmin
loc = 50km, rmax

loc = 100km

- ensemble inflation methods
additive (Zeng et al., 2018), adaptive multiplicative (Anderson and Anderson,

1999), and relaxation to prior perturbations (Zhang et al., 2004)

The Swabian MOSES 2023 campaign reanalysis consists of two main parts: 1) The control reanalysis, CTRL, uses all170

operationally available observations in the period June–August (JJA) 2023 and 2) the campaign reanalysis, CMPG, includes

all operationally available observations plus the campaign observations presented in Section 3. The setup for both experiments
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is quasi-operational, i.e. it follows the operational setup of Deutscher Wetterdienst as closely as possible. To avoid confusion,

we distinguish the subset of operationally available observations by calling them OP from the additional campaign observations

abbreviated by SWM, which refers to the name of the campaign. That way, CTRL includes only OP observations and CMPG175

includes OP + SWM observations and can be considered the most complete reanalysis currently available for summer 2023 in

southern Germany. Both experiments are initialized with the operational analysis ensemble valid on 01 June 2023, 00 UTC and

cycled continuously until 31 August 2023. The following subsections describe various aspects of the Kilometre-scale Ensemble

Data Assimilation system (KENDA; Schraff et al., 2016) that is used to create our quasi-operational reanalyses. A summary of

the setup is given in Table 1.180

2.1 General approach

A full ensemble data assimilation cycle requires two main steps. First, in the forecast step (see Sect. 2.2), each member i of

a background ensemble is obtained by integrating the i-th analysis ensemble member xa(i)
tj , valid at time tj , forward in time:

x
b(i)
tj+1

= Fj;j+1

(
x

a(i)
tj

)
. Second, at the analysis time step, the background ensemble is processed, together with all observations

available within the assimilation interval, by the ensemble data assimilation system to get the updated analysis ensemble x
a(i)
tj+1

185

(see Sect. 2.3). The forecast and analysis steps then alternate sequentially in time.

2.2 The forecast step

The forward integration to produce the background ensembles is done using the Icosahedral Non-Hydrostatic Model (ICON)

version icon-2024.01-dwd-1.1 on a regional domain covering Germany and its neighboring countries (ICON-D2; see Fig. 2a).

The assimilation time step is one hour, i.e. tj+1− tj = 1h. The grid is an icosahedral R19B08 grid with 542,040 cells per layer190

and 65 vertical layers, which corresponds to an effective horizontal mesh size of 2.2 km (Reinert et al., 2025). The 65 height

levels are terrain following near the surface and flat near the tropopause (Leuenberger et al., 2010). At this resolution, the deep

convection parametrization is not active and shallow convection is parametrized using the scheme developed by Tiedtke (1989)

and Bechtold et al. (2001). Turbulence is parameterized by the turbulent kinetic energy (TKE) equation of Raschendorfer

(2001) and the five prognostic hydrometeor mixing ratios (cloud water, cloud ice, rain, snow and graupel) are estimated using195

the Lin et al. (1983) one-moment bulk microphysics scheme. Lateral boundary conditions are taken from the ICON-EU forecast

ensemble that runs with parametrized convection and is updated every three hours.

2.3 The assimilation step

The assimilation step in KENDA is carried out by a Local Ensemble Transform Kalman Filter (LETKF) following Hunt et al.

(2007). Its first advantage, shared with all flavors of the ensemble Kalman filter, is the flow-dependency of the background error200

covariance Pb = (k−1)−1Xb(Xb)T, where Xb(i) = xb(i)− x̄b are the background ensemble deviations, i.e. the anomalies. Its

second advantage is its computational efficiency, since the analysis update is computed in the low-dimensional ensemble space
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Figure 2. (a) ICON-D2 domain including sites with observations that were actively assimilated at least once during the campaign period.

Operational observations (OP) are marked by circles and observations additionally used in the campaign reanalysis are marked by triangles.

Shown are wind profiler (PILOT; blue), radiosounding (TEMP; green), aircraft reports (AIREP; orange), radar (RADAR; purple), surface

stations (SYNOP; brown) and ground-based receivers from the Global Navigation Satellite System (GPSGB; red). The black square indicates

the Black Forest (BF) domain shown in (b). (b) Topography of the BF domain (shading; in m) centered around the campaign area, covering

the Black Forest, Swabian Jura, French Vosges, and Swiss Jura mountain ranges as well as a part of the Alps. This domain was selected

based on the combined observation influence of the Doppler wind lidar observations (cf. Fig. 3). Numbers in brackets in the legends denote

(a) the total number of individual sites for each observation type and (b) the number of additional campaign sites in the BF domain.

of dimension k = 40. The analysis update is computed on a coarser rotated lat-lon grid. The LETKF minimizes a cost function

depending on the weight vector w with dimension k. It is given by

J(w) = (k− 1)wTw+(yo − ȳb −Ybw)TR−1(yo − ȳb −Ybw) , (1)205

with the diagonal observation-error variance matrix R and the background ensemble deviations Yb(i) = yb(i)− ȳb in obser-

vation space. The model equivalents yb(i) are obtained by applying the non-linear forward operator H(xb(i)). The cost function

is minimized by the weight vector w̄0 that can then be used to obtain the updated analysis ensemble in model space

x̄a(i) = x̄b +Xb(i)w̄0 , (2)

9
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based on the background ensemble mean x̄b and the background ensemble deviations Xb(i) = xb(i)−x̄b. The LETKF updates210

the output variables temperature T , specific humidity QV , surface pressure P , horizontal wind components U and V , cloud

water QC and cloud ice QI . In addition to direct assimilation by the LETKF, during the assimilation interval, KENDA includes

a latent heat nudging scheme (Stephan et al., 2008) to adjust temperature and relative humidity according to precipitation

estimates from radar observations. As done operationally and described in Schraff et al. (2016), both additive (Zeng et al.,

2018) and adaptive multiplicative inflation (Anderson and Anderson, 1999) as well as relaxation to prior perturbations (Zhang215

et al., 2004) are applied to adjust the ensemble spread.

2.4 Localization

The LETKF is ‘local’in the sense that it computes the analysis ensemble at each grid point individually and includes only

observations in the vicinity of each grid point, defined via horizontal and vertical localization Rloc and cutoff radii, and weights

the observations depending on their radial distance from the grid point. The localization radius is different for each observation220

and is set by the adaptive localization algorithm that is part of the KENDA suite. For each grid point it only uses observations

within a volume defined in the horizontal plane by a Gaspari–Cohn function G(Rloc) that only depends on the localization

radius Rloc = 2
√

10
3 lloc. The localization radius itself is proportional to a localization length scale lloc (Gaspari and Cohn,

1999), such that the number of assimilated observations per grid point in the case of homogeneously distributed observations

(such as satellite observations) with observation density ρ equals225

NGP =

rloc∫

0

G(r) ρ 2π dr ≈ 2π ρ l2loc . (3)

The localization radius for conventional observations (all, except satellite, radar and GNSS) is based on an adaptive algorithm

inside KENDA and can take values between 50 km and 100 km such that the number of observations influencing each grid

point is roughly constant and close to 100. In the case of the Doppler wind lidar (DWL) observations assimilated in the Swabian

MOSES 2023 campaign reanalysis (see Sect. 3.2), the horizontal localization radius takes the minimal value of 50 km, due to230

the fact that there are many observations within a relatively small area. Figure 3 shows that the localization weights of the 12

DWLs strongly overlap and reach well beyond the Black Forest mountain range. For that reason, the BF domain is chosen such

that it includes most of the influence area of the DWLs.

