
九州大学学術情報リポジトリ
Kyushu University Institutional Repository

Implementation of Risk Factor on Optimisation
Model to Minimise Transportation Cost of Fatty
Acid Methyl Ester (FAME) as Biodiesel Raw
Material

Dwi Phalita Upahita
Research Centre for Transportation Technology, National Research and Innovation Agency

Pujiwat, Rutma
Research Centre for Transportation Technology, National Research and Innovation Agency

Maharani Almira Salsabilla
Research Centre for Transportation Technology, National Research and Innovation Agency

Roschyntawati, Annissa
Research Centre for Transportation Technology, National Research and Innovation Agency

他

https://doi.org/10.5109/7236904

出版情報：Evergreen. 11 (3), pp.2650-2658, 2024-09. Interdisciplinary Graduate School of
Engineering Sciences, Kyushu University, Japan
バージョン：
権利関係：Creative Commons Attribution 4.0 International



EVERGREEN Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 11, Issue 03, pp2650-2658, September, 2024 

 
Implementation of Risk Factor on Optimisation Model to 
Minimise Transportation Cost of Fatty Acid Methyl Ester 

(FAME) as Biodiesel Raw Material 
 

Dwi Phalita Upahita1,*, Rutma Pujiwat1, Maharani Almira Salsabilla1, 
Annissa Roschyntawati1, M. Rosyidi2, Djoko Prijo Utomo1, Sucipto1, 

Siti Hidayanti Mutiara Kurnia1, Dedy Arianto1, Hasriwan Putra1 
1Research Centre for Transportation Technology, National Research and Innovation Agency, 

Gedung Teknologi 2, KST BJ Habibie, Banten, Indonesia, 15314 
2Research Centre for Computation, National Research and Innovation Agency 

 
*Author to whom correspondence should be addressed: 

E-mail: dwip008@brin.go.id 
 

(Received May 13, 2024: Revised June 19, 2024: Accepted August 2, 2024). 
 

Abstract: Fatty Acid Methyl Ester (FAME) is the main component that form biodiesel mixture. 
The transportation cost of FAME from biodiesel company to blending terminal has a significant 
contribution on the total production of cost. This study aims to define the optimum combination of 
supply and demand of FAME distribution from biofuel company to the blending terminal with 
minimum transportation cost. This study included risk factor, i.e. the condition of distribution route, 
in the optimisation model. A linear programming model was developed to describe the variables and 
constraints that were involved in the optimisation. This study applied simplex method in the 
optimisation process. The results indicate that the incorporation of risk factors leads to higher 
transportation costs and subsequently alters the supply-demand allocation pairs compared to model 
that excludes these risks. These findings highlight the critical role of risk assessment in logistical 
planning and optimisation in the FAME supply chain.  
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1 Introduction 
Indonesia has a strong dependency to fossil fuel. This 

dependency to fossil fuel lead to several problems: the 
decrease of fossil fuel reserves and environment problem 
due to the emission from the fossil fuel usage. Long time 
ago, Indonesia is one of the main crude oil producer 
country in the world. However, Indonesia crude oil 
production has decreased from 1.6 million barrel per day 
in 1995 to only 789,000 barrel per day in 20141). 

Since 2008, Indonesia has become crude oil importer. 
Indonesia reserve to replacement ratio (RRR) is only 
about 55% in 2010 – 2013, which is considered low as 
compared to the ideal RRR value of 100%.  Indonesia 
position as the crude oil importer makes Indonesian 
economy become highly influenced by the fluctuation of 
oil crude price. Energy diversification is necessary to 
reduce Indonesia dependency to fossil fuel, including 
crude oil. Energy diversification with consideration of 
environment impact will help to achieve sustainable 
development and allow energy security2,3). One of energy 
diversification strategies is implementation of biofuel. 
The government has launched several regulations to 

encourage to usage of biofuel, including biodiesel and 
bioethanol. The government has set the utilisation target 
of renewable energy to 23% by 2025. 

