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Abstract
Over 13% of the global population (most of which are rural communities) still lack access to electricity. A typical resolution 
to this would be to generate more electricity from existing power generation infrastructure. However, the urgency to meet 
net-zero global greenhouse gas emissions means that this resolution may not be the way forward. Instead, policymakers 
must consider decarbonization strategies such as renewable energy systems to generate more electricity in rural commu-
nities. As policymakers aim to encourage renewable energy generation, existing power plant operators may not share the 
same perspective. Operators typically wish to ensure profit margins in their operations as decarbonization efforts may be 
costly and reduce the profit. A balance must be struck between both parties so that the energy sector can continue to meet 
rising energy demands and decarbonization needs. This is a classic leader–follower situation where it involves the interplay 
between policymaker (as energy sector regulator) and industry (as energy sector investor). This work presents a bi-level 
optimization model to address the leader–follower interactions between policymakers and industry operators. The proposed 
model considers factors such as total investment, co-firing opportunities, incentives, disincentives, carbon emissions, scale, 
cost, and efficiency to meet electricity demands. To demonstrate the model, two Malaysian case studies were evaluated and 
presented. The first optimized networks is developed based on different energy demands. Results showed that when cost was 
minimized, the production capacity of the existing power plants was increased and renewable energy systems were not be 
selected. The second case study used bi-level optimization to determine an optimal trade-off $ 1.4 million in incentives per 
year, which serves as a monetary sum needed by policymakers to encourage industry operators to decarbonize their opera-
tions. Results from the second case were then compared to the ones in the first.

Keywords  Regional energy planning · Rural electrification · Renewable energy · Stackelberg game · Bi-level optimization · 
Grid decarbonization

Introduction

According to the United Nations (United Nations n.d), 
about 13% of the global population currently lack access 
to electricity. This gap is commonly associated with under-
development in rural areas (de Coninck et al. 2018). Ide-
ally, this would prompt the need to ramp up electrification 
in these areas using fossil fuel-based power plants. How-
ever, the increase in electricity generation and demand 
must be managed within the constraints pledged to reduce 
greenhouse gases (GHG) emission (Handayani et  al. 
2017). Actions to meet these pledges were further refined 
in 2021 at the 26th Conference of Parties (COP26), where 
actions such as moving away from fossil fuels delivering 
on climate finance and stepping up support climate change 
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adaptation were agreed (United Nations 2022). With these 
points in mind, the electrification of rural areas should 
rely heavily on indigenous renewable energy resources 
to avoid large increases in generation from fossil fuels 
(International Energy Agency (IEA) 2022) or import of 
renewable energy sources. The progressive electrification 
of developing rural regions should also integrate a broader 
energy sector decarbonization program (Papadis and Tsat-
saronis 2020). The challenges of implementing modern 
electricity for rural areas in a carbon-constrained world 
would be the adaptation of renewable resources following 
institutional, technical, and economic constraints (de Con-
inck et al. 2018). The presence of multiple sustainability 
dimensions and multiple stakeholders makes planning of 
rural electrification an inherently complex task. Optimiza-
tion models are thus expected to play an important role in 
facilitating rural electrification planning in the context of 
decarbonization targets (Akbas et al. 2022).

Since actual investment decisions in the energy sector are 
undertaken by industry, policymakers should develop subsi-
dies and other economic incentives to promote the growth of 
renewable energy in rural areas. In addition, mature renew-
able technologies such as biomass (Patrizio et al. 2021), 
hydropower (Kumar et al. 2021), and wind energy (Zhang 
et al. 2021) have higher opportunities to be implemented 
compared to immature renewable technology (Linking 
renewable energy to rural development executive summary 
brief for policy makers n.d.). Selection of mature technology 
will reduce the technical constraints of implementation for 
rural areas. Dispatchability is also important in regions with 
poor grid connectivity or energy storage capacity (Baik et al. 
2022). Local economic development strategies can also be 
embedded to reflect the potential of renewable energy by 
creating a regional energy plan that can estimate the overall 
cost of implementation and GHG emissions reduction while 
satisfying rural energy demand (Linking renewable energy 
to rural development executive summary brief for policy 
makers n.d.).

Regional energy planning is an integrated management of 
energy generation and consumption based on the economic 
development, environmental, and social resources within an 
area (Shah et al. 2020). Regional energy planning models are 
typically developed via mathematical programming (MP), 
which specify the optimization of a specific function (i.e., 
minimizing emissions and maximizing efficiency) subject 
to constraints that reflect real-life conditions in an algebraic 
form (Chen and Zhu 2019). Solving the MP would then pro-
duce a result that can be interpreted as the optimal design 
of an energy system (Akbas et al. 2022). This solution can 
support decision-making by identifying how investments 
should be allocated to meet energy demand under previously 
specified restrictions. Using MP models, effective regional 
energy plans with a focus on investment in renewable energy 

technologies and policy support for renewable energy can 
be developed within resource and emission limits (Kwon 
et al. 2020).

In recent years, regional energy planning models that con-
sider investment in renewable energy technologies have been 
widely reported. Han and Kim (Han and Kim 2019) pro-
posed a method to analyze strategic investment for renew-
able energy supply systems in Korea. This method employs 
a network optimization model using MILP to determine the 
best investment timing. Besides, Deveci and Guler (Har-
tono et al. 2020) established a framework to ascertain an 
economical energy plan to encourage expedited funding of 
renewables in the Turkish market. A framework for two-
step multiobjective optimization has been done to select a 
minimized levelized cost of energy plan with maximized 
short-term electrical generation. Aside from that, Kozlova 
and Collan (Deveci and Güler 2020) have evaluated renew-
able energy investment attractiveness for Russia from an 
investors’ perspective. An indicator for renewable energy 
investment attractiveness created a policy framework with 
cross-regional analysis. Furthermore, (Kozlova and Col-
lan 2020) developed a multi-actor multi-objective regional 
energy planning method for optimal funding. The method 
merged multi-objective optimization with the Technique for 
Order of Preference by Similarity to Ideal Solution (TOP-
SIS) to determine optimal energy investments. In addition, 
Wang et al. (Wang et al. 2020) presented a model of bi-
level decentralized optimization for an integrated energy 
system to curtail environmental and energy impacts. The 
regional integrated energy planning model was used for 
energy management in China with low-priced energy costs 
and an optimal system economy. Koponen and Net (Wang 
et al. 2019) have considered a Pareto optimal solution for 
robust renewable energy investment. Climate change miti-
gation following the Paris Agreement and minimized lev-
elized cost of energy were considered in this model. Kwon 
et al. (Kwon et al. 2020) developed a bi-level MP model to 
optimize energy sector investments considering demand and 
resource constraints. Unlike centralized planning formula-
tions, their game theoretic approach accounted for the profit-
maximizing behavior of individual firms.

