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Abstract 

Due to the capital cost of co-firing being lower than other biomass technologies, the 

transformation of coal plants into co-firing facilities can potentially minimize the bioenergy cost 

needed to meet energy decarbonization targets. This study analyzes the impact of the co-

deployment of co-firing and dedicated biomass technologies in contributing to the bioenergy cost 

reduction for country-level energy systems using a spatio-temporal techno-economic 

optimization model. Malaysia is used as a case in the analysis. Different scenarios were 

developed to assess the robustness of the cost reduction potential under the impact of incremental 

CO2 reduction targets and supply chain cost parameter variations. Our results suggest that the 

multi-sectoral deployment of bioenergy in energy systems is key to meeting decarbonization 

targets at the national scale. By also considering co-firing in the biomass technological pathway, 

up to 27% of bioenergy cost reduction can be enabled in the baseline case. The decrease in the 

supply chain cost parameter values further enhances the cost reduction potential; bioenergy costs 

can be reduced up to threefold. The findings have shown that developing countries such as 

Malaysia can benefit from the use of their rich agricultural resources to cost-effectively alleviate 

renewable energy poverty.     
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Highlights 

 Biomass co-firing plays an important role in delivering energy decarbonization 

 Multi-sectoral deployment helps to improve bioenergy production efficiency 

 More bioenergy investments are needed when co-firing is unavailable 

 The capital cost savings provided by co-firing reduce energy decarbonization costs 

 Changes in supply chain cost parameter values affect the cost reduction potential  

 

1.0 Introduction 

 

For developing countries that are dependent on agricultural resources, opportunities arise 

to mobilize biomass wastes generated from agricultural production activities for utilization as 

feedstock for energy production. Biomass co-firing with coal has been viewed in many studies as 

a low-cost renewable energy option for mitigating coal-based CO2 emissions due to the low 

capital investment associated with the integration of bioelectricity production in the existing 

power generation infrastructure [1-4]. However, without substantial plant modification, co-firing 

can only replace up to 20% of the existing coal plant capacity, if provided with the use of 

densified biomass feedstock [5]. This limits the opportunity for co-firing to harness the maximum 

biomass potential that could be deployed within a country. To make full use of the biomass 

potential available while replacing a significant share of the fossil fuels in the energy mix, co-

firing can also be deployed alongside dedicated biomass technologies, such as bioelectricity, 

bioheat and biofuels, which are not restricted by the availability of the existing power generation 

infrastructure.  

 

Coupling the deployment of biomass retrofit in the existing fossil fuel assets with 

dedicated biomass technologies, which are typically more capital intensive [6], could potentially 

result in capital cost savings that would lead to a reduction in the overall cost of energy systems. 

This fact was quantitatively presented in few recent studies, e.g., Keller et al. [2] found that in the 
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projected Alberta’s electricity system pathway, not adopting biomass retrofit technology in the 

existing power plant increases the total system cost by 5%. Meanwhile, Bui et al. [7] showed that 

in the projected biomass-based negative emission pathway, adopting biomass retrofit technology 

in the existing UK-based power plants results in improved profitability of the energy systems. 

However, these analyses were based on biomass retrofit pathways that adopted a 100% 

conversion of coal-fired units to biomass-fired units. A critical question arises: would a co-firing 

plant with a lower biomass-to-coal blending ratio (< 20%) still provide substantial capital cost 

savings compared to a 100% biomass retrofit plant? It is important to address this question to 

inform energy systems planners and policymakers when they make decisions on whether to focus 

on pursuing new policies that allow co-firing in the existing power plants [8,9] or to focus on 

strengthening current policies that promote dedicated biomass technologies and other renewables 

[10,11]. This insight is important because, in several developing countries, policies promoting co-

firing remain unavailable, although policies promoting renewables are already incorporated in 

national policies [1]. Thus, to inform the priority-setting of the national energy policy, a detailed 

assessment regarding these issues is needed at the country scale. To the best of the authors’ 

review, the existing comparative assessments of co-firing and dedicated biomass technologies 

have been conducted mainly at the plant level [6,12-14]. The insights derived from these previous 

works, however, are still inadequate to fully characterize the impact of co-firing on the cost-

reduction of dedicated biomass technologies to decarbonize the energy sectors at the system 

level. 

 

The deployment of co-firing has generally been evaluated individually rather than 

interdependently with dedicated biomass technologies in previous assessments [15-19]. Since 

various biomass conversion technologies are available, a suitable pathway for the co-deployment 

of co-firing and dedicated biomass technologies needs to be determined from a large array of 

possible supply chain configurations. Optimization models were often used in previous research 

to find the optimal design of the biomass supply chain [20]. In such models, the usual objective is 

to find the minimum cost (or emission) of the studied biomass pathway, at different system 

scales, e.g., district level [21-23], province/state level [24-26], national level [7,27-29], regional 

level [30-32], and continental level [33-35]. By using these models, multiple decisions, such as 

locating biomass feedstock supply sites [36,37], production sites [29,30] and energy demand sites 
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[31,33], and determining the required scales of the technological deployments [33-35], can be 

figured out simultaneously [20]. Despite the availability of existing optimization models capable 

of handling sophisticated biomass supply chain designs, a limited number of specialized 

bioenergy models exist that can capture sectoral disaggregation of the supply chains, in which 

techno-economic variables of certain supply chain activities are indexed according to their 

respective end-use demand sectors (such as Refs. [38,39]). This is a very important feature to 

include in an optimization model, as it captures the cross-sectoral impact of a wide range of 

biomass applications in multiple energy sectors. Durusut et al. [38] showed that the use of a 

model with multi-sectoral features can benefit policymakers in need of decision support when 

assessing the synergies between multiple policy goals and bioenergy initiatives in energy sectors. 

For instance, the models can be used to assess how a policy intervention implemented in one 

sector affects the policy goals in another. In this way, if conflict arises between the policy goals, 

the use of decision support tools can inform policymakers on the synchronization of those 

multiple policies. Clancy et al. [39] further showed that policies promoting the deployment of 

bioenergy in either one of the energy sectors affect the choice of technologies and the overall 

level of emission reduction delivered, using Ireland as a case study. The study highlighted that a 

policy supporting biomass utilization in the power sector limits the CO2 reduction contribution by 

the heat sector, since both sectors majorly compete for national biomass resources to produce 

bioenergy. Although the works mentioned [38,39] showed the importance of incorporating a 

multi-sectoral perspective in assessing the bioenergy deployment, they did not illustrate the 

impact of capital cost savings on the reduction in bioenergy costs that could have been provided 

by co-firing. Moreover, these works did not properly account for the spatial effects of biomass 

technology deployment in long-term bioenergy scenarios. The geographical scope covered (i.e., 

country scale) was treated as a single zone, without accounting numerous spatial nodes allocated 

within the zone. Because of this aggregation, these modeling works did not have the granularity 

to generate location-specific insights related to the deployment of biomass technologies and co-

firing, such as resource allocation [32,33], pre-processing depot localization [25,30], bioenergy 

plant localization [29,30], coal plant retrofit localization [31,40], and infrastructure network 

expansion [34,35], all of which are important to inform policy decisions. 
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Given the gaps in the literature, this study seeks to provide insights into the implications 

of deploying dedicated bioenergy technologies, with and without co-firing, on the costs of 

decarbonizing multiple energy sectors and the associated infrastructural requirements using a 

spatially-explicit techno-economic optimization model that combines the applications of 

Geographical Information Systems (GIS) and energy systems modeling. A key strength of this 

model is the endogenous representation of the supply chain, involving logistics, trades, 

conversions and demand competitions at specific bioenergy plant locations co-located with the 

locations of agricultural mills and clustered by spatial grid cells, which then translates into a 

higher-level system representation at the national or regional scale. Furthermore, this model 

associates multi-sectoral and high spatial resolution features covering a long-term planning 

timeframe until 2050, while also adopting features such as plant location-allocation, transmission 

network infrastructure interconnections, and different bioenergy pre-processing/conversion 

options for establishing the optimal bioenergy supply chain configurations. The model is applied 

to the case of the Malaysian bioenergy industry. The selection of Malaysia as the case study 

country for this assessment is based on two main criteria, namely its electricity mix and biomass 

availability. Since coal is projected to dominate the fuel share of Malaysia’s electricity generation 

for the next few decades [41], co-firing can be deployed as a feasible renewable energy option in 

this country, considering the increasing capacity of coal-fired power plants. As both co-firing and 

dedicated bioenergy options require biomass as feedstock to produce bioenergy outputs, 

Malaysia’s position among the largest global palm oil producers [42] suggests an opportunity to 

leverage the potential biomass supply. Although the model parameters employed in this study 

were customized to suit the bioenergy supply chain structure of Malaysia, the generalizable 

methodology and insights derived from this assessment are readily applicable to other countries 

or regions facing similar challenges. 