Oil palm is one of the resources for biofuel mixture. 
Fatty acid methyl ester (FAME) is a mixture component 
for biodiesel that is a derivative product of oil palm4,5). In 
Indonesia, FAME is usually produced by biofuel company 
and send to blending terminal to be mixed with diesel fuel 
to form biodiesel. The FAME transport cost between 
biofuel and blending terminal is included in the 
calculation of biodiesel production cost. It means that the 
higher FAME transport will cause higher production cost 
thus affects the subsidy. 

FAME allocation optimisation is necessary to find the 
optimum distribution while minimising the transport cost. 
Numerous studies have considered optimising the 
distribution of demand-supply and logistics concerns 
which focus on cost minimisation. North West Corner 
(NCW), least cost and Vogel approximation method to 
optimise transport cost of Fatty Acid Methyl Ester 
distribution6). Another useful to solve distribution 
problem are branching method7) and demand-driven 
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distribution resource planning model8) to optimise product 
loads, Discrete-event simulations (DES) for shortening 
the inventory period of spare parts in the warehouse and 
reduce storage costs9). so that it can lead to an increase in 
the company's profit. While this research utilizes one-tier 
programming, there are also those who use two-tier 
programming for solving the supply demand problem 
minimise logistics costs in the upstream and downstream 
of supply chain network10–13). Location allocation model 
for victims and healthcare workers in Padang City during 
tsunami earthquake, model optimisation techniques and 
evolutionary algorithms are used to optimise the 
operational costs, resulting in reduced overall 
transportation costs of victims and the total transportation 
cost of health workers14). In terms of network optimisation, 
this research15) use BF-PSO method (butterfly-particle 
swarm optimisation) to optimise the distribution network, 
A Game Theory Model to solve the distribution problem 
of salt in Central Java16), Data Envelopment Analysis 
(DEA) to analysis efficiency of the logistics industry’s 
last-mile stations17). Overall, these studies highlight the 
importance of cost reduction and efficient resource 
allocation in demand and supply allocation. Several 
studies also incorporated machine learning in the 
optimisation problem. Study by Bruni et. al. incorporated 
heuristic algorithm in optimisation for last-mile 
delivery18). Another study by Tarapata et al used machine 
learning in time-dependent parcel distribution problem19). 
Meanwhile other study used machine learning for trailer 
management in a freight company20).   

Simplex method is an approach for solving production 
optimisation problems involving many decision variables 
to find the optimal value of a linear program with many 
decision variables 21–23). The advantages of the simplex 
method in optimisation is for calculating the optimal value 
of two or more decision variables with many inequalities. 
Simplex method is used in various studies such to 
maximise the profit of manufacturing sector24) and 
optimising the allocation of production resources25). When 
applying the simplex method, the main steps are: a. 
identify the optimisation problem to represent, b. choose 
the appropriate mathematical model to explain the 
problem, c. use linear programming to compute the 
optimal solution based on the resulting model and perform 
analysis and interpretation of calculation results. The 
simplex method is an effective method for optimising 
production and profits, especially in situations where 
many decision variables and limited resources are 
involved. 

In this study, a linear programming model was used to 
describe the optimisation condition including its 
constraints. This study aims to define the optimum 
combination of supply and demand of FAME distribution 
from biofuel company to the blending terminal to achieve 
the minimum transportation cost, with consideration of 
risk factor. The optimization of supply chains, particularly 
for biofuels such as Fatty Acid Methyl Ester (FAME), is 

crucial for enhancing efficiency and reducing costs. 
Traditional optimization models often neglect risk factors, 
which can lead to suboptimal allocation and increased 
costs. This paper aims to examine how the inclusion of 
risk factors affects the transportation costs and the 
allocation of FAME supply-demand pairs. Risk factor was 
defined based on the road damage percentage. Simplex 
method was used to solve the linear programming model 
and obtain the optimum FAME allocation. 

