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Abstract.

This study addresses the challenge of integrating ship-based lidar measurements with numerical weather prediction models
to improve offshore wind characterisation. Accurate wind measurements are vital for the development of offshore wind en-
ergy, yet traditionally used fixed devices, such as meteorological masts and platform- or buoy-based lidars, are expensive and
scarce. Ship-based lidar systems offer a flexible, cost-effective alternative by collecting wind data over large areas; however,
the non-stationarity of ships results in low data density at any specific location. To overcome this challenge, we propose a novel
calibration methodology to assimilate ship-mounted lidar observations into the ERAS reanalysis by statistically adjusting its
wind speed outputs. Inspired by observational nudging, which influences model state variables over time to match observa-
tional data, our approach applies a weighted correction directly to the model’s wind speed output, preserving the model’s
underlying physics while ensuring computational efficiency and flexibility. The calibration parameters, including calibration
strength, temporal window, and spatial radius of influence, were optimised to maximise the impact and accuracy of the cali-
bration process. The comparison between ERAS5 before and after the calibration demonstrates that the methodology effectively
reduces the systematic underestimation of wind speeds, particularly in coastal regions where ERAS struggles with complex
flow dynamics. The methodology has been validated against independent measurements from a fixed Doppler lidar system
deployed on an island in the northern Baltic Sea, demonstrating the calibration’s effectiveness in reducing bias and error spread
at this location as well. However, it highlights that the calibration effect is strongly dependent on the distance between the ship
and the lidar station, with a bias reduction of 0.2 m s! when the ship is within 60 km, compared to 0.05 m s™! when considering

data within 90 km, as a consequence of the intermittent influence of the ship-based lidar data.

1 Introduction

In recent years, wind energy has emerged as a key player in the development of a green, sustainable energy system. In particular,
the prospects of higher and more consistent winds and, therefore, higher energy potential, the large-scale scalability of wind

farm projects, the greater availability of space, and the reduced interference with land and human life have fostered the growth
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of offshore wind energy projects. However, the development of offshore wind farms requires accurate and reliable wind data to
support efficient planning, design, and operation. Traditionally, stationary mast-mounted sensors and platform- or buoy-based
lidar systems (Clifton et al., 2015; Gottschall et al., 2017; Carbon Trust, 2018) have been used to provide high-quality, site-
specific measurements. Despite their accuracy, offshore wind measurements remain scarce due to the high costs and logistical
challenges of deploying and maintaining these stationary devices.

A potential alternative to these traditional wind measurement technologies is ship-based lidar systems, due to their simple
configuration, cost-efficiency compared to other systems, and flexibility to measure at any desired offshore location, indepen-
dent of water depth or seabed conditions. In addition, ship-mounted lidars offer a unique advantage: their capability to capture
wind data across vast regions, providing comprehensive and accurate information on the spatial and temporal variation of wind
conditions. For this reason, these devices have been employed in various applications, including offshore wind farm wake mea-
surements (Wolken-Mohlmann and Gottschall, 2014), validation of numerical models and satellite data (Gottschall et al., 2018;
Savazzi et al., 2022; Rubio et al., 2025), and characterisation of mesoscale phenomena such as low-level jets (Pichugina et al.,
2017; Rubio et al., 2022). However, the mobility of ship-based lidars, which is a key advantage, also poses a major challenge
when applied to offshore wind resource characterisation.Since the ship is in continuous motion, only a limited amount of data
is recorded at each location, making it difficult to obtain a complete characterisation of the wind flow at each measurement
point. To address this limitation, alternative methodologies are needed to integrate ship-based lidar data into wind resource
assessments effectively.

The expensive and time-consuming nature of wind measurement campaigns has motivated the employment of numerical
weather prediction (NWP) models as an alternative tool to characterise offshore wind conditions, especially when in-situ ob-
servations are unavailable. These datasets typically have a spatial resolution ranging from 1 km to tens of kilometres, providing
long-term time series of atmospheric parameters over extensive spatial areas and several vertical levels within the boundary
layer (Witha et al., 2019b). However, NWP models have inherent limitations driven by factors such as their temporal and hor-
izontal grid resolution, the physical modelling employed, and the chosen parameterisation options, leading to deviations and
uncertainties in the quantities modelled. A well-known NWP model, often used by the wind energy industry, is the ECMWF
Reanalysis Sth generation, ERAS (Hersbach et al., 2020).

In this paper, we address the challenge of integrating ship-based lidar measurements with NWP models, specifically ERAS,
to leverage their complementary strengths while overcoming their individual limitations. On the one hand, NWP models pro-
vide broad spatial and temporal coverage, mitigating the limited data availability of ship-based lidar measurements. On the
other hand, ship-based lidar measurements offer highly accurate wind data that can be used to improve and calibrate NWP
model outputs. To achieve this, we propose, test, and validate a novel methodology inspired by data assimilation techniques
commonly used in NWP models. Data assimilation integrates observational data into numerical models to improve the accu-
racy of model predictions (Reen and Stauffer, 2010; Skamarock et al., 2019). Specifically, we build on observational nudging,
a form of four-dimensional data assimilation (FDDA) (Liu et al., 2008) by which each grid point within the radius of influence
and time window is nudged toward the observations using a weighted average of the difference between the model and the

observations.
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Unlike conventional observational nudging, which introduces tendency terms in the model equations to adjust the prognostic
variables (Stauffer et al., 1991; Deng et al., 2007), our approach directly applies a weighted correction to the model outputs.
This method influences ERAS5 wind speed predictions over time and space without altering the model’s underlying physical
equations. Consequently, we refer to our methodology as a multidimensional calibration or simply calibration, rather than a
nudging process, as it statistically adjusts ERAS outputs using ship-based lidar measurements as the reference dataset.