2.5 Observation errors

The error covariance matrix R is fully diagonal and includes an error estimate for each observation based on its intrinsic235

measurement error and the representativeness error (Janjić et al., 2018). The latter also accounts for representativity issues

due to the limited resolution of the model and the instrument. The mean observation errors, evaluated over the BF domain are

shown in panel (c) of Fig. 7 - 12 for the variables U , V , T , RH and RADREFL (radar reflectivity). The SWM observation
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Figure 3. Locations of Doppler wind lidars (DWLs; triangles) and their localization weights (blue shading). The transparency scales with the

value of the Gaspari-Cohn function with 50 km localization radius. Black circles indicate the cutoff radius. The black rectangle marks the

Black Forest domain, which includes the area with significant DWL influence. The terrain shading shows the topography of the ICON-D2

domain.

errors are set identical to the OP observations of the same type and variable. This is justified (see Section 4) by comparing the

a priori set observation error with the Desroziers diagnostic (Desroziers et al., 2005)240

Rdiag = (o−a) · (o−b)T , (4)

calculated as the expectation value of the analysis departure (o−a) multiplied by the background departure (o−b) in

observation space. The comparison is shown in panel (c) and (h) of Fig 10 - 12. Using this method, we also found the mean

background and analysis error variances to be reasonable.
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3 Assimilated observations245

The following section provides an overview of the different observations and observation types that are assimilated opera-

tionally in CTRL and added in the CMPG experiment. Table 2 summarizes the observation types and their respective variables.

Table 2. Overview of observation types and respective variables assimilated in the regional assimilation-forecasting cycle of Deutscher

Wetterdienst.

observation type description assimilated variables

SYNOP near-surface station T2M , RH2M , PS

TEMP radiosounding (ascent and descent) T , RH , U , V , U10M , V 10M , height

AIREP
aircraft in situ reports (AMDAR) and

surveillance radar retrievals (MODE-S)
T , RH , U , V

PILOT
wind profiles (pilot balloon sounding, radar

wind profiler, Doppler wind lidar)
U and V

GPSGB ground-based GNSS receiver ZPD

RADAR radar volumes RADREFL and RADWIND

DRIBU drifting buoys PS, U10M , V 10M

RAD satellite radiances REFL and RAWBT

3.1 Operationally assimilated observations

Operationally, Deutscher Wetterdienst assimilates conventional observations as well as reflectances and brightness tempera-

tures from the SEVIRI instrument onboard the METEOSAT second generation satellite (observation type RAD). Observations250

of type SYNOP (surface pressure PS, 2m-temperature T2M , 2m-relative humidity RH2M and 10-m wind) are assimi-

lated hourly. Operational radiosondes (observation type TEMP) are assimilated at a fixed location and typically at 0UTC

and 12UTC, and for some stations additionally at 6UTC and 18UTC. The radiosonde profiles are assimilated at a vertical

resolution of 10 hPa in the lower troposphere below 750 hPa and every 20 hPa above. In addition to observations during the

ascent, also observations of the descent are assimilated, valid at different times and locations compared to the observations255

carried out during the ascent. The observation type AIREP collects airplane in situ reports (AMDAR) and airport surveillance

radar retrievals (MODE-S) which both provide wind and temperature observations (Lange and Janjić, 2016). Most AMDAR

and MODE-S data are available during daytime and near airports, where aircraft ascent and descent, as well as at flight level

(∼ 10 km). Operational wind profiler data (observation type PILOT) from radar wind profilers (RWPs) are assimilated every

half hour. They provide observations of the horizontal wind components with a vertical resolution of 150m. From the 17260

operational C-band precipitation radars, radar reflectivity RADREFL and radial wind RADWIND are assimilated hourly

when available as observation type RADAR. Near-surface observations from drifting buoys (DRIBU) are very sparse in the

Germany-centered ICON-D2 domain and are therefore neglected in the subsequent analysis.
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3.2 Campaign observations

In CMPG, observations from the Swabian MOSES 2023 campaign (Handwerker et al., 2025) are assimilated in addition to the265

operational observations. The campaign took place in JJA 2023 and targeted hydro-meteorological extremes in the southwest

German Black Forest and Swabian Jura mountain ranges. The Swabian Jura presents a local maximum of hail days per year

(Puskeiler et al., 2016; Fluck et al., 2021). The Black Forest, located upstream during the typical south-westerly flow conditions

associated with hail days, is assumed to contribute to triggering these convective events (Kunz and Puskeiler, 2010; Handwerker

et al., 2025). Similar effects have been observed over the Vosges mountains (Weckwerth et al., 2014). Although on a much270

larger scale, a similar hypothesized interplay between the Rocky Mountains and the high plains in the United States motivated

the MPEX campaign (Weisman et al., 2015). To investigate the dynamic and thermodynamic state of the lower troposphere in

the region where convection is often initiated, a dense network of instruments has been deployed in and around the southern

Black Forest mountains. An extensive overview of all campaign instrumentation is presented in Handwerker et al. (2025). Here,

we only describe the observations used for assimilation. The observations used for assimilation are chosen according to the275

capabilities of the KENDA system. Summed over three months, CMPG includes 6million additional observations compared

to CTRL, i.e., the number of SWM observations amount to 2.5% of the total number of OP observations. In the BF domain,

SWM observations make up 45% of the total number of OP observations. The number of additionally assimilated observations

on the BF domain per variable and altitude is shown in Fig. 4. The following sections describe the details of the assimilated

Doppler wind lidar (DWL), X-Band radar, radiosounding, meteorological mast and GNSS observations.280

3.2.1 Doppler wind lidar wind profiles

Ground-based DWLs provide high-resolution wind profiles of the boundary layer. In CMPG, we assimilate vertical profiles

of the zonal and meridional components of the wind (U and V , respectively) retrieved from 12 DWLs. To the best of our

knowledge, this DWL network presents the most comprehensive dataset used for DA experiments to date. The DWLs used

here retrieve wind profiles up to approximately 3 km to 6 km above ground. The DWL range and wind profile availability285

depends on atmospheric conditions, i.e. aerosol availability and cloud cover (Erdmann and Gasch, 2026). Since low-level

convergence is a key ingredient for the development of convection, the instruments were distributed predominantly around

the Black Forest mountain range, the suspected trigger area for convective systems during the campaign. Eight DWLs from

KITcube (Kalthoff et al., 2013) were located in and around the southern Black Forest (Fig. 2; blue triangles). In addition, four

DWLs provided by the Swiss Meteorological Service (MeteoSwiss) were included in CMPG. The latter DWLs are operational290

in the MeteoSwiss forecasting system but are not yet actively assimilated at Deutscher Wetterdienst.