These papers presented comprehensive regional plan-
ning models to address the lack of investment in renewable 
energy. However, they have not considered policy support 
for renewable energy. Policy support is important as it will 
facilitate more involvement of investors in renewable energy 
generation (Koponen and Net 2021). Several regional plan-
ning models were developed in the past based on renewable 
energy policy support. Firstly, (Liu 2015) created a multire-
gional power system planning model to forecast time-based 
demand and renewable resource fluctuation. Scenario analy-
sis was performed in Southwest China to approach uncer-
tainties in carbon tax and power substitution policy. Besides, 
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(Li et al. 2020) proposed a regional planning method for a 
robust low-carbon electricity system in Shandong Province, 
China. The model was developed through interval multi-
stage stochastic robust programming with complex policy 
uncertainties and carbon capture storage integration. (Ji et al. 
2020) proposed a study that extracts optimal policy sup-
port for renewable energy technologies in China. A dynamic 
programming model was accomplished to extract policy 
support for renewable energy technologies that is optimal. 
Furthermore, (Ding et al. 2020) proposed a cross-regional 
integrated energy system model with renewable resources 
that integrates a time constraint. This model also considers 
long-term fluctuations in energy prices and economic policy 
for Yangzhong City, China. (Lei et al. 2020) used a bi-level 
optimization model for technology selection. This consid-
ers the policymakers’ financial incentives for renewable 
energy support to reduce overall carbon emissions. (Aviso 
et al. 2021) developed a graph-theoretic approach to solving 
a special class of Stackelberg games, where policies in the 
form of technology choice restrictions are used to induce 
favorable decarbonization investments with negative emis-
sion technologies.

The above-mentioned papers are useful regional 
energy planning models which have covered aspects such 
as investments, policy support, involvement of multiple 
stakeholders, and rural electrification. These aspects are 
summarized in Table 1. As indicated in Table 1, previous 
studies did not integrate these aspects in their regional 
energy planning models. To develop more realistic and 
inclusive candidate solutions, all the above aspects must 
be integrated into energy planning models. If the per-
spectives of multiple stakeholders are not considered, 
results obtained from energy planning models may be 
bias to a specific decision-maker’s preference. For exam-
ple, policymakers may wish to opt for decisions that 
fulfill their objectives, which may differ from those of 
industry. Decision-makers from government would aim 
to decarbonize the energy sector but those in industry 
will look to secure their financial returns. Therefore, a 
trade-off or compromise between these perspectives must 
be determined, especially when both decarbonization 

and rural electrification are considered simultaneously. 
This is where cooperative group decision-making such 
as game-theoretic approach is required (Tan et al. 2021) 
(Kalashnikov et al. 2015). Table 1 suggests that a few 
studies presented game-theoretic models but such studies 
were not applied in the context of rural electrification. 
These gaps serve as the motivation for this paper. This 
paper develops an MP model to aid in regional plan-
ning for rural electrification using a novel Stackelberg 
game framework that accounts for government-industry 
interplay. This requires the consideration of investment 
in renewable energy technologies and policy support for 
renewable energy.

The rest of this paper is organized as follows: “Problem 
Statement” presents a formal problem statement for this 
work. “Methodology” will provide a detailed description 
of the methodology. The methodology is then applied to 
a case study in “Case Study.” Results from the case study 
are then discussed and analyzed in “General Implication 
for Decarbonization.” Lastly, conclusions and future work 
are drawn in “Conclusion.”

Problem Statement

Given that policy-makers are looking to achieve carbon 
emissions reductions, a set of power plants i ϵ I in a given 
region (as shown in the general superstructure in Fig. 1) is 
considered. Each power plant i has unique fuel consump-
tion requirements, efficiency, co-firing limits, costs, and 
emissions. In addition, each plant is operated by opera-
tors with individual interests to remain cost-effective while 
reducing carbon emissions. Herein lies a problem where 
conflicting objectives among stakeholders (i.e., policy-
makers and operators) are present. The objective of this 
work is to determine a trade-off between the policy-mak-
er’s goal to reduce emissions in the region and the opera-
tors’ goal to remain cost-effective. The policy-maker may 
provide incentives or disincentives to influence the opera-
tors to adjust their operations to meet the policy-makers’ 
goal. The following section provides a detailed account of 
the methodology used to determine this trade-off.

Table 1   Summary of aspects 
considered in previous studies

Reference Investment Policy 
support

Multiple 
stakeholders

Rural 
electrifi-
cation 

Deveci and Güler 2020; Ding et al. 2020) ✓ ✓ ✗ ✗ 
Kwon et al. 2020; Kozlova and Collan 2020) ✓ ✗ ✓ ✗ 
Wang et al. 2019, 2020) ✓ ✗ ✗ ✗ 
Li et al. 2020; Ji et al. 2020; Ding et al. 2020) ✗ ✓ ✗ ✗ 
Lei et al. 2020; Aviso et al. 2021) ✓ ✓ ✓ ✗
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Methodology

The methodological framework used in this work is illus-
trated in Fig. 2. Note that the methodology is categorized 
into four stages: superstructure development, data collec-
tion, mathematical model development, and analysis of 

results. The following subsections will give further detail 
into each step of the methodology.

Superstructure Development and Data Collection

As shown in Fig. 2, the first step of the methodology is 
superstructure development. A superstructure is a diagram 

Fig. 1   General superstructure i = 1

i = 2

i = I

s =  1

s =  2

s = S

Demand

Fig. 2   Methodology flow chart

Data Collection and 
Superstructure Development

Bi-Level Optimization 
(see Figure 3)

Analysis of Results

Are the 
Results 

Feasible?

Start

Recommend Optimal 
Network

End

NO YES

788 Process Integration and Optimization for Sustainability (2023) 7:785–804



1 3

used to represent all the possible configurations of a system 
(including component processes and interconnections). It 
shows in graphical form the same features that are reflected 
in an optimization model. In this work, existing and poten-
tially new plants (alongside their possible interconnections) 
are presented using a superstructure. The next step would be 
to collect data for all these plants. Data collection is done to 
acquire data on plant technology, efficiency, capacity, carbon 
emission factor, and operations and maintenance (O&M) 
cost factors for current implemented plants. Similar data is 
collected for new renewable plants that have yet to be con-
structed. These new renewable plants also require capital 
cost factors as they have yet to be implemented. Using the 
data collected through this step in the methodology, a math-
ematical model is developed.

