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A B S T R A C T   

With the advancement of technology, ocean observation techniques have become increasingly prevalent in 
estimating marine variables such as Sea Surface Temperature (SST). This progress has led to a substantial surge in 
the volume of marine data. Presently, the abundance of available data presents a remarkable opportunity for 
training predictive models. The prediction of SST poses a challenge due to its temporal-dependent structure and 
multi-level seasonality. In this study, we propose a deep learning approach that combines the Bidirectional Long 
Short-Term Memory (BiLSTM) model with the attention mechanism to forecast SST. By leveraging the BiLSTM’s 
ability to effectively capture long-term dependencies through both forward and backward LSTM processing, the 
attention mechanism accentuates salient features, thereby enhancing the model’s evaluation accuracy. 

To evaluate the effectiveness of the Attention-BiLSTM model in predicting SST, we conducted a case study in 
the Moroccan Sea, focusing on four distinct regions. We compared the performance of the Attention-BiLSTM 
model against alternative models such as LSTM, Attention-BiGRU, XGBoost, Random Forest (RF), Support 
Vector Regression (SVR), and Transformers in forecasting the SST time series. 

The experimental results unequivocally demonstrate that the Attention-BiLSTM model achieves significantly 
superior prediction outcomes and is a good candidate for deployment in the field.   

1. Introduction 

Over the past two decades, satellite instruments and in situ obser
vations, including marine stations, buoys, and voluntary observing 
ships, have provided valuable measurements of the physical character
istics of the ocean surface. These observations, despite their varying 
spatial and temporal sampling and measurement techniques, have 
become indispensable for understanding ocean dynamics. Notably, the 
use of altimetry data to study dynamic ocean topography has signifi
cantly advanced our comprehension of medium- to large-scale ocean 
variability (over 100–200 km) (Wang et al., 2022). 

Sea Surface Temperature (SST) is a complex ocean parameter with 
significant implications for climate and marine ecosystems. Analyzing 
SST enables the management of marine ecosystems, as it provides in
sights into ocean conditions and climatic dynamics (Xuan et al., 2020). 
Accurate prediction of SST is of utmost importance, ranging from short- 

term to long-term forecasts. These predictions aid decision-making 
processes related to tasks such as fisheries resource distribution and 
marine environmental protection. Consequently, SST prediction plays a 
critical role in various domains, including marine fisheries, weather 
forecasting, marine animal tracking, and ship path planning. 

Recent literature has witnessed an active research focus on SST 
prediction. This field involves generating future SST values in advance 
using predictive models with different time horizons (e.g., minutes, 
hours). However, SST data is often incomplete and structured as a time 
series, featuring complex or irrelevant coupling mechanisms and spatio- 
temporal relationships. These characteristics pose challenges to tradi
tional data analysis approaches. To overcome these limitations, re
searchers have developed Machine Learning (ML) and Deep Learning 
(DL) models, which have demonstrated greater robustness and accuracy. 

DL methods, such as Recurrent Neural Networks (RNNs), have been 
employed in previous studies to predict SST time series. Long Short- 
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Term Memory (LSTM), a type of RNN, is particularly popular due to its 
ability to retain information over long periods of time. Numerous vari
ations of LSTM have been proposed to enhance prediction performance 
by leveraging historical data to predict SST (Kun et al., 2021; Fei et al., 
2022). The attention mechanism assigns weights to historical data, 
enhancing the utilization of historical temporal information. However, 
these versions of LSTM process sequences in one direction, limiting their 
ability to utilize future information. 

To address this limitation, a Bidirectional Long Short-Term Memory 
neural network (BiLSTM) was developed, which consists of two LSTM 
models operating in both backward (future to past) and forward (past to 
future) directions. This architecture combines the advantages of 
sequential data processing and the long-term memory capabilities of 
both forward and backward LSTMs (Nie et al., 2021). 

This paper proposes an attention-biLSTM model that effectively 
captures the relationships between historical and future SST values by 
employing a robust attention mechanism. The combination of attention 
and BiLSTM has demonstrated its effectiveness in similar time series 
prediction tasks in some previous works (Ahmed et al., 2022; Lee et al., 
2022; Yang and Wang, 2022; Ma et al., 2020). Previous studies on 

marine data in Morocco have primarily focused on forecasting seasonal 
precipitation (Tuel and Eltahir, 2018). To the best of our knowledge, this 
is the first attempt to utilize the BiLSTM with an attention mechanism 
model for SST prediction in marine data, specifically in the context of 
Morocco. The main contributions of this paper are:  

• The use of BiLSTM with optimal hyperparameters using K-fold cross- 
validation captures good temporal patterns in SST time series 
forecasting.  
• The use of the attention mechanism allows BiLSTM to focus on 

relevant temporal patterns and enhances its ability to capture com
plex relationships within time series data. Potentially, it improves 
forecasting accuracy and provides valuable interpretability for SST 
time series data.  
• A series of experiments in four Moroccan cities were conducted to 

evaluate the proposed model. Also, the attention-BiLSTM model was 
compared to other recurrent neural networks, traditional machine 
learning models, a gradient boosting model, and the recent deep 
learning model. In all experiments, the proposed model showed the 
highest prediction results. 
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Fig. 1. Taxonomy of SST prediction models.  
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The remainder of this paper is organized as follows. Section 2 pro
vides a review of relevant literature on the time series prediction of SST. 
Section 3 introduces the proposed BiLSTM with an attention method for 
SST prediction. Section 4 describes the study area and presents the 
experimental results. Finally, Section 5 concludes the paper. 

