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ABSTRACT
Statistical methods can be used to create bias correction models that learn from past forecast errors and reduce systematic errors 
in real-time forecasts. This study presents a machine learning (ML) approach using extreme gradient-boosted (XGBoost) trees 
to address biases in a numerical weather prediction (NWP) nowcast model for key meteorological parameters: 2-m tempera-
ture, 2-m relative humidity, 10-m wind speed, and 10-m wind gust. These ML models have been integrated into the Finnish 
Meteorological Institute's (FMI) operational nowcasting framework, Smartmet nowcast. Results show that, even with a relatively 
modest set of meteorological predictors, the ML bias correction method significantly improves forecast accuracy, reducing the 
root mean square error (RMSE) by 24%–29% compared to the direct NWP model output. The implementation of this new bias 
correction method not only improves the quality of FMI's short-range forecasts, but also extends the availability of bias-corrected 
data for longer forecast lead times, offering substantial improvements over the previously implemented bias correction method. 
The codebase for this machine learning bias correction is available at (https://​github.​com/​fmidev/​snwc_​bc).

1   |   Introduction

The production of frequently updated, high-quality nowcast in-
formation, defined by the World Meteorological Organization 
(WMO) to cover a timescale of 0–6 h (Wang et al. 2017), is es-
sential for supporting social functions, enhancing weather pre-
paredness, and assisting the public in daily decision making. 
Traditional numerical weather prediction (NWP) models with 
hourly update frequency and sub-hourly temporal resolution are 
typically used to produce short-range forecasts. However, these 
models often fail to fully exploit the potential of available ob-
servational data during data assimilation and are prone to sys-
tematic errors (Huang et al. 2012; Dee 2005). The accuracy of 
forecasts in the nowcast range can be significantly improved by 

integrating observation-derived information into the traditional 
NWP approach.

Methods for generating observation-based nowcast information 
vary from bias correction to observation extrapolation tech-
niques, depending on the weather parameter being forecast 
and the available observational data. Purely observation-based 
methods, traditionally grounded in motion vector techniques, 
are widely used in many nowcasting systems, especially for pre-
cipitation (Bowler et  al.  2006; Germann and Zawadzki  2002, 
2004; Pulkkinen et  al.  2019). More recently, neural network-
based methodologies have gained prominence, particularly for 
parameters where high spatial resolution observational data is 
available (Ayzel et al. 2020; Gao et al. 2021; Leinonen et al. 2023; 
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Ravuri et al. 2021). Although observation-based methods excel 
in tracking the movement of weather systems, they often face 
challenges in representing the evolution of weather condi-
tions (Pulkkinen et  al.  2019). To address this limitation, an 
observation-based nowcast can be seamlessly integrated into 
the NWP forecast to provide a more comprehensive representa-
tion of weather evolution. A comprehensive guide to nowcasting 
and related techniques can be found in Wang et al. (2017).

Bias correction methods have long been employed to improve 
the accuracy of operational weather forecasts by reducing the 
systematic errors of NWP models. In bias correction, a statis-
tical model correlating historical forecasts and observations is 
used to correct the biases in future forecasts. Bias correction 
methods can be divided into methods that are based solely on 
recent forecast error information, such as Kalman filtering 
(Galanis and Anadranistakis 2002) and decaying average (Cui 
et al. 2012), and methods that utilize a wider set of predictors 
and a longer history of error correlations, such as model output 
statistics (MOS) (Glahn and Lowry 1972). In recent years, more 
sophisticated machine learning methods have emerged in which 
bias correction models can learn to account for more dynami-
cal error corrections in operational forecasts, for example, Ben 
Bouallègue et al. (2023).

