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Abstract. Accurate short-term wind forecasting is crucial for optimizing offshore wind energy operations. However, traditional numerical weather prediction (NWP) models can be too computationally intensive for rapid, near real-time decision-making. To address this limitation, this study proposes a deep learning approach using a multi-year ERA5 reanalysis dataset to forecast wind intensity in the South Atlantic. This work trains a Convolutional Long Short-Term Memory (ConvLSTM) network using ERA5 reanalysis data to predict wind intensity 24–48 hours ahead, finding that a model using a 6-hour temporal resolution with a 48-hour lookback period provides the most stable and accurate forecasts.
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Introduction
Energy companies are increasingly diversifying their portfolios to reduce or neutralize CO₂ emissions, a strategy closely linked to combating climate change. This shift is in line with the growing importance of the ESG (Environmental, Social & Governance) agenda, which has prompted widespread action across the sector. A key result has been increased investment in renewable sources, particularly offshore wind energy, which requires identifying regions with abundant and consistent winds for viable implementation, as highlighted by the Empresa de Pesquisa Energética (EPE) [1]. This research focuses on improving offshore wind resource assessment on the Brazilian coast, which holds a vast offshore wind potential according to the World Bank [2]. However, its development is challenged by the intermittency and volatility of wind. As noted in a review by Wu et al. [3], accurate wind prediction is crucial to mitigate these issues and ensure operational stability.
While traditional forecasting relies on data from numerical weather prediction (NWP) models like GFS or reanalysis datasets such as ERA5, these methods can have limitations, particularly due to computational cost and time to run simulations. Deep learning offers a powerful alternative for enhancing predictability by learning complex spatio-temporal patterns directly from this data.
This study evaluates the performance of a supervised deep learning model for forecasting wind fields off the Brazilian coast using only ERA5 data. Specifically, it focuses on an encoder-decoder architecture using the Convolutional LSTM (ConvLSTM) model, first proposed by Shi et al. [4], comparing different forecasting strategies. The aim is to develop a robust method to support the strategic deployment of offshore wind farms, contributing to a more sustainable energy future.
Methodology
In this section, we describe the problem formulation, the process of data collection and preprocessing to support the experiments, details on how the ConvLSTM model works and the procedures for training and testing.
Problem Setup
The core task of this study is formulated as a sequence-to-sequence spatio-temporal forecasting problem. The objective is to predict a future sequence of 2D wind intensity fields based on a past sequence of multi-variable atmospheric data.
Let  represent a multi-channel spatial grid at a single timestep t, where M=119 and N=137 are the spatial dimensions of the grid, and C is the number of input variables. The goal is to learn a mapping function, F, that takes a sequence of P past observations as input to predict a sequence of Q future observations of a single target variable, as expressed in Eq. 1.
	
	(1)


