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Abstract: The application of time-series analysis in agricultural yield forecasting has gained much attention in recent years 
with the use of machine learning models. However, the utilization of Python-based time-series models for predicting oil palm 
yield remains limited. This study aims to explore the potential of two Python-based time-series models, Neural Prophet and 
Facebook Prophet, as alternatives to the conventional Autoregressive Integrated Moving Average (ARIMA) model for oil 
palm yield prediction. The study utilized historical yield data from two oil palm estates, Estate A and Estate B, covering a total 
of 100 data points from 2015 to 2022 on a monthly basis. The results demonstrate that the Neural Prophet and Prophet models 
outperformed the ARIMA model in terms of predictive accuracy. For Estate A, the Neural Prophet model achieved the highest 
accuracy, with a Mean Absolute Error (MAE) of 0.16, a Root Mean Square Error (RMSE) of 0.18, and a Mean Absolute 
Percentage Error (MAPE) of 0.14. Similarly, in Estate B, the Neural Prophet model obtained an MAE of 0.17, an RMSE of 
0.21, and a MAPE of 0.10. The superior performance of the Neural Prophet model can be attributed to its ability to capture the 
complex patterns and nonlinear relationships inherent in the time-series data, owing to the adoption of deep learning principles. 
The fast implementation and robust forecasting capabilities of the Neural Prophet and Fb Prophet models make them viable 
alternatives to the conventional ARIMA model for oil palm yield prediction. The time-series predictive models developed in 
this study can assist plantation management in making informed decisions concerning yield forecasting, which is crucial for 
effective management of inputs, ultimately leading to cost optimization and enhanced sustainability in oil palm cultivation.  
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1. INTRODUCTION 
Oil palm, Elaeis guineensis, is a valuable cash crop that is important for the production and demand of foods, supplying about 
40% of all traded vegetable oil [1]. Generally, palm oil can be used to make cooking oil, which is a source of foods that are 
quite demanding for those people who live in low-income countries since the price for palm oil is relatively low compared to 
other vegetable oils [2]. Besides, oil palm cultivation is much more productive than other vegetable oil crops because one 
hectare of oil palm planting typically generates 3.3 tonnes per hectare, which is significantly four to eight times higher than 
other vegetable oil crops such as soybean, rapeseed and sunflower [3]. The prediction of oil palm yield plays an important role 
in optimising the production for plantation management. Accurate yield forecasting is crucial for sustaining oil palm 
production, particularly in the face of environmental factors like extreme weather events such as El Niño [4]. The shifting of 
climate conditions has exacerbated production and led to declines in oil palm yield [5]. Therefore, conducting rapid yield 
forecasting is essential for effectively monitoring the dynamic changes in oil palm yield. 
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In recent years, the application of time-series analysis in agricultural yield prediction has gained significant attention due 
to its ability to capture temporal dependencies and patterns inherent in the data [6], [7], [8]. Autoregressive Integrated Moving 
Average (ARIMA) is the common model used in agricultural applications, especially crop yield prediction [9], [10]. The recent 
development of time series forecasting for agricultural yield prediction mainly focuses on advanced machine learning and 
optimised hybrid time-series models. The XGBoost and ARIMA models were used to forecast annual rice production in 
Bangladesh from 1961 to 2020 [11]. The results showed that the XGBoost model outperformed the ARIMA model, with the 
Mean Absolute Percentage Error (MAPE) of the test set being 5.38% for XGBoost compared to 7.23% for ARIMA. [12] 
proposed a Genetic Algorithm (GA)-based ARIMA model to predict crop yield. Results show that the GA-based ARIMA 
model achieved superior performance compared to the Reinforced Random Forest Algorithm (RRFA) model, with a Mean 
Absolute Error (MAE) of 0.80%, Root Mean Square Error (RMSE) of 3.75%, and overall accuracy of 80%.  

