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Abstract 

 
Palm oil production in Riau Province fluctuates due to seasonal factors and complex temporal patterns, making accurate 

forecasting with conventional statistical methods challenging. This study aims to compare the performance of six deep 

learning architectures Long Short-Term Memory (LSTM), Bidirectional LSTM (Bi-LSTM), Stacked LSTM, Gated 

Recurrent Unit (GRU), Bidirectional GRU (Bi-GRU), and Stacked GRU in predicting monthly palm oil production and 

identifying the most effective model. Two datasets obtained from PT Perkebunan Nusantara (PTPN) and Badan Pusat 

Statistik (BPS), covering the period from 2014 to 2023, were employed in this study. All models were evaluated using Mean 

Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage 

Error (MAPE). The experimental results demonstrate that the GRU model consistently outperformed the other 

architectures, achieving the highest prediction accuracy of 95.84% and the lowest MAPE of 4.16% on the BPS dataset, 

while also producing the best overall performance on the PTPN dataset. These findings indicate that the research objective 

was successfully achieved and demonstrate that GRU provides a reliable, computationally efficient approach for 

forecasting palm oil production with limited time-series data. The proposed comparative evaluation provides practical 

insights for selecting appropriate deep learning architectures to support production planning and decision-making in the 

plantation sector. 
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1. INTRODUCTION 

Indonesia is an agrarian country with the plantation sector as one of the main pillars of the national 

economy [1][2]. Palm oil is a strategic commodity due to its contribution to the Gross Domestic Product (GDP), 

employment, and export earnings [3][4]. Based on data from the Badan Pusat Statistik (BPS), Indonesia's palm 

oil production in 2023 will reach around 47 million tons, making Indonesia the world's largest palm oil 

producer [5]. This confirms the importance of palm oil for the national economy and Indonesia's position in 

the global market. Riau Province is the largest palm oil producer in Indonesia, contributing around 9.22 million 

tons or 19.6% of total national production [6]. The magnitude of this contribution means that fluctuations in 

palm oil production in Riau have a direct impact on the stability of domestic supply, the price of crude palm 

oil (CPO), and the national export policy [7][8]. Therefore, palm oil production forecasts in this province are 

very important for the government and industry players in managing supply and distribution chains. Accurate 

forecasting is essential not only for production planning but also for inventory management, export policy 

formulation, investment planning, and maintaining the stability of the national palm oil supply chain. 

Inaccurate forecasts may lead to production inefficiencies, financial losses, and suboptimal policy decisions 

[9]. 

However, palm oil production in Riau Province fluctuates from year to year. This variability is 

influenced by factors such as rainfall, temperature, soil conditions, plant age, planting area, maintenance 

practices, and plantation management [10]. These factors cause production data to exhibit seasonal 

characteristics, long-term trends, and complex nonlinear relationships, making it difficult to predict accurately 
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with conventional methods [11]. Badan Pusat Statistik (BPS) provides official and consistent historical data on 

palm oil production, but this data is generally aggregated and does not include additional explanatory variables. 

The main challenge is how to leverage this limited time-series data to generate accurate predictions. Palm oil 

production predictions are urgently needed by the industry for factory capacity planning and supply 

management, as well as by the government to support export policies, price stabilization, and food security 

planning [12]. 

Conventional statistical methods, such as linear regression and Autoregressive Integrated Moving 

Average (ARIMA), are often unable to capture non-linear, seasonal, and long-term dependency patterns in 

palm oil production data [13][14]. Palm oil production time series data has a lag effect characteristic, whereby 

production in a given period is influenced by production in the previous period [12][15]. This condition requires 

the use of a more adaptive modeling approach that is capable of learning data patterns in depth. 

Advances in deep learning have enabled more effective modeling of complex time-series data than 

conventional statistical methods. Among various deep learning techniques, Long Short-Term Memory (LSTM) 

and Gated Recurrent Unit (GRU) have become two of the most widely adopted recurrent neural network 

architectures for forecasting tasks because they are specifically designed to capture long-term temporal 

dependencies while overcoming the vanishing gradient problem commonly encountered in standard RNNs 

[16][17]. LSTM employs memory cells and gating mechanisms that enable the model to retain important 

information over long sequences, making it suitable for data characterized by seasonal fluctuations and 

nonlinear relationships[18]. Meanwhile, GRU utilizes a simpler gating structure with fewer trainable 

parameters, resulting in lower computational complexity and faster training while maintaining competitive 

predictive performance [19]. Previous studies have demonstrated the effectiveness of LSTM and GRU in 

various forecasting applications, including agricultural production, commodity prices, and other nonlinear 

time-series problems [20], [21]. In addition to the basic architecture, the development of models such as 

Bidirectional LSTM (Bi-LSTM), Stacked LSTM, Bidirectional GRU (Bi-GRU), and Stacked GRU enables 

deeper and more comprehensive modeling of complex production patterns [22][20]. Therefore, these 

architectures were selected for this study to evaluate their ability to model monthly palm oil production data 

and to identify the most suitable architecture for limited agricultural time-series datasets. 

