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Abstract. Previous studies showed substantial improvements in upper-level wind and mass field forecasts from assimilating

Aeolus wind observations. This study extends those analyses using the improved reprocessed Aeolus dataset (version B16)

in experiments with the global ECMWF forecasting system spanning more than three years. Results show that zonal wind

forecasts improve across the entire troposphere during the first forecast week, propagating gradually into the stratosphere,

with average reductions in the Root Mean Square Error of about 0.5%, reaching over 1.5% in the tropical upper troposphere.5

These improvements lead to more accurate rainfall forecasts in some regions and seasons, as measured by the Fraction Skill

Score (FSS) and the Stable Equitable Error in Probability Space (SEEPS). They are largest during the winter half-year in the

extratropics, particularly in the Southern Hemisphere, and appear primarily at the grid scale. The largest FSS improvements,

reaching several percent, occur for 5–10 day leads and heavy rainfall categories, while SEEPS indicates modest but consistent

gains in categorical precipitation skill. These results suggest that assimilating Aeolus winds improves large-scale dynamics,10

such as jet streams and Rossby waves, leading to more accurate long-term predictions of cyclones and fronts, and ultimately

better local wind and heavy rainfall forecasts.

1 Introduction

Accurate rainfall forecasts are essential for various socio-economic sectors, including agriculture, water management, trans-

portation, and energy production. Reliable predictions enable better planning and decision-making, from optimizing irrigation15

and managing reservoirs to minimizing transport disruptions and supporting energy scheduling. Furthermore, precise precip-

itation forecasts are vital for mitigating the impacts of extreme events such as floods, landslides, and droughts by supporting

early warning systems and risk management strategies. While most dynamical processes can be resolved in global Numer-

ical Weather Prediction (NWP) models, phenomena such as radiation, turbulence, convection, clouds and precipitation are

inherently too small in scale and must therefore be parameterized. Global NWP models such as the European Centre for20

Medium-Range Weather Forecasts’ (ECMWF) Integrated Forecasting System (IFS) have made significant advances in recent

years with respect to the accuracy of precipitation forecasts. In particular, advancements in the parameterization of cloud pro-

cesses have improved the prediction of rainfall rates as well as their frequency distribution (Bechtold et al., 2014; Forbes

et al., 2015). Despite these advancements, the accuracy of forecasts remains limited, in particular regarding predictions of
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the location, timing, and intensity of convective precipitation events. This arises from the inherent complexity of their rapid25

evolution and the involved multi-scale interactions, which are not fully captured by current global NWP models using a grid

spacing of about 10 km (Yang and Slingo, 2001; De Meutter et al., 2015; Prein et al., 2015; Feng et al., 2016; Taylor et al.,

2017). Another key ingredient for improving precipitation forecasts is to better constrain model initial conditions through the

assimilation of observations. In particular, the assimilation of spatio-temporal high-resolution satellite data, such as all-sky

radiances within the ECMWF operational 4D-Variational Data Assimilation system (4D-Var), has demonstrated a significant30

positive impact on rainfall predictions (Bauer et al., 2010; Geer et al., 2010). In addition, the inclusion of GPS Radio Occulta-

tion (GPSRO) measurements further improved precipitation predictions by providing accurate vertical profiles of temperature

and moisture (Bonafoni et al., 2019). Among the various types of atmospheric observations, wind measurements provide a

particularly strong positive impact on forecast as consistently shown in several impact studies (Marseille and Stoffelen, 2003;

Stoffelen et al., 2005, 2006; Žagar et al., 2008; Baker et al., 2014; Weissmann and Cardinali, 2007; Weissmann et al., 2012;35

Žagar, 2004). However, observations of wind are still sparse compared to satellite radiance observations that mainly constrain

the mass field (Baker et al., 2014).

In response to these limitations, the European Space Agency (ESA) launched the Aeolus satellite in 2018. Aeolus was the

first spaceborne Doppler wind lidar that provided direct, vertically resolved profiles of line-of sight wind across the globe

(Stoffelen et al., 2005; Reitebuch, 2012; Straume et al., 2020). Operating until 2023, Aeolus filled a crucial observational gap40

by supplying high-accuracy wind data at altitudes important for atmospheric dynamics, such as the Upper Troposphere and

Lower Stratosphere (UTLS). While previous studies have demonstrated the positive impact of Aeolus wind data on upper-air

wind and mass fields (Rennie et al., 2021, 2022; Borne et al., 2023; Martin et al., 2023a; Chou and Kushner, 2024; Žagar

et al., 2025), the implications for precipitation forecasting remain largely unexplored. Horizontal Wind fields are dynamically

linked to precipitation processes, particularly through their influence on vertical motion, storm track evolution, and moisture45

transport. In the mid-latitudes, precipitation is strongly associated with the evolution of baroclinic systems (Dong et al., 2013;

Ma and Chang, 2017). These are governed by upper-tropospheric jet stream dynamics and large-scale potential vorticity struc-

tures, which are highly sensitive to initial wind conditions. In the Southern Hemisphere (SH), the observational network is

particularly sparse over the ocean, where midlatitude storms play a crucial role in modulating the global energy and moisture

budgets. These cyclones are the primary drivers of extreme weather events during the cold season, including high winds, heavy50

precipitation, and abrupt temperature changes (Campbell and Renwick, 2023). In the tropics, precipitation is primarily driven

by moist convection and modulated by large-scale circulation features such as Equatorial Waves (EWs) and the Madden–Julian

Oscillation (MJO) (Matsuno, 1966; Wheeler and Kiladis, 1999).

The goal of this study is to assess the impact of assimilating Aeolus wind profile observations on precipitation forecasts

within the ECMWF IFS. Using Observing System Experiments (OSEs) spanning more than three years (about 2/3 of the55

operational lifetime of the Aeolus satellite), we investigate the mean impact as well as the regional and seasonal variability of

Aeolus’ influence on zonal wind forecasts and its relationship to rainfall forecasts. This analysis aims to support the planning

of future Aeolus follow-on DWL missions for NWP. This paper is organized as follows. We first describe the OSEs and the

datasets used to validate rainfall and wind. Next, we outline the verification metrics applied to assess the impact of Aeolus on
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both variables. The results are then presented in two parts: the first addresses the impact of Aeolus on zonal wind predictions,60

and the second examines the downstream effects on precipitation forecasts.

