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Abstract 
____________________________________________________________

_______ 

Artificial Neural Networks (ANN) have rapidly developed and are used in forecasting, 
classification, and regression by mimicking how the human brain processes data. 
Recurrent Neural Networks (RNN), such as Long Short-Term Memory (LSTM) and 
Gated Recurrent Unit (GRU), are effective in processing sequential data and handling 
long-term dependencies. Bidirectional LSTM (BiLSTM) and Bidirectional GRU 
(BiGRU) process data in both directions to enhance accuracy. This study evaluates 
the implementation of the Stacking Ensemble method using BiLSTM and BiGRU as 
base learners and Random Forest as the meta learner to predict air temperature in 
Ngawi Regency. Air temperature prediction is crucial as it affects agriculture, health, 
and energy sectors. The data used comprises 2282 records from January 1, 2028, to 
March 31, 2024, processed using Google Colab. The results show that the Stacking 
BiLSTM-BiGRU model with Random Forest provides the best performance with a 
Mean Squared Error of 0.0005, Root Mean Squared Error of 0.0233, Mean Absolute 
Error of 0.0179, and R-squared of 0.9832, outperforming other individual models. This 
study confirms that the Stacking Ensemble method with BiLSTM and BiGRU 
significantly improves air temperature prediction accuracy.  
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1. Introduction 

Artificial Neural Network (ANN) has significantly advanced in recent decades and has been applied in various fields 
such as forecasting, classification, and regression. ANN operates by mimicking the way the human brain processes data 
for tasks like object detection, speech recognition, and decision-making (Mijwel, 2021). One of the key developments in 
ANN is the Recurrent Neural Network (RNN), which is designed to process sequential data and is effective in handling 
long-term dependencies by remembering previous information and using it for forecasting or prediction. 

RNN has evolved into Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) to address the vanishing 
gradient problem. These methods can store information for longer periods and more stably, making them highly effective 
in predicting complex sequential data. LSTM and GRU have further been developed into Bidirectional LSTM (BiLSTM) and 
Bidirectional GRU (BiGRU), which process data in two directions, enhancing prediction accuracy. Research by Liang et al. 
(2021) demonstrates that BiLSTM can predict air temperature better than LSTM, GRU, and RNN. 

Additionally, Ensemble Learning methods, particularly Stacking Ensemble, can improve air temperature prediction 
accuracy. Stacking Ensemble combines predictions from multiple base learners to produce better predictions than 
individual models. In this study, Stacking Ensemble BiLSTM and BiGRU are used to predict air temperature changes as 
an impact of climate change. Research by Ye et al. (2022) and Gu et al. (2022) shows that Stacking Ensemble methods 
provide better prediction results compared to the individual base models. 

Developing countries like Indonesia are vulnerable to the impacts of climate change due to their heavy reliance on 
climate for development, especially in the agricultural sector (Nyasulu et al., 2022). Ngawi, one of the largest rice-producing 
regions in Indonesia, relies heavily on stable air temperatures for crop growth and harvest periods. Unexpected or extreme 
air temperature changes can seriously impact agricultural production. Therefore, a good understanding of air temperature 
patterns in Ngawi will help farmers anticipate and manage risks associated with climate fluctuations. 

This study aims to model air temperature predictions in Ngawi Regency using Stacking Ensemble BiLSTM and BiGRU 
methods. The dataset is trained, validated, and tested to measure the accuracy of these methods compared to the base 
learner methods used in the study. Based on the above descriptions, the authors conducted research on Stacking 
Ensemble Bidirectional LSTM and Bidirectional GRU modeling for air temperature prediction in Ngawi Regency. 

 
2. Method 

2.1. Data dan Variabel Penelitian 

The data used in this study is the daily air temperature data in ngawi regency at longitude: 111.332197 and latitude: 
-7.460987, from january 1, 2018, to march 31, 2024, comprising 2282 data points obtained from the NASA Langley 
Research Center’s POWER Project (https://power.larc.nasa.gov/data-access-viewer/). The variable analyzed in this study 
is the daily air temperature at a height of 2 meters above the ground. The data was cleaned, normalized, and split into 
training data (90%) and testing data (10%). 