2. Related work 

The prediction methods of SST can be roughly divided into two 
types: numerical methods and data-driven methods, where data-driven 
models can be further categorized into statistical models, machine 
learning models, and deep learning models. Data-driven methods 
encompass various statistical and artificial intelligence techniques, 
including ML methods (Ali et al., 2021). In contrast to numerical models, 
data-driven approaches require more data but less prior knowledge, 
resulting in improved prediction accuracy. Fig. 1 presents the taxonomy 
of SST prediction models. 

2.1. Numerical methods 

Real-time forecasts of SST are provided by many agencies around the 
world, namely the European Centre for Medium-Range Weather Fore
casts (ECMWF) and the Command National Centers for Environmental 
Prediction (NCEP). These methods of SST prediction consist of modeling 
the physical environment parameters based on kinetic and thermody
namic equations (Xie et al., 2019). They are widely used in large seas. 
Many authors have used coupled General Circulation Models (GCMs) to 
predict SST over a basin. Krishnamurti et al. (2006) used thirteen state- 
of-the-art coupled global atmosphere-ocean models to predict seasonal 
global SST anomalies. 

Besides, the Integrated Forecast System (IFS) is used by ECMWF and 
the Global Forecast System (GFS) by NCEP, respectively. The IFS fore
casts the SST of the following 10–15 days while the NCEP forecasts the 
SST of the following 380 h (Aparna et al., 2018). 

2.2. Data-driven methods 

Data-driven prediction methods use statistical methods to predict 
SST. This kind of method requires a large amount of data but less 
knowledge of the oceans and atmosphere due to its capability to learn 
patterns from historical data automatically and further use the learned 
patterns to predict future values of SST. This category of methods in
cludes artificial intelligence, namely machine learning and deep 

learning models. They outperform highly complex computations with 
excellent time series prediction results (Shi et al., 2022). 

2.2.1. Statistical methods 
Statistical methods learn from historical data to predict SST. They 

range from simple regression, such as linear regression, to complex 
methods like the Markov model (Xue and Leetmaa, 2000). Autore
gressive Integrated Moving Average (ARIMA), which is a Regression 
model, has been widely used for SST predictions due to its simplicity, 
adaptability, and the Box and Jenkins methodology (de Mattos et al., 
2022). The latter is used to provide a well-established design process for 
linear patterns. 

2.2.2. Machine Learning methods 
With the continuous development of technology, ML models have 

been efficiently used as an alternative to statistical methods for different 
tasks due to their nonlinearity, performance, and flexibility. They have 
shown an important capacity and great potential to predict the param
eters of the ocean and weather. Among these models are Support Vector 
Machines (SVM) and XGBoost. The latter is an option to describe SST’s 
characteristics, which are complex temporal-dependence structure and 
multi-level seasonality (Wolff et al., 2020). Meanwhile, SVM constructs 
a set in a high-dimensional space that can be used in regression task 
(Hou et al., 2022). For example, Lins et al. (2013) proposed an SVM 
combined with multi-linear regression (MR) to predict SST over the 
Northeastern Brazilian Coast and the tropical Atlantic. 

Besides, the Support Vector Regression (SVR) model achieves a 
satisfactory result in predicting SST. Basically, these ML models 
outperform the numerical models in terms of accuracy and simplicity 
(Lee et al., 2016; Rehana, 2019). However, these kinds of models are not 
able to properly model nonlinear patterns in temporal phenomena. 

2.2.3. Deep Learning methods 
As ML models, Deep Learning models have recently experienced 

rapid development due to their ability to model complex relationships 
by extracting features from hidden data. They are widely used in many 
applications, such as time series prediction tasks. Choi et al. (2022) 
proposed a new hybrid method to enhance the accuracy of a real-time 
ocean forecasting system by combining a deep Generative Inpainting 
Network (GIN) and a numerical ocean model. The most exciting studies 
specifically focused on temperature-related tasks using CNNs have been 
those that employed satellite data. Since the prediction of SST is basi
cally a time series problem, the use of the LSTM architecture is common 

Fig. 2. Flowchart of our proposed approach.  
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for this task. Xiao et al. (2019) used a combination of CNN and LSTM, 
which is a spatio-temporal deep learning model, to forecast SST. The 
proposed model used satellite data, rain gauge data, and thermal 
infrared images. To extract spatial features, the CNN model was used for 
this objective, meanwhile, the LSTM model aims to handle the time 
dependencies of the provided data. Results show that the CNN-LSTM 
model outperforms comparative models, such as CNN, LSTM, and 
MLP. They had relatively accurate prediction results for the short-term 
and mid-term daily forecast of SST (Sit et al., 2020). The MLP was 
exploited by Wolff et al. (2020) to predict the short and long-term 
evolution of the SST. The algorithm was able to forecast SST with 
hindcast input and atmospheric data comparable to a state-of-the-art 
physics-based model simulation from the European Center for Medium 
Weather Forecasting. 

