

  remotesensing-16-02468




remotesensing-16-02468







Remote Sens. 2024, 16(13), 2468; doi:10.3390/rs16132468




Article



Application of Fast MEEMD–ConvLSTM in Sea Surface Temperature Predictions



R. W. W. M. U. P. Wanigasekara 1,2, Zhenqiu Zhang 1, Weiqiang Wang 1, Yao Luo 1 and Gang Pan 1,*





1



State Key Laboratory of Tropical Oceanography, South China Sea Institute of Oceanology, Chinese Academy of Sciences, Guangzhou 510301, China






2



University of Chinese Academy of Sciences, Beijing 100049, China









*



Correspondence: gpan@scsio.ac.cn







Citation: Wanigasekara, R.W.W.M.U.P.; Zhang, Z.; Wang, W.; Luo, Y.; Pan, G. Application of Fast MEEMD–ConvLSTM in Sea Surface Temperature Predictions. Remote Sens. 2024, 16, 2468. https://doi.org/10.3390/rs16132468



Academic Editors: Weimin Huang, Peng Ren and Yongqing Li



Received: 16 May 2024 / Revised: 1 July 2024 / Accepted: 1 July 2024 / Published: 5 July 2024



Abstract


Sea Surface Temperature (SST) is of great importance to study several major phenomena due to ocean interactions with other earth systems. Previous studies on SST based on statistical inference methods were less accurate for longer prediction lengths. A considerable number of studies in recent years involve machine learning for SST modeling. These models were able to mitigate this problem to some length by modeling SST patterns and trends. Sequence analysis by decomposition is used for SST forecasting in several studies. Ensemble Empirical Mode Decomposition (EEMD) has been proven in previous studies as a useful method for this. The application of EEMD in spatiotemporal modeling has been introduced as Multidimensional EEMD (MEEMD). The aim of this study is to employ fast MEEMD methods to decompose the SST spatiotemporal dataset and apply a Convolutional Long Short-Term Memory (ConvLSTM)-based model to model and forecast SST. The results show that the fast MEEMD method is capable of enhancing spatiotemporal SST modeling compared to the Linear Inverse Model (LIM) and ConvLSTM model without decomposition. The model was further validated by making predictions from April to May 2023 and comparing them to original SST values. There was a high consistency between predicted and real SST values.
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1. Introduction


Due to the dynamic nature of the oceans, it is difficult to model and forecast ocean parameters such as Sea Surface Temperature (SST). Due to its influence on Oceanography, Climatology, atmosphere and others, SST had been declared an essential climate and ocean variable [1]. SST’s influence has a major impact on the thermal equilibrium of the ocean and atmosphere. Due to heat exchange between ocean and atmosphere, the climate might be affected by SST variation, regionally as well as globally.



Using in-situ and satellite remote sensing-based ocean observation datasets of SST and other parameters, quite a number of studies have been conducted to model SST and make accurate forecasts and hindcasts. These models can be categorized into two main categories; data-driven and numerical [2,3,4]. Data-driven models, as the name suggests, are driven by past SST data alone. These models involve training models to recognize patterns in the SST time series and adapting to them using mathematical equations. These models have achieved a significant success in recent years due to the emergence of machine learning (ML). The use of ML algorithms ranging from Support Vector Machines (SVM), and advanced deep learning algorithms such as Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), Convolutional Neural Network (CNN), and Temporal Convolutional Network (TCN) has been increasing in recent years. These models can be deployed only over a small area due to the model capabilities of adapting to increasing amount of variations in SST being low.



The use of ML in SST prediction goes back to studies of tropical SST forecasts in the Pacific Ocean using Markov models [5]. Thereafter, the use of Empirical Canonical Correlation analysis for Indian Ocean SST predictions [6], linear regression applications using Indian Ocean SST and NINO3 SST [7], the use of 12 Artificial Neural Networks (ANN) to forecast SST in the Indian Ocean [8], studies on tropical Atlantic SST forecasting using SVM [9], and the application of ensemble learning for ocean subsurface temperature prediction [10] are at the forefront of usage of ML.



With the invention of the Recurrent Neural Network (RNN)-based LSTM network in 1997 [11], the prediction capabilities of time series modeling have improved. The use of LSTM for SST prediction was first attempted in 2017 [12]. Their work involved SST prediction of the Bohai Sea region based on daily SST data using a fully connected LSTM (FC-LSTM) network, and the results indicated an accuracy over 0.98 and Root Mean Square Error (RMSE) less than 0.58 in 1–7-days-ahead predictions.



