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 Improving the accuracy of weather prediction, especially rainfall, is very 

important in various sectors such as agriculture, water resource management, 

and disaster mitigation. This research aims to optimize the Long Short-Term 

Memory (LSTM) model in rainfall prediction through the application of 

hyperparameter optimization using two main techniques: Grid Search and 

Bayesian Optimization (Optuna). This hyperparameter optimization includes 

finding the best configuration of important parameters, such as the number of 

LSTM units, batch size, learning rate, and number of epochs. A historical 

rainfall dataset from BMKG is used, which is then divided into training and test 

data to build and test the prediction model. Grid Search performs a thorough 

exploration of all possible parameter combinations, while Optuna uses a 

probabilistic Bayesian approach to speed up the optimization process. The 

results show that hyperparameter optimization significantly improves the 

performance of LSTM models. The model optimized with Optuna produces a 

Mean Squared Error (MSE) value of 0.179578 with an execution time of 105.26 

seconds, while Grid Search has an MSE of 0.286778 with an execution time of 

457.69 seconds. The lower MSE value indicates that the Optuna model has a 

smaller prediction error, making it more accurate in predicting rainfall. The 

faster execution time of Optuna also confirms its efficiency in finding the 

optimal hyperparameter configuration compared to Grid Search. The 

conclusion of this study confirms that hyperparameter optimization plays an 

important role in improving the prediction accuracy of LSTM for rainfall. The 

developed method is expected to be the basis for the development of other 

weather prediction models as well as support decision-making in various 

sectors that rely on weather prediction. In addition, this research opens up 

opportunities for further studies in the optimization of deep learning models in 

handling complex climate data. 
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1. Introduction 
The rapid advancement of artificial intelligence (AI) and machine learning (ML) has revolutionized 
various industries, particularly in the prediction of natural phenomena such as rainfall[1], [2]. Among 

https://creativecommons.org/licenses/by-nc/4.0/
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the wide range of ML algorithms, Long Short-Term Memory (LSTM), a specialized type of recurrent 
neural network, has gained recognition for its exceptional ability to manage time-series data. Its 
architecture, designed to capture both short and long term dependencies, makes it particularly effective 
in addressing complex and dynamic datasets. In applications such as stock price forecasting, sentiment 
analysis, and weather prediction, LSTM consistently delivers superior performance compared to 
traditional methods. The accurate prediction of rainfall is essential for decision-making processes in 
disaster mitigation, agricultural planning, and urban resource management[2], [3]. It enables 
stakeholders to anticipate potential risks and make informed decisions that can minimize damage and 
optimize resource use[4],[5]. 

Despite its advantages, rainfall prediction remains a challenging task due to the inherent 
complexity of weather data and the dynamic nature of meteorological factors[6], [7]. Rainfall patterns 
are influenced by numerous interrelated factors such as temperature, humidity, and atmospheric 
pressure, which vary across regions and timeframes. Although LSTM has been widely recognized for its 
effectiveness in handling sequential data, its performance is highly dependent on the proper 
configuration of hyperparameters[4], [8], [9]. Parameters such as the number of LSTM units, learning 
rate, and epochs significantly influence the model's accuracy and stability. Without proper 
optimization, LSTM models are prone to overfitting or underfitting, which can result in reduced 
predictive performance. Addressing these challenges requires a systematic approach to hyperparameter 
optimization, which has been underexplored in previous studies[4], [8], [9]. 

Previous research has demonstrated the potential of LSTM in improving rainfall prediction 
accuracy. Badriyah et al. [4] implemented LSTM for rainfall forecasting and reported that it 
outperformed traditional statistical methods in handling volatile weather data. However, their study 
lacked an in-depth focus on hyperparameter optimization, a critical factor in maximizing model 
performance. Similarly, Musfiroh et al. [10] integrated Principal Component Analysis (PCA) with LSTM 
to simplify complex datasets, achieving moderate success in prediction accuracy. Nevertheless, their 
work did not fully leverage advanced optimization techniques such as grid search or Bayesian 
optimization. These techniques have proven effective in other domains, as shown by Fajriyani et al.[5], 
who optimized neural networks for cyberbullying detection on social media, and Isnain et al. [11], who 
compared LSTM and Naive Bayes for sentiment analysis. While these studies highlight the importance 
of hyperparameter tuning, they do not address its application in rainfall prediction, leaving a gap in the 
literature[12], [13]. 

