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 This study aims to develop an accurate and efficient ocean data prediction 

model to tackle the challenges posed by climate change and complex 

oceanographic dynamics. The main goal is to use long short-term memory 

(LSTM) networks along with genetic algorithms (GA) to predict four key 

ocean factors at once: sea surface temperature (SST), sea surface height 

(SSH), sea surface salinity (SSS), and chlorophyll-a (Chl-a). An 

experimental quantitative approach is employed, utilizing satellite data from 

the Banda Sea region. This approach involves time series modeling using 

LSTM, which is optimized by GA for hyperparameters such as the number 

of neurons and batch size. The results show that the combined LSTM-GA 

model greatly improves prediction accuracy and successfully identifies 

seasonal trends and irregular changes in all variables, even when there is a 

lot of noise. Tests reveal that the optimal configuration varies for each 

variable, and the GA optimization process can expedite model convergence 

by as little as 10 epochs. These findings underscore the effectiveness of 

integrating evolutionary techniques in training deep learning (DL) models 

for ocean data. The implications of this research include potential 

applications in adaptive ocean monitoring systems, early warning initiatives, 

and data-driven planning in marine resource management. 
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1. INTRODUCTION 

Ocean parameters such as sea surface salinity (SSS), sea surface temperature (SST), sea surface 

height (SSH), and chlorophyll-a (Chl-a) concentrations play a pivotal role in shaping marine ecosystems, 

regulating global climate systems, and influencing human activities. Accurate prediction of these parameters 

is critical for sustainable marine resource management, disaster mitigation, and effective maritime  

planning [1]. However, the temporal complexity and nonlinear interdependencies among these parameters 

make long-term and seasonal prediction challenging when using conventional statistical or physical models. 

This complexity necessitates the development of a robust predictive framework capable of capturing the 

dynamic and nonlinear nature of ocean data [2], [3]. 

Variations in oceanographic dynamics—such as SST, ocean currents, and salinity—have substantial 

implications for global climate systems and the management of marine resources. Consequently, there is an 

increasing demand for adaptive and high-precision prediction models. In recent years, machine learning 

https://creativecommons.org/licenses/by-sa/4.0/


Int J Artif Intell  ISSN: 2252-8938  

 

Dynamic optimization using long short-term memory and genetic algorithms for … (Mukhlis) 

2827 

(ML) and deep learning (DL) techniques have demonstrated great potential in modeling nonlinear and  

time-dependent environmental systems. Among these, the long short-term memory (LSTM) neural network 

has gained prominence for its ability to capture long-term temporal dependencies in sequential data, while 

optimization algorithms such as the genetic algorithm (GA) have been widely adopted to enhance model 

performance through adaptive parameter tuning [4], [5]. Several studies have explored ML- and DL-based 

models for ocean data prediction. For example, the authors [6], [7] utilized LSTM to predict SST and 

reported superior performance compared to traditional autoregressive models. Similarly, Chen et al. [8] 

demonstrated that integrating LSTM with GA improves predictive accuracy for sequential data. Other studies 

have extended LSTM applications to predict coastal climate variables with improved accuracy over longer 

periods [9], [10], while hybrid models combining LSTM with metaheuristic algorithms have been developed 

to accelerate convergence and enhance the stability of ocean weather predictions [11]. Furthermore, the 

authors [12], [13] successfully applied LSTM to predict ocean current patterns with higher accuracy than 

conventional models. 

Despite these advancements, the integration of LSTM and GA for multidimensional marine 

parameter prediction remains limited. For instance, Alizadeh and Nourani [14] employed GA to optimize a 

sequential model for predicting water temperature; however, its application to complex, high-dimensional 

marine datasets has not been fully investigated. Stajkowski et al. [15] discussed the use of LSTM for 

blockchain transaction cost prediction, yet the integration of GA and its adaptation to marine data remains 

unexplored, indicating a significant research gap in this domain. Most previous studies have focused on 

standalone implementations of LSTM or other ML approaches without incorporating optimization techniques 

such as GA, even though parameter optimization plays a crucial role in enhancing model generalization and 

predictive accuracy [16]. Additionally, many studies analyzed only one or two oceanic variables 

independently, neglecting the intricate interactions among SSS, SST, SSH, and Chl-a. Determining the 

optimal number of hidden layers and neurons in an LSTM model constitutes an non-deterministic 

polynomial-hard (NP-hard) problem [17]. Although GA does not guarantee a global optimum, it efficiently 

explores the search space to produce near-optimal solutions, thereby mitigating the computational burden of 

manual hyperparameter tuning [18]. 