Bi‑level Model

Mathematical model development essentially refers to devel-
oping a set of equations that represent or model the behavior 
of the technologies included in the superstructure and use 
it to optimize a specific optimization objective function. In 
this work, the presence of two decision-makers, each with 
its own objective, needs to be reflected in the model. To 
recommend an optimal regional energy plan with these cri-
teria, conventional models will not appropriately represent 
real-world industrial energy systems with several decision-
makers (Dempe and Zemkoho 2020). However, a bi-level 
model can be used to represent a noncooperative game 
with two players classified as the leader and the follower. 
Unlike a bi-objective optimization model where a solution 
can be reached simply by indicating the preference between 
objectives, bi-level optimization is an optimization problem 
nested within another optimization problem. Each decision-
maker or player controls its own set of variables, whose 
chosen values determine the objective functions of both 
players. The resulting Stackelberg game seeks a solution 
where the leader chooses a strategy that optimizes its objec-
tive in anticipation of the follower’s rational reaction (i.e., 
the follower optimizes its objective function subject to the 
leader’s prior decision). The leader’s optimization problem 
is constrained by the follower’s anticipated rational reaction. 
This solution is called the Stackelberg strategy and is often 
applied to government-industry interactions. Bi-level mod-
els are generally computationally challenging and cannot be 
solved directly with conventional optimization algorithms 
(Yavari and Ajalli 2021).

In this work, the bi-level optimization model is formu-
lated as follows. The leader is the policy-maker while the 
plants are the followers. The leader’s objective is to mini-
mize the total carbon emissions, TTLCE (Eq. 1) which is 
determined using Eq. 2. The total carbon emissions from all 
plants is expressed in ton of carbon dioxide equivalent per 

year (tCO2 eq./year) and calculated based on the amount of 
fuel source r utilized in plant i along with the corresponding 
carbon emission factor, CEfact

r
 . In this work, renewable fuels 

are assumed to have minimal carbon emissions which can be 
assumed as zero in the model. Therefore, CEfact

r
 values for 

renewable fuels is taken as zero. Similarly, plants with the 
option of co-firing renewables will only exhibit emissions 
from its fossil fuel share.

The leader’s objective is subject to the follower’s objec-
tive function of minimizing total cost (Eq. 3). The follow-
er’s objective is further subject to the constraints given in 
Eqs. 4–15.

(1)Minimize TTLCE

(2)
Subjectto ∶

TTLCE =
∑R

r=1

∑I

I=1
CE

fact

r
Fr,i

(3)Minimize TTLCOST

(4)
Subjectto ∶
∑I

i=1
Fr,i ≤ FAV

r
∀r

(5)
∑R

r=1
Fr,iEi = Pi ∀i

(6)biF
min
i

≤
∑R

r=1
Fr,i ≤ biF

max
i

∀i

(7)br,iR
min
r,i

Fmax
i

≤ Fr,i ≤ br,iR
max
r,i

Fmax
i

∀r∀i

(8)Pi =
∑S

s=1
Pi,s ∀i

(9)
∑I

i=1
Pi,s = PDemand

s
∀s

(10)OPi = OPfact
i

Pi ∀i

(11)CAPi = CAPfact
i

AFiPi ∀i

(12)TTLOP =

I
∑

i=1

OPi

(13)TTLCAP =

I
∑

i=1

CAPi

(14)TTLFIN = (TTLCE −MCE) × CTax

(15)TTLCOST = TTLOP + TTLCAP + TTLFIN
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The follower’s variables are Fr,, Pi, bi, br,, OPi, and CAPi. 
Fr,i represents the flow of fuel source r utilized in plant i. Fr,i 
is limited by the available supply of fuel source r, FAV

r
 as 

seen in Eq. 4. The energy from fuel source r can then be uti-
lized to generate power in plant i (expressed by Pi) with effi-
ciency Ei, as shown in Eq. 5. The operation of plant i is dic-
tated by the operating range shown in Eq. 6. Here, a binary 
variable bi is used to indicate each plant’s ON/OFF status. 
If a given plant i is selected, the binary variable would take 
the value of one. This would then activate the minimum and 
maximum operating range given by Fmin

i
 and Fmax

i
 , respec-

tively. Fmax
i

 is used to express the plant’s maximum operating 
limit typically given by its available capacity. Fmin

i
 describes 

the minimum flow required for a plant to feasibly operate. 
Meanwhile, if plant i is not selected, the binary variable 
will be zero to indicate that the plant is not in operation. For 
plants with the option of co-firing, the co-firing percentage 
must be considered. This is modeled via Eq. 7. Equation 7 
introduces a separate binary variable br,i for plant i. Binary 
br,i indicates the presence of fuel source r in the co-firing of 
plant i. Fuel source r in this equation is particularly aimed 
at fossil fuel power plant co-firing biomass fuel. If plant i 
is selected for co-firing with fuel source r, then the binary 
variable, br,i, will take the value of one. This would activate 
the minimum and maximum co-firing percentage for fuel 
source r in plant i (i.e., Rmin

r,i
 and Rmax

r,i
 ). The upper limit (i.e., 

Rmax
r,i

Fmax
i

 ) in Eq. 7 essentially refers to the maximum per-
centage of the total capacity in plant i that is available for 
cofiring fuel source r and vice versa. If the range in Eq. 7 is 
not met, br,i would take the value of zero and it deactivates 
the range. This would mean that plant i is selected to use a 
single fuel source instead of co-firing.

The power generated by each power plant i is then 
directed to a specific substation s as shown in Eq. (8). Each 
substation s is responsible for distributing the power gener-
ated to users in its vicinity. Therefore, the demand for each 
substation s is expressed in Eq. 9.

The cost of the entire system is determined based on 
the O&M as well as capital costs. The O&M cost OPi in 
$/year of current power plants and new renewable plants 
both utilize Eq. 10. The O&M cost of any one plant would 
be equal to the O&M cost factor OPfact

i
 in $/kW, which 

is found during data collection, multiplied by the power 
generated in a year Pi, as shown in Eq. 10. New renewable 
plants that are chosen will have an added capital cost in $/
year. The annualized capital cost of new renewable plants 
CAPi would be equal to the capital cost factor CAPfact

i
 in 

$/kW, found during data collection, multiplied by the 
power generated Pi and the annualizing factor AFi (see 
Eq. 11). Note that the value for AFi is determined based 
on the lifetime of a given plant and the interest rate con-
sidered. These values would depend on the data available 
to the decision-maker. Equation 11 however, provides a 

generalized concept on how AFi can be included in the 
model. It is worth mentioning that the capital cost does not 
account for the cost of cable connections within the region. 
It was assumed that this model is used only for strategic 
planning purposes and the cost of cable connections will 
be considered during the tactical planning stage. The total 
O&M costs of existing power plants and new renewable 
plants can be determined via Eq. 12. Equation 13 shows 
the total annualized capital costs of new renewable plants. 
Equation 14 computes the difference between the total car-
bon emissions generated and the target carbon emissions 
(i.e., MCE) defined by policymakers. If the distance is 
a positive value, it would suggest that the emissions are 
larger than the target carbon emissions. Therefore, CTax 
will act as a carbon tax that plants need to pay for emit-
ting higher than the set target. Meanwhile, if the difference 
results in a negative value, it means that total emissions 
are below the target. As a result, CTax functions as mone-
tary subsidies or incentives for the plants and subsequently 
reduces overall combined cost in Eq. 15.