Zheng et al. Zheng et al. (2020) proposed a model combining Deep 
Neural Network (DNN) and bias correction maps. DNN is composed of 
four stacked composite layers. Each layer processes SST maps at 
different resolutions to analyze systems at multiple scales simulta
neously. The forecast results were validated by satellite observations in 
the eastern equatorial Pacific Ocean. Zhang et al. Zhang et al. (2021) 
designed a new Memory Graph Convolutional Network (MGCN) that 
captures spatio-temporal changes of SST. MGCN consists of two layers: 
the memory layer and the graph layer. The first layer encodes temporal 
changes using gate linear units and convolution units. Whereas, the 
second layer captures spatial changes in the frequency domain using 
Laplacian. More recently, Qiao et al. Qiao et al. (2023) suggested an 
ensemble learning method that combines a spatio-temporal deep 
learning network with the attention mechanism. The authors used the 
XGBoost algorithm to extract seasonal periodic features from SST data. 
Then, they extracted spatio-temporal features using PredRNN 

(Predictive Recurrent Neural Network). Finally, they added an attention 
mechanism to extract the important patterns in historical SST data and 
further improve the prediction accuracy. All these studies have shown 
that deep learning techniques have the advantages of strong nonlinear 
mapping and multidimensional information processing. 

3. Methodology 

The suggested pipeline for predicting future SST values is shown in 
Fig. 2. The approach consists of two major phases: data preparation and 
network training. First, we select the study region in which the SST 
values will be predicted. The data represents a time series that may 
encounter several problems, such as missing values (or timestamps), and 
outliers. For that, a preprocessing step is required to handle these 
problems. Moreover, we normalize time series data to improve the 
training stability as well as the performance of the Attention-BiLSTM 
network. Then, the processed time series data is split into training and 
testing sets. Second, we establish the Attention-BiLSTM model to 
perform accurate time series prediction. Finally, the best model with the 
optimized hyperparameters is saved for further use. 

3.1. Study area and data 

Morocco is the northwesternmost country in Africa. Its sea surface 
spans the Mediterranean Sea and the Atlantic Ocean on the north and 
the west, respectively. In this work, SST value prediction was carried out 
in four different Moroccan cities: Tangier, Agadir, Casablanca, and 
Kariat Arkmane. As shown in Fig. 3, the choice of these cities is based on 
their location relative to the sea. Agadir is located on the shore of the 
Atlantic Ocean near the foot of the Atlas Mountains. Casablanca is the 

Fig. 3. The selected Moroccan cities.  
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largest city in Morocco. It is located on the Atlantic coast of the Chaouia 
Plain, in the central-western part of Morocco. Kariat Arekmane is a 
coastal town in Morocco, in the Oriental region. It is located in the Nador 
province, 25 km from the city of Nador. Kariat Arekmane is served by 
the Mediterranean Ring Road, which crosses it. Tangier is a city in 
northwestern Morocco. The Atlantic Ocean meets the Mediterranean Sea 
on the coast at the western entrance to the Strait of Gibraltar. Table 1 
depicts the GPS coordinates of each selected city in the study area. 

The measurements of the SST are provided by the daily satellite 
readings provided by the National Oceanic and Atmospheric Adminis
tration (NOAA) from January 01, 2012, to August 24, 2022. Table 2 
summarizes statistics related to SST data, including measures of the 
mean, standard deviation, and specific extreme values such as minimum 
and maximum temperature. The choice of these four cities also depends 
on statistics, which are similar in most cities. In deep learning, using 
data with similar statistics can help in building models that generalize 
well. Models tend to perform better when applied to new, unseen data 
that follows the same distribution. Moreover, similar statistics can be 
beneficial when splitting data into training and testing sets. It ensures 
that both sets have comparable statistical properties, which helps in 
creating reliable models and assessing their performance accurately. 

3.2. Data preprocessing 

Predictive models for time series require clean and complete data 
without outliers or missing values. Therefore, it is crucial to apply 
appropriate preprocessing techniques before utilizing these models. In 
this study, we employed standard preprocessing methods to enhance the 
quality of the data, including conventional imputation for handling 
missing values. 

