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Abstract: The energy sector relies on numerical model output forecasts for operational purposes on 

a short-term scale, up to 10 days ahead. Reducing model errors is crucial, particularly given that 

coarse resolution models often fail to account for complex topography, such as that found in Costa 

Rica. Local circulations affect wind conditions at the level of wind turbines, thereby impacting wind 

energy production. This work addresses a specific need of the Costa Rican Institute of Electricity 

(ICE) as a public service provider for the energy sector. The developed and implemented product 

in this study serves as a proof of concept that could be replicated by WMO Members. It 

demonstrates a product for wind speed forecasting at wind power plants by employing a novel 

strategy for input selection based on large-scale indicators to enhance Artificial Intelligence-based 

forecasting methods. The product is developed and implemented based on the full-value chain 

framework for weather, water, and climate services for the energy sector introduced by the WMO. 

The results indicate a reduction of wind forecast RMSE by approximately 55% compared to the GFS 

grid values. The conclusion is that combining coarse model outputs with regional climatological 

knowledge through AI-based downscaling models is an effective approach for obtaining reliable 

local short-term wind forecasts up to 10 days ahead. 

Keywords: wind forecasts; model error reduction; artificial intelligence 

 

1. Introduction 

Tailored weather and climate services for energy play a pivotal role in supporting the global 

agenda on energy transition and energy efficiency. The world is committed to triple renewables’ 

capacities and doubling energy efficiency by the end of 2030, as declared during COP28 in December 

2023. Tailored and reliable weather forecasts and climate predictions are crucial in achieving these 

ambitious goals. These services optimize the operation of renewable energy sources, mitigate risks, 

and enhance resilience in the face of climate variability and change [1]. 

Efficient operation of wind power plants requires, among other things, a detailed weather 

forecast of wind speed. Numerical models such as the Weather Research and Forecasting (WRF) 

model, the Global Forecast System (GFS), and the European Centre for Medium-Range Weather 

Forecasts (ECMWF) provide grid point data of wind speed and direction for hours and days ahead. 

However, in regions with complex terrain, it is necessary to consider the differences between 

observed wind data and numerical forecasts. One approach to adjust model outputs to observations 

is by using artificial intelligence (AI) methods. 

The adjustment of numerical model output to observed weather variables is a procedure in use 

since the first operational forecasts were issued [2]. This began with Model Output Statistics (MOS) 
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in the early 1970s [3] and has evolved over decades to include the recent use of Machine Learning 

methods for refining numerical outputs to better align with observations [4,5] 

Regions with complex topography present significant challenges for numerical weather 

prediction and Central America exemplifies this complexity. Costa Rica, for instance, is located in 

one of the narrowest parts of Central America, with a width ranging from approximately 150 to 250 

km. The wind farms in Costa Rica are situated to the west of the rugged mountain ranges that traverse 

the country from northwest to southeast, specifically the “Cordilleras de Guanacaste and 

Talamanca”, which are flanked by coastal plains. The location of the wind farms in Costa Rica can be 

seen in Figure 1a. 

(a) (b) 

  

Figure 1. (a) Location of wind farms in Costa Rica over a topographical map; (b) location of grid points 

of GFS used. 

The Central American region, where Costa Rica is located, represents a dividing line between 

the typical climatic regimes of the Western Tropical Atlantic Ocean and the Eastern Tropical Pacific 

Ocean. Additionally, it is influenced by two large nearby continental masses, North and South 

America. The Pacific Ocean exhibits the El Niño/La Niña phenomenon as a major influence on the 

region’s climate. The Tropical Atlantic Ocean, east of Costa Rica, is characterized by the Caribbean 

Low-Level Jet (CLLJ), a low-level air current that interacts with the North Atlantic Subtropical High, 

and the monsoon regime of Mexico and Southern United States. This region is also influenced by the 

rainfall regimes in Northwestern South America. 

The CLLJ is present throughout the year [6], peaking in intensity in June and July, with a 

secondary peak in December and January. Its horizontal and vertical structure shows a maximum 

over the Caribbean Sea, east of Costa Rica, with more intense values vertically between 975 and 925 

hPa. These strong easterly winds reach the central mountain range of Costa Rica (see Figure 1a). This 

leads to rainfall on the eastern slopes of the mountains and a rain shadow effect to the west. On the 

western side of the mountain range, downslope winds associated with the topography interact with 

the mountain’s nocturnal circulation, producing strong winds that blow towards the west. 