Hybrid architectures such as convolutional neural network (CNN)–LSTM and spatiotemporal deep 

models have shown improved predictive capabilities for ocean data. Nevertheless, these models still exhibit 

limitations in handling spatiotemporal uncertainties and dynamic dependencies [19]–[21]. While the authors 

in [22]–[24] emphasized the relevance of evolutionary algorithms in optimizing LSTM networks, few studies 

have systematically explored the integration of GA and LSTM for spatiotemporal marine data prediction. 

This research gap underscores the necessity for further investigation into how temporal and spatial variations 

influence the robustness and adaptability of hybrid predictive models in ocean science. 

This study proposes an integrated framework combining LSTM and GA to predict multiple marine 

parameters—SSS, SST, SSH, and Chl-a—simultaneously. The GA is employed to adaptively optimize 

LSTM parameters and hyperparameters, thereby improving the model’s capacity to learn complex  

inter-variable relationships and nonlinear temporal-spatial dynamics. Unlike prior studies focusing on  

single-variable predictions, the proposed approach emphasizes multivariate integration and dynamic 

interaction modeling. The GA performs optimization through an evolutionary process inspired by natural 

selection, enabling efficient exploration of near-optimal configurations [25]. Recent developments in 

predictive modeling confirm that neural network architectures, particularly LSTM, are powerful tools for 

analyzing nonlinear and irregular marine data patterns [19], [26]. Nevertheless, manually setting model 

parameters or relying on conventional heuristics often results in suboptimal convergence and limited 

generalization [27], [28]. Therefore, combining LSTM with an evolutionary optimization strategy such as 

GA offers a promising avenue to enhance training efficiency and predictive reliability. 

The present study aims to develop a more accurate and adaptive model for predicting marine 

parameters by leveraging the synergy between LSTM and GA. The expected contributions of this work 

include advancing the state-of-the-art in ocean prediction modeling. The study also supports evidence-based 

decision-making for marine resource management, disaster preparedness, and maritime operations [29]. 

 

 

2. METHOD  

2.1.  Data collection and preprocessing 

Marine data are collected from sources such as Google Earth Engine and Copernicus Marine 

Service. Initial preprocessing includes standardizing data types (e.g., float and datetime) and handling 

missing values through interpolation, imputation, or removal. The dataset is then split into 80%  

training–validation and 20% testing. Training data are used for model learning, while testing data evaluate 

the final performance. An LSTM model optimized with GA is trained to handle time-series variables  

(SST, SSS, SSH, and Chl-a), where GA determines optimal parameters such as neuron count, learning rate, 
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epoch, and batch size. From the training portion, validation data support parameter evaluation and prevent 

overfitting. GA iteratively generates parameter configurations, trains the LSTM, and evaluates performance; 

if results are suboptimal, new configurations are produced via selection, crossover, and mutation. Once the 

best configuration is found, the model is retrained and validated, then tested using the unseen 20% data to 

compute mean absolute error (MAE), root mean square error (RMSE), and other metrics. The overall process 

from data collection to testing is illustrated in Figure 1. 
 

 

 
 

Figure 1. Research stages 

 

 

2.2.  Ocean data prediction with long short-term memory and genetic algorithms 

LSTM optimization using GA begins with population initialization, where each individual encodes 

configurations such as neuron count and time-step length. Each configuration is built into an LSTM model 

and evaluated using metrics like RMSE or MAE [2]. Individuals with the best fitness values undergo 

crossover and mutation to explore improved solutions and avoid local optima. After several generations, the 

best-performing configuration is selected and retrained using marine data to ensure predictive accuracy [9]. 

