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Abstract—Palm oil is a plantation commodity that snowballs
when compared to other plantation crops such as coffee or
cocoa. The Indonesian palm oil industry has a comparative
advantage in the form of a large area of land and the lowest
production cost of Crude Palm Oil (CPO) in the world.
Indonesia’s palm oil production in August 2019 recorded an
increase of 14% over the same period in 2018. However, the
amount of Indonesia’s CPO production can still be optimized
and increased. The amount of CPO production is very
dependent on several factors, such as weather conditions, land
area, and the number of Fresh Fruit Bunches (FFB). To help the
Palm Oil Mill (POM), this study compares three data mining
algorithms to predict the amount of CPO production based on
the number of FFBs. The algorithms being compared are
multilayer perceptron (MLP), support vector regression (SVR),
and linear regression (LR). Based on test results using test data
from a palm oil company in Indonesia, the SVR algorithm can
provide higher accuracy than the other two algorithms. The
SVR gets a PTA value of 0.694, MSE of 955.002, MAPE of
55.169, and MAD of 22.227. Then, we developed a prototype that
applied the SVR algorithm to predict the amount of CPO
production. The SQA test results on the prototype resulted in
80.225 software quality in the good category.

Keywords—crude palm oil, data mining, support vector
regression, multilayer perceptron, linear regression

1. INTRODUCTION

Indonesia is one of the leading palm oil-producing
countries in the world. Oil palm plantations increase
compared to other types of plantation crops. The Indonesian
palm oil industry has a comparative advantage in the form of
a large area of land and the lowest production cost of Crude
Palm Oil (CPO) in the world. Indonesia’s palm oil production
in August 2019 recorded an increase of 14% over the same
period in the previous year [1]. Based on 2017 data, the
amount of palm oil production in the form of the Crude Palm
Oil (CPO) in several years continues to increase, especially in
the case of people’s plantation (PR) by 33.88% and the Private
Large Plantation (PLP) of 58.56 % [2]. Meanwhile,
production from the State Plantation (SP) is relatively slow, at
7.55% [2].

The number of Palm Oil Mills (POM) also increases every
year. In 2012 there were 695 POM units with a capacity of
37,213 tons of FFB per hour and increased in 2013 to 713 units
with a capacity of 34,628 tons of FFB per hour. In other words,
an increase in the number of POM by 2.59% [3]. Also, during
the 2011-2015 period, world CPO production and
consumption continued to grow, increasing by an average of
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4.81% and 5.54% per year [4]. In 2016, the share of world
CPO production reached 40% of the total world’s main
vegetable, while soybean oil had a share of 33.18% [5].

This research was conducted at a Palm Oil Mill (POM),
which has an installed capacity of 45 tons of FFB / hour with
working hours as much as 20 hours/day. In the period of 1
January 2016 to 31 December 2016, POM operates for 195
days, so ideally, POM can provide as much as 3,900 hours of
processing time/year with a total of FFB though around
175,500 tons/year. If the factory stagnation hour caused by a
process failure due to engine damage that is permitted is 5%
of the available processing hours, the number of processed
FFBs that can be prepared is 166,725 tons of FFB / year. A
decrease in production caused by a 5% stagnation hour in the
POM indicates that in the production process, there is a 5%
decrease in POM productivity so that the total POM
productivity can be achieved by 95%. This condition is, of
course, still tolerated considering that it is still within the
limits of reasonableness, which ideally POM productivity
ranges from 95-98%. The productivity problem is dominated
by low CPO production [6].

Based on the explanation above, we offer an alternative
solution in the form of CPO production predictions that will
be achieved based on input data of tons of FFB predictions to
be harvested at each age of the plant and the extent of the
garden blocks using a data mining algorithm. This research
can assist Palm Oil Mill (POM) in developing strategies to
increase palm oil production capacity and assist management
in decision making if CPO production is not on target. This
study compares three data mining algorithms to predict the
amount of CPO production based on the number of FFBs.
Based on the literature study that has been done, in this study,
the algorithm is compared to is the multilayer perceptron
(MLP), support vector regression (SVR), and Linear
Regression (LG). Some researchers have compared several
prediction methods, but applied to different cases or data [7],

[8].