Here, each input tensor  in the historical sequence contains two channels (C=2): wind intensity and 2-meter air temperature. The target output sequence, , contains only the predicted wind intensity grids. The specific lengths of the input lookback period (P) and the output forecast horizon (Q) are varied across experiments.
This problem is addressed using an encoder-decoder architecture based on the ConvLSTM model, which is specifically designed to handle such spatio-temporal dependencies by preserving the spatial structure of the data throughout the forecasting process.
Dataset Gathering and Preprocessing
This work uses publicly available data from the European Centre for Medium-Range Weather Forecasts (ECMWF), specifically the ERA5 dataset, which stands for ECMWF Reanalysis v5, Hersbach et al. [6]. This dataset combines historical observations with advanced models to create hourly time series of climate variables since 1940, providing the high-frequency data required for training deep learning models.
The scope of this study should be understood as a regional assessment of wind resources, fundamentally driven by the large-scale weather systems captured by the ERA5 reanalysis dataset. The data used has a native grid resolution of 0.25° x 0.25° (approximately 28-30 km), which is highly effective for evaluating the general wind climate over extensive offshore areas. However, it's crucial to acknowledge the limitations inherent in this resolution. Phenomena smaller than the grid cell size, such as mesoscale effects, are not resolved but are instead averaged out. Consequently, while this analysis provides valuable insights for regional-scale strategic planning, it is not suitable for tasks that demand a finer level of detail, higher-resolution modelling (a process known as downscaling) would be an essential next step.
Considering that our objective is to identify how well this model would perform in a specific region of the South Atlantic, the selected area was comprised between the latitudes -11.4º and -40.9º and longitudes -30.0º and -64.0º, as this region coincided with different studies currently being conducted. From this area we extracted the dataset using an initial subset of 10 years of hourly data between 2007 and 2017, that would represent approximately 88.500 hourly records on a grid of dimensions (119, 137).
The preprocessing pipeline was executed using the Python package Numpy. First, the initial dataset, constructed from the wind intensity and 2-meter air temperature variables, was downsampled to manage computational load. The original hourly data was processed to create two separate, lower-frequency datasets for experimentation: one with a 3-hour temporal resolution and another with a 6-hour resolution. This approach was chosen because preliminary experiments showed that shorter intervals, such as one hour, did not effectively capture significant variations in wind intensity due to the system's considerable inertia, often causing the model to simply repeat past observations. Moreover, using hourly data for forecasts 24 to 48 steps ahead increased the size of the tensors, which consequently increased the computational cost for training the model, and the results for the predictions several steps ahead perform poorly to achieve the task of this model. Next, a sliding window approach with a stride of 1 was applied to each dataset to generate sequences for the model. Input sequences (X) were created using a lookback window of [e.g., 12] timesteps, while the corresponding target sequences (Y) were formed from a forecast horizon of [e.g., 6] timesteps for the ConvLSTM model to predict. Once the sequences were formed, they were split chronologically into training (75%), validation (15%), and test (10%) sets. This chronological split is critical for time-series data as it prevents data leakage and ensures the model is evaluated on future data relative to its training. 
The final stage was data standardization to ensure that all features contribute equally to the model's learning process. This step transforms the data to have a common scale, which is beneficial for algorithms that are sensitive to the magnitude of input features and helps with faster convergence during training. For this dataset, we used the Standard Scaler, which transforms the data to have a mean of 0 and a standard deviation of 1. To prevent data leakage from the validation and test sets, the mean (μ) and standard deviation (σ) were calculated solely from the training set. These same parameters were then used to transform the validation set and the test set, which ensured that the model was evaluated on data that was truly unseen during the training and standardization process.
ConvLSTM Model Description
The Convolutional LSTM (ConvLSTM) is a recurrent neural network (RNN) architecture tailored for spatio-temporal prediction. First proposed by Shi et al. [4] for precipitation nowcasting, the model adapts the standard Long Short-Term Memory (LSTM) to effectively process data with spatial dimensions, like sequences of gridded data or images. The main architectural change is the substitution of matrix multiplication operations within the LSTM gates with convolutional operations.
Unlike standard LSTMs, which require inputs to be flattened into 1D vectors and thus lose all spatial information, the ConvLSTM processes data in its native 3D tensor format (e.g., [channels, height, width]). This crucial modification enables the model to preserve the spatial grid and concurrently learn spatial features within each timestep while capturing the long-range temporal dependencies inherent in the sequence.
The core operations of the ConvLSTM cell are described in Eq. 2, where * denotes the convolution operator and ⊙ represents the Hadamard product (element-wise multiplication):
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The use of convolutions provides several key advantages that make the ConvLSTM architecture highly effective for spatio-temporal tasks. By applying learnable filters across the input grid, the model can automatically learn and extract a spatial feature hierarchy, identifying patterns like edges and shapes within each frame of the sequence. This approach offers significant parameter efficiency, as the same filter is applied across all positions, drastically reducing the number of weights compared to a fully connected layer. A direct and crucial benefit of this weight sharing is translational invariance, which enables the model to recognize a pattern even as it moves across the grid over time, a critical capability for tracking objects in motion-based forecasting.
The original ConvLSTM architecture also incorporates peephole connections, which allow the gates to directly "peek" at the cell state. This gives the gates more information to make more precise decisions about what information to remember or forget. Ultimately, these combined properties ensure that the ConvLSTM can simultaneously model "what" is happening (spatial features) and "when" it is happening (temporal dependencies), making it a powerful tool for spatio-temporal prediction. This architecture was further enhanced and implemented with variations to improve performance, as the one proposed by Wang et al. [5].
Experiment Description
The experiments were conducted using the two lower frequency datasets with temporal resolution of 3 and 6 hours, the inputs and the forecasting period (output steps) are shown in Tab. 1.
Table 1. Experiments Strategy
	ID
	Frequency
	Input Steps
	Output Steps

	1
	3 hours
	8 (24 hours)
	8 (24 hours)

	2
	3 hours
	16 (48 hours)
	16 (48 hours)

	3
	3 hours
	24 (72 hours)
	16 (48 hours)

	4
	6 hours
	4 (24 hours)
	4 (24 hours)

	5
	6 hours
	8 (48 hours)
	8 (48 hours)

	6
	6 hours
	12 (72 hours)
	8 (48 hours)