The GA operations—including crossover and mutation—are illustrated in Figure 2, which explains the basic 

concept of a GA, an optimization method inspired by the process of biological evolution. In Figure 2(a) 

stages of the GA process and Figure 2(b) examples of genetic operations: crossover and mutation. 
 

 

  
(a) (b) 

 

Figure 2. GA flow and mechanism of (a) stages the GA process and (b) GA crossover and mutation operations 
 

 

The model prediction results are compared with the target value using RMSE or MAE to assess the 

overall accuracy of the marine data, as shown in the LSTM–GA optimization process in Figure 3. After the 

fitness stage, the GA performs a crossover process to generate new individuals based on the combination of 

two selected parents [30]. Using the DEAP library, this process is carried out through a gene merging 

mechanism according to the crossover type used, such as uniform (genes are randomly selected from each 

parent), one-point (gene exchange after one random point), and two-point (gene exchange between two 

random points). This crossover plays an important role in exploring solutions and determining the optimal 

configuration for the marine data prediction model. 

 

2.3.  Genetic algorithm formation and process 

The GA operates with a population size of 10, five generations, and a chromosome length of 15.  

The process begins with the random initialization of 10 individuals, each represented by a 15-gene 

chromosome. Each individual is then evaluated using an objective function to measure its fitness. The 

selection stage chooses the fittest individuals to become parents for the next generation. During crossover, 

selected parents exchange parts of their genes—for example, splitting at the 8th gene position—to produce 

new offspring. Mutation is applied to maintain genetic diversity by randomly altering certain genes, such as 

changing a bit from 0 to 1 or vice versa. After crossover and mutation, a new population of 10 individuals is 

formed. This cycle continues for five generations, after which the best individual across all generations is 

taken as the optimal solution. 
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Figure 3. Flowchart of LSTM optimization with GA 
 

 

2.4.  Population size, generations, and gene length  

In GA, population size, number of generations, and gene length are key parameters for solution 

optimization [2], [31]. A population size of 10 means each generation contains 10 candidate solutions.  

A generation size of 5 indicates that the GA runs for five iterations before terminating, with selection, 

crossover, and mutation conducted in each cycle. A gene length of 15 represents that each individual is 

encoded as a chromosome with 15 genes, where each gene contributes to the solution. This gene length 

corresponds to the number of parameters the GA optimizes [32]. 

 In the context of GA, population, generation, and gene length are essential parameters for 

optimizing the solution [31]. Here is an explanation of each based on the given provisions. Population  

size =10 means that each generation has 10 individuals (potential solutions) to be evaluated. Each individual 

in the population represents a possible solution to the problem being solved. At the beginning of the 

algorithm, this population will be initialized randomly. Generation size =5 is the number of generations, 

indicating how many cycles or iterations GA will carry out. In this case, after 5 generations, the algorithm 

stops, and the best solution found will be considered the optimal solution. The selection process, crossover 

(gene exchange), and mutation will be carried out in each generation to produce a new population. Gene 

length =15, is each individual in the population represented by a chromosome consisting of a series of genes. 

The gene length indicates how many variables or bits are in the chromosome. In this case, each chromosome 

has a length of 15 genes, meaning 15 values in each individual affect the solution. The length of this gene can 

be interpreted as the number of parameters optimized by the GA [32]. 
 

2.5.  Long short-term memory optimization equation using genetic algorithms 

GA is used to optimize parameters such as weight 𝑊 and bias 𝑏 in both hidden layers [33]. The 

LSTM model predicts marine data with (1). Where 𝑦̂𝑚𝑎𝑟𝑖𝑛𝑒 is the predictive output; 𝑋𝑚𝑎𝑟𝑖𝑛𝑒 is the input data, 

𝑊and 𝑏, is the GA-optimized parameters. 
 