 

Several objectives were defined in this study: 1) To identify the rates of cost reduction 

that can be enabled from deploying co-firing with dedicated biomass technologies, 2) To evaluate 

the technological and infrastructural requirements of deploying bioenergy predominantly from 

palm oil sources in the multiple energy sectors at the national scale; and 3) To assess the 

robustness of the bioenergy deployment with and without co-firing in meeting energy 

decarbonization targets under different supply chain cost parameter variations. Specifically, this 
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study aims to identify the technological transition required in the long term to achieve the 

national CO2 reduction goals in line with the international climate policy, based on configuring 

the cost-optimal pathway that incorporates the production of bioenergy predominantly from palm 

oil-based sources with and without bioenergy retrofits in the existing coal plants. Aside from 

informing the ongoing initiatives and policies on fossil fuels mitigations and emission reductions, 

the techno-economic insights generated from this paper can also help to inform industrial actors 

on the best strategies to promote a sustainable bio-based economy based on improving the 

resource efficiency of the agricultural sectors through the use of biomass for bioenergy purposes. 

The insights can also help to inform developing countries with rich agricultural resources, such as 

Malaysia, on the strategies to alleviate renewable energy poverty in their energy sectors. 

 

2.0 Methodology 

2.1 Modeling approach 

  

 Malaysia’s energy decarbonization pathway for the power, heat and transport sectors is 

modeled using the BeWhere Malaysia model [43]. The model was built based on the core version 

of the BeWhere model [44,45] developed at the International Institute for Applied Systems 

Analysis (IIASA). The BeWhere Malaysia model is a multi-sectoral, partial-equilibrium, mixed-

integer linear programming model that determines the least-cost decarbonization pathway of 

energy systems at the national scale at a spatial resolution of 25 km x 25 km, covering a planning 

period of 2020–2050 (discretized into five-year time steps and two-month sub-annual time steps). 

Each spatial grid-cell contains area-specific information such as the types, rates, and costs of 

resources collected, stored, and processed; the demands of feedstock and bioenergy products; the 

types, capacities, and costs of bioenergy technologies; the distances, rates, and costs of resources 

transported; the infrastructure network extended; and the CO2 emissions of all supply chain 

activities. Other features of the model include the optimal configuration of energy supply chain 

structure that suits an agricultural bioenergy supply chain based predominantly on palm oil 

sources, as well from paddy and livestock sources; the optimal planning of the feedstock and 

intermediate product storages; the optimal selection of pre-processing technologies that provide 

the use of upgraded feedstock, such as biomass pellets, biomethane and compressed biomethane 

(BioCNG); the optimal selection of conversion technologies for producing bioenergy products 
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such as bioelectricity, bioheat and biofuel; the optimal transportation of feedstock, intermediates 

and bioenergy products from the supply points to the demand points; and the optimal 

infrastructure network deployment comprised of the extension of power transmission lines from 

existing mills to substations and the extension of steam pipeline to the industrial areas. The model 

is written in GAMS and solved using the solver CPLEX. The description of the mathematical 

formulation of the BeWhere Malaysia model, together with the input datasets, is available online 

[46]. The overall structure of the BeWhere Malaysia model is illustrated in Fig. 1. 

 

Fig. 1: The overall structure of the BeWhere Malaysia model. Four types of datasets are 

incorporated as inputs into the model, categorized as techno-economic datasets, emission 

datasets, spatial datasets, and temporal datasets. The energy supply chain structure of the model is 

designed to suit an agricultural bioenergy supply chain pathway predominantly based on palm oil 

resources. The model configures the optimal decarbonization pathway by determining the least-

cost energy supply chain configuration while satisfying the annual CO2 reduction targets as a 

constraint. 
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2.2 Bioenergy supply chain 

 

 The bioenergy supply chain structure in the model considers two processing stages, 

namely the pre-processing of feedstock into intermediate products and the conversion of 

feedstock and intermediate products into bioenergy products, as illustrated in Fig. 2. The 

feedstock is initially collected from the supply locations (e.g., palm oil mills, rice mills, oil palm 

plantations, paddy plantations, livestock farms). The feedstock may be stored for utilization in the 

subsequent sub-annual periods or directly transported to conversion plants or pre-processing 

plants while satisfying the demands for existing energy uses. The pre-processing of the feedstock 

may be performed to increase its energy density by converting it into an intermediate product 

(e.g., biomass pellets, biomethane, BioCNG). The intermediate product is then either stored for 

utilization in the subsequent sub-annual periods or transported to conversion plants for further 

conversion into bioenergy products or transported to coal plants for co-firing. 

 

 

Fig. 2: The bioenergy supply chain structure adopted in BeWhere Malaysia. 

 

 Several transportation modes are considered in the model, including road transportation, 

sea transportation, pipeline transportation, and power grid transmission. For road transportation, 

truck is used to transport feedstock, intermediate product, and bioenergy product from the supply 
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points to the destinations. For sea transportation, ships are used to transport feedstock and 

intermediate product from seaports to the destinations. The majority of the feedstock is allowed 

to be transported using trucks or ships but an exception was made for palm oil mill effluent 

(POME), which is only allowed to be used onsite due to its slurry characteristic which makes it 

difficult to be transported using truck. However, POME can also be consumed in other locations 

if processed into biomethane or BioCNG. To deliver the biomethane into conversion facilities, a 

compressor unit of 20 psig operating pressure and an 8-inch pipe diameter pipeline are needed 

[47]. The production of bioelectricity requires the extension of power transmission lines from 

existing agricultural mills to electricity substations with capacities greater than 100 kV [34], 

whereas the production of bioheat requires the extension of a steam pipeline with a 6-inch pipe 

diameter to the industrial demand points [48]. The form of transport and the corresponding 

distances are obtained from spatial data using the network analysis tool in the ArcGIS software. 

The cost and CO2 emission network for road transport, sea transport, pipeline transport, and 

power transmission are established through the interconnections of each of the associated spatial 

grid cells, as illustrated in Fig. 3. The parameters employed for establishing the transport 

networks, costs, and CO2 emissions in ArcGIS are compiled in Table 1 and Table 2.  

 

 

Fig. 3: Spatial grid cells covering the national administrative boundaries of Malaysia. 

 

Table 1: Cost and emission parameters for road and sea transportation. 

Transport parameters Unit Truck
a 

Ship
b
 

Loading/unloading cost USD/t 2.5 6.7 

Transport cost USD/t.km 0.05680 0.00131 

Emission gCO2/t.km 116 7 
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Fuel consumption
c
 L/vehicle.km 0.278 15.760 

a
Cost and emission parameters were calculated based on the parameters adapted from How et al. 

[49]. 

b
Cost and emission parameters were calculated based on the parameters adapted from Rentizelas 

and Li [50]. 

c
Transport fuel cost was calculated based on the annual fuel price of each planning period. 

Table 2: Cost parameters for power transmission grid and pipeline infrastructures. 

Infrastructure Connectivity cost Interconnection cost 

Unit Value Unit Value 

Transmission grid
a
 USD/MW  303,554  USD/km  1,182  

Pipeline (biomethane)
b
 USD/MW  49,452  USD/km  7,643  

Pipeline (steam/heat)
c
 USD/MW  342,520  USD/km  76,955  

a
Adapted based on the parameters from Mesfun et al. [34]. 

b
Adapted based on the parameters from Hoo et al. [47]. 

c
Adapted based on the parameters from the IEA-ETSAP report [48]. 