Time-series Python libraries have demonstrated considerable efficacy in forecasting tasks and are extensively applied 
across various fields [13], [14], [15]. Using the time-series Python library for time series forecasting offers distinct advantages 
compared to traditional models such as ARIMA and machine learning-based approaches. This library provides a more user-
friendly and streamlined implementation process, making it accessible to researchers and practitioners with varying levels of 
technical expertise. In addition, a time-series Python library creates a model that is able to handle the burden of manual feature 
engineering and enhance the accuracy of predictions across various domains. Their flexibility in capturing complex patterns, 
including nonlinear trends and sudden changes, surpasses the capabilities of traditional models. The comparison of Fb Prophet 
and ARIMA were made on the time-series forecasting of coronavirus disease [16]. The Fb Prophet model has higher accuracy 
in forecasting coronavirus disease for confirmed cases, with 91% precision. In comparison, the ARIMA model has the lowest 
accuracy, with 26% for the confirmed cases. The Fb Prophet model was applied to evaluate the predicted growth of wheat 
yield on historical data [17]. The result showed that the Fb Prophet model achieved the highest accuracy with a MAPE of 
10.03% and an RMSE of 0.39 for summer wheat prediction when using yearly seasonality.  

Recent studies focus on enhancing time-series Python-based model, particularly in deep learning, which has been proven 
to be effective in predicting the forecasting tasks in several fields [18] [19]. A study aimed at predicting ozone concentration 
was conducted using both the Prophet and Neural Prophet models [20]. The findings revealed that the Neural Prophet model 
significantly outperformed the traditional Prophet model, achieving a 70% improvement in accuracy. Specifically, the Neural 
Prophet model exhibited a Mean Absolute Error (MAE) of 1.97, a Mean Absolute Percentage Error (MAPE) of 6.41, and a 
Root Mean Square Error (RMSE) of 2.75. In contrast, the Prophet model recorded a MAE of 7.07, an MAPE of 21.85, and an 
RMSE of 7.38. Although few studies have adopted this approach, the studies on crop yield forecasting tasks are still limited 
by lack of experimentation and less adoption of advanced techniques. The study aims to address the gap in the application of 
advanced Python-based-time series models for predicting oil palm yields. We proposed neural prophet, a deep learning 
approach that enhances forecasting capabilities compared to traditional methods like ARIMA. The performance of this 
technique was subsequently evaluated and compared with ARIMA and Fb Prophet models. By optimizing a time-series 
predictive model specifically for oil palm yield forecasting, this study provides a robust framework that can assist plantation 
management in improving resource management and sustainability in oil palm cultivation. 

2. MATERIALS AND METHODS 

2.1 Study Area and Data 
The study area (Figure 1) is located in two research plantations in Jerantut district, and it is within the state of Pahang, one of 
the states in Peninsular Malaysia. The historical yield data was recorded on a monthly basis and provided by the plantation 
management from 2015 to 2022. Yield data comprises two estates (Estates A and B), which have been used to develop time-
series models for the latter prediction.  

 
Figure 1. Study area. 
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2.2 Overall Methodology 
The study begins with data input, where historical oil palm yield data from Estate A and B was collected. Next, in the pre-
processing stage, the time series was plotted, and the autocorrelation function (ACF) and partial autocorrelation function 
(PACF) were analyzed. An Augmented Dickey-Fuller (ADF) test was then conducted to check for stationarity. In the 
processing stage, various models, including Neural Prophet, Facebook Prophet and ARIMA, were developed based on the pre-
processed data. Finally, the models were evaluated for their performance and the prediction was made to forecast for the next 
12-month period. The overall process (Figure 2) consists of data input, pre-processing, model development and evaluation. 

2.3 Pre-processing 
Checking the stationarity of the data is an important step when working with time series data before proceeding with any type 
of modelling. It is crucial that the data exhibits stationarity, which means that the mean, variance, and autocorrelation structure 
remain constant over time. Ensuring the absence of trends or seasonality in the data is necessary to avoid obtaining spurious 
results when forecasting time series. Plotting the time series can provide visual indications of patterns, trends and seasonality. 
An Augmented Dickey-Fuller test (ADF) was used to check for stationarity. The ADF test is a statistical test that examines the 
presence of a unit root in the data, which indicates non-stationarity [21]. It evaluates the null hypothesis that the data has a unit 
root against the alternative hypothesis of stationarity. By calculating the ADF test statistics and comparing it to critical values, 
we can determine the stationarity of the data. If the p-value associated with the test is below a specific significance level (e.g., 
0.05), we reject the null hypothesis and conclude that the data is stationary. If the data is non-stationary, it can be transformed 
into a stationary form through differencing. Besides, Autocorrelation Function (ACF) and Partial Autocorrelation Function 
(PACF) plots were generated and tested using monthly yield data in this analysis. The ACF plot measures the correlation 
between observations of a time series at different time lags. This can help identify the presence of any underlying patterns or 
dependencies within the data. The PACF plot shows the partial correlation between observations of a time series at different 
lags after removing the influences of the shorter lag periods. This helps to identify the direct relationship between observation 
and its lagged values. 