𝑦̂𝑚𝑎𝑟𝑖𝑛𝑒 = 𝐿𝑆𝑇𝑀 (𝑋𝑚𝑎𝑟𝑖𝑛𝑒 , 𝑊, 𝑏) (1) 
 

2.6.  Main steps of optimization with genetic algorithms 

Population initialization is that each individual in the GA population represents a complete set of 

weights 𝑊 and bias 𝑏 in both hidden layers. The optimized weight matrix according to (2) and the optimized 

bias according to (3). 
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The fitness function is used to assess how well each individual (a set of weights and biases) 

performs, typically using error measures such as MAE, as shown in (4), or RMSE. The GA aims to minimize 

this error. MAE is selected as the primary metric in studies such as dynamic optimization using LSTM and 

GA for predicting oceanographic data for several technical and practical reasons. First, MAE is robust to 

outliers because it calculates the average absolute difference between predicted and actual values, making it 

more stable than RMSE, which is highly sensitive to extreme values. This is important for marine data, which 

often contains natural anomalies caused by storms or sudden ocean dynamics. 

Second, MAE is easier to interpret since it retains the same unit as the original data, allowing 

researchers and practitioners to understand the average error directly (e.g., “an average error of 0.5 meters”). 
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This is beneficial for real-time marine applications that rely on practical error magnitudes rather than squared 

penalties. Third, MAE aligns well with the optimization objective. When used as the objective function in 

GA, MAE supports a more linear and stable search for solutions, preventing the algorithm from 

overemphasizing extreme errors as RMSE does. This makes it more suitable when the aim is to reduce 

overall global error rather than focus solely on severe deviations. Fourth, MAE is appropriate for 

oceanographic time-series data, where errors are often irregular and non-Gaussian [34]. Unlike RMSE, MAE 

does not rely on assumptions about error distribution. During selection, the best individual is chosen based on 

its fitness, using methods such as tournament selection. In the crossover stage, two parent individuals 

exchange parts of their weights and biases to produce new offspring, as described in (5). 
 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑥𝑖 − 𝑥|𝑛

𝑖=1  (4) 

 

Where 𝑛 is the number of data points, and 𝑥𝑖 and 𝑥 denote the forecasted and actual values, respectively. 
 

𝑊𝑐ℎ𝑖𝑙𝑑 = 𝛼𝑊𝑝𝑎𝑟𝑒𝑛𝑡1 + (1 − 𝛼)𝑊𝑝𝑎𝑟𝑒𝑛𝑡2 (5) 

 

After crossover, some weights and biases may undergo small mutations to maintain diversity in the 

population according to (6). 
 

𝑊𝑚𝑢𝑡𝑎𝑠𝑖 = 𝑊𝑐ℎ𝑖𝑙𝑑 + 𝑟𝑎𝑛𝑑𝑜𝑚 𝑛𝑜𝑖𝑠𝑒 (6) 
 

GA continues to run selection, crossover, and mutation until it reaches a satisfactory result or a 

certain number of iterations. The LSTM and GA methods can be concluded using the parameters of the 

number of neurons in LSTM, using selection, crossover, and mutation to find the best configuration with the 

configuration, the size of the individual has 2 parameters, namely the number of neurons in two layers of 

LSTM. Population size, 10 individuals in each generation. Number of generations, 5 is used to find the best 

configuration, which aims to optimize the number of neurons in LSTM. 
 

 

3. RESULTS AND DISCUSSION  

3.1.  Sea surface temperature prediction with long short-term memory and genetic algorithms 

The SST prediction using the LSTM model optimized with a GA was carried out on the 2014–2018 

time-series dataset. The model uses two hidden layers with 99 and 44 neurons and was trained for 10 epochs. 

The prediction results, illustrated in Figure 4, compare historical data, actual test data, and the LSTM-GA 

predicted values. In Figure 4(a), historical SST data, actual test data, and LSTM-GA prediction results. In 

Figure 4(b), a comparison between actual SST values and predicted SST values using the LSTM-GA model. 

Overall, the LSTM-GA model is able to capture the main temperature patterns, especially the 

general upward and downward trends. The model also replicates major peaks and troughs reasonably well. 