The paper is structured as follows. Following this introduction, Section 2 describes the measurements and numerical model
used in the study, the implemented data processing methods, and the calibration methodology. Section 3 presents the main
results of this investigation, divided into the optimisation of calibration model parameters, the quantification of the impact of
ERAS calibration, and the validation of the results using an additional dataset not included in the calibration process. Section

4 discusses the main findings and summarises the conclusions of this study, respectively.

2 Data and methods
2.1 Calibration model employed

The calibration methodology employed in this study builds on the observational nudging technique implemented in the Weather
Research and Forecasting (WRF) model (Skamarock et al., 2019), an open-source and widely used numerical weather predic-
tion model developed at the National Center for Atmospheric Research (NCAR). Observational nudging in WRF, described
in detail by Reen (2016) and Skamarock et al. (2019), introduces tendency terms to guide the numerical model towards ob-
servations. In contrast, our approach adapts this concept for post-simulation model output correction rather than adjusting
the governing model equations, assimilating observations by applying a weighted correction to model outputs. This enhances
model estimates while preserving the underlying physical equations of the numerical model. In this study, only the wind speed
was calibrated using the methodology presented below.

The calibrated model values, denoted as ()4, are computed as:

N . .
Zi:l W¢12(27:U7y7z7t)[q0(z) - qm(xzayzazwtz)]
Zi\il Wq(i,x,y,z,t)

where Q..q., represents the raw and calibrated numerical model variable @ for a specific location, height, and time, K is the

Qcal(x,y,Z,t) - Qraw(x»yvzvt) + K

ey

dimensionless calibration strength which defines the magnitude of the calibration applied, /N is the total number of observations
incorporated in the calibration, 7 is the index of the current observation, W is the spatio-temporal weighting function that
determines the relative influence of each observation based on spatial and temporal distance between the observation and the
current model location (Deng et al., 2007; Dudhia, 2012), g, is the observed value of @, and ¢,, is the model value of @
interpolated at the observation location.

The weighting function W, is derived from the product of the horizontal W, (z,y, 2,t), vertical W (z,v, 2,t), and temporal
Wi (z,y,2,t) weighting factors. W, and W, define the spatial calibration strength of the model, while the temporal weighting
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function W, describes the time period relative to the valid time of the individual observation where the observation is applied
and how the strength of this application varies with time.

W4 linearly ramps from O to 1 and back to 0 depending on the calibration time window defined by the user (Reen, 2016). The
vertical influence has been set very small, so that observations only affect their own height. The horizontal weighting factor
Wy is calculated as a function of the radius of influence R, and the distance between the observations and the grid location

D. This study applies the Cressman scheme as the horizontal weighting function, defined as:

R2 —D?
=L— 0<D<R,
Wy =4 o ! )

0 else
The correct tuning of the different parameters that define the temporal and spatial distribution (i.e. the calibration time
window for W; and the radius of influence for W,), as well as the calibration strength K, is crucial to ensure the accuracy
of the model. An inadequate selection of these parameters may compromise the calibration process, either by overfitting the
model, leading to excessive deviations, or by applying insufficient corrections, resulting in only a weak calibration effect. To
determine the optimal configuration, Section 3.1 systematically evaluates these parameters and establishes the values used in

the subsequent analysis.
2.2 Ship-based lidar measurements

In this study, ship-based lidar measurements from a measurement campaign in the northern Baltic Sea have been used. These
measurements were obtained in a measurement campaign with a vertical profiler Doppler lidar installed on board the ferry
ship Stena Gothica, which operates a regular route between Nynidshamn (Sweden) and Hanko (Finland) through the northern
Baltic Sea. Figure 1a shows the mean ship route during the measurement campaign. The ferry follows a consistent schedule,
completing a full round trip every two days: travelling in one direction on the first day and returning the next. Typically, it
remains docked in the harbours during the daytime hours, while most of the transit occurs overnight. Figure 1b displays a
time-longitude diagram of the ferry’s running schedule, showing the usual longitude at each hour of the day. While minor
variations in the route occur, this figure represents the typical schedule.

The campaign was conducted from 28 June 2022 to 21 February 2023, lasting in total 238 days. Data was collected using the
Fraunhofer IWES in-house ship-based lidar system (Gottschall et al., 2018), which integrates a WindCube WLS7 v2 Doppler
lidar, from the manufacturer Vaisala. The lidar was configured to measure wind speeds at twelve different elevations ranging
from 60 m to 270 m above sea level (ASL). The system also includes a motion-tracking unit consisting of an attitude and
heading reference sensor and a satellite compass to monitor the vessel’s movement and position. Additionally, a meteorological
station was also installed to record temperature, pressure, humidity, and precipitation data.

To compensate for the ship’s motion, a correction algorithm was applied based on the approach described by Wolken-
Mohlmann and Gottschall (2014); Rubio and Gottschall (2022). This algorithm accounts for translational vessel movement

while disregarding its tilting, as its effect on wind measurements is typically minimal. To ensure data quality, lidar obser-
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Figure 1. (a) Average route of the Stena Gothica during the measurement campaign. The location of the stationary lidar at Uto (see Subsection
2.3) is also indicated. (b) Time-longitude diagram of the ferry schedule, with the average longitude of the ship at each hour of the day. The

periods when the ship is at the harbours are indicated by the grey area.

vations with a carrier-to-noise ratio (CNR) below -23 dB were excluded, following the manufacturer’s recommendations to
maintain an optimal compromise between data availability and accuracy (Vaisala, 2022). The resulting 10-min ship-based lidar
observations were used for the calibration of ERAS data. Table 1 presents the mean wind speed and the final availability for
each measurement height. Additional details and statistical analyses of the measurement campaign are provided in Rubio et al.

(2025).

Table 1. Mean wind speed and data availability of processed wind time series per measurement height.