Gradient boosted decision trees (GBDT) (Friedman  2001; 
Mason et  al.  1999) are a class of ensemble learning methods 
that have shown strong predictive performance in a variety of 
real-world tasks. Extreme gradient boosting (XGBoost) (Chen 
and Guestrin  2016), the implementation used in this study, is 
a widely used framework for GBDT. In meteorological applica-
tions, GBDT-based models have been applied to various forecast-
ing problems, including wind speed prediction (Fang et al. 2023; 
Xu et al. 2020), solar radiation forecasting (Bakker et al. 2019), 
and fog occurrence estimation (Castillo-Botón et  al.  2022), 
among others. These examples illustrate the potential of the 
method to handle complex, nonlinear relationships common in 
atmospheric data, supporting its application to bias correction in 
weather forecasting.

Several national meteorological services (NMS) have de-
veloped integrated nowcasting frameworks that combine 
multiple nowcasting techniques with NWP data to provide au-
tomated, frequently updated nowcasts for the public. Notable 
examples of such systems are the German weather service's 
(DWD) NowCastMIX (James et al. 2018), developed especially 
for convective events, and SINFONY (Seamless INtegrated 
FOrecastiNg sYstem) (Blahak et  al.  2021), also developed by 
DWD, which produces ensemble output. Other examples are 
Geosphere Austria's INCA (integrated nowcasting through com-
prehensive analysis) (Haiden et al. 2011) particularly suited for 
complex terrain, and IMPROVER by Met Office in the United 
Kingdom (Roberts et  al.  2023) which focuses on probabilistic 
post-processing. While machine learning-based methods have 
been explored in operational nowcasting systems, to the best 
of our knowledge, a bias correction scheme employing an ad-
vanced gradient-boosting technique, as presented in this study, 
has not yet been implemented operationally.

The Finnish Meteorological Institute (FMI) has developed 
a nowcasting system known as Smartmet nowcast (Hieta 

et al. 2021), which integrates observation-based data and fore-
casts from NWP models to produce seamless, rapidly updating, 
and high-resolution deterministic nowcasts for key meteorolog-
ical parameters. This system was incorporated into FMI's oper-
ational weather forecast production in November 2021, leading 
to improvements in forecast accuracy while reducing both op-
erational delays and the need for manual forecast editing by 
forecasters. However, areas for improvement were identified, 
particularly in the bias correction method applied to parameters 
such as 2-m temperature, 10-m wind speed, and 2-m relative hu-
midity. The initial bias correction method, described in Hieta 
et al. (2021), relied on the latest forecast—observation error in-
formation and was used to correct the present state and the sub-
sequent four forecast hours using static error weighting based 
on 1 year of historical data. Although this approach improved 
the accuracy of the NWP output, it did not account for the diur-
nal variation of errors and could not be extended for longer lead 
times. In addition to the parameters addressed in this article, the 
Smartmet nowcast system also provides nowcasts for 1-h precip-
itation accumulation generated using the pySTEPS framework 
(Pulkkinen et al. 2019), total cloud cover based on a neural net-
work model (Partio et al. 2024), and probability of thunder de-
rived from a pySTEPS-based technique (Korpinen et al. 2024). 
The latter two parameters were added after the system was op-
erationalized in 2021.

To address the identified limitations in FMI's operational 
nowcasting system, this study aims to develop and evaluate a 
machine learning bias correction framework that improves fore-
cast accuracy for key meteorological parameters. An extreme 
gradient-boosted model (XGBoost) is developed to replace the 
previous bias correction method in Smartmet nowcast. The new 
framework dynamically adapts to varying error patterns, includ-
ing diurnal variations, and extends bias correction lead times up 
to 11 h. Additionally, wind gust is incorporated as a new param-
eter within the bias correction process. By leveraging machine 
learning techniques, this study seeks to enhance the precision 
and adaptability of FMI's nowcasting system, representing a sig-
nificant step forward in operational weather forecasting.