 
2 Methodology 

Optimisation of FAME distribution allocation was done 
by considering several aspects: transport cost, FAME 
production capacity, and biodiesel blending capacity. 
Simplex method was used to solve the linear 
programming model for the optimisation analysis. A risk 
factor matrix was introduced to represent the risk during 
delivery due to the road condition. Figure 1 shows the 
optimisation workflow. 

 

 
Fig. 1 Optimisation Workflow 

 
2.1 Scope of study 

This study examined the allocation of FAME 
distribution between 23 biofuel companies and 65 
blending terminals. FAME for biodiesel production was 
transported from the biofuel companies, that produce 
them, to the blending terminals where FAME will be 
mixed with other components to produce biodiesel. The 
locations of biofuel companies and the blending terminals 
were spread across Indonesia. 

 
2.2 Cost and FAME Production Capacity Data 

The Indonesian Government through the Ministry of 
Energy and Mineral Resources (ESDM) releases the 
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allocation of FAME production and distribution for every 
pair of biofuel company and blending terminal26). The 
allocation includes information on the production capacity 
of the biofuel companies. It serves as one of the limiting 
factors in the optimisation analysis. Figure 2 shows the 
production capacity of the biofuel company. 

 

 
Fig. 2 FAME Production Capacity (kL) 

 
The blending capacity of the blending terminal is 

another data that was required for the optimisation 
analysis. The data on the blending capacity of each 
blending terminal was obtained from the data available 
from ESDM and crosschecked with the data from the 
FAME allocation. Figure 3 shows the blending capacity 
of each blending terminal. 

 

 
Fig. 3 Biodiesel Blending Capacity (kL) 

 
ESDM also regulates the transport cost (Rp/litre) for 

FAME delivery from biofuel company to the terminal 
blending27). However, the transport cost that was regulated 
by ESDM did not cover all possible pairs of biofuel 
company and blending terminal. Extrapolation calculation 
was done to obtain the estimated transport cost for the 
pairs that were not regulated in the ESDM regulation. The 
calculation was done based on the ratio of the length of 
the delivery route between the known pair and the 
unknown pair. Equation (1) shows the formula to 
calculate the transport cost (TCij). The route distance (D) 
data was obtained using a combination of tracing the land 
and shipping route using ecotransit platform and Google 
Earth. A completed transport cost matrix is shown in 
Table 1. 

𝑇𝑇𝑇𝑇𝑖𝑖𝑗𝑗 =
𝐷𝐷𝑖𝑖𝑖𝑖

𝐷𝐷𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘
× 𝑇𝑇𝑇𝑇𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘  (1) 

 
Table 1 Transport Cost Matrix 

  M1 M2 M3 M4 M5 … M60 M61 M62 M63 M64 M65 

P1 97 331 363 529 575 … 400 296 575 311 69 400 

P2 97 331 363 529 575 … 400 296 575 311 69 400 

P3 88 300 568 827 83 … 174 378 450 135 30 174 

P4 423 705 644 803 775 … 300 516 775 400 52 300 

… … … … … … … … … … … … … 

P18 427 370 305 585 125 … 80 435 184 231 14 80 

P19 427 370 305 585 125 … 80 435 184 231 14 80 

P20 530 554 395 534 187 … 471 296 1218 428 82 471 

P21 486 474 500 800 210 … 100 400 474 200 352 100 

P22 541 528 650 975 418 … 125 540 926 391 440 125 

P23 541 529 650 975 418 … 125 540 926 391 440 125 

2.3 Risk Factor 
Risk factor was derived from the data on the road 

pavement condition from the Ministry of Public Works 
and Housing28). The data provide insights on the 
percentage of road in a damage condition for each 
province in Indonesia. Road pavement condition is chosen 
as the reference of the risk factor as it can affect many 

aspects in transportation process and may cause deviation 
from the plan.  