Furthermore, it is essential to normalize the time series data due to 
its varying measurement scales. Deep learning methods aim to map 
input data to output across all samples in the training set. The model 
initializes the weights randomly and updates them using optimization 
techniques like Stochastic Gradient Descent (SGD) or Root Mean Square 
Propagation (RMSProp). The initial weights and the error calculated 
between the predicted and actual values emphasize the significance of 
scaling both the input and output. Failure to scale the time series data 
appropriately in prediction problems can lead to an unstable learning 
process. 

To handle this problem, we perform a min-max normalization 
technique to transform time series data in the range (0,1). Equation1 
depicts the feature scaling formula: 

xscaled =
x − xmin

xmax − xmin
(1) 

Where x represents the origin value, xmin and xmax are the lowest and 
highest values, respectively. 

3.3. Data splitting 

The time series data used in this study spans a period of 11 years, 
specifically from January 1, 2012, to August 24, 2022, encompassing a 
total of 3889 days. To divide the dataset into training and testing sets, 
the data from January 1, 2012, to December 31, 2021 (a total of 3653 
days) is allocated for training purposes. The remaining data, consisting 
of 236 days, is reserved for testing the model’s performance. 

For a visual representation of the data distribution across the study 
area, please refer to Fig. 4. This figure illustrates the training and testing 
data for each region within the study area. 

3.4. Bidirectional Long Short-Term Memory (BiLSTM) 

Long Short-Term Memory (LSTM) is a specialized type of Recurrent 
Neural Network (RNN) that incorporates Long Short-Term Memory 
units. These units were introduced by Hochreiter and Schmidhuber, 
German researchers, as a solution to the vanishing gradient problem 
(Hochreiter and Schmidhuber, 1997). LSTMs have proven to be highly 
effective across a wide range of problem domains and are now widely 
utilized in various applications. 

LSTMs consist of memory blocks, which contain memory cells with 
self-connections. These cells retain the temporal state of the network. 
Additionally, LSTMs incorporate multiplicative units called gates, which 
enable the storage, retrieval, and modification of information within the 
cells. Each cell autonomously determines which information to store and 
controls the opening and closing of gates for reading, writing, and 
resetting. The gates operate in a binary manner, with two states: open 
and closed. However, these gates are implemented using element-wise 
multiplication by the sigmoid function, which restricts their values to 
the range of 0 to 1. This analog implementation enables differentiability 
and facilitates the backpropagation algorithm. The gates process the 
signals they receive, selectively allowing or blocking information based 
on its relevance and importance, which is determined by their respective 
weights. These weights are adjusted during the recurrent network 
learning process, modulating the input and hidden states of the LSTM. 

First, the LSTM unit relies on deciding what information seems 
important to keep. The decision is made by the forget layer, which looks 
at xt and ht− 1, then outputs a value between 0 and 1 in the cell state ct− 1 
using a sigmoid function. 

ft = σ
(
wf ⋅xt + uf ⋅ht− 1+ bf

)
(2) 

Second, the LSTM unit selects the new information that should be 
stored in the cell state. The input gate layer it decides which values will 
be updated using the sigmoid function. Then, a tanh function creates a 
vector of new candidate values ̃c that could be added to the state. 

it = σ(wi⋅xt + ui⋅ht− 1+ bi) (3)  

c̃t = tanh(wc⋅xt + uc⋅ht− 1+ bc) (4) 

Third, the old state ct− 1 is updated into the new cell state ct. 

ct = ft⋅ct− 1+ it ⋅̃ct (5) 

Finally, the output gate ot decides the amount of memory content to 
yield to the next hidden state. 

ot = σ(wo⋅xt + uo⋅ht− 1+ bo) (6)  

ht = ot⋅tanh(ct) (7) 

Where (⋅) is the inner products, w(), and u() are the weights, and b() is 
the bias. 

As shown in Fig. 5, BiLSTM represents an amelioration of the LSTM 
model that contains two separate LSTM networks: backward and for
ward (Graves and Schmidhuber, 2005; Graves et al., 2005). The forward 
hidden state is calculated by Eq. (8): 

Table 1 
GPS coordinates of the study area.  

Region Coordinates 

Tangier 36.25026152534847, − 5.977397294819712 
Agadir 31.14608750019331, − 9.66901533235119 
Casablanca 33.97723556735074, − 7.843945740762594 
Kariat Arkmane 35.12039529923372, − 2.734379316487201  

Table 2 
Summary statistics of SST data.  