2   |   Machine Learning Bias Correction Method

2.1   |   Training Data

The MetCoOp nowcast (MNWC) NWP model data forms the 
main input for the Smartmet nowcast system and was the 
primary source of training data for this study. The MNWC is 
a product of the Meteorological Cooperation on Operational 
NWP (MetCoOp) (Müller et  al.  2017), a collaborative effort 
between several NMS, providing high-resolution limited area 
forecasts for Northern Europe. The MNWC is a convection-
permitting model based on HARMONIE-AROME (Bengtsson 
et  al.  2017; Seity et  al.  2011), using a 3D-Var data assimila-
tion method that incorporates surface observations such as 
2-m temperature, 2-m relative humidity, and surface pressure 
(MetCoOp  2024). The MNWC model is run hourly, generat-
ing 12-h forecasts at a horizontal resolution of 2.5 km with 
15-min output intervals. The high update frequency allows 
for more timely incorporation of recent observations, making 
it particularly suitable for nowcasting applications. For bias 
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correction purposes, only the forecasts with a 1-h output inter-
val were used, as this matches the temporal resolution of the 
10-day operational forecast data into which the bias-corrected 
data is integrated. In contrast, for other parameters within the 
Smartmet nowcast system (precipitation, total cloud cover, 
and probability of thunder) higher temporal resolution data-
sets with 15-min update and output intervals are produced to 
support time-sensitive nowcasting applications with shorter 
lead times.

For the training of the XGBoost model, only data bilinearly in-
terpolated from MNWC fields to synoptic weather station loca-
tions within the MNWC domain were available. The available 
MNWC dataset shown in Table 1 was relatively limited, focus-
ing mainly on the surface-level parameters regularly used for 
verification. As no gridded MNWC data were accessible for 
training, the point data were used instead.

Approximately three and a half years of data, spanning January 
2020 to July 2023, was used to train the bias correction model. 
One year of data, from August 2023 to July 2024, was reserved 
as an entirely independent test dataset. To address compu-
tational demands and improve training efficiency, a data re-
duction scheme was applied. Instead of including data from 
all hourly MNWC model runs, only data from every other 
model run was selected for the training dataset. To further 
reduce the data volume, only every other forecast lead time 
was used from these selected model runs. The data reduction 
scheme is illustrated in Table  2, where the lead times high-
lighted in green indicate those chosen for the final training 
dataset. This approach effectively reduced the volume of the 
training data to approximately one-third of the total available 

data, streamlining the training process and mitigating redun-
dancy in the hourly updating model runs. In January 2023, 
the MNWC forecast length was extended from 9 to 12 h, and 
therefore the training data include only the shorter lead times 
available before this extension. The final training dataset 
comprised approximately 40 million rows.

Hourly SYNOP observations of 2-m temperature, 2-m relative 
humidity, 10-m wind speed, and 10-m hourly maximum wind 
gust were used as ground truth data within the MNWC do-
main. For wind speed observations for Finland, observations 
corrected to represent the WMO standard for wind speed 
measurement were used that are produced operationally 

TABLE 1    |    The features and their short names available for XGBoost model training for the target parameters: temperature, relative humidity, 
wind speed and wind gust. The features marked with X are included in the training. The rows marked with gray define the features that are direct 
MNWC model output.

Feature Short name Temperature Wind speed Wind gust Relative humidity

2 m temperature T2M X X X X

2 m relative humidity RH2M X X X X

10 m wind speed S10M X X X X

10 m wind gust GMAX X X

2 m specific humidity Q2M X X

Low level cloud cover CCLOW X X

Surface pressure PMSL X X X X

10 m wind direction D10M X X

Observation elevation obs_elevation X X X X

Latitude/longitude obs_lat/lon X X X X

Latest model error 1bias X X X X

MNWC—obs elevation ElevD X X X X

Time of day hour_sin/cos X X X X

Month month_sin/cos X X X X

Lead time leadtime X X X X

TABLE 2    |    An example illustrating the data reduction scheme. The 
rows represent seven consecutive, hourly MNWC model runs starting 
from 00 UTC analysis time, with forecast lead times of 0–9 h. The 
forecast lead times selected for the dataset used to develop XGBoost 
machine learning models are marked in green.