 

2.3 Availability of bioenergy feedstock 

 

 To improve resource efficiency at the national scale, the wastes generated from 

agricultural production are used as feedstock for bioenergy production. The availability potential 

of the bioenergy feedstock used in this study is based on the remaining availability of feedstock 

after subtracting the existing feedstock utilization for energy purposes from the overall 

availability. The bioenergy feedstock is sourced from three types of agriculture, namely palm oil, 

paddy, and livestock. From palm oil, the bioenergy feedstock comes from empty fruit bunch 

(EFB), mesocarp fibre (MF), POME, oil palm frond (OPF) and oil palm trunk (OPT); from 

paddy, the bioenergy feedstock comes from rice straw (RS) and rice husk (RH); and from 

livestock, the bioenergy feedstock comes from cattle, buffalo, sheep, goat, chicken and duck 

manures. Crude palm oil (CPO) is also considered a feedstock for producing palm oil-based 

biodiesel, but its consumption is limited to up to 16% of the total availability, which is equivalent 

to providing a substitution for up to 40% of the diesel demand. The availability and the prices of 

the bioenergy feedstock are provided in Fig. 4. Overall, 280 TWh/year to 330 TWh/year of 
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agricultural residues are available for utilization from 2020 to 2050, 18 TWh/year to 21 

TWh/year of which are dedicated to existing applications (i.e., power and heat). For producing 

biodiesel, 34 TWh/year to 56 TWh/year of CPO is available for utilization from 2020 to 2050.  

 

 

 

Fig. 4: The types, availabilities, and prices of bioenergy feedstock considered in BeWhere 

Malaysia, as compiled by Mohd Idris et al. [46]: a) availability of feedstock from 2020–2050, b) 

price of feedstock from 2020–2050.  

 

 The spatially disaggregated bioenergy feedstock availability dataset can be referred to 

online in the IIASA’s data repository [46]. The following assumptions were made for the spatial 

disaggregation of the bioenergy feedstock availability: the EFB, MF, PKS and CPO availabilities 

are spatially disaggregated based on the locations and capacities of palm oil mills [51]; OPF and 

OPT availabilities are spatially disaggregated based on the oil palm plantation map [52]; RH 

availability is spatially disaggregated based on the locations and capacities of rice mills [51]; RS 

availability is spatially disaggregated based on the paddy plantation map [53]; and manure 

availability is spatially disaggregated based on the livestock population map [54]. 

 

2.4 Energy demands of the power, heat, and transport sectors 

 

0

100

200

300

400

2020 2025 2030 2035 2040 2045 2050

A
v
a
ila

b
ili

ty
 [

T
W

h
/y

e
a
r]

 

Empty fruit bunch Mesocarp fibre Palm kernel shell
Palm oil mill effluent Oil palm frond Oil palm trunk
Rice straw Rice husk Manure
Crude palm oil

a) 

0

10

20

30

40

50

60

POME RS MF EFB OPF RH OPT PKS Manure CPO

P
ri
c
e
 [

U
S

D
/M

W
h
] b) 

2
0

2
0

 
2

0
2

5
 

2
0

3
0

 
2

0
3

5
 

2
0

4
0

 
2

0
4

5
 

2
0

5
0

 

Jo
urn

al 
Pre-

pro
of



12 
 

 In the model, the energy demands are met by either bioenergy or fossil fuels or by the 

proportion of bioenergy and fossil fuels. The amount of bioenergy produced in this study is 

influenced by the amount of energy decarbonization needed to meet the national target. The 

energy demands in the model are split into three focus sectors, namely power, heat, and transport. 

For the power sector, the trend of future electricity generation by coal is considered the reference 

energy demand in the model. Annual increase of 1.48% is assumed to project the annual 

electricity generation demand from 2020 to 2050 [55]. The share of coal used in the electricity 

generation demand is then extracted, based on the fuel mix projection for Malaysia [41]. The 

focus on coal is to emphasize the competition of bioelectricity production from dedicated 

bioelectricity plants and co-firing plants. For the heat sector, bioheat production as a byproduct 

from combined heat and power (CHP) technology is considered an option to decarbonize natural 

gas-based heat in the industries. The annual increase rates of natural gas consumption, 

determined from the industrial natural gas consumption trend [41], are multiplied with the current 

rate of natural gas consumed for district injection in the heat sector [56]. For the transport sector, 

the future diesel and gasoline consumption trends are considered the reference energy demand in 

the model [41]. The trend of the sectoral energy demands of the power, heat, and transport sectors 

of Malaysia is illustrated in Fig. 5. Overall, 70 TWh to 155 TWh of coal-based electricity 

demand, 47 TWh to 74 TWh of gas-based heat demand, and 199 TWh to 330 TWh of oil-based 

transport fuel demand must be met during the period 2020–2050. Among the fossil fuels 

considered for meeting the energy demand, coal-based electricity has the highest emission 

intensity factor at 0.871 tCO2/TWh [57], followed by diesel-based transport fuel at 0.275 

tCO2/TWh [58], gasoline-based transport fuel at 0.261 tCO2/TWh [58], and natural gas-based 

heat at 0.201 tCO2/TWh [58].  
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Fig. 5: Sectoral energy demands of the power, heat, and transport sectors of Malaysia [41,55,56]. 

 

The spatially disaggregated energy demand dataset can be referred to online in the 

IIASA’s data repository [46]. The following assumptions were made for the spatial 

disaggregation of the energy demands: electricity demand is spatially disaggregated based on the 

locations of electricity substations; heat demand is spatially disaggregated based on the locations 

of natural gas grids; and transport fuel demand is spatially disaggregated based on the population 

map. 

 

2.5 Bioenergy technologies for promoting multi-sectoral CO2 reduction 

 

 The technologies listed in Table 3 are incorporated in the model as the pre-processing and 

conversion options in producing bioenergy. The technologies are assumed to be available 

throughout the planning period of 2020–2050. All the technological deployments in the model 

are based on the localization of bioenergy facilities in the specific sites, rather than regionally 

aggregated. Depending on the types of feedstock and technology, biomass feedstock can either 

directly undergo a main conversion stage for conversion into bioenergy products or undergo a 

pre-processing stage first, before its final conversion into bioenergy products. Pelletization is 

included as one of the pre-processing options to take into account the impact of biomass 

densification in enhancing the energy density of biomass so that the transportation cost can be 

minimized [50] and the biomass feedstock can be utilized in co-firing application [5]. Other pre-

processing options included in the model are biogas upgrading technologies, namely biomethane 

and BioCNG. These technologies are included to allow the biogas content of raw biogas 

feedstock (e.g., POME or manure) to be transported over longer distances [47,64]. For the main 

conversion stage, the technological options considered are based on the bioenergy product types 

suitable for deployment in the three energy sectors assessed, namely bioelectricity (power sector), 

bioheat (heat sector), and biodiesel, bioethanol, FT-diesel and FT-gasoline (transport sector).  

 

Co-firing is included as one of the bioenergy technology options in the model to take into 

account the impact that capital cost savings provided by co-firing have on reducing the overall 

bioenergy costs. Among the co-firing options (i.e., direct, indirect, and parallel), only direct co-
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firing, where the biomass and coal are combusted together in the same boiler to produce steam 

for electricity production, is included as one of the biomass technologies for producing 

bioenergy. This consideration was taken because 1) direct co-firing has been widely practiced in 

most commercial operations [1], making it suitable for deployment in the short run if national 

policy demands; and 2) other types of co-firing require much more capital investment than direct 

co-firing, due to the additional infrastructural requirements [59]. For instances, indirect co-firing 

requires a dedicated gasifier to convert the biomass feedstock into a fuel gas that can be co-

combusted with coal, and parallel co-firing requires a dedicated boiler to perform the separate 

combustion of biomass to produce steam [1]. In the model, the maximum co-firing rate allowed 

is 20% of the coal plant’s generation capacity [5], provided with either pelletized biomass or PKS 

used as an energy feedstock. The reference energy efficiency, CAPEX, O&M costs, and fuel 

costs of the coal plants used in the assessment are 38% (based on LHV), 35 USD/MWhout, 9 

USD/MWhout and 28–32 USD/MWhout, respectively. More information on each form of 

bioenergy technology cost can be found in Mohd Idris et al. [46]. 