From that point forward, the application of LSTM for SST prediction has been increasing. A combined CNN and FC-LSTM (CFFC-LSTM) model was proposed in 2018 for spatiotemporal SST forecasting and it achieved predictions with over 0.97 accuracy and less than 0.8 RMSE values [13]. An assessment of different ML and DL algorithms with different configurations was carried out for the Mediterranean Sea and the study concluded that LSTM and GRU models performed best among the considered models [4].



Numerical models, on the other hand, involve simulation of physical parameters and their variability to model SST. These models are often difficult to derive and the accuracy might be low compared to the capabilities of data-driven models. However, unlike data-driven models, these models can be deployed over a large area covering even the entire global oceans. The model’s capability to adopt and adapt variations of physical parameters might be the reason for this. The Intergovernmental Panel on Climate Change (IPCC) Coupled Model Inter-comparison Project (CMIP) climate models, Hybrid Coordinate Ocean Model (HYCOM), and Regional Ocean Modeling System (ROMS) are the most noteworthy among the numerical ocean models.



On a special note, a 2016 study combined neural and numerical prediction models to achieve an ideal prediction accuracy of 1.0 for the Arabian Sea in 1-day- and 1-week-ahead predictions based on daily and weekly SST anomaly (SSTA) data, respectively. Although there exists some small amount of error, this can be considered as an ideal accuracy at least in terms of the accuracy value metric. This study employed a wavelet neural network which uses a wavelet transformation technique to decompose the input data through high and low pass filtering. The decomposed datasets will be used in the neural network prediction process [14].



Jia et al. (2022) investigated the possible influence of different parameters, such as data input length, prediction length, and spatial characteristics, on SST prediction accuracy. The study concludes that while increasing input length can increase the model capabilities, there is no positive correlation between them. In contrast, prediction length and prediction errors have a positive correlation. The prediction of extreme values seems to be difficult, for the model and also the model accuracy have suffered in well-known ocean currents, displaying the difficulty of SST predictions in those chaotic conditions [15].



Convolutional LSTM (ConvLSTM) is a deep learning algorithm developed by combining CNN and LSTM algorithms. It is capable of capturing spatiotemporal patterns and making predictions. The method was first developed for precipitation forecasting over a local region for short time periods [16]. The method was then adapted by several studies for SST modeling. Taylor and Feng adopted the ConvLSTM model to predict global monthly mean SSTA. Using a U-Net configuration of ConvLSTM, they obtained successful SSTA prediction results and concluded that the method captures key features of global SST variation [17].



To fully utilize spatial relationships between neighboring regions, Ren et al. (2024) employed a spatiotemporal U-Net (ST-UNet) model based on convolutional models and ConvLSTM models to predict SST. The authors conclude that according to the results of the study the ST-UNet model outperforms all conventional models such as CFCC-LSTM, the GRU Encoder Decoder network (GED), and the conventional U-Net model [18].



Xiao et al. (2019) applied a ConvLSTM model as the basic building block in their novel model to SST spatiotemporal satellite data from the South China Sea and the East China Sea. Their results indicate a significant increase in accuracy of the ConvLSTM model for SST predictions compared to Linear Support Vector Regression (Linear SVR), and two LSTM models with different configurations [19].



Hao et al. (2023) employed ConvLSTM and spatiotemporal ConvLSTM (ST-ConvLSTM) models derived from the ConvLSTM model [20] to investigate the SST prediction capabilities depending on the prediction length, hidden size of the layers, and the input length. According to their overall results, the ConvLSTM model seems to be less error prone than the ST-ConvLSTM model, for the most part, except for single time step prediction length [21]. It can be assumed therefore that the ConvLSTM model is the better of the two models.



Sequence decomposition can be considered as a highly successful path to take in time series modeling. Decomposition methods such as Empirical Wavelet Transform (EWT), Empirical Fourier Decomposition (EFD), and Empirical Mode Decomposition (EMD) are some of the tested methods of decomposition [22]. SST modeling and forecasting based on the EMD method has been tested in previous studies. According to these studies, the high accuracy in decomposition-aided SST modeling is undeniable compared to other instances without decomposition [23].



