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Bioenergy parks are multi-product industrial complexes that process residual biomass from agro-

food systems into valuable products such as biofuel and power. By utilizing waste from food 

production, such systems can mitigate competition for resources at the food-water-energy nexus. 

Bioenergy parks consist of individual plants that are integrated with each other to improve 

material and energy efficiency and attain more sustainable operations. However, such advantages 

can be negated by vulnerability of integrated systems to cascading failures triggered by equipment 

failure or feedstock supply perturbations. Seasonal variations in the demand may also cause 

reductions in throughput compared to normal production levels, resulting in similar cascading 

disruptions. The reliability of bioenergy parks can be enhanced by having redundancy measures. 

However, as this approach is subject to budget constraints, it is important to identify the most 

critical plant in the bioenergy park. This key step economizes redundancy allocation and avoids 

overdesigning system capacities. This work applied this integrated framework to address 

criticality of process units or plants in bioenergy parks, considering demand uncertainties. The 

method increases overall reliability of bioenergy parks by allocating standby inventory or supply. 

Two bioenergy parks are utilized as case studies to demonstrate the integrated method. 
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INTRODUCTION 

Efficient utilization of agricultural waste is an essential strategy for improving the sustainability 

of global food production systems, particularly because the amount of non-edible biomass in 

most food crops is often significantly larger than the edible fraction (Tseng et al., 2019). Such 

wastes are an underutilized resource that can be tapped for the production of energy and other 

commercially valuable products; their use can result in further environmental benefits from 

offsetting fossil fuel consumption and the uncontrolled emissions from poor waste management. 

A bioenergy park is a type of industrial symbiosis (IS) complex built upon collaborative efforts 

among separate bioenergy plants. Fernandez-Mena (2016) emphasized the importance of 

applying the IS concepts to agro-food chains; this will eventually lead to the development of 

agro-industrial ecology. Collocated industrial plants within a bioenergy park maximize synergistic 

opportunities by utilizing available bioenergy-based products, byproducts, and utilities (Martin 

and Eklund, 2011). The bioenergy plants in this paper are defined as biomass-processing facilities 

that utilize waste from agro-food systems to produce various biofuels (Chandel et al., 2018) and 

valuable biochemicals (Serna-Loaiza et al., 2018). For example, second generation bioethanol can 

be produced from corn stalks, wheat straw, and sugarcane bagasse (Carrillo-Nieves et al., 2019). 

Various residues from palm oil mills can be used as well to enhance biodiesel production 

(Harahap et al., 2018), and municipal waste such as spent cooking oils are also a potential raw 

material (Sahar et al., 2018). Mixed agricultural waste is currently used to produce methane for 

heat and electricity (Antoniou et al., 2019), and  solid digestates as an alternative soil fertilizer 

(Iocoli et al., 2019). Proteins and peptides are now being extracted to enhance the economic 

value of building a biorefinery (Contreras et al., 2019). Bioenergy parks and IS networks in 

general have proven to contribute in reducing environmental burdens and increasing economic 

development at both local and regional levels (Zhu and Ruth, 2014), and thus can contribute to 

the sustainability of agro-food systems. 
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Despite their efficiency advantages, tightly-integrated networks in bioenergy parks are also at risk 

to cascading failures. Such events can be brought about by the disruption of one or several 

critical components within a particular system. IS networks are disrupted through plant closure 

or changes in production levels (Zhu and Ruth, 2013). Yap and Devlin (2017) highlighted the 

importance of considering the disruption of IS networks alongside understanding its emergence 

and development. Supply-side perturbations and equipment failure within the plant cause a 

proportional decrease in the available capacity of a particular component plant, but due to the 

interdependencies in the system, this disruption can ripple through the entire network. This 

supply-side disruption can be caused by climate change-induced events such as droughts or 

floods (Langholtz et al., 2014) and seasonal availability of particular biomass feedstocks (Chandel 

et al., 2018). Aside from this, the global food system in general (i.e., from production, 

distribution to food consumption) is greatly impacted by climate change (Fanzo et al., 2018). The 

demand for a particular bioenergy product is also subjected to seasonal variations. This demand-

side disruption is usually caused by sudden spike in product utilization or reduction in the 

consumption of downstream industries (Bairamzadeh et al., 2018). Measures to mitigate such 

events through default safety margins could be insufficient due to the unpredictable nature of 

disruptions (Zio, 2016), coupled with the added cost of implementing such strategies. Thus, a 

systematic risk analysis that involves both identifying potential disruptions and placing buffer 

mechanisms in the network is deemed essential prior to designing bioenergy parks. 