The occurrence of the El Niño/La Niña phenomenon, which manifests most strongly in the 

Tropical Pacific Ocean, influences the position of the Intertropical Convergence Zone (ITCZ) and the 

associated Trade Winds. The Trade Winds interact with the CLLJ, thereby, impacting wind patterns 

in Costa Rica. During El Niño conditions, easterly winds in Costa Rica tend to be stronger, whereas 

during La Niña episodes, they generally weaken [6].In the Atlantic Ocean, the North Atlantic 

Subtropical High (NHSH), particularly its southern branch, directly influences the intensity the CLLJ. 

According to [6], the CLLJ’s strength correlates with the phase of the North Atlantic Oscillation 

(NAO). A more intense (weaker) NHSH is associated with a strengthening (weakening) of the CLLJ 

and corresponds to the positive (negative) phase of the NAO. The Atlantic Multidecadal Oscillation 

(AMO) may be used as an indicator of the NAO since it is associated with the dominant pattern [8]. 

In addition to climatic factors, transient meteorological events such as the formation and passage 

of tropical cyclones, as well as the passage of cold fronts, influence the local wind regime in Costa 

Rica [7]. 
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The objective of this study is to utilize available numerical model output for Costa Rica and wind 

power plant data to minimize errors in wind speed at turbine height. The region was chosen as a 

means of a proof of concept funded and leaded by the World Meteorological Organization (WMO). 

The developed demonstration and operational model can potentially be applied to other regions and 

countries facing similar challenges, supporting efforts to enhance energy efficiency and expand 

renewable energy harvesting. This initiative aligns with commitments made during COP28, which 

aimed to triple renewable energy capacities and double energy efficiency worldwide. 

The novelty of this work may be summarized as follows: (a) the strategic approach to the 

development of the AI-based prediction model, and (b development and implementation of a tailored 

product following full value chain approach introduced by the WMO [1] with user interaction at its 

heart that addresses everything from user needs to the final operational product. 

Section 2 provides detailed historical wind data and numerical weather prediction output used 

and outlines the strategy to develop the model’s features. Section 3 presents the results obtained, and 

Section 4 focuses on discussion and conclusions. 

2. Materials and Methods 

As part of this project, wind data from the turbines at the Tejona wind farm located at 10.54N, -

85.00W in Tejona, Guanacaste, at an elevation of approximately 700 meters above sea level, were 

provided by the Instituto Costarricense de Electricidad- ICE. The wind farm has an installed capacity 

of 19.8 MW, featuring 30 VESTAS V42-660KW self-generating turbines, each with a power output of 

660 kW. Wind speed measurements are taken every 10 minutes. These turbines operate within a wind 

speed range of 4 m.s-1 to of 25 m.s-1. 

In a complex topographic scenario, numerical weather forecast models must have high 

resolution to adequately define local circulation, especially wind speed and direction. These models 

also require initial conditions that accurately describe meteorological variables such as pressure, 

temperature, relative humidity, wind speed and direction across the entire model domain. However, 

even with high resolution, models often exhibit forecast errors due to insufficient initial conditions 

or highly variable topography. These errors can be minimized when observational data is available. 

We aim here to correct forecast errors using AI methods. The correction will certainly be more 

effective if the underlying model is of the highest quality. Among the operational weather forecast 

models available for the Costa Rica region, the global GFS and ECMWF were considered, as well as 

regional simulations with the WRF model run by ICE with 3 km resolution. Ultimately, GFS historical 

forecast data was used due to limitations with the other datasets, including sufficient archived 

historical data available at no cost. The GFS reforecasts were downloaded from 

https://psl.noaa.gov/forecasts/reforecast2/ . 

The wind speed data from the Tejona meteorological station includes measurements at 40 m, 60 

m, and 81 m above the surface for the years 2013 to 2023. These three levels were used to consolidate 

a unique data series representing the location. 

The first verification involved determining the number of null values (zero values). The data 

series does not contain a code for missing values; instead, a recorded value of zero indicates that the 

instrument was either not operational or not transmitting. Table 1 shows the number of zeros for each 

measurement height. It is important to note that the number of zeros was calculated based on data in 

3-hour intervals, which align with GFS forecast times. Null values constitute approximately 5% of 

the total measurements. 