This study aims to fill this gap by systematically optimizing hyperparameters in LSTM models 
to enhance rainfall prediction accuracy[14]. The optimization process employs both grid search and 
Bayesian optimization techniques, each offering distinct advantages in exploring the parameter 
space[5], [15]. By identifying optimal configurations, this research seeks to address the challenges posed 
by complex and dynamic rainfall patterns[16]. The anticipated outcomes include improved predictive 
accuracy and model stability, which can significantly benefit practical applications[17]. These include 
better agricultural planning, more effective disaster mitigation strategies, and informed decision-
making in urban development[4]. Ultimately, the findings of this study contribute to the growing body 
of knowledge in weather prediction and machine learning, offering insights for future research and 
broader applications in related fields[18]. 

2. Research Methodology 
This study adopts the Deep Learning Workflow methodology for developing a Long Short-Term 
Memory model to predict rainfall[17]. The workflow, as described in the "Deep Learning Bible-2"[19], 
comprises four primary stages: Project Setup, Data Engineering, Model Engineering, and Code 
Engineering. These stages work in a cohesive sequence to ensure the development of an optimal and 
accurate predictive model tailored to address the complexity of rainfall data[1], [17], [20]. 
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Figure 1. Deep Learning Workflow 

 
a. Project Setup 

The first stage is focused on defining the research objectives and selecting appropriate 
solutions to address the identified problem[1], [17]. The objective of this study is to enhance rainfall 
prediction accuracy through hyperparameter optimization in the LSTM model[1], [17]. LSTM is chosen 
due to its established effectiveness in managing sequential data, particularly in meteorological 
applications[18]. The selection of this methodology is supported by prior studies in deep learning and 
weather forecasting[21], [22]. The Deep Learning Workflow framework guides this study by providing 
structured and systematic steps for model development. 

 
b. Data Engineering 

Data engineering is critical for preparing a high-quality dataset, serving as the foundation for 
building and training the model[23]. This stage includes: 

1) Data Collection 
Historical rainfall data were obtained from the BMKG (Meteorological, Climatological, and 
Geophysical Agency) database https://dataonline.bmkg.go.id, specifically from the Penggung 
Meteorological Post in Cirebon[16]. The dataset spans from 2017 to 2023 and includes variables 
such as minimum temperature (Tn), maximum temperature (Tx), average temperature (Tavg), 
relative humidity (RH_avg), and rainfall intensity (RR). This comprehensive dataset is critical 
for analyzing patterns over an extended temporal scope. 

2) Data Cleaning 
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The collected data were preprocessed to ensure quality by addressing missing values, removing 
duplicate records, and verifying data consistency. Proper cleaning ensures the dataset is free of 
anomalies, thereby reducing potential biases during model training. 

3) Feature Engineering 
Normalization techniques were applied to standardize feature scales, enhancing the 
compatibility of data for the LSTM model. Additionally, relevant features were extracted to 
improve model accuracy, adhering to the principles outlined in the Deep Learning 
Workflow[19]. 

4) Data Splitting 
The dataset was divided into training, validation, and testing subsets. This process ensures the 
model is evaluated on unseen data, offering a realistic measure of its generalization capabilities. 
 

c. Model Engineering 
The third stage involves building and optimizing the LSTM model: 

1) Library Import and Model Selection 
Libraries such as TensorFlow, Keras, and Optuna were utilized to facilitate model development 
and hyperparameter optimization. LSTM architecture was configured based on established 
best practices for handling time-series data[24]. 

2) Initial Hyperparameter Selection 
Fundamental hyperparameters like epochs, batch size, and learning rate were assigned initial 
values. These configurations served as the basis for subsequent optimization processes. 

3) Loss Function and Optimizer Selection 
The Mean Squared Error (MSE) was chosen as the loss function, while the Adam optimizer was 
employed for iterative weight updates. These choices align with the Deep Learning Workflow's 
emphasis on tailored optimization for specific tasks[19]. 