Analysis time Forecast lead time (h)

00 UTC 0 1 2 3 4 5 6 7 8 9

01 UTC 0 1 2 3 4 5 6 7 8 9

02 UTC 0 1 2 3 4 5 6 7 8 9

03 UTC 0 1 2 3 4 5 6 7 8 9

04 UTC 0 1 2 3 4 5 6 7 8 9

05 UTC 0 1 2 3 4 5 6 7 8 9

06 UTC 0 1 2 3 4 5 6 7 8 9
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at FMI (Aaltonen and Frisk  2019; World Meteorological 
Organization  2023). The wind speed correction adjusts the 
raw observations for both the measurement height and the 
surface roughness that the wind has passed over. For stations 
where corrected wind speed observations are not available, 
the SYNOP observations were used instead. Forecast–obser-
vation errors served as the target variable in the bias correc-
tion model. The training dataset contains data from 795 to 888 
stations depending on the parameter, the wind gust having the 
lowest amount of SYNOP observation stations.

Quality control was performed on the observational data to 
remove erroneous observations. The implemented method is 
based on z-score, also known as the standard score, which in-
dicates how many standard deviations a value deviates from 
the mean of the distribution. Values with deviations larger than 
a defined z-score threshold are identified as outliers or, in this 
context, erroneous observations. The quality control method is 
applied separately to each parameter by evaluating the distribu-
tion of all SYNOP observations within the MNWC domain at 
each hour. The use of hourly distributions was chosen to allow 
the same method to be efficiently applied in the real-time bias 
correction system, which is run operationally on an hourly basis. 
Separate z-score thresholds were applied for the upper and lower 
tails, varying according to the season, to take into account the 
skewed distributions. This approach allows, for example, colder 
temperatures during the winter months to the distribution with-
out being classified as outliers.

Although quality control may occasionally exclude true obser-
vations, particularly important extreme values, the total number 
of detected outliers across all parameters is relatively low, ac-
counting for only 0.01%–0.07% of the entire observational data-
set, depending on the parameter.

In addition to the MNWC forecast data, several supplementary 
features summarized in Table 1 were used for model training 
across all parameters: elevation of the observation station, lat-
itude and longitude of the observation station, the elevation 
difference between the MNWC model and observation station, 
time of day and month expressed in cyclical sine and cosine rep-
resentations, forecast lead time, and the forecast–observation 
error from the most recent observation.

2.2   |   Machine Learning Model

The objective of the machine learning model developed in this 
study is to learn and predict bias in the MNWC NWP model 
using historical data, making it a supervised regression problem. 
In addition to XGBoost, multiple linear regression and random 
forest models (Breiman 2001) were considered when selecting a 
suitable machine learning method. Multiple linear regression is 
widely used in many practical applications due to its simplicity 
and interpretability (Kutner et al. 2004). However, linear regres-
sion is only capable of representing linear relationships between 
features and the target parameter. To provide a baseline for com-
parison, a multiple linear regression model was also trained and 
evaluated alongside XGBoost during the validation phase. The 
random forest model originates from decision trees, which are 
flowchart-like structures splitting data into branches based on 

feature values. In random forest, an ensemble of decision trees is 
created from random subsets of training data and features, and 
the final model is averaged across the trees, making the model 
generalize better on unseen data than a single tree. Gradient-
boosted trees (e.g., XGBoost) take a similar approach to random 
forest models, but instead of building the ensemble of trees in 
parallel, trees are built sequentially, optimizing the model to 
learn the errors of the previously built trees in a computationally 
efficient fashion. XGBoost is known to be robust, relatively easy 
to develop, and a popular choice in various real-world applica-
tions, all of which are desirable characteristics for the ML model 
used for operational production (Chen and Guestrin 2016). For 
these reasons, XGBoost was selected as the machine learning 
model for this study.

Four separate XGBoost models were constructed to predict 
the bias for different target parameters. The developed models 
are universal in nature: all station-points were used to train a 
single model per parameter, which can be applied across all 
stations and lead times. This approach is particularly practical 
for operational use, as it allows one model to serve all points 
simultaneously. Moreover, if new observation stations become 
available, the method can be extended to these locations with-
out retraining, provided that the required input features are 
available.