Road pavement condition may affect the travel speed of 
the vehicle that pass through the road29,30). Change in 
travel speed will affect the travel time and vehicle 
emission.  Fuel consumption in trucks that use diesel fuel 
increases as the slope of the road increases, making it 
important because it impacts transportation costs and even 
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significantly affects the economic level of countries where 
the distribution of goods is highly dependent on road 
transportation31). The sensitivity analysis of road user 
costs (RUC) on roughness shows that International 
Roughness Index (IRI) has the highest impact on 
Articulated Truck, which means pavement conditions 
have a significant impact on RUC attributes for instance 
fuel consumption, tier consumption, vehicle maintenance 
cost, and crew wages32). Previous studies found that 
pavement condition also affect road safety aspects, such 
as crash severity33,34) and crash rate35). 

Inclusion of risk factors in the optimisation analysis 
was done by assuming that the road damage will affect the 
transport cost. It is assumed that for every 1% of road 
damage in the province that is part of the FAME delivery 
route, will increase the transport cost by 1%. Previous 
studies have shown that pavement condition can affect the 
RUC36–38). The formulation for risk factor calculation is 

written in (2). If the route passes through several 
provinces, the risk factor of the route (RFij) was calculated 
based on the average of percentage of road damage (RD) 
of all provinces that were part of the route. 

 
𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 = 1 + 𝑅𝑅𝑅𝑅����  (2) 

 
The RF for all possible routes were calculated and form 

a RF Matrix, as shown in Table 2. The RF matrix was 
multiplied with the cost matrix to form an adjusted cost 
matrix. The adjusted cost matrix represents the transport 
cost for all possible route with the inclusion of risk factor 
from the road damage condition. Adjusted transport cost 
(ATCij) was calculated using formula as shown by (3). 
Table 3 shows a part of the adjusted cost matrix. 

 
𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 = 𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 × 𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 (3) 