 

Table 3: Relationship between feedstock, technology and product, technology costs and 

conversion efficiencies of bioenergy technologies implemented in BeWhere Malaysia. 

Technology Input Output Efficiency
 

(LHV) 

Base CAPEX 

(USD/kWout) 

Data sources 

Pelletization
 

 

 

EFB, MF, OPF, 

OPT, RS, RH 

Pellet 98% 80 [60-62] 

 

Anaerobic digestor (AD) + 

water scrubbing 

 

POME, manure Biomethane 90% 1,050 [63] 

 

AD + water scrubbing + 

gas bottling 

 

POME, manure BioCNG 89% 1,100 [63,64] 

 

AD + gas engine POME, manure Bioelectricity 34% 2,500 [65,66] 

 

Engine-generator (genset) 

 

BioCNG, 

Biomethane 

Bioelectricity 40% 170 [67] 

 

Fixed bed boiler + steam 

turbine 

 

EFB, MF, PKS, 

OPF, OPT, RS, RH, 

Pellet 

Bioelectricity 30% 2,840 [66,68] 

 

 

CFB boiler + steam turbine 

(CHP)
 

 

EFB, MF, PKS, 

OPF, OPT, RS, RH, 

Pellet 

Bioelectricity 

+ Bioheat 

35% + 50% 4360 [66,69] 

 

 

Co-milling (co-firing) 

 

PKS, Pellet Bioelectricity 36% 160 [59] 

 

Gasification + upgrading 

(Fischer Tropsch (FT)-

EFB, MF, PKS, 

OPF, OPT, RS, RH, 

FT-diesel + 

FT-gasoline 

37% + 12% 2190 [70,71] 
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synthesis) 

 

Pellet 

Pre-treatment + 

fermentation (EFB) 

 

EFB Bioethanol 35% 600 [72] 

Pre-treatment + 

fermentation (OPF) 

 

OPF Bioethanol 51% 820 [73] 

Transesterification CPO Biodiesel 

(Fatty acid 

methyl ester) 

84% 160 [74] 

 

2.6 Scenario description 

 

 The national policy adopted for the assessment in this study is related to the achievement 

of the CO2 reduction target outlined under the Malaysia’s Nationally Determined Contribution 

(NDC). This is based on the unconditional NDC of the Malaysian energy sector, which 

committed to a 35% reduction in GHG emission intensity by 2030, compared to the 2005 level 

[75]. The reason for considering the CO2 reduction target based on unconditional NDC instead of 

the overall NDC is to examine whether the current and future availabilities of bioenergy supply 

would be sufficient to meet the unconditional CO2 reduction commitment. Extrapolation of the 

target to 2050 was performed, based on the unconditional CO2 reduction commitment trend of 

2005–2030, to provide the long-term bioenergy development direction. Since the target for 2030–

2050 is estimated, uncertainty may arise regarding the future projection of the CO2 reduction 

target. To address this uncertainty, alternative CO2 reduction targets for the period 2030–2050 

have been projected, which is based on the maximum rate of the base CO2 reduction. Preliminary 

model runs were conducted by increasing the unconditional CO2 reduction target, extrapolated 

for 2030-2050, until the maximum value is observed (i.e., at 45% increase of the unconditional 

CO2 reduction target) prior to reaching the infeasibility point. This maximal decarbonization 

target is useful in providing insights into how far the CO2 reduction commitment in the 

unconditional NDC can be extended to deliver more ambitious national strategies. The 

extrapolated CO2 reduction policy targets are compiled in Fig. 6. Each CO2 reduction target is 

employed in the model as a lower bound constraint to be met at various points in the planning 

period (i.e., 2020, 2025, 2030, 2035, 2040, 2045, and 2050) 

 

Jo
urn

al 
Pre-

pro
of



16 
 

 

Fig. 6: CO2 reduction policy targets of the policy scenarios from 2020 to 2050 at a five-year time 

step. 

 

Several policy scenarios were developed, which include: 1) GHG35—this reflects the 

deployment of bioenergy (including co-firing) in meeting the unconditional CO2 reduction target; 

2) GHG35_WC—this is a similar scenario to GHG35, but without co-firing as one of the 

technological options; 3) GHG35M—this reflects the deployment of bioenergy (including 

co-firing) for meeting the maximal decarbonization target, based on the highest increment of CO2 

reduction relative to the target in GHG35; and 4) GHG35M_WC—this is a similar scenario to 

GHG35M, but without co-firing as one of the technological options. Throughout the analysis, 

only the results in 2030 and 2050 are visualized to focus on the comparison of bioenergy 

deployment, with and without co-firing among the scenarios. The policy scenarios (i.e., GHG35, 

GHG35_WC, GHG35M, and GHG35_WC) were also run under different supply chain cost 

parameter variations to analyze the impact of price fluctuations on the technological deployment, 

biomass utilization and cost reduction potential. These cost parameter sensitivity scenarios are 

outlined as follows: 

1) Baseline: The base scenario that acts as the point of comparison with other cost sensitivity 

scenarios. All policy scenarios are initially run based on this scenario. 

2) +50%_resCost: The scenario in which all agricultural residue prices increase by 50% 

(2030-2050). 

3) -50%_resCost: The scenario in which all agricultural residue prices decrease by 50% 

(2030-2050). 

4) +50%_cpoCost: The scenario in which the CPO price increases by 50% (2030-2050). 
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5) -50%_cpoCost: The scenario in which the CPO price decreases by 50% (2030-2050). 

6) +50%_transCost: The scenario in which the transport costs of commodities increase by 

50% (2030-2050). 

7) -50%_transCost: The scenario in which the transport costs of commodities decrease by 

50% (2030-2050). 

8) +50%_capCost: The scenario in which the investment costs of technologies increase by 

50% (2030-2050). 

9) -50%_capCost: The scenario in which the investment costs of technologies decrease by 

50% (2030-2050). 

10) +50%_infraCost: The scenario in which the investment costs of infrastructures (i.e., grid 

transmission, pipeline) increase by 50% (2030-2050). 

11) -50%_infraCost: The scenario in which the investment costs of infrastructures (i.e., grid 

transmission, pipeline) decrease by 50% (2030-2050). 

 

3.0 Results and discussions 

3.1 Reference scenario 

 

 Fig. 7 presents the distribution of CO2 reduction by states in Malaysia during 2030 and 

2050 for each policy scenario (Baseline). The resultant CO2 reduction achieved in each scenario 

follows the exact minimum bound of CO2 reduction target expressed in the model, meaning that 

achieving a higher target than is bounded is not economically feasible. Relative to the 

unconditional CO2 reduction commitment in the NDC (i.e., GHG35 and GHG35_WC) in 2030 

and 2050, the CO2 reduction can be maximally extended to 29 MtCO2/year and 71 MtCO2/year, 

as illustrated in GHG35M and GHG35_WC, the equivalent of a 45% increase from the 

unconditional targets. The states with coal-fired power plants are Johor (Tanjung Bin), Negeri 

Sembilan (Jimah), Selangor (Kapar), Perak (Manjung) and Sarawak (Sejingkat, Mukah and 

Balingian). The contribution of CO2 reduction by these five states minimizes when co-firing is 

not allowed. This can be shown as follows: CO2 reductions in Johor, Perak and Sarawak reduce 

by 31%, 33% and 72% in 2030, respectively, based on the comparison of GHG35_WC with 

GHG35; CO2 reductions in Johor, Negeri Sembilan, Perak and Selangor reduce by 23%, 60%, 

41% and 22% in 2050, respectively, based on the comparison of GHG35_WC with GHG35; CO2 

Jo
urn

al 
Pre-

pro
of



18 
 

reductions in Johor, Negeri Sembilan, Perak and Sarawak reduce by 18%, 74%, 39% and 24% in 

2030, respectively, based on the comparison of GHG35M_WC with GHG35M; and CO2 

reductions in Negeri Sembilan and Selangor reduce by 38% and 4% in 2050, respectively, based 

on the comparison of GHG35M_WC with GHG35M. The decrease of the CO2 reduction in these 

states is accompanied by the increase of the CO2 reduction in other states. For instance, CO2 

reductions in Penang, Kelantan, Terengganu and Sabah increase by 414%, 13%, 41% and 6% in 

2030, respectively, when co-firing is not allowed, based on the comparison of GHG35_WC with 

GHG35. The highest CO2 reduction among the states can be observed in Sabah in 2050 and is 

approximately 16 MtCO2/year, according to the GHG35M and GHG35M_WC scenarios. 