We assimilate DWL retrieved vertical profiles of U and V with 10min temporal and 100m vertical resolution at each full

hour. Due to the capabilities of KENDA at the time, no vertical thinning is applied. The largest number of observations is

available between 900 hPa and 700 hPa (Fig. 4b). Above 650 hPa (i.e. ≈ 3.5 km), the number of DWL observations decreases

rapidly. The retrieved wind profiles are assimilated as observation type PILOT (Table 2) together with wind profiles obtained295
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Figure 4. (a) Number of assimilated campaign observations per observed variable. Shown are observations of zonal U and meridional V

wind, zenith path delay ZPD, radar reflectivity RADREFL, temperature T and relative humidity RH . The numbers indicate the relative

increase in observation number compared to operational observations for the whole ICON-D2 domain and the smaller Black Forest domain

(BF domain). For ZPD, the absolute numbers are shown. (b) Vertical profile of the number of assimilated campaign observations shown

above. Wind includes all U and V observations.
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Figure 5. Assimilated radar reflectivity points in observation space for the SWM X-band (orange) and operational C-band (blue) radars

located in the Black Forest. The shading shows the underlying topography ranging up to 1050m a.s.l. The localization radius is 16 km

around each of the scatter points.

from operational RWPs, which are mostly distributed in the northwestern region of the ICON-D2 domain and at three locations

in Switzerland (Fig. 2; blue circles).

3.2.2 X-Band radar volumes

KITcube’s mobile scanning X-band precipitation radar (Kalthoff et al., 2013) was installed in the southern Black Forest nearly

in the center of the campaign domain (Fig. 2; purple triangle and Fig. 5; orange dots) and covered the whole campaign area at300

low elevation angles. Due to an initial malfunction, it only acquired data from 11 July 2023 onward. From the intensity and the

Doppler shift of the ∼ 3 cm wavelength signal, radar reflectivity (RADREFL) and Doppler velocity (RADWIND) can be

derived. Since the test-wise assimilation of RADWIND showed a height-dependent bias, likely related to insufficient data

postprocessing of folded radial velocities, RADWIND was excluded. RADREFL has been actively assimilated from 12

July 2023 until the end of August 2023, and provides the largest number of assimilated campaign observations during rainy305

days (not shown). Following the operational setup, all radar observations are spatially superobbed to a horizontal resolution of

5 km and temporally thinned to only assimilate data from the latest 5min before the analysis time. Reflectivity observations

with values below 0 dBz are not assimilated. Since the volumes of the campaign X-band radar and the operational C-band

radar largely overlap (Fig. 5), their influence on the analysis can be easily compared (see Sect. 4).
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3.2.3 Radiosoundings310

During intensive observation periods (IOPs) additional radiosondes were launched at two sites: At a site upstream of the Black

Forest in Kœstlach (KOE), France, and at the main site in Villingen-Schwenningen (VS), Germany (Fig. 2; green triangles).

During each IOP, radiosondes have been released every six hours in KOE and every three hours in VS. Eight such IOPs

were carried out during June and July 2023 and nearly 200 radiosondes were launched in total (Handwerker et al., 2025).

Although this amount of soundings increases the number of sounding observations in the BF domain by two-thirds (around315

9 ·103 SWM observations and around 14 ·103 OP observations per variable) during the campaign period, for wind profiles this

number is still very low compared to the number of U and V observations obtained from the DWLs (around 1.2 · 106 each,

Fig. 4a). Radiosonde observations are vertically thinned according to Deutscher Wetterdienst’s operational procedure described

in Section 3.1. Operational radiosoundings are included in CTRL and CMPG, while radiosoundings from KOE and VS are

included in CMPG only.320

3.2.4 Meteorological mast observations

Six meteorological masts were deployed during the campaign (Fig. 2; brown triangles), from which 2m-temperature (T2M )

and 2m-relative humidity (RH2M ) are assimilated. Surface pressure observations are excluded due to observational biases

resulting from uncalibrated instruments. In addition, T2M observations at the site in Titisee are excluded due to a strong

nighttime model warm bias (not shown), which is most likely caused by insufficiently resolved topography. Similar effects325

were also observed in assimilation and model verification studies in the Alps where topographic cold pools are systematically

underrepresented (e.g., Bugnard et al., 2025).

3.2.5 GNSS zenith path delays

Ground-based Global Navigation Satellite System (GNSS) receivers measure the delay of GPS signals. The total path delay

depends on pressure, temperature and humidity (Bevis et al., 1992; Thundathil et al., 2024). GNSS observations are not yet330

assimilated operationally in Deutscher Wetterdienst’s regional NWP system. For this reason, the SWM observation set includes

GNSS zenith path delay (ZPD; equivalent to zenith total delay ZTD) observations on the full domain, in addition to the sites

installed specifically for the campaign (Fig. 2; red triangles). Since the LETKF requires every single observation to be assigned

to a location, each ZPD observation is attributed to a single level at 2000m above the receiver station. This height is chosen

such that the observations have a positive impact. For the GNSS assimilation, an online bias correction is applied, as ZPD335

observations from different countries and different stations have different biases. The bias stabilizes after approximately two

weeks. Therefore, the full number of observations is only used from 14 June 2023 onward. Overall, CMPG assimilates roughly

600 ZPD observations per hour in the ICON-D2 domain.
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4 Observation space evaluation

Evaluation formulation340

In this section, we characterize the mean and standard deviation of the difference between assimilated observations and the

model before and after assimilation. This is performed in so-called observation space, where the model can be compared to the

observations at the time step and location at which they were taken. We evaluate each variable of which there are additional

observations assimilated in CMPG (Section 3.2). Every such model equivalent is computed using a forward operator. If the

observed variable itself is also a model field, the forward operator is an interpolation to the time and location when and where345

the observation was taken. On top of the spatiotemporal interpolation, the model equivalents for ZPD und RADREFL are

obtained by also applying a specific nonlinear forward operator, e.g., EMVORADO (Zeng et al., 2016) for RADREFL. We

shall refer to the difference between a single observation, o, and the model equivalent of the background in observation space,

b, as the background departure, o− b. The difference between observation o and the model equivalent of the analysis a in

observation space is called analysis departure, o− a. In the computation of the departures, we only use the deterministic350

model output and not the ensemble members. The departures are evaluated statistically using the mean of the background

and analysis departures, (o−b) and (o−a), and the standard deviations, std(o−b) and std(o−a). In the following, these

statistics are computed separately for each of the variables U , V , T , RH , and RADREFL, and separately for SWM and

OP observations. All observation space statistics are based on the CMPG reanalysis that includes SWM and OP observations.