2.2. Long Short-Term Memory (LSTM) 

LSTM (Long Short-Term Memory) is an enhancement of Recurrent Neural Network (RNN) designed to address long-
term dependency issues and the vanishing gradient problem (Seabe et al., 2023). LSTM can store past information and 
use it in predictions without losing information (Brownlee, 2017). The LSTM model consists of memory cells and three 
gates: the forget gate, input gate, and output gate. The forget gate determines what information needs to be erased from 
the memory cell, the input gate controls what new information is to be stored, and the output gate decides what information 
will be used for the next output.  The LSTM model operates through a series of gates and a cell state to manage and 
preserve information over long sequences. The mechanism involves four main steps:  

1. Forget Gate: The forget gate decides which information from the previous cell state should be discarded. This is 
achieved through a sigmoid function that outputs a value between 0 and 1. The formula is: 

 𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (1) 

2. Input Gate: The input gate controls the new information that is added to the cell state. It involves two parts: a sigmoid 
layer to decide which values to update and a tanh layer to create new candidate values. The formulas are: 

 𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2) 

 𝐶𝑡̃ = tanh(𝑊𝐶 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) (3) 

3. Update Cell State: The cell state is updated by combining the previous cell state, scaled by the forget gate, and the 
new candidate values, scaled by the input gate. The formula is: 

 𝐶𝑡 = 𝑓𝑡 ⊙𝐶𝑡−1 + 𝑖𝑡 ⊙𝐶𝑡̃ (4) 

4. Output Gate: The output gate determines the next hidden state, which is used for predictions and as input to the next 
time step. It uses a sigmoid function to decide what parts of the cell state to output and a tanh function to scale the 
output. The formulas are: 

 𝒐𝒕 = 𝝈(𝑾𝒐 ∙ [𝒉𝒕−𝟏, 𝒙𝒕] + 𝒃𝒐) (5) 

https://power.larc.nasa.gov/data-access-viewer/
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 𝒉𝒕 = 𝒐𝒕 ⊙ 𝐭𝐚𝐧𝐡⁡(𝑪𝒕) (6) 

 

2.3. Gated Recurrent Unit (GRU) 

Gated Recurrent Unit (GRU), introduced in 2014, is designed to handle sequences of varying lengths and retain past 
information (Chung et al., 2015). Unlike LSTM, which uses multiple gates and memory cells, GRU simplifies the 
architecture by using only an update gate and a reset gate (Song & Choi, 2023). This makes GRU simpler and easier to 
train while achieving similar performance. GRU combines LSTM's forget and input gates into a single update gate and 
uses fewer tensor operations, leading to faster training (Song & Choi, 2023). The GRU model operates through a series of 
gates to manage and preserve information over long sequences. The mechanism involves four main steps:  

1. Reset Gate: The reset gate controls the influence of the previous hidden state. It determines which part of the previous 
hidden state to forget, using the sigmoid function to produce values between 0 and 1. The formula is: 

 𝒓𝒕 = 𝝈(𝑾𝒓 ∙ [𝒉𝒕−𝟏, 𝒙𝒕] + 𝒃𝒓) (7) 

2. Update Gate: The update gate controls the amount of the new input to be added to the cell state. It decides how 
much of the past information needs to be passed along to the future. The formula is: 

 𝒛𝒕 = 𝝈(𝑾𝒛 ∙ [𝒉𝒕−𝟏, 𝒙𝒕] + 𝒃𝒛) (8) 

3. Candidate Memory Vector: The candidate memory vector is updated based on the reset gate's activation and the 
current input. It determines the new candidate values for the cell state, using a tanh activation function. The formula 
is: 

 𝒉𝒕̃ = 𝐭𝐚𝐧𝐡(𝑾 ∙ [𝒓𝒕 ⊙𝒉𝒕−𝟏, 𝒙𝒕]) (9) 

4. Final Output: The final output is obtained by combining the candidate memory vector with the previous hidden state, 
controlled by the update gate. The formula is: 

 𝒉𝒕 = (𝟏 − 𝒛𝒕) ⊙ 𝒉𝒕−𝟏 + 𝒛𝒕 ⊙𝒉𝒕̃ (10) 

2.4. Bidirectional LSTM & Bidirectional GRU 

Bidirectional LSTM (BiLSTM) and Bidirectional GRU (BiGRU) are variants of RNNs that process sequential data in 

both forward and backward directions. This allows the networks to leverage information from both previous and future data 

points during prediction or classification. This feature is particularly useful in tasks where the current context depends on 

both past and future events (Soares & Franco, 2021). In BiLSTM or BiGRU, two layers of LSTM or GRU cells are combined: 

one layer processes the data forward, while the other processes it backward. This bidirectional approach enhances the 

model's ability to understand and interpret complex sequential dependencies. 

2.5. Random Forest 

Random Forest is a machine learning algorithm that uses a combination of several decision trees to make predictions 
that are more accurate and stable (Ao et al., 2019). This algorithm falls under ensemble learning, which combines multiple 
learning models to enhance overall performance. Each decision tree in a random forest is built based on values from 
random vectors that are independently drawn and distributed similarly. 