However, it responds slightly late to rapid changes and occasionally deviates from the actual values, leading 

to minor overestimation or underestimation during sharp fluctuations. The use of only 10 epochs may limit 

performance for such highly variable data, and additional training could enhance accuracy. The two-layer 

architecture with 99 and 44 neurons helps the model learn both long-term and short-term patterns, but further 

refinement is needed for better adaptation to complex SST dynamics. 
 

3.2.  Sea surface salinity prediction with long short-term memory and genetic algorithms 

The SSS prediction uses an LSTM model trained on 2014–2018 time-series data, with two hidden 

layers containing 87 and 99 neurons. These neuron numbers were selected experimentally to balance model 

complexity, avoid underfitting from too few neurons, and prevent overfitting from too many neurons. The 

second hidden layer has more neurons because it processes more complex feature representations. The model 

was trained for 10 epochs, meaning the entire dataset was passed through the network ten times to optimize 

weights while avoiding under- or overfitting. 

Using a GA to optimize the model, the LSTM-GA predictions were compared with historical, 

actual, and predicted SSS data, as shown in Figure 5, Figure 5(a) shows the predicted SSS results using the 

LSTM-GA model based on time series data from 2014–2018. Figure 5(b) shows a comparison between the 

actual data and the model predictions, indicating that the model follows the main salinity patterns quite well. 

The model generally follows the main patterns of the actual SSS, capturing seasonal trends, although it 

struggles with sharp fluctuations, particularly in late 2018, where predictions lag slightly behind rapid 

changes. In more stable periods (2018–2019), the model performs well, with only minor deviations in peak 

and trough points. 
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(a) 

 

 
(b) 

 

Figure 4. Comparison graph of actual SST and predicted SST with LSTM and GA prediction for one year of 

(a) original SST dataset 2014-2018 test and training data and (b) predicted SST test data 
 

 

 
(a) 

 

 
(b) 

 

Figure 5. Comparison chart of actual SSS and predicted SSS with LSTM and GA prediction for one year of 

(a) original dataset SSS 2014-2018 test and training data and (b) predicted SSS test data 
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3.3.  Sea surface height prediction with long short-term memory and genetic algorithms 

SSH timeseries input data 2014–2018, hidden layer 1 =90 neurons, hidden layer 2 =98 neurons,  

epoch =10, using GA for neural network optimization. Elevation prediction using the LSTM model is 

optimized with GA by comparing historical, actual, and predicted data. Performance analysis of LSTM and 

GA in SSH prediction. With LSTM and GA, the performance analysis of SSH is the global pattern suitability 

in general; the LSTM model successfully follows the significant development of test data. The model 

successfully replicates long-term elevation fluctuations. The model is good at capturing general patterns 

similar to actual test data. Prediction results of the LSTM model optimized with GA for elevation data, by 

comparing historical data, actual data from the test set, and predicted data from the LSTM and GA models, 

SSH prediction, with LSTM and GA, are shown in Figure 6. Historical, actual, and predicted SSH elevation 

data using the LSTM model optimized with GA, as shown in Figure 6(a). Performance analysis of the 

LSTM-GA model for SSH elevation prediction by comparing actual data and predicted data, as shown  

in Figure 6(b). 

The difference in hourly fluctuations is that around 2018, several sharp fluctuations in the actual test 

data (blue line) were challenging to follow by the model prediction (red line). This often happens in  

time-series predictions when the model cannot fully capture fast dynamics. The stable part in 2018–2019 is at 

the end; the LSTM prediction is more stable and closer to the test data. This shows that the model can capture 

long-term developments quite well after going through sharp initial fluctuations. 

 

 

 
(a) 

 

 
(b) 

 

Figure 6. Comparison chart of actual SSH and predicted SSH with LSTM and GA prediction for one-year of  

(a) original SSH dataset 2014-2018 training and test data and (b) SSH test data 
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3.4.  Marine chlorophyll-a data prediction with long short-term memory and genetic algorithms 

Marine Chl-a prediction using an LSTM model optimized with a GA was conducted on Chl-a 

timeseries data from 2014–2018, using two hidden layers of 83 neurons each and 10 training epochs. The 

GA-based optimization improved the network’s ability to model Chl-a concentration dynamics. As shown in 

Figure 7, the model’s predicted values closely follow both the historical dataset (Figure 7(a)) and the actual 

test data (Figure 7(b)), demonstrating good predictive capability despite several minor deviations. These 

discrepancies may be attributed to data noise or the need for additional training epochs, more neurons, or 

extended historical data in future experiments. Overall, the LSTM–GA model successfully captures the 

fluctuation patterns of Chl-a concentrations, particularly the sharp variations appearing near the end of the 

historical record. 

