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This paper presents an approach to the planning of bioenergy supply chains, taking into account both total 

cost minimisation and supply chain risk reduction via Process graph (P-graph). The supply chain risk is 

accounted for in terms of transportation fatalities computed in an actuarial manner. An illustrative example 

based on Malaysian palm-based bioenergy supply chain is solved to illustrate the proposed approach.  

1. Introduction 

Widespread adoption of bioenergy for electricity generation could lead to a globally greener environment, 

with significant climatic and waste management benefits. Numerous methodologies have been developed 

to optimise the performance of bioenergy supply chains with different objective functions (e.g., profitability, 

carbon footprint, etc.); these are usually based on conventional mathematical optimisation techniques. 

Such techniques are usually based on single-objective formulations, and are able to determine unique 

optimal solutions. Process network synthesis (PNS) is a systematic approach to the design of networks 

with the aid of graph theoretic tools. This methodology, which is now known as P-graph (process graph), 

dates back to the establishment of key axioms and theorems in the seminal work of Friedler et al. (1992a). 

A subsequent paper discussed the development of solution algorithms for PNS (Friedler et al., 1992b). 

The algorithm for the generation of maximal structures containing all possible networks from a given set of 

processes was proposed by Friedler et al. (1993). Unlike the conventional mathematical optimisation 

techniques, this method offers the capability to identify both optimal and near-optimal solutions.  

The PNS framework was initially applied mainly to the design of process plants and identification of 

chemical reaction pathways, but numerous new applications have since been documented in the literature. 

One notable area of application in recent years is the optimal synthesis of supply chains, particularly for 

renewable energy. The initial work of Lam et al. (2010) was first proposing for the PNS approach to 

biomass supply chain planning. This work was later extended to open-structure supply chains (Lam et al., 

2013). In order to address the variations inherent in renewable energy supply chains, Stile et al. (2011) 

proposed an extension capable of integrating uncertainties within the P-graph framework. Many of these 

recent applications are documented in a review by Lam (2013). Later, Vance et al. (2014) proposed a 

multi-objective P-graph approach to enable Pareto optimal solutions to be identified. Maier and 

Narodoslawsky (2014) proposed a P-graph approach to the planning of provision of clean energy for smart 

cities. The fundamentals of P-graph approach can be found in modern textbooks (e.g., Klemeš et al., 

2010), while software for implementation of PNS is available at www.p-graph.com (P-graph, 2014). 

None of the previous works reported have accounted for safety risks in supply chains within the P-graph 

framework. The risk may be involved in the transportation, loading/unloading activities, storage, 

manufacturing, etc. Different assessment methods (e.g., hazard and operability study (HAZOP), layer of 

protection analysis (LOPA), fault tree and event tree analysis, quantitative risk assessment, etc.) can be 
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adopted to assess safety risks. Actuarial approaches have been proposed to estimate how technological 

changes may affect cumulative fatalities on a life-cycle basis, throughout an energy supply chain. In 

particular, it was reported that large-scale implementation of carbon capture and storage (CCS) will result 

in a significant increase in fatalities, particularly in coal mining activities (Ha-Duong and Loisel, 2011). A 

mathematical programming approach to life-cycle based optimisation with consideration of fatalities in 

biomass supply chains was developed by Ramadhan et al. (2014) and applied to palm waste biomass in 

Malaysia. This paper extends the latter work by using a P-graph approach as an alternative to 

mathematical programming. The rest of this paper is organized as follows: P-graph methodology is 

presented in the next section and it is followed by problem statement and formulation. An example is 

solved to illustrate the proposed approach. Finally, conclusion and future works are given. 

2. P-graph Methodology 

P-graph methodology is based on three key procedures: 

 Maximal structure generation (MSG) is used to identify the overall structure comprises of all 

component processes identified earlier. The maximal structure is the union of all possible 

networks that can be generated. 

 Solution structure generation (SSG) is used to identify all possible subsets of the maximal 

structure, each of which defines a feasible topology to be optimised. 

 Accelerated branch and bound (ABB) determines optimal solutions to the problem by optimising 

within each solution structure. For large combinatorial problems, elimination of physically 

infeasible networks enables significant reduction in computational effort, as compared to the 

conventional branch and bound algorithm. 

3. Problem Statement 

Generic superstructure of bioenergy supply chain is shown in Figure 1. Given biomass generated from the 

source i ∈ I is allocated to the sink j ∈ J with the amount of Fi,j for power generation. The amount of 

biomass in the source i and sink j are denoted as Fi
SR

 and Fj
SK

 whereas power generated at the sink j is 

given as Ej. In this work, the total supply chain risk, r is defined as the summation of potential number of 

transportation fatalities as functions of transportation distance (Di,j) and the amount of biomass (Fi,j) from 

the source i and sink j. The main objective of this work is to minimise the total operating cost while keeping 

the supply chain risk as low as reasonably practicable.  

i = 1

i = 2

i = 3

i = I

j = 1

j = 2

j = 3

j = J

Fi
SR

 Fj
SK

Source Sink

 

Figure 1: Generic superstructure of bioenergy supply chain 

4. Figure 1: Generic superstructureProblem Formulation 

The problem formulation of this work is stated as follows:  

The total amount of biomass (Fi,j) should not exceed its availability (Fi
SR

) from the source i.  

