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 This study investigates deep learning–based forecasting of significant 
wave height (SWH) in Padang coastal waters, western Sumatra, a region 
exposed to wave-induced hazards that affect navigation, fisheries, and 
coastal infrastructure. SWH data are obtained from the ERA5 reanalysis 
single-levels product using the variable 
significant_height_of_combined_wind_waves_and_swell at hourly 
resolution from January to November 2025. After conversion from 
NetCDF to CSV, the time series is cleaned, normalized using Min-Max 
scaling, and transformed into supervised samples through a sliding-
window approach. The dataset is split chronologically into training 
(January–September), validation (October), and testing (November) 
subsets. Three recurrent neural architectures are compared under a 
consistent experimental setup: a vanilla Recurrent Neural Network 
(RNN), Long Short-Term Memory (LSTM), and Gated Recurrent Unit 
(GRU). All models use the same input window length, optimization 
settings, and early-stopping criterion, and are evaluated with Mean 
Squared Error (MSE), Root Mean Square Error (RMSE), Mean Absolute 
Error (MAE), Mean Absolute Percentage Error (MAPE), and the 
coefficient of determination 𝑅2. Results show that all architectures capture 
SWH dynamics with very high skill, yielding test 𝑅2values above 0.997 
and MAPE below 0.7%. The RNN achieves the lowest test RMSE 
(0.007551) and MAE (0.003894), while the GRU delivers slightly higher 
errors but a modeling compromise between accuracy and training time. 
The LSTM attains the largest error among the three models (RMSE 
0.008308, MAE 0.004423) yet is the most computationally efficient. 
Residual analyses indicate that the largest errors occur during sharp 
transitions and high-energy events. Overall, the study demonstrates that 
recurrent deep learning models driven solely by ERA5 reanalysis can 
provide accurate short-term SWH forecasts to support coastal and 
maritime decision-making in Padang and other data-sparse regions. 
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1. INTRODUCTION 

Coastal regions along the eastern Indian Ocean are increasingly exposed to ocean-related hazards, 

including high waves that threaten maritime navigation, coastal infrastructure, fisheries, and port operations 

(Eluri et al., 2025). Significant wave height (SWH), defined as the average height of the highest one-third 

of waves, is a key parameter for representing sea state and for designing and operating coastal and offshore 

structures (Li et al., 2025). Accurate SWH forecasts are therefore essential to support maritime safety, 

offshore engineering activities, and disaster risk reduction, particularly under the influence of a changing 

climate and increasingly frequent extreme events (Ma et al., 2025). 

Padang, located on the west coast of Sumatra and directly facing the Indian Ocean, is an important 

maritime and fisheries hub in western Indonesia. Its coastal waters are strongly influenced by monsoonal 

winds and long-range swell systems that propagate across the eastern Indian Ocean (Paul et al., 2025). 

These ocean–atmosphere interactions often generate energetic sea states that can disrupt port operations, 

endanger small-scale fisheries, and increase the vulnerability of coastal communities (Haditiar et al., 2024). 

In this context, reliable, high-resolution SWH forecasts for Padang coastal waters are crucial to support 

local port management, fishing activities, early warning services, and coastal planning. 

Operational wave predictions are traditionally produced using physics-based spectral wave models 

such as WAVEWATCH III or SWAN, which are driven by atmospheric reanalyses or numerical weather 

prediction outputs (Yao et al., 2025). In recent years, the ERA5 global reanalysis from the European Centre 

for Medium-Range Weather Forecasts (ECMWF) has emerged as a widely used and well-validated dataset, 

providing hourly fields of the “significant height of combined wind waves and swell” on a global grid 

(Campos-Caba et al., 2024). This makes ERA5 particularly suitable as a consistent, long-term source of 

SWH information, especially in regions like Padang where in situ wave observations are sparse or 

unavailable. In this study, ERA5 “reanalysis-era5-single-levels” data at hourly resolution from January to 

November 2025 are used to construct a high-frequency SWH time series for the Padang coastal area (Bruno 

et al., 2020). 