A SHAP analysis (SHapley Additive exPlanations) (Lundberg 
and Lee  2017) was performed to evaluate the importance of 
the features used in the machine learning models. Figure  1 
shows the average impact of each feature on the prediction 
of the model, highlighting that the most recent forecast error 
information and the MNWC forecast of the target parameter 
are often the most influential features. The importance of the 
latest error information reflects the persistence of forecast 
errors, which often remain consistent over short lead times 
in NWP models (Wang et al. 2017). The analysis shows that 
time-dependent features, such as the time of day and month, 
have a stronger influence on the models developed for relative 
humidity (RH) and temperature (T2m), compared to those for 
wind speed (WS) and wind gust (WG), where the impact of 
time-related features is less significant. Based on the SHAP 
values and expert knowledge, some feature selection was per-
formed. Table 1 represents the set of features used for different 
target parameters. However, all supplementary features that 
are not direct NWP output were retained, even those with 
minimal impact on the models, because of the already limited 
number of available features. This decision ensures that the 
model has access to all potentially useful information, despite 
the small set of features.

Hyperparameter tuning was performed using blocked cross-
validation with four annual time-based splits. As the training 
dataset spans approximately three and a half years, the final 
block represents a half-year period. The hyperparameters of the 
models were optimized using the BayesSearchCV method from 
the scikit-optimize library (Head et al. 2021), which employs a 
cross-validated search to identify the optimal combination of 
hyperparameters. This optimization process led to a substan-
tial improvement in model performance, with the estimated 
RMSE of the forecasts reduced by 15%–24% compared to models 
trained using the default XGBoost hyperparameter settings.
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2.3   |   Operational Implementation

The XGBoost bias-correction models are used in FMI's oper-
ational Smartmet nowcast system to produce bias-corrected 
MNWC forecasts. The production is run hourly and uses both 
the latest observation and real-time MNWC forecast informa-
tion. The MNWC forecast data is available approximately 1 h 
after the model initialization. Due to this delay, the 1-h forecast 
(instead of the 0-h analysis time) from MNWC is used as the 
present state, and the rest of the available MNWC lead times 
(2–12 h) are bias-corrected, resulting in an 11-h forecast in total. 
The production is run 20 min past the exact hour to allow suf-
ficient time to collect observations. These SYNOP observations 
are used to calculate the latest forecast—observation error for 
the present hour. This information is used to create an accurate 
representation of the current state of the weather by correcting 
the MNWC 1-h forecasts. This latest forecast error information 
is also used as a predictor in XGBoost models. Although the 
training data only contain the MNWC forecasts with lead times 
up to 9 h, the XGBoost models are also run for the currently 
available longer lead times unseen to the model training.

The operational production relies on gridded data, which is 
why the pointwise biases produced for each lead time are in-
terpolated to a regular grid using the gridpp software pack-
age (https://​github.​com/​metno/​​gridpp), developed by the 
Norwegian Meteorological Institute. Gridpp provides the 
Optimal Interpolation (OI) (Gandin 1963) method, a statistical 
interpolation technique commonly used in data assimilation to 
combine the gridded NWP background field with meteorologi-
cal point observations. Several user-defined parameters control 
the interpolation process. For instance, the weighting of point 
data and the background field can be adjusted based on their 
respective uncertainties. Additionally, horizontal and vertical 
decorrelation length scales and land area fraction information 
can be specified to control the spatial extent of influence for in-
dividual observations.

The Optimal Interpolation is applied to generate gridded bias-
correction fields from the forecasted pointwise bias information. 
These resulting gridded bias fields are then subtracted from the 
original MNWC forecasts to produce bias-corrected forecasts. 
The forecasts are then integrated into the Smartmet nowcast 

FIGURE 1    |    Mean SHAP values showing the relative importance of features for predicting each target parameter: 2-m temperature (T2m), relative 
humidity (RH), wind speed (WS), and wind gust (WG). Higher SHAP values indicate features with a greater influence on the model's predictions. 
The short names used for the features are explained more comprehensively in Table 1.