Several studies that utilize data mining algorithms to
predict the amount of production of goods in a company have
been carried out. Adhikari et al. explained in detail and in full
the application of machine learning in-demand predictions [9].
Next, Rozikin and Solichin predicted food supplies at fast-
food restaurants [10]. Islek and Ogiidiicii research to
anticipate the needs of various products from a primary
distribution warehouse [11]. The study addresses the problem
of forecasting different product demands of central
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distribution warehouses. Demand forecasting is the activity of
building forecasting models to estimate the quantity of a
product that customers will purchase. The proposed
methodology clusters similar warchouses according to their
sale behavior using bipartite graph clustering. After that, the
hybrid forecasting phase, which combines the moving average
model and Bayesian Network machine learning algorithm is
applied.

Other studies by Fradinata et al. propose a Support Vector
Regression (SVR) method to predict demand for instant
noodles in a company [12]. The SVR method provides
positive results in forecasting demand for instant noodles.
Meanwhile, Rohana and Arifuddin, in their research,
examined the classification of tax compliance [13]. They find
the problem will be challenging to find and present taxpayer
data on large amounts of data, so it is challenging to
distinguish taxpayers who obey and disobey to pay taxes. The
proposed method is an artificial neural network to classify the
taxpayer. The study also compared two artificial neural
network algorithms, namely the Multilayer Perceptron and
Support Vector Regression. Comparisons are made based on
the level of accuracy that can be provided by the two
algorithms.

Many recent studies use time-series data to predict things.
The prediction of time series can be realized through the
mining of time series data so that we can obtain the
development process and regularity of social-economic
phenomena reflected by time series, and extrapolate to predict
its development trend. And in the era of big data, time series
became one of the essential data sources that built big data
itself. The study of Wang et al. introduce various time series
autoregressive (AR) model, moving average (MA) model, and
ARIMA model for predicting the risk of the National SME
Stock Trading [14]. The case studies show that the results of

Business Understanding
* The amount of CPO production

the analysis are consistent with the actual situation, which has
dramatically helped the prediction of financial risks.

Several previous studies have made comparisons of
prediction methods for time series data. Choubin et al.
compared multi-linear regression, multi-layer perceptron and
ANFIS methods to predict climate processes [15]. As a result,
the MLP method is superior to the other two methods. In line
with this, an old study [16] comparing multi-layer perceptron
and linear regression methods to predict epidemiological data
also stated that the MLP method was superior. Recent studies
that attempt to predict wind speed have concluded that the
application of the neural network method is preferable to the
linear regression method [17], , in line with other research
predicting lake surface temperatures [18].

In this study, we also use time-series data to predict the
amount of CPO production. To get the best prediction
algorithm, compared to three data mining algorithms, namely
multilayer perceptron (MLP), support vector regression
(SVR), and linear regression (LR). The comparative measures
used are Predicted Trend Accuracy (PTA), Mean Squared
Error (MSE), Mean Absolute Percentage Error (MAPE), and
mean absolute deviation (MAD). After the best algorithm is
obtained to make predictions, then it is implemented on a
prototype application to predict the amount of CPO
production. The results of this study are beneficial for POM to
optimize and increase CPO production.