 
Table 2 Risk Factor (RF) Matrix 

  M1 M2 M3 M4 M5 … M60 M61 M62 M63 M64 M65 

P1 1.0052 1.0055 1.01045 1.01805 1.0083 … 1.006 1.00765 1.0083 1.00275 1.01815 1.006 

P2 1.0052 1.0055 1.01045 1.01805 1.0083 
… 1.006 1.00765 1.0083 1.00275 1.01815 1.006 

P3 1.0083 1.0086 1.01355 1.02115 1.0114 
… 1.0091 1.01075 1.0114 1.00585 1.02125 1.0091 

P4 1.01815 1.01845 1.0234 1.031 1.02125 … 1.01895 1.0206 1.02125 1.0157 1.0311 1.01895 

… … … … … … … … … … … … … 

P18 1.01125 1.01155 1.0165 1.0241 1.01435 … 1.01205 1.0137 1.01435 1.0088 1.0242 1.01205 

P19 1.01125 1.00035 1.0165 1.0241 1.01435 … 1.01205 1.0137 1.01435 1.0088 1.0242 1.01205 

P20 1.00335 1.00365 1.0086 1.0162 1.00645 … 1.00415 1.0058 1.00645 1.0009 1.0163 1.00415 

P21 1.01815 1.00365 1.0234 1.031 1.02125 … 1.01895 1.0206 1.02125 1.0157 1.0311 1.01895 

P22 1.00665 1.00695 1.0119 1.0195 1.00975 … 1.00745 1.0091 1.00975 1.0042 1.0196 1.00745 

P23 1.00665 1.00965 1.0119 1.0195 1.00975 … 1.00745 1.0091 1.00975 1.0042 1.0196 1.00745 

Table 3 Adjusted Transport Cost (ATC) Matrix 

  M1 M2 M3 M4 M5 … M60 M61 M62 M63 M64 M65 

P1 98 333 367 539 580 … 402 298 580 312 71 402 

P2 98 333 367 539 580 … 402 298 580 312 71 402 

P3 89 303 575 845 84 … 176 382 455 136 31 176 

P4 431 718 659 828 791 … 306 527 791 406 54 306 

… … … … … … … … … … … … … 

P18 432 374 310 599 127 … 81 441 187 233 14 81 

P19 432 370 310 599 127 … 81 441 187 233 14 81 

P20 531 556 398 543 188 … 473 298 1226 429 83 473 

P21 494 475 512 825 214 … 102 408 484 203 363 102 

P22 545 532 658 994 422 … 126 545 935 393 449 126 

P23 545 534 658 994 422 … 126 545 935 393 449 126 
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2.4 Optimisation Analysis 
Simplex method was used to solve the linear 

programming model and obtain the optimum FAME 
distribution allocation. A set of constraint functions and 
an objective function was defined beforehand. The 
analysis will be done to compare two conditions: (i) 
without considering the risk factor and (ii) considering the 
risk factor. 

First, the basic constraint functions were defined. The 
allocation of FAME cannot be a negative value. Therefore, 
the FAME allocation (Aij) for each pair was defined to be 
equal or greater than zero, as shown in (4). 

 
𝐴𝐴𝑖𝑖𝑖𝑖 ≥ 0    (4) 

 
The constraining factors are the FAME production 

capacity of each biofuel company and the blending 
capacity of the blending terminal. Each biofuel company 
has their own production capacity, that may be related to 
the availability of the equipment and manpower. 
Therefore, the allocated FAME production volume for 
each company cannot exceed that capacity. Equation (5) 
shows the formulation for the production capacity (PCi) 
constraint. 

 
∑ 𝐴𝐴𝑖𝑖𝑖𝑖𝑛𝑛
𝑗𝑗=1 ≤ 𝑃𝑃𝑃𝑃𝑖𝑖  (5) 

 
Then, an objective function was defined. This study 

aims to get the optimum FAME allocation with minimum 
transport cost. Therefore, the objective of the linear 
programming model is to minimise the total transportation 
cost. The total transport cost was calculated using formula 
as shown in (6). 
 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇 =  ∑𝐴𝐴𝑖𝑖𝑖𝑖 × 𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 (6) 
 

The linear programming models that have been defined 
were solved using simplex method with R programming. 

The lpsolve package in R was used with some 
modification to fit the purpose of this study. As mentioned 
before, the analysis will calculate and compare the FAME 
allocation under two different conditions. For condition (i) 
the original transport cost (TC) matrix will be used, while 
for condition (ii) the adjusted transport cost (ATC) matrix 
will be used.  
 
3 Results and Discussion 
3.1 The Allocation Matrix 

Linear programming model was defined based on the 
available data such as transport cost, blending capacity, 
and FAME production capacity. All the data was inputted 
to R as the basis for the optimisation calculation. Simplex 
method was used to obtain the optimum solution of the 
FAME distribution allocation. Two scenarios were 
analysed: (i) without risk factor; and (ii) with risk factors. 
The risk factors were represented as the adjusted factor to 
the cost. Figure 4 shows the comparison of total 
transportation for the two conditions. 

For a fair comparison, the total transportation cost for 
both scenarios were calculated using the adjusted 
transportation cost that reflect the effect of road condition 
to the transportation cost. It is assumed that ATC reflect 
the actual cost. The total transport cost based on 
optimisation using Scenario 1 is IDR 5,096,267,034,078. 
The total transportation cost based on Scenario 2 is IDR 
5,091,791,126,919 which is lower than the total 
transportation cost of the Scenario 1. 

Table 4 shows the fraction of distribution allocation 
without consideration of risk factors (Scenario 1). The 
optimisation was done based on the basic transport cost 
matrix (TCij) without addition of risk factors. If we 
compared the current FAME allocation that was regulated 
by ESDM and the FAME allocation based on the 
optimisation using Scenario 1, there are some changes on 
the allocation.    