In parallel, recent advances in deep learning have significantly improved the forecasting of complex 

geophysical time series, including ocean wave characteristics (Fang & Li, 2025). Sequence-based 

architectures such as Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM) networks, 

and Gated Recurrent Units (GRU) are particularly well suited to modeling temporal dependencies and 

nonlinear dynamics in one-dimensional data (Zelios et al., 2025). While vanilla RNNs provide a basic 

framework for time series modeling, LSTM and GRU architectures incorporate gating mechanisms that 

mitigate vanishing gradient problems and enhance the ability to capture long-term dependencies (Yunita et 

al., 2025). Although deep learning has been successfully applied to wave forecasting in various regions, 

systematic comparative studies of RNN, LSTM, and GRU architectures for coastal SWH forecasting in 

Indonesian waters remain limited (Sathe et al., 2025). 

Motivated by these gaps, this study aims to evaluate the capability of three recurrent deep learning 

architectures RNN, LSTM, and GRU for forecasting significant wave height in Padang coastal waters using 

ERA5 reanalysis as the primary data source. The specific objectives are to: (i) construct an hourly SWH 

dataset for the Padang coastal area from ERA5 “reanalysis-era5-single-levels” for January–November 

2025; (ii) develop and train RNN, LSTM, and GRU models for short-term SWH forecasting; and (iii) 

compare their forecasting performance using standard error and skill metrics to assess their suitability for 

operational support in the region. The main contributions of this work are the provision of one of the first 

deep learning-based SWH forecasting studies focused on Padang, and a fair, unified comparison of three 

widely used recurrent architectures that can serve as a reference framework for future coastal wave 

forecasting applications 

2. LITERATURE REVIEW 
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Significant Wave Height (SWH) forecasting is a vital component for coastal disaster mitigation and the 

safety of maritime operations, as emphasized in a comprehensive review by Singh et al. (2023). In research 

conducted by Hao et al. (2023), it was found that traditional numerical models are often constrained by 

high computational costs when handling complex and nonlinear ocean dynamics. Conversely, deep learning 

approaches have proven to be more efficient in processing large-scale oceanographic data, as demonstrated 

in a study by Lee and Ahn (2025) comparing various data-driven models. Specifically, research by 

Alqushaibi et al. (2021) highlighted that Recurrent Neural Networks (RNN) possess advantages in 

modeling time-series data, yet they frequently struggle to capture long-term dependencies. 

To address the limitations of RNNs, research by Minuzzi and Farina (2023) introduced the application 

of Long Short-Term Memory (LSTM) networks, which utilize gating mechanisms to retain relevant 

historical information over longer periods. A study conducted by Zhou et al. (2021) proved that LSTM 

models consistently outperform conventional methods in predicting wave height with lower error rates. 

Furthermore, research by Feng et al. (2022) showed that LSTM is highly effective in handling the non-

stationary fluctuations of wind and wave data across various water conditions. 

As a more efficient alternative, research by Munyao et al. (2025) evaluated the Gated Recurrent Unit 

(GRU) architecture, which simplifies the gating structure without sacrificing prediction accuracy. In a 

comparative study by Alqushaibi et al. (2021), it was found that GRUs are capable of achieving faster 

training convergence compared to LSTMs, making them an ideal choice for early warning systems 

requiring real-time processing. Additionally, recent research by Ji et al. (2023) proposed the use of hybrid 

models combining signal decomposition techniques with GRU or LSTM to improve prediction stability in 

extreme sea states. Finally, a study by Yadav et al. (2025) concluded that integrating global reanalysis data, 

such as ERA5, into deep learning models can significantly enhance forecasting accuracy in regions with 

limited observational data. 

3. METHODS AND MATERIAL 

The overall methodological workflow adopted in this study is summarized in Fig. 1. The process begins 

with the acquisition of ERA5 reanalysis data from the Copernicus Climate Data Store (CDS) and the 

extraction of the significant height of combined wind waves and swell (SWH) variable for the Padang 

coastal area. The raw data in NetCDF format are converted to CSV, then subjected to basic cleaning and 

normalization. Subsequently, the normalized SWH time series is transformed into supervised learning 

samples using a sliding-window approach and split chronologically into training and testing subsets. 