2 Data and methods

2.1 Data

In this section, we describe the experiments as well as the precipitation and reanalysis data used for verification in this study.

The forecast data for both wind and precipitation are derived from two recent OSEs conducted at ECMWF, which were run65

with and without the assimilation of Aeolus observations. For wind, we use the ERA5 reanalysis for verification, while for

precipitation, we utilize the Global Precipitation Measurement (GPM) of the Integrated Multi-satellitE Retrievals for GPM

(IMERG) product.

Aeolus Observing System Experiments

Precipitation and wind forecast data were obtained from two OSEs, a widely used method in NWP to evaluate the impact70

of specific observation types (Bouttier and Kelly, 2001; Kelly et al., 2004). OSEs typically involve running two assimilation

experiments. One of the experiments excludes the observation group of interest that are in our case Aeolus observations. In this

study, two OSEs conducted at ECMWF were utilized, incorporating all operational observations plus wind observations from

the Aeolus FM-B laser 4th reprocessing (DISC prototype L2B BUFR) using Baseline 16 (L1A/L1B v7.14.3 and L2B v3.90).

The OSEs cover two periods: 28 June 2019 to 09 October 2020, and 10 October 2020 to 04 October 2022. Both experiments75

were conducted using the IFS cycle CY48R1, with a 4D-Var outer loop at TcO639 resolution, equivalent to a horizontal grid

spacing of approximately 18 km. It should be noted that the data quality from the FM-B laser was initially very good but

degraded over time, which has likely influenced the varying NWP impact of Aeolus observations across the two periods (Lux

et al., 2025).

The processing algorithm of Aeolus wind observations distinguishes between two main types of retrievals based on atmo-80

spheric conditions: Rayleigh-clear observations, which measure backscatter from air molecules, and Mie-cloudy observations,

which measure backscatter from particulates such as hydrometeors and aerosol particles. For Rayleigh-clear observations, the

observation error is based on the estimated Level 2B (L2B) error, specifically the instrument error standard deviation provided

by the L2B processor. The B16 configuration provides a more accurate estimate of instrument error by accounting for factors

such as readout noise and dark current offset noise. For Mie-cloudy, standard error scaling is used, which includes a 2 m s–185

representativity error due to its higher resolution (∼12 km) than the effective ECMWF model resolution. Quality control is

performed using a first-guess check that rejects observations if the magnitude of departure is larger than the square root of

the combined observation and background error variances multiplied by a tolerance factor of 3.5. To evaluate forecast perfor-

mance, 12-hour accumulated precipitation as well as wind fields are analyzed for the 12 UTC and 00 UTC runs, with lead times
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ranging from 24 to 240 hours (day 1 to day 10). The analysis spans the entire time of the OSEs from June 2019 to October90

2022.

GPM IMERG precipitation product

For the precipitation reference product, we use the globally gridded Rainfall Integrated Multi-satellite Retrievals (IMERG)

dataset (Huffman et al., 2015), which is derived from the GPM satellite constellation and other data sources and processed

using the IMERG precipitation algorithm. The GPM mission is a continuation of the Tropical Rainfall Measuring Mission95

(TRMM), with the IMERG algorithm applied alongside additional data, including monthly surface precipitation gauge anal-

yses, to produce a high-resolution global precipitation record. GPM IMERG is preferred over reanalysis products such as

ERA5 because it relies predominantly on direct satellite observations, whereas ERA5 represents a synthesis of model output

and observational data. The incorporation of model physics in such reanalyses can introduce systematic biases, particularly in

regions characterized by complex topography or sparse observational coverage, thereby reducing the reliability of pointwise100

precipitation estimates. Nevertheless, GPM IMERG is not without limitations. Its precision decreases in regions with complex

topography, such as mountain areas, where it often misinterprets cold surfaces as precipitation, leading to significant errors

(Hirpa et al., 2010; Hobouchian et al., 2017). Moreover, heavy precipitation is often underestimated in warm orographic clouds

(Dinku et al., 2010; Derin and Yilmaz, 2014). IMERG data can be unreliable in areas with few ground observations, com-

plicating validation efforts (Hirpa et al., 2010). Nevertheless, the satellite product generally provides more accurate estimates105

in tropical wet and dry zones than in mountainous and semi-arid regions (Thiemig et al., 2012; Prakash et al., 2016; Derin

et al., 2019). This dataset is gridded to a spatial resolution of 0.1° × 0.1° and a temporal resolution of 30 minutes, provid-

ing near-global coverage from 60°N to 60°S. For this study, we use the "Late" (IMERG-L) product run, which is calibrated

monthly with ca. 7000 ground-based meteorological stations worldwide. The precipitation data have been aggregated to match

the resolution of ECMWF forecasts, i.e. a 12-hour temporal resolution on a 0.25° horizontal grid, covering the period 2000 to110

2022, which provides a sufficiently long dataset suitable for building a reference climatology.

ERA5 wind reanalysis

Reanalysis datasets are widely used to evaluate changes in observing systems and to provide an independent and robust refer-

ence. Here we evaluate wind forecast accuracy using the ERA5 reanalysis dataset produced by ECMWF, as Aeolus data were

not assimilated into this dataset (Hersbach et al., 2020). ERA5 is produced with an older version of the IFS 4D-Var system,115

CY41R2, at a horizontal resolution of 31 km.

2.2 Methods

2.2.1 Verification metrics

In this section, we outline the metrics employed to evaluate the impact of Aeolus on precipitation and wind forecasts within

the ECMWF IFS. Specifically, we use the Fractions Score (FSS), the Stable Equitable Error in Probability Space (SEEPS), and120
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the Root Mean Square Error (RMSE) as detailed below. The relative improvement is calculated differently for each verification

metric. For RMSE and SEEPS, which are negatively oriented, the relative improvement is computed as (Ctrl–Exp)
Ctrl × 100. For

FSS, a positively oriented metric, it is calculated as (Exp–Ctrl)
Ctrl ×100. This way, positive values correspond to forecast improve-

ment for all three metrics. Throughout the paper, regional domains are defined as follows: Northern Hemisphere (NH) from

20°N to 60°N, Tropics from 20°S to 20°N, and Southern Hemisphere (SH) from 60°S to 20°S. These boundaries are chosen to125

align with the latitudinal coverage of GPM IMERG precipitation data (60°S to 60°N). Beyond 60° latitude, IMERG coverage

exists but with reduced accuracy, especially for extreme rainfall due to limited ground validation.