 

Criticality analysis is a risk-based method that identifies the potential disruptions within a 

particular integrated system and measures the magnitude of the consequences. Unlike 

vulnerability (or robustness), criticality is defined in this work as a risk measure to which a specific 

unit is the source of cascading disruption in a network. Using this method, critical components of 

simple or complex systems are identified using simulated disruption scenarios. This method is 

thus able to identify critical components in agro-food supply chains or facilities, so that they can 
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be appropriately modified to reduce risk to the entire system. This algebraic input-output (I-O) 

based methodology is utilized in determining critical components of integrated bioenergy 

systems such as polygeneration plants and bioenergy parks (Benjamin et al., 2015a). The method 

is also extended to incorporate probabilistic disruption scenarios in calculating a network-wide 

risk (Benjamin et al., 2015b). Recently, a P-graph approach was developed for the criticality 

analysis of a single bioenergy plant (Benjamin et al., 2017) and multiple (i.e., supply-side and 

demand-side) perturbation scenarios (Benjamin, 2018). These works, however, lack the 

mechanism to address those critical components or mitigate the effects of potential disruptive 

events. 

 

Disruptive events in bioenergy parks will cause the system to deviate from its baseline state and 

result in the unreliability of the network. From the perspective of a particular plant, the 

disruptions can originate either from upstream or from downstream. In the context of bioenergy 

parks, reliability is defined as the probability that the plant can function normally within 

acceptable limits during a specified time period. It is defined in this work as the capability of a 

bioenergy plant to maintain the required production level after a given disruptive event. 

Engineered systems should not only be at optimal and safe conditions but also be operationally 

reliable, as argued by Ottino (2004). Such a criterion is also emphasized by Andiappan (2017), in 

particular, as an integral part that should be considered prior to designing energy systems. Recent 

works used reliability analysis on improving the behavior of power transmission systems 

(Johansson et al., 2013), simulating the corrosion of pipelines (Leira et al., 2016), multi-objective 

exergoeconomic design of steam networks (Rad et al., 2016), optimal design of cooling water 

systems (Cheng et al., 2017), assessment of solar water heaters (Rezvani et al., 2017), and 

studying the performance of bioreactor landfills (Reddy et al., 2017). 
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System-wide reliability can be enhanced through redundancy allocation, which is done by 

employing units or components that can perform a similar function in parallel to the existing 

network. The redundancy of critical components is important in the design and planning of IS 

networks as demonstrated by Wu et al. (2017) using a hazardous waste symbiosis network case 

study. Bruneau et al. (2003) defined redundancy as the production unit’s capability to substitute 

losses through inventories and identified this property as one of the dimensions in achieving 

system resilience. In the context of IS networks, redundancy can also be achieved by exchange 

between industries that provide similar resources or product streams (Chopra and Khanna, 

2014). The presence of these multiple suppliers (or buyers) in the face of fluctuations in 

production levels will cause redundancy but will eventually result in a more resilient system 

(Herczeg et al., 2018). Such potential interactions or cooperation within an agro-food system is 

important in attaining sustainability (Coteur et al., 2019). It is thus important to properly 

optimize the implementation of redundancy allocation in IS networks. 

 

Redundancy allocation is a typical (but costly) strategy to design reliable processes. For instance, 

Aguilar et al. (2008) developed a general and robust framework to allocate redundancy for utility 

systems. Next, Voll et al. (2013) proposed an equipment redundancy allocation framework via 

the P-graph approach. More recently, Moradi et al. (2017) incorporated reliability indices into a 

nonlinear mathematical model to quantify the reliability of energy supply. With these reliability 

indices, the developed model determined the compromise between cost and reliability of energy 

hubs. Similarly, a bi-criterion nonlinear model was proposed to determine the optimal selection 

of parallel process units, by maximizing process unit availability subject to parametrically defined 

fraction of the maximum costs (Ye et al., 2018). Next, an integrated framework was developed 

by Andiappan et al. (2018) to remove the criticality of biomass processing units in a tri-

generation system or at the plant-wide level using redundancy allocation. Their approach 

integrates the method developed by Benjamin et al. (2015a) for identifying the process unit with 
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the highest criticality index in a biomass tri-generation system, with the k-out-of-m based 

methodology developed by Andiappan et al. (2015) for implementing redundancy allocation. 

Most recently, Andiappan et al. (2019) developed a linearized mathematical model to allocate 

equipment with sufficient reliability based on equipment function. 

 

Based on the papers reviewed above, there are several research gaps that can be identified. First, 

previous IS networks focused on the vulnerability of the IS rather than the criticality of plants 

within the system. Criticality analysis focuses on the role each plant in the IS plays as a potential 

source of disruption (Benjamin et al., 2015a). Second, most IS networks focus on mass and energy 

integration, and fair cost allocation, but limited work has considered demand uncertainty and the 

corresponding mitigation strategies. These gaps serve as the motivation of this work. This work 

presents an approach to increase the reliability of component plants in bioenergy parks using 

redundancy allocation. The approach used in this work is analogous to the one of Andiappan et 

al. (2018), but is applied at the scale of an industrial complex, where the optimal allocation of 

“standby” inventory (instead of standby equipment) should be determined to improve the overall 

reliability for a transient disruption. Aside from this, the new framework incorporates variations 

(or increase) in the demand for bioenergy products. In tightly integrated systems, adjustment of 

output of component plants (e.g., in response to market changes) can indirectly affect other 

plants, even if these plants do not experience reductions in demands for their own products. 