Region Mean Warmest Coldest STD 

Tangier 18.360108 24.19 14.62 2.266212 
Agadir 18.349655 22.77 14.54 1.692106 
Casablanca 19.106891 24.17 14.79 2.373244 
Kariat Arkmane 19.549607 27.63 13.76 3.709784  

N. Zrira et al.                                                                                                                                                                                                                                    



Journal of Sea Research 198 (2024) 102472

6

h←= ot⋅tanh(ct) (8) 

Where: ot represents the output gate and ct represents the cell state. 
Similarly, the backward hidden state h← is calculated to the forward 

layer. Both layers are concatenated and fed forward to the next layer. 
BiLSTM ensures the integration of the past and future information for 
each point. In Eq. (9) element-wise sum is used to concatenate the for
ward and backward pass outputs. 
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ht = ht
←
⊕ ht
→ (9) 

Finally, an activation function is applied to the hidden state ht in 
order to generate the final output yt. Table 3 gives more explanation 
about all parameters of the BiLSTM equations. 

3.5. Attention mechanism 

The attention mechanism of humans leads us to selectively focus on 
the important information required and ignore other visible information 
that seems irrelevant (Niu et al., 2021). Nowadays, attention is exten
sively applied to computer vision (Wang and Tax, 2016), natural lan
guage processing (Galassi et al., 2020), machine translation (Bahdanau 
et al., 2014; Luong et al., 2015), time series prediction (Noor et al., 
2022), and other fields (Yang et al., 2016; Wang et al., 2016). 

The attention mechanism helps models to provide an ability to focus 
only on crucial features from all the data. Deep Learning adopted the 
attention mechanism in time series models to improve the accuracy of 
predicting. 

The proposed approach adds an attention layer after three BiLSTM 
layers. The output of the last BiLSTM layer represents the input of the 
attention layer that will assign more weights to SST features that seem 
important in predicting. At this stage, the approach computes the 
probability according to the weight distribution. Then, it updates and 
optimizes weight parameters at each iteration during training. The 
attention mechanism can be expressed by the following formulas 
(10,11,12): 

At = v tanh(wht + b) (10)  

αt =
exp(At)

∑i

j=1
Aj

(11)  

Ot =
∑i

t=1
αtht (12) 

Where:  

• At: represents the attention probability distribution;  
• v and w: represent the weight coefficients;  
• b: represents the bias coefficient; 

· · · −1 +1 · · ·

←ℎ−−−1
←ℎ− ←ℎ−+−1

−ℎ−→−1
→−ℎ −ℎ−→+1

Outputs

Backward Layer

Forward Layer

Inputs · · · −1 +1 · · ·
Fig. 5. BiLSTM architecture.  

Table 3 
Explanation of BiLSTM parameters.  

Parameter Explanation 

xt The input vector at time t (i.e., SST time series) 
ft The output of the forget gate 
it The output of the input gate 
c̃t The vector of candidate values that should be added to the cell state 
ct The new cell state 
ot The output of the output gate 
ht The hidden state at time t 
yt The final predicted output at time t  

Fig. 6. Attention-BiLSTM architecture.  
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• Ot : represents the attention layer output at time t. 

To select the number of layers and neurons in our model, we per
formed a k-fold cross-validation (5 fold), which plays a crucial role in 
assessing model performance, tuning hyperparameters, and evaluating 
generalization ability. This technique involves systematically exploring 
various architectures and hyperparameters to find the best combination. 
The best architecture of the Attention-BiLSTM model is depicted in 
Fig. 6, which comprises several layers. It begins with an input layer, 
followed by three bidirectional LSTM layers, two dropout layers, an 
attention layer, and a dense layer. The input layer has a shape of 
(3593,60,1), where 3593 represents the training data and 60 represents 
the number of time steps. Determining the optimal number of time steps 
in neural networks, particularly for LSTM models, is not straightfor
ward. Therefore, we conducted several experiments using RMSE and R2 

metrics to identify the most suitable value. 
Each bidirectional LSTM layer consists of 128, 128, and 64 units, 

respectively. Dropout layers are employed to mitigate overfitting. In our 
experiments, LSTM units were randomly deactivated during training, 
with a dropout rate of 20%. 

The weight kernel was initialized using Glorot uniform (Glorot and 
Bengio, 2010) to prevent the activation outputs of the layers from 
experiencing gradient explosion or vanishing during the forward pass. 

4. Experimental results 

In this section, we deploy qualitative and quantitative results to 
demonstrate the efficiency of the Attention-BiLSTM on SST value pre
dicting. First, we introduce a brief description of evaluation metrics as 
well as the experimental parameter settings, and then we compare the 
performance of Attention-BiLSTM with the standard LSTM, Trans
formers, and other forecasting methods. 

4.1. Evaluation metrics 

To analyze and select the best-performing models, the most common 
evaluation metrics used in time series predicting are adopted. Given x 
the actual observation, y the predicted observation, and N the total 
number of testing set, the evaluation criteria are computed based on the 
following eqs. 

A Mean Absolute Error (MAE) represents the average of absolute 
errors of prediction for a set of observations and predictions. 

MAE =
1
N

∑N

i=1
∣xi − yi∣ (13) 

A Mean Absolute Percentage Error (MAPE) represents the mean 
absolute percentage error. 