Ideally, data assimilation should reduce the mean absolute difference between observations and their model equivalents. Given355

that model biases are typically much smaller than the root mean square error, data assimilation should also reduce the standard

deviation of the departures

std(o−a)< std(o−b) . (5)

In the following, we will also evaluate whether data assimilation reduces the mean difference between observations and their

model equivalents, i.e., if360

(o−a)< (o−b) . (6)

Furthermore, the observation error, ϵo, set a priori in KENDA for each observed variable and each height level (Section 2) is

compared with the error estimate Rdiag = (o−a)(o−b)T based on Desroziers et al. (2005). If the background error covariance

matrix B is correctly specified, ϵo should match Rdiag. However, this is not the case in reality, and, thus, Rdiag is only a rough

estimate, but can still be used after some iterations. Using this error diagnostic, one can empirically identify the optimal ϵo365

profile for each observed variable and each observation type. Since changing ϵo has a large influence on the weights in the

Kalman filter equation (Eq. 1), it is not always tuned to perfectly match Rdiag. Therefore, in the following evaluation, we

consider it a good result if Rdiag for SWM and OP (i.e., campaign and operational observations) is fairly similar and of the

same order of magnitude as ϵo.
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Figure 6. (a) Background departure (o−b) of zonal wind during four exemplary days of the campaign. Each symbol represents one individual

assimilated observation, either from radiosonde (circles) launched at Villingen-Schwenningen (VS) or from the Doppler wind lidar located

at VS (squares in the background). (b) same as (a) but for meridional wind.
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4.1 Horizontal wind370

4.1.1 Exemplary background departure timeseries in observation space

Figure 6 shows an exemplary timeseries of (o− b) during four IOP days. It mainly shows that the high temporal variability of

(o−b) calls for a statistical analysis of the departures that accounts for the entirety of observations. In Fig. 6, each scatter point

corresponds to a single assimilated observation. Squares show the (o−b) values of the DWL placed at VS and circles show the

(o− b) values of the radiosondes launched in VS. While the radiosonde typically ascends to the top of the troposphere, DWL375

wind retrievals are only available if sufficient aerosol is available and the signal is not extinguished by clouds or precipitation.

Furthermore, strong precipitation also limits the data availability. Figure 6 only shows the (o−b) values below 650 hPa pressure

level, since above this level the number of DWL observations decreases rapidly. The background departures for radiosonde and

DWL retrieved wind profiles are expected to match in the lowest part of the troposphere and differ higher up, where the

radiosonde has drifted away substantially from its launching location and the observation time difference between radiosonde380

and DWL retrieval increases. This expectation is met at some time steps (e.g. zonal and meridional wind on 9 July 2023),

but there are instances at which the sign of (o− b) is opposite for DWL and radiosonde observations (e.g. zonal wind on 10

July 2023, 21 UTC and meridional wind on 8 July 2023, 15 UTC; red circles on blue squares). While radiosonde observations

are in situ measurements, sampling one instance in space and time, the DWL retrievals are 10min averages retrieved from

a volume explored by the scan pattern. It is expected that the DWL retrievals cannot resolve the short-term variability of the385

flow in convective situations with strong wind gusts. Additionally, the DWL wind profile retrieval error may be increased

during strongly turbulent conditions. A validation by Erdmann and Gasch (2026) supports this argument. They find an up to

−0.4ms−1 slow bias in the wind speed of the DWL at VS, i.e. faster zonal winds measured by the radiosonde. They argue that

this bias may be due to gusts, which are not fully resolved in the DWL measurements, and show that reducing the averaging

time (from 10min to 5min) slightly reduces the bias.390

4.1.2 Zonal wind

As shown in Fig 4a, most of the additionally assimilated observations in CMPG are zonal and meridional wind components,

U and V . These are assimilated from observation types AIREP, TEMP and PILOT (see Section 3.2 for details). The largest

number of wind observations in the BF domain are DWL measurements from the Swabian MOSES 2023 campaign, assimilated

as observation type PILOT mostly below 700 hPa (Fig. 7a and Fig. 8a; blue line). The number of U and V observations is395

identical (Fig. 7a and Fig. 8a). Due to the different vertical distribution of the number of observations, the mean ϵo (Fig. 7h and

Fig. 8h) varies slightly between different observation types, although the vertical ϵo profiles (Fig. 7c and Fig. 8c) are identical.

The mean observed vertical profiles of zonal wind (Fig. 7b) all show an increase of U with height. Overall, TEMP U values

are larger than those of PILOT and AIREP, due to sampling effects discussed in Sect. 4.1.4. The meridional wind component V

increases up to approximately 750 hPa, depending on the observation type, and varies slightly more among observation types400

than the zonal wind (Fig. 8b). The dominant flow direction during JJA 2023 was westerly to southwesterly flow. For both U and

V the Desroziers estimate Rdiag fits ϵo very well and is similar to OP (Fig. 7c,h and Fig. 8c,h; blue and black lines). Although
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Figure 7. Observation space statistics for zonal wind (U ), evaluated on the BF domain (see Fig. 2) for the three months of the campaign. (a-

e): Vertical profiles of observation space statistics in 50 hPa intervals. (f-j): Vertically integrated observation space statistics for SWM (solid

lines) and OP observations (dashed lines) for the various observation types (AIREP: orange; PILOT: blue; TEMP: green). (a,f): Number of

observations. (b,g): Mean observed value. (c,h): Mean value of the prescribed observation error ϵo in KENDA (thick and dark shaded lines)

and corresponding error estimate (thin and light shaded lines), the element of Rdiag, based on Desroziers statistics (see Sect. 2.5 for details).

Note that ϵo has the identical vertical profile for all three observation types (thick black line). (d,i): Mean background departure (o−b)