Several previous studies have successfully applied machine learning and deep learning methods, 

including Support Vector Regression (SVR), Long Short-Term Memory (LSTM), and Gated Recurrent Unit 

(GRU), for forecasting agricultural commodities. In Indonesia, LSTM has been reported to outperform 

Artificial Neural Networks (ANN) in modeling crude palm oil production [21], while studies on crude palm 

oil price forecasting have shown that GRU is effective in capturing complex temporal patterns with relatively 

low computational complexity [23]. These findings demonstrate the potential of deep learning architectures for 

modeling nonlinear agricultural time-series data. However, previous studies on palm oil forecasting have 

predominantly focused on either production prediction using a single deep learning architecture or crude palm 

oil price forecasting. In addition, comprehensive comparisons of advanced variants, such as Bidirectional 

LSTM (Bi-LSTM), Stacked LSTM, Bidirectional GRU (Bi-GRU), and Stacked GRU, remain limited, 

particularly for monthly palm oil production using official datasets from Riau Province. Therefore, there 

remains a lack of empirical evidence on the most suitable deep learning architecture for forecasting palm oil 

production from limited agricultural time-series data. To address this gap, this study systematically compares 

six LSTM- and GRU-based architectures using two official monthly production datasets obtained from PT 

Perkebunan Nusantara (PTPN) and Badan Pusat Statistik (BPS). Unlike many previous studies, all models are 

evaluated using identical preprocessing procedures, hyperparameter settings, and evaluation metrics to ensure 

an objective comparison. This comparative evaluation provides empirical evidence on the relative performance 

of advanced LSTM- and GRU-based architectures under identical experimental settings, thereby providing 

practical guidance for selecting appropriate deep learning models for palm oil production forecasting with 

limited time-series data. 

 

2. MATERIAL AND METHOD 

This study adopts a quantitative approach using time-series forecasting techniques. The sequence of 

research stages is illustrated in Figure 1, which presents a structured workflow of the study. The diagram 

outlines the process systematically, beginning with data collection and preprocessing, then the modeling phase, 

and concluding with model performance evaluation.  

 

2.1. Planning Stage 

The research begins by identifying the issue of fluctuating palm oil production and establishing the 

objective of comparing LSTM- and GRU-based models. Subsequently, a literature review is conducted to 

determine the most suitable modeling techniques and evaluation methods to apply. 
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Figure 1. Research Methodology 

 

2.2. Data Collection Stage 

The data collection stage involved compiling historical monthly palm oil production data from two 

sources. The first dataset was obtained from PT Perkebunan Nusantara (PTPN) with a total of 120 records for 

the period January 2014 to December 2023, and the second dataset was obtained from the Badan Pusat Statistik 

(BPS) with the same range, namely the period January 2014 to December 2023, covering 120 records of 

monthly palm oil production. All data were collected in a monthly time series to support modeling and 

forecasting of palm oil production. 

 

 

Figure 1. Visualization of the Entire PTPN Dataset 

 

Figure 2 shows a visualization of the entire PTPN dataset, which shows monthly palm oil production 

from 2014 to 2023, which fluctuates from month to month, reflecting the influence of seasonal factors, weather 

conditions, and plantation management practices. 

 

 

Figure 2. Visualization of the Entire BPS Dataset 

 

Figure 3 also displays a visualization of the entire dataset from BPS. This data illustrates monthly palm 

oil production from 2014 to 2023, with fluctuations occurring between months due to seasonal influences, 

weather conditions, and plantation management. 
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2.3. Data Preprocessing Stage 

Data preprocessing is conducted to ensure the dataset quality prior to modeling. This process includes 

checking for missing values, identifying and removing duplicate entries, and organizing the data to maintain a 

proper chronological time series structure. Subsequently, the data is normalized using the Min-Max Scaler 

within the range of [0, 1] to enhance model learning stability. Finally, the dataset is partitioned using a time-

based splitting approach into training, validation, and testing sets to preserve temporal dependencies and avoid 

information leakage. 

