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Abstract—The total production of Indonesian palm oil (CPO) in 2018 reached 43.9 million tons, with a land area of 12.3 million hectares. 

However, every month there are still many companies that have problems in predicting palm oil production. Problems in predicting this 

production can be solved by calculation methods in the field of artificial neural networks, namely the Extreme Learning Machine (ELM) 

method. This method can solve linear and non-linear data problems and provide better average computation compared to other methods in 

predicting oil palm production. The data used is palm oil production data at PT Indo Palm Oil Labuhan Batu with a total of 297 in the period 

2017-2018. While the parameters used are planting age, land area, number of trees, and yields. The results of the best-hidden neuron test 

are 13 with 2 technical data features and the training data pattern is pattern 1. The average MAPE value is 20.1% with the fastest 

computing time is the use of the number of hidden neurons 2. So based on the test results, the method ELM has a predictive model with 

quite good performance because the MAPE value is in the range of 20% -50%. 

Index Terms— Extreme Learning Machine, Neural Networks, Palm Oil, Prediction, Production.   

——————————      —————————— 

1 INTRODUCTION                                                                     

The total production of Indonesian palm oil (CPO) in 2018 
reached 43.9 million tons, with a land area of 12.3 million 
hectares[1][2]. However, every month there are still many 
companies that have problems in predicting palm oil 
production. To target production, the company conducts 
statistical analysts with a correction value of 5% - 12% on 
production each month[3]. This method is not appropriate, 
because it is not data-based and considers the experience more 
    Productivity analysis in looking at the factors that influence 
oil palm growth such as environmental factors, genetic factors, 
and cultivation techniques is needed to be able to increase 
productivity in addition to other determinants such as plant 
age, labor, and rainfall[4]. 

 Problems in predicting this production can be solved by 
calculation methods in the field of artificial neural networks, 
namely the Extreme Learning Machine (ELM) method[5]. This 
method can solve linear and non-linear data problems and 
provide better average computing than other methods such as 
Support Vector Machine (SVM) and Artificial Neural Network 
(ANN). Previous research proves that ELM has superior 
performance than ANN[6]. Besides, predictions using the 
ELM method also provide smaller error errors than the ANN 
and GP methods of 0.0046[7]. Other research also shows that 
the ELM method has small error values and faster 
computation than other methods, for example, the 
backpropagation method. ELM overcomes the problem with 
the backpropagation algorithm in determining gradients[8].    

This study aims to prove whether the ELM method is better at 
predicting oil palm production. The data used is palm oil 
production data at PT Indo Palm Oil Labuhan Batu with a total 
of 297 in the period 2017-2018. While the parameters used are 
planting age, land area, number of trees, and yields. The value 
of Mean Absolute Percentage Error (MAPE) will be tested to 
determine the performance of this method. 

 
 
 

2 METHODOLOGY 
This method uses 9 measuring parameters, namely planting 
age, land area, number of trees, production of the first month, 
production of the second month, production of the third 
month, production of the 4th month, production of the 5th 
month, and target. To perform calculations using the ELM 
method, the system will receive input data such as production 
data, number of features, number of neurons in the hidden 
layer, number of data shares, and types of activation 
functions.[6]. On production data, the normalization process is 
carried out to obtain training data and test data. This training 
data will produce an output weight matrix (ꞵ) and the test 
data will produce an output layer value (ỳ)[9]. The ELM 
process will stop after the evaluation results from the 

denormalization of the data from the test results. The flow 
chart in this process is shown in Figure 1.  

Fig. 1 Process with Extreme Learning Machine 

 
ELM uses the concept of Single Hidden Layer Feedforward 

Neural Networks (SLFNs) because it only has 1 hidden layer 
in its network architecture. ELM method will initialize 
network parameter values randomly so that network learning 
time is faster than other methods such as SVM and 
Backpropagation. Figure 2 shows the ELM network 
architecture with a computational process in two, namely 
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using bias or without bias[10]. 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 2 ELM Architecture with Bias[10] 

 
   The use of bias functions to shift the output layer value to 
the right target. The activation function is used for the process 
of calculating values and activating or deactivating neurons 
[10].   

3 RESULT AND DISCUSSION 

3.1 Testing the Number of Neurons 

The number of neurons was tested to determine the optimal 
amount to get the smallest Mean Absolute Percentage Error 
(MAPE) and the number of neurons to computational time. 
The number of neurons tested is 2 to 15. The results of testing 
the number of neurons in the hidden layer are shown in 
Figures 3 and 4. 

 
 
 
 
 
 
 
 
 

 
 

Fig. 3 Neuron Testing Graph 

 

Figure 3 shows the training process resulting in high MAPE 
results on the results of the test data. Visible neurons that 
number 2 and 3 produce MAPE as much as 27%. Based on the 
criteria for the MAPE value, this is categorized quite good, as 
shown in Table 1[11].  

 

Table. 1 MAPE Value Criteria[11] 

       MAPE Value                                        Status 

             <10%                                           Very Good 

            10-20%                                             Good 

            20-50%                                      Quite Good 

            >50%                                                 Poor 

 

For a testing computational time, Figure 3 shows the fastest 
computation time occurs in the number of neurons 2 and the 
highest computation on 15. neurons In the number of neurons 
3 to 14, the speed of computing time is relatively stable.  

 

 

 

 

 

 

 

 

 

 

 

Fig. 4 Neuron Testing Graph Computation Time 

 

3.2 Testing Number of Features 

This test uses 5 technical data features which are divided into 
technical data 1, 2, and so on. The other parameter as a 
benchmark is to use the number of neurons in the hidden 
layer which amounts to 13. Many or at least the number of 
features will influence the MAPE value. The lowest average 
MAPE value occurs in the technical data feature 2 at 20.50% 
and the highest at 24.50% on feature 3. Based on the graph in 
Figure 4, the use of technical data is very influential. The best 
average MAPE value is to use the first-month harvest data 
analysis and the second from the month to be predicted. 

 

 

 

 

 

 

 

 

Fig. 5 Testing Data Technical Feature 

 

3.3 Data Pattern Testing 

Data pattern testing was done in 2 ways, namely in the data 
pattern with many years of planting in one month and data 
patterns with many months in one planting year. Tests are 
carried out using the number of 13 neurons with 2 technical 
data features.  

 

 

 

 

 

 

 

 

 

Fig. 6 Pattern Testing 1 and 2 

 

Based on Figure 6, the result of pattern 2 has a higher MAPE 
value of 28% compared to pattern 1 with a value of 23%. This 
result is because pattern 2 has several patterns of test data that 
are not recognized in the training data. Also, there are 
underfitting conditions in some data due to the process of 
training data, the network cannot capture the relationship 
between the input signal and the target due to the lack of the 
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number of neurons in the hidden layer.    
 

4 CONCLUSIONS 
This research shows that the Extreme Learning Machine 
(ELM) method can produce optimal calculation features in the 
computation process. The results of the best-hidden neuron 
test are 13 with 2 technical data features and the training data 
pattern is pattern 1. The average MAPE value is 20.1% with 
the fastest computing time is the use of the number of hidden 
neurons 2. So based on the test results, the method ELM has a 
predictive model with quite good performance because the 
MAPE value is in the range of 20% -50%. 
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