In the next stage, three recurrent deep learning architectures—simple RNN, LSTM, and GRU—are 

trained on the prepared data under comparable settings. The trained models are evaluated on the test set 

using Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error 

(MAPE), and the coefficient of determination (𝑅2). The resulting performance metrics form the basis for a 

comparative analysis to determine the most effective architecture for short-term forecasting of significant 

wave height in Padang coastal waters. 
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Fig. 1. Overall methodological workflow for deep learning-based forecasting of significant wave height in Padang 
coastal waters, including data acquisition, preprocessing, model training (RNN, LSTM, GRU), and performance 
evaluation 

Source: Author’s illustration 

3.1 Study area and data description 

The study focuses on coastal waters adjacent to Padang, located on the west coast of Sumatra and 

directly facing the eastern Indian Ocean. In this region, sea state conditions are dominated by a combination 

of local wind waves and remotely generated swell, which together determine the significant wave height 

(SWH) observed at the coast. In this work, SWH is represented by the “significant height of combined wind 

waves and swell” variable from the ERA5 reanalysis, which provides a consistent, gap-free estimate of 

hourly sea state conditions over the study period (Hao et al., 2023). 

The wave data used in this study are obtained from the ERA5 reanalysis-single-levels product, The 

extraction is performed using the Copernicus Climate Data Store (CDS) API, selecting the grid point (or a 

small average of nearby grid points) that best represents Padang coastal waters. This results in an hourly 

SWH time series from 1 January 2025 00:00 to 15 November 2025 23:00, which forms the primary input 

dataset for all forecasting experiments. 

Fig. 2 presents the hourly time series of significant wave height for Padang coastal waters over the 

study period. The SWH values generally range between about 0.35 m and 1.4 m, with several pronounced 

peaks associated with energetic wave events. Higher and more variable wave conditions can be observed 

https://doi.org/10.24191/jcrinn.v11i1.587
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during certain months (e.g., late boreal autumn), while relatively calmer conditions appear in other parts of 

the record. This variability indicates the presence of both short-term fluctuations and longer-period 

modulations in the sea state, highlighting the need for forecasting models capable of capturing nonlinear 

temporal dependencies in the SWH signal (Fang & Li, 2025). 

 

Fig. 2. Hourly time series of significant wave height (m) in Padang coastal waters from January to November 2025 
derived from ERA5 reanalysis 

Source: ERA5 reanalysis-era5-single-levels dataset, variable 
significant_height_of_combined_wind_waves_and_swell (January–November 2025), Copernicus Climate 
Change Service (C3S), European Centre for Medium-Range Weather Forecasts (ECMWF) 

3.2 Data preprocessing 

Prior to model development, several preprocessing steps are applied to the raw ERA5 SWH time series. 

First, the data are checked for missing values and obvious outliers. Because ERA5 is a reanalysis product, 

missing values are not expected; however, any anomalous spikes due to interpolation or download issues 

are removed or replaced using short-window linear interpolation. If desired, the time series can be smoothed 

using a moving average 3–5 hours to reduce high-frequency noise, although the main experiments in this 

study are performed on the original hourly resolution to preserve short-term variability. 

The cleaned SWH time series is then normalized to facilitate efficient training of deep learning models. 

A Min–Max scaling is applied to map the data into the [0, 1] interval using the minimum and maximum 

values of the training set only. Let 𝐻𝑡  denote the original SWH at time 𝑡; the scaled value 𝐻𝑡̃  is computed 

as (Han et al., 2025). 