SR
, i

j
ji FF                                         i  (1) 
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The total amount of biomass should match with the desired amount of biomass for power generation at the 

sink j. 

SK
, j

i
ji FF                                          j  (2) 

The allocated biomass flow has to take non-negative values: 

0, jiF                                                 ji,  (3) 

At the sink j, biomass is converted into power energy Ej with the given conversion of x
e
: 

e
, x

i
jij FE

                                       j  
(4) 

Additional constraint is added to ensure that the total power generated is at all times greater than or equal 

to the power demand at each sink j. 

REQ
jj EE 

                                           j  
(5) 

The total risk r can be determined in different way. Based on the availability of data of the potential 

fatalities, in this paper, r is determined by the total number of potential fatalities for each route (Ti,j) 

multiplied with the amount of biomass (Fi,j) and the distance travelled (Di,j). Thus, r is given as:  

jiji
ji

ji Fr ,,
,

, DT                                          
(6) 

where the unit of r is potential fatality and Ti,j is potential fatalities/kt-km.  

In this work, the optimisation model is solved via the proposed P-graph approach. In order to observe the 

effect of the supply chain risk to the optimisation objective (minimisation of total cost in this work), potential 

penalty cost due to fatality (C
P
) is included in the optimisation objective. C

P
 is given as:  

rC RP C                                           (7) 

where C
R
 is potential penalty unit cost (US$/potential fatality). 

 

The optimisation objective in Eq (8) is set to minimize total cost (C) of biomass from the source i to sink j, 

given by: 

P
,

M
,,

,

T CDC Min CFFC
j

ji
i

ijiji
ji

                                           (8) 

where first term represents transportation cost; whereas second term is raw material cost. C
T
 is 

transportation cost per unit of distance travelled and amount of biomass (US$/km-kt); Ci
M
 is cost of 

biomass sold from the source i (US$/t);  

5. Illustrative Example 

An illustrative example of palm-based bioenergy supply chain is used to demonstrate the proposed 

approach. Note that this example is simplified from the case study in the northern part of Borneo Island 

(Sabah) in Malaysia that has been presented by Foo et al. (2013). In this example, empty fruit bunches 

(EFBs) are chosen as feedstock to be transported and fed into power generation plants. EFBs are 

generated as by-products after oil palm fruits were separated from bunches in the palm oil mill. Table 1 

shows the data for EFB suppliers and consumers. Three palm oil mills (SR1, SR2 and SR3) with various 

selling prices and availabilities of EFB are considered in this example. EFBs can be sent to two power 

generation plant (SK1 and SK2) and power is generated based on the desired power demand. In this 

example, it is assumed that all source plants and sinks already exist, and no capacity extensions are 

allowed. Based on the interview with an industrial partner, the calculated transportation unit cost (C
T
) for 

EFB in Malaysia is US$ 205/km/kt. In actual practice, the concept of Value of a Statistical Life (VSL) can 

be used to determine the penalty cost per potential fatality (Mrozek and Taylor, 2002). It is assumed that 

the potential penalty unit cost is given as MUS$ 2 per potential fatality (Mrozek and Taylor, 2002). 

The value of potential fatality is determined based on the ten years transport statistics (2003 – 2012) which 

is available from the Ministry of Transport Malaysia (2013) and is summarised in Table 2. As shown, the 

probability of death caused by lorry accident in Sabah is equal to 4×10
-3

. Based on the annual distance 
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travelled and the capacity of each lorry, the potential fatality is calculated and has been found to be equal 

to 3×10
-6 

fatalities/kt-km. Please note that realistically, some road accidents were not reported to the 

authorities, thus not appearing in the official statistics (Ramadhan et al., 2014). In this example, the 

potential fatalities of each route are set to a minimum value of 3×10
-6 

fatalities/kt-km. For illustration 

purpose, the potential fatalities for each route are varied and shown in Table 1.  

Table 1: Data for EFB suppliers and consumers 

Source, i /Sink, j  

EFB Price, 

Ci
M
  

(US$/kt) 

Source 

availability, Fi
SR

 

(kt) 

Distance, Di,j  

(km) 

Potential fatality, Ti,j  

(10
-6

 potential fatality/kt-km) 

SK1 SK2 SK1 SK2 

SR1 6,400 120 11.9 154.0 4 70 

SR2 5,800 90 77.8 132.0 30 100 

SR3 6,100 70 168.0 7.1 100 80 

Desired power demand, E
REQ

j (MW)  5 6   

Table 2: Potential fatalities of lorry involved in road accident (2003 – 2012)  

Description  Data Data basis 

Average lorry involved in road accident (Malaysia) per 

annum, yL 
691,465 Ministry of Transport Malaysia (2013) 