MAPE =
1
N

∑N

i=1
∣
xi − yi

xi
∣ (14) 

A Root Mean Squared Error (RMSE) is calculated as the root mean 
square error. The RMSE is very used for numerical predictions. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
|xi − yi|

2

√
√
√
√ (15) 

R-squared (R2) (also called the coefficient of determination) is more 
informative than MAE, MAPE, and RMSE metrics. R2 is the proportion of 
the variance for a dependent variable that’s explained by an indepen
dent variable. 

R2 = 1 −

∑N

i=1
|xi − yi|

2

∑N

i=1
|xi − xi|

2
(16) 

Where xi represents the mean of x observations. 

4.2. Experiment settings 

The network development for this study was conducted in Google 
Colab, utilizing TensorFlow, Keras, and the Attention frameworks. The 
training and testing phases were executed on GPUs T4 and P100 within 
the same Python 3.5 programming environment. 

Attention-BiLSTM is trained for approximately 150 epochs, utilizing 
an early stopping technique to prevent overfitting. If the loss function 
(Mean Squared Error) does not improve after 10 epochs, the learning 
rate is reduced. The optimization of the model is conducted using the 
Adam technique Kingma and Ba (2014) with a mini-batch size of 32. The 
initial learning rate is set to 10− 4. 

For deep learning methods, i.e., the Attention-BiLSTM, the Attention- 
BiGRU, and Transformers, the hyperparameters used during training are 
presented in Table 4. These hyperparameters include the number of 
LSTM/GRU units, the dropout rate, the learning rate, and the batch size. 
These hyperparameters were selected based on experimentation and 
fine-tuning to achieve optimal performance for the Attention-BiLSTM 
and Attention-BiGRU models. 

In recurrent neural networks, the time step refers to the number of 
time steps or past observations used to make predictions for the next 
time step in a sequence. However, it represents an important hyper
parameter that might depend on the patterns and relationships within 
the data. For that reason, we conducted several experiments to select the 
optimal time step. Table 5 presents the results, showing that the highest 
R2 value and the lowest RMSE value were obtained when using 60-time 
steps. Two months can capture changes related to seasonal variations in 
SST. Observing SST over this period allows for tracking how tempera
tures change as the seasons transition, which can be crucial for under
standing SST patterns. Hence, we selected 60 as the number of time steps 
for this study. 

The experimental results are presented and discussed to showcase 
the effectiveness of the proposed Attention-BiLSTM method. The time 
series data used in these experiments spans a total of 3889 days, starting 
from January 1, 2012, and ending on August 24, 2022. The training 
process utilizes data from January 1, 2012, to December 31, 2021, 
encompassing 3653 days. The remaining 236 days, from January 1, 

Table 4 
Hyperparameters maintained during deep learning training 
process.  

Hyperparameter Value 

Input shape (3593, 60, 1) 
Units 128–128-64 
Batch size 32 
Learning rate 10− 4 

Optimizer Adam 
Epochs 150 
Loss function Mean Squared Error 
Dropout 0.2 
Kernel initializer Glorot uniform  

Table 5 
The SST prediction for different time steps in Kariat Arkmane.  

Time steps (in days) MAE MAPE RMSE R2 

1 0.225811 0.011401 0.290551 0.995060 
7 0.220457 0.010779 0.301437 0.994683 
15 0.246256 0.011746 0.342768 0.993125 
30 0.215287 0.010426 0.296430 0.994858 
45 0.204129 0.009934 0.280976 0.995380 
60 0.204140 0.010046 0.280905 0.995383 
75 0.217545 0.010923 0.284448 0.995265 
90 0.206601 0.010186 0.283890 0.995284  
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2022, to August 24, 2022, are reserved as the testing set for SST 
prediction. 

All experiments are conducted on the testing set, using identical 
experimental settings. This ensures a fair comparison between different 
models and methods. By using the same testing set and experimental 
conditions, the results can be directly compared to evaluate the per
formance of the Attention-BiLSTM method. 

To verify the performance of our proposed approach, we accomplish 
different scenarios: 

• Model A: it represents the Attention-BiLSTM model with three bidi
rectional LSTM layers without using dropout layers; 
• Model B: it represents the Attention-BiLSTM model with two bidi

rectional LSTM layers and one dropout layer; 
• Model C: it represents the Attention-BiLSTM model with one bidi

rectional LSTM layer and one dropout layer; 
• Model D: it represents the Attention-BiLSTM model with three bidi

rectional LSTM layers and two dropout layers. 

Table 6 depicts an ablation study that involves systematically 
removing or disabling specific layers within our neural network to 
analyze their individual impact on the model’s performance. The goal is 
to understand the significance of each layer and its contribution to the 
overall model performance. 

In Table 7, we remark that dropout layers increase the achievement 

of our model by improving the generalization performance of Attention- 
BiLSTM. Also, the use of three bidirectional LSTM layers produced a 
stable model that provided good results. 