Fractions Skill Score (FSS)

The Fractions Skill Score (FSS) is a widely used spatial verification metric designed to evaluate the quality of both deterministic

and probabilistic forecasts, particularly for binary events such as precipitation exceedance. The FSS compares the fraction of130

grid points within a specified neighborhood that exceed a given threshold in both the forecast and observations (Roberts,

2008). By calculating the squared differences between these fractions over increasing neighborhood sizes, the FSS effectively

quantifies displacement errors without automatically penalizing minor location discrepancies. This approach mitigates the

"double penalty" problem, where forecasts with sharp gradients are unfairly penalized if structures are slightly misplaced in

space or time (Ebert, 2008).135

A perfect forecast will have an FSS of 1, while a forecast with no skill will have a score of 0. Values above 0.5 are usually

considered to be useful. However, the FSS becomes undefined if neither the prediction nor the observed field exceeds the

threshold, unless a threshold of zero is used, in which case the score would be 1. The FSS evolves as a function of neighborhood

size, providing insight into the spatial scales at which forecasts and observations are in agreement, and indicating the spatial

scale at which the forecast achieves sufficient quality (Gilleland et al., 2009). Overall, the FSS provides a robust means of140

assessing spatial forecast accuracy, while allowing flexibility in accounting for small-scale location and intensity errors.

Stable Equitable Error in Probability Space (SEEPS)

The SEEPS score (Rodwell et al., 2010) is designed to evaluate the performance of deterministic precipitation forecasts.

The SEEPS score employs variable thresholds to classify precipitation into three categories: ‘dry,’ ‘light precipitation,’ and

‘heavy precipitation,’ based on a climatological cumulative distribution of precipitation. For this purpose, a global 20-year145

extended probabilistic climatology (Walz et al., 2021) from GPM IMERG observations is utilized, which aggregates all obser-

vations from previous years on a given day of the year, to have a sufficiently large window to assess rainfall probability during

that day of a year. To account for interannual variability, precipitation data within a ±15-day window around the target date

are aggregated to estimate the day-of-year rainfall distribution. The ‘dry’ category, in accordance with World Meteorological

Organization guidelines, is defined as all cases with precipitation strictly less than 0.2 mm/day. The upper limit to the ‘dry’150

probability is set to 0.85 (very dry regions) in order to reduce sampling uncertainty in area-mean scores (Rodwell et al., 2010).

This reduces the effective observation availability, especially in the sub-tropics.
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Figure 1. Geographical distribution of (a) the annual mean probability of dry conditions with respect to a day and (b) the threshold separating

light and heavy precipitation categories, based on the extended GPM IMERG climatology (2000-2022). Regions where the annual probability

of being dry exceeds 0.85 are indicated by hatched white areas in both panels.

.

Figure 1a displays the annual mean probability of dry days, defined as days with precipitation below 0.2 mm/day, while Fig-

ure 1b shows the annually averaged thresholds separating the light and heavy precipitation categories. These thresholds reflect

local precipitation climatology, distinguishing arid from humid regions. Regions with a probability of dry days exceeding 0.85155

are excluded from the analysis and are shown as hatched white areas in both panels. These masked areas typically correspond

to persistently dry zones, particularly in parts of the subtropics and outer tropics, where rare precipitation events reduce the

reliability of categorical verification. The light and heavy precipitation categories are defined based on local percentiles such

that light precipitation occurs twice as frequently as heavy precipitation, allowing regionally consistent verification despite

climatological differences.160

The SEEPS score thus serves as a diagnostic to identify model errors and, as its name suggests, is constructed to ensure equi-

tability (Murphy and Winkler, 1987; Gandin and Murphy, 1992), i.e. both constant and random forecasts receive a comparable

score. In addition, SEEPS is designed to be stable, minimizing sensitivity to sampling uncertainty and allowing more accurate

trends to be extracted from noisy data. Furthermore, the score operates in probability space, allowing precipitation categories

to be defined in a way that adapts to the local climate, ensuring its applicability across different climatic regions.165

Following Gandin and Murphy (1992), the SEEPS score is calculated as the scalar product of the scoring matrix and the 3×3

contingency table of category pairs. The scoring matrix is defined as:
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Sf,o =




0 1
1–p1

1
p3

+ 1
1–p1

1
p1

0 1
p3

1
p1

+ 1
1–p3

0 0


 (1)

In this matrix, the rows f and columns o correspond to the forecast and observed categories, respectively: ‘dry’, ‘light

precipitation’ and ‘heavy precipitation’. The structure of SEEPS allows for the extraction of individual score components,170

providing insights into the contribution of each observed-forecast category to the overall score. In this paper, the following ab-

breviations are used to represent the different components of the SEEPS score: observed dry/forecast light (ODFL), observed

dry/forecast heavy (ODFH), observed light/forecast dry (OLFD), observed light/forecast heavy (OLFH), observed heavy/fore-

cast dry (OHFD), and observed heavy/forecast light (OHFL). Matching categories are represented as observed dry/forecast

dry (ODFD), observed light/forecast light (OLFL), and observed heavy/forecast heavy (OHFH). Finally, note that SEEPS is a175

negatively oriented score, ranging from 0 to 1, where 0 represents a perfect forecast.

Root Mean Square Error (RMSE)

To evaluate the impact of Aeolus on both precipitation and wind forecasts, we also compute the traditional Root Mean Square

Error (RMSE), comparing forecasts and observations at each individual location. In both OSEs, wind forecasts are verified

against the ERA5 reanalysis, while precipitation forecasts are verified against GPM IMERG data. While RMSE is well-suited180

for normally distributed variables like wind, it is less suitable for precipitation forecasts, particularly when heavy rainfall is

predicted in the wrong location. In such cases, forecasts with sharp gradients are penalized twice, once for incorrect location

and again for the intensity of the event. To mitigate this "double penalty" effect, the RMSE for precipitation is computed after

regridding to a coarser 1° resolution, reducing the sensitivity to slight spatial displacements of predicted rainfall events.