Measurement height (ASL) [m] 60 80 90 100 110 120 130 150 170 190 220 270

Mean wind speed [m s™'] 7.7 8.0 8.1 8.3 8.4 8.5 8.6 8.9 9.2 9.5 99 105
Data availability [%] 724 772 797 8177 825 825 814 770 711 642 534 354

2.3 Stationary lidar

A Halo Photonics Stream Line scanning Doppler lidar (Pearson et al., 2009) is located permanently at Ut6 island at 59.779 °N,
21.374 °E, 8 m ASL as part of the Finnish ground-based remote sensing network (Hirsikko et al., 2014). The radial resolution
of the Halo Doppler lidar is 30 m; the three lowest range gates are discarded due to effects by outgoing pulse. In October 2017,

the Halo Doppler lidar laser and amplifier were upgraded to the more powerful XR version.
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The Halo Doppler lidar is scheduled to operate two velocity azimuth display (VAD) scans at 4° and 15° elevation angles,
respectively, at every 15 minutes. The radial measurements were post-processed according to Vakkari et al. (2019) and filtered
with an SNR-threshold of 0.005. Here, we utilise horizontal wind speed profiles retrieved from the 15° elevation angle VAD
following Browning and Wexler (1968), which leads to 7.8 m vertical resolution with lowest usable measurement at 35 m ASL.
The mean wind speed vertical profile and availability up to 300 m height during the campaign period are shown in Figure 2.
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Figure 2. Mean wind speed (red) and availability (grey) vertical profiles from the stationary lidar at Uto during the ship-based lidar campaign

period.

24 ERAS

ERAS is, at the time of writing, the latest global atmospheric reanalysis dataset developed by the European Centre for Medium-
Range Weather Forecasts (ECMWF) (Hersbach et al., 2020). It replaces the ERA-Interim reanalysis (Dee et al., 2011) and
is based on ECMWF’s Integrated Forecasting System (IFS) Cycle 41r2. ERAS provides hourly data for a wide range of
atmospheric, land surface, and oceanic parameters on a 0.25° x 0.25° grid (approximately 17 x 31 km in the Baltic Sea),
covering the period from 1950 to the present. The dataset includes 137 vertical model (pressure) levels, spanning from the
surface up to approximately 80 km (0.01 hPa). The reanalysis is produced using a four-dimensional variational (4D-Var) data
assimilation system (Bonavita et al., 2016), which blends numerical model outputs with observations from multiple sources,
such as satellite-based instruments, radiosondes, and aircraft measurements.

For this study, the lowest 10 model levels of the horizontal wind speed components were extracted to determine the speed
and direction of the wind for the entire study region. It should be noted that only ERAS data within the time frame of the

ship-based lidar measurement campaign have been used in this study.
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2.5 Comparison of datasets

To account for differences in temporal, vertical, and spatial resolution among the datasets used in this study and to provide
a fair comparison, several data processing steps were implemented. First, ship-based and stationary lidar observations were
averaged to hourly values using a block-average approach with a 1 h time window centred at each hour, so that each hourly
150 value was calculated from measurements recorded half an hour before and after the corresponding timestamp, matching the
temporal resolution of ERAS. For each measurement height, hourly values with availability below 80 % were rejected.

After time-averaging, ERAS5 data were interpolated to lidar measurement heights using a piecewise cubic Hermite interpo-
lating polynomial (PCHIP) (Fritsch and Carlson, 1980; Brodlie and Butt, 1991). This interpolation methodology preserves the
shape of the wind profile by concentrating the curvature of the interpolated line near the data points, thereby preventing the

155 common oscillations associated with spline interpolation. Consequently, the calibration was applied directly to the interpolated
ERAS data without the need for any vertical weighting.

For comparing ship-based lidar measurements with ERAS data along the ship’s route, the collocation strategy outlined by
Rubio et al. (2022) was adopted. This method selects the nearest ERAS grid point for each hourly ship position, making sure
that each lidar measurement is paired with the closest available ERAS wind data. Similarly, for the validation presented in

160 Section 3.3, the stationary lidar measurements were directly compared against both the raw and calibrated ERAS data from the
nearest grid point.

To assess the calibration’s effectiveness and compare ERAS5’s performance before and after calibration, several well-established
metrics (Yang et al., 2021) were used. These included the mean absolute error (MAE), the root mean square error (RMSE), and
the mean bias. Each metric provides particular insights, enabling a comprehensive analysis and evaluation of the calibration’s

165 performance.

N
1
MAE = v ; |i.m — Ui o (3)

N
RMSE = Z Uin — Ui o) )

— Ui o) ®)
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-
S
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Where N is the size of the dataset, u; ,,, represents the i-th wind speed from the ERAS model, and u; , is the corresponding

170 observed (measured) wind speed.
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3 Results

This section contains the main results of this study. First, 3.1 investigates the values to use for the different weighting factors that
provide optimal performance for the calibration model and are used for the subsequent results presented. Then, 3.2 highlights
differences between the raw and calibrated ERAS model outputs and the effect of calibration, depending on factors such as
location, height, or time of day. Finally, 3.3 presents a validation of the calibration by comparing ERAS5 before and after

calibration with measurements from the stationary vertical profiler lidar, which was not used to calibrate the model itself.
3.1 Optimization of model parameters

This section analyses the performance of the optimal model configuration by evaluating different values of the main weighting
factors: K, Wy, and W,,,. To achieve this, a subset of 720 ERAS timestamps, representing one month of data, was randomly
selected. These timestamps were calibrated according to the methodology described in Section 2.1 using different values of
the weighting parameters. Subsequently, several statistical metrics (defined in 2.5) were calculated and compared across the
different model configurations.

The model’s performance was first evaluated across different values of the calibration strength parameter K. Figure 3

presents the key performance metrics at the 12 available lidar measurement heights for varying values of K.