 

  
Fig. 4 Comparison of total transportation cost 

Scenario 1 Scenario 2
Total Transport Cost 5,096,267,034,078 5,091,791,126,919
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Table 4 FAME Distribution Allocation without Considering Risk Factor (Scenario 1)

 M1 … M27 M28 M29 M30 M31 M32 … M65 

P1 - … - - - - - - … - 

P2 - … - - - 194,423.71 - - … - 

P3 - … 294,372.25 - - - - - … - 

P4 87,039.5 … - - - - - - … - 

… … … … … … … … … … … 

P18 - … - - - - - - … 3,585 

P19 - … - - 143,345,78 - - - … - 

P20 - … - - - - - 5,833 … - 

P21 - … - - - - - - … - 

P22 - … - - - - - - … - 

P23 - … - 204,381.5 51,077.94 - 61,847.43 - … - 

Table 5 shows the fraction FAME distribution 
allocation matrix that calculated under Scenario 2 (with 
Risk Factor). The risk factor was included in the Adjusted 
Cost Matrix (ATCij). It was assumed that the risk factor, 
i.e. road damage will cause the increase on the transport 

cost. There are some changes of the allocations compared 
to the results from Scenario 1. Changes in the adjusted 
cost due to the addition of risk factors may affect the 
allocation.

 
Table 5 FAME Distribution Allocation with Consideration of Risk Factor (Scenario 2) 

 M1 … M27 M28 M29 M30 M31 M32 … M65 

P1 - … - - - - - - … - 

P2 - … - - - 194,423.71 - - … - 

P3 - … 294,372.25 - - - - - … - 

P4 87,039.5 … - - - - - - … - 

… … … … … … … … … … … 

P18 - … - - - - - - … 3,585 

P19 - … - - 146,515 - - - … - 

P20 - … - - - - - - … - 

P21 - … - - 23,590.19 - - - … - 

P22 - … - - - - - - … - 

P23 - … - 204,381.5 24,318.52 - 61,847.43 - … - 

3.2 The Effect of Risk Factors 
The results from the two optimisation scenarios, with 

and without risk factor, were compared. The results 
indicate there are some differences on the allocation of 
FAME between biofuel company and the blending 
terminal. Several pairs that get FAME allocation in the 
Scenario 1 were not obtained FAME allocation based on 
the Scenario 2. On the other hand, several pairs get more 
allocation in Scenario 2 than in Scenario 1. It might due to 
the increase in the ATCij compared to TCij after inclusion 
of risk factors in the calculation. 

The transportation cost of several pairs saw more 
significant increase compared to the other due to more 
severe road damage condition. Some pairs that have lower 

TCij compare to others, may now have higher ATCij. The 
optimisation algorithm seeks for pairs with lower adjusted 
transport cost and maximise the allocation for that pairs 
first, while pair with higher transport cost will allocated 
later. The differences between TC and ATC definitely 
cause some changes in the FAME allocation in Scenario 
1 and 2. 

Comparison of the transportation cost from the two 
scenarios also shows that the scenario 2 (with risk factor) 
has lower transportation cost than the scenario 1 (without 
risk factor). It indicates that adding risk factors change the 
optimisation results. Inclusion of risk factors gave better 
reflection of the impact of the risk that can happen along 
the route (i.e. road condition) on the FAME transport cost. 
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Addition of risk factors to the Scenario 2 better reflect the 
cost that may be occurred in the FAME transport process 
other than transport cost that pre-calculated based on basic 
condition (i.e. distance and mode of transport). 
Meanwhile, Scenario 1 did not reflect the impact of road 
condition in the optimisation process and considered the 
given transport cost. Therefore, the Scenario 1 result in 
higher transportation cost since it only gave a suboptimal 
solution. In Scenario 2, pairs with higher risk, which also 
has higher adjusted transport cost, were given less 
allocation. The allocations were re-distributed to lower 
risk pairs. The results of Scenario 2 give lower total 
transportation cost since it is the optimum solution after 
consideration risk due road condition impact. 