Significance185

To evaluate the significance of forecast improvements, we apply a paired t-test at each grid point. For RMSE, the test compares

the squared errors of the control and experimental forecasts relative to the reference dataset (ERA5 for wind and GPM IMERG

for precipitation). For SEEPS, the test assesses the difference in SEEPS between the two forecasts. The null hypothesis is

that the mean error is equal between the control and experimental forecasts. A significance level of 0.05 is used to identify

statistically significant differences.190

3 Results

In the first part of this section, we assess the impact of Aeolus assimilation on zonal wind forecasts, with emphasis on sea-

sonal variations and different precipitation regimes. In the second part, we analyze the impact on precipitation forecasts using

categorical and spatial verification metrics.
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3.1 Standard verification of zonal wind forecasts195

Impact of Aeolus on zonal wind forecasts

Figure 2. Zonally averaged error reduction in RMSE of zonal wind forecasts vs. ERA5 from day 1 to 10 when assimilating Aeolus wind

observations, during the period 2019–2022. Positive impact is indicated in blue, while degradation is shown in red. Hatched areas denote

regions where changes are not statistically significant.

.

Figure 2 shows a latitude–height cross-section of the relative improvement in the RMSE of zonal wind forecasts for lead

times from day 1 to 10, when assimilating Aeolus HLOS wind observations. Hatched regions indicate areas where the improve-

ment is not statistically significant. Results for day one in the stratosphere should be treated with caution, given uncertainty

in the verification data set that may be larger than the difference between the experiments. The most pronounced impacts are200

observed near the equator and at high latitudes, consistent with preceding studies (Rennie and Isaksen, 2024; Rennie et al.,

2021). At the equator, the largest forecast improvements occur at 20-200 hPa in the first two days and 20-100 hPa at longer

lead times. The lower maximum corresponds to the upper-Tropospheric Easterly Jet (TEJ) during boreal summer, although

the TEJ is not present year-round and is confined to certain longitudes (Borne et al., 2023). The upper-level maximum lies in

the stratosphere and may be linked to phases of the Quasi-Biennial Oscillation (QBO) present during the experiment period,205

even though both easterly and westerly phases occurred. The signal could also reflect other stratospheric variability, as noted

in previous studies reporting large improvements during QBO-related events (Martin et al., 2023b; Žagar et al., 2025). No-

table improvements are also evident in the SH troposphere, reaching approximately 1%, along with consistent positive impact

north of 60°N in the polar region. In contrast, the NH midlatitude region between 30°N and 60°N only reveals small, mostly
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not significant, impact. The improvements in the tropics and SH are likely due to the limited coverage of conventional wind210

observations, such as radiosondes, and the inability of mass-field information to constrain the wind with a weaker geostrophic

balance in the tropics. In high latitudes, the impact of Aeolus is may be more pronounced due to the reduced reliability of

cloud-motion vectors from geostationary satellites, as the viewing geometry becomes increasingly oblique and less effective

for wind retrievals. In the NH, the synoptic-scale flow is more stable, slower-evolving, and better constrained by other observa-

tions from radiosondes and aircraft. This reduces the model’s sensitivity to new observations like those from Aeolus. Overall,215

the forecast improvements remain robust through day 7, with a gradual upward propagation into the stratosphere. From day 8

onward, the tropospheric impact is more mixed with some smaller areas of degradation.

Figure 3. Error reduction in RMSE of zonal wind forecasts when assimilating Aeolus compared to ERA5 at a 3-day forecast range for

pressure levels of (a) 100 hPa, (b) 200 hPa, (c) 500 hPa and (d) 850 hPa.

.

Figure 3 illustrates the impact of Aeolus assimilation on 3-day wind forecasts at pressure levels of 100, 200, 500, and 850

hPa. Overall, mean improvements are observed globally across all levels. At 100 hPa, the most pronounced improvements occur

in the eastern Pacific near Central America, the western Pacific near the Maritime Continent, and a patchy region stretching220

from the western Indian Ocean across East Africa into the tropical eastern Atlantic, associated with the TEJ during boreal

summer (see Borne et al. (2023)). At 200 hPa (Fig. 3b), the impact of Aeolus assimilation is more spatially heterogeneous, with

significant positive improvements exceeding 4%, particularly over Africa and the tropical Atlantic. Similar positive patterns,

but with an increasing level of noisiness, are observed at 500 hPa (Fig. 3c) and 850 hPa (Fig. 3d), with the strongest effects

in extratropical regions. The smaller impact in the tropical lower troposphere is attributed to Aeolus’ limited ability to sample225

winds beneath convective cloud cover.
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Seasonal Dependence on Wind Forecast

Figure 4. Reduction of RMSE in zonal wind forecasts through the assimilation of Aeolus observations relative to ERA5, averaged over

the Northern Hemisphere (20°N–60°N), Tropics (20°S–20°N), and Southern Hemisphere (60°S–20°S), for forecast days 1 to 5. Results are

stratified by extended season: NDJFMA (extended boreal winter, blue) and MJJASO (extended austral winter, orange)

.

To examine the seasonal behavior of zonal wind forecast improvement, Fig. 4 shows the relative RMSE reduction from

Aeolus wind observation assimilation for the extended boreal winter (NDJFMA, blue line) and the extended austral winter

(MJJASO, orange line) during the first five forecast days, stratified by hemisphere (NH, Tropics, and SH).230

In the NH (top row), during the extended boreal winter, a notably stronger improvement is observed in the upper troposphere

(500–100 hPa) for forecast days 1 and 2, with error reductions reaching up to 0.4%, compared to 0.1–0.2% during the extended

summer. Above 100 hPa, in the stratosphere, both seasons show similar performance. From day 3 onward, the improvement

during boreal winter declines, particularly below 200 hPa, resulting in a near-neutral impact. In contrast, during summer, the

impact is more consistent for different lead times, with an average error reduction of 0.2–0.3%.235
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In the Tropics (middle row), seasonal differences are minimal throughout the vertical profile, reflecting the weak seasonality

of the tropical circulation, where inter-seasonal variability is often larger than the seasonal cycle due to phenomena such

as the MJO and EWs. In contrast, in the tropical stratosphere, Aeolus assimilation exhibits clear seasonal peaks in forecast

improvements, for example around 30 hPa during MJJASO and 50 hPa during NDJFMA. The seasonal difference in peak

altitude could reflect the vertical shift of the tropical stratospheric eastward wind, which is typically stronger and lower (~30240

hPa) in boreal summer (MJJASO) and higher (~50 hPa) in boreal winter (NDJFMA), so Aeolus observations have the largest

impact where the zonal wind is strongest.