4) Training and Validation 
The model was trained using the training dataset and validated with the validation subset. 
During training, the model’s performance was monitored across epochs to ensure effective 
learning. 

5) Hyperparameter Optimization 
Advanced optimization techniques were implemented, including Grid Search for exhaustive 
parameter exploration and Optuna for efficient Bayesian-based optimization. This dual 
approach ensured the discovery of optimal configurations for the LSTM model[1]. 
 

d. Code Engineering 
The final stage encompasses the evaluation and deployment of the model: 

1) Model Evaluation 
The trained model was evaluated using the test dataset to measure accuracy and reliability. 
Metrics such as MSE provided quantitative insights into the model's performance. 

2) Implementation and Monitoring 
Once optimized, the model was deployed for real-time predictions. Its performance was 
continuously monitored to identify potential degradations, enabling timely adjustments to 
maintain accuracy. 

3) Model Enhancement 
Based on monitoring results, the model underwent iterative improvements. These included 
adding new data, refining hyperparameters, and modifying the architecture to further enhance 
predictive capabilities. 

3. Results and Discussion 
Data Collection 

The data used in this study is historical weather data that includes several meteorological 
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variables: minimum temperature (Tn), maximum temperature (Tx), average temperature (Tavg), 
average humidity (RH_avg), and rainfall (RR) as the target variable. This data is obtained from reliable 
sources and covers a long enough period to be adequate in building a prediction model. The following 
is a table of data that has been collected as much as 2556 data: 
 

Table 1. Dataset BMKG 

No Date Tn Tx Tavg RH_avg RR Rain Rate 

0 2017-01-01 24.0 33.2 27.3 89 100.2 Very heavy 
1 2017-01-02 24.0 31.8 26.9 89 58.8 Heavy 
2 2017-01-03 25.0 31.0 26.4 93 14.2 Light 
3 2017-01-04 0.0 31.2 26.5 87 90.8 Heavy 
4 2017-01-05 24.0 31.4 27.8 85 0.0 Moderate 
... ... ... ... ... ... ... ... 

2555 2023-12-31 26.0 34.2 29.4 81 12.7 Light 

 
Data Cleaning 

A cleaning process was performed to handle missing values, duplication, and anomalies 
(outliers). In addition, normalization of the input data is performed so that all features are on a uniform 
scale using MinMaxScaler, so that the model can learn more effectively and stably. 
 

from sklearn.preprocessing import MinMaxScaler 
 
scaler = MinMaxScaler(feature_range=(0, 1)) 
features_scaled = scaler.fit_transform(features) 

Figure 2. Data Cleaning 

 
Feature Engineering 

The features used in the model include minimum temperature (Tn), maximum temperature 
(Tx), average temperature (Tavg), and average humidity (RH_avg) variables, with rainfall (RR) as the 
prediction target. This feature engineering process is carried out to ensure the relevance and efficiency 
of the features in improving the performance of the model in predicting rainfall. 
 

features = df[['Tn', 'Tx', 'Tavg', 'RH_avg','RR']].values 
target = df['RR'].values 

Figure 3. Feature Engineering 

 
Data Splitting 

The dataset is divided into two main parts, namely training data (80%) and test data (20%). 
This division aims to ensure the model can be trained using sufficient data and tested on data not 
involved in training to measure the generalization ability of the model to data that has never been seen 
before. 
 

from sklearn.model_selection import train_test_split 
 

X_train, X_test, y_train, y_test = train_test_split(features_scaled, 
target, test_size=0.2, random_state=42) 

Figure 4. Data Splitting 

 
The dataset is divided into training data (80%) and test data (20%) using the train_test_split function. 
In addition, the Reshape function is also used to recreate or reorganize the rows and columns. 

import numpy as np 
 

X_train = np.reshape(X_train, (X_train.shape[0], 1, 
X_train.shape[1])) 
X_test = np.reshape(X_test, (X_test.shape[0], 1, X_test.shape[1])) 

Figure 5. Reshape Data 
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Library Import and Model Selection 

The LSTM model is built using the Keras library of tensorflow, with an architecture consisting 
of one LSTM layer and one Dense layer to predict the target variable (RR). The LSTM layer is used to 
handle sequential data, which is suitable for time series prediction such as rainfall. The model is trained 
using the Adam optimizer, which is known for its fast convergence capability in deep learning[25]. 
 