The Multidimensional EEMD (MEEMD) method is an EEMD-based method used for spatiotemporal data analysis. This method applies the EEMD method along the separate axes of the spatiotemporal data to create IMFs and residual functions [24]. While the method is successful, it was proven to be computationally extensive and therefore time consuming. The fast MEEMD method was introduced in its place. This method employs Principal Component Analysis (PCA) and Empirical Orthogonal Function (EOF) to eliminate data which are considered unnecessary or redundant. For this reason, the method is considered as a ‘lossy’ data compression method in contrast to its counterpart, which is ‘lossless’ data compression [25].



The MEEMD method has not been applied for SST modeling and forecasting in any of the previous studies, to the authors’ knowledge. The aim of this research is to fill this research gap by employing a considerably more efficient fast MEEMD method for SST modeling and forecasting in the Bay of Bengal located in the northern Indian Ocean.




2. Materials and Methods


2.1. Data Source


The National Oceanic and Atmospheric Administration (NOAA) Weekly Optimally Interpolated SST (WOISST) version 2.0 dataset will be employed for this study. This dataset is a 0.25° gridded, weekly mean dataset available from 1981, September. The dataset was created using satellite sensor data, ship, and buoy in-situ data combined [26]. For this study, data from 1981, September to 2023, March will be employed. The total dataset is a 2168-weeks-long spatiotemporal dataset of the study area. The data can be accessed at https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.highres.html (accessed on 27 March 2023).




2.2. Study Area


The selected study area is the Bay of Bengal located in the northern Indian Ocean, which is a politically, economically, environmentally, and scientifically significant region for the surrounding countries, including Sri Lanka, India, Bangladesh, Myanmar, and the Andaman and Nicobar Islands. SST variation-induced tropical cyclones and sea level rise have a significant impact on these countries. Heavy rains, floods, droughts, landslides, freshwater salinization, and coastal erosion are some of the major events that occur in the region due to SST variation. The below figure (Figure 1) represents the selected study area.




2.3. Data Extraction


The required spatiotemporal data for the study area will be extracted from the downloaded WOISST global dataset. The data within the spatial range 5°N–20°N and 80°E–95°E will be extracted in the Python 3.11 environment and saved. The dataset will be masked for the land area using a land mask that can be acquired from the NOAA.




2.4. Differencing, Train–Test Split and Normalizing Dataset


The spatiotemporal SST data will undergo a differencing process for 1–4 week lag values. This involves calculating the difference between the current (time step t) SST value and the lagged (time step t + lag) SST value. The following equation demonstrates this process.


    Differenced   SST   t   = SST   at   time   step   t + lag − SST   at   time   step   t  



(1)







The differenced dataset will be used for further analysis. The differenced dataset will then be split into training and testing sets, respectively. The train–test data split ratio will be decided from values in the range 0.5–0.8, such that there will not be any overfitting or underfitting in modeling. The matter of best fit of the model to the data is highly important in machine learning. A substandard fit might provide more error-prone predictions causing the model to fail. Thus, to select the best fit for the data a model can be trained on different train–test split ratios and can select the most probable value for the modeling [27,28].



The differenced data processing, modeling, prediction, and evaluation workflow after this step is illustrated in the following figure (Figure 2) for convenience.




2.5. Fast MEEMD Decomposition


The fast MEEMD method employs PCA and EOF to remove redundant or unnecessary data from the dataset. Hence, it can be considered as a ‘lossy’ data compression method. However, compared to the original MEEMD method, on which this method is based, the fast MEEMD method, as the name suggests, is less time consuming, and computationally less extensive [25].



The fast MEEMD method which will be employed here involves the use of Locally Linear Embedding (LLE). It could be considered as a series of Principal Components (PCs) distributed locally. Within that locale, the function attempts to preserve existing neighborhood distances. A local tangent space alignment algorithm had been used as the method of LLE [29].



The normalized dataset was decomposed using the fast MEEMD method. The fast MEEMD method divides the spatiotemporal SST data into several IMFs and a residual function. The process involves two steps. The first is the application of the LLE method with a local tangent space alignment algorithm to create PCs necessary for decomposition. The next part is applying a least square solution algorithm to the transformed dataset of the previous step. Here, least square solutions will be calculated for each pixel in the dataset. The matrix dot product of the LLE-transformed dataset and the calculated least square solutions can transform the data back to the scaled dataset. This was used in the inverse transformation process of the predictions [30].