(thick and dark shaded lines) and mean analysis departure (o−a) (thin and light shaded lines). (e,j): As panels (d,i), but for the standard

deviation of the departures std(o−b) and std(o−a).
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the standard deviation of the departures are similar for all observation types and both U and V (Fig. 7j and Fig. 8j), there is

a model bias with opposite directions for U and V as well as between PILOT and TEMP observations (Fig. 7i and Fig. 8i;

blue versus green lines). Operational PILOT and TEMP observations (Fig. 7d, dashed lines) show on average a slow wind405

bias, i.e. the modeled U is slower than the observed U , in contrast to DWL campaign observations (Fig. 7d; blue solid lines),

which reveal a positive zonal wind bias. This is not only the case for the vertically averaged mean, but also for most height bins

individually, and most pronounced for SWM observations (Fig. 7d; solid blue and green lines). However, the opposite biases

are within the measurement error of the wind profilers and can be due to many reasons: DWLs and RWPs retrieve the wind

components from radial wind speed measurements at different azimuths and elevation angles, assuming stationarity during one410

scan. Due to the probed volume, they are less sensitive to gusts than the radiosondes. Moreover, since RWP scans are averaged

over about 30min and DWL scans are averaged over 10min, they do not only sample different volumes of air but also differ-

ent time periods. In addition, RWPs are sensitive to precipitation and bird migration, possibly yielding disturbed wind profiles,

while the DWL wind profile retrieval quality depends mainly on flow homogeneity within the retrieval volume and scan geom-

etry (Gasch et al., 2020; Rahlves et al., 2022; Robey and Lundquist, 2022). The large number of DWL observations gives them415

much weight, such that (o−a) is less negative than (o−b) for SWM PILOT observations, but in all other cases (o−a) is

larger than (o−b). That means, data assimilation reduces the model bias when compared to the DWL observations, thereby

increasing the model bias with respect to the RWP observations inside the BF domain. Overall, the standard deviation of the

departures for U and V is reduced by data assimilation for all observation types and both observation sources (SWM and OP),

with an almost 35% reduction from std(o−b) = 1.691ms−1 to std(o−a) = 1.10ms−1 for SWM PILOT (Fig. 7j; solid blue420

bars). This means, assimilating additional observations reduces the difference between observations and model equivalents and

thus reduces the model error, given that the disagreement between PILOT and TEMP observations is smaller than the model

deviations, i.e. the observations are trustworthy. This has been validated for two DWL stations in Erdmann and Gasch (2026).

Section 5 shows how this local influence of the additional campaign observations spreads out in model space.

425

4.1.3 Meridional wind

Meridional wind shows very small background and analysis departures up to the 800 hPa pressure level, indicative for little

systematic error for V (Fig. 8d). However, above 800 hPa, the DWL observations reveal a model slow bias that is increasing

with height. For observation type PILOT, the mean departures have the same sign for both OP and SWM observations, but

SWM TEMP has a negative (o−b) between 800 hPa and 400 hPa (Fig. 8d,i). However, on the height intervals with most V430

observations, the model bias is less than 0.5ms−1 and therefore of comparable size as the bias in U . The values for std(o−b)

and std(o−a) are also of similar size for U and V observations (Fig. 8e,j), showing that overall assimilation reduces the model

wind error with respect to all observation types.
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Figure 8. As Fig. 7 but for meridional wind (V ).

4.1.4 Tracing differences between TEMP and PILOT during IOPs435

The difference in the (o−b) signals of U and V between SWM TEMP and SWM PILOT observations is due to the fact

that they sample different synoptic situations and that each mean profile is an average over different sites. As described in

Section 3.2, SWM radiosondes were only launched during intensive observation periods, targeted to sample convective situ-

ations. There are only around 100 time steps when SWM radiosondes from Villingen-Schwenningen (VS) were assimilated,

whereas DWL observations are available at almost every hourly time step during JJA 2023, i.e. at more than 2000 time steps.440

To make the two samples comparable, we evaluate observation space statistics for each DWL (Fig. 9; red and blue lines) and

the VS radiosounding station (Fig. 9; green line) individually and for only those times when radiosounding observations from

VS are available. Since the vertical resolution of most DWL sites (except the one at VS because it is of a different instrument

type) is higher than the vertical resolution of the radiosonde profiles after thinning, the number of U and V observations from

DWLs is larger than the number from the VS radiosounding station, even if we sample exactly the same assimilation time steps445

(Fig. 9a,f). The IOP time steps are mostly characterized by convective conditions and southwesterly flow (Fig. 9g), leading to
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Figure 9. Observation space statistics for zonal wind (a-e; U ) and meridional wind (f-j; V ), evaluated on the BF domain (see Fig. 2) for

the subset of time steps when observations from the Villingen-Schwenningen (VS) radiosonde are assimilated. Since U and V are retrieved

together, the number statistics in (a) and (f) are identical. The red line shows the profile of the Doppler wind lidar (DWL) in VS, and the

blue lines show the profiles of the remaining DWL instruments. The black line shows the mean profile of all DWL stations. (b,g) mean

observed profile. (c,h) observation standard deviation. (d,i) mean background departure. (e,j) standard deviation of background departure.

x-axis values for mean and std are given in ms−1.
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a considerable drift of the sounding balloon at some time steps. Even if comparing the TEMP with PILOT observations at the

same site (VS), a representativity issue is evident.

The vertical profile of the standard deviation of observation (Fig. 9c,h) and background departure (Fig. 9e,j) are similar for

all stations and both observation types, but have overall larger values than in Fig. 7e,j and Fig. 8e,j. This might be due to the450

sampling of convective conditions during IOPs and highlights the importance of data assimilation in these conditions. The

mean background departure (Fig. 9d,i) shows a clear difference between the VS station (green and red lines) and the remaining

stations (blue lines). Above 700 hPa, the spread of the (o−b) profile for PILOT increases drastically and while the PILOT

mean (o−b) reaches values of about −1ms−1 for U and about 1ms−1 for V , the (o−b) for the VS PILOT station is close

to 0ms−1 at every height level for U as well as for V . This detailed evaluation shows that although (o−b) has different455

signs for SWM TEMP and SWM PILOT observations, the DWL profile at VS is closest to the VS radiosonde profile. The

remaining discrepancy, i.e. (o−b)≈ 0ms−1 for U in the case of the VS DWL and (o−b)≈ 1ms−1 in the case of the VS

radiosonde (Fig. 9d) supports the results of Erdmann and Gasch (2026): The DWL retrieval smooths out individual gusts in

convective conditions and therefore the radiosonde typically measures higher U values. This leads – in convective situations

– to an underestimation of modeled U when compared to TEMP (radiosoundings) but an overestimation when compared to460

PILOT (DWL).

4.2 Temperature

The largest number of T observations is available from MODE-S measurements in the upper troposphere and lower stratosphere

(Fig. 10a,f; orange). Campaign observations from radiosoundings (Fig. 10a,f; green) are roughly 40% of the total number of

TEMP observations in the BF domain. The number of observations of the five campaign surface sites (Fig. 10a,f; brown solid)465

is approximately one order of magnitude lower than the number of operational SYNOP stations (Fig. 10a,f; brown dashed). The

vertical temperature profiles (Fig. 10b) as well as the overall mean observed temperatures (Fig. 10g) agree well within the three

observation types. The Desroziers estimate Rdiag is similar to ϵo for the observation types AIREP and SYNOP (Fig. 10c,h),

but is less than half of ϵo for observation type TEMP for both OP and SWM observations. However, while the vertical profiles

of Rdiag and ϵo have similar shapes as for TEMP and SYNOP observations, the AIREP Rdiag matches ϵo only when averaged470

vertically. Specifically, differences between ϵo and Rdiag exist below 500 hPa. Most importantly, Rdiag of SWM does not differ

substantially from Rdiag of OP. This justifies the use of the quasi-operational ϵo for the SWM observations.