2.4 Model Development 

2.4.1 Neural Prophet 
Neural Prophet is an advanced time-series forecasting Python package that builds on top of PyTorch and acts as an extension 
for the Facebook Prophet package developed by Facebook [22]. It uses a deep learning principle that combines artificial neural 
networks with the autoregressive model. It offers additional features such as automated differencing, enhancing the capabilities 
of Facebook's Prophet. Furthermore, it also leverages external variables and their future values to enhance forecast accuracy. 
By incorporating additional components such as regressive, autoregressive and lag terms, Neural Prophet is able to effectively 
capture underlying patterns present in crop data, including those involving more complex relationships [23]. The working 
mechanism of the Neural Prophet is presented in Equation (1):  

 
 ( ) ( ) ( ) ( ) ( ) ( )tY T t S t E t F t A t L t= + + + + +  (1) 
 
where 𝛵𝛵(𝑡𝑡) is trend at time, 𝑆𝑆(𝑡𝑡) is seasonal effect at time, 𝐸𝐸(𝑡𝑡) is event and holiday effect at time, 𝐹𝐹(𝑡𝑡) is regression effect,  
𝐴𝐴(𝑡𝑡) is autoregression effects and  𝐿𝐿(𝑡𝑡) is lag effect. 

The model was trained for 250 epochs, and the learning rate was set to 0.01, which enhances the convergence and improves 
overall training performance. Various combinations of epochs and learning rates were evaluated through a systematic trial-
and-error procedure to identify the values that produced optimal performance. Adam optimizer was used to optimize the 
performance of the Neural Prophet model during the training process, integrating weight decay regularization with the 
optimization process to prevent overfitting [24]. The formula for the Adam optimizer is written in Equation (2). 
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Figure 2. Methodology flowchart. 
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where 𝑤𝑤𝑡𝑡  represents the update to the weights at time step 𝑡𝑡, n denotes the learning rate, 𝑚𝑚𝑡𝑡 represents the first-order moment 
estimate of the gradients at time step 𝑡𝑡, 𝑢𝑢�  represents the exponentially decaying average of the squared gradient at time step 𝑡𝑡, 
𝑣𝑣𝑡𝑡  represents the exponentially decaying average of squared weights at time step 𝑡𝑡, 𝜆𝜆 represents the weight decay coefficient, 
and 𝜖𝜖 is a small value introduced for ensuring numerical stability. 

2.4.2 Facebook Prophet (Fb Prophet) 
Fb Prophet is an open-source library built by Facebook's core data science team in 2017 for time series forecasting [25]. The 
Fb Prophet approach is able to deal with missing data, outliers, and seasonality. Because of its simplicity and automatic process, 
the Fb Prophet approach recently gained popularity and has proven to develop a good time-series model, which has widely 
been applied in various fields [26], [27]. The Fb Prophet model includes several key components, such as trends, seasonality 
and holiday effects, that give it flexibility and predictive power. The Fb Prophet model can be represented mathematically in 
the Equation (3). 
 ( ) ( ) ( )t tY g t s t h t ε= + + +  (3) 
 
where 𝑔𝑔(𝑡𝑡) describes a piecewise linear or logistic growth curve for modelling non-periodic changes in time series trend, 
𝑠𝑠(𝑡𝑡) is periodic changes in weekly or yearly seasonality, ℎ(𝑡𝑡) is the holiday effects as simple dummy variables, and 𝜀𝜀𝑡𝑡 is a 
white noise error term. 

2.4.3 ARIMA 
The ARIMA model is a widely used statistical technique for time series analysis and forecasting [28]. The ARIMA model 
combines three components: autoregression (AR), differencing (I), and moving average (MA). The AR component models the 
relationship between the current observation and past observations, capturing the autocorrelation structure of the time series. 
The differencing (I) component is used to remove trends or seasonality and achieve stationarity in the time series. The MA 
component accounts for the impact of past forecast errors on the current observation, capturing short-term fluctuations. The 
ARIMA model is denoted as ARIMA (p, d, q), where the parameters p, d, and q represent the orders of the AR, differencing, 
and MA components, respectively. These parameters are determined based on the characteristics of the time series, such as the 
autocorrelation structure and the presence of trends or seasonality. The equation of ARIMA is shown as follows: 

 
 1 1 2 2 1 1 2 2t t t p t p t t t q t qY a Y Y Yβ β β ε φ ε φ ε φ ε− − − − − −= + + + + + + + +   (4) 

 
where 𝑌𝑌𝑡𝑡 is the current observation, 𝑌𝑌𝑡𝑡−1 are the lagged observations, are the past forecast errors where 𝑗𝑗 = 1, 2,⋯ , 𝑞𝑞, while 
𝑎𝑎,𝛽𝛽 and 𝜑𝜑 are the model parameters. The parameters p and q represent the orders of the AR and MA components, respectively, 
and were determined based on the characteristics of the time series. 