0.2 A SR N SN (Y S S S 0.2 A I I N | I 0.84 N S S . I
00 02 04 06 08 1.0 1.2 14 16 1.8 20 00 02 04 06 08 1.0 12 14 16 1.8 20 00 02 04 06 08 1.0 1.2 14 16 1.8 20
calibration strength K calibration strength K calibration strength K

Figure 3. Primary error metrics: (a) Root Mean Square Error (RMSE), (b) Mean Absolute Error (MAE), and (¢) Coefficient of Determination
(R?), evaluated for different values of calibration strength (K) at all lidar measurement heights. Metrics for K = 0 correspond to the case

without any calibration applied (F RA5,q. Vs lidar).

The results show a consistent trend across all height levels, regardless of the metric considered. RMSE and MAE are highest
at lower calibration strengths, highlighting the still relatively high discrepancy between the calibrated ERAS5 data and the lidar
observations, due to a very weak calibration effect. R? values are also low, reflecting the poor correlation between the two

datasets. The optimal performance occurs between K = 1.0 and K = 1.2. In this range, the RMSE stabilises around 0.38 m
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s'!, the MAE around 0.26 m s”', and R? values also reach their maximum values for this range of K, indicating an optimal and
well-balanced integration of the observational and model information.

Beyond K = 1.2, both the error metrics and R? gradually deteriorate. For such values of K, the influence of lidar mea-
surements on the calibrated data is strongly amplified, including any noise present in the data, resulting in overfitting of the
calibrated ERAS dataset to the measured data. This overfitting introduces excessive variability and discrepancies, leading to
higher RMSE and MAE values and lower R?, indicating the degradation of model performance and generalisation ability.

The optimal value of K appears to vary slightly with height. Heights below 150 m tend to perform best at /i = 1.0, while
higher elevations achieve slightly better results at K = 1.2. However, this difference is minimal and does not significantly
affect the overall performance. Given these findings, we adopt K = 1.0 as the preferred value, as it provides the best overall
performance across a wider range of heights, particularly those most relevant to wind energy applications.

After setting the calibration strength to K = 1, we investigated how varying the temporal and spatial weighting parameters
affects the model’s calibration effectiveness. Figure 4 presents colour maps for the three statistical metrics evaluated, showing
their variations across different temporal windows (ranging from 0.5 h to 10 h) and spatial radii of influence (spanning from
15 km to 300 km). The results are presented at measurement heights of 60 m, 110 m, and 170 m.

Increasing the spatial radius of influence to 90 km significantly improves model performance across all three statistical
metrics. RMSE and MAE values decreased sharply, indicating reduced error, while R? values increased, reflecting a better fit
between the calibrated ERAS data and the ship-based lidar observations. However, further increasing the radius of influence
beyond 90 km yields no substantial improvement in any of the metrics and heights evaluated. This behaviour is mainly ex-
plained by the characteristics of the Cressman spatial weighting function employed in this study. Initially, increasing the radius
of influence includes additional lidar data points that are closer and more strongly correlated with the target grid point of the
ERAS5 data being calibrated, therefore improving the calibration effect. However, as the radius of influence expands beyond
90 km, including more distant data points that are spatially decorrelated with the wind measurements at the target calibration
location has a limited impact on the calibration. Since these decorrelated points contribute less meaningful information, their
inclusion leads to a plateau in the performance of the statistical metrics.

In contrast, the temporal weighting exhibits a different pattern. The model achieves optimal performance with a tempo-
ral window of 0.5 h, whereas higher values result in rapid deterioration in calibration effectiveness. This happens because
increasing the temporal window introduces observations that are less representative of the current wind conditions and their
temporal variations at the target locations, leading to temporal decorrelation of the calibrated dataset and additional noise that
degrades the model’s performance. The importance of temporal representativeness and the predominantly local-in-time impact
of lidar-based corrections have also been reported in previous studies (Ivanova et al., 2025).

Therefore, the calibration model used in this methodology has been investigated to perform optimally with K =1, a temporal

window of 0.5 h, and a horizontal radius of influence R, of 90 km.
3.2 Effect of calibration on ERAS5

This section compares ERAS5 raw and calibrated data with ship-based lidar measurements during the campaign period.
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Figure 4. (a-i) Heatmaps showing the RMSE (a,d,g), MAE (b.e,h), and R? (c.f.i) at heights of 60 m (a,b,c), 110 m (d,e,f), and 170 m (g,h,i)
for different values of temporal windows (1¥/;) and spatial radii of influence (R, ). Panels (j.k,]) illustrate the variation of these metrics with

a fixed W; (solid lines) or a fixed R, (dashed lines) for the corresponding heights.

Figure 5 presents scatter plots comparing lidar-measured and ERAS horizontal wind speeds at three different heights, cov-
ering the entire duration of the measurement campaign along the ship route. The continuous red line represents the linear
regression, with its output parameters and the corresponding coefficient of determination displayed in the bottom right corner
of each subplot. The dashed line indicates a 1:1 relationship for reference, while the colour of the scatter points reflects the
frequency of occurrence.

The analysis demonstrates that, at all heights, the calibration process substantially improves the agreement between ERAS
and lidar measurements along the ship-based lidar route. Specifically, prior to calibration, ERAS shows moderate agreement,
with R? values between 0.84 and 0.88 and regression line slopes between 0.90 and 0.95. These values indicate a systematic
underestimation of wind speeds, consistent with previous studies (Kalverla, 2019; Knoop et al., 2020). After the calibration,

R? values approach near-perfect levels (0.986 to 0.992), and the regression slopes are closer to 1, effectively minimising bias

10
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Figure 5. Linear regression of ship-based lidar wind speed against ERAS raw (a, b, ¢) and ERAS calibrated wind speed(d, e, f) at 60 m (a,
d), 110 m (b, e), and 170 m (c, f).

and enhancing the accuracy of ERA, as expected, since the same observational dataset was used for both the calibration and
the presented comparison.