After scaling, the time series is transformed into supervised learning samples using a sliding-window 

approach. For a chosen input window length 𝑤, each input sequence consists of 𝑤 consecutive SWH values 

[𝐻𝑡−𝑤+1, … , 𝐻𝑡̃], and the corresponding target is the SWH at a future time step 𝐻𝑡 + ℎ where ℎ is the 

forecast horizon. In this study, a one-step-ahead forecasting strategy is adopted and multi-step forecasts are 

produced recursively by feeding previous predictions back into the models (Omar et al., 2024). 

To respect temporal dependence and avoid information leakage, the dataset is split chronologically. 

Data from January to September 2025 are used for training, data from October 2025 for validation 

(hyperparameter tuning and early stopping), and data from November 2025 for independent testing. The 

scaling parameters are derived from the training set and then applied to the validation and test sets. 

 
𝐻𝑡̃ =

𝐻𝑡 − 𝐻𝑚𝑖𝑛

𝐻𝑚𝑎𝑥 − 𝐻𝑚𝑖𝑛

 (1) 

https://doi.org/10.24191/jcrinn.v11i1.587


108                                                        Chan et al. / Journal of Computing Research and Innovation (2026) Vol. 11, No. 1 

https://doi.org/10.24191/jcrinn.v11i1.587 ©Authors, 2026 

3.3 Deep learning architectures 

This study compares three recurrent deep learning architectures for one-step-ahead forecasting of 

significant wave height: a vanilla Recurrent Neural Network (RNN), a Long Short-Term Memory (LSTM) 

network, and a Gated Recurrent Unit (GRU) network. All models are designed as sequence-to-one 

regressors, where an input window of past SWH values is mapped to the next SWH value. To ensure a fair 

comparison, the three architectures share a similar overall design: (i) an input layer that receives sequences 

of normalized SWH values, (ii) one or two recurrent layers (RNN, LSTM, or GRU units), optionally 

followed by dropout, and (iii) a fully connected output layer with linear activation that predicts the next 

value in the time series. 

The models are implemented using the same train/validation split, scaling procedure, and loss function 

(mean squared error, MSE). Hyperparameters such as the number of units, number of layers, learning rate, 

and dropout rate are kept within comparable ranges across architectures and are tuned based on validation 

performance (Chan et al., 2024). The following subsections describe each architecture in more detail. 

3.3.1. Recurrent Neural Network (RNN) 

The vanilla Recurrent Neural Network (RNN) is the simplest recurrent architecture used in this study 

and serves as a baseline deep learning model. An RNN processes a time series sequentially by maintaining 

a hidden state that is updated at each time step based on the current input and the previous hidden state 

(Munyao et al., 2025). For an input sequence {𝑥1, 𝑥2, … , 𝑥𝑇}, the hidden state ℎ𝑡at time 𝑡is computed as: 

 

Where 𝑊𝑥ℎ, 𝑊ℎℎ , 𝑊ℎ𝑦  are weight matrices, 𝑏ℎ and 𝑏𝑦 are bias vectors, 𝜙(⋅) is a nonlinear activation 

function (tanh in this study), and 𝑦𝑡̂  is the model output at time 𝑡. 

In this work, the RNN receives as input a sliding window of length 𝑤 containing normalized SWH 

values [𝐻𝑡−𝑤+1
̃  , … , 𝐻𝑡̃]. The final hidden state ℎ𝑇 (corresponding to the last time step in the window) is 

passed to a dense layer to produce a single forecast 𝐻̂𝑡+1. The RNN architecture used here typically consists 

of one recurrent layer with 32–64 units, followed by a dropout layer (e.g., dropout rate 0.2) to reduce 

overfitting, and a linear output layer. Although vanilla RNNs are conceptually simple and computationally 

efficient, they are known to suffer from vanishing and exploding gradient problems when modeling long 

sequences, which can limit their ability to capture long-term dependencies in SWH time series (Unlu, 2025). 