In the SH (bottom row), a clear seasonal signal is evident with consistently larger impact during the extended austral winter

than during the extended austral summer. The error reduction extends from the surface to the lower stratosphere with a peak

in the UTLS region. For day 3 and 4, the benefit during austral winter increases to a maximum of 0.6 - 0.8% RMSE reduction245

near 300 hPa, compared to 0.4% during austral summer. Above 100 hPa, the seasonal contrast is less distinct and by day 5,

the contrast between seasons becomes less pronounced overall; forecast improvement remains slightly larger for austral winter

below 200 hPa, while above this level, summer forecasts show larger improvement. The larger Aeolus impact in the SH during

austral winter may be due to increased baroclinic activity and associated rapidly growing forecast errors. In such conditions,

Aeolus wind profiles likely help to better constrain the atmosphere and thereby improve forecasts.250

Wind Forecast Improvements in Different Precipitation Regimes

In this section, we investigate how the impact of Aeolus wind assimilation varies under different precipitation regimes. The

underlying hypothesis is that Aeolus winds are less beneficial in regions of deep convection and thick cloud cover, where lidar

signal attenuation or blockage reduces measurement quality, and where moist convective processes introduce greater forecast

uncertainty. To evaluate the sensitivity of Aeolus wind assimilation to precipitation regimes, we applied a rainfall mask to255

categorize forecast conditions into dry, light, heavy, and all conditions without masking. While precipitation categories do

not perfectly reflect cloud presence or type, since non-precipitating clouds and both convective and stratiform systems can

occur, they still provide a statistical tendency to distinguish conditions more likely to involve deep, thick clouds (heavy or light

precipitation) from those generally associated with clearer skies (dry conditions). This distinction is relevant because Aeolus

wind quality has been shown to degrade in cloudy environments due to signal attenuation and contamination, particularly in260

the presence of thick cloud (Borne et al., 2024).

Figure 5 presents the relative RMSE reduction in zonal wind forecasts over the first five forecast days for each precipitation

category across three regions: the NH (20°N–60°N), the tropics (20°S–20°N), and the SH (60°S–20°S). The clearest signal

emerges in the tropics, where dry conditions consistently show greater forecast improvements compared to light or heavy

precipitation cases. At 150 hPa on forecast day 1, RMSE reductions reach up to 1 % under dry conditions, compared to265

approximately 0.3–0.4 % in rainy regimes. The strongest improvements occur in persistently dry regions (Fig. 1a) and may

be linked to key areas of forecast enhancement in the UTLS depicted in Figure 3. This contrast across precipitation regimes

gradually decreases with lead time and becomes negligible by day 5. Additionally, we observe a vertical shift of the maximum

impact into the stratosphere (above 100 hPa) at longer lead times, where differences across precipitation categories also become

11

https://doi.org/10.5194/egusphere-2025-5219
Preprint. Discussion started: 11 November 2025
c© Author(s) 2025. CC BY 4.0 License.



Figure 5. Reduction of RMSE in zonal wind forecasts through the assimilation of Aeolus observations relative to ERA5, averaged over

the Northern Hemisphere (20°N–60°N), Tropics (20°S–20°N), and Southern Hemisphere (60°S–20°S), for forecast days 1 to 5. Results are

stratified by precipitation intensity using rainfall masks: dry (brown), light (light blue), heavy (dark blue), and without a precipitation mask

(grey) conditions.

.

minimal. These levels are generally above all cloud layers and therefore less affected by surface precipitation regimes. In the270

SH, peak improvements are observed near 300 hPa, with dry conditions showing slightly greater RMSE reductions (0.4–0.5%)

compared to rainy regimes. In the SH stratosphere, however, the impact remains limited, with reductions around 0.2% across

all categories. In the NH, the response is more uniform across precipitation regimes, with relatively consistent improvements

of 0.1–0.2% throughout the vertical profile. This weaker signal likely reflects the denser observational network in the NH

compared to the tropics and the SH.275
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3.2 Precipitation Forecast Verification

This section evaluates the impact of Aeolus wind assimilation on precipitation forecasts using FSS and SEEPS (see Section

2.2.1 for their descriptions). These metrics provide complementary insights into categorical and spatial-scale forecast perfor-

mance, respectively.

Spatial-Scale Dependence: Fractions Score (FSS)280

Figure 6. Top Row: Fraction Score (FSS) of the experiment assimilating Aeolus (Exp), displayed across different scales and regions (North-

ern Hemisphere (NH), Tropics (TRO) and Southern Hemisphere (SH)) for thresholds of 0.2 mm/day (a), 3 mm/day (c), and 10 mm/day (e).

Bottom Row: Relative improvement in FSS (%) due to Aeolus assimilation, computed as the percentage difference between Exp and the

control experiment (CTRL), presented in the same format. Red dots indicate statistically significant improvements at the 95% confidence

level (paired t-test).
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Figure 6 presents the FSS across spatial scales ranging from approximately 25 km to 2500 km and for three precipitation

thresholds (0.2, 3, and 10 mm/day). Results are shown separately for the Northern Hemisphere (NH), Tropics, and Southern

Hemisphere (SH), together with the corresponding error reduction in FSS when assimilating Aeolus wind observations.

FSS values decrease with increasing precipitation thresholds and decreasing spatial scales (Fig. 6a,c,e), reflecting the in-

creasing difficulty of accurately forecasting heavier precipitation at finer scales. This behavior is particularly pronounced in the285

extratropics (Fig. 6b,d,f).