 14698080, 2025, 4, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/m
et.70074 by Finnish M

eteorological, W
iley O

nline L
ibrary on [12/09/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://github.com/metno/gridpp


6 of 10 Meteorological Applications, 2025

system and blended with longer forecast lead times, as described 
in Hieta et al. (2021).

3   |   Results

To validate the XGBoost models, an independent dataset was 
used covering the period of 1 year from August 2023 to July 2024 
to account for the different seasons. The validation was done for 
bias corrected point forecasts before interpolation to grids. The 
test dataset was subjected to the same data reduction process as 
applied to the training data explained in Section 2.1. The MNWC 
model forecasts used as reference were taken from runs initial-
ized 1 h after those used for the XGBoost-based bias correction. 
This setup reflects the actual operational scenario and compares 
bias correction with MNWC data that would have been avail-
able to end-users at the corresponding time. To benchmark the 
performance of the XGBoost model, a multiple linear regression 
model was also trained and evaluated using the same training 
and test datasets and the same features as XGBoost bias correc-
tion. SYNOP observations were used as ground truth in the ver-
ification. The RMSE and mean error (ME) results for MNWC, 

XGBoost bias correction, the linear regression bias correction, 
and the previously used weight-based bias correction, hereafter 
referenced as “old bc” (Hieta et al. 2021), are shown in Figure 2 
across all seasons and SYNOP stations. The 0-h lead time rep-
resents the present state corrected by observations in old bc, 
XGBoost, and linear regression-based bias corrections, which ex-
plains the zero ME and RMSE values. The ME results in Figure 2 
show that for MNWC the bias for temperature and humidity is 
close to zero, implying that the model is well calibrated, but for 
wind speed and gust a slight overforecasting is observed. The 
XGBoost and linear regression bias correction are able to reduce 
the bias close to zero for all the parameters as expected.

The RMSE results show that the XGBoost bias correction 
is able to improve the results for all lead times compared to 
MNWC, the old bc method, and the linear regression used as 
a benchmark. The improvement in RMSE compared to MNWC 
varies from 17% to 43% depending on the lead time and the 
parameter, whereas the improvement achieved by the linear 
regression model compared to MNWC varies from 5% to 35%. 
For wind speed and gust, the RMSE results appear relatively 
static, showing minimal variation across lead times, compared 

FIGURE 2    |    RMSE (solid line) and ME (dashed line) results by forecast lead time for MNWC (mnwc), XGBoost bias correction (xgboost bc), lin-
ear regression bias correction (lin.reg.bc), and for the old weight-based bias correction (old bc) for temperature (T2m), relative humidity (RH), wind 
speed (WS) and wind gust (WG). Note that old bc is not shown for WG, as the method was not originally developed for this parameter. The results are 
calculated for the period of August 2023 to July 2024 across all station points.
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to temperature and relative humidity where the values in-
crease slightly for longer lead times. For MNWC, the lack of 
data assimilation for WS and WG explains the static RMSE 
results across different lead times. Furthermore, XGBoost bias 
correction improves the forecasts also for lead times 9–11, de-
spite these lead times not being included in the training data. 
Figure  3 shows the monthly RMSE and ME of the MNWC, 
XGBoost bias-corrected, and linear regression bias-corrected 
forecasts. The winter months (DJF) exhibit slightly higher 
values for the monthly RMSE, as winter is the hardest season 
to forecast for T2m, WS, and WG. For temperature, this is ex-
plained by the large variability during winter when solar radia-
tion is minimal and the temperature does not have predictable 
diurnal variation, but is strongly dependent on the low-level 
cloud cover (Hyrkkänen et al. 2016). For RH, the spring (MAM) 
has the highest RMSE values, with MNWC ME indicating 
slight overforecasting of humidity. Overall, the bias-corrected 
forecasts are performing as expected, following the overall 
monthly RMSE of the MNWC forecast, but consistently hav-
ing slightly lower values, whereas the ME values over all the 
months are close to zero. Among the bias correction methods, 

the XGBoost-based correction yields the lowest RMSE, outper-
forming the linear regression approach.