Each training and testing set will undergo fast MEEMD decomposition independent from each other. Once the resulting IMFs and residual functions have been created, the moving window method will be employed to further split the datasets. This process is a proven method used in time series analysis to improve the prediction accuracy.



The EEMD method for fast MEEMD will be implemented using the PyEMD [31] library and the relevant LLE algorithm will be implemented by the Scikit-learn library [32]. The split datasets will be separated into sequence and prediction windows by the moving window method which divides a sequence to predict a certain length (prediction length-n) of prediction points in time by utilizing the previous consecutive set of known data point in time with a predetermined length (sequence length-m). The sequence length is set to be 4 times the prediction length according to the suggestion by [12] which has been justified by [3]. For example, to predict the 5th point in time, the data from 1st to 4th points will be utilized and to predict the 6th in time, data from 2nd to 5th will be used. The moving window method is a widely accepted and employed method in time series modeling [33]. It is efficient, able to handle big datasets easily, and most importantly uses less memory which is advantageous in RNN modeling.



Training and testing IMFs and residuals were split using the moving window method. This process splits an IMF into several steps of sequence length and corresponding prediction lengths. For example, a single training IMF sequence will split into two parts; train_IMF_X, and train_IMF_y, and a testing IMF will split into test_IMF_X and test_IMF_y. This is the case for residual functions as well.




2.6. Convolutional LSTM Modeling


For the model, the Convolutional LSTM model, which seems to be highly suitable for multidimensional modeling, was used [17,34]. The Convolutional LSTM model is a model created by extending the capabilities of the Fully Connected LSTM (FC-LSTM) algorithm in input-to-state and state-to-state transitions to adapt convolutional structure. Originally used for precipitation forecasting for a selected locality over a short time period, ConvLSTM models have been recognized as one of the finest models to apply in spatiotemporal big data modeling and forecasting [16]. Due to these reasons, the ConvLSTM layers will be employed as the base layers in modeling and forecasting SST multidimensional data.



The model’s configuration will be as given in Table 1. The model will be implemented using the Google Tensorflow 2.13 library in the Python 3.11 environment. The model will be compiled using the ‘Adam’ optimizer with a learning rate of 0.001 and the ‘logcosh’ loss function. Previous studies on comparison between different loss functions suggest that the ‘logcosh’ loss function is the function least influenced by prediction errors. The loss function is similar to MSE, but less error prone and more flexible [35]. Hence, it was employed in the model training. The training was implemented for 200 epochs with a validation split value of 0.1 and batch size of 32.



The ConvLSTM layer is created to make forecasts for a certain cell in a grid based on the inputs and past states of each local neighbor cell adjacent to the particular cell. Similar to LSTM cells, ConvLSTM cells contain an input gate, where the data are passed into the cell; an output gate, where the processed data are transferred out; and a forget gate, where the ConvLSTM cell removes past memory of the data. In addition, ConvLSTM cells contain a convolutional layer that can process grid data instead of only single cell data as normal LSTM cells do [16].



The model was trained on train_IMF_X and train_IMF_y data for each training IMF and residual function. The trained model can then be used to make predictions based on test_IMF_X data for each testing IMF and residual. Each prediction made here is comparable to test_IMF_y data. The sum of these predictions will reverse the decomposition, albeit with slight reconstruction errors.



The dot product of summed predictions and the least square solutions of the test dataset calculated earlier will reverse the data compression of the predicted dataset. The current state of SST will be added to the first time step prediction and the resulting value will be added to the next prediction. For example, in 2-weeks-ahead prediction, 1st week predictions will be added to this week’s true SST value, and the resulting value will be added to the 2nd week prediction. These can be compared against the true SST values to evaluate the model capabilities.




2.7. Performance Evaluation


The performance of the fast MEEMD–ConvLSTM model will be evaluated using the Mean Absolute Error (MAE) and RMSE accuracy metrics. These accuracy metrics are readily available in the Scikit-learn python library which will be employed in this study. The following equation indicates the accuracy metric calculations that will occur in the program.


  MAE =     1   n      ∑  i = 1   n     (   y   i   −     y   i    ^  )      



(2)






  RMSE =    1   n      ∑  i = 1   n           y   i   −     y   i    ^      2       



(3)








	
n—Total number of samples
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2.8. Linear Inverse Model (LIM)


The performance of the forecasts will be evaluated further by comparing the model capabilities against LIM. This model is a statistical linear model extensively used in climate and atmospheric sciences for time series forecasting [36,37]. In particular, this model has been used for seasonal to interannual SST and other ocean surface parameter modeling [38].