II. RESEARCH METHOD

In this study, we adopt the CRISP-DM data mining stage
[19]. The CRISP-DM stage consists of five steps, namely
business understanding, data understanding, data preparation
/ preprocessing, modeling, evaluation, and deployment. We
also add the evaluation stage to evaluate the prediction system
performance. The research method is illustrated in Figure 1.
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Fig. 1. The proposed method stages
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id_material mat_desc PstngDate DocDate qty sat
AG00100010 Crude Palm Qil (CPO) 03-01-2013 03-01-2013 6,95 MT
AG00100010 Crude Palm Qil (CPO) 04-01-2013 04-01-2013 19,58 MT
AG00100010 Crude Palm Qil (CPO) 05-01-2013 05-01-2013 60,75 MT
AG00100010 Crude Palm Oil (CPO) 07-01-2013 07-01-2013 42,96 MT
(a)
Custo [Amou -t
id_mat mat_desc |Pint|SLoc|MvT| MatDoc |Item |PstngDate| DocDate | Qty |EUn|EntryDate| Time mer | ntic Crcy | User |renc| HeaderText
e
WI10100010 |TBS Internal |50J1 |[FBO1 (731 [4900053833 1(31-12-2013 |31-12-2013 | 6,16|MT [31.12.2013 | 10:58:33 0 IDR [SUMUZ| I | 50J1R020018
WI10100010 |TBS Internal |50J1 |[FBOL (731 [4900053832 1(31-12-2013 |31-12-2013 | 2,08|MT [31.12.2013 | 10:58:33 0 IDR [SUMUZ| IO | 50J1R020011
WI10100010 |TBS Internal |50J1 |[FBO1 (731 [4900053834 1(31-12-2013 [31-12-2013| 4,72|MT (31.12.2013 | 10:58:33 0 IDR | SUMUZ| I | 50J1R020020
WI10100010 |TBS Internal |50J1 |[FBOL (731 [4900053835 1(31-12-2013 |31-12-2013 | 2,46|MT [31.12.2013 | 10:58:33 0 IDR [SUMUZ| IO | 50J1R020021
WI10100010 |TBS Internal |50J1 |FBO1 (731 [4900053836 1(31-12-2013 |31-12-2013 | 7,26|MT [31.12.2013 | 10:58:34 0 IDR [SUMUZ| II | 50J1R020022
It EU [Entry ]
id_mat mat_dese Plnt (SLoc(MvT[MatDoc 1: PstngDate|DocDate |gty n D:h? Time |untL v ™ [User |Reference HeaderText|Vendor
c I
WI10100030 | TBS Eksternal (NV) |3071 [FB01[{Z21 [4900053912) 1 [31-12-2013)31-12-2013 | 4.52|MT [31.12.2013 [ 13:39:14[ 0 [IDR |SUMUZ |PT. KHARISMA AL A |50JIR.020080 (3000588
WI10100030 | TBS Eksternal (NV) |5071 [FB01[Z21 [4200053811) 1 [51-12-2013|31-12-2013 [ 5,89 |MT [31.12.2013 [15:28:33[ 0 [IDR [SUMUZ |PT. KHARISMA INT |50J1IR020051 3000520
WI10100030 |TBS Eksternal (NV) |5071 [FB01[Z21 [4900053810) 1 [51-12-2013 |31-12-2013 [ 6,71 |MT [31.12.2013 [15:28:32[ 0 [IDR [SUMUZ |PT. KHARISMA INT |50J1IR020082 3000320
WI10100030 | TES Eksternal (NV) |5071 [FE01[Z21 [4000053209) 1 [31-12-2013)31-12-2013 | 5.48|MT [31.12.2013 [15:12:12[ 0 [IDR |SUMUZ |KOPERASI SERBA U |50JIR020076 [3000642
WI10100030 | TES Eksternal (NV) |5071 [FE01[{Z21 [4000053207) 1 [31-12-2013)31-12-2013 [ 5,67 |MT [31.12.2013 [15:00:39[ 0 [IDR [SUMUZ |PT. KHARISMA INT |50JIR020075 [3000320

(c)

Fig. 2. Example of original data obtained from the company: (a) total CPO production, (b) total internal FFB production, and (c) total external FFB production

In the first stage, we try to understand the problems and
business needs in the research object. Based on the analysis
results, a prediction system for CPO production is needed to
increase company productivity. Also, based on literature
studies, it was obtained three best prediction methods, namely
multilayer perceptron, support vector regression, and linear
regression. We compared the three methods to obtain the
method that best matches the CPO production data.