The assimilation of Aeolus winds shows a clear positive impact in both hemispheres, with the SH exhibiting the most

consistent and substantial improvements, particularly at small and medium spatial scales. At higher thresholds (10 mm/day),

FSS improvements emerge as early as forecast day 4 at the smallest scales (approximately 25 km), reaching more than 8

% by day 10. At lower thresholds (0.2 mm/day), no visible improvement is detected, indicating negligible impact on light290

precipitation. The spatial structure of the improvements indicates that gains are largest where forecast skill is low (FSS <

0.5). Moreover, the range of affected scales broadens with forecast lead time, eventually encompassing the largest scales

(approximately 2500 km) by day 5. Statistically significant improvements are most evident for days 7–10 at the 3 mm/day

threshold and for days 8–9 at 10 mm/day, suggesting that Aeolus contributes to a better representation of heavy rainfall events

in the SH, likely due to the limited availability of in situ wind observations in this region.295

In the NH, the response is qualitatively similar but weaker in magnitude. The largest improvements occur for the 10 mm/day

threshold after forecast day 5, exceeding 2 % beyond day 7. In contrast, at lower thresholds (0.2 and 3 mm/day), no appreciable

impact is observed, suggesting that Aeolus assimilation exerts little influence on light precipitation while providing clearer

benefits for intense rainfall events.

In the Tropics, Aeolus assimilation has negligible impact across all thresholds, with error reductions close to zero and no300

discernible spatial or temporal pattern. Although isolated areas exhibit statistically significant signals, their magnitude remains

minimal, indicating that the significance arises from small but systematic differences rather than from substantial forecast

improvements.

Categorical Dependence: Stable Equitable Error in Probability Space (SEEPS)

Having assessed the impact of Aeolus assimilation on precipitation forecasts using the FSS, which revealed the largest im-305

provements at the grid scale, we now examine a grid-scale categorical verification metric, SEEPS, to further quantify forecast

skill.

Figure 7 presents the relative error reduction in SEEPS (brown line), alongside the corresponding reduction in RMSE of

rainfall forecasts (red line), with RMSE values aggregated to a 1° grid to reduce the double-penalty effect commonly seen in

precipitation verification. Statistical significance is indicated by dots (significant) and crosses (not significant). In addition, the310

colored bars identify the dominant precipitation category (dry, light, or heavy) contributing to changes in the SEEPS score

at each lead time. Overall, the average impact of Aeolus assimilation on precipitation forecasts, as measured by SEEPS and

RMSE over the full study period, is relatively modest. In the NH (Fig. 7a), SEEPS improvements remain close to zero across all

lead times, although most values are statistically significant. The RMSE of rainfall forecasts exhibits minor fluctuations around
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Figure 7. Relative improvement in RMSE (red line) and SEEPS score (brown line), alongside the SEEPS score subcategories (bars), when

assimilating Aeolus for different regions: Northern Hemisphere (20°N-60°N) (a), Tropics (20°S-20°N) (b), and Southern Hemisphere (20°S-

60°S) (c). The scores are expressed as percentages, with positive values indicating a benefit from Aeolus assimilation. Circles indicate

statistically significant results, while crosses denote non-significant scores.

.

zero, indicating limited and inconsistent forecast improvement in this region. In the Tropics (Fig. 7b), SEEPS shows predomi-315

nantly non-significant changes during the first five days. From day 6 onwards, small but statistically significant improvements

emerge, reaching approximately 0.03% by day 9. However, no precipitation forecast category dominates the contribution to this

improvement. The corresponding RMSE displays a similarly variable pattern with no strong trend, highlighting the challenge

of achieving consistent forecast gains in convectively active regions. In contrast, the SH (Fig. 7c) demonstrates more coherent

improvements. Statistically significant increases in SEEPS become evident from day 4 onward, rising steadily to about 0.15%320

by day 9. Notably, from days 7 to 10, the SEEPS gains are primarily driven by improvements in the OHDF (Observed Heavy,

Forecast Dry) category, suggesting that Aeolus contributes to reducing false dry and light forecasts during heavy precipitation
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Figure 8. SEEPS error reduction for all 10 forecast lead times. A 5-grid-point rolling window has been applied to spatially smooth the signal

and reduce noise. Hatched white areas denote regions where the probability of dry conditions exceeds 85% throughout the year (see Fig. 1).

events. The rainfall RMSE in the SH also shows a clear signal of consistent and significant improvements from day 3 to day 9,

averaging around 0.05%.

Figure 8 presents the geographical distribution of relative changes in the SEEPS score across forecast lead times. Overall,325

the impact of Aeolus assimilation on precipitation forecasts is spatially heterogeneous, with no region showing consistently

strong or persistent signals. However, the amplitude of relative score variations is notably larger in the Tropics compared to the

NH and SH during the first three forecast days, suggesting greater forecast sensitivity in this region. While patterns of error

reduction vary over time, some regions show notable early improvements. For example, at forecast days 1 and 2 (Figures 8a,b),

localized enhancements in SEEPS of up to 1 % are seen over northeastern Africa, a climatologically rather dry area. These330
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early tropical signals are consistent with the dry-region patterns identified in Fig. 1 and correspond to the upper-tropospheric

zonal wind improvements shown in Fig. 3a. At longer lead times, particularly after day 7, more pronounced improvements are

observed in the SH, especially over the Southern Ocean.

These gains align with the positive trends seen in Fig. 7c, highlighting Aeolus’s extended-range contribution to precipitation

forecast in this region.335

Figure 9. Change in correct rain category forecasts (%) with Aeolus wind assimilation over lead time for ODFD (a), OLFL (b), and OHFH

(c), relative to total OD, OL, and OH events, respectively. Results are shown for the Tropics (orange), NH (blue), SH (green), and global

(black). Circles indicate statistically significant changes (p < 0.05) based on a chi-squared test; crosses denote non-significant changes.