The mean departures (Fig. 10d,i) all show a lower tropospheric model cold bias with (o−b)≈ 0.25K. That means, the

model background is too cold compared to the observations and thus the temperature is increased through the assimilation,

resulting in lower analysis departures. If averaged vertically, the largest background departures are from OP TEMP observations475

(Fig. 10i, green dashed). The vertically averaged SWM TEMP background departures have a rather small bias (Fig. 10i, green

solid), but the vertical profile (Fig. 10d, green) shows that they are characterized by a model warm bias with (o−b)≈−0.25K

in the middle troposphere, which is not present in the OP TEMP observations. Differences between OP and SWM observations

can result from the different locations and most probably from a sampling bias, as SWM TEMPs are only available during

IOPs, targeting mostly convective conditions. For SYNOP, the model surface cold bias is more pronounced in the SWM480
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Figure 10. As Fig. 7 but for temperature (T ). Notice the logarithmic x-axis in (a).

observations than in the OP observations (Fig. 10d, brown). This can be due to the fact, that the campaign sites are mostly

located in complex terrain, which is poorly resolved by the ICON-D2 grid and therefore cannot sufficiently represent small

scale temperature variations such as nighttime cold pools. For both SWM and OP SYNOP observations, the model is warmed

after assimilation (Fig. 10d,i; light brown values are larger than dark brown values). The AIREP observations show a less

pronounced model cold bias in the lower troposphere (Fig. 10d; orange). This cold bias decreases with height, as the number485

of assimilated AIREP observations increases and yields an overall very small bias of (o−b)≈−0.006K (Fig. 10i; orange).

The standard deviation of the departures (Fig. 10e,j) is between 0.4K and 1.1K for SWM and OP observations. For all three

observation types, the departures are improved after assimilation, i.e. std(o−a)< std(o−b). In particular, the improvement

in the standard deviation of the temperature departures from SWM radiosoundings is 26%. This holds also for each vertical

bin individually and shows that assimilating SWM temperature observations has a positive influence on the analysis.490
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Figure 11. As Fig. 7 but for relative humidity (RH). Notice the logarithmic x-axis in (a).

4.3 Relative humidity

The number of RH observations by radiosondes in the BF domain is, as expected, identical to the number of T observations

(Fig. 11a; green). Similarly, the number of RH SYNOP observations is similar to the number of T SYNOP observations, too

(Fig. 11a; brown). However, there are much fewer RH observations by aircraft, resulting in noisier statistics (Fig. 11a; orange).

The differences between ϵo and Rdiag in the case of RH are surprisingly large (Fig. 11c). Rdiag is less than 10% of ϵo for all495

observation types. Yet, OP and SWM observations show very similar values of Rdiag, again justifying the use of operationally

prescribed errors ϵo. Background departures from both SWM and OP TEMP observations show a model moist bias below

700 hPa (Fig. 11d; green). This model moist bias is improved through data assimilation, resulting in analysis departures being

closer to zero than the background departures (Fig. 11i; green). Assimilating TEMP observations therefore cause the model to

get drier at these locations, mostly below 750 hPa. This drying might be affected by the influence of T observations: Warming500

the model while keeping the moisture content fixed results in lower relative humidity values. Opposite to TEMP, the OP

SYNOP observations show a slight model dry bias (positive (o−b)). As for T , std(o−a) is lower than std(o−b), showing
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Figure 12. As Fig. 7 but for radar reflectivity (RADREFL)

an overall improvement of the modeled RH after assimilation (Fig. 11e,j) and particularly a 22% improvement from SWM

radiosoundings.

4.4 Radar reflectivity505

The only OP radar in the BF domain is Deutscher Wetterdienst’s C-Band radar located at Feldberg, 30 km west of Bonndorf,

where the SWM X-Band radar was operated. Feldberg lies at ≈ 1500m a.s.l. and is the highest point in the southern Black For-

est, while Bonndorf lies in the lee of the Black Forest at ≈ 800m a.s.l. (Fig. 2b; purple markers). Therefore, the RADREFL

values can differ at lower elevation angles, but should be comparable at higher altitudes as the radar volumes partially overlap.

Indeed, the averaged vertical profiles of RADREFL of the OP C-band and SWM X-band radar are similar, and, as expected,510

both show a decrease in RADREFL towards higher altitudes (Fig. 12b).

The number of observations of the SWM X-Band radar is smaller than the number of observations from the OP C-Band

radar (Fig. 12a,f) because the SWM radar was only operating from 11 July 2023 and the X-band radar scans a smaller volume

than the C-Band radar. The observation error for observation type RADAR is set to ϵo = 10dBz while the error estimate Rdiag

is roughly three times larger for both instruments (Fig. 12c).515

Both radars show positive mean departures at all levels (Fig. 12d,j) indicating that the model underestimates the observed

reflectivities. This underestimation is reduced by assimilation such that the mean analysis departures are slightly smaller.

Furthermore, assimilation reduces the random model error by about 20% (Fig. 12j) for both OP and SWM observations. The

vertical profiles of std(o−b) (Fig. 12e) are very similar for SWM and OP, which underlines the good agreement between the

observations from Feldberg and Bonndorf.520
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4.5 Zenith path delay

The standard deviation of the ZPD background departure std(o−b) = 0.0108 m is reduced to std(o−a) = 0.0085 m after

assimilation, yielding a 21% improvement.
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5 Model space evaluation

In this section, we examine the influence of the additionally assimilated observations on the 3D model state by comparing525

the mean absolute differences between CMPG and CTRL. We shall consider the horizontal wind components, U and V ,

temperature, T , water vapor mixing ratio, QV , and wind speed WS.

5.1 Reanalysis wind fields

The 3-month average wind speed at 1.5 km altitude in both CMPG and CTRL increases from the Alps towards the North Sea

(Fig. 13a; shading) and with height (Fig. 13b; shading). The dominant flow direction during the 3 months is southwesterly530

(Fig. 13a; black arrows). The vertical cross section (Fig. 13b,d,f,h) cuts from west to east through the BF domain, and thus,

through the region where the SMW observations have the largest influence. The main crests of the Black Forest and Vosges

mountain ranges modulate the wind speed, leading to enhanced wind speed over the crests and reduced wind speed over the

Upper Rhine valley.

The wind speed increment at each time step is calculated as the difference between analysis wind speed and background wind535

speed. The 3-month mean absolute analysis increment in CMPG is, as expected, largest in the BF domain where most additional

observations are assimilated (Fig. 13c; shading). The magnitude of the mean absolute wind speed increment decreases radially

away from the measurement sites and its shape fits well to the area where the DWL wind observations are localized (Fig. 3;

blue shading). Large wind speed increment values reach up to 5 km altitude (Fig. 13d; shading), consistent with the vertical

localization prescribed in KENDA. The influence of the SWM wind observations is largest between the Rhine valley and the540

Black Forest mountain peaks and its maximum value is 0.75ms−1. This demonstrates a substantial influence of the SWM

observations on the analysis. One reason for this large increment is the spatial overlap of the localization areas of the 12 DWLs

(see Fig. 3), i.e., locally the increments of individual observations add up resulting in a large total increment in the BF domain.