For the LIM model, the data have to be 2-dimensional, meaning the dataset should be of the shape, time steps * number of features. To accommodate this requirement, the training SST dataset was reshaped from (t, 60, 60) to the shape (t, 3600).



The LIM model can be augmented using EOF and regularization techniques. An EOF algorithm will implement a reduced space transformation to the dataset while the regularization technique attempts to regularize the linear model for generalization. The capabilities of these algorithms depend on several parameters; namely, the number of principal components, and the regularization strength. The values for these parameters can be decided according to the model prediction capabilities [31,32,33]. These two algorithms have been applied to the differenced SST dataset. Then, the transformed data can be fitted to the model.



LIM models can be configured to accommodate different time lags. For this study, the default time lag of 1 was employed. The dataset will be divided into 2 parts X and Y. The X dataset will include all SST data except the last time step, and Y dataset will include all SST data except the first time step. The two datasets will then be used to calculate the linear operator of the LIM using the least square method. The calculated linear operator can be used to make predictions into the future for different prediction lengths.



The predictions made using the linear operator will be decompressed using the inverse transformation method. The resulting array will be reshaped back to a 3-dimensional dataset. This can be directly compared against the true SST values to evaluate the prediction errors made by the LIM model.




2.9. ConvLSTM Model


The ConvLSTM model implemented at this step is similar to the model implemented with the fast MEEMD method. The difference is that here the data preprocessing includes only the lagged time series differencing step and no fast MEEMD decomposition step. Hence, the prediction results of this model can be compared against the fast MEEMD-based ConvLSTM model to evaluate the fast MEEMD method’s capabilities.





3. Results


3.1. Extracted Data


The SST spatiotemporal data of the study were extracted from the global WOISST dataset and saved as an Excel workbook. Each sheet of the workbook contained 1 week’s worth of data for the entire study area. So, for an entire time length of 2202 weeks, there was an equivalent number of sheets in the saved workbook. A saved instance of the time series was visualized, as Figure 3 indicates.




3.2. Decomposition of the Normalized Training and Testing Datasets


The extracted SST dataset was differenced to create the dataset that will be used for further analysis. The original SST dataset was saved as a trend dataset which can be added to the differenced dataset to create the original SST dataset. The differenced data were split into training and testing in a ratio value of 0.6. This ratio was decided according to the training and validation curves of modeling in the experiment. To model the data with an ideal fit, the train–test split ratio was determined to be the aforementioned value. The validation and training loss for split ratio values 0.6 and 0.7 is illustrated in Figure 4.



Generally, the validation loss of a trained model must be lower than the training loss. Otherwise, it is considered as an overfitting case. The model fits greatly to the training data, including the noise in the training dataset. However, introducing new data to the model will result in lower accuracy resulting in unreliable predictions. In this case the validation loss will be higher than the training loss [27].



The other case is underfitting; the model does not fit the training data as it should. This model might not be able to fully capture the trends and patterns in the time series. This case lowers the model accuracy due to the low amount of training data it had been exposed to. Thus, an ideal fit needs to be selected [27]. For this purpose, comparison between training loss and validation loss curves can be employed as given in the figure below. In this case, the ideal fit is through using train–test split ratio 0.6.



This value is not exact for every dataset. Generally, it was said that 0.8 is a good value for the train–test split ratio [39]. However, it is accepted that this value can range anywhere between 0.5 and 0.9. The deciding factor is that the validation loss does not exceed the training loss while retaining a high model performance [27,28].



The resulting training and testing datasets were then normalized using the standard scaling method proposed above. Afterwards, each normalized dataset was decomposed using the fast MEEMD method independent from each other. The algorithm was limited to create only five IMFs for each pixel to proceed with same number of IMFs for each pixel (parameter ‘max_imfs’ of EEMD initialization was set to four). Otherwise, there would be 4–5 IMFs for each pixel and the process would be hindered by inequivalent number of IMFs. The resulting IMFs and residual functions were visualized as given in Figure 5.



The small number of IMFs in spatiotemporal SST data decomposition compared to only temporal SST data decomposition might be due to the need to create IMFs for an entire region, instead of one small pixel. The small number of IMFs is advantageous, because the computational time for decomposition is lessened. Consequently, the model training becomes faster.