Random Forest is a well-known implementation of Bagging. In Bagging, multiple data subsets are created through 
bootstrap sampling from the original dataset, allowing some data points to appear more than once in one subset and not 
at all in others. Different models (decision trees) are then built using each bootstrap subset. Since each decision tree is 
trained on a different data subset, the results from all individual models are combined through majority voting for 
classification tasks or averaging for regression tasks (James et al., 2023). 

2.6. Stacking Ensemble 

Stacking is a model that uses base learners to generate metadata for a problem dataset and then employs another 
learner, known as a meta learner, to process this metadata (Kyriakides & Margaritis, 2019). Base learners act as level 0 
learners, while the meta learner functions as a level 1 learner. Essentially, the meta learner is stacked on top of the base 
learners, hence the term "stacking." In a stacking ensemble, the predictions from each base learner are typically combined 
using a meta learner or averaged (Zhang et al., 2023). The Stacking Ensemble model consists of two levels: the first level 
includes two RNNs; sub-model 1 is a BiLSTM (Bidirectional LSTM), and sub-model 2 is a BiGRU (Bidirectional GRU). 

The dataset is divided into two parts: training data (90%) and test data (10%). The training data is used to train the 
level 1 sub-models: BiLSTM and BiGRU. After the initial training phase, the trained level 1 models are used to generate 
predictions that will be used by the level 2 model. The test data is then used for final predictions and accuracy calculations. 

First, the training data is used to train sub-model 1: the BiLSTM model, which has a single LSTM layer processing 
data in both directions, with 50 neurons in that layer. We apply a dropout rate of 0.2 and train the model for 100 epochs. 
Next, we train sub-model 2: the BiGRU model, which also has a single GRU layer processing data in both directions, with 
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50 neurons in that layer, dropout of 0.2, and 100 epochs. After training the BiLSTM and BiGRU models, we use the training 
data to generate predictions from both the BiLSTM and BiGRU models. 

The predictions from BiLSTM and BiGRU are combined into a new training dataset in the form of p × m (where p 
represents the number of predictions and m represents the number of models). This new dataset is used to train the meta-
learner, which is a Random Forest model with 100 decision trees. The meta-learner integrates predictions from the sub-
models. After training the meta-learner, the test data is fed back into the sub-models to generate intermediate test data, 
which the meta-learner uses to make the final predictions. 

 

 

Figure 1 Architecture overview 

 
3. Results and discussions 

In this section, we present the experimental results of the proposed models using daily air temperature data. The 
performance of these models is evaluated using several key metrics, namely Mean Squared Error (MSE), Root Mean 
Squared Error (RMSE), Mean Absolute Error (MAE), and the coefficient of determination (R²). These metrics assess how 
well the models predict daily air temperature and facilitate the comparison of different models. Additionally, the models 
were tested with various window sizes 7 days, 15 days, and 30 days to evaluate the impact of window size on model 
performance. 

The dataset was divided into training data (90%) and test data (10%). The benchmark models compared include 
RNN, LSTM, BiLSTM (Bidirectional LSTM), GRU, BiGRU (Bidirectional GRU), and Stacking LSTM-GRU. All these models 
were trained with the following parameters to ensure a fair comparison: 1 layer, 50 neurons per layer, 100 epochs, a 
learning rate of 0.0005, a batch size of 32, the MSE loss function, and the Adam optimizer. This ensures that the training 
settings for each model are consistent with those used for the Stacking BiLSTM-BiGRU model.Benchmark Models. 

Below is the comparison table of the Stacking BiLSTM-BiGRU model with the benchmark models: 
 

Table 1 Evaluation results 

Evaluation 
Metrics 

method 
Window size 

7 days 15 days 30 days 

MSE 

RNN 0.0038 0.0040 0.0038 

LSTM 0.0035 0.0039 0.0042 

BiLSTM 0.0044 0.0039 0.0037 

GRU 0.0037 0.0045 0.0041 

BiGRU 0.0035 0.0037 0.0043 

Stacking LSTM-GRU 0.0006 0.0006 0.0007 

Stacking BiLSTM-BiGRU 0.0005 0.0006 0.0006 

RMSE 
RNN 0.0616 0.0630 0.0620 

LSTM 0.0588 0.0621 0.0646 
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BiLSTM 0.0666 0.0625 0.0608 