235 The spatial impact of the calibration model on ERAS data is illustrated in Fig. 6, which displays colour maps depicting
the average wind speed difference between ERAS raw and calibrated (ERAS,,, - ERAS5,,) for the duration of the campaign
at heights of 60 m, 110 m, and 170 m. Furthermore, Fig. 6a shows the mean wind speed bias per longitude bin between the

ERAS,,y data and the ship-based lidar measurements (ERAS, . - ship-based lidar).
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Figure 6. (a) Mean wind speed bias (ERAS - ship-based lidar) per longitude bin. (¢, b, d)Mean wind speed difference between ERAS .
and ERAS.a (ERASw - ERAS.1) across the area of study for the entire duration of the measurement campaign at 60 m, 110 m, and 170 m,

respectively.

The calibration effect exhibits considerable spatial differences. The westernmost region of the study area, near the Nynishamn

240 harbour, shows the most significant calibration effect at the three heights presented, mainly due to the higher deviation of the
raw ERAS5 data compared to the lidar measurements as observed in Fig 6a, and the larger amount of data in this area due to the

ship “s stationary periods in the harbour. In this region, the raw and calibrated ERAS5 difference follows a circular pattern, with

the calibration effects diminishing while moving further from the Nynédshamn harbour. This pattern is caused by the Cress-

man horizontal weighting function used in this study, which reduces the calibration strength at ERAS grid points farther from

245 the measurement location, and by the regular track followed by the ship on every trip, which concentrates the impact of the

calibration in the near surroundings of the ship track.
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The overall calibration effect is strongly correlated with the bias trend observed when comparing ERAS,,,, and lidar mea-
surements at different longitudes. In the western region near the coast, ERAS,,,, consistently overestimates wind speed relative
to ship-based lidar measurements. This discrepancy is mainly due to ERAS’s inability to accurately simulate the complex
coastal atmospheric dynamics and small-scale wind-flow variations in these regions, largely because of its coarse resolution
(Dorenkamper et al., 2015; Gualtieri, 2021). Consequently, the calibration model decreases the mean ERAS wind speed, show-
ing a positive difference in the ERAS before and after correction comparison, with maximum differences reaching values of
approximately 0.3 m s, 0.2 m s, and 0.1 m s at 60 m, 110 m, and 170 m, respectively. This indicates a greater influence of
surface heterogeneities and small-scale processes at lower altitudes, penalising ERAS’s accuracy while allowing the calibration
model to have a greater impact through the inclusion of high-resolution, accurate measurements. A different trend is observed
for longitudes east of 19°, where ERAS,,,, tends to underestimate lidar measurements, resulting in negative values of the mean
wind speed difference in the colour maps. These negative values persist along the route to Hanko harbour in the easternmost
region of the ship route at 110 m and 170 m. For 60 m, there is a positive difference between ERAS raw and calibrated around
Hanko harbour, coinciding again with the more prominent positive bias observed in ERAS raw against lidar at this altitude and
location.

Transition areas can also be identified where inflexion points in the ERAS raw and calibrated differences occur, transitioning
from positive to negative (or vice versa) biases. In these zones, the difference between ERAS5 raw and correlated is minimal, as
grid points are influenced by both positively and negatively biased lidar measurements, leading to an overall mean difference
close to zero. However, although the averaged calibration effect is small, it does not necessarily imply the calibration effect is
negligible, as it may result from an averaging effect that compensates the ERAS5 upwards and downwards calibrated data.

To evaluate the temporal effect of the calibration, Fig. 7 illustrates the daily cycle of wind speed differences between ERAS
raw and calibrated (ERAS,,,, - ERAS5.,) at three different heights. The mean distance from ship to shore per hour is depicted
by the grey bars.

As shown in the figure, all three heights exhibit very similar trends, with larger, positive deviations during the central part
of the day, from 05:00 UTC to 18:00 UTC. During this period, mean differences reach 0.6 m s and 0.8 m s!, depending
on the height considered. The largest difference between the two ERAS datasets is observed at 60 m, indicating a stronger
calibration effect at this height compared to the others. This central part of the day corresponds to the periods when the ship is
mostly near the two harbours, in the westernmost and easternmost areas of the ship track. As previously mentioned, these are
regions where ERAS’s coarse resolution struggles to capture the complex coastal flow phenomena. This is consistent with the
results presented in Fig. 6, which showed a stronger effect of the calibration in these coastal areas, where ERAS raw showed
the largest deviations relative to the ship-based lidar measurements and where more lidar data are available and included in the
calibration model.

During the rest of the day, predominantly at night, the deviation changes sign, showing negative values (or almost zero at 60
m) from 19:00 UTC to the end of the day, with smaller differences. This coincides with the period when the ship is primarily

travelling between the two harbours, resulting in smaller differences between ERAS raw and the lidar (see Fig. 6a).
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Figure 7. Daily cycle of ERAS,, minus ERAS, difference at 60 m, 110 m, and 170 m height. The mean ship distance to shore per hour is
indicated by the grey bars.

3.3 Validation against stationary lidar observations

In contrast to the previous section, this section compares ERAS data before and after calibration with measurements from the
fixed lidar at Uto, rather than with ship-based lidar measurements. This comparison aims to validate the methodology used by
assessing the effects of the calibration against an independent dataset not used in the calibration process. In doing so, we try to
demonstrate the generalisation capabilities of the calibration methodology. For this comparison, only ERAS data from the grid
cell closest to the Uto lidar location are used, both before and after calibration.

Figure 8 illustrates the effect of ERAS calibration at Ut island as a function of (a) the distance between the ship-based lidar
and the stationary lidar, and (b) the time of day. Due to the non-stationarity of the ship-based measurements used to calibrate
ERAS, both spatial proximity and the ferry schedule are expected to modulate the magnitude of the calibration effect.