The appropriate orders of the AR (p) and MA (q) terms were identified using the ACF and PACF plots, following the 
guidelines outlined by Box [29].  

2.5 Performance Evaluation and Prediction for the Next 12-Month Forecast 
Several performance metrics were used to provide quantitative measures of the accuracy and reliability of time series models. 
The data from 2022 was used to evaluate the performance of each model and make forecasts for the next 12 months. Various 
evaluation metrics used in the evaluation for this study are MAE, RMSE, and MAPE. MAE measures the average absolute 
difference between the predicted values and the actual values in a time series. It provides a straightforward interpretation of 
the average magnitude of errors. The RMSE metric penalizes larger errors more heavily compared to smaller errors. RMSE 
metric increases its sensitivity to outliers because of the large errors caused by those outliers. The MAPE provides the average 
percentage of the errors for that model, indicating the relative accuracy or fitness of the result with lower error percentages. 
These measures can be written in the equations below: 
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where n shows the number of samples, ŷ𝒊𝒊 denotes the predicted yield value, 𝑦𝑦𝒊𝒊 indicates the actual yield value, while ŷ𝑖𝑖-𝑦𝑦𝑖𝑖  
indicates the error value. Lower values of these values (MAE, RMSE, and MAPE) indicate better fitness or higher accuracy 
of the model's results. A paired t-test was conducted to assess the statistical significance of difference in model performance 
among ARIMA, Facebook Prophet and Neural Prophet. 
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3. RESULT AND DISCUSSION 

3.1 Trend Analysis Using Time Series Plot 
Figures 3 and 4 show the trend of the monthly yield over time from 2015 to 2022 for Estates A and B, respectively. The yield 
lies between 0.68 tonnes per hectare and 2.23 tonnes per hectare for Estate A, while Estate B has a yield between 0.67 tonnes 
per hectare and 3.33 tonnes per hectare. There is an overall downward trend in the yield from 2015 to 2022. For Estate A, the 
highest yield was seen in September 2020, which recorded 2.23 tonnes per hectare. The lowest yield occurred in December 
2019, which was 0.68 tonnes per hectare. For Estate A, the yield pattern shows a cyclical pattern, with periods of rising and 
falling yields. These cycles appear to have a duration of approximately one to two years. 

The overall trend in the data appears to be more volatile and exhibits significant fluctuation in Estate B. There are several 
sharp spikes and drops in the yield across the 2015-2022 period. The highest yield was depicted in June 2020, which was 3.33 
tonnes per hectare. The lowest yield (0.67 tonnes per hectare) was presented in September 2021. The cyclical pattern observed 
earlier is still present, but the cycles are more irregular in duration, ranging from approximately six months to two years. 

The ACF plot Figure 5 (a) shows the correlation coefficients on the y-axis and the lags on the x-axis. Each bar on the plot 
represents the correlation coefficient at a specific lag. The PACF plot (Figure 5(b)) shows the partial correlation coefficients 
on the y-axis and the lags on the x-axis. Each bar on the PACF plot represents the partial correlation coefficient at a specific 
lag. The ACF plot (Figure 5(a)) shows a significant spike at lag 1 followed by a quick drop-off, meaning it is mostly an MA 
(𝑞𝑞 = 1) process. The PACF plot shows a significant spike at lag 1, indicating an AR (𝑝𝑝 = 1) process. Estate B also exhibits a 
similar significant spike at lag 1 for ACF (Figure 6(a)) and PACF (Figure 6(b)) plots. Therefore, the values of p and q are 1 
and the value of d is 0 for both estates A and B. 