 

 

 
(a) 

 

 
(b) 

 
Figure 7. Comparison graph of actual Chl-a and predicted Chl-a with LSTM and GA for one-year  

prediction of (a) original Chl dataset 2014-2018 training and test data and (b) Chl-a test data 

 

 
3.5.  T-test  

The t-test comparison between the LSTM and LSTM-GA predictive models shows no statistically 

significant performance difference, as indicated by the p-value of 0.720 in Table 1—well above the  

0.05 threshold. This result demonstrates that incorporating a GA into the LSTM model does not yield a 
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statistically meaningful improvement. Although LSTM-GA performs reasonably well, it still exhibits higher 

errors during abrupt oceanographic fluctuations, such as sudden salinity changes or extreme weather events. 

These findings suggest that GA integration alone is insufficient for substantial enhancement, and future 

studies may require additional exogenous variables (e.g., wind or currents) to improve prediction accuracy 

under highly dynamic conditions. 

 

 

Table 1. T-test results 
T-test results LSTM LSTM + GA 

LSTM  0.0720 
LSTM + GA 0.072 LSTM+GA 

 

 

3.6.  Prediction performance and comparison of prediction models based on mean absolute error 

The performance of marine data prediction using LSTM-GA was evaluated through MAE across 

different train–test splits (70:30, 80:20, and 90:10) for SSS, SSH, SST, and Chl-a. As shown in Table 2, the 

MAE values remain consistently low across all configurations, indicating that the LSTM-GA model 

maintains stable predictive accuracy even with reduced training data proportions [35]. A comparison of 

autoregressive integrated moving average (ARIMA), LSTM, and LSTM-GA models using MAE, presented 

in Table 3, shows that ARIMA performs poorly due to its linear design and inability to capture long-term 

temporal dependencies in marine time-series data. LSTM significantly improves prediction accuracy by 

learning nonlinear sequential patterns. LSTM-GA further refines performance through parameter 

optimization, although it requires caution to avoid overfitting. Overall, LSTM and LSTM-GA outperform 

ARIMA, demonstrating their suitability for complex oceanographic variable prediction. 

 

 
Table 2. Performance of marine data prediction with LSTM and GA algorithms based on MAE values 

LSTM + GA Training and testing data configuration 

70-30% 80-20% 90-10% 

SSS 0.0024 0.0026 0.0026 

SSH 0.0064 0.0048 0.0042 

SST 0.0059 0.0053 0.0042 
Chl-a 0.0085 0.0048 0.0032 

 

 
Table 3. Comparison of prediction models based on MAE 

Variables MAE 
ARIMA LSTM LSTM-GA 

SSS 0.781 0.026 0.024 

SSH 0.344 0.061 0.048 
SST 0.516 0.053 0.050 

Chl-a 0.093 0.014 0.048 

 
 

4. CONCLUSION  

The t-test results indicate that the combination of LSTM-GA has not produced a statistically 

significant difference compared to pure LSTM (p-value =0.720). Despite this, incorporating the GA still 

offers advantages in model optimization. GA is a method that searches widely to improve the settings of the 

LSTM model, such as the number of neurons, learning rate, and batch size. This optimization process aims to 

enhance model accuracy and mitigate the risk of getting trapped in local minima during training. The 

advantages of integrating GA become more evident in complex data scenarios or when conducting repeated 

experiments that require thorough parameter tuning. GA facilitates a more comprehensive exploration of the 

solution space and is not reliant on a manual trial-and-error approach, thereby increasing efficiency in the 

model development process. 
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