Figure 8a presents the mean wind speed bias at 110 m between ERAS raw and calibrated compared to Ut6 lidar measure-
ments. The bias is calculated considering several ship-to-Uto distance thresholds. For each threshold, only timestamps when
the ship is closer than the specified distance to the Uto lidar are included in the bias calculation. The "all data" case includes
data from the entire campaign duration, regardless of the ship’s distance from the Ut6 lidar.

As can be seen, ERAS raw systematically underestimates wind speeds at Uto, as also reported in Hallgren et al. (2022).
The bias ranges from -0.36 m s™!' for the 50 km threshold to -0.25 m s™! when considering all available data. After applying
the calibration, the bias is consistently reduced across all distance thresholds, demonstrating the effectiveness of the nudging
approach. The most substantial improvements occur for the shortest distance thresholds, with the bias decreasing from -0.36
m s to -0.14 m s for the 50 km case and from -0.3 m s to -0.14 m s™' for the 60 km case. The magnitude of these bias
reductions is comparable to improvements reported in lidar-assisted mesoscale simulations employing observation nudging or

four-dimensional data assimilation, despite the present approach being applied as a post-processing correction (Sommerfeld
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Figure 8. (a) Mean wind speed bias at 110 m between ERAS raw and calibrated compared to stationary lidar measurements (ERAS - lidar)
for different ship-to-Ut6 lidar distance threshold. For each threshold, only timestamps when the ship is closer than the specified distance to
the Uto lidar are included in the bias calculation. (b) MAE improvement calculated as *MAE ERA5,w - MAE ERAS5..1)/MAE ERAS,,, for

each hour of the day. The stacked bars represent the frequency distribution of the ship-to-Ut6 distance.

et al., 2019; Ivanova et al., 2025). However, there is a clear decrease in the strength of the calibration effect with increasing
distance thresholds. Specifically, deviation improvements of approximately 0.22 m s™', 0.06 m s™', and 0.02 m s™! are observed
for the 50 km, 90 km, and all data cases, respectively. However, there is a clear decrease in the strength of the calibration effect
with increasing distance thresholds.

Figure 8b presents the MAE improvement from calibration as a function of hour of day, along with the frequency distribu-
tion of ship-to-Uto distances for each hour. The calibration results in a positive reduction in MAE at all hours; however, the
magnitude of the improvement is strongly dependent on the ferry schedule. The largest improvements occur between approxi-
mately 17:00 and 07:00 UTC, coinciding with the periods when the ship is closest to the stationary lidar. During these hours,
a greater fraction of ship-based lidar observations lie within 50 km of Ut6, for which the horizontal weighting function assigns
a stronger influence to observations, thereby enhancing the calibration effect. During the central hours of the day, the MAE
improvement is more limited, despite a substantial proportion of ship-based lidar records falling within the 90 km radius of
influence. In these cases, the ship lidar observations still contribute to the calibration, but their impact is considerably weaker
due to the greater separation distance and the corresponding reduction in weighting strength. Overall, the temporal variability
of the calibration effect at Uto directly reflects the combined impact of ship trajectory, spatial weighting, and the intermittent
proximity of the moving observational platform.

The wind speed difference error distributions for ERAS raw and calibrated data relative to Uto lidar measurements at 60 m,
110 m, and 170 m are presented in Fig. 9, considering only timestamps when the ship was within 50 km of Uto.

At all three heights, the distributions reveal a systematic negative bias, reaffirming ERAS’s tendency to underestimate wind

speeds at this location. After applying the calibration, the distribution peak shifts toward zero, indicating a partial correction
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Figure 9. Probability density distribution of the wind speed difference for ERAS raw and calibrated versus Uto lidar (ERAS - stationary
lidar) at 60 m (c), 110 m (b), and 170 m (a). Only timestamps when the ship is closer than 50 km to the Uto lidar are included in the bias

calculation.

of this bias. In addition to bias reduction, the calibration also contributes to a slight decrease in error spread, particularly by
mitigating extreme underestimations. This is evidenced by the negative tail of the distribution, where occurrences of substantial
ERAS underestimation are less frequent after the calibration.

A statistical analysis of the wind speed deviation between ERAS,,,, and ERAS., with respect to the Ut lidar observations
is presented in Fig. 10 in the form of a box plot for several heights, considering only the wind speed differences of those
timestamps when the ship is closer than 50 km from the Uto lidar. The coloured boxes mark the 25th and 75th percentiles;
the white lines correspond to the median; and the whiskers indicate the data extremes, calculated as 1.5 times the interquartile
range.

The boxplots reveal systematic biases and variability before and after the calibration. For raw ERAS, the median wind-speed
difference is consistently negative up to 220 m, highlighting ERAS5’s general tendency to underestimate the measurements from
the stationary lidar at Uto. This underestimation is more pronounced in the lower to mid-altitude range, with values around
-0.27 m s™' at 60 m to 130 m, where atmospheric dynamics are more complex and challenging to represent for ERAS, as was
also reported in (Hallgren et al., 2022). The median wind speed difference turns slightly positive at 270 m (0.06 m s™!).

The interquartile range (IQR) increases slightly with height, from 1.38 m s™' at 60 m to 1.80 m s at 270, suggesting greater

variability in ERAS deviations at higher altitudes. One possible explanation is the reduced availability of lidar data at these
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Figure 10. Box plots of the wind speed difference from ERAS raw and calibrated minus stationary lidar at all ship-based lidar measurement
heights. The coloured boxes extend from the first to the third quartiles of the data, and the medians are indicated by white lines. The whiskers
extend to the data extremes, defined as 1.5 times the interquartile range (IQR) above and below the upper and lower quartiles, respectively.

Only timestamps when the ship is closer than 50 km to the stationary lidar are included in the bias calculation.

heights, leading to increased statistical uncertainty and a wider distribution of differences. This effect is also reflected in the
whiskers, with both the lower and upper whiskers extending farther at higher altitudes, indicating more extreme underestima-
tions and overestimations than at lower altitudes.

