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Abstrak: Tamanu oil is one of the sources of vegetable oil needed on an industrial scale, 

so it is widely developed for its production. In designing essential oil processing on an 

in-dustrial scale requires mathematical calculations in measuring parameters in the 

re-actor, where this requires quite a long time in manual calculations. Utilization of 

ar-tificial intelligence technology, especially Machine Learning, That is very useful in 

the calculation process in the Tamanu oil extraction reactor. Machine Learning method 

used in this research is linear regression for data prediction and mean absolute error is 

used to measure absolute error. The model is used to predict the results of the outer 

diameter of the connecting pipe between tools with the parameters used, namely the 

target output in   tons per year from cooking oil products made from tamanu seeds. R2 

value of the graph of the CCIO Training Nominal Size data; Cooking oil; Methanol; 

Petroleum Ether is close to a value of 1, which means that the Input Feed value required 

to achieve the desired Output is close to 100% accuracy. Meanwhile, the Mean Absolute 

Error (MAE) value is the result of determining the Nominal Size with the Output value = 

5000; 55000; and 150000 kg/hour shows a small difference in error values so that the 

design is acceptable.  
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PENDAHULUAN 

Tamanu plant (Calophyllum inophyllum) used as vegetal oil source  in Indonesia with 22% 

productivity of total amount mangrove tree in the world  (Hapsari et al., 2019). This plant classified in 

Calophyllaceae famili and mangrove plant species which contain high vegetal oil between 40 – 70%  

(Gunawan et al., 2020). Another research shows 33,39% yield of vegetal oil in tamanu seed with 1,2% 

moisture content  by using press extraction method (Fadhlullah et al., 2015).  The prospect to be vegetal 

cooking oil due to Oleic Fatty Acid (OFA) contents and could be produced become biodiesel by reduce 

19,82% Free Fat Acid (FFA) contents (Kurniati et al., 2018). Advanced research shows tamanu seed oil as a 

goods material for green bio-energy production (Ansori et al., 2019). 

Biodiesel industry gain serious global concern due to limited source and global oil reserves. Hence, 

demand of alternative source expected could increase diverse material to replace crude oil (Agarwal et al., 

2017). Industrial scale production solve the current circumtances about high demand for tamanu seeds oil 

(Damanik et al., 2017). Tamanu seeds oil extraction factory could be build to meet the current circumtances 

as for industrial scale of biodiesel production (Chahal & Gulia, 2019). There are many modern methods for 

extraction such as : Solvent extraction, Microwaved-assissted extraction, Ultrasound-assissted extraction, 
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Supercritical-assissted extraction, Supercritical fluid extraction, Ionic liquids, Enzyme-assisted extraction, 

Pressurized liquid/fluid extraction that can be used in industrial process [9], (Geow et al., 2021). Paid 

software often used in biodiesel industry to predict outer diameter pipe and industrial simulation such as : 

Aspen HYSYS, DWSIM, Aspen Plus, CHEMCAD, dan PROSIM for pilot scale nor industrial scale [11], 

(Parvatker & Eckelman, 2019). Yet, expensive licensed and high requirements for device specification turn 

out to commercially used limitation (Taimoor, 2016).  

Machine Learning (ML) approach can be used as an alternative method to assisst in industrial 

equipment design such as in oil and gas industry (Hanga & Kovalchuk, 2019; Lotfian et al., 2021; Makhotin 

et al., 2022; Sircar et al., 2021). The advantages for using ML including : the method is easy to operate, low 

cost operation, and standard device requirements. Google colab chosen as Integrated Development 

Environment (IDE) to compute python language because of  simple usage and availability of library in it 

(Sharifi et al., 2015). Python language used because of similiarity with human language (Alves & Machado 

Vieira, 2019). The usage of ML also can predict outer diameter of pipe in industrial process (Maulud & 

Abdulazeez, 2020).  

 As described above, this research focus on possibility to predict outer diameter for pipe by using 

ML approach. The selected ML model are Linear regression and Mean Absolute Error (MAE). This design 

parameter including, input feed, output target, and outer diameter of pipe in process. Furthermore, 

comparison of result between ML prediction and conventional method for determine error value. 

 

METODE 

Tamanu plant (Calophyllum inophyllum) used as vegetal oil source  in Indonesia with 22% 

productivity of total amount mangrove tree in the world  (Hapsari et al., 2019). This plant classified in 

Calophyllaceae famili and mangrove plant species which contain high vegetal oil between 40 – 70%  

(Gunawan et al., 2020). Another research shows 33,39% yield of vegetal oil in tamanu seed with 1,2% 

moisture content  by using press extraction method (Fadhlullah et al., 2015).  The prospect to be vegetal 

cooking oil due to Oleic Fatty Acid (OFA) contents and could be produced become biodiesel by reduce 

19,82% Free Fat Acid (FFA) contents (Kurniati et al., 2018). Advanced research shows tamanu seed oil as a 

goods material for green bio-energy production (Ansori et al., 2019). 

Biodiesel industry gain serious global concern due to limited source and global oil reserves. Hence, 

demand of alternative source expected could increase diverse material to replace crude oil (Agarwal et al., 

2017). Industrial scale production solve the current circumtances about high demand for tamanu seeds oil 

(Damanik et al., 2017). Tamanu seeds oil extraction factory could be build to meet the current circumtances as 

for industrial scale of biodiesel production (Chahal & Gulia, 2019). There are many modern methods for 

extraction such as : Solvent extraction, Microwaved-assissted extraction, Ultrasound-assissted extraction, 

Supercritical-assissted extraction, Supercritical fluid extraction, Ionic liquids, Enzyme-assisted extraction, 

Pressurized liquid/fluid extraction that can be used in industrial process [9], (Geow et al., 2021). Paid software 

often used in biodiesel industry to predict outer diameter pipe and industrial simulation such as : Aspen 

HYSYS, DWSIM, Aspen Plus, CHEMCAD, dan PROSIM for pilot scale nor industrial scale [11], (Parvatker 
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& Eckelman, 2019). Yet, expensive licensed and high requirements for device specification turn out to 

commercially used limitation (Taimoor, 2016).  