GRU 0.0611 0.0674 0.0642 

BiGRU 0.0595 0.0605 0.0659 

Stacking LSTM-GRU 0.0253 0.0246 0.0269 

Stacking BiLSTM-BiGRU 0.0233 0.0239 0.0247 

MAE 

RNN 0.0477 0.0487 0.0476 

LSTM 0.0453 0.0480 0.0500 

BiLSTM 0.0526 0.0480 0.0471 

GRU 0.0472 0.0523 0.0497 

BiGRU 0.0460 0.0468 0.0508 

Stacking LSTM-GRU 0.0193 0.0188 0.0208 

Stacking BiLSTM-BiGRU 0.0179 0.0187 0.0190 

R² 

RNN 0.8885 0.8870 0.8963 

LSTM 0.8987 0.8902 0.8873 

BiLSTM 0.8697 0.8888 0.9002 

GRU 0.8904 0.8708 0.8886 

BiGRU 0.8961 0.8959 0.8827 

Stacking LSTM-GRU 0.9803 0.9819 0.9796 

Stacking BiLSTM-BiGRU 0.9832 0.9830 0.9829 

 
 

Consistent with the research of Ye et al. (2022) and Gu et al. (2022), this study also found that Stacking Ensembles 

produced better predictions than individual base models In contrast to the research of Liang et al. (2021) which only 

compares BiLSTM with LSTM, GRU, and RNN. In this study, Stacking BiLSTM-BiGRU was compared with Stacking LSTM-

GRU, BiGRU, GRU, BiLSTM, LSTM, and RNN. It was found that Stacking BiLSTM-BiGRU produced the best predictions, 

as shown in Table 1. It demonstrated the lowest errors in terms of MSE, RMSE, and MAE, signaling more accurate and 

stable predictions. The R² value close to 1 further suggests that the Stacking BiLSTM-BiGRU model effectively explains 

most of the variability in the daily air temperature data. 

The results also reveal that window size has a significant impact on model performance. The window size determines 

how much historical data is used to make predictions for the next day. Smaller window sizes, such as 7 days, capture 

short-term trends, while larger window sizes, such as 30 days, capture long-term trends. The Stacking BiLSTM-BiGRU 

model exhibited stability across different window sizes, maintaining high accuracy regardless of the window size. In 

contrast, models such as RNN, LSTM, and GRU showed considerable performance variations with changes in window 

size. For example, the performance of the RNN model fluctuated notably, with increased errors and lower R² values as the 

window size grew. LSTM and GRU models also displayed variability, indicating that their ability to generalize was 

influenced by the window size. 

For a more detailed visualization of these comparison results, Figure 2 presents graphs comparing evaluation metrics 

for various window sizes. This figure provides an intuitive view of each model's performance under different conditions, 

helping to identify the most optimal model for predicting daily air temperature. 
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(a) Window size 7 

 

(b) Window size 15 

 

(c) Window size 30 

Figure 2 Comparison plot of air temperature predictions in Ngawi 



 Oktaviani & Kharisudin/UNNES Journal of Mathematics 13 (2) (2024) 

   

7 

4. Conclusion 

This study evaluated the performance of various machine learning models, including RNN, LSTM, BiLSTM, GRU, 
BiGRU, Stacking LSTM-GRU, and Stacking BiLSTM-BiGRU, for daily air temperature prediction tasks in Ngawi Regency. 
The Stacking BiLSTM-BiGRU model emerged as the most effective, consistently delivering the lowest errors in terms of 
MSE, RMSE, and MAE. Its R² value close to 1 underscores its strong ability to explain the variability in daily air temperature 
data, making it a highly reliable choice for accurate and stable predictions. 

Additionally, the study revealed the significant impact of window size on model performance. Smaller window sizes, 
such as 7 days, were effective at capturing short-term trends and rapid changes in temperature data. In contrast, larger 
window sizes, such as 30 days, were better at capturing long-term trends and more stable patterns. The Stacking BiLSTM-
BiGRU model exhibited exceptional stability across various window sizes, maintaining high performance regardless of the 
window size used. This demonstrates its superiority in handling variations in historical data. 

Conversely, models such as RNN, LSTM, and GRU showed significant performance fluctuations with changes in 
window size, indicating that their effectiveness is more sensitive to the choice of window size. For instance, the RNN model 
experienced increased errors and decreased R² values as the window size grew, while LSTM and GRU models also 
displayed variability in their generalization capabilities. 

Overall, these findings highlight the effectiveness of the Stacking BiLSTM-BiGRU model in providing accurate 
temperature predictions and its robustness against window size variations. The results suggest that Stacking BiLSTM-
BiGRU is a superior model for daily air temperature prediction with high precision. Future work could explore further 
optimizations and test additional configurations to enhance model performance even more, such as adjusting model 
architectures, exploring a wider range of window sizes, and integrating advanced data preprocessing techniques.. 
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