Fig. 7: CO2 reduction and bioenergy production by each state of Malaysia in the policy scenarios 

(Baseline). 
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The co-firing capacities in GHG35 and GHG35M constitute 26–71% of the total 

bioelectricity produced (see Fig. 7), equivalent to 13–18 TWh/year (see Fig. 8). The 

unavailability of co-firing increases the production of bioenergy from dedicated bioenergy 

options, to deliver similar CO2 reduction as in the scenarios that allow co-firing. This is 

illustrated in GHG35_WC and GHG35M_WC scenarios, in which the total bioenergy production 

increases by 3–26% compared to GHG35 and GHG35M, respectively. This is caused by the 

absence of co-firing that can provide up to 18 TWh/year of bioenergy capacity, causing the shift 

to dedicated bioenergy production in delivering the CO2 reduction. In most scenarios, the 

unavailability of co-firing increases the capacity of specific bioenergy technologies in the 

bioenergy mix: CHP in 2030, and CHP and fixed bed boilers in 2050. Biofuel production is 

approximately similar in all scenarios; however, the differences can be noted through the 

composition of the technologies. While the requirements of dedicated bioenergy production 

increase in the scenarios that did not include co-firing, the unavailability of co-firing reduces the 

total feedstock requirements for meeting the CO2 reduction target by 1-9% in most scenarios. 

This is caused by the shift to CHP technology, which has a higher energy conversion efficiency 

(i.e., 85% conversion efficiency) than co-firing (i.e., 36% conversion efficiency), thus reducing 

the feedstock requirements due to greater efficiency in the conversion of feedstock.  

 

 

Fig. 8: Technological deployment and feedstock utilization in the policy scenarios (Baseline). 
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The energy balance of the studied energy production system for each policy scenario can 

be referred to in Figs. 9 and 10. The efficiencies of biomass feedstock conversion into bioenergy 

product range from 43% to 64% in 2030 and 49% to 52% in 2050. This may also mean that of 

the 72–113 TWh/year and 212–306 TWh/year of biomass feedstock supplied in 2030 and 2050, 

36–57% and 48–51% (respectively) of the energy converted from biomass cannot be transformed 

into useful energy forms. The losses of energy occur because of several factors: for bioenergy 

technologies that deal with thermal processes (e.g., biogas, fixed bed combustion, CHP, co-firing, 

and gasification), it occurs due to the inability of some proportion of the thermal energy produced 

to do useful mechanical work (according to the principle underlying the second law of 

thermodynamics); for other bioenergy technologies, one reason that the loss occurs is the 

conversion of some proportion of the feedstock into byproducts that are unsuitable to be used for 

energy purpose, e.g., glycerol generated from biodiesel production [74]. Of the overall feedstock 

consumed, about 12–30% and 37–51% of them are converted into biomass pellets before their 

conversion into bioenergy products to fulfill the feedstock demand in co-firing plants and other 

bioenergy plants (e.g., fixed bed combustion, CHP, and gasification) in 2030 and 2050, 

respectively. As mentioned previously, pelletization serves at least two purposes in the context of 

this study: 1) to allow co-firing to be performed at 20% of coal plant capacity, and 2) to allow 

allocation of feedstock at a lower transport cost. The increase in biomass pellet demand in 2050 is 

mainly caused by the latter purpose, since more biomass feedstock is needed to meet a higher 

decarbonization target in 2050, which requires the transportation of these feedstock at a lower 

cost. Other pre-processing options are also involved to enhance the energy properties of the 

feedstock, such as biogas upgrading technologies (i.e., biomethane, BioCNG); however, only 

small proportions of the biogas feedstock are upgraded into biomethane and BioCNG, as shown 

in Fig. 10. The remaining portions of the overall feedstock consumed (constituting 70–88% and 

49–63% of the input biomass in 2030 and 2050, respectively) are allocated to bioenergy plants 

directly without pre-processing. Looking at the rates of bioenergy deployed in each energy sector 

in each scenario, it can be observed that the unavailability of co-firing reduces the requirement of 

bioenergy production in the power sector by up to 22% and 3% in 2030 and 2050, respectively. 

However, this demands that heat and transport sectors produce more bioenergy to fulfil the 

overall decarbonization target: the bioenergy requirement in the heat sector increases by up to a 

factor of 7 in 2030 and by 34% in 2050; the bioenergy requirement in the transport sector 
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increases by up to 9% in 2030 and 8% in 2050. Overall, percentages of around 21–24%, 3–20% 

and 18–23% of the overall feedstock consumed are converted into bioenergy in the power, heat 

and transport sectors, respectively.  
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Fig. 9: Flows of bioenergy in 2030 for all policy scenarios: a) GHG35, b) GHG35M, c) GHG35_WC, and d) GHG35M_WC. 
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Fig. 10: Flows of bioenergy in 2050 for all policy scenarios: a) GHG35, b) GHG35M, c) GHG35_WC, and d) GHG35M_WC. 
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 The spatially disaggregated representations of the technological deployment are shown in 

Figs. 11 and 12. It can be observed that the unavailability of co-firing pushes the deployment of 

dedicated bioelectricity technologies in GHG35_WC and GHG35M_WC, compared to the 

deployment in GHG35 and GHG35M, respectively. This is shown by the increasing number of 

bioelectricity plants in GHG35_WC and GHG35M_WC to cater to the unavailability of large-

scale co-firing plant capacities. Among the technologies, the most distributed deployment of 

bioelectricity is shown by biogas. The scattered distribution pattern of biogas plant locations is 

caused by the difficulty in transporting biogas feedstock such as POME, due to its slurry 

characteristics, which leads to the onsite application of feedstock in existing mills. In adding a 

greater biogas capacity, the transformation of most of the existing mills into biogas facilities is 

preferable than to transport the biogas feedstock to centralized locations for bioelectricity 

generation. The difficulty in transporting the biogas feedstock can be minimized by converting 

the feedstock into a denser energy carrier such as biomethane and BioCNG. The conversion of 

biogas feedstock into BioCNG/biomethane is shown in all the four scenarios; however, only the 

small-scale deployment of this technology (i.e., total generation of less than 0.5 TWh/year) is 

economically feasible. As biogas-based technology can only consume specific types of feedstock 

(e.g., POME, manure), less generation of bioelectricity by this technology is observed relative to 

other technologies such as CHP and fixed-bed combustion, which can use a wider range of 

feedstock. For CHP, as most available heat sinks are located in Peninsular Malaysia, its 

deployment is confined to this region. Due to this reason, to satisfy the electricity demand in 

Malaysia Borneo, fixed-bed combustion technology is then deployed. As a result, the proportion 

of bioelectricity by the fixed-bed combustion technology is 51–75% higher in Malaysia Borneo 

than Peninsular Malaysia in most scenarios. The unavailability of co-firing does not significantly 

affect the total rate of biofuel being produced in 2050, however, a minor increase of advanced 

biofuel production (i.e., bioethanol and FT-liquids) relative to biodiesel from CPO can be 

observed. This is shown by the increase in the total capacities of both advanced biofuel 

technologies as illustrated in Fig. 12. By comparing the two advanced biofuel technologies, less 

distributed locations of FT-synthesis technology can be observed than with the fermentation 

technology due to the larger plant sizes deployed by the former. The higher decarbonization 

targets in GHG35M and GHG35M_WC contribute to the dominative share of palm oil-based 

biodiesel as a proportion of the total biofuel produced. This is due to the limited amount of 
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feedstock from agricultural residues available at the maximum decarbonization target, which 

pushes the deployment of transesterification technology that does not consume agricultural 

residues to deliver the remaining CO2 reduction commitment. For this reason, a more distributed 

facility configuration of palm oil-based biodiesel is observed in GHG35M and GHG35M_WC 

than with other biofuel technologies, to purposely increase production to meet the demand.  