Average vehicles involved in road accident (Malaysia) 

per annum, y               
46,535 Ministry of Transport Malaysia (2013) 

Average death reported (Malaysia) per annum, d 6,521 Ministry of Transport Malaysia (2013) 

Average death reported (Sabah) per annum, ds 351 Ministry of Transport Malaysia (2013) 

Probability of death (lorry) in Sabah per annum 4×10
-3

 Calculated based on yL/y×d/ds 

Annual distance travelled (km) 67,200 Based 200 km/d for 336 d/y 

Capacity of lorry (t) 20  

Potential fatalities (fatalities/kt-km) 3×10
-6

  

 

The model is solved by minimising the total cost in Eq(8) subject to Eqs(1) – (7) and data in Table 1. This 

example with a total of 25 variables is solved by PNS studio via accelerated branch-and-bound (ABB). As 

shown in PNS studio, two optimal solutions are given. A screen shot of the proposed solutions is illustrated 

in Figure 2 and the detail biomass allocation is tabulated in Table 3. The first solution yields a total cost of 

MUS$ 4.47/y with the total risk of 0.705 and 5 MW power are generated. 83 % of the biomass (100 kt/y) in 

SR1 is sent to SK1 for 5 MW of power generation whereas all biomass (70 kt/y) in SR3 and 56 % of the 

biomass (50 kt/y) in SR2 are sent to SK2 for 6 MW of power generation. In Solution #2, a minimum risk of 

0.652 is proposed with a total cost of MUS$ 5/y. In this solution, 70 kt/y of biomass from SR1 and 30 kt/y 

of biomass from SR2 are sent to SK1 whereas the remaining biomass (50 kt/y) from SR1 and all biomass 

in SR3 are sent to SK2. It is noted that Solutions #1 has the lowest cost whereas Solution #2 gives the 

lowest risk of the supply chain network.  

 

Figure 2: Screen shot of results in PNS studio  
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Based on the solutions given by PNS studio, the study of the correlation between total cost and total risk 

can be performed. By varying the risk (setting the maximum allowable risk from 0.652 to 0.705 in the PNS 

studio), the corresponding total cost are illustrated in Figure 3. Biomass allocations from SR1 and SR2 to 

SK1 and SK2 are shown in Figure 4. Biomass allocation of SR3 is not studied in this example as it remains 

the same in both optimal solutions. As the risk is decreased from 0.705 to 0.657 (RHS region), the total 

cost is also decreases at a constant gradient of 0.11. At the LHS region, the total cost decreases 

dramatically from MUS$ 4.47/y to MUS$ 5.00/y with a small decrement of the risk from 0.657 to 0.652.  

Table 3: Biomass allocation for illustrative example 

(a) Solution #1 

Source/Sink SK1 SK2 Supply 

SR1 100 0 100 

SR2 0 50 50 

SR3 0 70 70 

Demand 100 120  

All in the unit of kt/y 

(b) Solution #2 

Source/Sink SK1 SK2 Supply 

SR1 70 50 120 

SR2 30 0 30 

SR3 0 70 70 

Demand 100 120  

All in the unit of kt/y 

 

Figure 3: Correlation between total cost and total risk for illustrative example 

 

Figure 4: Allocation of biomass to (a) SK1 (b) SK2 

At the RHS region, SR1 remains to supply biomass at the rate of 100 kt/y to SK 1 (Figure 4a, solid line) 

while there is no biomass supply from SR2 to SK1 (dot line). SK2 gets more biomass supplies from SR1 

LHS RHS 
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(Figure 4b, dash-dot line) with the decrease of the risk since the potential fatality from SR2 to SK2 is 

higher than from SR1 to SK2. At the LHS region, part of the biomass supplies to SK1 is replaced by SR2 

(30 kt/y) whereas the supply of biomass from SR2 to SK2 becomes zero because a much lower risk from 

SR1 to SK2 is obtained.  

In this example, all possible solutions are provided in PNS studio. Alternate solutions are good for 

decision-makers in practical applications. Besides, this approach generates fast and feasible solutions, by 

eliminating non-feasible solutions within the network. Although the presented example is rather small and 

simple, the problem can be easily extended into a large-scale supply chain problem and it is proven in 

previous works (Lam et al., 2010) and reviewed extensively thereafter (Lam,2013) that there is no problem 

in solving the large-scale problems with P-graph methodology. 

6. Conclusions 

This paper presents a P-graph methodology for planning of bioenergy supply chains, taking into account 

both total cost minimisation and supply chain risk reduction. Risk is accounted for as the expected rate of 

statistical fatalities associated with each process or activity. The P-graph approach enables embedded 

algorithms for solution structure generation and optimisation to be used for planning the supply chain. 

Future work will focus on a multi-objective synthesis of supply chains, taking into further consideration 

additional aspects such as water, land and nitrogen footprints. Furthermore, the effect of parametric 

uncertainties can also be integrated within the optimisation framework. 
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