This work can be valuable during the design or planning stage of bioenergy parks, since it 

anticipates disruption of critical components and provides a risk mitigation strategy using 

redundancy allocation. This would thus result in a reliable and resilient network that can 

withstand disruptive events since “standby” inventory is provided at a certain reliability. This 

paper is organized into the following sections: a formal problem statement discussing the general 

approach is given next. The systematic and integrated approach applied to bioenergy parks is 

then presented in the methodology section. Two IS network case studies focusing on the 
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utilization of waste from agro-food systems in Europe and Asia are used to demonstrate the 

applicability of the proposed method. Finally, conclusion and future research works are provided 

at the end of the paper. 

 

PROBLEM STATEMENT 

The general problem for reliability of bioenergy parks via redundancy allocation with demand 

uncertainty is formally stated as follows: 

• The bioenergy park is an integrated network that consists of n component bioenergy 

plants and is designed to produce p main product streams. 

• Each bioenergy plant in the network is described by fixed ratios of material and energy 

streams, and these realistic ratios are derived from stoichiometric and thermodynamic 

relations. 

• The baseline state of the bioenergy park is assumed to be given, including fixed input and 

output flows from each component plant, desired production levels or bioenergy plant 

capacities, and fixed demand (i.e., net system output) for the main products. 

• Critical components (i.e., bioenergy plants) of the bioenergy park will be determined 

using the approach of Benjamin et al. (2015a). This method calculates the effect of 

single-plant disruptions in the network and determines which component will require 

redundancy allocation to increase the reliability of the bioenergy plant. 

• The k-out-of-m based modelling approach of Andiappan et al. (2015) will then be used to 

allocate a redundant inventory to the most critical bioenergy plant while satisfying the 

required minimum reliability levels. 

• The robustness of the developed approach will then be subjected to uncertainty analysis 

by varying or increasing the demand for product streams. Criticality anlsysis and 
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redundancy allocation will be subsequently applied again to determine the effect of this 

demand-side disruption. 

 

METHODOLOGY 

The general approach for increasing the reliability of a disrupted bioenergy plant park using 

redundancy allocation is shown in Figure 1. The methodological approach is extended from 

Andiappan et al. (2018) for bioenergy parks where inventory redundancy allocation is imperative 

for reliable operation. Aside from this, the framework now incorporates demand uncertainty (or 

potential increase in product demand) in the analysis. 

 

Criticality Analysis 

The material and energy input-output flows within and outside the bioenergy park is represented 

by Equation 1, where A is the matrix of inputs or outputs, x is the vector of bioenergy plants’ 

production levels, and y is the vector of net outputs. An algebraic I-O based method, as shown 

in Equation 2, is then adapted to calculate the effect of single-plant disruptions in the final 

output of the bioenergy park. 

 

   A x = y              (1) 

       
       
       

0 A' y" B' I x"
=

-I A" x' B" 0 y'
   (2) 

   z = c X*-1              (3) 

 

The input or output matrix A in the bioenergy park is n × n, wherein n corresponds to the 

number of bioenergy plants present. Thus, this method can be applied to systems with a larger 

number of plants. The column vector for the endogenous production level of bioenergy plants is 

denoted by x' and the column vector for the component plant with disrupted capacity is 
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represented by x''. The column vector for final output constraints is symbolized by y', and y'' is 

the column vector to denote the disrupted net output stream. In addition, �′ is an m × m matrix 

derived from �, and �′′ is an (n – m) × m matrix. On the other hand, �′ is an m × (n – m) matrix 

derived from (−�), and �′′ is an (n – m) × (n – m) matrix. Then, m is the set of given net output 

streams. To simplify, the model is used to determine the effect of a disrupted bioenergy plant on 

its corresponding product stream by fixing the capacities as well as the net output of unaffected 

component plants. This approach directly measures the consequence of the disruption 

originating from a particular component plant. The resulting reduction in final output of the 

perturbed product stream (denoted by a column vector c) is then normalized by dividing it by 

the percentage disruption denoted by X* (a diagonal matrix) in Equation 3. This ensures that the 

criticality index, z, of any component in a given network is constant for any given disruption 

magnitude. The results will be ranked based on this metric and will be considered in the risk 

mitigation strategy (i.e., redundancy allocation) to be implemented within the bioenergy park. For 

a detailed description of the Criticality analysis used in this section, readers are referred to the 

previous work on this topic (Benjamin et al., 2015a).  