 

 

 

 

 ℎ𝑡 = 𝜙(𝑊𝑥ℎ𝑥𝑡 + 𝑊ℎℎℎ𝑡−1 + 𝑏ℎ), 
 

(2) 

 𝑦𝑡̂ = 𝑊ℎ𝑦ℎ𝑡 + 𝑏𝑦 
 

(3) 
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Fig. 3. Schematic architecture of a vanilla recurrent neural network (RNN) in folded (left) and unfolded (right) form 
along the time axis 

Source: Author’s illustration based on standard RNN formulation in the literature 

3.3.2. Long Short-Term Memory (LSTM) 

The Long Short-Term Memory (LSTM) network is an extension of RNN designed to overcome the 

vanishing gradient problem and to better capture long-range temporal dependencies. LSTM introduces a 

memory cell and a set of gating mechanisms that control the flow of information through time (Yunita et 

al., 2025). For each time step 𝑡, the LSTM computes: 

 

 

where 𝑥𝑡is the input at time 𝑡, ℎ𝑡is the hidden state, 𝑐𝑡is the cell state, 𝜎(⋅)is the sigmoid activation function, 

and ⊙denotes element-wise multiplication. 

In the proposed framework, the LSTM takes the same input sequences as the RNN (windows of length 

𝑤of normalized SWH) and outputs a single forecast from the final hidden state. The LSTM architecture 

typically uses 32–64 units in a single LSTM layer, followed by dropout and a dense output layer with linear 

activation. Fig. 4 shows the internal structure of an LSTM cell, including the forget, input, and output gates, 

as well as the update of the cell state and hidden state. Due to its gating mechanisms and explicit cell state, 

the LSTM is expected to better learn medium- to long-range dependencies in the SWH time series, such as 

patterns associated with swell propagation or persistent meteorological conditions (Zelios et al., 2025). 

 

Fig. 4. Internal structure of a Long Short-Term Memory (LSTM) unit, showing forget, input, and output gates and the 
update of the cell state 

Source: Author’s illustration based on standard LSTM formulation in the literature 

3.3.3. Gated Recurrent Unit (GRU) 

 𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓)  (forget gate) 
 

(4) 

 𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖)  (input gate) (5) 

 𝑐𝑡̃ = tanh(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐)  (candidate cell state) (6) 

 𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐𝑡̃   (updated cell state) (7) 

 𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜)  (output gate) (8) 

 ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡) (9) 
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The Gated Recurrent Unit (GRU) is another gated recurrent architecture that simplifies the LSTM 

design while retaining the ability to model long-term dependencies. GRU combines the functions of the 

forget and input gates into a single update gate and uses a reset gate to control how new information is 

incorporated (Sathe et al., 2025). For each time step 𝑡, the GRU equations are: 

 

 

In this study, the GRU model is configured analogously to the LSTM: it receives windows of 

normalized SWH values as input, and the final hidden state is passed to a dense layer with linear activation 

to predict the next SWH value. The GRU layer typically uses 32–64 units and may be followed by dropout 

to mitigate overfitting. Fig. 5 illustrates the internal structure of a GRU unit, highlighting the update and 

reset gates and the computation of the new hidden state. Because GRU has fewer gates and parameters than 

LSTM, it is computationally more efficient and can converge faster, which is advantageous when training 

on relatively long time series or when deploying models in operational settings, while still providing 

improved modeling capability over vanilla RNN (Maria et al., 2025). 

 

 

 

 

Fig. 5. Internal structure of a Gated Recurrent Unit (GRU), showing update and reset gates and the computation of 
the new hidden state 

Source: Author’s illustration based on standard GRU formulation in the literature 

3.4 Training procedure and experimental design 

The training process is carried out using mini-batch gradient descent with batch sizes 64 samples per 

batch, over a maximum number of epochs (e.g., 100–200 epochs). Early stopping is employed based on the 

validation loss: training is halted if the validation loss does not improve after a fixed number of consecutive 

epochs (patience), and the model parameters from the epoch with the lowest validation loss are retained. 

This strategy helps to prevent overfitting and ensures that the selected model generalizes well to unseen 

data. 