TABLE L THE ORIGINAL DATA SET OF THIS STUDY
Table name Number of data Description
tb_cpo 799 Total CPO production
tb_tbs_int 39806 Total internal FFB production
th_ths_ext 23200 T"ta;rf)’gsg‘;lnF B

The second stage involves understanding the data. Table 1
presents the original data obtained from the research object.
The data used are in the range of 2013 to 2015. The original
data consists of the total CPO production (799 data), total
internal FFB production (39,806 data), and the total external
FFB production (23,200 data). Meanwhile, in Figure 2 the
data structure of the three types of data is presented.

The data preparation stages are divided into two parts.
First, data transformation and cleansing. CPO production data
for 2013-2015 as presented in Table 1 is entered into the
database by applying data transformation, including changing
the ‘PstngDate’ field type from string to Date, and rounding
the ‘quantity’ field. Second, we do data aggregation and
selection. Data aggregation is carried out on CPO production
data, internal FFB production data, and external FFB
production data. In the three tables, the data on the amount of

production is aggregated for each day. The final result of the
data aggregation and selection process is in the form of a table
consisting of 734 data.

Data selection is done by using correlation analysis in
which the attributes obtained are correlated with the research
target, namely the amount of CPO production, so that the
attributes obtained are good for further use. Figure 3 shows a
graph of Internal TBS production data results of the
aggregation and cleansing that has been done. The number of
Internal FFB production has a correlation of 0.428550996
with CPO production. Next, Figure 4 presents data on the
output of External FFB that has been cleansed. The amount of
External FFB production has a correlation of 0.655901613
with CPO production. Finally, Figure 5 presents a graph of the
processed CPO production plot. This data is the prediction
target of this study. Based on the chart, it appears that CPO
production tends to be unstable. The lowest CPO production
is 6.95 MT, and the highest CPO production is 223 MT.
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Fig. 3. Total internal FFB production
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Fig. 5. Total CPO production

The modeling stage is divided into three sections, namely
defining the training and testing data, modelling algorithms
with Rapidminer, and comparing the algorithms based on
PTA, MSE, and MAPE measurements. We describe the
results of algorithm comparisons in the next chapter. Then, we
evaluate them to conclude the best prediction algorithm.
Based on these conclusions, in the development stage, a
prototype prediction system for CPO production was
developed using the best data mining algorithm. Finally, we
evaluate the prototype system by the software quality
assurance (SQA) method.

III. RESULT AND DISCUSSIONS

A. Modelling and Comparison Results

In this study, three algorithms were compared for
predicting time series, namely Multilayer Perceptron, Support
Vector Regression, and Linear Regression. The three
algorithms are tested to predict CPO production one day in the
future by studying patterns in one week. The measurements of
the comparison algorithm used are predicted trend accuracy
(PTA), mean squared error (MSE), mean absolute percentage
error (MAPE), and mean absolute deviation (MAD). The
prediction of time-series data mining by using the three
algorithms is carried out with several variations of a
combination of the training set and testing set, as presented in
Table 2.

Based on the tests that have been done using the scenarios
in Table 2, the results obtained by measuring the values of
PTA, MSE, MAPE, and MAD from each algorithm tested.
Table 3 presents the results of testing the Multilayer
Perceptron algorithm, Table 4 shows the results of the Support

Vector Regression algorithm, and Table 5 displays the results
of testing the Linear Regression algorithm.