 

 

Fig. 11: Spatial distribution of bioenergy technologies (with co-firing) in 2050 in the GHG35 and 

GHG35M scenarios (Baseline). 
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Fig. 12: Spatial distribution of the bioenergy technologies (without co-firing) in the 2050 in 

GHG35_WC and GHG35M_WC scenario (Baseline). 

 

 To deliver the unconditional decarbonization commitment in 2030 and 2050, CO2 

avoidance cost of 22 USD/tCO2 and 33 USD/tCO2 would be needed, respectively (see Fig. 7). 

The rise in CO2 avoidance cost from 2030 to 2050 is caused by the increase in the commitment of 

CO2 to be reduced. If the deployment of co-firing is not allowed, the CO2 avoidance costs in 

2030 and 2050 increase to 26 USD/tCO2 and 41 USD/tCO2, respectively, which are 19% and 

27% higher relative to the scenarios in which co-firing is allowed. In the scenarios in which 

decarbonization commitments in 2030 and 2050 are increased to their maximum values (i.e., in 

GHG35M and GHG35M_WC), the CO2 avoidance costs increase by 18% and 47% compared to 

the costs in GHG35 and GHG35_WC, respectively. The increase in the costs of deploying 
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bioenergy without the contribution of co-firing indicates the opportunity for cost reduction while 

still meeting the decarbonization targets. 

 

3.2 Cost parameter sensitivity scenarios 

 

 The robustness of bioenergy production (Fig. 13), feedstock consumption (Fig. 14), 

power transmission infrastructure requirement (Fig. 15) and cost reduction potential (Fig. 16) 

compared to Baseline were assessed based on alternative runs of the policy scenarios (i.e., 

GHG35, GHG35_WC, GHG35M, and GHG35M_WC) under the impact of increasing CO2 

reduction targets and supply chain cost parameter variations. In almost all the cases where the 

cost parameters are varied, the increase and the decrease in values of the variables mentioned 

(i.e., bioenergy, feedstock, infrastructure, and cost) can be observed from the figures, illustrating 

the sensitivity of the cost parameter variations to the main findings in the Baseline scenario. It 

can also be suggested that the cost parameter variations do not hinder the selection of co-firing as 

one of the main bioenergy options for delivering the energy demand in meeting the 

decarbonization targets. To conveniently convey the key messages that can be extracted from the 

complex trends illustrated in the figures, several key insights other than noted in the previous 

section (e.g., the unavailability of co-firing reduces the contribution of CO2 emission reduction in 

most of the states where coal-fired power plants are located (Fig. 7), the unavailability of co-

firing pushes dedicated bioelectricity technology deployment (Fig. 8), large-scale bioenergy 

production requires transformation of agricultural mills into energy-producing facilities (Figs. 11 

and 12)) are summarized in the following paragraphs. 
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Fig. 13: Technology mix of bioenergy production in the policy scenarios under the impact of 

increasing CO2 reduction targets and supply chain cost parameter variations. 

 

 An increase in majority of agricultural residues-related costs drives the production 

of biodiesel from crude palm oil while decreasing the production of advanced biofuels. This 

insight is illustrated in the three cost parameter sensitivity scenarios, namely +50%_resCost, 

+50%_transCost and +50%_capCost. These scenarios show approximately similar increases in 

biodiesel production and decreases in advanced biofuel production in 2030 across the main policy 

scenarios, at ranges of 8–11 TWh/year and 6–10 TWh/year, respectively. However, after the 

demand of bioenergy rises in 2050, the scenario in which the transport cost is increased 

(+50%_transCost) illustrates the minimal rise in biodiesel production and decline in advanced 

biofuel production across the main policy scenarios, at ranges of 11–18 TWh/year and 10–17 

TWh/year, respectively. Both +50%_resCost and +50%_capCost show approximately similar 

increases in biodiesel production and decreases in advanced biofuel production in 2050 across the 
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main policy scenarios, at ranges of 13–32 TWh/year and 11–33 TWh/year, respectively. 

Conversely, in -50%_resCost, -50%_transCost and -50%_capCost, the trends show that the 

decrease in most agricultural residues-related costs drives the production of advanced biofuel 

while decreasing the production of biodiesel from CPO.  

 

An increase in crude palm oil-related costs decreases the production of biodiesel 

while driving the production of advanced biofuel. This insight is illustrated in +50%_cpoCost, 

which involves a decrease in biodiesel production (see Fig. 13) and CPO utilization (see Fig. 14). 

All the decreases in 2030 illustrate the zero production of biodiesel in meeting the 

decarbonization targets. Biodiesel production only appears in 2050 in GHG35M and 

GHG35M_WC (which is relatively lesser than the biodiesel produced in the Baseline) after most 

of the residues have been utilized in meeting the maximal decarbonization commitment. 

Conversely, in -50%_cpoCost, the trend shows that a decrease in CPO-related costs drives 

biodiesel production while decreasing the production of advanced biofuel. In this scenario, 40% 

of palm oil biodiesel mix (B40), which was set as a maximum blending mix for biodiesel in the 

model, is met in all policy scenarios (i.e., GHG35, GHG35_WC, GHG35M, and GHG35M_WC). 

B40 is equivalent to 36 TWh/year and 47 TWh/year of biodiesel production in 2030 and 2050, 

respectively. 

 

A decrease in infrastructure-related costs drives the deployment of combined heat 

and power technologies while reducing the requirement for standalone bioelectricity 

technology. In the model, infrastructures are treated as transport modes associated with 

delivering products from one location to another. The infrastructure types considered in the 

model include power transmission line, biomethane pipelines and steam pipelines (CHP). 

Decreases in the costs of these infrastructures significantly drive the deployment of CHP, as 

shown in -50%_infraCost. Conversely, the increase in the infrastructure cost drives the 

deployment of standalone bioelectricity technology, such as fixed-bed boilers, while reducing the 

CHP capacity, as shown in +50%_infraCost. Since CHP is associated with both power 

transmission lines and steam pipelines to distribute (respectively) bioelectricity and bioheat to the 

demands and has a higher energy efficiency, the reduction in infrastructure costs 

in -50%_infraCost promotes a preference for this technology over dedicated bioelectricity 
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technology (i.e., fixed-bed boiler) in delivering the bioelectricity requirements (after fulfillment 

by biogas and co-firing) to meet the decarbonization target. Meeting the unconditional and 

maximal decarbonization commitments in GHG35 and GHG35M would mean maximum CHP 

capacities of 37 TWh/year and 66 TWh/year, respectively, would be deployed in 2050. The 

unavailability of co-firing significantly pushes for maximum CHP capacities higher by 55% (57 

TWh/year) and 21% (80 TWh/year) in 2050, as shown in GHG35_WC and GHG35M_WC, 

respectively. Overall, in each policy scenario (i.e., GHG35, GHG35_WC, GHG35M, and 

GHG35M_WC), -50%_infraCost shows the highest rate of CHP capacity being deployed in 2050 

compared to the rates in other cost parameter sensitivity scenarios. 