Table 1. Number of zero values for each measurement height at Tejona station Measurement height 

(m). 

Measurement height (m) Number of zeros Total number of 3-hourly data 

40 1,436 331,537 

60 801 331,537 

81 1,004 331,537 
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To create a unified time series of consolidated wind speed for Tejona, the data from the 81 m 

height level was used. Zero values were replaced by non-zero values from either the 60 m or 40 m 

levels. Pairwise, correlations between the three height levels consistently exceeded 0.98, indicating 

strong similarity among the wind speed series. For this reason, a filtering criterion was applied to 

identify sets of wind speed measurements where the speed at one level differed by more than 1.2 

times (20%) compared to the speeds at the other two levels. In such cases, the entire set of 

measurements was flagged as an outlier and excluded from further analysis, as there might be issues 

with the stations’ measurement sensors. 

On the other hand, correlations were calculated between the wind predicted by the GFS model 

(e.g., w800_GFS at the 800 hPa level) and the observed wind in Tejona, using the consolidated wind 

speed at 81 m. The altitude of Tejona is around 700 m ASL while the peaks of the mountain range to 

the East reach between 1200 and 1900 m ASL This suggested that winds from different GFS levels 

should be considered. The correlation coefficients and the Root Mean Square Error (RMSE) are 

presented in Table 2. The RMSE values shown in Table 3 are higher for GFS levels closer to the 

surface, likely due to the complex topography of the location. Table 4 provides insights into errors 

for different time horizon periods for the 800 hPa atmospheric level. 

Table 2. Correlations between wind speed observed in Tejona and the GFS model wind speed at levels 

800, 850, 900 and 950 hPa. 

 W800_GFS            W850_GFS            W900_GFS            W950_GFS            Observed            

W800_GFS            1.00 0.94 0.87 0.80 0.62 

W850_GFS            0.94 1.00 0.96  0.90 0.67 

W900_GFS            0.87 0.96 1.00 0.96 0.68 

W950_GFS            0.80  0.90 0.96 1.00  0.68  

Table 3. Root mean squared error of the GFS model wind speed compared to observational data at 

81 m at Tejona station. 

Level (hPa) RMSE (m.s-1) 

800 6.69 

850 6.92 

900 8.31 

950 10.28 

Table 4. RMSE of the GFS 800 hPa with respect to observed winds for 1-day, 4-day, and 6-day ahead 

forecast. 

GFS RMSE (m.s-1) 

24h (1-day) - 8 measurements)   6.20 

96h (4-day) - 32 measurements)   6.93 

( 6 days)- 48 measurements 7.25 

The application of AI techniques requires the selection of a defined set of input variables. From 

a variety of data, machine learning models derive rules that may provide improved pattern 

recognition and eventually correct random errors [9]. 

One approach involves utilizing hundreds of output data from the numerical model [10]. We 

propose an alternative method to correct numerical model forecasts so that local wind data are more 

closely reproduced. Basically, we assume that wind errors are a function of the larger scale synoptic 

patterns that is changed by local features such as topography, large lakes, among others. Thus, we 

look for indicators of the large-scale weather systems as well as selected variables of the numerical 

model output in the proximity of the focus area. 

To produce accurate wind prediction in Tejona region, using AI, the following variables are 

utilized as predictors: wind speed and direction data from 950 to 800 hPa sourced from the GFS at 
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five specific grid points near Tejona, as shown in Figure 1b. Wind speed and direction data at 950 hPa 

over the Atlantic Ocean that may represent strong winds potentially impacting the mountainous 

terrain where wind turbines, like those in Tejona, are located. These winds are typically associated 

with the Caribbean Low-Level Jet (CLLJ) and modulated by the Atlantic Multidecadal Oscillation 

(AMO). Frontal activity is captured by the forecast winds near Tejona. To the west, winds over the 

Pacific Ocean serve as indicators of potential tropical cyclone proximity and are modulated by ENSO. 

Figure 1b illustrates the locations of the GFS grid points utilized. 