 

Uncertainty Analysis 

In this work, the seasonality in the demand for bioenergy products is considered. The demand 

(y) will then be increased per product stream to determine the corresponding effect in the model. 

This will be applied in the second case study for comparison. Criticality analysis will again be 

conducted and the results will then be analyzed. The most critical bioenergy plant is then 

subjected to RA, for which the method is presented in the next section. 

 

Redundancy Allocation 

Once the most critical bioenergy plant is identified, redundancy allocation can be performed 

(Andiappan et al., 2018, 2015). The input or output matrix (ajw) of the most critical plant in the I-
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O model is used as a basis for redundancy allocation as it indicates the actual flow or capacity of 

inputs and outputs of the bioenergy plant. Based on the process matrix, the number of plants 

with operating throughput n (zjn) is determined via Equation 4. Note that zjn is a positive integer 

variable. 

 

Size

1 1

F a
N W

jn jn jw

n w

z
= =

≥∑ ∑   j∀  (4) 

 

Equation 4 is followed by Equation 5, where binary variable Ijn indicates the selection of plant 

size n (
SizeFjn ), and M is an input parameter with a sufficiently large value. 

 

Mjn jnz I≤ ×   j n∀ ∀  (5) 

 

The required redundancy allocation is performed using Equation 6, which uses individual plant 

reliabilities (PRjn) to compute the overall reliability (ORjn) for a set of plants j with size n. Note 

that this equation utilizes the binomial coefficient C, assuming that the RA problem follows a 

binomial distribution. From here, Equation 6 determines the number of plants j with size n 

installed (mjn). 

 

−

=

≥ = −∑( ) (PR ) (1 PR )
jn

jn jn

jn

m
m m kk

jn jn jn k jn jn

k z

OR m z C   j n∀ ∀  (6) 

 

The ORjn computed in Equation 6 must then satisfy a reliability target defined for the critical 

plant (
MinOR jn ) in Equation 7. 

MinOR jn gives the minimum reliability that plant j with capacity n is 

expected to achieve. It is a user-defined parameter set based on the time that a plant is expected 



8119 words 
 

12 
 

to operate without failure over the total time period considered. For instance, if a plant with a 

given capacity is expected to operate 6,560 hours without failure across a total time period of 

8,000 hours annually, the value for 
MinOR jn would be 82% (= 6,560/8,000). 

 

= =

≥∑ ∑ Min

1 1

OR
N N

jn jn jn jn

n n

OR I I   (7) 

 

mn from Equation 6 is then included in Equation 8 to evaluate the overall cost of inventory 

allocated (CTotal). In Equation 8, Cjn is the inventory cost of plant j with size n. 

 

Total

1 1

( -  )C
J N

jn jn jn

j n

C m z
= =

=∑∑    (8) 

 

Subsequently, the objective function for this model is to minimize the overall cost of inventory 

allocated, as shown in Equation 9. 

 

Minimize CTotal  (9) 

 

It is assumed that the criticality analysis has been performed at the preliminary design stage of 

the bioenergy park. As it would be costly to allocate redundant plants for the entire network, this 

work uses redundancy allocation to determine the optimal allocation of backup inventory for the 

most critical plant. By minimizing Equation 9, the redundancy allocation model calculates the 

number of bioenergy plants with size n that will be required for operation while determining the 

number of plants with size n on “standby” to maintain the minimum targeted reliability. The 

“standby” plant refers to the excess standby inventory or supply that must be secured from a 

neighbouring plant. Meanwhile, the number of operating plants, zjn, is the number of plants that 
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belong to the network. So if the redundancy allocation model suggests two operating small plants 

(zjn = 2) as compared to a single plant in the preliminary bioenergy park design, then the course 

of action is to revise the I-O model or consider other component plants with higher reliability. It 

is important to note that the formulation above only selects one plant size n, and subsequently 

allocates the corresponding redundancy for that chosen size. 

 

Note that each task (i.e., criticality analysi and redundancy allocation) is executed for one plant at 

a time. Once a critical plant has been allocated redundancy, it is imperative to ensure that the 

same plant is no longer ranked as the plant with the highest criticality index. If it is no longer 

ranked the most critical, the following step is to compare the computed total inventory cost to 

the available budget. If the CTotal is below the available budget, redundancy allocation of the most 

critical plant can be approved. However, if the CTotal exceeds the available budget, redundancy 

allocation would not be feasible. In this respect, a possible suggestion would be to revise the 

expectations of the plants’ reliability target. By revising the reliability target, other potential 

redundancy allocation strategies with more affordable cost can be determined. 

 

It is worth noting that the presented approach has an advantage over single step redundancy 

allocation methods. Single step approaches assume redundancy allocation for the entire system, 

which is disadvantageous for decision-makers that are on a tight budget and lack resources to 

solve a complex nonlinear redundancy allocation problem. In this sense, the presented approach 

decomposes the redundancy allocation problem into two stages and consequently reducing its 

nonlinearity to just the most critical component plant’s redundancy allocation. 