After calibration, the median wind speed differences shift closer to zero at all heights, with improvements between 36 %
and 29 % observed and the largest improvement at lower heights. This significantly reduces the systematic bias, except at 270
m, which shows a slight increase in the median bias. We do not have a clear explanation for this; however, it could be due to
the limited availability of ship-based lidar measurements at this height, reducing the usable data for calibration and its effect.
The IQR also narrows at all heights, including the 270 m level, indicating a reduction in error variability with the calibration.
For instance, at 60 m, the IQR decreases from 1.39 m s™! to 1.23 m s°!, and at 270 m, it reduces from 1.82 m s to 1.48 m s™!.
The whiskers are generally shorter after the calibration, especially on the negative side, demonstrating a reduction in extreme
underestimations. These improvements confirm that the calibration effectively enhances the agreement between ERAS and

lidar observations, particularly at lower heights, where the initial underestimation was most pronounced.
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Finally, we compare the 1 h horizontal wind speeds for a period of approximately 72 hours from 14 September 2022 to 17
September 2022, as shown in Fig. 11, to visualise the effect of the calibration on the ERAS5 data at the Ut6 location. Figure
11a presents the wind speed time series at a height of 110 m for the Uto lidar, ERAS,,,, and ERAS5,. The grey bars indicate
the distance of the ship from the Ut6 lidar, and the dashed horizontal line represents the 90 km threshold used in the Cressman
scheme, beyond which the calibration strength is null. Figures 11b and 11c display the time-height cross-sections of the wind
speed differences between ERAS,,,, and ERAS5,,;, respectively, compared to the stationary lidar. The white spaces in these two

panels indicate missing or filtered-out Ut6 lidar data.
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Figure 11. (a) Time series of wind speed at 110 m height for the Uto lidar, the ship-based lidar, and ERAS raw and calibrated for the period
from 14/05/2023 to 17/09/2023. The ship-to-Ut6 lidar distance is indicated by the grey bars, and the 90 km horizontal radius of influence, as
defined in the Cressman horizontal weighting function, is depicted by the horizontal grey dashed line. Panels (b) and (¢) show the time-height
cross-section of the wind speed differences between ERAS,w and ERAS., minus the Uto lidar, respectively, for the same time period. Blank

areas indicate periods and heights where Ut6 lidar data is missing.
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The calibration has demonstrated a positive effect on ERAS’s statistical performance. Regarding the effect on the time series,
the calibration brings ERAS5 wind speed estimates closer to the observations from the stationary lidar at Utd. Nevertheless, the
total impact on the time series remains subtle, primarily due to the ship’s non-stationarity and the consequent intermittent
influence of ship-based lidar measurements. The calibration effect is most noticeable when the ship is within approximately 60
km of the stationary lidar, where it is sufficiently influential to reduce discrepancies.

Although calibration improves the alignment of ERAS,; with reference observations, some discrepancies remain. In certain
cases, the calibrated ERAS data, though closer to the lidar measurements, do not fully capture the observed wind speed varia-
tions. This can be attributed to the minimum 40 km separation between the stationary lidar and the ship, meaning that the wind
conditions measured by the ship-based lidar—and subsequently introduced into the calibrated ERAS dataset—may differ from
those at Uto. In addition, advection effects can cause temporal shifts in wind speed variations between the two locations. For
instance, between 16 September 12:00 and 17 September 00:00, when the wind direction was approximately 325° (not shown
in the figure), the wind speed increase observed by the ship-based lidar occurred after a similar increase was recorded by the
Uto lidar, highlighting the influence of transport effects caused by the relatively large distance between the calibration data
(ship-based lidar measurements) and the location of the validation data.

The time-height cross-section plots further illustrate the calibration effect, showing that both ERAS,,,, and ERAS5, exhibit
similar overall trends compared to the stationary lidar. However, when the ship is sufficiently close, a reduction in bias is
observed across the entire wind profile. This effect is particularly evident during the early hours of 14 September, where
the largest deviations occur in the raw ERAS data. Although the overall impact of the calibration is relatively modest and is

primarily visible at specific time steps, it improves the representation of the wind speed time series in ERAS.

4 Concluding Discussion

This study investigated the potential of non-stationary, ship-based lidar measurements to enhance offshore wind estimates
from the ERAS reanalysis, employing a statistical calibration method inspired by observational nudging. This approach has
been tested over the northern Baltic Sea using approximately eight months of ship-based lidar data and was assessed using
independent observations from a stationary lidar located on Uto island. The discussion below places these findings in the
context of existing literature, methodological limitations, and current research needs.

The methodology presented here lies between two established strategies used in offshore wind applications. On the one
hand, observational nudging in mesoscale models such as WRF has demonstrated clear benefits for wind and power prediction
(Mylonas et al., 2018; Ivanova et al., 2025), but at the cost of increased computational demand, model accessibility, and
sensitivity to physical parameterisations (Carvalho et al., 2014). On the other hand, statistical post-processing techniques
applied to reanalysis and mesoscale outputs are widely used in wind resource assessment, such as Measure-Correlate-Predict
(MCP) methods (Carta et al., 2013), but they typically rely on stationary reference observations and are therefore not directly
applicable to mobile platforms. By adapting the conceptual framework of observational nudging to a purely statistical, post-

processing formulation, this study expands previous uses of ship-mounted lidar data, which have largely focused on validation
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and intercomparison applicability, towards a robust calibration model that explicitly accounts for the non-stationarity of the
observations.