However, the current risk factor only included road 
damage factor. It was assumed that road condition would 
affect the overall transport cost, due to fuel consumption, 
longer travel time, vehicle maintenance, etc. It is 
understood that there are other factors that impose risk 
during the delivery of FAME. Factors such as weather 
condition, road traffic, port performance, etc. might 
impose risk and affect the FAME delivery. 

FAME delivery is chain of process that consist of 
several tasks or components, so does the transport cost. 
Several task may more sensitive to certain risk factors. For 
example, sea shipping of FAME is more sensitive to 
weather condition and it may affect the shipping cost 
component in the transport cost. Therefore, a more detail 
look into FAME delivery process is necessary to identify 
the risk factor and understand the effect of the risk to the 
delivery process. 
   
4 Conclusions 

This study aims to obtain the optimum FAME 
allocation with consideration to risk factors, i.e. road 
damage, as an addition of other aspects. Simplex method 
was used to solve the optimisation models and obtain the 
optimum solution. The results with and without inclusion 
of risk factors were compared. The inclusion of risk 
factors indeed affects the FAME allocation. There are 
some changes in the allocation of FAME. Several pairs 
with higher risk, which also higher adjusted transport cost, 
were given less allocation for FAME delivery in the 
Scenario 2. More allocations were given to lower risk 
pairs. The results also indicate that incorporating risk 
factors give better optimum solution. Scenario 1 (without 
risk factor) results in higher total transportation cost than 
Scenario 2 which consider the risk factors. The risk factors 
give representation of the impact of risk that may happen 
along the route (i.e. road condition) on the FAME 
transportation, e.g. impact to the transport cost of each 
pair. Inclusion of risk factors better reflect the condition 
of FAME transport not only by transport cost that only 
reflect the basic condition. By giving more allocation to 
lower risk pairs and less allocation to higher risk pairs, the 
algorithm in Scenario 2 obtained optimum solution with 
lower total transportation cost. Meanwhile, Scenario 1 did 

not include the risk factors; thus, it did not reflect the risk 
that may happened and only gave suboptimal solution. 
These findings highlight the critical role of risk 
assessment in logistical planning and optimisation in the 
FAME supply chain. Consideration of risk factor in 
logistic planning can potentially reduce the overall cost. 

Future study may investigate more details into the risk 
factors. Other variables, such as weather condition and 
traffic, maybe included in the risk factors calculations. 
Future study may also look into more detail breakdown on 
the transportation cost, as many components can be 
considered in the transportation cost calculation. Some 
component may be much sensitive to certain risk factor 
than others. Advancement of machine learning is another 
aspect that can be incorporated in solving transportation 
optimisation problem. Adding machine learning may help 
to analyse more complex variables and problems. 
Integration of machine learning model may also help to 
improve the accuracy of optimisation model by 
continuously learn and adapt to changing conditions in 
real time. 
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Nomenclature 

𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖  Transport cost between biofuel 
company Pi and blending terminal Mj 

𝐷𝐷𝑖𝑖𝑖𝑖  Route distance between biofuel 
company Pi and blending terminal Mj 

𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 Risk factor on FAME delivery 
between biofuel company Pi and 
blending terminal Mj 

𝑅𝑅𝑅𝑅���� Average road damage percentage 
𝐴𝐴𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖  Adjusted transport cost between 

biofuel company Pi and blending 
terminal Mj, after inclusion of RF 

𝐴𝐴𝑖𝑖𝑖𝑖 FAME distribution allocation from 
biofuel company Pi to blending 
terminal Mj 

𝑃𝑃𝑃𝑃𝑖𝑖 Production capacity of biofuel 
company Pi 
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