 

2.4. Deep Learning Models 

This study applies deep learning, a subfield of machine learning that leverages multi-layer neural 

network architectures to capture complex data representations and generate accurate predictions [23][24]. In 

particular, a Recurrent Neural Network (RNN) framework is adopted as the primary approach due to its 

capability to process sequential data, such as time series, through feedback connections [23]. However, 

standard RNNs have limitations in learning long-term dependencies because of the vanishing gradient problem 

[25]. To overcome this limitation, advanced architectures such as Long Short-Term Memory (LSTM) and 

Gated Recurrent Unit (GRU) are applied, as they use gating mechanisms to preserve key temporal information 

and facilitate better modeling of complex patterns [26].  

LSTM employs three primary gates, namely input, forget, and output gates, to capture long-term 

dependencies and serves as the baseline model in this study [19]. Its extended variants include Bidirectional 

LSTM (Bi-LSTM), which processes sequences in both forward and backward directions to capture richer 

temporal context [27][28], and Stacked LSTM, which consists of multiple layers to improve the model’s ability 

to learn complex and nonlinear relationships [29][30]. Similarly, GRU is a more streamlined version of LSTM 

with fewer parameters, using update and reset gates to control information flow while maintaining 

computational efficiency [31]. Its variants include Bidirectional GRU (Bi-GRU), which enhances contextual 

understanding through bidirectional processing [32][33], and Stacked GRU, which increases model depth to 

better capture intricate temporal features [34][35]. 

These LSTM- and GRU-based architectures are implemented to capture both short- and long-term 

dependencies in monthly palm oil production data, which exhibit nonlinear patterns, seasonal variations, and 

long-term trends. The comparative analysis of these models is conducted to determine the most effective 

architecture for achieving accurate predictions. 

 

2.5. Optimizer 

The optimizer plays a crucial role in controlling the weight update process in deep learning models, 

enabling the minimization of prediction errors during training [36]. In this study, the Adaptive Moment 

Estimation (Adam) optimizer is used for its ability to adaptively adjust the learning rate throughout the training 

process. The application of Adam facilitates faster, more stable convergence when training LSTM- and GRU-

based models on highly volatile monthly palm oil production data, thereby improving error reduction and 

overall model performance. 

 

mt = 1 mt-1 + (1 - 1). 𝑔t          (1) 

 

vt = 2 vt-1 + (1 - 2). 𝑔t
2         (2)

 

 

2.6. Hyperparameter 

Hyperparameter selection is a critical stage in the modeling process, as it significantly influences the 

performance and stability of the prediction model [37]. These hyperparameters govern key aspects of the neural 

network’s learning process, including the number of neuron units, layers, batch size, epochs, and activation 

functions. In this study, all models are configured with 120 units, 150 epochs, a batch size of 16, and the ReLU 

activation function. These settings are applied consistently across all architectures to ensure a fair and unbiased 

comparison. Specifically, the standard LSTM and GRU models use a single layer, whereas their Bidirectional 

and Stacked variants use two layers, allowing the models to better capture temporal patterns while maintaining 

training stability. 

 

2.7. Model Evaluation 

The performance evaluation of the models in this study assessed the ability of LSTM, Bi-LSTM, 

Stacked LSTM, GRU, Bi-GRU, and Stacked GRU architectures to predict monthly palm oil production. The 

evaluation process used test data that were not used in the training stage, so the evaluation results reflected the 

model's generalization to new data. Model performance was measured using four evaluation metrics, namely 

Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean 

Absolute Percentage Error (MAPE). These four metrics were used to provide a comprehensive overview of the 
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prediction error rate, expressed as squared error, mean absolute error, and relative error as a percentage. The 

model with the lowest error is declared the best for predicting palm oil production. 

 

3. RESULT AND DISCUSSION 

This study evaluates the performance of six deep learning architectures, namely LSTM, Bi-LSTM, 

Stacked LSTM, GRU, Bi-GRU, and Stacked GRU, in forecasting monthly palm oil production using two 

datasets (BPS and PTPN). Model evaluation is carried out using MSE, RMSE, MAE, and MAPE as 

performance metrics. Table 1 summarizes the comparative results of all evaluated models.  