Next, we assess changes in ECMWF categorical precipitation forecasts. Figure 9 presents the relative changes in the propor-

tion of correctly predicted precipitation categories for ODFD (a), OLFL (b), and OHFH (c), which represent correct forecasts

of dry, light, and heavy precipitation, respectively. The evaluation is performed across the Tropics, Northern Hemisphere (NH),

Southern Hemisphere (SH), and globally (TOT). Importantly, this analysis includes all available forecast–observation pairs,

including cases where the probability of dryness exceeds 0.85 %. This ensures a more complete assessment of categorical340

forecast performance, beyond the subset used for SEEPS. Statistical significance of the differences is assessed using a chi-

squared test, with circles indicating significant improvement and crosses indicating non-significant changes. For the ODFD
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category (Observed Dry Forecast Dry), a small but statistically significant increase across all regions (up to 0.02%) is observed

at forecast days 2 and 3, followed by a decline between days 4–7, and a modest rise again toward day 9.

The OLFL category (Observed Light Forecast Light) shows a more sustained improvement, starting around day 4 and345

increasing gradually to 0.05% by day 9. The enhancement is most pronounced in the NH during early leads, while the SH

reveals a modest degradation for days 2-4 followed by increased improvement at longer lead times, reaching up to 0.15% by

day 10. Changes in the tropics are inconsistent between lead times and often rather small. Here light rain often occurs at the

edges of convective systems, e.g. in the stratiform part of big organized clusters. The lack of improvement therefore, once

again, appears to reflect the difficulty to forecast tropical convection in a more general sense.350

The OHFH category (Observed Heavy Forecast Heavy) displays the most substantial and statistically significant gains. An

increase begins around day 4, peaking near 0.07% at day 7, then slightly tapering off by day 10. The signal is primarily driven

by the SH and the Tropics, while NH improvements remain more modest. These results suggest that Aeolus assimilation

improves the prediction of heavy precipitation events.

Seasonal Dependence of Precipitation Forecast Improvements355

Figure 10. SEEPS (top) and FSS (bottom) error reduction for NDJFMA (left) and MJJASO (right) seasons, shown by forecast day (1–10)

across three regions: Tropics, NH, and SH. Dots indicate statistically significant improvements, and crosses denote non-significant differ-

ences. FSS is computed using a 10 mm/day threshold and 25 km spatial scale.

Figure 10 presents the seasonal impact of assimilating Aeolus wind profiles on precipitation forecast error reduction, assessed

using SEEPS and FSS metrics, for the extended boreal winter (NDJFMA) and summer (MJJASO) periods.
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In the NH, forecast improvements are notably greater during the extended boreal winter season. SEEPS error reduction

becomes statistically significant after forecast day 3, peaking at approximately 0.08% by day 6. Similarly, FSS shows mean-

ingful improvements from day 5 onward, reaching around 5% error reduction by day 10. In contrast, during the extended360

summer season, SEEPS displays more variable error reduction, with only modest improvements. FSS shows a slight increase

after day 7, rising from about 1% to 3% by day 10. This pronounced seasonal dependence likely reflects the dominance of

baroclinic systems during boreal winter, which are more dynamically predictable and highly sensitive to initial condition errors

in the wind field. The presence of a stronger, more coherent polar jet stream during winter enhances the value of accurate

upper-tropospheric wind observations, such as those provided by Aeolus. This interpretation is supported by the marked im-365

provement in NH zonal wind forecasts during NDJFMA (Fig. 4), suggesting that enhanced wind initializations translate into

more ful precipitation forecasts under wintertime dynamics. During extended summer, weaker dynamical forcing result in

lower predictability and smaller, less consistent forecast gains.

In the SH, the seasonal pattern is largely consistent with that of the NH. While some marginal improvement is observed in the

extended austral summer (NDJFMA), forecast gains are notably greater during the extended austral winter (MJJASO). SEEPS370

improvements become detectable from day 4 (∼ 0.05%) and steadily increase to 0.2% by day 10, while FSS improvements

rise sharply from 1% to 15%. These gains coincide with marked improvements in SH zonal wind forecasts (Fig. 4). This

enhanced performance is likely linked to the stronger SH jet stream, especially over the large ocean areas where conventional

observations are limited. Aeolus thus provides a valuable source of upper-level wind data over the SH oceans, improving

the representation of dynamically active regions such as mid-latitude storm tracks, and consequently leading to more skillful375

precipitation forecasts.

In the Tropics, improvements are generally weaker and less seasonally dependent. SEEPS shows modest gains after day 6 in

both NDJFMA and MJJASO, but FSS indicates negligible error reduction. This likely reflects the inherent predictability limits

of tropical convection, which is strongly influenced by mesoscale and sub-grid processes such as moist convection and diurnal

heating, phenomena that are less sensitive to synoptic-scale wind information.380

4 Conclusions

This study evaluates the impact of assimilating Aeolus wind profiles on both wind and precipitation forecast performance

within the European Centre for Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System (IFS). Based on

a three-year Observing System Experiment (OSE) using Baseline 16 of the fourth reprocessing dataset, the results highlight

significant improvements in upper-tropospheric wind forecasts and demonstrate downstream benefits for precipitation forecasts385

in some regions and seasons.

Aeolus has its strongest influence on wind fields in the upper troposphere and lower stratosphere of the tropics, where

conventional wind data are limited and mass fields provide only weak constraints. In this region, zonal wind forecast errors

decrease by as much as 1% during the first week of the forecast, with particularly clear benefits over the Maritime Continent,

the tropical Atlantic–African sector near the Tropical Easterly Jet, and the eastern Pacific. The strongest gains occur in cli-390
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matologically dry areas, where conventional wind data are limited, no cloud-motion vector winds exist, and reduced cloud

contamination further improves measurement quality. Seasonal variations in the troposphere are small, since tropical circula-

tion is more strongly controlled by EWs and convection than by the annual cycle. The impact on tropical rainfall is modest,

with Stable Equitable Error in Probability Space (SEEPS) improvements appearing only after day 7 and remaining close to

0.03%, while Fraction Skill Score (FSS) picks up a slight but consistent signal at thresholds above 10 mm/day, reaching about395

0.1%.