Once the IMFs and residual functions for each training and testing dataset have been created, each training and testing IMF and residual function was divided using the moving window method. This split dataset was used for model training.




3.3. ConvLSTM Modeling


The training dataset IMFs and residual functions that were split using the moving window method were used to train the model. Once trained, the model was used to make predictions using the testing dataset IMFs and residual functions that were also split through the moving window method.



The predicted results underwent inverse transformative techniques to convert the obtained prediction results back to the level of values of the original SST. For this, the addition of predicted IMFs and residual data was undertaken at first. Finally, the trend data were added to the result to create the final prediction result. This dataset is compared against the original SST test data to evaluate the performance of the model.


  Predicted     SST   t + lag   =   Predicted   differenced   SST   t + lag   + SST   at   time   step   t  



(4)







The model results indicate a highly successful prediction result for 1–4-weeks-ahead predictions as illustrated in Figure 6. It indicates the R-squared and RMSE accuracy metrics of the prediction results. As illustrated, the prediction accuracy of the fast MEEMD-based ConvLSTM model is in the range of 0.24 < MAE < 0.94 °C and 0.31 < RMSE < 1.2 °C performance metric values. Consideration of spatial characteristics seems to be advantageous according to the results.




3.4. Performance Analysis


While the model performance is comparatively higher in most of the study area, there are certain areas with somewhat higher errors. These areas are spatially located nearer to the coastal areas where the ocean dynamics are considerably more chaotic than the deep-water areas. With the shallow water level, highly unpredictable ocean waves, river freshwater discharge, ocean currents, and other factors, SST near shallow coastal areas varies more than in deep sea areas. This might be one of the reasons why the model shows a higher rate of errors in these areas compared to others. In addition, precipitation and wind have a significant impact on the SST variability in the study area [41].



There exists an abnormally high error area in the area near the Andaman and Nicobar Islands (near 10°N, 90°E). According to the study on Marine Heat Waves in the Bay of Bengal [42], a major Marine Heat Wave in May–July 2016 had been discovered in this area while observing spatiotemporal SST data.



Considering the factors that may have had an influence on SST prediction accuracy, it was assumed that this abnormal SST variation could have had an effect on the prediction capability of the model. To test this, we trained and tested the model for SST datasets before 2016. The results are illustrated below (Figure 7 and Figure 8). According to the results, it is safe to assume that there seems to be a slight effect of MHW on the SST prediction capabilities of the model. However, the data removal at this step seems to have had adverse effects on the model capabilities resulting in somewhat higher errors in other regions.




3.5. LIM and ConvLSTM Predictions


The ConvLSTM predictions made for the SST dataset in this study are of comparably lower performance with higher errors. As can be seen in the figure below, there is an increase in accuracy from ConvLSTM models to the new model. However, for the EOF and Lasso regression-applied LIM model, the prediction performance is higher compared to the capabilities of the fast MEEMD–ConvLSTM model, at least for short-term predictions. For longer prediction lengths (4 weeks), the fast MEEMD–ConvLSTM model surpassed both of the other models. The following figure (Figure 9) represents the mean RMSE and MAE variation of the three models for 1–4 weeks ahead predictions.



With lower RMSE and MAE values in comparison to the ConvLSTM predictions without the fast MEEMD method, the fast MEEMD–ConvLSTM model displays a higher success rate in enhancing a model’s capabilities. However, the EOF and Lasso regression-applied LIM model performs better in short-term predictions than the fast MEEMD–ConvLSTM model.



Once the model capabilities had been determined sufficiently, the created model was applied to SST data to predict future SST beyond the dataset used in the study. To do this, the model trained in the previous step was used. SST data from 26th March 2023 to 23th April 2023 were used to make predictions for the time period from 23th April 2023 to 14th May 2023. The SST dataset used to make the prediction (26th March–23th April SST dataset) was preprocessed through the same procedure as before. The only difference is that there is no train–test data split as this is a purely predictive process.



Once the data have been preprocessed through the fast MEEMD method, each IMF and residual function is used to make predictions using the previously trained model. Once predictions are made they are inverse transformed back to the original SST value range using the same transformative techniques discussed before. The predicted SST can then be mapped and compared with the true SST values.