The GFS model contains in its data assimilation and prediction all aspects of the region’s climate, 

such as the CLLJ, the condition of the North Atlantic Subtropical High, the Intertropical Convergence 

Zone, among others. The objective of emphasizing specific variables in the AI model assembly is to 

reduce systematic errors by leveraging grid points over the ocean where forecast errors tend to be 

smaller. In the AI model development, any data that do not contribute significantly to the variability 

in the historical record are automatically discarded. 

In a more inclusive strategy, the following data from the GFS output have been utilized: near 

Tejona, the zonal and meridional components (u and v) of the wind, temperature and specific 

humidity at 2 meters, and sea-level pressure. Winds from GFS at different levels close to Tejona were 

tested as predictors. Additionally, the same variables were derived in quadrants over the sea to the 

west and east of Costa Rica, as shown in Figure 1b. The winds from GFS at 950, 900, 850 and 800 hPa 

were used individually for different AI models. The values in the east and west quadrants are the 

averages of the indicated grid points. Sea Surface Temperature (SST) data at the east and west 

locations are also included, along with the Niño 3.4 and AMO indicators. Other climatic indicators 

were not included. 

The process of analyzing results on the AI models involved the evaluation and comparison of 

different machine learning techniques [11]: 

 Multiple Linear Regression (MLR), Ridge, Lasso, and ElasticNet [12]; 

 K-Nearest Neighbors (KNN) [13]; 

 Classification and Regression Trees (CART) [14]; 

 Random Forest (RF) [15]; 

 AutoML (Automated Machine Learning) [16]. 

All these mentioned techniques can be found in the SKlearn library, widely used for data 

analysis [11]. While these approaches were not specifically designed to model temporally dependent 

data, such as wind, they are commonly used to solve regression problems like those being addressed. 

The main goal of this test is to describe wind behavior through several models and compare the 

preliminary results with the meteorological model that ICE currently uses. 

For model development the time series has been divided in three sets, one for development 

(70%), one for testing (15%) and the other for validation (15%). The data in the complete series is 

randomly shuffled into these three subsets to ensure better representation of different forecast 

scenarios, independent of when they originally occurred in the past. 

3. Results 

The application of the several AI techniques resulted in new forecasts for the testing set cases 

that have been compared to the original GFS forecast. Table 5 summarizes the results by technique 

for the level of the GFS used as input in Tejona. The first two rows correspond to the direct forecast 

made by the GFS for the region and a version of the GFS adjusted using univariate linear regression 

with the observed wind in Tejona. 

An improvement in the forecast is evident, especially when comparing the best AI model built 

at the 950 hPa level (see AutoML in Table 5 RMSE = 2.41 m.s-1) with the GFS forecast adjusted using 

linear regression (RMSE = 4.26 m.s-1 for the 850 hPa level). The RMSE reduction for the AutoML is 

43% between these two cases. 

The adjusted model using AutoML with GFS 950 hPa winds has been selected and named “Wind 

Adjustment with AI (WAAI)”. For the Tejona plant the model is called WAAI_Tej. Table 6 shows the 
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RMSE for different forecast times, the first 24 hours, the 24 to 96 hours and the final 6 days. Reduction 

of RMSE with respect to the original GFS is between 53 and 56%. 

Table 5. Testing errors of the adjusted model using data excluded from the training and validation 

process units of RMSE in m.s-1. The smaller value in each row is indicated. 

Models 800 hPa   850 hPa   900 hPa   950 hPa  

  RMSE  R2  RMSE    R2   RMSE  R2   RMSE  R2   

GFS 6.69  -  6.92   -    8.31   -    10.38    -   

GFS Linear Regression 4.55  -  4.26   -   4.27   -   4.28   -   

 RegressionLM 3.92  0.61  3.81  0.63   3.79  0.63  3.80  0.63  

Reg. Ridge 3.92  0.61  3.81  0.63  3.79  0.63  3.80  0.63  

Reg. Lasso 4.04  0.58  3.88  0.61  3.87  0.62  3.93  0.60  

ElasticNet 4.01  0.59  3.87  0.62  3.84  0.62  3.89  0.61  

KNN 4.31  0.53  4.18  0.55  4.17  0.55  4.26  0.54  

CART Trees 3.53  0.68  3.46  0.69  3.56  0.67  3.55  0.68  

AutoML 2.54  0.83  2.65   0.82   2.51   0.83   2.41   0.85   

Random Forest 3.06  0.76  3.03   0.76   3.13   0.75   3.36   0.72   

Table 6. Testing errors of the WAAI_Tej using data not used in training and validation. 