 

 

 

 

Fig. 14: Feedstock utilization in the policy scenarios under the impact of increasing CO2 

reduction targets and supply chain cost parameter variations. 
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An increase in bioelectricity production demands a larger extension of power 

transmission infrastructure from existing agricultural mills to electricity substations. As 

illustrated in Fig. 8, in the Baseline, production of bioelectricity across all policy scenarios (i.e., 

GHG35, GHG35_WC, GHG35M, and GHG35M_WC) increases significantly from 2030 to 2050 

by a factor of up to 3. Due to the variations in the values of the cost parameters (see Fig. 13), 

bioelectricity production rates fluctuate from the Baseline but only in the range of -4 TWh/year to 

4 TWh/year. Thus, each policy scenario’s power transmission requirements (i.e., GHG35, 

GHG35_WC, GHG35M, and GHG35M_WC) in the Baseline vary insignificantly, relative to the 

majority of the other cost parameter sensitivity scenarios (see Fig. 15). However, if compared 

based on the planning periods, it can be observed that the power transmission requirements in all 

policy scenarios in 2050 increase significantly relative to 2030, as shown in Fig. 13, due to the 

increase in bioelectricity production (see Figs. 8 and 13). The maximum power transmission 

requirement rises sequentially from 2030 to 2050, from an average of 24 GWkm in 2030 to 56 

GWkm (GHG35), 127 GWkm (GHG35_WC), 184 GWkm (GHG35M) and 254 GWkm 

(GHG35M_WC) in 2050, following the order of which the total amount of bioelectricity 

produced from dedicated bioelectricity technologies increases from the lowest to the highest (see 

Figs. 8 and 13). This trend highlights that the unavailability of co-firing (presented by 

GHG35_WC and GHG35M_WC) contributes to a larger extension of power transmission 

requirements relative to when co-firing is available (presented by GHG35 and GHG35M). This is 

because, when co-firing is unavailable, more deployment of dedicated bioelectricity technologies 

is needed to meet the decarbonization target (see Fig. 13), contributing to a greater infrastructure 

requirement for bioelectricity transmission. When co-firing is available, less infrastructure is 

needed as co-firing uses the existing transmission infrastructure of coal plants to distribute 

bioelectricity.  
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Fig. 15: Power transmission infrastructure requirements in the policy scenarios under the impact 

of increasing CO2 reduction targets and supply chain cost parameter variations. The values reflect 

the multiplication of the bioelectricity transmission capacity and the extension distance of the 

power transmission line from the existing palm oil/rice mills to the electricity substations. 

 

The costs of meeting decarbonization goals are mostly impacted by the changes to 

the feedstock-related costs and the technology investment costs. This insight is shown in Fig. 

16, which illustrates the impact of supply chain cost parameter variations on the CO2 avoidance 

costs of meeting different energy decarbonization targets. The reduction in the CO2 avoidance 

costs is illustrated in the cases where the cost parameter values of the selected supply chain cost 

elements (i.e., agricultural residues price, CPO price, transport cost, capital cost, and 

infrastructure cost) are reduced to half of their baseline values. It is evident that the cost reduction 

declines with the increasing level of ambition of the decarbonization target in most of these cases. 

These declines are contributed by several notable factors, such as 1) the increase in the transport 

cost due to the need to mobilize more biomass (see Figs. 8 and 14) in meeting growing bioenergy 

demand (see Figs. 8 and 13) to achieve higher decarbonization targets; 2) the increase in the 

infrastructure costs due to the greater infrastructures required to meet growing bioelectricity and 

bioheat demands (see Figs. 8 and 13); and 3) the increase in the technology costs due to the 

increased requirements to deploy more expensive technologies after the available capacities of 

less expensive technologies have been fully, or almost fully, utilized (see Table 3, Fig. 8 and Fig. 

13). Among the cost parameter variations, the greatest reduction in the CO2 avoidance costs—up 
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to 183% of cost reduction—is evident when the price of CPO is halved, as shown 

in -50%_cpoCost. The dominance of the CPO price in significantly contributing to the decrease 

in the CO2 avoidance costs is due to the base CPO prices used in the Baseline, which are 

relatively higher than the prices of the other biomass feedstocks (see Fig. 4). The decrease in the 

CPO price then pushes the dominance of biodiesel from CPO in the bioenergy mix—to up to 

65% of the overall bioenergy produced (see Figs. 8 and 13)—to meet the decarbonization targets. 

This dominance is also contributed by 1) transesterification technology, which has the highest 

conversion efficiency relative to other main conversion technologies (see Table 3); 2) the absence 

of competition in CPO utilization by other conversion technologies (see Table 3); and 3) the 

absence of a requirement for CPO to be sent to pre-processing plant before conversion into 

biodiesel (see Table 3). Examining the case where the price of CPO increases by half 

(+50%_cpoCost), it can be observed that the increase in the CPO price does not significantly 

increase the CO2 avoidance costs in the same way that the CO2 avoidance costs are largely 

reduced when the price of CPO decreases. This is because CPO is no longer cost-effective to be 

utilized in +50%_cpoCost, so the priority is given to utilize the remaining agricultural residues 

available, which have significantly lower prices than CPO. Because of this priority, a decline in 

the CPO requirement (in most policy scenarios, no CPO utilization can be observed) and a rise in 

the agricultural residues requirement can be observed in +50%_cpoCost, as illustrated in Fig. 14. 

Other cases involving the impact of feedstock price changes on increasing or decreasing the CO2 

avoidance costs are illustrated in +50%_resCost and -50%_resCost. Because almost all the 

bioenergy technologies considered in the model (except transesterification) are dependent on 

agricultural residues to produce bioenergy, it is evident that an increase in the price of 

agricultural residues (i.e., +50%_resCost) means a higher rise in costs than an increase in the 

CPO price (i.e., +50%_cpoCost). In +50%_resCost, increases of up to 42% and 38% in the CO2 

avoidance costs can be illustrated in 2030 and 2050, respectively; in +50%_cpoCost, increases of 

up to 15% and 23% of the CO2 avoidance costs can be shown in 2030 and 2050, respectively. In 

+50%_cpoCost, the system has a choice to fully eliminate CPO utilization in most of the policy 

scenarios so that it need not bear the high cost of CPO to produce bioenergy (see Fig. 14). 

However, in +50%_resCost, the system has no choice but to depend on agricultural residues to 

produce bioenergy because the full utilization of the available CPO allowed for consumption is 

insufficient to solely deliver the required energy decarbonization (see Figs. 4 and 14). 
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Meanwhile, a decrease in the price of agricultural residues (i.e., -50%_resCost) reduces the CO2 

avoidance costs by up to 67% in 2030 and 49% in 2050, which are lower than the cost reduction 

rates in the cases where the CPO price decreases (i.e., -50%_cpoCost). These lower cost 

reduction rates are directly contributed by the agricultural residues prices, which are significantly 

lower than the CPO price. Aside from the CPO price, another parameter significantly 

contributing to the cost of meeting decarbonization target is the technology capital cost. The 

results show that capital cost has a strong influence in both increases and decreases in the CO2 

avoidance costs. It can be observed that the CO2 avoidance cost rise is the highest in those cases 

where the capital cost of technology increases by half (i.e., +50%_capCost). This illustrates 

increases in CO2 avoidance costs of up to 96% and 81% in 2030 and 2050, respectively. Since all 

technologies are required to pay for capital costs in order to be deployed, even technology that is 

retrofitted in the existing fossil fuel assets (see Table 3), the increases in the CO2 avoidance costs 

are unavoidable when the input capital cost parameter for each technology is increased. The 

results also show the dominance of capital cost in reducing the overall costs of meeting 

decarbonization targets. When the technology capital cost is reduced by half (i.e., -

50%_capCost), cost reductions of up to 139% and 94% can be observed in 2030 and 2050, 

respectively. The 2030 cost reduction in -50%_capCost, even though lower than the cost 

reduction in -50%_cpoCost, is still relatively higher than the cost reduction rates in all other cost 

parameter sensitivity cases (i.e., -50%_resCost, -50%_transCost, -50%_infraCost). The strong 

influence of capital cost in reducing the CO2 avoidance costs is further shown in 2050, when a 

decrease in the technology capital cost contributes to the highest cost reduction among other cost 

parameter changes. 
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Fig. 16: CO2 avoidance costs relative to the CO2 avoidance costs in Baseline (Fig. 7) under the 

impact of increasing CO2 reduction targets and supply chain cost parameters variations. 