There are different approaches to solving bi-level opti-
mization problems, ranging from deterministic techniques 
(based on reformulation as equivalent single-level problems) 
to various heuristic procedures (Bard 1998). One class of 
techniques relies on the use of interactive, multistep heu-
ristic algorithms to determine approximate Stackelberg 
solutions (Sinha et al. 2018). These procedures generally 
involve identifying the ideal solutions of each player and 
then determining a compromise solution in the final stage 
(Emam 2006). The interactive heuristic algorithm provided 
in Fig. 3 describes how an approximate solution is deter-
mined for this bi-level optimization problem (Zhang et al. 
2016).

The first stage represents the leader’s single-level ideal 
solution (i.e., the solution if the leader could control the 
decisions of the follower). In the context of the power indus-
try, the objective function of the leader is to minimize total 
carbon emissions (Eqs. L.1–L.14 in Supplementary Infor-
mation) with no consideration of the follower’s objective, 
assuming that the leader directly controls the follower’s vari-
ables. The corresponding TTLCE value obtained from the 
leader stage would then function as the lower limit for total 
carbon emissions, CEmin. The corresponding ideal values of 
the leader’s variables are also identified for later use.

The second stage then seeks a solution that optimizes the 
follower’s objective function, without considering the lead-
er’s objective and assuming that the follower also directly 
controls leader’s variables. Thus, the follower’s objective 
function is to minimize the combined cost, TTLCOST of 
power plants (Eq. F.1–F.14 in Supplementary Information). 
The value obtained for TTLCE in the follower stage is used 
as the upper limit for total carbon emissions, CEmax. The 
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follower’s ideal values of the leader’s variables are also iden-
tified for later use.

Following this, the final stage of the interactive solution 
algorithm is to find an approximate Stackelberg solution 
bounded by the ideal solutions of the two players (Zhang 
et al. 2016). In this stage, an auxiliary single-level model is 
developed using the ideal solutions obtained from the previous 
stages. The auxiliary model is written as follows:

(16)Minimize TTLCOST

(17)
Subjectto ∶

TTLCE =
R
∑

r=1

I
∑

I=1

CE
fact

r
Fr,i

(18)
I
∑

i=1

Fr,i ≤ FAV
r

∀r

(19)
R
∑

r=1

Fr,iEi = Pi ∀i

(20)biF
min
i

≤

R
∑

r=1

Fr,i ≤ biF
max
i

∀i

(21)br,iR
min
r,i

Fmax
i

≤ Fr,i ≤ br,iR
max
r,i

Fmax
i

∀r∀i

(22)Pi =
S
∑

s=1

Pi,s ∀i

(23)
I
∑

i=1

Pi,s = PDemand
s

∀s

(24)OPi = OPfact
i

Pi ∀i

(25)CAPi = CAPfact
i

AFiPi ∀i

(26)TTLOP =

I
∑

i=1

OPi

Solve Leader’s Subproblem

(Policymaker)

Solve Follower’s Subproblem

(Industry)

Formulate and Solve Auxiliary
Model

Solution
Satisfactory?

Start

Modify Allowable Margins

End

NO

YES

Leader’s Ideal

Solution

Follower’s Ideal

Solution

Objective: Minimize total carbon emissions 

Leader: Government

Subject to:
Financial incentives and disincentives
Total rural electrification

Follower: Power industry

Objective: Minimize combined cost

Subject to:
Cost of individual plants
Carbon emissions

Objective: Minimize combined cost

Auxiliary Model

Subject to:
Specified bounds of the leader
Financial incentives and disincentives
Cost of individual plants

Fig. 3   Algorithm for solving bi-level optimization model
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As shown, the objective function for this stage (i.e., Eq. 16) 
is the same as Eq. 1. The auxiliary model also has an additional 
constraint, i.e., Eq. 30. The CEmin and CEmax values in Eq. 30 
are obtained in the leader’s and follower’s stages, respectively. 
However, this constraint forces the follower’s final solution to 
be similar to the leader’s ideal, within an allowable margin of 
deviation. The parameter φ in Eq. 30 is the fraction of CEmax 
the leader would like the followers to abide by.

It is important to note that Eq. 28 is the sum of O&M costs, 
annualized capital costs, and the potential incentives or disin-
centives obtained. The potential economic incentives or dis-
incentives can be imposed by the policymaker to influence the 
decision of the followers. In addition, this work did not include 
other cost elements such as initial cost, net present cost, and 
electricity cost. Instead, it focused on basic cost variables such 
as total annualized cost and O&M costs. This is because such 
costs are commonly used to evaluate the feasibility at the pre-
liminary stage of planning. In other words, if the network is 
deemed feasible at the preliminary evaluation stage, further 
studies can be conducted in the future to analyze the impact 
of net present cost and electricity cost in detail. If the network 
is not feasible based on such costs, the subsequent stage of 
analysis will be discarded.

Analysis of Results

The final step in the methodology would be to analyze the 
results produced by the optimization model. Analyzing the 
optimization model’s results would allow the determination of 
whether the results provided are feasible to be recommended 
as the optimal solution. If the results are deemed to be infeasi-
ble, the data collection will be revisited. If there are no issues 
identified in the data collected, the next steps in the meth-
odology will be revisited accordingly. The “Case Study” sec-
tion presents a case study to demonstrate the methodology 
discussed in the Methodology section. The purpose of the case 
study is to illustrate application of the proposed mathematical 
model and to discuss possible insights as well as implications.

(27)TTLCAP =

I
∑

i=1

CAPi

(28)TTLFIN = (TTLCE −MCE) × CTax

(29)TTLCOST = TTLOP + TTLCAP + TTLFIN

(30)CEmin
≤ TTLCE ≤ CEmaxφ

Case Study

Sarawak is the largest state located in the east of Malay-
sia. Currently, the rural electrification of Sarawak is at 93%, 
with 22,000 households still inaccessible to the state grid 
due to the remote locations (Sinha and Sinha 2004). The 
remoteness of these locations poses a challenge in the cost 
of connectivity to the grid (Sarawak Energy Berhad 2020). 
On the other hand, Sarawak is a region with abundant renew-
able energy resources that can be utilized and developed 
to produce clean and accessible energy. Increasing power 
production using renewable resources would also assist in 
reducing carbon emissions and mitigating climate change 
impact (Khengwee et al. 2017). To date, a total of 20.8 thou-
sand GWh of renewable energy has been generated for the 
state via hydropower and solar energy (IPCC 2018). Besides, 
many untapped biomass resources exist in the region, such 
as agricultural wastes (Sarawak Energy Berhad 2018). The 
deployment of centralized power plants would require high 
costs for connectivity in rural areas. Therefore, it would be 
critical to consider regional renewable energy resources for 
decentralized electrification instead of centralized power 
plants. However, several factors need to be addressed before 
upscaling renewable energy generation in the region.