The rationale was trying to forecast only the next 48 hours instead of longer periods ahead, since the objective is to generate predictions faster than a physical model would to run the simulations. It was also observed during preliminary tests that using the dataset with 1 hour frequency records resulted in poor results, considering that the phenomena have an inertia that is not necessarily well suited for lower time resolutions. The opposite would also be true, since using time resolutions such as 12 or even 24 hours would result in the loss of information regarding the dynamics of the phenomena if the purpose was to predict the next 24 to 48 hours of wind intensity.
The experiments were run in the High-Performance Computing servers from the NACAD/COPPE laboratory, using Nvidia H100 GPU, the deep learning framework adopted was PyTorch, using Hydra package to orchestrate multirun experiments in a single slurm job, all experiments were monitored using ML Flow. The models were trained for 50 epochs and the hyperparameters adopted were batch size of 64, learning rate of 10-3, using the Adam optimizer and the loss function used to evaluate the model performance was Mean Squared Error (MSE). The hyperparameters remain the same for all experiments, except for the batch size of experiment 3, which had to be reduced due to GPU memory limitations. The training time for the model of 6-hour temporal resolution with most Input/Output Steps was approximately 1 hour and 40 minutes, while the model with 3-hour temporal resolution with most Input/Output Steps was approximately 3 hours. The inference time for both models were inferior to 10 seconds, compatible with the performance expected for operational use.
The model architecture comprises in an encoder-decoder ConvLSTM to handle the variations of input and output steps for the model.
After the inference both prediction and ground truth arrays passed through reverse process of standardization, returning to the original scales. Finally, both predictions and ground truth were plotted together with their absolute difference for each step, the RMSE for the whole prediction was also plotted in separate subplot for the sake of evaluation.
Results
When comparing the RMSE across epochs, the model trained on the 3-hour dataset showed clear signs of overfitting and training instability. This resulted in worse generalization compared to the model trained on the 6-hour dataset, which was more stable and achieved lower overall errors for the same forecasting window. While both models performed similarly when predicting 48 hours ahead, the instability of the 3-hour model suggests it struggled with the higher temporal resolution of the data. It is worth to note that both experiments have stabilized after the epoch 30, showing little or no improvement after that. The results have shown that the lookback period had higher impact in the predictions, specifically when predict only the next 24 hours ahead, these results can be observed in Fig .1 and Fig. 2.
Figure 1. Model Training Performance for the 6-Hour Dataset. The plot shows the Root Mean Squared Error (RMSE) for the training and validation sets across all epochs.

Figure 2. Model Training Performance for the 3-Hour Dataset. The plot shows the Root Mean Squared Error (RMSE) for the training and validation sets across all epochs.

 
Across all experiments, the optimal model configuration used 48 hours of historical data to forecast the subsequent 24 hours. The performance of this model configuration is detailed in Fig. 3 and Fig. 4.
Figure 3 presents these results for the model using a 6-hour temporal resolution. It compares the predicted values against the ground truth and shows the absolute error over the 24-hour forecast horizon (four 6-hour timesteps). Figure 4 provides the same comparison for the model with a 3-hour temporal resolution. Due to the higher number of output steps (eight 3-hour timesteps), the plots in this figure are split into two parts for better readability. Figure 3. Forecast Visualization for the 6-Hour Dataset. This figure compares the ground truth, model prediction, and the absolute error for a representative 24-hour forecast.

Figure 4. Forecast Visualization for the 3-Hour Dataset. This figure compares the ground truth, model prediction, and the absolute error for a representative 24-hour forecast.

A qualitative evaluation of the results was conducted by selecting a representative sample from the test set, starting at the same datetime. A visual inspection reveals several key findings. The error progression is broadly similar for both the 3-hour and 6-hour resolution models. While the 3-hour model shows a slight performance advantage in the later forecast steps, the difference is not significant based on this analysis. A more consistent spatial pattern observed across multiple samples is an increase in prediction error near the boundaries of the domain, particularly in the southeastern region. Furthermore, the error tends to be notably higher along the coastline compared to areas further inland or over the open ocean.
Perhaps the most significant observation from these experiments is a systematic issue related to model inertia. Both models struggle to capture rapid changes in the wind fields, often producing forecasts that are overly smooth and slow to react to dynamic shifts in the ground truth. This suggests a limitation in the current architecture's ability to represent the fast-evolving dynamics of the phenomenon. Addressing this inertial lag presents a key challenge and a clear direction for future research.
Conclusions
This study successfully developed and evaluated a ConvLSTM-based deep learning model for spatio-temporal wind forecasting using ERA5 reanalysis data. The key finding is that while the model provides a viable baseline for 24-hour predictions, it exhibits a systematic inertial lag, struggling to capture the rapid dynamics of wind field changes. This highlights a primary challenge for current architectures in this application.
The results from this work serve as a benchmark for future research focused on enhancing model performance and training stability. Subsequent studies will explore more advanced architectures, such as PredRNN, to evaluate if more recent models can better address the observed limitations. Furthermore, while this study successfully utilized publicly available ERA5 data, future efforts can aim to improve forecast accuracy by incorporating data currently being generated in our research group from high-resolution data from regional physical models or other available sources, such as satellite SAR imagery.
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