It can therefore be expected that a reduced vertical and horizontal localization length would reduce the maximum influence of

the observations on the analysis. Moreover the mean wind speed increment direction points predominantly westwards (Fig. 13c,545

black arrows). Thus, CMPG shows weaker mean westerlies than CTRL over southwestern Germany, suggesting that the SWM

observations systematically slow down the zonal wind in the ICON-D2 analysis.

The mean absolute increment difference between CMPG and CTRL (Fig. 13e,f) isolates the influence of the additional

SWM observations assimilated in CMPG: the strongest signal remains centered over the BF domain with a similar shape and

magnitude as the CMPG mean absolute increments themselves (Fig. 13c,d). Outside the BF domain, the CMPG wind speed550

increment difference is small but nonzero (Fig. 13e; black arrows), showing that there is still an observation influence in a

larger region surrounding the BF domain, as the observation influence propagates outside the BF domain.

This can also be concluded from the mean absolute difference between CMPG and CTRL analysis fields (Fig. 13g,h), result-

ing from the continuous assimilation-forecast cycling. The accumulation of assimilation impact due to the continuous cycling

results in larger magnitudes in the mean absolute analysis difference compared to the mean absolute increment difference (cf.555

Fig. 13e,f and g,h). This also illustrates that the impact of the assimilation is maintained in the short-term forecast. Similarly
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Figure 13. 3-month mean composites averaged over JJA 2023. (a,c,e,g): Horizontal cross section at 1500m a.s.l.. (b,d,f,h): Vertical cross

section crossing the Black Forest at constant latitude (48◦N) from 5◦E to 11◦E (see black line in a,c,e,g). The orography (black shading)

shows the Vosges mountains at ≈ 7◦E, the Upper Rhine valley at ≈ 7.5◦E and the Black Forest main crest at ≈ 8.25◦E, in the vicinity of

which most campaign instruments were located. Black contours indicate levels of constant virtual potential temperature. (a,b) mean wind

speed (shading) and wind direction (arrows) in CMPG. (c,d) mean absolute wind speed increment (shading) and direction of wind increment

(arrows) in CMPG. (e,f) mean absolute difference (CMPG minus CTRL) of wind speed increment (shading) and direction of the wind

increment difference (arrows). (g,h) mean absolute difference (CMPG minus CTRL) of analysis wind speed (shading) and direction of the

analysis wind difference (arrows). 30
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Figure 14. As Fig. 13g,h but for temperature (a,b) and for water vapor mixing ratio (c,d).

to the analysis increments, the largest difference in wind fields occurs in the BF domain. In particular, substantial wind speed

differences between CMPG and CNTRL reach from 6◦E to 9◦E. Overall, the maximum absolute wind speed differences are

approximately two times larger than the absolute wind speed increment differences in the BF domain (Fig. 13e,f) and an ap-

proximately 1ms−1 wind speed difference extends almost over the full ICON-D2 domain. This shows that the influence of the560

SWM observations is not lost within the 1-hour forecast step, but accumulates over time, as the CMPG wind increments add

to an already changed background field. Hence, we conclude that the impact of the wind observations is still present after the

forecast step.

5.2 Reanalysis temperature and humidity fields

As for wind speed, the largest mean absolute analysis difference (CMPG – CTRL) in T occurs over the southern Black Forest565

(Fig. 14a,b). This is consistent with the spatial distribution of additional SWM T observations (radiosondes and SYNOP

stations) from within the BF domain as well as with a potential influence of SWM wind measurements on T . However,

differences extend well beyond the BF domain, across Germany and into eastern France, but decay consistently with increasing

distance, reflecting the effect of horizontal localization and the limited number of additional T observations. In the vertical,

the mean absolute T difference peaks at around 2.5 km a.s.l. and reaches values of up to 0.4K. This difference is about twice570

as large than the maximum of the mean absolute T increment in each dataset individually (both CMPG and CTRL) at the

same altitude. Similar to the observation impact on the analysis wind field (Section 5.1), the continuous cycling accumulates
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the effect of observations and results in a larger difference between CMPG and CTRL analysis compared to the difference

between CMPG and CTRL increments.

In the case of water vapor mixing ratio QV , the absolute CMPG – CTRL analysis difference also maximizes over the575

BF domain (Fig. 14c,d), but the spatial reach is broader than for T . However, the observation influence from assimilating

additional ZPD observations was expected to extend over the whole domain which is not visible in the model space cross

sections. Therefore, it is unlikely that ZPD observations from GNSS have a substantial influence on the CMPG analysis. The

mean absolute CMPG - CTRL difference outside the BF domain has, as in case of the T fields, roughly half the magnitude in

the BF domain. It extends farther southwest than in the case of T and there is a difference present even in northern Italy. The580

vertical extent of the mean absolute CMPG - CTRL difference is also broader for QV than for T and maximizes at 2.5 km a.s.l.

with a value of 0.7gkg−1. The differences in QV between CMPG and CTRL analysis fields can result either directly from

assimilating additional RH observations from the SWM radiosondes and RADREFL observations from the SWM X-Band

radar or be introduced by covariances between the thermodynamic and dynamic variables.
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6 Discussion and outlook585

A pioneering, convection-permitting campaign reanalysis is presented that incorporates an unprecedented variety of high-

resolution observations from the Swabian MOSES 2023 campaign conducted in southwest Germany during JJA 2023. The

campaign reanalysis is created using Deutscher Wetterdienst’s ensemble data assimilation framework KENDA, relying on the

LETKF, and is computed on the ICON-D2 grid with 2 km mesh size centered on Germany. The campaign reanalysis (CMPG)

uses an identical setup as a control (CTRL) reanalysis, but assimilates operational and campaign observations (OP + SWM),590

whereby the latter are not assimilated operationally at Deutscher Wetterdienst. SWM observations are (i) wind profiles from

12 Doppler wind lidars (DWLs), (ii) X-band radar reflectivities, (iii) additional radiosoundings, (iv) surface meteorological

mast data, and (v) a domain-wide network of GNSS retrieved zenith path delays. Thanks to this rich set of observations, the

CMPG reanalysis offers an optimal four-dimensional estimate of the lower-tropospheric state on the regional level. To our

knowledge, previous campaign reanalyses have assimilated either (i) fewer additional observation types, (ii) a shorter period,595

(iii) observations mostly in flat terrain, (iv) not at convection-permitting scale and, most importantly, (v) a lower density of

high-resolution atmospheric profile observations. Taken together, these features contribute to the unique, comprehensive, and

unprecedented character of the Swabian MOSES 2023 reanalysis dataset (see Fig. 1). Beyond its immediate value for process

understanding and model evaluation, this dataset can serve as initial and lateral boundary conditions for targeted predictability

studies and nested, higher-resolution model simulations.600

In the Black Forest domain (BF domain; Fig. 2), twice as many wind observations are assimilated in the campaign reanalysis

(CMPG) than in the control reanalysis (CTRL), which assimilates exclusively operationally available observations (OP). To

our knowledge, CMPG is thus the first reanalysis that incorporates wind observations from such a dense network of DWLs.