Firstly, tax exemptions and subsidies can be implemented 
to reduce the overall cost of renewable energy projects (Then 
2018). This will provide the region an opportunity to reduce 
the cost of renewable energy projects until they become 
more cost attractive (Sarawak Government(2021)). Although 
investment tax allowances and exemptions are available for 
green technologies, only selective renewable resources such 
as solar and hydropower benefit from these tax allowances 
and exemptions (The Borneo Post 2020). On the other hand, 
large infrastructure projects and mega-hydro dams often take 
over a decade to complete (Conventus Law 2020). This then 
increases the need for low-cost, reliable, and renewable elec-
tricity (Kammen 2019). Renewable energy technologies that 
use biomass and solar power can contribute to the generation 
mix in Sarawak for low-cost and more sustainable sources of 
power (Kammen 2019). Hence, suitable investment in other 
renewable energy sources is required.

Apart from this, increased policy support for renewable 
energy will allow renewable energy generation to thrive fur-
ther in the region. Malaysia’s National Green Technology 
Policy focuses on urban areas and can be extended to rural 
areas (Shirley and Kammen 2015). For instance, tariffs in the 
region can be explored for renewable energy technologies 
(Shabdin and Padfield 2017). Tax exemptions and tariffs for 
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eliminating emissions to the atmosphere would also be a 
financial incentive to develop renewable energy technologies 
(Gomez 2018). Besides, renewable energy technologies that 
are not mature can be given priority for financial investment 
(Gomez 2018). These examples offer great opportunities for 
the region to extend its renewable energy potential to rural 
communities. Regional energy planning is important to 
realize these opportunities as it allows policymakers to ana-
lyze optimal policy measures to induce green investments 
by industry and to enable low-carbon rural electrification. 
Therefore, the objective of this case study is to develop a 
regional energy planning model that will aid in determining 
insights for such policy measures.

The first step in developing the model is the superstruc-
ture. Figure 4 below shows the developed superstructure of 
power plants that generate power in districts in Sarawak. 
This superstructure also considers the 11 substations cur-
rently being used in Sarawak.

The plants already existing and operating in Sarawak are 
diesel, coal, natural gas, and hydroelectric power plants (as 
indicated in Fig. 4). These plants supply power to specific 
substations around Sarawak which will then be transmit-
ted and distributed to sub-transmission customers, primary 
customers, and secondary customers (Sarawak Energy Ber-
had (2018)). The new renewable power plants powered by 
biomass and solar were included in the superstructure to be 

considered for increased rural electrification. The possibil-
ity of co-firing palm oil-based biomass was also considered 
for coal-powered plants in Fig. 4. Tables 2 and 3 show the 
power plant technology and cost factors for existing plants. 
As power plants in Tables 2 and 3 are existing and com-
missioned facilities in the region, capital costs were not 
included the analysis. Meanwhile, Table 3 shows the O&M 
and capital cost factors for new renewable plants that could 
potentially be implemented.

As mentioned earlier, coal power plants can implement 
co-firing with palm oil-based biomass (Walker et al. 2020). 
However, this would give a separate additional O&M cost 
and capital cost required to modify the coal power plants 
for co-firing operations. The maximum capacity of plants, 
operational carbon emission factors, and average energy effi-
ciency data were obtained from Sarawak Energy’s 2018 Sus-
tainability Report (Darmawan et al. 2017). Table 4 shows the 
data collected for power plants currently operating, whereas 
Table 5 shows data for new renewable plants. Note that the 
emission factors shown in Table 4 are empirical emissions 
(i.e., emissions noted during operation) of the existing power 
plants in Sarawak.

Based on the data provided in Tables 4 and 5, the regional 
energy planning model is developed. This is done using the 
steps described in “Bi-level Model,” coded in a commercial 
optimization software, i.e., LINGO v18 and solved using the 

Fig. 4   Superstructure of Sarawak Energy Grid (Zakaria et al. 2019)
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Branch-and-Bound algorithm. Note that the proposed meth-
odology in “Methodology” is flexible and can be applied 
in other commercially available optimization software. The 

developed model is then subjected to two case studies to 
demonstrate its applicability. The first case study (i.e., Case 
Study 1) is aimed at determining optimal networks that 

Table 2   Power plant technology and cost factors for currently operating plants (Arief et al. 2020; Baurzhan and Jenkins 2017; Carvalho et al. 
2014; Power Technology n.d.; International Energy Agency (IEA) 2022; IEA Estap(2010))

Plant no Plant technology Plant type Power stations O&M cost factor ($/kW) Capital cost 
factor ($/
kW)

1 Mobile Diesel Limbang PS 56 N/A
2 Mobile Lawas PS 56 N/A
3 Stationary Sg Biawak PS 48.85 N/A
4 Mobile Kapit PS 56 N/A
5 Mobile Belaga PS 56 N/A
6 Mobile Song PS 56 N/A
7 Mobile Ng Mujong PS 56 N/A
8 Mobile Ng Ngungun PS 56 N/A
9 Mobile Ng Jagau PS 56 N/A
10 Mobile Ng Entawau PS 56 N/A
11 Mobile Mulu PS 56 N/A
12 Mobile Long Lama PS 56 N/A
13 Mobile Banting PS 56 N/A
14 Mobile Paloh PS 56 N/A
15 Mobile Kg Bruit PS 56 N/A
16 Mobile Kg Saai PS 56 N/A
17 Subcritical Coal (co-fir-

ing with biomass 
option)

PPLS Power Generation 43 (19.25 for biomass) 30
18 Subcritical Sejingkat Power Corporation 43 (19.25 for biomass) 30
19 CHP Balingian Power Generation 40 (19.25 for biomass) 30
20 Subcritical Mukah Power Sdn. Bhd 43 (19.25 for biomass) 30
21 Combined cycle Natural gas Sarawak Power Generation (BTU-Combined Cycle) 25 N/A
22 Open cycle Bintulu PS (BTU-Open Cycle)–Tanjung Kidurong 48.85 N/A
23 Open cycle Miri PS (Miri Open Cycle) 48.85 N/A
24 Run of river Hydro Batang Ai 53 N/A
25 Storage hydro Bakun 29.86 N/A
26 Storage hydro Murum 29.86 N/A
27 Run of river Lundu PS 53 N/A
28 Run of river Lawas Kalamuku 53 N/A
29 Run of river Lawas Sg Kota 53 N/A

Table 3   Power plant technology 
and cost factors for potentially 
new renewable plants (Aurecon 
2019) (Amirante et al. 2019) 
(Vijay et al. 2021)