Table 1 shows the result of the ADF test for Estate A and Estate B. For both Estate A and Estate B, the p-values are less 
than the typical significance level of 0.05 (5%). This means we can reject the null hypothesis and conclude that both time 
series are stationary. The more negative the ADF statistics, the stronger the evidence against the null hypothesis of non-
stationarity. Both the ADF statistics are sufficiently negative, further confirming the stationarity of these time series for Estate 
A and Estate B. 

 
 

 
Figure 3. Time series plot for oil palm yield in Estate A 

(2015 - 2022). 

 
Figure 4. Time series plot for oil palm yield in Estate B 

(2015 - 2022). 
 
 

  
Figure 5. (a) Autocorrelation function plot (ACF plot) for Estate A; (b) Partial autocorrelation function plot (PACF plot) for 

Estate A. 
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Figure 6. (a) Autocorrelation function plot (ACF plot) for Estate B; (b) Partial autocorrelation function plot (PACF plot) for 

Estate B. 
 
 

Table 1. Augmented Dickey-Fuller (ADF) test. 

Information Estate A Estate B 
ADF Statistic -4.722842 -3.970785 

p-value 0.000076 0.001571 
 

3.2 Evaluating Model Performance and Displaying the Next 12-month Forecast  
Table 2 presents the evaluation of time-series models for the oil palm yield prediction. Neural Prophet attained the best 
performance among the other models tested, both in Estate A and Estate B. In Estate A, Neural Prophet recorded a MAE of 
0.16, a RMSE of 0.18, and a MAPE of 0.14. Meanwhile, in Estate B, Neural Prophet obtained a MAE of 0.17, a RMSE of 
0.21, and a MAPE of 0.10. In comparison, the Fb Prophet model also demonstrated better performance than the ARIMA 
model. In Estate A, Fb Prophet had a MAE of 0.16, a RMSE of 0.20, and a MAPE of 0.15, which outperformed ARIMA with 
a MAE of 0.20, RMSE of 0.27, and MAPE of 0.21. A similar trend was observed in Estate B, where Fb Prophet recorded a 
MAE of 0.21, a RMSE of 0.24, and a MAPE of 0.13, compared to ARIMA with a MAE of 0.36, RMSE of 0.46, and MAPE 
of 0.19. Based on the analysis of statistical test, the neural prophet performed statistically significantly better than ARIMA 
with p-value less than 0.05. The result also shows there is no significant difference between Facebook Prophet and neural 
prophet since p-value larger than 0.05. 

Figure 7 shows the Neural Prophet model that generates predicted yield for twelve months in Estate A and Estate B. The 
blue line represents the actual yield, while the orange line represents the predicted yield. The Neural Prophet model appears to 
perform better in forecasting the oil palm yield for Estate A, where it generally captures the overall trends and fluctuations. 
However, some discrepancies still exist in predicting the magnitude of the yield changes. For Estate A, the predicted yield in 
2022 generally follows the trend of the actual yield. Still, it tends to underestimate the magnitude of the fluctuations, 
particularly towards the end of the year. In contrast, for Estate B, the model struggles significantly, consistently 
underestimating the extreme spikes and drops in the actual yield and failing to anticipate the sharp swings in the later years. 
The model struggled much more to forecast the yields for Estate B compared to Estate A, demonstrating the challenge of 
accurately predicting oil palm production, especially for estates with high variability. 

The Fb Prophet model's (Figure 8) performance in forecasting the oil palm yields for Estate A and Estate B presents 
notable differences. For Estate A, the model appears to do reasonably well in capturing the overall trends and fluctuations, 
with the forecasted yield aligning relatively well with the actual yield, particularly in the short term. For 2022, the Fb Prophet 
model's forecasted yield aligns quite well with the actual observed yield, capturing the overall trend and direction of the yield 
changes throughout the year. However, the model still exhibits some limitations in accurately predicting the magnitude of the 
yield changes, struggling to fully anticipate the range of the fluctuations. In contrast, the Fb Prophet model fails to forecast the 
oil palm yield for Estate B, which exhibits sharp spikes and drops in the actual yield profile. The model struggles to fully 
capture the magnitude of these significant changes, often deviating quite substantially from the actual yield patterns. This 
suggests the Fb Prophet model has limitations in handling the complexity and unpredictability of the yield dynamics for Estate 
B when compared to the relatively more stable Estate A.  

 
Table 2. Time-series models on the oil palm yield prediction. 