As illustrated in Figure 10, the predictions made by the model for the time period from 23th April to 21th May 2023 is slightly different to the true SST values observed in the study area that increases with the prediction length. Due to the comparably low errors of the true and predicted SST, it can be determined that the fast MEEMD method is capable of improving the SST predictions of a model.



The results of SST image series prediction indicate the capability of MEEMD-based models to achieve significant success in multidimensional SST time series modeling. Therefore, it can be recommended for data-driven spatiotemporal SST modeling and forecasting tasks. For time sensitive tasks, fast MEEMD can be recommended. However, for tasks that value accuracy over speed, the MEEMD method must be employed. The reason for this is that the lossy compression employed in fast MEEMD would remove data that it deems unnecessary or redundant.





4. Conclusions


The fast MEEMD method has proven to be a better data preprocessing method capable of enhancing the model’s performance. As proven in this study, fast MEEMD-applied ConvLSTM model predictions surpassed the ConvLSTM model predictions used without it. It can be recommended for data-driven spatiotemporal SST modeling, interpolation, and short-term extrapolation tasks. For time sensitive tasks, fast MEEMD can be recommended. The only disadvantage of the fast MEEMD method seems to be its lossy compression method which would remove data that it deems unnecessary or redundant. However, this seems to have worked in favor for this particular study due to the high success rate. The removal of chaotic SST spikes in the time series seems to have made the predictions more accurate than the previous models.
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Figure 1. Study area. 
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Figure 2. Normalized SST data processing workflow. 
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Figure 3. SST Variation at a single random instance. 
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Figure 4. Experimenting the optimal train–test split ratio: the figure represents training (blue) and validation (red) errors of two experiments in train–test ratio split modeling. Generally, the validation error should be lower than the training error in modeling. This allows a model to avoid overfitting to the training data and underfitting to the testing data. This way the model will make more reliable predictions. 
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Figure 5. Fast MEEMD decomposed IMFs and residual functions visualized for the training (left) and testing (right) sets, respectively. The figure represents the SST dataset after preprocessing steps. The sum of all the IMFs and residual functions should, theoretically, create the exact same normalized SST time series as the original normalized SST time series it was generated from. However, in application there exists a small error called the reconstruction error [40]. This error is mostly negligible. 
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Figure 6. Fast MEEMD–ConvLSTM model prediction accuracy metrics for different prediction lengths are illustrated in this figure. The model prediction performance metrics MAE ranges from 0.24–0.94 and RMSE ranges from 0.31–1.2 for 1–4-weeks-ahead prediction lengths. 






Figure 6. Fast MEEMD–ConvLSTM model prediction accuracy metrics for different prediction lengths are illustrated in this figure. The model prediction performance metrics MAE ranges from 0.24–0.94 and RMSE ranges from 0.31–1.2 for 1–4-weeks-ahead prediction lengths.



[image: Remotesensing 16 02468 g006]







[image: Remotesensing 16 02468 g007] 





Figure 7. MAE of SST predictions before 2016 shows that the prediction performance near the Andaman and Nicobar Islands (near 10°N, 90°E) is slightly higher compared to the prediction performance that includes MHWs near this location. However, the removal of data from 2016–2023 seems to have an adverse effect on the model performance. 
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Figure 8. RMSE error metric for SST predictions before 2016 indicates a lower error near the Andaman and Nicobar Islands (near 10°N, 90°E) compared to SST prediction capabilities that include the 2016 MHW near the area. As before, the removal of data for 2016–2023 period seems to have an adverse effect on the model capabilities, resulting in higher errors in some other areas. 
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Figure 9. SST Prediction MAE (left) and RMSE (right) mean value comparison between different models is indicated in the figure. The fast MEEMD-based model has lower error compared to the ConvLSTM model without fast MEEMD decomposition. However, the EOF and Lasso regression-employed LIM model performed better for 1–3-weeks-ahead predictions. For 4-weeks-lead prediction the fast MEEMD–ConvLSTM model performed better than both of the other models. 
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Figure 10. SST prediction vs true for the time period from 23th April 2023 to 21th May 2023 period. For all predictions the true and predicted values have slight variations that increase over prediction length. 
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Table 1. ConvLSTM model parameter setting.
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	Layer
	Hyperparameters
	Output Shape





	ConvLSTM
	Layers-128, kernel size-3, Dropout-0.8
	(None, m, 20, 32)



	Dense
	Layers-1
	(None, 20, n)



	Permute
	Layers-1
	(None, 1, 20)
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