Plant no Plant technology Plant type Power stations O&M cost factor 
($/kW)

Capital cost 
factor ($/
kW)

30 Indirect Biomass Limbang PS 135 8521
31 Direct Sarikei PS 20 685
32 Direct Miri PS 20 685
37 Direct Kapit PS 20 685
33 Photovoltaic Solar Kapit 13 677
34 Photovoltaic Sarikei 13 677
35 Photovoltaic Miri 13 677
36 Photovoltaic Limbang 13 677
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provide investments in renewable energy technologies. The 
objective function considered for Case Study 1 was the mini-
mization of total costs. This case study then evaluates and 
compares optimal networks from three scenarios. The first 
scenario considered power demands for business-as-usual 
operations (i.e., 4,100 MW). The second scenario extended 
the analysis by considering additional 171 MW demand 
from rural electrification (i.e., 4,271 MW total demand). 
The third scenario analyzed a situation where Sarawak’s 
projected energy demand is expected to rise to 5,600 MW 
by 2026, including the previous 171 MW rural electrification 

demand (Walker et al. 2020). This would help provide sus-
tainable and reliable electricity for over 22,000 households 
in the rural regions (Sarawak Energy Berhad (2018)). The 
unelectrified rural areas in Sarawak are mostly located in 
Kapit, Sarikei, Miri, and Limbang districts which corre-
spond to substations S5, S6, S7, and S10 (Sarawak Energy 
Berhad (2018)). Therefore, constraints to ensure total rural 
electrification have been provided in the model as seen in 
Table 6.

It is worth noting that the demands shown in Table 6 
include the power demands for rural electrification and 

Table 4   Data collection for 
currently operating plants 
(Darmawan et al. 2017)

*(0) applies to biomass CO2 emission factors
*Efficiency for hydropower plants are expressed in kWh/m3 water

Plant no Plant type Max. capacity (kW) CO2 emission factor 
(tCO2 eq./kWh)

Average energy 
efficiency (%)

1 Diesel 25,000 0.740 34.69
2 25,000 0.745 34.40
3 114,000 1.212 22.14
4 15,000 0.801 22.14
5 15,000 0.914 22.14
6 15,000 0.801 22.14
7 15,000 0.933 22.14
8 15,000 0.801 22.14
9 15,000 1.138 22.14
10 15,000 0.896 22.14
11 15,000 0.977 22.14
12 15,000 0.848 22.14
13 15,000 0.917 22.14
14 15,000 0.882 22.14
15 15,000 0.801 22.14
16 15,000 0.801 22.14
24 Hydro 108,000 0 1.30*
25 2,400,000 0 4.00*
26 944,000 0 7.00*
27 300 0 1.30*
28 4,000 0 4.00*
29 4,000 0 4.00*

Table 5   Data collection for 
potentially new renewable 
plants (Sarawak Energy Berhad 
2018; Amirante et al. 2019; 
Vijay et al. 2021)

Plant no Plant type Max capacity (kW) CO2 emission factor 
(tCO2 eq./kWh)

Average energy 
efficiency (%)

30 Biomass 100,000 0 21.00
31 100,000 0 21.00
32 580,000 0 37.09
37 100,000 0 21.00
33 Solar 100,000 0 24.00
34 50,000 0 24.00
35 50,000 0 24.00
36 50,000 0 24.00
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the power demands currently being serviced in rural 
regions. Based on this, the developed model will be 
optimized to determine which of the 29 current power 
plants in Sarawak (powered by diesel, coal, natural gas, 
and hydropower resources) is needed to generate power 
for power demands in Table 6. Some of these plants may 
operate below their maximum capacity at the present time 
and, therefore, may some unused capacity to spare for 
meeting the demands stated previously. Moreover, the 
option of co-firing current coal power plants with bio-
mass has been included in the model. If these plants are 
unable to meet the demands, the model will consider the 
potential of 4 new biomass plants (i.e., Plants 30, 31, 32, 
and 37) and 4 solar power plants (i.e., Plants 33–36). Car-
bon emission constraints are not considered for this case.

Case Study 2 looks at the policy support needed to achieve 
10% carbon emission reduction from business-as-usual 
operations in the region to meet increased demands (i.e., 
5,600 MW). This is achieved using the bi-level optimization 
strategy explained in “Analysis of Results.” The monetary 

results from Case Study 2 will then indicate how much policy 
support would be required to induce green investments in the 
region. The results from Case Study 1 and 2 are described 
further in the following sub-sections. These subsections 
describe the economic analysis, corresponding emissions, 
and optimal networks obtained for each case study.

Case Study 1

The results of Case Study 1 are summarized in Fig. 5. The 
objective function for Case Study 1 was to minimize the total 
costs for all plants. The results in Fig. 6 show the TTLOP for 
scenarios (1) power demands in 2020 (i.e., 4,100 MW), (2) 
increased demand without rural electrification in 2020 (i.e., 
4,271 MW), and (3) increased demands from rural electrifi-
cation by 2026 (i.e., 5,600 MW). As shown, the total costs 
for the first, second, and third scenarios are $125 million/
year, $132 million/year, and $205 million/year, respectively.

Figure 5 also shows that the power is generated mostly 
from hydropower plants, followed by coal and natural gas 
for the first two scenarios, whereas the third scenario has a 
small amount of power generated from diesel power plants 
to fulfill the large energy demand. The third scenario uti-
lized a small amount of power generated from diesel as it 
had a lower O&M cost factor and high energy efficiency 
than other power plants. Besides that, the total carbon emis-
sions are 0.5, 0.7 and 1.9 million tCO2 eq./year. The carbon 
intensity for scenarios 1, 2, and 3 is 0.00012, 0.00016, and 
0.00034 million andtCO2eq/MW respectively. Figure 6 below 
shows the optimal network for the third scenario.

Table 6   Power demands 
inclusivity of rural 
electrification for 2026

Substation Power 
demand 
(MW)

S5 67
S6 1,004
S7 3,359
S10 40

Fig. 5   Summary of Case Study 1 optimization results
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The network in Fig. 6 shows the plants chosen are the 
ones that are currently operating. These include power plants 
using diesel, coal, natural gas, and hydropower resources. 
No policies were included in the total combined cost cal-
culation for Case Study 1; therefore, conventional power 
plants already operating in Sarawak were selected to avoid 
the capital costs of new renewable plants. Hence, no new 
renewable plants were chosen to achieve the objective func-
tion of minimizing total combined cost. As a result, the total 
combined cost then only consisted of the overall O&M costs 
of the conventional power plants. However, it is worth not-
ing that the distance between energy resources and power 
plants was not considered in this analysis. This is because 
the preliminary planning performed is focused at the stra-
tegic level where initial feasibility is investigated. Insights 
from this will then be used in the network design stage, 
where network optimization is done considering distances 
and detailed costing.