4.3. Results and discussion 

To assess the effectiveness of the proposed Attention-BiLSTM 
method, a benchmark comparison is conducted against six other 
methods. The benchmark includes two traditional machine learning 
models: Support Vector Regression (SVR) and Random Forest (RF). 
Additionally, a gradient boosting method called Extreme Gradient 
Boosting (XGBoost) is included. Three deep learning methods specif
ically designed for time series data, Long Short-Term Memory (LSTM), 
Attention-BiGRU (Bi-Gated Recurrent Unit), and Transformers are also 
part of the benchmark. 

In the initial experiments, five evaluation metrics are used to 
compare the performance of these methods: Mean Absolute Error 
(MAE), Mean Absolute Percentage Error (MAPE), Root Mean Squared 
Error (RMSE), R2, and execution time (in seconds) for both training and 
inference stages. 

Furthermore, Table 8 provides a summary of the best parameters 
used during the training of the RF, XGBoost, and SVR models. These 
parameters are determined through experimentation and tuning to 
achieve optimal performance for each method. 

Tables 9, 12, 11, and 10 provide insights into the performance of 
different models across various regions in Morocco. It is observed that 
the RF model generally performs the worst, exhibiting higher error 
values and a lower determination coefficient. On the other hand, the 
Attention-BiLSTM consistently achieves the highest R2 in all Moroccan 
regions, indicating a good fit for the SST observations. Notably, the 
Kariat Arkmane region stands out with an R2 of 0.995383, indicating 
highly accurate sea temperature predictions. 

While training deep learning models can be computationally inten
sive and time-consuming, it is crucial to note that once a model is trained 
and the results are significant, it can be saved and used for inference. In 
terms of inference time, as shown in Tables 9, 10, 12, and 11, the 
Attention-BiLSTM model outperforms others in terms of accuracy, 
despite requiring a longer training process. On average, the Attention- 
BiLSTM model can forecast 230 days in less than 3 s, demonstrating 
its efficiency in making predictions in a timely manner. 

Figs. 7, 10, 9, and 8 visually represent the predicted SST values for 
the Agadir, Casablanca, Kariat Arkmane, and Tangier regions, respec
tively. These plots provide further evidence of the quality of the pre
dicted SST values by the Attention-BiLSTM model, as they closely align 
with the actual SST values. 

The proposed Attention-BiLSTM model has demonstrated remark
able predictive performance across the testing set of four different 
Moroccan regions. The use of the attention mechanism in the model has 
contributed to improved predictions, as it allows the model to focus on 
important features. Compared to other models, the Attention-BiLSTM 
model proves to be a highly effective solution for predicting SST values. 

Overall, the experimental results, visualizations, and comparative 
analysis indicate that the proposed Attention-BiLSTM method accu
rately predicts SST values in various Moroccan regions. The inclusion of 

Table 6 
Ablation study of the Attention-BiLSTM model in Kariat Arkmane.   

Number of BiLSTM layers Number of dropout layers 

Model A 3 None 
Model B 2 1 
Model C 1 1 
Model D 3 2  

Table 7 
The ablation study of our proposed network in Kariat Arkmane.  

Model MAE MAPE RMSE R2 

Model A 0.311330 0.014951 0.433588 0.988999 
Model B 0.233684 0.011443 0.324379 0.993843 
Model C 0.324140 0.015948 0.453528 0.987964 
Model D 0.204140 0.010046 0.280905 0.995383  

Table 8 
Parameters maintained during RF, SVR, and XGBoost training process.  

Model Parameter Value 

XGBoost max_depth 3  
learning_rate 0.1  
n_estimators 100 

RF n_estimators 100  
criterion absolute_error 

SVR degree 1  
kernel linear  

Table 9 
The predicting performance on Agadir.  

Model MAE MAPE RMSE R2 Training Inference 

XGBoost 0.317217 0.017061 0.433130 0.927105 0.05 0.0010 
RF 0.337023 0.018147 0.450764 0.921049 15.78 0.0107 
SVR 0.318378 0.017125 0.425294 0.929719 2.543 0.0213 
LSTM 0.312283 0.016706 0.442082 0.922751 437.38 0.3111 
BiLSTM 0.306279 0.016511 0.419128 0.930565 446.21 1.4500 
Attention-BiGRU 0.313244 0.016939 0.415326 0.931819 391.29 1.7513 
Transformers 0.325090 0.017672 0.426211 0.928198 347.63 2.0101 
Attention-BiLSTM 0.300033 0.016150 0.413448 0.932434 503.00 2.7600  
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the attention mechanism enhances the model’s performance, making it a 
superior choice compared to other models considered in the 
experiments. 

Nevertheless, in this work, we encounter three limitations: the lack 
of availability of more data, the hyperparameter setting, and climate 
change. Dealing with limited data in time series analysis can indeed 
present significant challenges. The nature of time series data, often 
characterized by its sequential and temporal dependencies, can make 
the analysis complex, especially when there are few observations. 