 

Table 1. Model Evaluation Result 

Dataset Architecture Accuracy MSE RMSE MAE MAPE 

BPS 

LSTM 92.00% 5305.00 72.84 65.33 8.00% 

Bi-LSTM 91.83 % 5623.83 74.99 66.83 8.17 % 

Stacked LSTM 90.47 % 8006.67 89.48 79.33 9.53 % 

GRU 95.84 % 1810.67 42.55 33.67 4.16 % 

Bi-GRU 91.84 % 5558.33 74.55 67.00 8.16 % 

Stacked GRU 92.54 % 5022.50 70.87 60.83 7.46 % 

PTPN 

LSTM 89.85 % 1099.17 33.15 28.17 10.15 % 

Bi-LSTM 90.13 % 1003.00 31.67 26.67 9.87 % 

Stacked LSTM 89.61 % 1093.33 33.07 28.00 10.39 % 

GRU 92.57 % 596.67 24.43 20.33 7.43 % 

Bi-GRU 89.56 % 1060.50 32.57 27.83 10.44 % 

Stacked GRU 90.97 % 840.17 28.99 24.83 9.03 % 

 

Table 1 shows that the GRU model consistently achieved the best performance across both datasets, 

obtaining the highest accuracy and the lowest MSE, RMSE, MAE, and MAPE values among all evaluated 

architectures. On the BPS dataset, GRU achieved an accuracy of 95.84% with a MAPE of 4.16%, while on the 

PTPN dataset, it achieved an accuracy of 92.57% with a MAPE of 7.43%. In general, all models performed 

better on the BPS dataset than on the PTPN dataset, indicating that the BPS data exhibit more learnable 

temporal patterns. Furthermore, the Bidirectional and Stacked variants did not consistently outperform the 

baseline LSTM and GRU models, suggesting that the additional architectural complexity did not provide 

significant advantages for the relatively limited monthly palm oil production datasets used in this study. These 

findings are further supported by the accuracy comparison in Figure 3, which consistently shows the GRU 

model's superior performance. To further demonstrate the GRU model's performance, Figures 4 and 5 compare 

predicted values with actual observations for both datasets. 

 

 

Figure 3. Comparison Accuracy 

 

The prediction results shown in Figures 4 and 5 further confirm the superior performance of the GRU 

model, as the predicted values closely follow the actual production trends in both the BPS and PTPN datasets. 

This performance can be attributed to the simpler gating mechanism of GRU, which requires fewer trainable 

parameters than LSTM while remaining effective in capturing long-term temporal dependencies. Given that 

the datasets consist of only 120 monthly observations, the lower model complexity of GRU may reduce the 

risk of overfitting and enable more efficient learning of temporal patterns. In contrast, the Bidirectional and 

Stacked architectures introduce additional network complexity that generally requires larger datasets to fully 

exploit their representational capacity, which may explain why these variants did not consistently outperform 

the baseline models in this study. These findings are consistent with previous studies by Ulama et al. [21] and 
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Tardini and Suharjito [23], which reported that LSTM- and GRU-based models are effective for palm oil 

forecasting, with GRU offering competitive predictive performance while maintaining lower computational 

complexity. From a practical perspective, these results suggest that the GRU model is a suitable approach for 

forecasting monthly palm oil production using limited agricultural time-series data and can support production 

planning, inventory management, and decision-making in the plantation sector. 

 

 

Figure 4. GRU Model Prediction on BPS Dataset Test Data 

 

 

Figure 5. GRU Model Prediction on PTPN Dataset Test Data 

 

4. CONCLUSION 

This study aimed to compare the performance of six LSTM- and GRU-based deep learning architectures 

in forecasting monthly palm oil production in Riau Province using limited time-series data from the BPS and 

PTPN datasets. The experimental results demonstrate that the GRU model consistently outperformed the other 

architectures by achieving the highest prediction accuracy and the lowest forecasting errors across both 

datasets. These findings indicate that GRU is highly effective in capturing temporal dependencies and seasonal 

patterns while maintaining efficient learning on limited datasets. Unlike many previous studies that evaluated 

only a single architecture or dataset, this study provides a comprehensive comparison of six deep learning 

architectures under identical preprocessing procedures, hyperparameter settings, and evaluation metrics, 

thereby contributing empirical evidence for selecting an appropriate forecasting model for palm oil production. 

The findings offer practical insights for supporting production planning, supply chain management, and 

decision-making in the agricultural sector. Future research may investigate the integration of additional 

explanatory variables, larger datasets, or hybrid deep learning models to further improve forecasting accuracy 

and model generalization.. 
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