 

CASE STUDY 1: BIOENERGY PARK 

In this case study, a bioenergy park based on the Händelö bioenergy complex located in Sweden 

(Martin and Eklund, 2011)  is analyzed to illustrate the applicability of the integrated framework 
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at the level of industrial complexes or eco-industrial parks with fixed demand for product 

streams. The bioenergy complex is designed based on integration of by-products between stand-

alone plants (Martin and Eklund, 2011), and recent studies incorporated quantifying the 

environmental performance of these synergies (Martin et al., 2014). The sustainability of such 

network and other bio-based value chains in Sweden necessitates the use of various methods in 

assessing potential benefits from by-product synergies (Martin et al., 2017) and potential risks as 

well (Martin et al., 2018). Because of the interdependence of the component plants, operational 

failure in any of them would cause unmet demands and economic losses. It is thus necessary to 

identify the critical plant and adopt precautionary measures that improve the reliability and 

viability of the bioenergy park. The proposed approach is not only applicable to this case study 

but also to other emerging bioenergy parks since they are subject to potential obstacles or 

failures as discussed in the Sotenäs complex in Sweden (Martin and Harris, 2018). 

 

The design of the bioenergy park is then simplified and adapted from Benjamin et al. (2015a). As 

shown in Figure 2, a biomass-powered combined heat and power (CHP) plant is used to supply 

the heat and power required by all bioenergy plants in the network. The other component plants 

are as follows: a biodiesel plant (BDP), a bioethanol plant (BEP), and a biogas plant (BGP), 

which acts as an upcycling facility for the waste produced inside the bioenergy park. The 

assumed raw materials include agricultural biomass residues for the CHP plant, wheat straw for 

the BEP, and a mixture of fats and oils used in the BDP for biodiesel production. The BGP then 

converts the by-products or waste from the BEP (e.g., stillage), BDP (e.g., glycerol), and outside 

the network (e.g., agricultural or household waste) to methane for consumption by the 

transportation sector. Based on the input-output topology in Figure 2, the network must satisfy 

both internal and external demands for the main products. Table 1 shows the required final 

outputs (i.e., external demands) for power, bioethanol, biodiesel, and biogas. The table also 

presents the I-O matrix used to calculate the baseline capacities of the bioenergy plants. The 
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columns in the matrix represent process vectors, which are the material and energy ratios for a 

specific component plant, normalized using the main product stream. 

 

Adapting the results from Benjamin et al. (2015a), the required baseline capacities of the 

bioenergy plants are the following: 29,720 L/h of bioethanol for the BEP, 30,881 kW of power 

for CHP, 20,000 L/h of biodiesel for the BDP, and 2,108 m3/h of biogas for the BGP. The 

corresponding inputs of raw materials are 78.12 t/h, 51.7 t/h, 18,520 L/h, and 6.97 t/h for 

wheat, biomass, fats and oils, and waste, respectively. As mentioned above, a deviation in the 

baseline state is expected if a disruption scenario occurs within the bioenergy park resulting in 

network unreliability and eventual failure. Capacity disruption in one or more component plants 

will also affect both the directly and indirectly connected plants due to interdependency (Rinaldi, 

2004). Such risk resulting from cascading failures can be measured using criticality analysis. The 

criticality index and the corresponding risk ranking from Benjamin et al. (2015a) of the 

component plants in the bioenergy park are shown in Table 2. Simply put, higher index means 

that the critical plant should be given more priority when creating risk mitigation strategies. 

From the results, it can be seen that a disrupted BGP scenario is unfavorable for the entire 

network and necessitates the need for buffer mechanisms such as employing redundancy 

allocation. 

 

To perform redundancy allocation, this case study considers the nominal capacities shown in 

Table 3. It can be seen from the options that a plant with higher capacity is more reliable but will 

entail additional cost as well. Using the data shown in Table 3, the redundancy allocation model 

that consists of Equations 4 – 8 and the minimum reliability intended for the disrupted BGP is 

set to 75%. This would mean that the BGP is expected to at least operate 75% of its operational 

hours without any cause of disruption. Based on this, the redundancy allocation model was 

formulated in commercial software LINGO version 14 with the global solver. The model 
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contains a total of 11 continuous variables, 6 integer variables, and 14 constraints. This model 

was then solved by minimizing the objective function (shown in Equation 8) under 1 CPU 

second. The corresponding results are presented in Table 4. The results indicate that a total of 

two biogas plants are required for the bioenergy park operation. This means that one BGP is 

required for actual operation and the other as a “standby” plant. This suggests that an inventory 

of 2,108 m3/h biogas capacity must be secured for the BGP in order to meet the minimum 

target reliability. This added inventory can be sourced from a nearby plant and is usually 

established via contracts or agreements (Herczeg et al., 2018). The resulting biogas net output is 

increased from 896 m3/h to 2,873 m3/h after performing a post-redundancy criticality analysis. 