Moreover, the hyperparameter setting is an essential part of the deep 
learning workflow, influencing a model’s generalization, performance, 
and computational efficiency. It often requires a balance between the 
exploration of various settings and the computational resources avail
able for experimentation. In these experiments, we used only four 
datasets from four Moroccan cities. However, the hyperparameter 
setting will be very complex when we extend our work to all seaside 
towns. Finally, climate change is a major and complex problem that can 
affect the prediction model. It refers to long-term changes in weather 

Table 10 
The Predicting performance on Tangier.  

Model MAE MAPE RMSE R2 Training Inference 

XGBoost 0.310400 0.017155 0.444201 0.954140 0.11 0.01 
RF 0.315441 0.017460 0.454354 0.952020 14.09 0.01 
SVR 0.298017 0.016496 0.424580 0.958102 1.40 0.01 
LSTM 0.300582 0.016716 0.431939 0.955702 497.14 1.48 
BiLSTM 0.298235 0.016482 0.420803 0.957957 487.34 1.45 
Attention-BiGRU 0.299526 0.016551 0.424332 0.957248 357.57 1.75 
Transformers 0.338829 0.018947 0.464905 0.948682 387.79 1.47 
Attention-BiLSTM 0.309356 0.017203 0.422227 0.957672 453.72 2.03  

Table 11 
The Predicting Performance on Kariat Arkmane.  

Model MAE MAPE RMSE R2 Training Inference 

XGBoost 0.217379 0.010608 0.301351 0.994718 0.24 0.02 
RF 0.225040 0.011079 0.302400 0.994681 23.83 0.01 
SVR 0.212706 0.010399 0.289826 0.995114 3.18 0.01 
LSTM 0.225529 0.011333 0.292770 0.994984 434.88 1.42 
BiLSTM 0.212948 0.010609 0.284854 0.995252 392.92 1.21 
Attention-BiGRU 0.206316 0.010158 0.282809 0.995320 393.35 1.83 
Transformers 0.205884 0.010088 0.284455 0.995265 389.44 2.16 
Attention-BiLSTM 0.204140 0.010046 0.280905 0.995383 453.7 2.11  

Table 12 
The Predicting performance on Casablanca.  

Model MAE MAPE RMSE R2 Training Inference 

XGBoost 0.170690 0.008851 0.243260 0.988788 0.05 0.001 
RF 0.176252 0.009135 0.250328 0.988126 14.29 0.01 
SVR 0.165814 0.008582 0.238048 0.989263 1.44 0.01 
LSTM 0.203848 0.010782 0.263113 0.986738 446.78 1.83 
BiLSTM 0.167853 0.008736 0.238249 0.989126 480.56 0.38 
Attention-BiGRU 0.180324 0.009448 0.244791 0.988521 401.15 2.70 
Transformers 0.172817 0.008909 0.244732 0.988526 342.30 1.93 
Attention-BiLSTM 0.168371 0.008775 0.237012 0.989239 452.57 2.77  
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Fig. 7. Predicting results of Attention-BiLSTM on Agadir.  
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patterns on a global or regional level. These changes include variations 
in average temperatures, removals, extreme weather events, and climate 
patterns. 

5. Conclusion 

In this paper, we propose a novel approach for sea surface temper
ature (SST) prediction utilizing deep learning techniques. Our method 

incorporates the Bidirectional Long Short-Term Memory (BiLSTM) deep 
recurrent neural network model along with the attention mechanism. 
The attention mechanism plays a crucial role in enhancing prediction 
accuracy by capturing relationships between historical and future SST 
values. Through extensive experimentation, we demonstrate that our 
proposed model outperforms existing SST prediction approaches. 
However, our method encounters some shortcomings. Indeed, our study 
relied only on four data sets provided by four Moroccan cities, but its 
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Fig. 8. Predicting results of Attention-BiLSTM on Tangier.  
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Fig. 9. Predicting results of Attention-BiLSTM on Kariat Arkmane.  
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Fig. 10. Predicting results of Attention-BiLSTM on Casablanca.  
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extension to all coastal cities considerably increases the complexity of 
tuning hyperparameters in deep learning models. Additionally, climate 
change emerges as a complex and influential factor impacting predictive 
models due to changes in global or regional weather patterns. The 
prediction of our model is very close to reality because it is currently 
learned on stable data. One of the most obvious impacts of climate 
change is increased SST. The oceans will absorb much of the excess heat 
trapped by greenhouse gases, causing SST to increase over time. In this 
case, our model will not be able to predict future SST values well. 

In future work, we plan to explore the application of the neural 
prophet model to Moroccan SST data as well as other marine datasets 
such as Pirata (the Prediction and Research Moored Array in the 
Atlantic). By testing the neural prophet model, we aim to further 
enhance our understanding and predictive capabilities in the domain of 
SST forecasting. This will contribute to the advancement of marine 
research and enable better predictions for various regions and datasets. 
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