Case Study 1 was aimed at achieving the first objective of 
creating optimal networks that provide investments in renew-
able energy technologies. It was found that no investments 
were made in new renewable plants. This is because the 
additional capital cost for renewable plants is not required 
when some fossil fuel plants may operate lower than their 
maximum capacity. Hence, new renewable plants were not 
selected when minimizing the total combined cost of power 
plants. This, however, showed an increase in overall carbon 

emissions following the increase in power generated. This 
is attributed to the usage of more conventional power plants 
such as coal, diesel, and natural gas to meet the increas-
ing power demand of the region. Figure 7 shows the carbon 
emissions and total cost for each scenario in Case Study 1.

As shown, the first scenario provides the lowest total 
costs of plants and the lowest carbon emissions produced 
as it relies only on hydropower, coal, and natural gas 
plants. The second scenario includes more power produced 
from more coal power plants than the first scenario. This 
also presents an increase of 5.6% in O&M cost and a 30% 
increase in total carbon emissions compared to the first 
scenario. The third scenario includes more hydropower, 
coal, natural gas, and even diesel power plants to meet the 
increased energy demand (including rural electrification) 
by 2026. This presented an increase of 64% in O&M cost 
and a 262% increase in total carbon emissions compared 
to the first scenario. This is due to an increase in overall 
power generation. Since the objective of this optimiza-
tion model is to minimize total cost, the first and second 
scenarios selected power plants with the highest energy 
efficiency and lowest O&M cost factors. The third scenario 
prioritized low to average energy efficiencies and O&M 
cost factors. All three scenarios showed that the all plants 
were required to operate at their maximum capacity. Only 
one coal plant (C19) did not utilize full capacity for the 
first two scenarios as the demand was already met using 

Fig. 6   Optimal network for 5,600 MW demand in 2026 inclusive of total rural electrification
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other plants with lower costs and higher efficiencies. As 
for the third scenario, only one diesel plant (D11) did not 
utilize its full capacity for the same reason. Results from 
the third scenario were compared with results obtained in 
Case Study 2.

Case Study 2

As mentioned previously, Case Study 2 used bi-level opti-
mization to determine the optimal policy support strategy 
for increasing green investments and meeting increased 
demands from rural electrification by 2026 (i.e., 5,600 MW). 
It is worth noting that the CTax value used for this case study 
is $600 per tCO2 eq. This is considered a financial incentive 

for renewables if the value obtained is negative and acts as 
a financial disincentive for when carbon emissions released 
do not achieve the 10% carbon emission reduction when 
the value is positive (Sarawak Energy Berhad (2017); Joshi 
2021).

The results of Case Study 2 for the leader, follower, and 
bi-level stages can be seen in Fig. 8. The objective function 
in the leader stage was to minimize total carbon emissions. 
This produced a total combined cost of $404 million/year at 
this stage. From this combined cost, $3 million/year is attrib-
uted to the financial incentives proposed for the Sarawak 
government to provide. Doing this will reduce the carbon 
emissions by 14% compared to the emissions obtained in 
Case Study 1. The total carbon emissions released in this 

Fig. 7   Relationship between 
carbon emissions and total cost

Fig. 8   Summary of Case Study 2 optimization results
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stage was 1.6 million tCO2 eq./year. The leader stage also 
shows that the power generated is mostly from hydropower 
plants, followed by coal, biomass, natural gas, diesel, and, 
lastly, solar power plants.

The network in Fig. 9 shows the chosen power plants in 
the leader stage that include new renewable plants such as 
biomass and solar plants. The model also selects the co-
firing with biomass for one coal power plant that produces 
23 MW of power per year from biomass and 270 MW in 
total from the entire plant. Besides that, the objective func-
tion in the follower stage was to minimize the total com-
bined cost. This produced a total cost of $301 million/year 
in this stage (Fig. 8). In addition to the $301 million/year, 
the $9.7 million/year in financial disincentives is proposed 
to be paid to the Sarawak Government, making it a total of 
$311 million/year in total combined cost. Compared to Case 
Study 1, this stage was only able to reduce its overall carbon 
emissions by 2%. The total carbon emissions released in this 
stage were 1.9 million tCO2 eq./year. The follower stage also 
shows that the power generated is mostly from the hydro-
power plants, followed by coal, natural gas, diesel, and solar 
power plants. The optimal network in Fig. 10 shows the cur-
rent chosen power plants in the follower stage that include 
only one renewable solar power plant. The model does not 
select cofiring for any coal power plants.

Lastly, the objective function in the bi-level optimization 
was to minimize total combined cost. As shown in Fig. 7, 
this yielded a total combined cost of $317.4 million/year 
in this stage. This combined cost includes a proposal of 
$1.4 million/year of financial incentives from the Sarawak 
Government as this stage manages to reduce exactly 10% of 
carbon emissions compared to Case Study 1 emissions with 
5,600 MW demand. The total carbon emissions released 
in this stage were 1.7 million tCO2 eq./year. The bi-level 
optimization results also show that the power generated is 
mostly from hydropower plants, followed by coal, natural 
gas, diesel, biomass, and, lastly, solar power plants.

The network in Fig. 11 shows the chosen power plants in 
the bi-level optimization results, which include all current 
operating fossil-fuel power plants and three new renewable 
plants such as biomass and solar plants. In addition, biomass 
co-firing was selected for one coal power plant. This plant 
will produce 23 MW/year from biomass from its total output 
of 226 MW.

Since Case Study 2 used a bi-level optimization strat-
egy, the leader stage, follower stage, and bi-level optimiza-
tion can be compared based on carbon emissions and total 
combined cost (Fig. 12). Compared to the third scenario 
in Case Study 1, the financial incentives for renewables in 
the leader stage and bi-level optimization reduce the total 
combined cost as both these stages have managed to reduce 

Fig. 9   Optimal network for leader stage
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their overall carbon emissions by 10%. However, the fol-
lower stage shows a total combined cost that is much less 
than the leader and bi-level stages. This is because the fol-
lower stage puts emphasis on the power industry’s deci-
sion-making behavior, and as a result, this stage favors the 
low-cost option, i.e., the conventional and currently operat-
ing power plants. The combined cost in the leader and the 
bi-level stages were higher because new renewable plants 
were selected to help achieve carbon emission reduction. 
This incurred additional capital costs for the new plants.

Other than that, the leader stage yields the lowest carbon 
emissions as most of its power comes from hydropower, 
coal, and biomass plants. Moreover, this stage also chose 
co-firing one coal power plant (C20) with biomass. The 
follower stage selected more hydropower, coal, natural 
gas, and diesel power plants than the leader stage. This 
also presented a decrease of 22% in combined cost and a 
19% increase in total carbon emissions compared to the 
leader stage. This stage does not choose any biomass power 
plants or coal power plants with biomass co-firing. This is 
because this stage has the objective of minimizing com-
bined costs. Hence, power plants with the lowest cost fac-
tors and highest efficiencies were chosen here.