This result shows that the final output is more than sufficient to meet the 1,000 m3/h baseline 

external demand. With this redundancy allocation strategy, the model shows that a reliability of 

91% can be achieved following the allocation calculation in Equation 5 and this is a 21% increase 

from the baseline value. The revised process diagram of the network after redundancy allocation 

is presented in Figure 3. Essentially, if the installed BGP experiences full capacity disruption in 

the bioenergy park, an inventory of 2,108 m3/h biogas has been already made available. Thus, 

the secured inventory will be able to provide supply of biogas in case of varying magnitude of 

inoperability. 

 

CASE STUDY 2: PALM OIL PROCESSING COMPLEX 

Palm oil is a major agro-industrial product that is produced in countries such as Malaysia and 

Indonesia; this vegetable oil is exported and consumed all over the world, but the industry has 

been criticized due to various sustainability issues. Efficient utilization of abundant residual 

biomass from the palm oil industry is one of the measures proposed to improve the sustainability 

profile (Ng et al., 2012). Bioenergy parks have thus been proposed for utilizing these residues to 

produce various value-added products. A bioenergy park in the palm oil industry is referred to as 

a palm oil processing complex (POPC). POPCs are often very integrated in nature. However, 



8119 words 
 

17 
 

demand changes or operational failure for one plant would impact other plants within the 

POPC. Since plants in the POPC are typically operated by separate owners, the demand changes 

or operational failure for one plant is unfavorable and would cause dissatisfaction among other 

plant owners. Such issue will certainly jeopardize the viability of the POPC and eventually its 

aims for improved sustainability. In this respect, it is important to identify the critical plant 

within a POPC and subsequently establish counter measures to address such criticality. 

 

The POPC considered in this case study is adapted from Ng et al. (2013). Demand uncertainty is 

considered in this case study, this means that there will be increase in the demand for product 

streams. The production of crude palm oil (CPO), which is a globally significant edible oil used 

in many parts of the world, results in the generation of large amounts of biomass (ratio is about 

1:9), and research is now focused on maximizing the utilization of this biomass (Sadhukhan et 

al., 2018). The POPC is an integrated system consisting of several palm oil-based processing 

plants that produce multiple products such as biofuels, biopower, and biochemicals. 

Sustainability is attained by implementing IS within the POPC via material and energy 

integration. The development of POPCs is thus one of the sustainable development strategies 

that can be implemented by countries that are reliant on the palm oil industry. However, such 

tight integration can lead to system vulnerability, since changes in production level of one plant 

(e.g., due to market impacts on product demand) can affect other plants indirectly. 

 

The processing plants in the POPC (see Figure 4) are as follows: a palm oil mill (POM), a palm 

oil refinery (POR), a palm oil-based biorefinery (POB), and a combined heat and power (CHP) 

plant. Fresh fruit bunches from the oil palm tree are fed to the POM to produce CPO. The CPO 

is further processed by the POR to produce various palm refined products such as olein. The 

biomass waste from the POM such as empty fruit bunch (EFB) is utilized by the POB and is 

converted to dried long fiber (DLF). DLFs are being used as raw materials for composite boards 
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in pulp production. Part of the biomass is used for electricity and steam generation by the CHP. 

High process integration is evident in the POPC as the CHP supplies the power requirement of 

all the component plants. In this case study, most of the main products of each processing plant 

is consumed within the POPC and the excess can be sold to the market or outside the IS 

network. 

 

The process data for solving the baseline state of the POPC is presented in Table 5. The 

resulting capacities of the processing plants are as follows: POM = 16.8 t/h, POR = 12.16 t/h, 

POB = 5 t/h, and CHP = 4.342 MW. These values (x, capacity) were solved using Equation 1. 

Applying criticality analysis, the index of the disrupted plant as well as the corresponding rank in 

risk is shown in Table 6. This shows that the most critical plant in the POPC during disruptive 

events is the CHP. Being the anchor tenant in this IS network, this suggests that the 

requirements of the processing plants are satisfied first resulting in a large decrease in the excess 

electricity. The model will then be subjected to various demand perturbation scenarios. In 

particular, the demand for all bioenergy products (i.e., Electricity, CPO, Olein, and DLF) will be 

increased by 1% per scenario to determine if it will have an effect in the criticality ranking of the 

plants in the POPC. For example, in Scenario 1 the demand for Electricity is 0.1515 MW and the 

rest of the products are at the baseline values as presented in Table 7. After applying criticality 

analysis, from the results presented in Table 8, it can be seen in the four scenarios that the most 

critical plant is still the CHP. Essentially, the CHP module is critical in the operations because it 

is heavily involved in supporting the production of all products from the POPC. Aside from this, 

the CHP satisfies the internal requirements of the bioenergy park first resulting in the largest 

reduction in its final output since the method accounts for the disruptions’ downstream effects. 