The largest impacts in the Southern Hemisphere (SH) occur during the extended austral winter (May to October) when the

polar jet strengthens and becomes more zonal. In this season, zonal wind error declines by more than 1.5% in the troposphere

and the reduction gradually propagates upward into the stratosphere by day 10. These dynamical improvements are also prop-

agated into the precipitation forecasts. The FSS, which is highly sensitive to the spatial organization of rainfall, exhibits clear400

improvements, particularly at the grid scale and for heavy precipitation and long leadtimes. During the austral winter season,

gains appear as early as day 3, exceed 2 % by day 8, and reach approximately 15 % by day 10. The SEEPS metric corrobo-

rates these results, showing a steady reduction in categorical errors from around 0.05 % at day 3 to 0.2 % by day 10. At the

grid scale, FSS improvements for heavy rainfall reflect improved spatial placement, whereas SEEPS, which accounts for all

rainfall categories, exhibits smaller yet consistent gains, indicating overall improvements in both the spatial distribution and405

categorical accuracy of precipitation forecasts. Together, these metrics show that Aeolus wind information mainly improves

the representation of larger-scale features such as jetstreams and Rossby waves, which determine how cyclones and fronts, and

thus rainfall systems develop and propagate.

In the Northern Hemisphere (NH), the impact is generally weaker than on the SH, but follows a similar seasonal pattern.

One possible reason is that the NH jet tends to be less zonal and more dynamically variable, which may reduce the benefit410

from Aeolus wind observations, in addition to the already dense conventional observing network. During the extended boreal

winter (December–February), when storm tracks are most active and the polar jet reaches peak strength, wind forecast error

declines by about 1% in the troposphere during the first week of the forecast. These gains translate into small but consistent

improvements in rainfall categories, with SEEPS rising to around 0.05% by day 10. FSS shows gains of about 2% for heavy

rainfall thresholds above 10 mm/day at grid-scale after forecast day 7–8. As in the SH, this suggests that Aeolus contributes415

most strongly to the ability to predict the structure and movement of cyclones and frontal systems. During boreal summer,

when storm tracks are weaker and large-scale wind–rain coupling is reduced, the benefits are smaller and more variable.

Aeolus has demonstrated remarkable benefits for NWP, remarkably so for a single satellite instrument with limited horizontal

coverage, with the most pronounced downstream impacts during winter in both hemispheres, when jet dynamics govern storm

development. These results confirm that better wind initial conditions translate into better predictions of jet dynamics and420

storm track evolution, which in turn improves heavy rainfall predictability. They also highlight the importance of sustaining

and extending satellite wind lidar missions to further advance global weather forecasting.

Code availability. The analysis was conducted using the Python language and the code can be provided on request.
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Data availability. The forecast data from the Observing System Experiment (OSE), were provided by the European Centre for Medium-

Range Weather Forecasts (ECMWF). ERA5 reanalysis data are openly available from the Copernicus Climate Data Store (https://cds.climate.copernicus.eu/).425

Precipitation observations from the Global Precipitation Measurement (GPM) mission, including the Integrated Multi-satellite Retrievals for

GPM (IMERG) product, are freely accessible via NASA’s Precipitation Measurement Missions (PMM) archive (https://pmm.nasa.gov/).

More information and download instructions are available on the respective data portals.

Figure A1. Same as Figure 4, but for forecast days 6 to 10.
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Figure A2. Day-3 precipitation forecast performance comparing the experiment with Aeolus wind assimilation (EXP, left column) to the

control without Aeolus data (CTRL, right column). The top panels show the 1-SEEPS score, where values near 1 represent higher forecast.

The middle panels illustrate the most frequently occurring observation–forecast category. The bottom panels identify the primary observa-

tion–forecast category that contributes most significantly to the SEEPS errors.
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Taylor, C. M., Belušić, D., Guichard, F., Parker, D. J., Vischel, T., Bock, O., Harris, P. P., Janicot, S., Klein, C., and Panthou, G.: Frequency

of extreme Sahelian storms tripled since 1982 in satellite observations, Nature, 544, 475–478, 2017.

Thiemig, V., Rojas, R., Zambrano-Bigiarini, M., Levizzani, V., and De Roo, A.: Validation of satellite-based precipitation products over525

sparsely gauged African river basins, Journal of Hydrometeorology, 13, 1760–1783, 2012.

Walz, E.-M., Maranan, M., van der Linden, R., Fink, A. H., and Knippertz, P.: An IMERG-based optimal extended probabilistic climatology

(EPC) as a benchmark ensemble forecast for precipitation in the tropics and subtropics, Weather and Forecasting, 36, 1561–1573, 2021.

Weissmann, M. and Cardinali, C.: Impact of airborne Doppler lidar observations on ECMWF forecasts, Quarterly Journal of the Royal

Meteorological Society: A journal of the atmospheric sciences, applied meteorology and physical oceanography, 133, 107–116, 2007.530

Weissmann, M., Langland, R. H., Cardinali, C., Pauley, P. M., and Rahm, S.: Influence of airborne Doppler wind lidar profiles

near Typhoon Sinlaku on ECMWF and NOGAPS forecasts, Quarterly Journal of the Royal Meteorological Society, 138, 118–130,

https://doi.org/https://doi.org/10.1002/qj.896, 2012.

Wheeler, M. and Kiladis, G. N.: Convectively coupled equatorial waves: Analysis of clouds and temperature in the wavenumber–frequency

domain, Journal of the Atmospheric Sciences, 56, 374–399, 1999.535

Yang, G.-Y. and Slingo, J.: The diurnal cycle in the tropics, Monthly Weather Review, 129, 784–801, 2001.

Žagar, N.: Assimilation of equatorial waves by line-of-sight wind observations, Journal of the atmospheric sciences, 61, 1877–1893, 2004.

Žagar, N., Stoffelen, A., Marseille, G.-J., Accadia, C., and Schlüssel, P.: Impact assessment of simulated Doppler wind lidars with a multi-

variate variational assimilation in the tropics, Monthly weather review, 136, 2443–2460, 2008.

Žagar, N., Pilch Kedzierski, R., De Chiara, G., Healy, S., Rennie, M., and Sielmann, F.: ESA’s Aeolus mission reveals uncertainties in tropical540

wind and wave-driven circulations, Geophysical Research Letters, 52, e2025GL114 832, 2025.

25

https://doi.org/10.5194/egusphere-2025-5219
Preprint. Discussion started: 11 November 2025
c© Author(s) 2025. CC BY 4.0 License.