Lastly, the bi-level optimization selected more renewable 
plants than the follower stage. This included two solar plants 

(S33 and S34), one biomass plant (B31), and one coal plant 
with biomass co-firing (C20). Compared to the leader stage, 
the bi-level stage presented a 21% decrease in combined 
cost and a 6% increase in total carbon emissions. This stage 
has an objective of minimizing combined cost; therefore, 
it chose power plants with low to medium cost factors and 
carbon emission factors, as well as high efficiencies. The bi-
level stage suggests a trade-off between the objectives of the 
Sarawak Government (leader stage) and the power industry 
(follower stage) Fig. 13

Figure 13 compares the third scenario in Case Study 
1 and the bi-level in Case Study 2. As shown, there is a 
54% increase in total combined cost and 11% decrease in 
total carbon emissions in the bi-level model compared to 
Case Study 1. As mentioned earlier, the increase in total 
combined cost is due to the selection of new renewable 
plants in the bi-level stage. This contrasts with Case Study 
1, where new renewable plants were not selected due to 
high capital costs. With the help of new renewable plants, 
the carbon emissions in the bi-level stage were reduced 
compared to Case Study 1. Thus, the bi-level model was 
able to determine the numerical value for monetary sup-
port required to achieve a 10% carbon emission reduc-
tion among power plants considered in Case Study 2. The 
numerical value for monetary support appears to have 

Fig. 10   Optimal network for follower stage
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impacted investments in renewable energy technology 
and reductions in carbon emissions. It is worth noting that 
the bi-level stage only identifies the required numerical 
monetary value for policy support. In other words, the 

numerical monetary value obtained serves as the cost to 
nudge the industry to reduce emission. However, research 
is still needed to determine how this monetary value can be 
rolled out as implementable policy. These could be in the 

Fig. 11   Optimal network for bi-level optimization

Fig. 12   Relationship between 
carbon emissions and total 
combined cost
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form of either carbon tax charges or carbon abatement fee 
to encourage the implementation of renewable plants that 
can reduce carbon emissions.

General Implication for Decarbonization

The results of the Sarawak case study have implications that can 
be generalized to carbon-constrained rural electrification scenar-
ios in many developing and emerging economies. In such cases, 
governments generally seek to improve the quality of life in rural 
communities through the provision of clean energy that meets 
both national decarbonization targets and SDG 7. MP-based 
energy planning models allow climate-friendly development 
trajectories to be mapped out by capitalizing on locally available 
renewable energy potential. The game-theoretic approach enables 
the interplay of government and industry to be properly reflected 
in the modeling framework in a manner that would not be possi-
ble using a centralized or monolithic model. Such tools can allow 
developing countries to meet their nationally determined contri-
butions to the Paris Agreement cost-effectively (PWC n.d.) while 
still achieving economic development in depressed rural regions.

The major implication for decarbonization with the usage 
of renewable energy for total rural electrification would be 
the impact on rural communities by decoupling development 
from GHG emissions. Clean and sustainable power can be 
provided to rural communities to promote climate protec-
tion and reduce exposure to hazardous pollutants from fos-
sil fuel-based plants. The addition of new renewable plants 
will create new jobs and give rise to economic opportunities 
in rural areas. Implementing renewable energy will provide 
connectivity to rural households and reduce the digital divide 
between urban and rural areas. Electricity can also be sup-
plied at an affordable rate due to the abundant renewable 
resources in an area. Providing electricity to underdeveloped 
regions can also act as a key catalyst for poverty alleviation 
through multiple positive socio-economic ripple effects (Siri-
wardana and Nong 2021). For example, access to electricity 

can improve agricultural productivity to promote food secu-
rity or improve educational outcomes to enhance future liveli-
hood prospects.

Conclusion

This paper developed a regional planning model to optimize renew-
able energy sources for improved rural electrification based on the 
Stackelberg game framework. A bi-level optimization model was 
used to determine the trade-off between the leader (government) 
and the follower (the power industry). The modeling framework was 
applied to carbon-constrained electrification in Sarawak, Malaysia, 
as an illustrative case. The model and the Sarawak case study gave 
insights into how incentives and monetary support can be strategized 
to improve electrification in rural parts of developing countries. The 
developed model essentially determined a numerical value for mon-
etary support required to achieve a 10% carbon emission reduction 
among power plants considered. It does not account for a step-by-
step strategy on how this sum can be rolled out. This, however, can 
serve as a basis for future work and analysis. Furthermore, the model 
developed can be extended in the future to consider the planning of 
energy storage for renewables and development of control strategies 
to prevent intermittency. Besides that, the current model assumes a 
deterministic scenario where variations and uncertainties are not pre-
sent. Hence, a future work can be directed to consider uncertainties in 
the model and performing economic risk assessments. Implementing 
carbon trading and financial incentives for carbon abatement can also 
be considered for a future work.

Nomenclature    Index

i: Plant; r: Fuel; s: Substation

Parameters

AFi: Annualizing factor of plant i; CAPfact
i

: Capital cost 
factor of plant i; CEfact

r
: Carbon emission factor of fuel r; 

CEmin: Lower bound of total carbon emissions; CEmax: Upper 
bound of total carbon emissions; Ei: Efficiency of plant i; 

Fig. 13   Comparison between 
carbon emissions and total com-
bined cost for Case Study 1 and 
bi-level of Case Study 2
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FAV
r

: Available supply of fuel r; Fmin
i

: Minimum capacity into 
plant i; Fmax

i
: Maximum capacity into plant i; Fmin

r,i
: Minimum 

flow of fuel r into plant i; Fmax
r,i

: Maximum flow of fuel r 
into plant i; OPfact

i
: Operating cost factor of plant i; PDemand

s

: Power demand at substation s; Rmin
r,i

: Maximum percent-
age of capacity in plant i available for co-firing fuel r; Rmax

r,i

: Maximum percentage of capacity in plant i available for 
co-firing fuel r

Leader’s Variables

TTLCE: Total carbon emissions; MCE: Targeted total carbon 
emissions; TTLFIN: Total financial incentives or disincen-
tives; φ: Fraction of upper bound in total carbon emissions

Follower’s Variables

bi: Binary variable denoting ON/OFF status of plant i; br,i
: Binary variable denoting existence of co-firing fuel r in 
plant i; CAPi: Capital cost for plant i; Fr,i: Flow of fuel r into 
plant i; OPi: Operating cost for plant i; Pi: Power generated 
by plant i; Pi,s: Power distributed to substation s from plant 
i

State Variables

TTLCOST: Total combined cost; TTLCAP: Total capital cost; 
TTLOP: Total operating cost
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