 𝑧𝑡 = 𝜎(𝑊𝑧𝑥𝑡 + 𝑈𝑧ℎ𝑡−1 + 𝑏𝑧)  (update gate) 
 

(10) 

 𝑟𝑡 = 𝜎(𝑊𝑟𝑥𝑡 + 𝑈𝑟ℎ𝑡−1 + 𝑏𝑟)  (reset gate) (11) 

 ℎ𝑡̃ = tanh(𝑊ℎ𝑥𝑡 + 𝑈ℎ(𝑟𝑡 ⊙ ℎ𝑡−1) + 𝑏ℎ)  (candidate hidden state) (12) 

 ℎ𝑡 = (1 − 𝑧𝑡) ⊙ ℎ𝑡−1 + 𝑧𝑡 ⊙ ℎ𝑡̃   (13) 
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All three architectures (RNN, LSTM, GRU) are trained under identical conditions: same input window 

length 𝑤, same train/validation/test splits, same normalization scheme, and similar hyperparameter ranges. 

Hyperparameters (number of units, number of layers, dropout rate, learning rate, window length) are tuned 

using a combination of manual search and validation performance. In addition to the deep learning models, 

a simple persistence model is used as a baseline, in which the forecast is simply equal to the most recent 

observation 𝐻̂𝑡+1 = 𝐻𝑡 . This provides a reference level of skill that any advanced model should exceed. 

3.5 Evaluation metrics 

Model performance is evaluated on the independent test period (November 2025) using several 

commonly used error and skill metrics. The Root Mean Square Error (RMSE), Mean Absolute Error 

(MAE), and Mean Absolute Percentage Error (MAPE) quantify the average magnitude of prediction errors, 

while the coefficient of determination 𝑅2measures the proportion of variance in the observations explained 

by the model (Arleth et al., 2024). These metrics are defined as follows, for 𝑁test samples, observed values 

𝐻𝑖 , and predictions 𝐻̂𝑖 (J. Zhou et al., 2025): 

 

where 𝐻̄is the mean of the observed SWH values in the test set. 

For each architecture (RNN, LSTM, GRU), these metrics are computed and compared against each 

other and against the persistence model. The comparative analysis focuses on identifying which architecture 

provides the best trade-off between accuracy and model complexity for short-term SWH forecasting in 

Padang coastal waters, thereby informing the selection of an appropriate deep learning model for future 

coastal wave forecasting applications. 

4. RESULTS AND DISCUSSION 

4.1 Overall model performance 

The overall predictive performance of the three architectures is summarized in Table 1. All models 

achieve very small errors, with test MSE values on the order of 10−5and coefficients of determination 𝑅2 >
0.997, indicating an excellent fit to the observed SWH time series. Among the three architectures, the RNN 

provides the best accuracy on the test set with a test MSE of 0.000057, RMSE of 0.007551, MAE of 

0.003894, and MAPE of about 0.59%. The GRU model ranks second (test RMSE 0.007722, MAE 

0.004186, MAPE ≈ 0.65%, 𝑅2 = 0.997485), while the LSTM yields the largest errors (test RMSE 

0.008308, MAE 0.004423, MAPE ≈ 0.68%, 𝑅2 = 0.997089). 

 

RMSE = √
1

𝑁
∑(𝐻𝑖 − 𝐻𝑖̂)

2
𝑁

𝑖=1

 

 

(14) 

 

MAE =
1

𝑁
∑|𝐻𝑖 − 𝐻𝑖̂|

𝑁

𝑖=1

 

 

(15) 

 

MAPE =
100\%

𝑁
∑ |

𝐻𝑖 − 𝐻𝑖̂

𝐻𝑖

|

𝑁

𝑖=1

 (16) 

 
𝑅2 = 1 −

∑ (𝐻𝑖 − 𝐻𝑖̂)
2𝑁

𝑖=1

∑ (𝐻𝑖 − 𝐻)2𝑁
𝑖=1

 (17) 
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In terms of computational cost, the LSTM is the most efficient, requiring approximately 117 s of 

training time, followed by the GRU (≈319 s), whereas the RNN demands the longest training time (≈394 

s). This highlights a clear trade-off between accuracy and training efficiency: the RNN achieves the lowest 

error but at the highest computational cost, while the LSTM sacrifices a small amount of accuracy in 

exchange for substantially faster training. 