The mean absolute error skill score (MAESS), calculated as 
shown in Equation  (1), measures the relative performance of 
a forecast compared to a reference forecast in terms of Mean 
Absolute Error (MAE). Positive MAESS values indicate that the 
forecast has better accuracy than the reference, and negative 
values indicate the opposite.

The MAESS values calculated at SYNOP station points 
are shown in Figure  4, where MAE values for the XGBoost 
bias correction are used as the forecast and MAE values for 
MNWC as reference. The MAE values are calculated over the 
entire test dataset and for all the lead times from 1 to 11 h. The 

(1)MAESS = 1 −
MAEforecast
MAEreference

MAE =

1

N

N∑

i= 1

||yi − ŷi
||

FIGURE 3    |    RMSE (solid line) and ME (dashed line) results by month for MNWC (mnwc), XGBoost bias correction (xgboost bc), and linear regres-
sion bias correction (lin.reg.bc) for Temperature (T2m), Relative humidity (RH), Wind speed (WS) and Wind gust (WG). The results are calculated 
for the period of August 2023 to July 2024 across all station points.
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results demonstrate that the XGBoost bias correction improves 
the MNWC forecasts at nearly all station points. However, 
a slight decrease in performance can be seen at one station 
point for relative humidity over the Scandinavian mountain 
range. No specific reason could be identified for this behav-
ior. The results also show spatial variability in the MAESS 
values for wind speed and wind gusts, suggesting regional 
differences in XGBoost bias correction performance. For tem-
perature and relative humidity, the MAESS values exhibit 
less variability across station locations, and for temperature, 
the greatest improvements are observed in the Scandinavian 
mountain range.

4   |   Conclusions

XGBoost machine learning models were developed to bias cor-
rect NWP nowcast model forecasts for key meteorological pa-
rameters: 2-m temperature, 2-m relative humidity, 10-m wind 
speed, and 10-m wind gust. This bias correction approach 
significantly improved the accuracy of the nowcast forecasts, 

resulting in a 24%–29% reduction in RMSE compared to the raw 
output of the NWP model.

The integration of these models into the FMI's operational 
Smartmet nowcast system extended the availability of accurate, 
bias-corrected forecasts by 7 h beyond the previously imple-
mented method based on static error weights (Hieta et al. 2021). 
This advancement not only enhanced the forecast quality, but 
also provided more reliable information for lead times up to 
11 h. This new machine learning-based scheme offers a more dy-
namic and accurate approach to bias correction in the nowcast-
ing range.

Future research could explore the use of gridded training data in-
stead of point data to avoid interpolation in the process, provided 
that suitable datasets become available. Additionally, applying 
more advanced machine learning models offers an opportunity 
to further enhance forecast accuracy and reliability. Methods 
that incorporate ensemble forecasts to account for uncertainty, 
as well as approaches with higher update and output frequency, 
may also be considered as potential extensions. Recent progress 

FIGURE 4    |    Stationwise mean absolute error skill score (MAESS) results for temperature (T2m), relative humidity (RH), wind speed (WS) and 
wind gust (WG) for August 2023 to July 2024. In MAESS the MAE results of XGBoost bias correction are compared to the MAE results of MNWC 
which serves as reference. The positive (blue) values indicating that the XGBoost bias-corrected forecast has better accuracy than the MNWC refer-
ence and the negative (red) values the opposite.
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in regional AI weather forecasting models has shown promising 
results (Oskarsson et al. 2023; Nipen et al. 2024). These models, 
which are based on artificial neural networks, can simultane-
ously predict multiple weather parameters at high resolution. 
Exploring such approaches also in nowcasting represents an ex-
citing opportunity for future developments in the field.
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