Estates A B 
Models MAE RMSE MAPE MAE RMSE MAPE 
ARIMA  0.20 0.27 0.21 0.36 0.46 0.19 
Fb Prophet 0.16 0.20 0.15 0.21 0.24 0.13 
Neural Prophet 0.16 0.18 0.14 0.17 0.21 0.10 
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(a) 

 
(b) 

Figure 7. Neural Prophet for: (a) Estate A; (b) Estate B. 
 
 

 
(a) 

 
(b) 

Figure 8. Fb Prophet model for: (a) Estate A; (b) Estate B. 
 
 

 
(a) 

 
(b) 

Figure 9. ARIMA model for: (a) Estate A; (b) Estate B. 
 

Figures 9(a) and 9(b) show the actual and prediction trends generated by the ARIMA model. The ARIMA model fails to 
properly capture the oil palm yield patterns in both Estate A and Estate B. The model struggles to track the high volatility, and 
rapid fluctuations present in the actual yield data, frequently failing to predict the sharp spikes and dips. The model's forecasts 
also deviate significantly from the historical trends, projecting a much smoother pattern. This mismatch between the model's 
predictions and the real data indicates that the ARIMA approach is not flexible enough to adequately model the complex 
dynamics driving the oil palm yields over time. 

Overall, Neural Prophet and Prophet models are able to forecast the oil palm yield for the next 12 months. However, the 
ARIMA model appears to have struggled in accurately forecasting the future trend of the oil palm yield compared to other 
models like Prophet and Neural Prophet, as evident from the significant divergence between the forecasted and actual yield 
values, particularly in the latter part of the years. Fb Prophet is proven effective in capturing seasonal factors, which account 
for various influences on crop yield [18]. Verification will be done with plantation management in the future to identify which 
factors influence the oil palm yield. The finding was in agreement with the work of [30], who proved that the Fb Prophet model 
is fast to implement and achieved superior performance over the ARIMA model for the time-series forecasting of daily new 
cases in Indonesia. The Fb Prophet model is able to discover the implicit seasonal effect that occurred previously.  

The results of this study indicate that the Neural Prophet model achieved a MAE of 0.16, RMSE of 0.18 and MAPE of 
0.14 for Estate A, outperforming both the Fb Prophet (MAE of 0.16; RMSE of 0.20 and MAPE of 0.15) and ARIMA (MAE 
of 0.20; RMSE of 0.27 and MAPE of 0.21). The findings corroborate with the study of [31], who proved the neural prophet 
model surpassed the traditional model in predicting yield of sugar beet with the R2 of 0.95. Our study has successfully proven 
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that the Neural Prophet achieved the best performance compared to the ARIMA and Fb Prophet model because of its ability 
to handle the complexity and unpredictability of yield dynamics. The Neural Prophet model that works under a neural network 
was able to better capture the complex patterns and the underlying dynamics of the time series data, especially in scenarios 
where traditional models struggled [32]. Even though the yield can be affected by different aspects, this study provides a quick 
prediction of the future projection of the yield in the near term. The study is limited by a lack of temporal data and insufficient 
generalization. Future studies will focus on adding more temporal data and applying the model to other estates, which can 
enhance the robustness and accuracy of the prediction model. Future studies will also incorporate other important factors, such 
as weather or management variables, and compare different advanced algorithms, including deep learning to assess model 
performance.  

4. CONCLUSION 
Overall, this study provides a useful framework for understanding the historical trends and anticipating the future performance 
of the oil palm yield, which can support decision-making and optimize operational strategies for plantations. Both Neural 
Prophet and Fb Prophet models are considered fast implementation and convenient, as they do not require any transformation 
prior to transformation to stationary time series before modelling and are able to handle complexities in the prediction of oil 
palm yield in terms of efficiency. The findings suggest that the Neural Prophet model is the most effective time-series approach 
for predicting oil palm yields among the models evaluated in Estate A and Estate B. In Estate A, the Neural Prophet model 
achieved the highest accuracy, with a MAE of 0.16, a RMSE of 0.18, and a MAPE of 0.14. Similarly, in Estate B, the Neural 
Prophet model demonstrated a MAE of 0.17, a RMSE of 0.21, and a MAPE of 0.10. Future studies will focus on the comparison 
and additional substitution of advanced algorithms to improve the overall model performance. Other factors will also be 
considered in future studies to increase the reliability of the prediction through verification with the plantation management, 
which could represent the current situation in the plantation. The ability to forecast the oil palm yield for the upcoming 12-
month period can be valuable for plantation and inventory management and planning, contributing to effective decision-
making for the oil palm industry. 
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