 

The evolution of validation loss during training is depicted in Fig. 6. All three models exhibit a rapid 

decrease in MSE during the first 10–20 epochs, followed by a gradual convergence towards very small loss 

values. The RNN curve converges to the lowest validation loss, closely followed by the GRU, whereas the 

LSTM stabilizes at a slightly higher level. No strong signs of overfitting are observed, as the validation 

curves flatten rather than diverge in the later epochs, confirming that the chosen architectures and 

regularization settings are adequate for this dataset. 

Table 1.  Validation and test performance of RNN, LSTM, and GRU models for significant wave height forecasting in Padang coastal 

waters (validation MSE/MAE; test MSE, RMSE, MAE, MAPE, 𝑅2; and total training time) 

Architecture Evaluation Value Training Time (SEC) 

RNN 

Val Loss (MSE) 0.000024 

394.245021 

Val MAE 0.002914 

Test MSE 0.000057 

Test RMSE 0.007551 

Test MAE 0.003894 

Test MAPE (%) 0.594253 

R2 0.997596 

LSTM 

Val Loss (MSE) 0.000030 

117.226785 

Val MAE 0.003284 

Test MSE 0.000069 

Test RMSE 0.008308 

Test MAE 0.004423 

Test MAPE (%) 0.684989 

R2 0.997089 

GRU 

Val Loss (MSE) 0.000028 

319.351064 

Val MAE 0.003153 

Test MSE 0.000060 

Test RMSE 0.007722 

Test MAE 0.004186 

Test MAPE (%) 0.652050 

R2 0.997485 
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Fig. 6. Comparison of validation loss (MSE) as a function of epoch for RNN, LSTM, and GRU models 

4.2 Accuracy on the test set 

The predictive accuracy on the test set is illustrated in Fig. 7, which shows the last 200 points of the 

SWH series together with the corresponding forecasts from each model. Visually, the three predicted curves 

almost overlap with the observed series, accurately capturing both gradual variations and relatively sharp 

rises and falls in wave height. Small differences between models appear mainly around local maxima: the 

GRU and LSTM occasionally over- or under-estimate peak values relative to the RNN, but the 

discrepancies remain very small (on the order of a few millimetres to centimetres). 

 

Fig. 7. Comparison between observed significant wave height and predictions from RNN, LSTM, and GRU models 
for the last 200-time steps of the test set. 

The residual distributions for each model are presented in Fig. 8. All histograms are centred around 

zero and approximately symmetric, indicating the absence of strong systematic biases. The RNN residuals 

exhibit the narrowest spread, consistent with its lower RMSE and MAE. The LSTM and GRU show slightly 

wider tails, reflecting a higher frequency of moderate residuals, but still within a very small error range. 
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Fig. 8. Residual histograms (error = actual − predicted) for the (a) RNN, (b) LSTM, and (c) GRU models on the test 
set 

Residuals plotted as a function of time Figure 9 reveal that errors for all models generally remain within 

±0.01 m, with a few larger spikes coinciding with periods of more energetic sea states. The three 

architectures show similar timing and magnitude of these spikes, implying that the main difficulty lies in 

reproducing very rapid transitions or sharp peaks in SWH rather than the more regular background 

variability. 

 

Fig. 9. Residuals over time for RNN, LSTM, and GRU models on the test set 

4.3 Multi-step forecasting behaviour 

The multi-step forecasting behaviour of the models is illustrated in Fig. 10, which compares the 

historical SWH time series with forward projections produced by the three architectures at the end of the 

study period. All models generate smooth forecast trajectories that continue the prevailing trend of the most 

recent observations. Differences become visible as the forecast horizon increases: the GRU tends to project 

a slightly stronger increase in SWH, while the LSTM yields more conservative changes; the RNN generally 

lies between the two. 
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Fig. 10. Historical SWH time series and forward forecasts generated by RNN, LSTM, and GRU at the end of the 
analysis period 