 

 Transformation of coal plants into co-firing reduces the bioenergy cost of meeting 

decarbonization goals. To meet the target set in the Paris Agreement, Malaysia needs to deliver 

a substantial amount of CO2 reduction in its energy sectors. Bioenergy can play a key role in 

contributing to the achievement of this target, based on the opportunity to mobilize the 

agricultural wastes generated from large-scale agricultural production in the country. Despite this 

promising potential, the current bioenergy capacity that has been deployed in the Malaysian 

energy sectors is still low; e.g., the total amount of renewable energy deployed in the power 

sector (including bioenergy) constitutes only about 2% of the energy mix [76]. Co-firing can 

offer a cost-effective strategy in the short term to stimulate large-scale bioenergy capacity 

deployment. By simultaneously deploying co-firing with dedicated biomass technologies, 

significant capital cost savings can be made, reducing the overall bioenergy cost to meet the 

energy decarbonization targets. This insight is illustrated in Fig. 17, where the CO2 avoidance 

costs of bioenergy in scenarios that do not allow co-firing (i.e., GHG35_WC and GHG35M_WC) 

are higher than the those in scenarios that allow co-firing (i.e., GHG35, GHG35M). In the 

Baseline, it is clear that the CO2 avoidance costs required to meet the unconditional 

decarbonization targets in 2030 and 2050 can be respectively reduced by up to 19% and 27% 
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when co-firing is allowed as shown in GHG35. The increase in the commitment to decarbonize 

energy sectors in GHG35M has caused the cost reduction potential to decrease to 15% in both 

planning years (i.e., 2030 and 2050). This decrease is contributed by the drop in the share of co-

firing as part of the total bioenergy capacity deployed in GHG35M, owing to the increase of 

bioenergy production from dedicated biomass technologies to deliver more CO2 reduction; this 

reduces the capital cost saving potential that can be provided by co-firing. As expected, the uses 

of higher and lower values (±50%) of supply chain cost parameters in the model cause, 

respectively, a decline and rise in the CO2 avoidance cost reduction in most cost parameter 

sensitivity cases. There is a notable difference worth highlighting - almost all cases involving an 

increase in the cost parameter values show a moderate reduction of the cost reduction potential in 

the Baseline; however, certain scenarios involving a decrease in the cost parameter values show 

extreme increases in the cost reduction potentials, as illustrated, for example, in -50%_cpoCost 

and -50%_capCost. It can be deduced from Fig. 17 that the two dominant parameters contributing 

to the highest increase in the cost reduction potential are CPO price (-50%_cpoCost) and capital 

cost (-50%_capCost). The cost reduction potential can be enhanced to up to 57% in 2030 and 

215% in 2050 in cases where the CPO price reduces by half (i.e., -50%_cpoCost) and to up to 

147% in 2030 and 171% in 2050 in cases where the technology capital cost reduces by half 

(i.e., -50%_capCost). Other cost parameters also have a significant impact on increasing the cost 

reduction potential: increases of up to 44% and 31% of the cost reduction potential can be 

observed in -50%_resCost and -50%_transCost, respectively. The degree to which the cost 

reduction potential rises (shown in Fig. 17) is similar to the degree to which the CO2 avoidance 

costs fall according to the decrease in the supply chain cost parameter values (shown in Fig. 16). 

In both cases, increases in the cost reduction potential are observed in the following order: the 

highest cost reduction is shown in -50%_cpoCost, followed 

by -50%_capCost, -50%_resCost, -50%_transCost, and -50%_infraCost. Increases in the cost 

reduction potentials to rates higher than 100%, as shown in -50%_cpoCost and -50%_capCost, 

indicate that capital cost savings provided by the deployment of co-firing could result in the 

improved profitability of the bioenergy system while delivering the decarbonization commitment, 

but only if the overall supply chain cost is drastically reduced. 
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Fig. 17: Cost reduction potential under the impact of increasing CO2 reduction targets and supply 

chain cost parameters variations. 

 

4.0 Conclusion 

 

 The findings in this study confirm that the deployment of co-firing with dedicated 

biomass technologies would significantly reduce the bioenergy costs of meeting the 

decarbonization targets. The rates at which cost reduction can be largely brought are heavily 

influenced by the minimization of the supply chain cost parameter values. However, even with no 

the decrease in the overall supply chain cost, up to 27% of CO2 avoidance cost can be reduced if 

co-firing is deployed alongside other bioenergy options. This cost reduction is contributed by co-

firing, which has a notably lower investment cost than other bioenergy options and higher 

conversion efficiency than the standalone bioelectricity plants. Nevertheless, co-firing 

deployment is restricted by the maximum substitution rate allowed in the displacement of a 

proportion of coal-based electricity generation with bioelectricity. The findings have shown that 

feasible capacity for co-firing deployment would be reached in the near term, allowing other 

technological options to fill up the remaining bioenergy capacity needed to deliver the 

decarbonization in the long term.  

 

The minimization of certain cost parameters can significantly maximize the cost reduction 
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215% if the transport cost, residue price, capital cost and CPO price are reduced by half, 

respectively. This indicates that feedstock-related and technology-related costs are the most 

sensitive parameters for defining the cost reduction potentials. This finding shows that particular 

action should be taken to achieve a reduction in the overall supply chain cost by specifying the 

focus sectors for improvement. However, this also shows that the trade-off between other 

economic sectors should be considered in future studies, as this might enable the greatest benefit 

to be provided at a national level. For instance, the decrease in the CPO price could bring 

economic and environmental benefit to the energy sector by delivering decarbonization through a 

profitable biodiesel production. However, this could negatively impact the economic sector in 

terms of the agricultural contribution to GDP if CPO price is significantly lowered, as this 

feedstock is extremely protectable as a high-value commodity. Actions to minimize the cost of 

specific supply chain elements should thus be regarded as short-term challenges to be undertaken 

by developing countries with rich agricultural resources, such as Malaysia.  

 

 Specifically, the ranges of which CO2 reduction commitment of the NDC can be extended 

beyond 2030 have been investigated in the case of Malaysia. This study finds that up to 45% of 

the CO2 reduction commitments for the period 2030–2050 can be increased relative to the 

unconditional CO2 reduction commitment based from the contribution that can be made by 

bioenergy. The minimum and maximum ranges of CO2 reduction required during the period 

2030–2050 are 20–49 MtCO2/year and 29–71 MtCO2/year, respectively. This finding will be 

useful as a point of comparison with future studies that focus on the NDC implementation 

beyond 2030 in the energy sector of Malaysia. 

 

The significant reductions in bioenergy costs enabled by the availability of fossil fuel 

substitution technology (i.e., co-firing) and the decrease in feedstock price, transport cost, 

investment cost, and infrastructure cost highlight that choices of feedstock, transport and 

technology are crucial in delivering decarbonization. This confirms the need for range of 

decision-making options before actions are finalized. The application of a spatio-temporal 

techno-economic optimization model in this study can, therefore, be justified as a tool for 

generating a number of insights for informing policies and supply chain planning. The insights 

outlined in this work open the door for future opportunities for similar analysis across energy 

Jo
urn

al 
Pre-

pro
of



 

39 
 

sectors and scales to identify unique synergies between bioenergy policy analysis and techno-

economic assessment conducted at various spatial and temporal scales. 
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Highlights 

 Biomass co-firing plays an important role in delivering energy decarbonization 

 Multi-sectoral deployment helps to improve bioenergy production efficiency 

 More bioenergy investments are needed when co-firing is unavailable 

 The capital cost savings provided by co-firing reduce energy decarbonization costs 

 Changes in supply chain cost parameter values affect the cost reduction potential  

 

Jo
urn

al 
Pre-

pro
of



Declaration of interests 
 

☒ The authors declare that they have no known competing financial interests or personal relationships 
that could have appeared to influence the work reported in this paper. 
 

☐The authors declare the following financial interests/personal relationships which may be considered 
as potential competing interests:  
 

 

 

 
 

 

Jo
urn

al 
Pre-

pro
of