The largest number of Doppler wind lidar (DWL) observations is retrieved and assimilated between 900 hPa and 600 hPa, ad-605

dressing a long-recognized observational gap in lower tropospheric dynamics (Bell et al., 2020; Cimini et al., 2020). Locally,

the assimilation of campaign observations reduces the systematic model error, (o−a)< (o−b), for all variables assimilated

from the campaign. In particular, the improvement in the standard deviation of the departures amounts to 34% for DWL re-

trieved zonal and meridional winds, 26% for temperature and 22% for relative humidity from SWM radiosoundings, 17% for

the SWM X-band radar reflectivities, and 21% for the GNSS ZPD observations (see Section 4). These values are of the same610

order of magnitude as the relative improvements by OP observations. Model space evaluation reveals that assimilating SWM

observations systematically modifies the state of the troposphere up to 5 km. The SWM observation influence is not confined

to the direct vicinity of the observations but influences the lower troposphere over the whole domain through multivariate

covariances, continuous cycling, and advection. The mean absolute differences between CMPG and CTRL reach domain-wide

magnitudes of order 1 m s−1 for wind speed, 0.25K for T , and 0.4gkg−1 for QV (see Section 5), and are even larger in the615

campaign region, with mean absolute differences of 1.5 m s−1 in wind speed, 0.4 K in T , and 0.7 g kg−1 in QV . T differences

are spatially more confined than QV differences, and reach largest values at higher altitudes. This dataset demonstrates that

heterogeneous campaign observations can be assimilated in a quasi-operational setup over complex terrain to yield an exten-
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sive, convective-scale reanalysis that statistically reduces the difference between model and observations for all assimilated

variables, thereby reshaping the representation of the dynamics and thermodynamics in the lower troposphere.620

At the same time, complex terrain and limited model resolution set key challenges: At 2 km mesh size, orographic trigger

mechanisms of convection are only partially resolved, and local observations may not be representative for resolved model

fields. While observation-to-background differences for the campaign observations included in this reanalysis indicate no sys-

tematic problem with representativity, previous studies have shown that even 1 km analyses can overestimate nighttime ground625

temperatures in narrow valleys (Bugnard et al., 2025) and miss flow variability in complex terrain (Goger and Dipankar, 2024),

emphasizing the need for yet finer grids and denser lower-tropospheric profiling. Efforts are currently being made to establish

on-demand setups for assimilation and forecasting in complex terrain at even higher resolution, such as the Global-to-Regional

ICON Alpine Twin (GLORI-A) with 500m mesh size. Moreover, adding many observations within a small domain poses new

challenges, such as determining appropriate observation thinning procedures and appropriately weighting different observation630

types from the same location. This is particularly relevant when their departures have opposite signs, as found in DWL and

RWP observations used in the CMPG reanalysis. Novel data assimilation approaches are being designed to better exploit a

denser observational content, by leveraging the underlying model dynamical core (Pasmans et al., 2024). The mean and stan-

dard deviation of the CMPG observation space departures are in agreement with those of previous campaign reanalyses (Keil

and Cardinali, 2004; Fourrié et al., 2019). However, the reduction of the departures by data assimilation, i.e., the difference635

between (o−b) and (o−a) statistics is more pronounced in Fourrié et al. (2019) than it is in this study. Such differences can

result from a different data assimilation setup, geographical area, assimilation period, and synoptic condition.

The Swabian MOSES 2023 campaign reanalysis provides manifold research applications, such as an assessment of the in-

fluence of additional wind profile observations with a focus on the representation of the mesoscale circulation in the boundary640

layer over complex terrain or the application of the Partial Analysis Increment diagnostic (PAI; Diefenbach et al., 2023) to

disentangle the influence of individual observations on the total analysis increment. The campaign reanalysis, which is consis-

tent with campaign observations, provides a basis for detailed case studies of high-impact convective events and convection

initiation, and can be employed as initial and lateral boundary conditions for sub-kilometer resolution simulations. Moreover,

the consistent reanalysis datasets provide a valuable basis for various machine-learning applications, such as methods of ex-645

plainable and causal AI for understanding and predicting convection. Systematic re-forecast experiments initialized from the

CMPG and CTRL reanalyses facilitate the quantification of observation impact on forecasts. Overall, these efforts can con-

tribute to the investigation of potential model weaknesses in complex terrain. The developed setup further builds a valuable

basis for new and even higher-resolution campaign reanalyses, for example for the alpine TEAMx campaign (Rotach et al.,

2022). TEAMx additionally incorporated a network of novel differential absorption lidars for humidity profiling of the ABL.650

While further sensitivity experiments with respect to localization length scales and observation thinning may be needed for op-

erational NWP, these efforts help to understand how additional profiling of the lower troposphere can improve convective-scale

analysis and forecasts in complex terrain.
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7 Data availability

The deterministic campaign (CMPG) and reference (CTRL) reanalysis datasets as well as postprocessed observations space655

data will permanently be made publicly available after acceptance of the manuscript in RADAR4KIT. The RADAR4KIT

archive is publicly accessible. Each reanalysis dataset has a size of 0.7TB and is stored separately for each month. During the

review process, the datasets are available from temporary repositories:

– https://radar.kit.edu/radar/en/dataset/07gpanyv7pnvhf67?token=koJBZmmUCzepmBMXVCtw (Thomas et al., 2026a)

– https://radar.kit.edu/radar/en/dataset/r3cbytxm7hgcnxgk?token=YHgykxcvGUWLhYgczatK (Thomas et al., 2026b)660

– https://radar.kit.edu/radar/en/dataset/kmpb2g46amkneczs?token=bJHKRzlsGEFLjwMeiRam (Thomas et al., 2026c)

– https://radar.kit.edu/radar/en/dataset/44crb4kb4k0uvqtv?token=kcOcAbZRJtmpjfFOFnen (Thomas et al., 2026d)

– https://radar.kit.edu/radar/en/dataset/4bdfdmsbc37u516u?token=BuEPnqhtAmIaxarauQPy (Thomas et al., 2026e)

– https://radar.kit.edu/radar/en/dataset/g5n6qsnzy27r3m0c?token=vemBLzLymGjqSnHsaidr (Thomas et al., 2026f)

– https://radar.kit.edu/radar/en/dataset/zppude9j5q2naauz?token=aPxEJjCxysScOchSKsZS (Thomas et al., 2026g)665
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