A zoomed view of the last 20 historical points and subsequent forecasts is shown in Fig. 11, where the 

vertical dashed line marks the boundary between observed data and predictions. Immediately after the 

boundary, all three models extend the observed decreasing trend in SWH fairly consistently. Further into 

the forecast horizon, however, the GRU predicts a faster recovery and increase in wave height, the RNN 

shows a moderate upturn, and the LSTM remains the most conservative. From an operational standpoint, 

this implies that the GRU could be more sensitive to potential increases in sea state (at the risk of 

occasionally over-predicting), whereas the LSTM emphasises stability and may underestimate rapid 

transitions. 

 

Fig. 11. Zoomed-in view of the last 20 observed points and subsequent multi-step forecasts from RNN, LSTM, and 
GRU models; the dashed line indicates the boundary between history and forecast horizon 

4.4 Discussion 

Overall, the results demonstrate that all three recurrent architectures RNN, LSTM, and GRU are 

capable of modelling the temporal dynamics of significant wave height in Padang coastal waters with very 

high accuracy. Numerically, the RNN achieves the best performance on the test set but at the cost of the 
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longest training time. The GRU model offers a modeling balance between accuracy and computational 

efficiency, while the LSTM is the most computationally efficient but slightly less accurate. 

Residual analyses show that the largest errors for all models occur during sharp transitions and high-

energy events, which are inherently more difficult to predict. For practical coastal and maritime 

applications, the choice of model can thus be guided by the trade-off between accuracy and efficiency: 

RNN or GRU may be preferred when maximising accuracy is critical, whereas LSTM may be more 

appropriate in resource-constrained or real-time settings. Future work could further improve performance 

by incorporating additional meteorological predictors (e.g., wind speed and direction) and by using loss 

functions that give greater weight to extreme events, as well as extending the training dataset to multiple 

years to enhance robustness and generalisation. 

5. CONCLUSIONS 

This study presented a deep learning–based framework for forecasting significant wave height (SWH) in 

Padang coastal waters using hourly ERA5 reanalysis data for January–November 2025. The ERA5 

significant height of combined wind waves and swell variable was preprocessed through cleaning, 

normalisation, and a sliding-window transformation to construct supervised time-series samples. Three 

recurrent architectures—vanilla RNN, LSTM, and GRU—were trained and evaluated under a consistent 

experimental setup using standard error metrics (MSE, RMSE, MAE, MAPE) and the coefficient of 

determination 𝑅2. 

The results show that all three architectures are capable of reproducing the temporal dynamics of SWH 

with very high skill, achieving test 𝑅2values above 0.997 and MAPE below 1%. Among them, the RNN 

model attained the lowest test error and the narrowest residual distribution, indicating the highest point-

wise accuracy, but required the longest training time. The GRU model provided slightly lower accuracy 

than the RNN but with reduced computational cost, whereas the LSTM model was the most 

computationally efficient yet exhibited the largest (though still small) errors. Residual analyses further 

revealed that the main forecasting difficulty for all models lies in capturing sharp transitions and high-

energy events, while background variability is modelled very well. 

From an application perspective, the proposed framework demonstrates that recurrent deep learning 

models, trained solely on reanalysis-derived SWH, can deliver accurate short-term forecasts suitable to 

support coastal and maritime activities in Padang, such as port operation planning, small-scale fisheries, 

and early-warning services. The trade-off profiles observed in this study suggest that RNN or GRU may be 

preferred when maximising forecast accuracy is critical, whereas LSTM may be advantageous in real-time 

or resource-limited environments. 

Future work will focus on extending the training period to multiple years to improve robustness, 

incorporating additional atmospheric and oceanic predictors (e.g., wind fields, pressure, or directional wave 

parameters) to better resolve extreme events, and exploring hybrid or spatial models that combine deep 

learning with physics-based information. Integrating the developed forecasting system into operational 

decision-support tools for local stakeholders represents a further practical direction of this research. 
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