Machine Learning (ML) approach can be used as an alternative method to assisst in industrial 

equipment design such as in oil and gas industry (Hanga & Kovalchuk, 2019; Lotfian et al., 2021; Makhotin 

et al., 2022; Sircar et al., 2021). The advantages for using ML including : the method is easy to operate, low 

cost operation, and standard device requirements. Google colab chosen as Integrated Development 

Environment (IDE) to compute python language because of  simple usage and availability of library in it 

(Sharifi et al., 2015). Python language used because of similiarity with human language (Alves & Machado 

Vieira, 2019). The usage of ML also can predict outer diameter of pipe in industrial process (Maulud & 

Abdulazeez, 2020).  

 As described above, this research focus on possibility to predict outer diameter for pipe by using 

ML approach. The selected ML model are Linear regression and Mean Absolute Error (MAE). This design 

parameter including, input feed, output target, and outer diameter of pipe in process. Furthermore, 

comparison of result between ML prediction and conventional method for determine error value.  

 

HASIL DAN PEMBAHASAN 

ML model shows more convenient way to determine input feed for tamanu seed and nominal size of 

process pipe. The result shown by ML could be renewed by addition new source for datasets.  

 

 

  

 

 

 

 

 

 

 

 

As shown in Fig.1a, the correlation between output and input feed presented by an equation y = 

0,228x – 1,09139e-11 and R2
 value 1. In Fig.1b, the correlation between output feed and nominal size of stage 

2 to 9 pipe presented in y = 7,879e-06x – 6,5596 and R2 value 0,998. It shown by two parallel line that overlap 

each other.As for shown in fig.3a to fig.3d, each prediction shows same R2 value 0,953. Then, ML model 

predict the actual size of pipe by using MAE library as shown in table.1. 

 

 

 

 

 

 

 

(a) (b) 

(a) (b) 

Figure 1a. Linear Regression for Output 

Target and Input Feed 
Figure 1b. Linear Regression for Output 

Target and Outside Diameter 2 to 9 Stage 

Figure 2a. Linear Regression for Output 

Target and Outside Diameter Methanol 

Figure 2b. Linear Regression for Output 

Target and Outside Diameter CCIO 
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As for same R2 value 0,953. 

 

 

 

MAE Result 5000 for Output 

Prediction 

MAE Result 55000 for 

Output Prediction 

MAE Result 150000 for 

Output Prediction 

Pipe type MAE 

Value 

Pipe 

size 

Pipe type MAE 

Value 

Pipe 

size 

Pipe type MAE 

Value 

Pipe 

size 

Stage 2-9 

pipe 

0.599 6 Stage 2-9 

pipe 

0.992 6 Stage 2-9 

pipe 

0.258 8 

CCIO 

Pipe 

0.046 2 CCIO 

Pipe 

0.161 3 CCIO 

Pipe 

0.520 4 

Cooking 

oil Pipe 

0.496 1 Cooking 

oil Pipe 

0.174 2 Cooking 

oil Pipe 

0.462 3 

Methanol 

pipe 

0.027 2 Methanol 

pipe 

0.053 3 Methanol 

pipe 

0.692 4 

PE Pipe 0.464 4 PE Pipe 0.861 6 PE Pipe 0.182 8 

Table 1. MAE RESULT 5000, 55000, 150000 For Output Prediction 

Afterwards comparisson between ML prediction and conventional method calculation are shown in 

table.2. By using output prediction for 5000, 55000, and 150000 per years, ML prediction present a splendid 

result by showing low error value at 55000 output prediction. However, ML prediction show high error value 

at 5000 output due to underfitting on ML model. Underfitting happens because of a low variance and high 

bias in linear regression library. This library used to process 2 interrelated variables, bias will occur in 

processing data if there’s more interrelated variable in datasets (Austin & Steyerberg, 2015). Based on fig 2a. 

to fig 2d., machine learning model show high error prediction in less than output feed 50000 and more than 

150000. 

(c) (d) 

Figure 2c. Linear Regression for Output Tar-

get and Outside Diameter Tamanu Seed Oil 

Figure 2d. Linear Regression for Output Target 

and Outside Diameter Petroleum Ether 
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Table 2. Error Value Between ML Prediction and Conventional Method 

 

SIMPULAN 

ML model could be an alternative method for outside diameter of pipe prediction. These method shorten 

process time than conventional method. R2 value in ML prediction shown as high accuracy by value close to 1.  

By using input output prediction for 5000, 55000, and 150000 per years, high accuracy happens at 55000 

output prediction. However, ML prediction show low accuracy below 50000 output prediction and over 55000 

output prediction due to underfitting on ML model. Underfitting happens because linear regression library 

used to process 2 interrelated variables, bias will occur in processing data if there’s more interrelated variable 

in datasets. ML method could be more effective by using different library and input more variable and pa-

rameter. Simple model such as linear regression, SVM, Knearest Neighbour, K-Means, etc, are lack of accu-

racy to be used in industrial process prediction with many variables and parameters. 
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