Hence, the CHP module has the highest criticality index in all the scenarios. This indicates that 

demand-side disruptions did not affect the risk ranking for this particular case study. This is an 
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important input in planning and eventually developing the POPC that can withstand variations in 

product demands. 

 

Since the CHP was identified as the most critical plant, several design options were considered to 

improve its reliability. These design options include 2.5, 3.8, and 5.0 MW CHP modules (shown 

in Table 9). The minimum reliability required for the disrupted CHP is 82%. This means that the 

CHP needs to operate at least 82% of the available period without any cause of disruption. The 

minimum reliability of 82% is a user-defined parameter, set based on the assumption that the 

plant is expected to operate 6,560 hours without failure over a total time period of 8,000 hours. 

Similar to Case study 1, the RA model was formulated following Equations 4 – 8 and was solved 

using LINGO version 14 with the global solver. The model contained a total of 14 continuous 

variables, 9 integer variables, and 17 constraints. This model was then solved by minimizing the 

objective function (shown in Equation 8) under 1 CPU second. The corresponding results are 

presented in Table 10. The results indicate that a total of three 2.5 MW CHP modules were 

chosen for the POPC. In particular, two CHP modules are needed for operation while the 

remainder is a “standby” unit. The “standby” unit here refers to the 2.5 MW of backup power 

that must be secured. This redundancy allocation gives a total reliability of 84%, which is higher 

than the minimum reliability set (82%). This backup power can also be sourced from energy 

storage or from other neighboring power connections. The revised process diagram of the 

POPC is presented in Figure 5. 

 

The current model can be improved in the future to address disruption of more than one 

component plant (Benjamin, 2018) using multiple redundancy allocation. The likelihood of each 

disruption scenario can also be incorporated in the model, leading to a probabilistic risk analysis 

(Benjamin et al., 2015b). Lastly, multi-period planning (Lee, 2017) of bioenergy parks will involve 
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more detailed operational optimization. Monte Carlo simulation (Tan et al., 2017) may then be 

used for results validation. 

 

CONCLUSIONS 

A novel criticality analysis and redundancy allocation method has been developed in this work to 

increase the reliability of bioenergy parks. This hybrid method focuses on the industrial complex 

level and considers the effects of demand uncertainty on interplant integration. Two case studies 

are used to show that the method is applicable for fixed or varying net output streams. This 

feature is important in designing systems that are vulnerable to various uncertainties. The results 

can be generalized to bioenergy parks other than the two case studies shown here. This method 

can enhance the sustainability of agro-industrial systems by improving the operability of facilities 

at the food-water-energy nexus. This work can aid bioenergy park planners in choosing the 

appropriate component plants to be included in the network. Such a strategy will thus minimize 

risks of disruptions, while reducing the need for overdesigning the system at extra cost. Future 

work should incorporate multiple-plant redundancy, probabilistic disruption scenarios, and 

multi-period planning of bioenergy parks in the model. 
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ABBREVIATIONS 

BDP  Biodiesel plant 
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BEP  Bioethanol plant 

BGP  Biogas plant 

BTS  Biomass tri-generation system 

CHP  Combined heat and power 

CPO  Crude palm oil 

DLF   Dried long fiber 

FFB  Fresh fruit bunches 

I-O  Input-output 

IS  Industrial symbiosis 

MILP  Mixed integer linear programming 

POB  Palm oil-based biorefinery 

POM  Palm oil mill 

POR  Palm oil refinery 

POPC  Palm oil processing complex 

 

MATHEMATICAL NOMENCLATURE 

A   Input - output matrix 

x   Vector of bioenergy plants’ production level 

y   Vector of net outputs 

m  The set of given net output streams  

n   Number of bioenergy plants 

p  Number of main product streams 

�′  The m × m matrix derived from � 

�′′  The (n – m) × m matrix 

�′  The m × (n – m) matrix derived from (−�) 
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�′′  The (n – m) × (n – m) matrix 

I  Identity matrix 

x'   Column vector for endogenous production level of bioenergy plants 

x''   Column vector for the component plant with disrupted capacity 

y'  Column vector for final output constraints 

y''   Column vector for the disrupted net output stream 

z  Criticality index 

c  Column vector of fractional change in product streams 

X*  Diagonal matrix of disruption magnitude 

mjn   Number of plants required for plant j with capacity n 

zjn   Number of plants operating for plant j with capacity n 

SizeFjn   Nominal capacity n for plant j  

ajw  Input or output matrix for plant j with component stream w  

Ijn  Presence of nominal capacity n in plant j (binary) 

PRjn  Reliability of plant j with capacity n 

ORjn  Overall reliability computed for plants j with capacity n 

Cjn  Inventory cost for plant j with capacity n 

minOR jn   Reliability target for plant j with capacity n 

CTotal  Total inventory cost for redundant plant in the bioenergy park 
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Table 1. Process data for the baseline state of the bioenergy park in Case Study 1. (Adapted from 

(Benjamin et al., 2015a)). 