Model Time interval RMSE  

% reduction of 

RMSE 

GFS 1 – (First 24h – 8 forecast times)   6.20    

  2 – (24-96h – 32 forecast times)   6.93    

  3 – (Last 6 days – 48 forecast times)    7.25    

WAAI_Tej 1 – (First 24h – 8 forecast times)   2.94   52 

  2 – (24-96h – 32 forecast times)   3.00   56 

  3 – (Last 6 days – 48 forecast times)   3.26   55 

Figure 2 shows the error distribution of the GFS model (linear regression, 800 hPa) and the 

WAAI_Tej for the independent dataset. The figure highlights the GFS model’s tendency to 

underestimate wind speed in the region. However, when the model is adjusted, the error distribution 

more closely aligns with the actual data. This adjustment reduces the GFS model’s error, transforming 

it from predominantly underestimating wind speed to a more balanced distribution of positive and 

negative errors in the WAAI_Tej. 

 

Figure 2. Error distribution in wind speed prediction of the GFS model (a) and the WAAI_Tej (b). 

 Final product in operation 

The WAAI_Tej has been integrated into the ICE server and is automatically executed once a day. 

The implementation was carried out in Python 3.8 and coordinated using the Scheduler library 

 
 
 
 
 
 

a b
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(version 1.2.1). This is the Python library that manages the whole process to ensure periodic and 

automatic execution of the model. The data generated by WAAI_Tej is stored in a local PostgreSQL 

database, ensuring its availability and easy access for further analysis. Additionally, a visualization 

dashboard has been developed in a Business Intelligence (BI) tool, which directly consumes the data 

stored in the database, allowing users to easily access and interpret the forecasts generated by the 

model. This integration provides a comprehensive and efficient solution for wind forecasting and 

visualization for Tejona. Figure 3 shows an example of the output for a forecast generated on 

February 2, 2024. The GFS and WAAI_Tej forecasts are plotted together for comparison. It may be 

noted that the result is more than a simple bias correction having variable corrections for different 

times. This is a result of the AutoML capturing different large-scale atmospheric patterns in the GFS 

output and producing the optimized correction. 

 

Figure 3. (a) Display of results and example of model run for 72 hours after Feb 2, 2024. In yellow for 

the GFS forecast and in blue for WAAI_Tejona. 

4. Discussion and conclusions 

The use of AI for model error correction is seen as a promising venture in many publications 

(e.g., [17]). Specifically for the GFS forecast an example is seen where the procedure of model 

correction is included in the data assimilation phase and then applied to the 10-day forecasts [18] 

with improvements in the wind forecasts of the order of 13 to 20%. In this case, as in many others, 

the improvement is checked against a grid-point analysis. 

The case presented here is different in the sense that the aim is to adjust the wind forecast to a 

local station data close to turbine height in a wind farm in Costa Rica. The model resolution is not 

enough to resolve the details of the local complex topography and thus this correction is a necessary 

step towards the operational use of wind forecast for the wind farm planning purposes. 

The novelty of the present work lies in the strategic use of a few selected grid points of the GFS 

model, located near the wind farm and in key positions in the neighboring oceans to the east and to 

the west of Costa Rica. This approach aims to capture large-scale features of the regional climatology 

that may impact the wind speed errors at the Tejona wind farm. With this method the RMSE has been 

reduced to around 55% compared to that of the numerical model alone making the new forecast a 

useful tool for planning purposes by ICE. 

The main conclusion of this study is that it is possible to reduce the GFS model error in wind 

speed forecasting in Tejona, Costa Rica, using machine learning methods. However, it is important 

to note that, in addition to model adjustment, understanding the regional dynamics and deriving 

variables that highlight these behaviors were also integral parts of the strategy used. 

Among the techniques, AutoML and Random Forests stand out, achieving errors of 2.5 and 3 

m/s. This improvement is likely due to their “divide and conquer” nature of attempting to create 

various models that represent different subspaces of data [10].. 
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The successful operational use of WAAI_Tej in the ICE offices in Costa Rica is a result of this 

Proof of Concept project that could be scaled up to other locations facing similar challenges in terms 

of topography and regional climatology. 
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