Optimising the calibration parameters is a fundamental first step in the methodology presented, as this approach does not
modify the underlying model physics but instead relies entirely on the statistical representativeness of the observational data
used to correct the reanalysis output. Consequently, an inappropriate choice of the calibration strength K and the temporal
W, and horizontal W, weighting functions can introduce considerable noise into the calibration process, for instance, due to
influence windows that are too broad and actually worsen the model’s performance by adding decorrelated information. This
strong sensitivity to the calibration parameters suggests that, when working with non-stationary ship-based lidar measurements,
calibration effectiveness is primarily governed by atmospheric representativeness and decorrelation scales rather than by the
total number of available observations.

Results show that the calibration substantially improves the agreement between ERAS and the vessel-based lidar measure-
ments along the ship route, particularly in coastal and near-coastal areas. This behaviour is consistent with the well-documented
tendency of ERAS to underestimate wind speeds at lower heights and in regions influenced by coastal heterogeneity and un-
resolved small-scale wind flow variations (Witha et al., 2019a; Duncan et al., 2019). Additionally, this area benefits from a
higher density of lidar measurements, enhancing the calibration model’s effectiveness. The temporal analysis of calibration
effects closely matches the spatial behaviour, showing the greatest improvements during the day when the vessel is near the
harbours. This is a direct consequence of the ship-based measurement system’s non-stationarity and the fixed route taken by
the Stena Gothica during the measurement, which concentrates the calibration impact to specific regions and time periods.

Compared to the impact of observational nudging, as when introducing lidar measurements into numerical models such as
WREF (as in (Sommerfeld et al., 2019; Ivanova et al., 2025)), the calibration methodology presented here has the potential
to produce a more notable effect on the model output. This is because the methodology is not constrained by the equations
governing the model’s physics. However, it relies heavily on the quality of the measurements used for calibration, resulting in
an increased sensitivity to noise and biases in those measurements. Consequently, this highlights the fundamental importance
of optimising model parameters prior to the full calibration process to maximise the calibration performance.

The comparison with the stationary lidar at Uto provides insights into the generalisation capability of the proposed methodol-
ogy. The calibration yields modest but systematic reductions in the mean wind speed bias, with the magnitude of improvement
strongly dependent on the distance between the ship and the validation site. The clearest enhancement happens when the ship
is within 50-60 km, while the effect becomes weak when considering the full radius of influence. This distance dependence
reflects both the spatial weighting applied in the calibration and the intermittent sampling inherent to a moving platform. In
addition to reducing the mean bias, the calibration also decreases the error spread and the occurrence of large deviations. The
largest improvements are observed at lower heights, where the raw ERAS data show the strongest underestimation and where
a greater availability of ship-based lidar measurements enhances the statistical robustness of the calibration (see Table 1). Nev-
ertheless, the impact of the calibration on the wind speed time series is modest, as evidenced in Fig. 11. This limited impact
can be explained by the intermittent influence of ship-based lidar data due to ship motion, as well as by advection effects that

introduce temporal mismatches between the calibration (ship-based lidar measurements) and the validation data (Ut6 lidar).
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Overall, these results demonstrate limited but tangible generalisation of the calibration, while clearly defining the spatial and
temporal boundaries within which the method is effective.

Within its validated scope, this study supports several conclusions. A nudging-inspired calibration approach can be formu-
lated to incorporate ship-based lidar measurements into a gridded reanalysis in a computationally efficient and technically
straightforward way, provided an adequate definition of the model calibration parameters. When applied to ERAS, the method-
ology substantially reduces systematic wind speed biases along the ship trajectory, particularly in coastal and near-coastal
regions where reanalysis performance is known to be weaker and observational density is higher. When evaluated against an
independent stationary lidar, the calibration produces moderate but systematic bias reductions that are intermittent and strongly
distance-dependent.

These findings show both the strengths and the limitations of the approach. Compared to observational nudging, the proposed
calibration methodology is computationally more efficient, straightforward to implement, and flexible enough to be applied to
any gridded numerical datasets. However, its effectiveness depends on the quality and representativeness of the observational
data used for calibration, making it more sensitive to noise and potential biases in the observations.

A key constraint identified is that the calibration’s impact is limited by the distance between the ship-based lidar and the
target location, as mobile platforms continuously move toward and away from a given site. Consequently, improvements at
fixed locations are intermittent and decay rapidly with increasing separation. Nevertheless, the widespread availability of ferry
routes and commercial ships in regions of interest for offshore wind development, together with the comparatively low cost
of ship-based lidar campaigns, suggests that the methodology could be enhanced by combining multiple ship-based lidar
datasets. By carefully defining mapping strategies and employing multiple ship-based lidar devices, either simultaneously or
sequentially, the spatial coverage and persistence of the calibration influence could be increased at target locations or across
multiple sites, although this has yet to be demonstrated.

The results do not imply that ship-based lidar measurements can replace fixed reference systems for site-specific wind
resource assessment. Rather, they indicate that ship-based lidar data can complement existing observational and modelling
approaches by contributing to regional-scale bias mitigation, particularly in data-sparse offshore regions. Within this context,
potential applications include supporting the identification and characterisation of offshore wind development areas, improving
offshore wind atlases through numerical modelling, and refining estimates of long-term mean wind speeds in regions lacking
permanent measurements. In addition, the ability of ship-mounted systems to sample spatially extended flow features suggests
a possible role in informing the representation of wake effects in numerical models, although this application requires further
investigation. Most importantly, the methodology is not limited to a single location but can be applied across an entire region
influenced by the ship’s route, providing broader spatial benefits.

Future work should focus on increasing spatial and temporal persistence by combining multiple ship routes, sequential
measurement campaigns, or different mobile platforms, as well as on assessing regime-dependent performance under different
atmospheric conditions. Extending the methodology to include additional variables, such as wind direction, vertical shear,

or stability-related metrics, would be required for broader wind-energy applications. Finally, systematic benchmarking against
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stationary-lidar-based statistical corrections and against dynamical downscaling with lidar nudging would help to further clarify

the role of ship-based calibration within the wider landscape of offshore wind characterisation methodologies.
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