Product stream CHP BEP BDP BGP Final output 

Power, kW 1 –0.2590 –0.0132 –0.4354 22,000 

Bioethanol, L/h 0 1 –0.236 0 25,000 

Biodiesel, L/h 0 0 1 0 20,000 

Biogas, m3/h –0.02963 –0.003810 –0.004 1 1,000 
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Table 2. Criticality index and risk ranking of bioenergy plants in Case Study 1. (Adapted from (Benjamin 

et al., 2015a)). 

Disrupted bioenergy plant – product stream Criticality index Risk ranking 

BGP – biogas 2.1 1 

CHP – power 1.4 2 

BEP – bioethanol 1.2 3 

BDP – biodiesel 1.0 4 
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Table 3. Options considered for RA model in Case Study 1 

Biogas plant Options 

Plant nominal capacity, SizeFjn  (m3/h) 1,500 2,108 

Plant reliability Pjn (%) 60 70 

Inventory cost, Cjn (e.g., USD/h) 640.5 900.116 
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Table 4. Results from RA model in Case Study 1 

RA Model Output Results 

Total required number of BGP plants, (mjn) 2 

Number of operating BGP plants required, (zjn) 1 

Number of “standby” BGP plants (mjn - zjn) 1 

BGP reliability after RA (%) 91 

Selected “standby” or backup inventory (m3/h) 2,108 

Cost of selected inventory (USD/h) 900.16 
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Table 5. Process data for the baseline state of the integrated palm oil processing complex in Case Study 

2. (Adapted from Ng et al., 2013). 

Product stream POM POR POB CHP Final output 

Crude palm oil, t/h 1 –1.3158 0 0 0.8 

Refined palm olein, t/h 0 1 0 0 12.16 

Dried long fiber, t/h 0 0 1 0 5 

Electricity, MW –0.065 –0.1316 –0.3 1 0.15 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



8119 words 
 

34 
 

Table 6. Criticality index and risk ranking of processing plants in Case Study 2. 

Disrupted plant – product stream Criticality index Risk ranking 

POM – crude palm oil 21.0 2 

POR – refined palm olein 1.0 3 

POB – dried long fiber 1.0 3 

CHP – electricity 28.85 1 
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Table 7. New demand for product streams at different disruption scenarios 

Product stream Scenario 1 Scenario 2 Scenario 3 Scenario 4 

Crude palm oil 0.8 0.808 0.8 0.8 

Refined palm olein 12.16 12.16 12.28 12.16 

Dried long fiber 5 5 5 5.05 

Electricity 0.1515 0.15 0.15 0.15 
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Table 8. Criticality index of plants at different demand-side disruption scenarios 

Bioenergy plant Scenario 1 Scenario 2 Scenario 3 Scenario 4 

POM 21.0 21.78 41.0 21.0 

POR 1.0 1.0 1.98 1.0 

POB 1.0 1.0 1 1.98 

CHP 29.65 29.29 46.55 38.95 
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Table 9. Options considered for RA model in Case Study 2 

CHP plant Options 

Plant nominal capacity, 
SizeFjn  (MW) 2.5 3.8 5.0 

Plant reliability Pjn (%) 75 78 80 

Inventory cost, Cjn (e.g., USD/h) 350.00 532.00 700.00 
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Table 10. Results from RA model in Case Study 2 

RA Model Output Results 

Total required number of CHP plants, (mjn) 3 

Number of operating CHP plants required, (zjn) 2 

Number of “standby” CHP plants (mjn - zjn) 1 

CHP reliability after RA (%) 84 

Selected “standby” or backup inventory (MW) 2.5 

Cost of selected inventory (USD/h) 350.00 
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Figure 1. General framework for increasing the reliability of bioenergy parks using redundancy 

allocation under demand uncertainty. 
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Figure 2. Process flow diagram of the bioenergy park (Adapted from Benjamin et al., 2015a). 
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Figure 3. Process flow diagram of the bioenergy park after RA.  
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Figure 4. Process flow diagram of the palm oil processing complex (Adapted from Ng et al., 2013). 
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Figure 5. Process flow diagram of the palm oil processing complex after RA. 
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Increasing the Reliability of Bioenergy Parks Utilizing Agricultural Waste Feedstock 

under Demand Uncertainty 

 

Highlights 

• Bioenergy parks are vulnerable to operational disruptions and cascading failures  

• A hybrid criticality analysis and redundancy allocation method was developed 

• The model determines the number of required standby component plants for reliability 

• This method minimizes risk, prevents system overdesign, and avoid excessive cost 
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