from tensorflow.keras.models import Sequential 
from tensorflow.keras.layers import LSTM, Dense, Input 
from tensorflow.keras.optimizers import Adam 

Figure 6. Library 

 
Initial Hyperparameter Selection 

At the initial stage, several hyperparameters were selected for the LSTM model including the 
number of neurons in the hidden layer (units), batch size, number of epochs, and learning rate. These 
values were determined based on related literature as well as preliminary experimental results that 
showed promising configurations. 
 

def create_model(units=100, learning_rate=0.001): 
    model = Sequential() 
    model.add(Input(shape=(X_train.shape[1], X_train.shape[2]))) 
    model.add(LSTM(units)) 
    model.add(Dense(1)) 
    optimizer = Adam(learning_rate=learning_rate) 
    model.compile(loss='mean_squared_error', optimizer=optimizer) 

    return model 
Figure 7. Initial Hyperparameter 

 
The LSTM model is built using Keras with a Sequential approach. This model consists of one 

LSTM layer and one Dense layer with one neuron to generate rainfall prediction. The model uses the 
Adam optimizer, which is a gradient-based optimization algorithm commonly used to accelerate the 
convergence of neural network model training. 

 
Loss Function and Optimizer Selection 

The loss function used is the Mean Squared Error (MSE), which is a common metric in 
regression problems. This function is used to measure how much difference there is between the 
predicted value of the model and the actual value of the rainfall data of interest[26]. 
 

model.compile(loss='mean_squared_error', optimizer=optimizer) 

Figure 8. Loss Function 

 
Training, Validation and Hyperparameter Optimization 
a. Hyperparameter Optimization with Grid Search 

Hyperparameter optimization is performed to find the best combination of parameters such 
as number of neurons (units), batch size, number of epochs, and learning rate. The Grid Search method 
is used to brute-force try various hyperparameter combinations. Grid Search tests all predefined 
hyperparameter combinations in the parameter space and selects the combination that gives the best 
prediction results (lowest MSE). This process is extensive and time-consuming, but provides a complete 
picture of how each parameter combination affects the model performance. 
 

from scikeras.wrappers import KerasRegressor 
from sklearn.model_selection import GridSearchCV 
 



    p-ISSN 2337-8646    e-ISSN 2721-561X 
 

 JTI C.I.T, Vol. 16, No. 6,  January 2024: 405-414 

411 

model = KerasRegressor( 
    model=create_model,  
    units=100, 
    batch_size=16, 
    epochs=10, 
    learning_rate=0.001,  
    verbose=1  
) 
 
param_grid = { 
    'units': [50, 100, 150], 
    'batch_size': [16, 32, 64], 
    'epochs': [10, 20, 30], 
    'learning_rate': [0.001, 0.01] 
} 
 
grid = GridSearchCV(estimator=model, param_grid=param_grid, n_jobs=1, 

cv=3, verbose=3) 
grid_result = grid.fit(X_train, y_train) 
 

print(f"Best Hyperparameters from Grid Search: {grid_result.best_params_}") 
Figure 9. Hyperparameter Optimization Grid Search 

 
This code uses GridSearchCV to find the optimal combination of hyperparameters. The code 

tries all combinations of the number of neurons, batch size, epochs, and learning rate. After the search 
is complete, the code displays the best hyperparameter combination selected based on the lowest MSE. 

 
b. Hyperparameter Optimization with Bayesian Optimization (Optuna) 

Besides Grid Search, hyperparameter optimization is also performed using Optuna, which is 
a Bayesian Optimization technique. Optuna works more efficiently by narrowing down the 
hyperparameter search based on probability. In this way, Optuna can save search time while still finding 
the best hyperparameter combination. 
 

import optuna 
from sklearn.metrics import mean_squared_error 
 
def objective(trial): 
    units = trial.suggest_int('units', 50, 200) 
    learning_rate = trial.suggest_float('learning_rate', 1e-4, 1e-2, log=True) 
    epochs = trial.suggest_int('epochs', 10, 50) 
     
    model = create_model(units, learning_rate) 
    model.fit(X_train, y_train, epochs=epochs, batch_size=trial.suggest_int('batch_size', 