TABLE II. TRAINING AND TESTING DATASET
Experiment | Number of data training Number of data testing
#1 551 (75%) 184 (25%)
#2 587 (80%) 147 (20%)
#3 624 (85%) 110 (15%)
#4 661 (90%) 73 (10%)
TABLE IIL. THE EXPERIMENT RESULT OF MULTILAYER PERCEPTRON
ALGORITHM
Multilayer Perceptron (MLP)
Experiment
PTA MSE MAPE MAD
#1 0.569 3063.464 88.993 39.010
#2 0.569 2568.983 113.211 41.582
#3 0.565 1404.981 77.325 29.192
#4 0.569 1803.228 64.720 31.645
TABLE IV. THE EXPERIMENT RESULT OF THE SUPPORT VECTOR
REGRESSION ALGORITHM
Support Vector Regression (SVR)
Experiment
PTA MSE MAPE MAD
#1 0.608 1223.581 65.918 28.688
#2 0.611 1152.587 68.065 26.709
#3 0.611 1170.782 73.660 25.780
#4 0.694 1146.054 47.485 22.333
TABLE V. THE EXPERIMENT RESULT OF LINEAR REGRESSION
ALGORITHM
Linear Regression (LR)
Experiment
PTA MSE MAPE MAD
#1 0.575 1170.327 62.076 28.270
#2 0.632 1121.654 61.105 26.709
#3 0.593 1161.497 66.868 27.001
#4 0.653 1212.974 48.126 22.875

Based on the test results presented in Table 3, Table 4, and
Table 5, it can be concluded that the Support Vector
Regression (SVR) algorithm obtained a higher PTA value
than the other two algorithms. Meanwhile, seen from the
MSE, MAPE, and MAD values, the SVR algorithm gets lower
costs than the Multilayer Perceptron algorithm and Linear
Regression. Thus, it can be concluded that the Support Vector
Regression algorithm has higher accuracy than the Multilayer
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Perceptron and Linear Regression algorithms in predicting
time series for palm oil CPO production.

B. Development of the Prediction System

Based on the evaluation that has been done, it is concluded
that the Support Vector Regression Algorithm has a better
level of accuracy compared to the Multilayer Perceptron and
Liner Regression algorithms in predicting time series data
mining for CPO production. Support Vector Regression can
provide MSE of 1146.054, MAPE 0f47.485, MAD 0f22.333,
and PTA of 0.694. Furthermore, the SVR algorithm is applied
in the development of a prototype prediction system for CPO
production. Figure 6 is a prototype main page display that was
built. To run the system, users are asked to specify a dataset
table, where to store predictions, and several options. The
prediction results will be saved in a Microsoft Excel file.

To test the quality of the prototypes produced, we use the
Software Quality Assurance method. In SQA, there are four
factors tested, namely functionality, portability, usability, and
efficiency. The four factors are weighted with the composition
of functionality = 30%, portability = 20%, usability = 20%,
and efficiency = 30%. Software Quality Assurance is carried
out by distributing questionnaires to the head of the plantation
division, plantation administrators, data analysts and business
analysts at the oil palm company.

=B -

%1 Support Vector Machine

¥ SVM - CPO Prediction

Table Name  tb_summary_app2
Location Result Browse

Option Window size 7 Step 1

Preparing prediction

Set prediction source to :tb_summary_app2

Set step, window size to:1, 7

Set output to :D:\\output_dbxis

Run prediction, please wait...

Prediction completed, prediction output written to :D:\\output_dbaxls

A
[}
1

Reset

Fig. 6. Prototype Prediction System

The SQA instrument processing results showed that the
quality value of the prototype produced was 80.225 which was
in a good category. Thus, although it is still elementary,
prototypes can be used to predict CPO production in oil palm
companies.

IV. CONCLUSION

Based on the results of the study and a series of tests that
have been carried out in solving the prediction problem of
palm oil CPO production, it can be concluded that the time-
series data mining approach can be used to predict CPO
production in oil palm companies with a PTA value of 0.694.
In contrast to previous studies [15]-[17], in this study it turned
out that the Support Vector Regression algorithm provides
higher accuracy compared to Multilayer Perceptron and
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Linear Regression algorithms in predicting CPO production.
This study also developed a prototype of a CPO production
prediction system using the SVR algorithm. Based on
evaluation of the prototype using the Software Quality
Assurance standards, the resulting quality value is 80.225,
which means it is in the good category.
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