16, 128), verbose=0) 
     
    pred = model.predict(X_test) 
    mse = mean_squared_error(y_test, pred) 
    return mse 
 
study = optuna.create_study(direction='minimize') 
study.optimize(objective, n_trials=20) 
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best_params_optuna = study.best_params 

print(f"Best Hyperparameters from Optuna: {best_params_optuna}") 
Figure 10. Hyperparameter Optimization Optuna 

 
This code uses Optuna, which is a Bayesian Optimization technique to find the optimal 

hyperparameter combination. Compared to Grid Search, Optuna is more efficient as it uses a 
probabilistic approach. The code displays the best hyperparameters found by Optuna based on the 
lowest MSE. 

 
Discussion 

After hyperparameter optimization is performed using Grid Search and Optuna, the results 
are analyzed to evaluate the comparative effectiveness of each method in improving the accuracy of the 
LSTM model for rainfall prediction. Model performance is measured using Mean Squared Error (MSE) 
and execution time to find out how fast each method finds the optimal hyperparameter. The following 
is a plot image of the output results on the comparison of grid search and Bayesian optimization 
hyperparameter optimization methods with Optuna: 
 

 
Figure 11. Result Evaluation 

 
The following table summarizes the performance results of the two hyperparameter optimization 
methods: 
 

Table 2. Performance MSE 

Method MSE Time 

Grid Search 0.286778 457.689601 

Bayesian Optimization (Optuna) 0.179578 105.256263 

 
This research shows that hyperparameter optimization significantly improves the 

performance of the LSTM model in predicting rainfall. The comparison results between Grid Search 
and Optuna show that Optuna is superior both in terms of accuracy and time efficiency. Grid Search 
produces an MSE of 0.286778 with an execution time of 457.69 seconds, while Optuna produces an MSE 
of 0.179578 with an execution time of 105.26 seconds. This result shows that Optuna can find a better 
hyperparameter configuration in a much shorter time than Grid Search. Overall, the results of this study 
indicate that hyperparameter optimization via Optuna not only improves model accuracy, but also 
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provides significant advantages in terms of execution time. Thus, Optuna proved to be more efficient 
and effective than Grid Search for the task of rainfall prediction using LSTM models. 

The experimental results confirm that hyperparameter optimization significantly enhances 
the predictive accuracy and efficiency of LSTM models. The model optimized with Optuna achieved a 
lower Mean Squared Error (MSE) of 0.179578 with a significantly reduced execution time of 105.26 
seconds, compared to Grid Search, which yielded an MSE of 0.286778 and required 457.69 seconds for 
optimization. These findings align with prior studies, such as those conducted by Fajriyani et al. [5], 
which emphasize the effectiveness of Bayesian optimization in improving deep learning model 
performance. Similarly, Maisat et al. [15] demonstrated that Grid Search, while exhaustive, tends to 
require more computational time without necessarily achieving the best results. The improved accuracy 
and computational efficiency of Optuna suggest its suitability for real-time rainfall prediction 
applications, where rapid and accurate forecasts are crucial for decision-making in agriculture and 
disaster mitigation. 

4. Conclusion 
This study confirms that hyperparameter optimization is essential for improving the accuracy and 
efficiency of rainfall prediction using LSTM models. The results demonstrate that Bayesian 
Optimization (Optuna) is more effective than Grid Search in finding the optimal hyperparameter 
configuration while reducing computational cost. The findings contribute to the ongoing research in 
deep learning-based weather forecasting by providing a comparative evaluation of hyperparameter 
tuning techniques. Future research could explore the integration of additional meteorological variables 
such as air pressure and wind direction or investigate alternative optimization techniques, including 
heuristic-based approaches, to further enhance model performance. The implication of these results is 
an improved rainfall prediction capability that can be applied to weather prediction systems, with great 
impact on disaster mitigation and the agricultural sector. Despite the promising results, this study is 
limited to the use of only two optimization methods and does not address other variations in the LSTM 
structure. For future research, further exploration on other optimization methods and integration with 
other variables that affect rainfall is expected. In addition, the development of more complex LSTM 
models can improve prediction accuracy for real-world applications. 
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